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Abstract Automated segmentation of touching or over-

lapping chromosomes in a metaphase image is a critical

step for computer-aided chromosomes analysis. Conven-

tional chromosome imaging methods acquire single-band

grayscale images, and such a limitation makes the sepa-

ration of touching or overlapping chromosomes challeng-

ing. In the multiplex fluorescence in situ hybridization (M-

FISH) technique, each class of chromosomes can bind with

a different combination of fluorophores. The M-FISH

technique results in multispectral chromosome images,

which has distinct spectral signatures. This paper presents a

novel automated chromosome analysis method to combine

the pixel-level geometric and multispectral information

with decision-level pairing information. Our chromosome

segmentation method uses the geometric and spectral

information to partition the chromosome cluster into three

regions. There will be ambiguity when combining these

regions into separated chromosomes by using only spectral

and geometric information. Then a graph–theoretical

pairing method is introduced to resolve any remaining

ambiguity of the aforementioned segmentation process.

Experimental results demonstrate that the proposed joint

segmentation and pairing method outperforms conven-

tional grayscale and multispectral segmentation methods in

separating touching and overlapping chromosomes.

Keywords Multispectral imaging � Chromosome image

segmentation � Shape decomposition � Homologue pairing

1 Introduction

Chromosomes are genetic information carriers. When

chromosomes are photographed during cell division, the

images of these chromosomes contain crucial information

about the health status of an individual. Chromosome

analysis has been an important procedure in clinical and

cancer cytogenetic studies [1, 2, 21, 24]. The classification

of human chromosomes is called karyotype. Karyotyping is

a useful tool to detect deviations from normal cell structure

since abnormal cells may have an excess or a deficit of

chromosome [21, 24]. In the past, karyotype used to be

performed by trained cytogeneticist. This makes karyotype

a time-consuming and expensive operation. There are

medical and economic motivations to automate the

karyotype generation process; however, automated image

chromosome karyotyping (or classification) is still an open

topic [3, 5, 6, 14].

As in many pattern recognition problems, the success of

an automated karyotyping algorithm depends largely on the

effectiveness of chromosomes’ underlying feature repre-

sentation scheme. With the development of multiplex

fluorescence in situ hybridization (M-FISH) technology [2,

3, 5, 9–11, 20–23], apart from chromosome size, shape,

morphology features, and chromosome banding patterns,
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additional information provided by multiple spectrum in

chromosome images makes it feasible to distinguish dif-

ferent chromosomes. The basic idea in M-FISH is that each

chromosome is labeled by a unique combination of five

fluors. An extra fluorophore, DAPI (406-diamidino-2-phe-

nyl indole dihydrochloride), is counterstained to all chro-

mosomes. In practice, fluorophore absorption is not binary

and there is significant overlap between each of the fluo-

rophore absorptions along with variability in signal

strength. This leads to a non-trivial classification problem,

especially in the context of overlapping regions [3, 9, 20–

22]. Since chromosomes are somewhat opaque, and the

detected fluorescence at a pixel may be the combination of

its neighboring fluorescence, each pixel will involve the

information from all overlapping chromosomes.

Automated segmentation of partially occluded and/or

touching objects is an extremely challenging task. Chro-

mosome images are subject to partial occlusion and/or

touching with neighboring chromosomes. This is one of the

major factors hindering automatic analysis [3]. There have

been several segmentation methods developed to automate

the analysis process in touching/overlapping chromosomes

[1, 3, 6, 9, 12–14]. According to the information used,

these methods can be classified into three groups: geome-

try-based methods, spectrum-based methods and combi-

nation of geometry- and spectrum-based methods.

Geometry-based methods assume that chromosome

shapes alone are sufficient for the purpose of separation.

These methods split the chromosome cluster into separated

segments by using geometric characters (such as concave

points, skeletons and so on), and then combine these seg-

ments into corresponding separated chromosomes. The

reliability of these methods depends on two factors: split-

ting method and combination scheme. Agam and Dinstein

[1] used concave points to construct all the possible sepa-

ration lines. In their work, they determined potential

chromosomes using rectangle hypothesis testing. Popescu

[6] used the concepts of skeletons to decompose overlaps.

