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ABSTRACT 
An investigation of an image processing algorithm used to extract features of chromosomes 

from three-dimensional (3D) image datasets taken by a confocallight microscope is presented. 
The use of this confocallight microscope allows biologists to observe live (or preserved) dividing 
cells in 3D. The top and bottom surfaces of these images' features are indistinct, therefore 
requiring feature extraction and segmentation of the chromosomes. Kohonen's Self-Organizing 
Map (SOM) is used to perform segmentation. The segmentation algorithm is first developed to 
work on 2D dataset, based on a projection of the three-dimensional dataset, and then generalised 
to 3D cases. The 3D approach to segmenting individual chromosome features preserves the 3D 
orientations in relation to the surrounding cell volume. SOM performs very satisfactorily in 
both 2D and 3D cases. Examples are provided to demonstrate the performance of the proposed 
method. 

1. Introduction 

The interpretation of biomedical images of dividing 
cells is of vital importance in biological research. 
One way to improve the quality of such images is 
to use the confocallight microscope [1] [2]. 

Due to limitation in the optical system, which 
introduces out of focus blurring, the top and bot-
tom surfaces of features may still be indistinct, even 
using the confocal light microscope. What more 
is that in live tissue confocal microscopy, the au-
tomatic identification of boundaries and structures 
are very difficult because most cells are essentially 
translucent, therefore requiring image processing 
techniques to extract these chromosomes and their 
features. 

There are several aims to the investigation of 
image processing techniques used to extract fea-
tures of chromosomes from live tissue in three-
dimensional image datasets. Some of these are to 
isolate the chromosomes from the background or to 
extract the coiled chromosomes and any cross-links 
found in the plant cell. 

Previous works for extracting features of chromo-
somes in 3D microscopy images have been produced 
using a 2D Hilbert transform, a high pass boost 
along the line of sight (the z direction), and selec-

tive opacity based on intensity. Unfortunately this 
method presents some problems on rotations of the 
3D object, showing not well defined chromosomes 
through the z direction. 

This paper proposes a new method to segment 
chromosomes in microscopy images, based on a Self-
Organizing Map (SOM) [3]. The reason to use SOM 
is as follows. Since there is not sufficient a priori 
knowledge of the number and types of regions to 
be separated, picture segmentation can be consid-
ered an unsupervised pixel classification problem, 
where the picture is divided into subsets by assign-
ing the individual pixels to classes, and the classes 
are determined by locating clusters in the feature 
space. SOM utilises powerful unsupervised learning 
methodology and is well suited for clustering and 
pixel classification [4) [5] [6]. 

The segmentation algorithm is first developed to 
work on a 2D dataset, based on a projection of the 
3D dataset, and then extended to 3D segmentation. 
The 3D algorithm is particularly useful in preserv-
ing 3D orientations in relation to the surrounding 
cell volume. Experiments show that the proposed 
method produces very satisfactory results. 
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2. SOM as a Segmentor 

SOM defines, in a competitive learning process, a 
topology preserving mapping from the input fea-
tures space !Rn onto a lower order array of nodes 
(tipically 2-dimensional). 
With every node i, a parametric 'reference vector 
w; = {w;,t, w;,2, .. , w;,n} is associated. 

The basic principle behind this process is as fol-
low: assume a sequence of input vectors x(t) E !Rn 
in the feature space and a set of reference vectors 
w;(t), where w;(O) have been initialized in a certain 
way; usually random. On the basis of the Euclidean 
distance, 

d(w;(t), x(t)) =I I w;(t), x(t) 11 

n 

= ~)w;,j(t)- Xj(t))2 (1) 
j=l 

every input vector is compared with all the refer-
ence vectors w;, and the location of best match is 
defined as the location of the "response" . 

The shortest distance is usually used to define 
the best-matching node, signified by the subscript 
c: 

11 x(t) - Wc(t) 11= m~n{ll x(t)- w;(t) 11} (2) 
• 

or 
c = argmin{ll x(t)- Wi(t) 11} (3) 

• 
Once the closest neuron (winner) c to the input 

vector x(t) has been found, the weights associated 
with it and those associated with its neighbours 
are updated towards x(t), obeying to the following 
updating equation 

w;(t + 1) = w;(t) + a(t)hc;(t)[x(t)- w;(t)]. (4) 

where a(t) is the learning rate factor and decreases 
to zero during the training phase 

a(t) = a0e(-,.~) (0 < a(t) < 1) (5) 

and a0 is the initial value for a(t). The property of 
"being in the neighbourhood of c" is expressed by 
the so called neighbourhood function hci(t), which 
we have chosen to be of Gaussian shape 

( _ llre-r; 11) 
hc;=e ~ (6) 

where a determines in some way the rigidity of the 
map. 

a(t) = (ao -1)e(-,.' .. ) (7) 
To prevent falling into unordered states [7], we 

start the algorithm with a large value of a(t) (about 
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half the diagonal of the map). During the training 
phase, a(t) decreases to successively resolve finer 
details of the input space. 

