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Abstract—In many image processing applications, regions of
interest are analyzed in order to extract the relevant information
contained in the image. In this paper, we propose to segment
regions of interest of a color image where the regions can be
segmented into different number of classes. The Kohonen Self-
Organizing Maps (SOM) algorithm, which is an unsupervised
neural network, is used for this purpose. After, the neurons
of the organized map are regrouped into clusters by using a
new procedure based on the ascending hierarchical clustering
which takes into account the connectedness of the neurons of
the topological Kohonen map. The number of neurons groups
obtained corresponds to the number of clusters in the region of
interest; it can be different for each region.

Experiments on different kinds of color images showed the
efficiency of the proposed segmentation method.

Index Terms—Image Segmentation, Kohonen Self-Organizing
Maps, Region of Interest.

I. INTRODUCTION

Nowadays, the use of images has become indispensable in
various sectors such as medicine, biology, remote sensing, etc.
Images processing and analysis have become a rapidly ex-
panding field of research. Segmentation is an important step
in image processing as it conditions the interpretation of the
results. Numerous image segmentation approaches have been
developed [2]-[4], [6].

In this work, we propose an approach based on SOM neu-
ral networks. The proposed approach consists of two steps.
The first step consists of training the SOM neural networks
(Kohonen topological organizing maps) which have the ability
to detect similarities, regularities and correlations between big
data, grouping them into classes. The second step is to perform
a grouping of the neurons using an ascending hierarchical
classification [1] that we have modified for the purpose of our
work and whose details are given in section III in the paper.
We propose in this work to segment the image not in the
classical way by using all the pixels to obtain a segmentation
result for the whole image but to work in regions of interest.
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Indeed, an image has often one or more regions that represent
useful information for a user and a background that generally
provides no information. The regions of interest may also
have different interests for a user. For example, in one region
he wants to have all the details while for others a coarse
segmentation may be sufficient.

In this work, we propose a tool that allows the user to choose
the number of regions of interest and the fineness of the
segmentation for each region. To do so, we start in Section II
by detailing the principle of Kohonen’s self-organizing maps.
In Section III, we explain the neurons grouping method we
have developed. In Section IV, we will discuss the approach
adopted and interpret the obtained results. We end the paper
with a conclusion and some perspectives.

II. KOHONEN SELF-ORGANIZING MAPS
A. Definition

Self-Organizing Maps (SOM) or topological are artificial
neural networks whose learning takes place in an unsupervised
manner. They were first developed in 1981 by Tenvo Kohonen
[1], [8], [9]. This model has largely demonstrated its capa-
bilities in performing discretization, classification, clustering,
quantization and visualization tasks on multidimensional data

B. Concept and principle

The neural model of self-organizing maps proposed by
Tenvo Kohonen has a main role which is to project the
space of multidimensional observations (data) onto a discrete
space of low dimension (generally 2). This space, which is
called the map, will be noted ¢. The projection allows the
extraction of a set of vectors called neurons or prototypes
W = [wi4y,...,wn;]. They are positioned in such a way
that they preserve the topological form and neighbourhood
relations of the observation space, i.e. data that are close in
the input space will have close representations in the output
space and will be classified in the same class or in neighboring
classes [5] (see Fig. 1).
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Fig. 1: Neighboring neurons on the map represent fairly
“close” objects in the input data space.

The Kohonen network is therefore composed of two layers
of neurons, an input layer and an output layer. The input
layer is used to present the observations, which are in our
case the pixels of the color image,Y = {y;,i = 1,2,...3} .
The output layer (also called adaptation layer) is composed
of a lattice of neurons where each of them is connected to
all the elements of the input layer and these neurons are
organized according to a certain topological structure.

In this work we use a rectangular neighborhood topology
with a 2D architecture which consists of interconnecting each
neuron to its adjacent neighbors in the row and column to
which it belongs (see Fig. 2).
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Fig. 2: Representation of a 2D topographic map of Kohonen.