Ji [28] also used the skeleton and cut points to decompose

overlaps, and constructed a series of rules to classify the

chromosomes. However, one problem is that the geometric

information is not reliable in many cases to segment the

touching and overlapping chromosomes, for example, two

chromosomes touch by their short side or long side,

forming a long chromosome as shown in Fig. 1a. The

shape of chromosome cluster A and B is similar to that of

chromosome C, and it is difficult to separate A and B by

using contour information. The other problem is that geo-

metric information is not sufficient to guide the combina-

tion of these segments. For example, in Fig. 1b, c, there are

many ways to combine the segments, and using only the

contour information is difficult to obtain correct segmen-

tation results.

Spectrum-based methods assume that the spectral

information is accurate enough to segment touching/over-

lapping chromosomes. Lot of work have been done in this

field [2–4, 9, 11, 20–23]. Schwartzkopf et al. [3] proposed a

joint classification and segmentation method by classifying

every pixel to segment the touching/overlapping chromo-

somes. To improve the accuracy of pixel accuracy, Choi

[21] introduced a new feature normalization method for

M-FISH images that reduced the difference in the feature

distributions among different images using the expectation

maximization (EM) algorithm. To overcome the short-

coming of pixel-based classification, Karvelis [22, 23]

performed the classification algorithm on homogeneous

regions to improve the classification results. As the sensed

fluorescence is not accurate and the chromosome is an

opaque object, spectrum-based segmentation method is

unreliable.

With the above analysis, geometry-based methods and

spectrum-based methods have advantages and disadvan-

tages. To make the overlapping and/or touching chromo-

somes separation more accurate, Choi [20] proposed a new

separation method by using the spectral and geometric

information. It utilized the pixel-based fuzzy-logic classi-

fier to determine the cluster, and had the same shortcoming

of pixel-based classification. The concave and convex

points are used to divide the cluster into three basic ele-

ments: (1) cross-shaped cluster, (2) T-shaped cluster, and

(3) I-shaped cluster. The touching/overlapping chromo-

somes are separated based on these three basic elements. It

Fig. 1 Illustration of the ambiguity problems in chromosome

segmentation. a On the left is the image composed by two

chromosomes A and B, on the right is the one chromosome image,

these two images have similar shape but different number of

chromosomes; b a cluster with four chromosomes; c a cluster with

three chromosomes and two chromosomes with same classes
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is based on the assumption that every chromosome in cell

cannot be separated into several parts according to the

spectral information. But it is not true according to the

Schwartzkopf’s [3] research results. On the other hand,

Choi’s method cannot get the optimal results when two

chromosomes with same class label are touched or over-

lapped. Biyani [4], Stanley [13] and Wu [26] utilized the

prior information of human chromosome to classify and

pair chromosomes, but this method can be used only on the

well-separated chromosomes. Although previous methods

have some shortcomings, they provide the incentive for this

paper.

To separate more accurately the touching/overlapping

chromosomes, we present a novel separation method based

on the geometric and spectral information provided by

M-FISH images and prior information of human chromo-

some. By effectively exploiting the spectral and geometric

information, the segmentation of overlapping and touching

chromosomes can be more accurate. We first detect the

corner of overlapping/touching chromosomes using the

curvature scale space method [7, 8], and partition the

overlapping/touching chromosomes into three parts: end

regions, intersection regions, and regular regions. Then we

combine end regions, intersection regions and regular

regions into potential chromosomes based on the spectral

similarity. But there is ambiguity on choosing the optimal

combination. For example, in Fig. 1c, regions A, B, and D

have similar spectrum, there are six possibilities to form

two chromosomes. Pixel-level information by itself cannot

solve this problem, higher-level information have to be

used to acquire the accurate combination. Here a graph–

theoretical pairing method is introduced to resolve any

remaining ambiguity of the aforementioned segmentation

process. The main contribution of this paper is listed as

follows:

1. The M-FISH imaging method provides abundant

geometric and spectral information about the chromo-

somes, and there is complementary between them

when separating the touching/overlapping chromo-

some. A novel overlapping/touching chromosome

segmentation method is proposed based on the

geometric and spectral information provided by

M-FISH images.