Training can be divided into two almost distinct 
phases. In the first one, the map is ordered starting 
with large values of a(t) and a(t). The length of 
this phase is short. The second phase follows the 
same rule, but uses smaller initial values and takes 
a longer time period in order to fine tune the map 
for stable convergence. The number of cycles in the 
first phase is chosen to be half the number of cycles 
in the second phase, but it can be even 10 times 
shorter [3]. 

Our "definition" of a cycle is slightly different 
from Kohonen's. We interpret a cycle like an epoch, 
during which every vector of the feature space is 
presented as input to the net. In this way all the 
winners in the same epoch, will contribute in updat-
ing the map, with the same values of the functions 
a(t) and a(t). This slightly reduces the depen-
.dence on the order with which the input vectors 
are presented and the training is faster, updating 
those functions only once every epoch, instead of 
updating them for every input vector presented. 
The training phase ends when a(t) is small enough 
that the weights are updated only in an insubstan-
tial amount. 

In our segmentation schemes we used a three 
dimensional input space, with the features being 
the pixel value, the mean, and the variance. The 
mean value is taken as the average of the values in 
a 3x3 window and in a 3x3x3 cube surrounding the 
actual pixel itself, in the 2D and in the 3D case, 
respectively. The variance value is given by the 
equation: 

s2 = 2:::~=1 (x; - J.l)2 
n (8) 

where n is the dimension of the window or of the 
cube. 

3. Average Projection Algorithm 

Before we develop the 3D segmentation, a 2D 
scheme is experimented on. The reason for the 2D 
approach is that segmenting a 3D image directily is 
computationally very expensive. Therefore we try 
first to accomplish our objective to extract features 
in a lower dimensional space. We consider a projec-
tion of the 3D dataset in one single slice. Due to the 
distortion introduced during the acquisition pro-
cess, the relationship along the 3 axes is considered. 
By viewing the object from any of the three direc-
tions in Fig. 1, a mapping from three dimensions 
onto two dimensions is performed. Two dimensions 
are preserved, while the dimension along the line of 
sight is lost. How the image information in the lost 
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z I Vx,y,z E LOS(a,,B,B,<jJ) (12) 

As mentioned above, when the image is projected 
from three dimensions into two dimensions, the way 
the information is dealt with along the line of sight 
(that is the "lost" dimension) determines how the 
object appears to the observer. An "average value" 
methodology for dealing with this information was 
used. The average of the pixel intensities encoun-
tered along the line of sight is displayed in the two 
dimensional image. 

P1(a,,B) = max{F2(x',y',z')} 

I Vx',y',z' E LOS(a,,B,B,<jJ) (13) 

Y This method is very useful for viewing the raw 

Fig. 1: object viewed from the 3 directions 

dimension is represented in the remaining dimen-
sions determines the appearence of the object. 

Consider the projection of the object from three 
dimensions to two dimensions. Let (i,j, k) be a 
reference point on the observer plane. The vector 
normal to the observer plane is orientated horizon-
tally by an angle () and vertically by an angle </J. 
Let ( i' , j', k') be a point on the observer plane sat-
isfying: 

cos <jJ cos 0( i' - i) +cos <P cos O(j' - j) 

+ sin<jJ(k'- k) = 0 (9) 
The set LOS'(i',j',k') = x',y',z' be the set of all 
pixels along the direction of the normal vector to 
the observer plane at position (i', j', k'), where: 

x' = Rcos<jJcos() + i' 
y' = R cos <jJ sin B + j' 
z' = RsinB + k' 
(0 :S R < oo) 

(10) 

where R is the distance from the observer plane. 
Consider a two dimensional coordinate system on 
the observer plane such that ( i, j, k) is considered 
the origin. Let (a, ,B) be a point on the plane such 
that the mapping from the observer plane coordi-
nates to the image space coordinates are: 

(i' , j',k') = r(a,,B) (11) 