The structure of this topology induces the distances d(c, )
that link the winning neuron c to the other neurons 7 in the
map ¢. The neuron index ¢ € ¢ is a winning neuron if its
neuron vector w, is closest to the input vector y € Y.

The distances §(c,r) allow us to vary the relative influence
of different neurons. This importance is quantified by the
neighborhood function V(§(c,r)) which forces neurons in
the neighborhood of ¢ to move their neuron vectors closer
to the input vector y. A neuron which is closer to the
winning neuron will have a smaller displacement. So the
neighborhood function V7' (§(c,r)) decreases as the distance
(e, r)increases.
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Several neighborhood functions can be used [1].The function
used in this paper is the Gaussian one, given by equation 1
and illustrated in Fig. 3

19]
V() = — 1
(6) = exp 7 ()
This function is parameterized by a factor T to take into
account the size of the neighborhood (see Fig. 3).
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Fig. 3: Gaussian neighborhood function.

C. SOM learning

The objective of a SOM algorithm is to adapt the values
of the weights of the neurons of the self-organizing map to
the topology of the input space. This is done by minimizing
the cost function noted J which is described by the following
formula:

Toom(FW) =" " VT(3(e, Fyi)llys — wil> ()

Y, €Y cep
The minimization of this function is performed by successive
iterations where each of these iterations realized in two phases:

o Competition (or affectation) phase: all the neurons of
the grid (map) compete to determine the winning neuron
corresponding to the neuron closest to the input vector.
The affectation function used by Kohonen is given by :

Fly:) = argmine|y; — w||? 3)
« Adaptation phase: once the winning neuron is found, its
neighboring neurons update their weights according to
the function:
we = wy Tt = pVIO(e, Fly)))(we™ —yi) @)
Where p! represents the step size of the gradient which

decreases according to the iterations t. In this work the gradient
step function used is given by the following equation [2].

&)

ICEAINT21



The 1st International Conference on Electronics,
Artificial intelligence and New Technologies

The Kohonen algorithm is given as follows [1], [7]
« Initialization phase

choose the structure, size of the map and the
initial neurons (randomly).

set the values of 7},,,. and T},,;, and the number
of iterations Ne, , let £ = 0.

o t iterative step

— choose an observation y; (usually randomly).

— calculate the new value of T by applying the
formula: .
T = Trag - (F22) Nirer =1

— For this parameter perform the following two
phases:

* Affectation phase: affect the observation y;
to the neuron F;(y;) defined by the relation
3).

* Minimization phase: change the values of W?
by the relation (4).

o t=t+1,Repeat the step 2 iteratively until £ = Ny,

III. GROUPING OF NEURONS

The segmentation of color images is the main objective
of this paper. Therefore, we have proposed an unsupervised
method which consists in a two-level classification. Indeed,
each subset of observations is associated in the first level
to a neuron of the map via the SOM algorithm. Once
the self-organization of the map is completed, it must be
completed by a second phase which consists in labeling each
neuron of the map in order to obtain the required number of
classes.

The labeling can be done by grouping these neurons as
best as possible. We propose to group these neurons using
a method based on the hierarchical ascending classification
method [1].

Due to the topology of the map used in our work, it is not
always possible to group neurons or groups of neurons that
have a minimum vector distance. In order to group them
together, they must also be neighbors in the topological map.
We will use an example corresponding to a map containing
3x3 neurons to describe the clustering procedure (see Fig.
4). For an easier illustration, each neuron will be represented
by a scalar value instead of a vector containing three values
corresponding to the color components of the image.

Thus we can observe in Fig. 4.a a representation of a
topological map of size 3x3 with neuron values between 0
and 1. In order to perform the first grouping, all distances
between neurons i (i ranging from 1 to 9) and neurons j (j
ranging from 1 to 9) of the map are computed. The measure
used is a Euclidean distance. The results are displayed in
Table Ia.