2. A chromosome region segmentation method is applied

to split the chromosome clusters into three regions

based on convex and concave points.

The rest of the paper is organized as follows. In Sect. 2,

by using convex and concave points of chromosome con-

tour we present a chromosome region segmentation

method to split the chromosome clusters into three regions.

Then in Sect. 3, we present a homologous pairing method

for proper region combination. In Sect. 4, experiments are

carried out to validate the separation accuracy of touching/

overlapping chromosome clusters in comparison with

geometry-based and spectrum-based methods.

2 Extraction of primary shape elements

In general, the shape of a chromosome varies in different

stages of mitosis. A chromosome may have different

heights, widths and two or four arms, depending on whe-

ther some arms are joined. It may also bend to its centro-

mere. (A centromere is a region of DNA typically found

near the middle of a chromosome where two identical sister

chromatids come in contact.) Although chromosomes may

vary in shape and size, they all share a common basic

shape, which is a rectangle that may contract and bend to

one point [6, 24]. Based on such observations, the over-

lapping/touching chromosomes can be partitioned into

some approximately rectangle-shaped segments, and then

the original chromosomes can be represented as a combi-

nation of these segments without touching and overlapping.

Next we describe how to obtain these segments in detail.

2.1 Definition of basic segments

A group of connected pixels can be regarded as a cluster,

and it can be formed by one chromosome or multiple

chromosomes, depending on whether there are overlapping

and/or touching. The basic segment of a chromosome is

rectangle, thus each cluster is formed as the combination of

many rectangle segments. Given a cluster, we can extract

the landmarks such as convex point and concave point via

corner detection [18, 19]. Both the convex and concave

points provide important information about the shape of

chromosome. Unlike the method by Agam [1], which only

uses the concave points to construct a series of parallel

segmentation lines to separate the cluster, we use both the

concave and convex points to separate the cluster into

different regions. This can reduce the number of possible

segments as well as the segment combination errors.

By computing the curvature of chromosome edge con-

tours, and considering the local maxima and minima of

curvature, we can get the corner points of chromosome [7,

8, 17, 18]. Here we define the convex point as end point

(EP), and the concave point as cut point (CP). The EP and

CP points can be used to extract the basic segments. Fig-

ure 2 shows two examples of EPs (black box) and CPs

(white box). These two clusters, named as cluster 1 and

cluster 2, respectively, will be used to illustrate the segment

extraction process.

Based on the above definitions, one cluster can be

divided into three basic parts termed as end region (ER),

intersection region (IR) and regular region (RR). The ER is
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at the end of a chromosome and it is composed of EPs, CPs

and boundary. The IR is only composed of four CPs. The

RR, which is composed of CPs and the boundary, is used to

represent the ‘‘smooth’’ part of the cluster. The following

sections explain how to construct these regions.

2.2 Construction of end region (ER)

To construct an ER, the boundary of a cluster is traced

from an end point, denoted by EPk, in both clockwise and

counter-clockwise directions to find the first two cut points,

denoted by CPi and CPj. The line between these two cut

points is defined as the end separation line ELi,j. The

boundary between EPk and CPi is represented as ECki, and

the boundary between EPk and CPj is represented as ECkj.

The region encircled by ECki, ECkj, and ELi,j is called the

ER. We define by EL = {ELi,j | 8 (CPi, CPj) [ ER} the set

of all ELs in the cluster.

