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ABSTRACT Karyotyping is a procedure to diagnose birth defects using chromosome pair. During the
Karyotyping chromosomes arranged based on the length and each chromosome will be paired based on
various parameters such as, chromosome length, banding pattern and Centromere position. Many methods
are proposed to identify the above parameters to improve the Karyotyping accuracy. Since, it’s a challenging
task for researchers to improve the accuracy of Karyotyping compared with clinical assays. In this paper,
a novel computer geometry method is proposed for chromosome Karyotyping using inbuilt deep learning
models with algorithms for chromosome segmentation, overlapped separation, banding pattern analysis and
classification of chromosomes. Chromosome classification is carried out using various deep learning models
and automated Karyotyping is carried out without manual intervention and model improved the Karyotyping
accuracy over the existing methods. In this paper novel computer geometry method is proposed to automate
the chromosome analysis in Matlab environment. The developed software provides the accuracy of 99.68%
in classification and karyotyping.

INDEX TERMS Deep learning, chromosome, karyotyping, banding pattern.

I. INTRODUCTION
Chromosomes are plays major role in birth defect analysis.
Chromosomes collected fromwomen amniotic fluid and clin-
ical analysis is carried out using the microscope. In which,
based on the die and filter usage in the microscope, variety of
categories chromosomes observed such as M-Fish, G-band
chromosomes, C-band chromosomes etc., To identify the
birth defects chromosome analysis is used based on the kary-
otyped. In this process chromosomes arranged in descending
order based on the length of the each chromosome. Some
instance this arrangement depend on the Centromere position.

Centromere is the position where the distribution of the
thickness is minimum except from top and bottom ends. From
the Centromere, p-arm and q-arm lengths are measured. The
measured features will be used to classify the each individual
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chromosome. Each pair of chromosomes will be identified
based on these parameters. More than that, chromosome
banding pattern is a feature used to classify the chromosome
from one to another.

In the metaspread, usually chromosomes are overlapped
one to another and creates a non regid object shapes. This
is highly complex to understand the chromosome and its
pair, due to one overlapped chromosomes. it means that one
chromosome is overlapped with another one. Two overlapped
chromosomes. it means that one chromosome is touched or
overlapped other two of individual chromosomes, multiple
chromosome overlapped means more than three chromo-
somes are created an non rigid cluster and cannot be identified
which chromosomes belongs to which category and its pair.

In the clinical laboratories the expert or well trained tech-
nicians will separate the chromosomes manually and the
grouping can be done based on the length only. Usually the
cluster distribution will be in the range of one overlapped
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chromosomes will be around 15 % and two overlapping
around 15% andmultiple overlapping is beyond 20%of chro-
mosomes in the metaspread. Since the challenging task is to
identify the pair. In many cases, abnormal chromosomes have
different length and it may match with normal chromosomes
due to the lack of information or expertise in the manual
analysis. This will be resolved using the artificial intelligence
methods. Still the accuracy is not merely improved to reach
the automatic analysis which gives the better results than
manual process.

Another challenging task is to identify the banding pat-
tern in the chromosomes. when the length parameter fails to
identify the particular chromosome, then the next parameter
will be P-arm and Q- arm length. In that, banding patteren
plays role to identify the chromosomes. But the separating the
banding patterns is too complicated due to its poor visibility
and the banding pattern will not be distributed uniformly in
the chromosomes. Based on various other parameters these
banding pattern spread occurs in the chromosomes. To ana-
lyze these chromosomes, a basic semi automated models
and automated models are proposed earlier. Since there is a
challenge is to develop a fully automatic metaspread to kary-
otyping system. Manual analysis of chromosomes is highly
complex due to highly degraded structure. To resolve this
issue an automated software is proposed to carried out the
karyotyping from metaspread images.

In this computer aided tool handle the different overlapped
regions up to three overlapped chromosomes and classify and
matched the respective chromosomes to create a karyogram.

In this manuscript, we proposed an artificial intelligence
based automated chromosome analyzer for Karyotyping is
proposed.

The main contribution in this analyzer are summarized
below,

• Novel software is proposed to resolve the manual inter-
vention in the chromosome analysis. This works based
on the computational geometry and deep models. Which
includes,

• Novel overlapping chromosome analysis and
separation

• Band measurement in the each chromosome to
classify the chromosome category.

• Overall separation and segmentation of chromo-
somes carried out based on area and banding pattern
in overlapped chromosomes.

• Computer aided tool to make the karyogram for
G-band chromosomes.

All these modules are implemented with various algo-
rithms and using deep learning models as explained in the
methodology section.

II. RELATED RESEARCH
In the chromosome analysis, the segmentation, overlapping
separation and classification of the chromosomes are carried
out by various researchers as shown in the table 1.