The minimum distance shown in this table is 0.01, which is
achieved between the neurons N1 and N9. This minimum
distance will not allow these two neurons to be grouping
because they do not verify the neighborhood condition. In
fact they are not neighbors (4 neighbors).
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We then look for the smallest distance that verifies the
neighborhood condition of the neurons in the map. In this
example, this is the distance 0.05 measured between the
referents Nland N2.

These two neurons will then be grouped together. This
grouping is noted N1-N2 and its value is calculated using the
following formula:

1
wg; = o > w; ©6)
J .

where:

g; is the set of indices of the neurons contained in grouping
number j

wg; is the weight of grouping j

ng; is the number of neurons in grouping j

w; 1s the weight of neuron ¢

This first grouping will then have a weight : wg; = 0.52.

A new distance table is calculated (see Tablel.b) to determine
the next grouping to be performed. And so on, the process is
iterated until the desired number of classes is obtained (see
Fig. 4 and Table I).
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Fig. 4: Example showing the different stages of neurons
grouping.

a) Example of a Kohonen map of size 3x3 after self-
organization b) Map after the 1st grouping. c) Map after the
2nd grouping. d) Map after the 3rd grouping. e) Map after
the 4th grouping. f) Map after 5th grouping. g) Map after 6th
grouping. h) Map after the 7th grouping. i) Map after the 8th

grouping
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TABLE I: Tables of distances between groupings of neurons
for the example of Fig. 4.

(a) Distance table for the choice of the first grouping

N1 | N2 N3 N4 N5 N6 N7 N8 N9
N1 0 0.05 | 04 | 009 | 032 | 0.2 0.3 0.2 | 0.01
N2 0 035 | 0.14 | 027 | 0.15 | 0.35 | 0.25 | 0.06
N3 0 049 | 0.08 | 0.20 | 0.7 0.6 | 041
N4 0 041 | 029 | 021 | 0.11 | 0.08
N5 0 0.12 | 0.62 | 0.52 | 0.33
N6 0 0.5 04 | 0.21
N7 0 0.10 | 0.29
N8 0 0.19
N9 0

(b) Distance table for the choice of the second grouping

NI-N2 | N3 N4 NS N6 N7 N8 N9
N1-N2 0 0.38 | 0.11 03 | 018 | 032 | 0.22 | 0.03
N3 0 0.49 | 0.08 | 0.20 | 0.7 0.6 | 041
N4 0 041 | 029 | 0.21 | 0.11 | 0.08
NS 0 0.12 | 0.62 | 0.52 | 0.33
N6 0 0.5 04 | 0.21
N7 0 0.10 | 0.29
N8 0 0.19
N9 0

(c) Distance table for the choice of the 3rd grouping

NI-N2 | N3 N4 NS N6 | N7-N8 | N9
N1-N2 0 0.38 | 0.11 03 | 0.18 0.27 0.03
N3 0 049 | 0.08 | 0.2 0.65 0.41
N4 0 041 | 0.29 0.16 0.08
NS 0 0.12 0.57 0.33
N6 0 0.45 0.21
N8 0 0.24
N9 0

(d) Distance table for the choice of the 4th grouping

N1-N2-N4 | N3 N5 N6 | N7-N8 | N9
N1-N2-N4 0 042 | 034 | 0.22 0.23 0.01
N3 0 0.08 0.2 0.65 0.41
NS 0 0.12 0.57 0.33
N6 0 0.45 0.21
N7-N8 0 0.24
N9 0
(e) Distance table for the selection of the 5th grouping
N1-N2-N4 | N3 | N5-N6 | N7-N8 | N9
N1-N2-N4 0 0.42 0.28 0.23 0.01
N3 0 0.14 0.65 0.41
N5-N6 0 0.51 0.27
N7-N8 0 0.24
N9 0