Figure 3 shows an example of the ER construction

process. The boundary of the cluster is traced from an EP

(black box) to find the first two CPs (white box), and the

EL is constructed by the two CPs. Referring to Fig. 2a,

with the ten EPs in cluster 1 (the adjacent EPs will be

merged—that means if two end points are closer than given

threshold, these two end points are merged as one end

point. Here the threshold is set as 10 points.), eight ERs can

be constructed, as shown in Fig. 6a. For cluster 2 in

Fig. 2b, there are six EPs and five ERs are constructed,

which are shown in Fig. 6b.

2.3 Construction of intersection region (IR)

Since the shape of a chromosome is an enclosed region, the

end separation line must be part of the intersection region,

and the other parts of intersection region can be identified

based on end separation line. So the whole intersection

region can be divided into two parts: the first part, denoted

by IR1, contains at least two end separation lines and the

second part, denoted by IR2, contains at most one end

separation line. Before explaining how to construct the IR1

and IR2, we define some basic relationships and operations

between lines.

The nearly parallel relationship qh between the lines is

defined as:

qh ¼ CPi;CPj

� �
; CPm;CPnð Þ

� �
2 CP� CPð Þ2

n

abs H CPi;CPj

� �
�H CPm;CPnð Þ

� �
� s1

�� �
ð1Þ

where CP� CP stands for all possible pairs of CPs con-

sidered, ðCP� CP)2 represents all possible pairs of end

separation lines considered, HðCPi;CPjÞ is the angle

between the line ðCPi;CPjÞ and the horizontal line.

HðCPi;CPjÞ is normalized to the range [0,p]. s1is the given

threshold, to decide whether two lines are nearly paralleled,

and set as 15�. The relation qh is reflective, antisymmetric

and transitive.

Then the minimal and maximal operations in subset

X � CP� CPare defined as:

min
h
ðXÞ ¼ fðCPi;CPjÞ 2 Xj8ðCPm;CPnÞ 2 X

: HðCPi;CPjÞ�HðCPm;CPnÞg ð2Þ

max
h
ðXÞ ¼ fðCPi;CPjÞ 2 Xj8ðCPm;CPnÞ 2 X

: HðCPm;CPnÞ�HðCPi;CPjÞg: ð3Þ

End separation lines can be used to determine the

location of IR. A pair of nearly parallel end separation lines

determined by CP pairs ðCPi;CPjÞ and ðCPm;CPnÞ may

specify an IR1 zone, if the following requirements are

satisfied:

1. The line connecting the ends of the CP pairs ðCPi;CPjÞ
and ðCPm;CPnÞ should be permitted separation lines,

i.e., all pixels of line should be in cluster;

2. The difference of angles between the separation line

and the two end separation lines should satisfy the

minimal relationship minh.

For the residual convex point sets to construct the IR2,

any two arbitrary nearly parallel and permitted

Fig. 2 Examples of end points and cut points of two clusters, where

black box represents the EPs and white box represents the CPs:

a cluster 1 is composed by four chromosomes; b cluster 2 is

composed by three chromosomes

Fig. 3 Example of end region construction, boundary of the cluster is

traced from one end point to find the first two concave points.

a Example of end region construction; b example of end points (EP),

cut points (CP), end lines (EL), and boundary between EP and CP

(EC)
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separation lines should satisfy the above two condi-

tions, and one additional requirement should be

satisfied:

3. The separation lines should be continuous within the

local region, i.e.:

ðHðmax
h
ðYðCPiÞÞÞ � Ang1\s2Þ _ ðHðmax

h
ðYðCPiÞÞÞ

� Ang2\s2Þ ð4Þ

where Ang1 ¼ HðCPi;CPi�lÞ and Ang2 ¼ HðCPi;CPiþlÞ
are two angles for every cut point CPi, l is the support

width for every cut point CPi, YðCPiÞ is the separation lines

set whose one cut point is CPi. s2 is the given threshold,

and set as 35�.

Figure 4 shows the all possible separation lines in

cluster 1 and cluster 2. Based on the proposed method, six

pairs of separation lines are extracted from cluster 1, as

shown in Fig. 6a. These six pairs of separation lines can be

used to construct four IRs, which are shown in Fig. 6a. For

cluster 2, four pairs of separation lines are extracted and

four IRs can be constructed, which are shown in Figs. 6b.