TABLE 1. Comparative analysis and methods of chromosome.
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TABLE 1. (Continued.) Comparative analysis and methods of
chromosome.

TABLE 1. (Continued.) Comparative analysis and methods of
chromosome.
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TABLE 1. (Continued.) Comparative analysis and methods of
chromosome.

Previously chromosome karyotyping is carried out based
size, shape, and banding patterns. To improve the accuracy of
the separation, with the above feature, area is used. Moreover,
the separation of the chromosome is highly complex using the
other features. So, area is used to identify the category of
the chromosomes and separation process. This improved the
accuracy in karyotyping. Karyotyping is a technique used
to visualize and analyse the number, size, and shape of
chromosomes in an individual’s cells. This process is particu-
larly important for detecting chromosomal abnormalities and
genetic disorders.

The karyotyping Process involves with the morphological
operations, opening and closing carried out in the image, the
binary image, each position scanning elements categorized
based on the area, length. Touching and overlapping has sim-
ilar features. In this analysis, Centromere positions are two or
lesser than two in usual overlapped chromosomes. If touching
chromosomes, the Centromere position is more than two due
to the touching point also detected as Centromere position [3].
Concave and convex points in the context of karyotyping

are significant because they contribute to the unique banding
patterns of chromosomes. These patterns are instrumental in
the identification of individual chromosomes, the detection
of chromosomal abnormalities [3].
Separation lines used to carryout the hypothesis analysis

on the overlapping chromosomes. This provides the possible
separation segments in the overlapped chromosomes.

The proposed method deals with the computational geom-
etry to carry out the karyotyping. Computational geometry
is instrumental in developing algorithms and techniques
for automated and accurate chromosome separation, seg-
mentation, and analysis. The application of geometric
principles enhances the efficiency and reliability of kary-
otyping processes, allowing for more precise identification
of chromosomes, detection of abnormalities, and quanti-
tative assessment of chromosomal features. Computational
geometry techniques are employed to develop algorithms
for automated image analysis of chromosome spreads.
Automated systems use geometric principles to detect and
separate individual chromosomes, reducing the need for
manual intervention and increasing the speed of analysis.

Identifying the overlap zone in the karyotyping process
is crucial for accurate chromosome identification, avoid-
ing misinterpretation, detecting structural abnormalities, and
ensuring the reliability of both manual and automated analy-
ses. Failure to correctly identify the overlap zone may lead to
misinterpretations of the karyotype. Mistaking an overlap for
a structural abnormality or vice versa can result in inaccurate
diagnoses and unnecessary concerns.

An image that is projected from a multidimensional space
into a one-dimensional space is represented mathematically
by a projection vector. Application of projection vectors
along particular directions (e.g., horizontal or vertical) over
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the chromosomal image is done in the context of chromosome
analysis. The projection vector method, which examines
intensity profiles along particular axes, is useful in locating
structural abnormalities in chromosomes. This computational
technique improves karyotyping automation, impartiality,
and accuracy.

Geometric principles are employed for accurate feature
extraction from chromosome images. This includes measure-
ments of length, width, and the position of centromeres,
contributing to precise identification and characterization
of chromosomes. computational geometry methods enable
the three-dimensional reconstruction of chromosomes from
2D images. This additional dimension provides more com-
prehensive information about the spatial organization of
chromosomes.

III. METHODLOGY
The metaspread G-band chromosome images considered for
karyotyping. In this proposed model, the initial separation
will be carried out based on the area of the each region in
the image (m × n). m and n are the size of the chromosome
image (256 × 256). These images go through the basic mor-
phological analysis, such as opening and closing followed
by area measurement of the each region. The area spectrum
will be analysed based on the standard karyotyped images.
Usually, Chromosome 1 has higher length and next will be the
chromosome 2 and so on. So the area of the each chromosome
region is detected and area is measured. The regions are
compared with one another.

In this case, the chromosome 1 region (CA1), chromo-
some 2 region (CA2) and so on are may be detected properly
or may not be identified due to the uncertainty in the input
image.

Overall chromosome regions ordered as,

CA1 > CA2 > CA3 > CA4 . . . > CA23.

In that, if the image as overlapping then we will not get
the all 23 regions and as well as the condition of the above
will be violated. If two chromosomes overlapped then the
overall regions will be reduced to 22 and the area of the
region is become too high. Here the statistical analysis will
be carried out to identify the region overlapping as shown in
the Table 2.

Morphological operations are carried out and projection
vector is used to identify the Centromere position. From the
Centromere position, the length of the image is measured and
as two arms of chromosomes. The Table 1 shows the chromo-
some 1 overlapped with the other chromosomes of 22. The
condition is analysed to identify the chromosomes groups.
In the similar method, the artificially, the overlapping is gen-
erated and created an dataset of chromosome 1 over lapped
with other 23 chromosomes and alsowith other chromosomes
with each individual chromosomes are done to train the deep
learning model. The table 3 shows the area measurement of
each chromosome region individually.