(f) Distance table for the selection of the 6th grouping

N1-N2-N4 | N3-N5-N6 | N7-N8 | N9
N1-N2-N4 0 0.32 0.23 0.01
N3-N5-N6 0 0.55 0.31
N7-N8 0 0.24
N9 0

(g) Distance table for the selection of the 7th grouping

N1-N2-N4-N7-N8 | N3-N5-N6 | N9
N1-N2-N4-N7-N8 0 0.32 0.01
N3-N5-N6 0 0.31
N9 0
(h) Distance table for the selection of the 8th grouping
N1-N2-N4-N7-N8-N9 | N3-N5-N6
N1-N2-N4-N7-N8-N9 0 0.4
N3-N5-N6 0
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After the organization of the topological map and the
grouping of neurons into nc classes, the image pixels are then
assigned to the different classes. Each pixel is assigned to the
class that is closest to it, i.e. to the grouping of neurons whose
weight is closest to its value.

IV. TESTS AND RESULTS

Our goal is to segment the color images with a different
fineness (different number of classes) for different regions of
interest. Indeed, for example, in the medical field, the doctor
only examines a part (region) of the image. This is the part
where the disease is located. It is this part that is of interest and
for which a fine segmentation must be carried out, whereas for
the background it is not necessary to carry out segmentation
with several classes because it does not provide any useful
information (coarse segmentation). The approach adopted to
carry out this segmentation is developed below.

A. Adopted approach

The choice of regions of interest and the number of classes
for each region is made by the user according to the analysis
to be carried out and the objective sought. To better understand
the approach adopted, we illustrate its implementation using
the image shown in Fig.5 which contains four regions of
interest.

Fig. 5: Example of an image to be segmented into regions of
interest .

For this image we want to segment the four regions corre-
sponding to a ball and three players, and consider the rest as
a background. The first task is to select the four regions of
interest manually. The selection is made by delimiting these
regions with the mouse. The boundary can have any shape. In
the case of the image in Fig. 5, we perform the selection of
the regions and the delimitation is shown in green in Fig. 6
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Region 3 Region 2 Region 1

Region 4

Fig. 6: Image of Figure 5 with manually selected regions . ' Q 'J' @ ']

The next task is to set the desired number of classes for
each region. In the case of this example we choose 8 classes
for region 1, which corresponds to the player on the right
side, 8 classes for region 2, which corresponds to the player
in the center of the image, 2 classes for region 3, which
corresponds to the ball, and 9 classes for the player on the
left side of the image. For the background, which contains no
useful information, we set the number of classes to 1. The
result of the proposed segmentation is shown in the figure
below.

Fig. 7: Segmented image.

B. Segmentation results

In this section we will apply the segmentation developed
in the previous sections to test images from the Berkeley [11]
and Kaggle [10] databases.

To better illustrate the results, we present in the following
the segmentations obtained on images with one and several
regions of interest.

In Fig. 8, we show the results of the segmentation on images
with a single region of interest. Indeed, the image presents
often only one object of interest for a user. For example,
in the case of traffic cameras, the interest is to read the
registration numbers of vehicles that have committed a traffic
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violation as in the case of Fig. 8.1.a. In the medical field,
to establish a diagnosis on the skin lesion, the doctor only
focuses on the lesion and ignores the rest of the image as in
the case of Fig. 8.2.a.

It also happens that the image presents several regions of
interest for the user (see Fig. 9).

For example, in the medical field, several regions of the skin
may have lesions, as in the case of the images in Figs. 9.1
and 9.2, where the skin has 2 and 3 lesions respectively.

In the sports field, to identify athletes, it is necessary to read
the numbers of their bibs as in the case of Fig. 9.4 where the
3 regions of interest correspond to the 3 bibs.

BAB-344-CAR B AB-344-CA

B AB-344-CAi
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Fig. 8: Result for test images with a single region of interest.
a) Original images, b) Images with a selected region, c)
Segmented images.

For each manually selected region in the images of Fig. 8
and Fig. 9, we set the number of classes according to tables
IT and III, knowing that the regions are numbered from left to
right in the images with several regions.

TABLE II: Number of classes of the manually selected regions
of the images in Fig. 8

image number | nc
8.1 5
8.2 15
8.3 4
8.4 3
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Fig. 9: Result for test images with several regions of interest.
a)Original images, b) Images with several selected regions, c)
Segmented images.