Figure 5 shows an illustration on how to construct the

intersection region by using CP pairs ðCPi;CPjÞ and

ðCPm;CPnÞ. Although there are many potential choices on

how to connect the dots CPi;CPm ;CPj and CPn, but

ðCPi;CPnÞ and ðCPj;CPmÞ (dashed lines in Fig. 5) do not

satisfy the restriction of formulas (1) and (2).

2.4 Construction of regular regions (RR)

After determining all the ERs and IRs, the residual

boundary parts and CPs in the cluster will be the basic

elements to form RRs. RRs share the separation lines with

IRs or share the end separation lines with ERs. So to

construct the RR is to find the closed region formed by the

boundary and separation lines. The RR of cluster 1 is

shown in Fig. 6a and there is no RR in cluster 2.

After obtaining all the segments of a cluster, we focus

on how to merge these segments properly to get the final

segmented chromosome. Agam [1] proposed a verification

method by testing whether the merged segments are sat-

isfied with the rectangle assumption of chromosome’s

shape. This method only uses the local cluster’s informa-

tion. The next section describes the proposed segment

merging method based on homologue pairing for the

globally optimal combination of segments.

3 Joint segmentation and pairing

During the segment merging process, we combine end

regions, intersection regions and regular regions into

Fig. 4 Possible separation lines: a cluster 1, there are total 19

separation lines, but some separation lines cannot be used to construct

intersection region; b cluster 2, there are total 9 separation lines

Fig. 5 An illustration on how to construct the intersection region by

using CP pairs ðCPi;CPjÞ and ðCPm;CPnÞ, where straight and dashed

lines between ðCPi;CPmÞ and ðCPj;CPnÞ are the possible separation

lines, but only straight lines satisfy the requirements (1) and (2)

Fig. 6 The region separation results of a cluster 1 which is composed

by eight end regions, three intersection regions and one regular

region. b Cluster 2 is composed by five end regions and four

intersection regions
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potential chromosomes based on the spectral similarity.

But there is ambiguity when touching/overlapping chro-

mosomes with similar spectrum. On the other hand, it is

difficult to decide whether the intersection regions should

be combined with end regions, as one end region may be an

individual chromosome. At the same time, the spectrum of

intersection regions is decided by the top chromosome

when several chromosomes are overlapping. By the

affection of these factors, pixel-level method alone cannot

acquire the optimal segments combination.

Here we give two examples to show the ambiguity in

segments combination process. For example in Fig. 7a, if

regions A, B, C and D have similar spectrum, there are

three possibilities [(A ? E?B, C ? E ? D), (A ? E ? D,

B ? E ? C), (A ? E ? C, B ? E ? D)] to form two

chromosomes. In Fig. 7b, if regions A, B and C have dif-

ferent spectrum, there are seven possibilities [(A ? D,

B ? D, C ? D), (A, B ? D, C ? D), (A ? D, B, C ? D),

(A ? D, B ? D, C), (A, B, C ? D), (A, B ? D, C),

(A ? D, B, C)] to form three chromosomes. Pixel-level

information alone cannot resolve these ambiguities, there is

a need to introduce high-level information.

A normal human cell contains 22 homologous pairs of

chromosomes and two sex chromosomes (two X for female

or one X and one Y for male). The separated chromosomes

(refer to Sect. 2 for chromosomes separation) should be

paired into 23 homologous pairs (for female) or 22

homologous pairs plus two independent chromosomes (for

male). Based on these constraints, the segments can be

combined with the guidance of homologue pairing, and it

can eliminate the combination ambiguities to acquire the

optimal segments combination.

3.1 Homologue pairing

Any chromosome pairing can be identified with a permu-

tation function s(i) of integers i[{1,2,…,N}, where N is the

number of chromosomes in one cell and s(i) = j if and

only if chromosomes Xi and Xj form a pair [4]. Obviously,

s(i) = j if and only if s(j) = i, and s(i) = i for all i and j.

