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Abstract:

Intensity inhomogeneity is a significant cause in reducing the accuracy of image segmentation. This paper proposes an
algorithm for identification of bands in chromosomes using graph cut segmentation that uses global and local image statistics. The
global energy is an estimate of the intensity distribution of the image and background and local energy provide the information
related with neighboring pixels that eliminates the impact of intensity inhomogeneities. Efficient energy minimization helps in
better pixel labeling and this is done by optimized Graph cut process. The shape prior of the band at each location of the image is
considered with shape probability energy functions. The experimental results demonstrate that the approach is robust and efficient
in detecting the band information in chromosomes to a larger extent.

1. Introduction:

Automated classification of chromosomes has been a topic of interest since 1960. Due to the difficulties in staining
techniques and non-rigid nature of chromosomes, it is not possible to give decisive results. Still, research is going on and many
algorithms are being proposed to automate the entire process or part of it. Few papers are published for the identification of banding
patterns whereas many are working with segmentation of chromosomes and identification of centromere position. Chromosome
classification based on local band descriptors is proposed earlier [1]. Here they have used local band description and Weighted
Density Distribution (WDD). The former is sensitive to band segmentation whereas the latter is global and is not applied for
segmentation of band structures. Few papers have used global features like Fourier, Gaussian and WDD whereas few papers have
used structural features for segmentation of banding pattern. WDD is proven to be the best but it fails in the identification of local
features like centromere position. The basis function of WDD proves to be better in finding the band pattern descriptors [2]. The
basic functions derived from wavelet packet transform are also applied [3]. But the results are only comparable and not much
improvement is demonstrated over WDD. WDD which exhibits better results extracts numerical features from band pattern profiles.
This needs the exact medial axis which is crucial. Another method uses dominant points of the contour and cubic splines for
extracting the features [4]. This claims to reduce the error rate in classification by 0.6%. Pattern vector is also used in the
identification of chromatids’ banding pattern [5]. This paper proposes only the theory in the process. Classification is done with
banding pattern analysis without locating the centromere position using fast search and match algorithm in the chromosome
database which provides better results [6].

Many papers are published for extracting the banding features [7]. Local band patterns search and match [8] is less
effective in identifying the banding patterns. Banded regions are identified for classification only in abnormal chromosomes [9]
which are fewer in number. Chromosomes belonging to class E (16, 17, 18) alone are considered for classification [10] and only
straight individual chromosomes are taken for analysis of banding patterns [11]. A simple, effective classification algorithm for
the sample of chromosomes obtained from the laboratory is not available. As mentioned few considered only normal
chromosomes, whereas few others work only with certain classes of chromosomes. The sample obtained usually has all classes of
chromosomes and may have abnormal chromosomes along with normal chromosomes and also the chromosomes may be in
different orientations. It is therefore necessary to find algorithms which are successful in all aspects. This paper proposes
optimized graph cut for identification of banding pattern which is useful in the classification of chromosomes along with other
features like centromere position, length and width of chromosomes. Energy minimization is being recently proposed by many
researchers for image segmentation. Graph cut gives good results when applied for image segmentation. Dynamic graph cut based
Otsu’s method [12] is used to segment the masses in mammogram images. The combinatorial graph cuts help in obtaining global
optima and provides good efficiency, numerical robustness and applications related to N-D problems [13]. A graph-cut approach
is used for the extraction of the biliary structures in MRCP images [14]. Graph based approach proves to be efficient
computational technique for segmentation [15].

Graph cut algorithm is used for segmentation of magnetic resonance images [16], intensity inhomogeneity correction [17],
retinex based image inhomogeneity correction for vessel enhancement [18] and also helps in eliminating the energy minimization
problems [19]. Segmentation helps in partitioning the image into multiple regions. Image segmentation is used for assigning label
to each pixel. This provides better visual characterization of pixels holding the same label. Segmentation using minimal cut in a
graph approach guarantees better solution.  In human beings, each cell has 23 pairs of chromosomes. These pairs are arranged in
an organized profile known as karyotype. Karyotyping is the process of arranging the chromosomes in order for further analysis.
The images obtained from the laboratories after staining usually have clusters of chromosomes as shown in Figure 1. It is
necessary to karyotype the chromosomes as shown in Figure 2.
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Figure 1: Input Chromosome images