TABLE III: Number of classes of the manually selected
regions of the images in Fig. 9

image nc nc nc nc nc
number | Regionl | Region2 Region3 | Regiond | Region5
9.1 5 10 / / /
9.2 3 4 2 / /
9.3 2 3 2 / /
9.4 5 5 5 / /
9.5 3 5 / / /
9.6 4 7 / / /
9.7 3 7 2 3 /
9.8 6 4 5 5 3

The results of the segmentation of images 8.1.a, 8.2.a,
8.3.a and 8.4.a in Fig. 8 with the numbers of classes given
in Table II are given in images 8.1c, 8.2c, 8.3c and 8.4c in
the same figure. In this figure, each image shows one region
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of interest. The results of the segmentation of images 9.1.a,
9.2.a, 9.3.a, 9.4.a, 9.5.a, 9.6.a, 9.7.a and 9.8.a in Fig. 9 with
several regions of interest are shown in images 9.1.c, 9.2.c,
9.3.c, 9.4.c, 9.5.¢c, 9.6.c, 9.7.c and 9.8.c of the same figure
with the numbers of classes given in Table III. We can see,
for example, that in the case of Fig. 8.1, the vehicle number
plate is well segmented and reading it becomes easier. An
automatic or semi-automatic system can more easily use
the image in Fig. 8.1.c to recognize the numbers and letters
on the plate. Indeed, the information to be processed in
this image is greatly reduced compared to the case where
the whole segmented image is used. The number of classes
we have chosen in this example (which is 5) is more than
sufficient since all the details of this plate are found in the
segmented image. In the case of the following images in
Fig. 8, the number of classes for the regions of interest is
chosen according to the details we wish to have. In the case
of the starfish (Fig. 8.4), three classes are sufficient to detect
the epidermal growths (i.e. pedicellar) covering the central
disc and the five arms of the star. In the case of image 8.3,
we have performed the segmentation of the tiger with four
classes corresponding to the black stripes, the white fur, the
light brown fur and the dark brown fur (or shaded regions).
We can see that the segmentation is well done. For image 8.2,
we opted for a larger number of classes (15 classes) because
in the medical field detail is important for diagnosis. The
different nuances are clearly visible, although the number of
color levels is greatly reduced. It also happens, in the medical
field, that the skin presents more than one lesion, which is
the case of images 9.1 and 9.2 of Fig. 9 which present two
and three lesions. We have therefore selected respectively
two and three regions of interest and the number of class
assigned for each region is given in Table III. These numbers
are of course chosen according to the details we wish to have
of the lesions. We note that, for these two cases, the results
of the segmentations are satisfactory. Indeed they allow us to
visualize and read easily the different nuances in the lesions.
In image 9.3 of Fig 9, the regions of interest are the three
road signs. The segmentation is performed with a reduced
number of classes for each sign (2, 3 and 2 (see Table. III))
and the result is satisfactory since the letters, numbers and
the pictures are clear. The same is true for the other images
in Fig. 9 where the number of regions of interest is between
two and five and where the segmentation provides images
with a reduced number of information while designing the
information useful for the application domain. Indeed, for
example, in the case of Fig. 9.8, the heads of the dogs are
the five regions of interest and the result of the segmentation
given by image 9.8.c allows identifying the family of each of
them.

V. CONCLUSION

The main objective of this work is to allow a user to
choose the regions on the image to be processed that have
an interest for his application. We allow him to delimit as
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many regions as he wishes and give him the possibility to
perform segmentations with a different number of classes
from one region to another. To achieve these objectives, we
implemented the SOM algorithm, which is one of the artificial
neural networks. The learning is performed in an unsupervised
manner. We then developed a technique for grouping the
neurons of the map to obtain the desired number of classes
for each region of interest. Tests carried out on images from
different domains of use and presenting one or more regions of
interest have shown the effectiveness of the proposed method.
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