Using the above mapping let LOS (a, ,8, B, </J) be the 
line of sight from the observer plane ar position 
(a, ,B) along the direction of (B, </J) . To extract the 
main body of the image a two dimensional "density 
map" of the image is created whereby a projection 
onto the two dimensional observer plane was made. 
Let D be a two dimensional density map, where 

D(a,,B) = LLLCF2(;~~,z)) 
"' y z 

object data and it is also useful since the averaging 
reduces the noise present in the 3D dataset. Below 
is the average projection algorithm: 

• step 1: each pixel's intensity in x, y, z direc-
tion is considered 

• step 2: take the average intensity in the x, y, 
z direction 

• step 3: use the average to increase the inten-
sity of the current pixel 

• step 4: project one plane (top plane) of the 
3D object to 2D slice. 

4. Experimental results 

In this section, visual examples are shown in order 
to demonstrate the validity of the method used. 
The image in Fig. 2 is one of the 18 slices of the 
original dataset in the experiment. It can be seen 
that the image is quite blurry, as are the rest of the 
slices in the dataset. The features in the chromo-
somes, as well as the chromosomes themselves, are 
quite indistinct. 

The image in Fig. 3 is the result of the average 
projection algorithm ran on the 18 slices dataset. 
It showed an enhancement of the chromosomes from 
the background. Even though the image seems 
to be less noisy, details and edges of the chromo-
somes are still not well defined. Segmentation is yet 
needed, but the histogram in Fig. 4 doesn't give a 
good indication of how to separate 'the background 
from the chromosomes by conventional methods. 

We therefore applied the SOM to segment the 
image in Fig. 3. The segmented result displayed 
in Fig. 5 reveals much more information about the 
chromosomes, their position and their features, as 
compared with the original slices or with the pro-
jected image. The chromosomes are well defined 
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Fig. 2: One slice of the original dataset composed by 18 
slices, taken from a confocal light microscope in the Physics 
dept . at the University of Sydney 

Fig. 3: Resuit of the average projection algorithm on the 18 
slices dataset 

from the background, ie. edges are clearly visible, 
and the features of the chromosomes are well em-
phasized. 

There are reasons why this result is still not suffi-
cient for analysing the images. The most important 
reason is that by reducing the 3D dataset to two 
dimensions, we lose information on the 3D specimen 
object from which we want to extract features. 

Fig. 6 is a 3D view of the same dataset produced 
using a 2D Hilbert transform, a high pass boost 
in the z direction, and selective opacity based on 
intensity. In addition the out of focus z planes 
were cropped. The image shows a good isolation of 
the general shape of the chromosomes. The twin 
strands of the chromosomes are visible, together 
with twisting. However, on rotating this 3D visual-
ization, it becomes apparent that the chromosome 
objects are not well defined through z. In addition 
there is significant background noise. Imaging of 
a much thicker dataset in z would be problematic 
without better definition of the object boundaries 
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Fig. 4: Histogram of the image in Fig. 3 

Fig. 5: Segmentation of the image in Fig. 3 

in all the 3 dimensions. 
Fig. 7 shows the 3D segmentation result obtained 

by our method. The opacity has been selected 
based on the neural net mapping. The boundary 
between the object and background can therefore 
be made sharper and clearer. Large scale features 
like chromosome twist and its 3D orientation, still 
correspond to that seen in Fig. 6 and in the original 
dataset. But objects are much more localised in 
the z axes, giving us more detailed chromosome 
features, which correspond to expected biological 
morphology. 

5. Conclusions 

The difficulties of interpreting biological images 
have been greatly lowered by the use of the confocal 
light microscope. Even so, there are limits to. what 
this microscope can do, and so image processing is 
needed to further improve the quality of the im-
ages. One such method used in this image process-
ing stage is Kohonen's SOM neural network. The 
results produced in these experiments have been a 
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Fig. 6: 3D view of the original dataset processed as described 
in the ' .troduction 
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Fig. 7: 3-dimensional segmentation, of the same dataset, 
using our method 

great success, especially the 3D segmentation re-
sult. Two-dimensional segmentation gives a good 
feature extraction because the chromosomes' fea-
tures were very well clustered. Viewing the two-
dimensional segmentation result does not provide 
much information about the imaged specimens' 3D 
structure: the generalisation of SOM to 3D seg-
mentation is then proposed. This approach has 
preserved the 3D orientations in relation to the 
surrounding cell volume. Moreover, the structure 
of the features is better defined. A more effective 
segmenting approach may be possible if other fea-
tures like local energy [8] are used in addition to 
the mean, and variance. 
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