Chromosomes are characterized by dark and bright bands. This banding pattern is unique for each pair of chromosomes. G band
chromosomes are taken for analysis as they exhibit better banding pattern. Banding pattern indicates the series of dark and bright
regions in the chromosomes. This proposed work uses graph based segmentation for identifying the darker bands in the
chromosomes and hence use it for classification and karyotyping.
2. Methodology:

The block diagram for the proposed method is shown in Figure 2. The individual G band chromosome images are taken
and intensity corrections are applied using K-means clustering. After this, energy minimization is done using graph cut. The
energy minimization across bands identifies the dark bands in each chromosome which is further used for classification.

Individual & Intensity mhomogenarty
band . correction using K-means
Chromeozome clustering
Image

l

Dark band Energy minimization
Tacogution uzing Graph Cut

Figure 2: Overall Work Flow
A. Intensity Inhomogeneity Correction Using K-Means Clustering:
K-means [20] is a clustering algorithm that groups similar pixels. The similarity of data set elements in an n- dimensional
space is expressed by Euclidean distance. The procedure for K-means is as follows:
v’ Choose K different points M; (i=1, 2,....K) in the data space that serve as a prototype for a cluster C;
v’ Each data element with the closest prototype is assigned to the cluster.
v The mean of all elements of C; for each M;is updated.
v' Steps 2 and 3 are repeated until there is no change in the values of M; and C;.
B. Graph Cut Theory: Energy minimization using graph cut helps to get finer details of the image which are usually lost in other
methods. This is possible due to correlation of local features. Even though this is a complex process the labeling done for the
pixels helps in better segmentation of local features, especially the bands in the chromosomes. Graph based approach is used to
extract the region of interest and its minimal cut helps in removing the edge pixels related to other regions. A graph is an abstract
representation of a set of objects. The pairwise relationship between objects is given by a graph. Let G be a graph represented as
G= (V,E) where V is a set of vertices and E is the edges connecting the vertices. Graph cut [15] helps in finding the optimal
solution for binary problems and also used in energy minimization problems. The labeling ‘f* that minimizes energy is given as
E(f)= zu{p,q} 'T(fp i fq)+ ZDP(fP)
{p.ajeN peP
The first term is the smooth term which ensures the labelling is smooth where T equals 1 if the input condition is true

and Dp ensures how well fp matches pixel p. The first term corrects the neighboring labels which are too different. The second

term is data term and ensures the current label is coherent with the observed data. Energy based methods are used for analysing
global properties in images. Many methods involve standard moves where only one pixel can change its label at a time. When the
labels change results are significantly affected. Boykov [ ] proposed two different algorithms for finding the approximate solution.
They are a-f3 swap and o- Expansion. Both the algorithms allow a large number of pixels to change their labels simultaneously.
Both the algorithms are applied for chromosomes. There is no significant difference in the output between the two algorithms. a-
expansion does not allow any pixel which is initially labelled o to change their labels whereas a-f3 swap allows this change from
a-p and vice versa. The algorithms are given below.
a-p Swap for Band Identification:
The algorithm Steps are
v Initially, labeling is done from the clusters identified from K-means clustering algorithm
v' For each pair of labels, another labeling with minimum energy is found; this is only one a- swap away from the initial
one
v' Here only pixels labeled as o or B are allowed to be swapped whereas all other pixels will retain their initial labels
v' If the energy of the newly labeled pair is less than the earlier one, it is replaced; otherwise the earlier label is retained
v" This process is repeated over all pairs of labels
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The graphical representation of the a-f swap algorithm is shown in Figure 3.Thestructure of _zfor any image is given
as follows:
v’ Select two labels o and B. Consider p in the sets P, and P; be the image pixels .i.e. ¥ = {a. B} UF, U Py

v' Each pixel p E F,gis connected to vertices & and B by t-Iinkst_Eanth.
v' Each pair of pixels p, which are neighbours({p. g} € Nare connected by n-linksegy .
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Figure 3: Structure of graph for swap move
v’ Edge weights are shown in table |
Table 1: Weights of Edges

Edge Weight for
t.ﬂc Dp{a:l +Z;ENp_qEF=3F{mﬁT) pePzS
3 T
t, D, (8) +qum,,qe:=31r(qu} peFPup
{{T—P.l q} = J-hir:].l p,
&L, Vie.g) 7€ Pys

i.e., t-links with data term and n-links by coherence term are weighted.