In pairing process, the whole chromosome set X is

divided into two subsets ~X and X
_

, such that ~X [ X
_

¼ X, and

for 8Xi 2 ~X, there is XsðiÞ 2 X
_

. The similarity of chromo-

some Xi and XsðiÞ can be measured by SðXi ffi XsðiÞ; fi; fsðiÞÞ,
where ffi is a binary relation. Then the problem of optimal

pairing of chromosomes can be solved by maximizing the

similarity measure function:

sopt ¼ arg max
s

XN

i¼1

SðXi ffi XsðiÞ; fi; fsðiÞÞ ð5Þ

over all pairing s. In order to solve the optimization

problem of (5), we construct an undirected graph G(X, E)

with |X| = N vertices and |E| = M edges, where M is the

number of chromosome pairs. Each vertex corresponds to a

chromosome, and each edge to a pairing. The graph is

weighted, and having the following constraints:

1. as every chromosome only belongs to one pair, no

more than one edge can join the vertices;

2. for male, no edge can join the vertices corresponding

X and Y chromosomes.

We associate a similarity measurement function S with

an edge. For example, an edge e = (Xi, Xj) has a weight

S(e) = S(Xi, Xj).The optimization of (5) can be solved by

maximum-weight graph matching [15, 16],. The validity of

the pairing results depends on the quality of the similarity

measure function SðXi ffi XsðiÞ; fi; fsðiÞÞ. Next we discuss

how to construct this function.

3.2 Construction of similarity measure function

The feature vector fi for a chromosome can vary signifi-

cantly among different types. In contrast, there is less

variation between two chromosomes of the same class

within a cell. Such observations inspire us toward a robust

paradigm for chromosome pairing. As discussed in Sect. 1,

the spectral and geometric features are important to tell

different homologous pairs apart. For homologous pairs,

their spectral and geometric difference should be small.

Therefore, the similarity between two chromosomes can be

measured based on their similarity in spectrum and

geometry.

The spectrum similarity between two chromosomes Xi

and Xj can be measured by using the Euclidean distance:

S1ðXi;XjÞ ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
XPN

p¼1

ð f p
i1 � f

p
j1Þ

Tð f p
i1 � f

p
j1Þ

vuut ð6Þ

where fi1 and fj1 are the spectral feature of chromosomes Xi

and Xj, and PN is the number of pixels in chromosome. The

relative size of chromosome Xi is defined as:

Fig. 7 Illustration of the ambiguity problems in chromosome

segmentation. a There are five regions in the cluster, and according

to the each region’s characteristics, they can be combined in different

ways; b there are four regions in the cluster
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fi2 ¼ Numi=NumT ð7Þ

where Numi is the number of pixels belong to chromosome

Xi, NumT is the number of chromosomes pixels in the

whole image. Then the size similarity measure can be

defined as:

S2ðXi;XjÞ ¼ fi2 � fj2

�� ��
2
: ð8Þ

Based on the definition of spectrum and size measure

functions, the final similarity measure function of

chromosome Xi and Xj can be constructed as follows:

SðXi ffi XjÞ ¼ S1ðXi;XjÞ � S2ðXi;XjÞ: ð9Þ

3.3 Joint segmentation and pairing algorithm

Based on the proposed segmentation and paring methods,

the overlapping/touching chromosomes can be separated

efficiently. The proposed segmentation–pairing algorithm

is summarized as follows:

1. Preprocess the DAPI chromosome image to create the

binary Mask by a thresholding procedure where the

threshold value is selected using the Otsu’s method

[22, 27].

2. Smooth each chromosome object by using a 5 9 5

Gaussian filter to remove the noise.

3. Detect the cluster’s corner, and partition the cluster

into three parts: ERs, IRs and RRs, by using the

algorithm proposed in Sect. 2.

4. Combine ERs, RRs and IRs into potential chromo-

somes based on the spectrum similarity and the

continuity of chromosome that is calculated by (9).