FIGURE 1. Proposed overall method.

TABLE 2. Sample region identification based on chromosome.

These above avg. measurements are considered as refer-
ence to analyze the portion of the overlapped chromosomes
with proposed deep learning model for the classification of
overlapping chromosomes.
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TABLE 3. Chromosome area and length measurement.

The initial points used in the scanning procedure are in
the position indicated by the letter ‘‘t,’’ which is slightly off-
center. From this deviation, a length ‘t+s’ point is found.
This length aids in achieving continuous curvature across all
non-zero places. Equation (1) provides the scanning, which
follows the coordinates of a closed ‘‘n’’ link chain and pixel
locations. pixel locations.

An = Cn
i−1ai = a1a2 . . . . . . ..an (1)

where C is the pixel point and ai is the ith link in the image.
Consider Lsj as a sub chain link which act as a termina-
tion node where aj link is directed. The Lsj is expressed by
Equation (2)

Lsj = C j
i=j−s+1ai j = 1, 2, 3 . . . . . . n (2)

The Lsj sub chain link has X and Y image coordinates. The
X and Y components of the link are computed and is given as
Equation (3)

X sj =

j∑
i=j−s+1

aix and Y sj =

j∑
i=j−s+1

aiy (3)

where aix, aiy ∈ {−1, 0, 1}
Equation (4) provides a straightforward distance formu-

lation that uses the X and Y components to determine the

chromosomal length.

lsj =

√(
X sj

)2
+

(
Y sj

)2
(4)

With chromosomal length and inclination angle, the cur-
vature function may be determined well. In Equation (5), the
X-axis’s angle is specified.

θ sj = tan−1 Y sj /X
s
j if

∣∣∣X sj ∣∣∣ ≥

∣∣∣Y sj ∣∣∣ (5)

To smooth the curvature function, an incremental curvature
function is chosen. This helps to eliminate the undesirable
points. The resultant curvature is twice the average of the two
next-to-one angular deviations. Equation 6 describes the as,

δsj = 2


(
θ sj+1 − θ sj

)
+

(
θ sj − θ sj−1

)
2


= θ sj+1 − θ sj−1 (6)

A. CONCAVE POINTS AND SEPARATION LINES
By raising the S value, the curvature curve becomes more
smoothly defined. It is important to identify the actual con-
cave points on the image. Based on measurements of angle,
area, and distance between pixel locations, concave points
are determined. The concave points are primarily obtained
by observing the nearby pixel points.

To determine the concavity property, the current and prior
values are identified. Where c - is the current pixel value,
X, and Y are the image coordinates; connectedness of the
points is represented as,

The concavity of the image contour

a
(
ppre, pc

)
= tan−1 ((

ypre − yc
)
/
(
xpre − xc

))
a (pnert , pc) = tan−1 ((ynert − yc) / (xnert − xc)) (7)

The touching and overlapping images are distinguished by
taking into account an appropriate neighborhood connection
attribute. By adding more concave sites, contacting chromo-
somes can be segmented and untangled with greater accuracy.

The resulting concave points are then used to determine
separation lines. Separation lines are used to separate overlap-
ping objects as well as things that are touching one another.
All conceivable combinations of high concave point pairs are
used to determine separation lines. To determine the potential
separation lines, every combination of any two points is
taken into account. The pairs with identical element pairs
and reflexive pairs are then dropped. Equation is then used
to represent the image set.

Si ≡ C∗
i × C∗

i −
{(
pk,l, pm,n

)
∈ C∗

i × C∗
i | (k − Ic + l)

≥ (m− Ic + n)} (8)

where C∗
i is the set of high concave poipts along the contour

of the image.
{(
pk,l, pm,n

)
∈ C∗

i

}
defines the separation line

that separate the entire set into two disjoint subsets. To pre-
serve the connectivity between the pixels between the subsets
discrete line connecting the pair pk,l and pm,n is introduced by
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FIGURE 2. Overlapped chromosomes images.

FIGURE 3. Binary images of overlapped chromosomes.

which the separation lines are reduced. Hence achieving the
overlap zone for overlapping chromosome and split line for
touching chromosome.

When two chromosomes touch, the spatial gap between
their vertices should be less than the distance between their
vertices along the contour, as determined by the distance
constraint of Equation 9.√

(k − m)2 + (l − n)2

dmin
(
pk,l, pm,n

) < τ (9)

where dmin
(
pk,l, pm,n

)
is the minimum distance between pk,l

and pm,n along the contour. τ is the threshold.
For overlapping chromosomes pair of separation lines are

considered.∣∣∣∣∣ (n1 − l1) (k2 − k1) − (l2 − l1) (m1 − k1)√
(n1 − l1)2 + (m1 − k1)2

∣∣∣∣∣ > τ (10)

Thus the separation of touching and overlapping chromo-
somes are separated by simple distance calculation function.