For every pixel p, only one of the links can be broken during labeling. IF both the links are broken the pixel will be isolated. The
cut is always made such that it does not break the links between the pixels connected to the same terminal; otherwise the cut is
made, but again based on the energy function.

3. Results and Discussions:

Individual G band chromosome images as shown in fig.1 are the inputs. G band images are considered as they have
unique characteristic recognition for chromosomes. These inputs are subjected to K means clustering. Image clustering helps in
grouping the similar pixel intensity values together in the same image. K means has a problem with two neighbouring pixels that
have high probability to belong to the same cluster. This issue is solved by considering the distance of each pixel to one of the
cluster centroids.  This information improves the performance of K means and also helps in solving the problem related with
intensity inhomogeneity. The graph shown in the information obtained after K-means clustering is considered as the data for the
graph cut algorithm. The advantages of using graph cut method include i) neighbouring pixels belong to the same cluster and ii)
pixel is not alone recognized automatically to the closest cluster, but the exact distance of each pixel is considered. The ideogram
image is shown in Figure 4. The observation on calculation of number of bands are compared and tabulated and it is shown in
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Flgure 4 Ideogram of the bandlng pattern [21]
Table 2: Band Determination in Chromosomes

Chromosome No. of dark | Chromosome No.(Real- | No. of dark
No.(ldeogram image) bands time image) bands
1 9 1 9
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2 10 2 10
3 4 3 6
4 8 4 7
5 6 5 6
6 6 6 6
7 4 7 6
8 3 8 7
9 3 9 4
10 5 10 5
11 4 11 4
12 5 12 4
13 5 13 5
14 4 14 4
15 2 15 3
16 5 16 3
17 4 17 2
18 3 18 3
19 3 19 1
20 1 20 3
21 1 21 1
22 1 22 2
X 4 X 4
Y 1 y 1

The k means algorithm used here for clustering provides the cluster values ci. These cluster values are used to find the
data function. The smoothness term in the energy function is initially assumed to be unitary matrix with normalized values. The
data function tries to minimize the energy flow by finding the cut with maximum flow for reducing the disagreement between the
observed and assumed values. Iterations are more in minimising the energy function when disagreement is higher. Exact
minimization is difficult and a near optimum solution is tried with a-p swap and a-expansion algorithms. But the results indicate
that there is not much difference in outputs when the algorithms are implemented. The former one tries to swap positions during
iterations whereas the later one does not swap labels but allows to move to a single label ‘a’. This is because the clustering chosen
in the initial stage is successful and not much of relabeling is required. This provides the initial labelling needed and the number
of iterations are also less. Figure 4 (a-f) shows the outputs obtained. In each set the first image is the input chromosome, the
second image is the dark band enhanced chromosome and the third image is the graph which exhibits the number of dark bands
available in that chromosome.

® G
Figure 4 (a-f): Graph cut output image
4. Conclusion and Future Work:

Minimization of energy is a difficult task because the chromosomes have more number of dark bands. Though G-band
chromosomes are taken for visibility, difficulties are faced in energy minimization, partly due to energy of dark and light bands.
The other problem that is faced is that, same number of bands exist in more than one chromosome pair which makes it difficult for
classification. For example chromosomes 3, 7, 11, 14 and 17 have 4 dark bands each but the size and position of bands vary for
each chromosomes. The first problem is solved by applying special enhancement for the darker regions. The second one cannot be
solved and the process fails to classify the chromosomes with same number of dark bands. The matching of number of bands is
approximately around 50%. There are ten pairs of chromosomes with this problem. Area of the dark bands is included as an
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additional parameter which is successful in classifying 8 more pairs of chromosomes. Difficulties still remain in the remaining
two pairs of chromosomes. If the size and position of the bands are included as additional features it is possible to get betters
outputs. Future work is to combine any other energy optimization algorithm with graph cut to solve the issue.
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