5. For male cells, the pairing algorithm is used to choose

the final segment results from potential chromosome

sets. For female cells, two dummy chromosomes are

first constructed according to the prior knowledge of

relative size and spectrum of the X and Y chromo-

somes, and then the pairing algorithm is used to choose

the final segmentation results from potential chromo-

somes set.

6. Final segmented chromosomes are the pairing result

which is corresponding to the minimal cost.

4 Experimental results

The proposed method is tested on the Advanced Digital

Imaging Research Company’s M-FISH chromosome image

database [25]. The database consists of 200 multispectral

images with 517 9 645 pixels. Each pixel is represented as

a 6-element vector: 5 multispectral channels plus the

grayscale DAPI channel. The database also includes an

karyotyped ‘‘ground truth’’ image according to the ISCN

(International System for Human Cytogenetic Nomencla-

ture) for each M-FISH image, so the segmentation results

can be easily evaluated by accuracy [3, 22]. In this data-

base, there is no annotation for 17 images which are

reported as ‘‘difficult to karyotype’’ [25]. We excluded

these images from the evaluation of our method.

The end points and cut points are detected by using the

curvature of contour [7, 8, 18, 19]. We first compute the

curvature of the edge [1], and consider those local maxima

(minima) as initial end point (cut point), and remove one of

end points which are very close. Then, mark residual end

points with black box and cut points with white box. Two

examples of detected end points and cut points are shown

in Fig. 2. Within each separated end region, regular region

or intersection region, there is great redundancy among

pixels. To improve the accuracy of subsequent similarity

measure, it is advantageous to compress the high-dimen-

sional (pixel number) feature data into low dimensional

representation such that irrelevant information can be

reduced. Here we use the principal component analysis

(PCA) [17] to extract the feature of each region, to make

the every chromosome comparable, the first 30 component

is preserved. In the experiments, we used the maximum

flow method to solve the maximum-weight graph matching

problem, maximum flow method is a basic means to solve

the graph matching problem [15, 16].

Figure 8 shows an example of image (A020402) seg-

mented with the proposed method. Figure 8a shows the

primary shape extraction results of four clusters and

Fig. 8b is its joint segmentation and pairing result. Com-

pared with the hand-labeled karyogram result in Fig. 8c,

the clusters 1, 2, 3, 4 are segmented properly.

For those abnormal cells with odd number chromo-

somes, one dummy chromosome is added according to the

prior knowledge of spectrum and size. That means for these

kinds of cells, to utilize the proposed algorithm, the prior

information about which chromosome is absent/redundant

must be known. At the same time, there are chromosome

translocations in some cells, they will affect the touching/

overlapping chromosomes’ separation performance. If the

chromosome translocation region is very small compared

with the size of chromosome, the touching/overlapping

chromosomes can be separated correctly, but the translo-

cation abnormality will not be detected. In this situation,

previous spectrum-based segmentation also failed, as it is

difficult to distinguish this kind of translocation with noise

[3]. If the chromosome translocation region is large com-

pared with the size of chromosome, there will be some

errors when separating touching/overlapping chromo-

somes. If the matching algorithm will not converge to a

threshold in given iteration number, the whole pairing

process is a failure and we mark this cell as an abnormal

cell, which means there are some translocations in this cell.
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If the cell is marked as abnormal, the final combination

results will be only based on the spectral similarity, as there

are no converging matching results. It will need the help of

cytogeneticist to analysis the chromosomes in the marked

abnormal cell.

The results of cluster separation results by the proposed

method are listed in Table 1. As could be seen from

Table 1, 75% of clusters are separated correctly. The seg-

mentation results by using different algorithm are shown in

Table 2. Joint segmentation and pairing method correctly

decomposed a much higher percentage of touches com-

pared to the maximum likelihood (ML) based joint seg-

mentation-classification method [3] and geometric

separation method [1]. If two chromosomes of the same

class touch or overlap, there is no way to determine their

boundary with multispectral information alone. Geometric

information can be used to separate these chromosomes.