IV. EXPERIMENTS
The overlap zone can be identified by calculating the distance
between the separation lines given by Equation

Compared to other methodologies addressed in the study,
computational geometry, which is applied in this work, pro-
duces better results. Figure 2 displays the original photos
used for analysis. As demonstrated in Figures 3 and 4, the
input images are converted to binary and the image contour
is obtained.

Using the corner finding approach for chain code curves
that was previously mentioned, the curvature function is
determined. Figure 5 displays the obtained concave and con-
vex points. Concave points are represented by red dots in the

FIGURE 4. Contour images of overlapped chromosomes.

FIGURE 5. Concave and convex points on chromosome images.

FIGURE 6. Separation lines on chromosome images.

photos, while convex points are represented by yellow dots.
Concave points are used to create separation lines, as shown
in Figure 6.

The overlap zone and split lines are obtained using the
concave points and separation lines, as shown in Figure 7
The split lines (a separation line dividing the touching chro-
mosome) of touching region with pink line connecting the
concave point indicated with red dots and the two separation
lines with two pink and two yellow parallel lines are used to
identify the overlap zone.
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FIGURE 7. Overlap zone and split line.

FIGURE 8. Segmentation region of chromosomes.

Figure 8, which illustrates the segmentation of each region
of overlapping chromosomes, was created by measuring the
distance between the two separation lines. The segmented

FIGURE 9. Separated chromosomes.

TABLE 4. Comparative table of overlapped resolved image.

TABLE 5. Comparative table of touching resolved image.

full individual region is depicted by a red line, while the
overlapped region is indicated in yellow. In Figure 9, the
separation output is displayed.

Tables 4 and 5 provide a comparison of each of the four
strategies for overlapping and contacting chromosomes. The
tables demonstrate that computational geometry and spline
interpolation perform better in the separation of touching and
overlapping chromosomal pictures. Computational geome-
try is preferred because it is a fully automated algorithm,
in contrast to the spline interpolation method, which involves
human participation in the control point selection.
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FIGURE 10. Metaspread test image to Matlab environment.
a. Translocated chromosome, b. Karyotype image (from Physician).

FIGURE 11. Horizontal projection vector for 1st chromosome of 2nd pair.

Copenhagen database images are used to train the neu-
ral networks. Moreover, own chromosomes metaspread are
supported by Mediscan centre, Chennai and international
institute of human genetics, Chennai with mutual ethical
agreement.

FIGURE 12. Horizontal projection vector for 2nd chromosome of 2nd pair.

FIGURE 13. Structural abnormality identified in Matlab.

Convolutional neural network model is used to classify the
chromosomes [3]. Analyses of parameters are performed on
the images in Figure 10 a. Intensity profile computation is
used to identify abnormalities. In Figure 10 b, the karyotyped
images for the metaspread photos that were obtained from
a doctor are displayed. The second pair of chromosomes’
Q-arm and sixth pair of chromosomes’ P-arm is involved
in the issue. The projection vector profile for the second
pair, which is depicted in Figure 11, effectively identifies this
issue.

The projection vector for a typical chromosomal image
is shown in Figure 11. Typically, the second pair is a sub-
metacentric chromosomal picture. The graphed image shows
a submetacentric chromosome, Figure11. However, when
the second chromosome is taken into account, it is roughly
a metacentric chromosome. The global minimum point,
which is regarded as metacentric chromosomes, splits the
medial points precisely into two sections as shown in
Figure 12. However, the second pair must be submetacentric,
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as shown in Figure 11, where the minimum point is moved
from the centre. When comparing the two graphs, it can be
seen that the second pair of chromosomes in the Karyotype
image has structural irregularity.

V. CONCLUSION
Due to its automated nature, proposed computational geome-
try is superior for overlapping and contacting chromosomes.
There are three different parameters found. The concave func-
tion aids in producing superior outcomes for the Centromere,
which is carried out by other algorithms. Length and Cen-
tromere index are the additional factors that are calculated.
The projection vector approach is then used to illustrate a
scenario of a translocation issue connected to a structural
anomaly. The proposed method successfully implemented
in Matlab environment to carry out the karyotyping and
abnormality analysis. The results are evaluated by physician
to understand the suitability in the clinical laboratory. The
proposed software provides 99.68 % of accuracy in karyotyp-
ing process. These results achieved based on the training and
test datasets applied in CNN. The evaluation is carried out
based on 10:1 image sharing datasets.
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