ML method segmentation accuracy is inherently dependent

on pixel classification accuracy. Pixel classification rates

vary widely through the M-FISH image dataset [3]. All

these factors influence segmentation performance by using

ML method. On the other hand, the geometric information

is not so reliable in many cases to segment the touching and

overlapping chromosomes, such as two chromosomes

touching by their short side or long side forming a long

chromosome. Joint segmentation and pairing method uti-

lizes the spectral and geometric information jointly, it can

overcome the shortcomings of segmentation methods

which only uses spectral information or geometric infor-

mation alone. And all the information used in joint seg-

mentation and pairing method comes from single cell’s

image, not from the whole image dataset, and ignores the

signal’s variation of different cells.

From the experimental results on the M-FISH dataset,

we conclude that most of the chromosomes that are

incorrectly segmented by the proposed algorithm fall into

the following two cases:

1. In the case that several chromosomes are clustered

together, the corner cannot be detected correctly, and

hence the corresponding ER and IR cannot be

constructed correctly. This will make the segmentation

fail. One typical example is cluster in Fig. 9.

2. In the case that there are some translocations in the

cells and the region of translocation is larger than

about 30–40 pixels, the pairing method will not

converge to given threshold. We can only mark the

abnormality of this cell, but the result of segmentation

and pairing is not accurate.

To testify the pairing accuracy, we label the paired

chromosome based on their spectrum and compare the

classification accuracy with other methods. Table 3 shows

a comparison of several different classification algorithms.

Schwartzkopf et al. [3] proposed a joint segmentation and

classification method that employs pixel-by-pixel classifi-

cation schemes; the classification will be dominated by

noisy painting in-homogeneities. This is obvious by the

misclassifications errors produced by the pixel-by-pixel

algorithm. Choi et al. [20], Cao et al. [29]. and Wang et al.

[15] also proposed M-FISH chromosome classification, and

Fig. 8 Example of segmentation and pairing results. a Primary shape extraction results of four clusters; b joint segmentation and pairing result;

c hand-labeled karyogram result

Table 1 Cluster separation results

Number of chromosomes

in a cluster

Correct

separation (%)

Erroneous

separation (%)

2 80 13

3 74 18

C4 71 23

Total 75 18

Table 2 Percentage of correct segmentation for various cluster types

by using different algorithm

This paper’s

algorithm (%)

ML

method (%)

Geometric

separation (%)

Touches 79 77 62

Overlaps 73 34 41
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got good results on part of the ADIR M-FISH dataset. They

also employed pixel-by-pixel classification schemes.

Karvelis et al. [22] presented a multichannel watershed

based method, where classification was based on the

spectrum of all pixels belonging to a specific region.

Analyzing the classification results in Table 3 demon-

strated that the classification algorithm proposed in this

paper got the highest classification accuracy tested on all

datasets. The algorithm proposed by Choi get 97.1%

classification accuracy, but it only tested on 10 images. As

the graph matching is used in the proposed algorithm to

improve the classification accuracy, time consumed is

higher than other algorithm. The average classification

time is 180 s on a Pentium P4 2.33 GHz PC, with 2G RAM

by using Matlab 2009. Under the same condition,

Schwartzkopf et al.’s [3] algorithm takes 170 s, and

Karvelis et al.’s [22] algorithm 120 s.

5 Conclusion

This paper presented a joint segmentation and pairing

scheme for touching and overlapping chromosomes by

using both the pixel-level geometric and spectral infor-

mation and decision-level pairing information. Unlike the

previous geometric separation method, the proposed

approach uses the concave and convex points of cluster to

separate the cluster into three regions: ER, IR and RR.

Then these regions are combined into potential chromo-

somes according to the spectrum similarity measure and

the continuity of chromosome. Finally, we use the

homologous pairing method to determine which potential

chromosome is chosen. Experimental results demonstrated

the superior performance of the proposed method to the

previous methods in terms of segmentation and paring

accuracy.
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