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This paper investigates the computing capabilities and potential applications of neural oscillators, a biologically inspired neural
model, to grey scale and colour image segmentation, an important task in image understanding and object recognition. A proposed
neural system that exploits the synergy between neural oscillators and Kohonen self-organising maps (SOMs) is presented. It
consists of a two-dimensional grid of neural oscillators which are locally connected through excitatory connections and globally
connected to a common inhibitor. Each neuron is mapped to a pixel of the input image and existing objects, represented by
homogenous areas, are temporally segmented through synchronisation of the activity of neural oscillators that are mapped to
pixels of the same object. Self-organising maps form the basis of a colour reduction system whose output is fed to a 2D grid of
neural oscillators for temporal correlation-based object segmentation. Both chromatic and local spatial features are used. The
system is simulated in Matlab and its demonstration on real world colour images shows promising results and the emergence of
a new bioinspired approach for colour image segmentation. The paper concludes with a discussion of the performance of the
proposed system and its comparison with traditional image segmentation approaches.

1. Introduction

Image segmentation is a crucial problem in machine vision,
as there is no generic method that can be applied to all
types of images and the choice of a particular method is
rather problem specific. The segmentation process consists
of partitioning an image into its homogenous regions whose
pixels share similar features. It plays an important role in
computer-aided diagnosis schemes, image understanding,
and object recognition systems. Although the human brain
performs the task of image segmentation efficiently and with
apparent ease, it is still a major challenge for computer vision
systems and remains an open research field which encom-
passes a variety of applications such as pattern recognition,
medical diagnosis, remote sensing, robotics, content-based
information retrieval, and search engines, to name but a
few. Over the last few decades of research in machine vision,
many techniques have been produced, usually based on pixel
classification, edge detection, or region growing [1–3]; yet

modelling the segmentation output in a network of neurons
remains a challenging task. There is a large body of research
work on image segmentation in different application fields
and the number of publications is still growing every year. It
is beyond the scope of this work to provide a full survey of the
various techniques developed to date in different application
fields; the reader is referred to the following references for
a comprehensive review of the plethora of algorithmic and
machine learning techniques used for scene segmentation
[4–7]. However, the main focus of this research is on using
biologically plausible and biologically inspired techniques
which mimic the way the animal and human brain represents
and process sensory information.

This paper investigates the computing capabilities and
potential applications of biologically plausible neural oscil-
lators to unsupervised colour image segmentation. A recent
hypothesis in neuroscience is that segmentation of different
objects in a visual scene is based on the temporal correlation
of neural activity [8–10]. Accordingly, a population of
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neurons which fire in synchrony would signal attributes of
the same object. Also, neurons with asynchronous activity
would participate in the formation of different objects
[11]. The paper presents a neural system based on the
synergy between networks of neural oscillators and Kohonen
self-organising maps. A network of locally excitatory and
globally inhibitory neural oscillators is first applied to
gray scale images then extended to colour images. The
HSV (Hue, saturation, Value) colour space is used and
a Kohonen self-organising map-based colour reduction
method is developed. Both chromatic components and local
spatial characteristics of image pixels are used. The proposed
system is applied to segmentation of real world scenes
and segmentation is achieved through synchronisation and
desynchronisation of the activity of populations of neurons.
The paper highlights the key benefits of the proposed
approach and its main differences with existing approaches.

Section 2 presents a brief review of neural oscillators and
discusses their biological relevance and the current related
research. Section 3 introduces the mathematical models that
underlie the dynamics of neural oscillators and presents
simulations of both single and coupled neural oscillators
and their phase plane analysis. Section 4 discusses the feature
binding problem, the synchronisation of neural oscillators’
activity, and its relevance to computer vision. Section 5
presents the application of networks of neural oscillators
to segmentation of grey scale images. Section 6 describes
the proposed colour image segmentation system. Finally,
Sections 7 and 8 discuss the findings of this research and
conclude the paper.

2. Biologically Inspired Neural Oscillators

The model of neural oscillators used in this work represents
an instance of a general model called “relaxation oscillators”
which represents a large class of dynamic systems that emerge
from many physical systems (e.g., engineering, mechanical,
and biological systems) [12, 13]. The first observation of
relaxation oscillators dates back to 1926 when van der Pol
[14] studied the characteristics of a triode circuit which
show self-sustained oscillations. In his study, Pol realised
that the observed oscillations were almost sinusoidal for a
certain range of parameters and that abrupt changes were
exhibited for a different range of parameters. The name of
the model reflects the system time constants, also called
relaxation times. A relaxation oscillator is characterised by
a slow time scale needed to charge the capacitor and a fast
time scale for its quick discharge. The period of oscillation
is proportional to the relaxation time needed to charge the
capacitor, hence the name of the model.

Relaxation oscillators can be observed in a variety of
biological phenomena such as heartbeat and neural activity.
Some scientists, such as the physiologist Hill [15], went even
further by stating that all physiological periodic phenomena
are governed by this type of oscillations, that is, relaxation
oscillations. However, despite the existence of such models in
a number of domains, the real motivation of exploring them
in this work comes from their relevance to neurobiology;

hence the focus of this study is oriented towards models that
represent neural activity in the brain and the investigation of
emerging behaviours from networks of such neural models
(oscillators) and their potential application in solving real
world engineering problems.

It has been recognised that relaxation oscillators are sim-
ilar to their biological counterparts and were therefore used
to model biological phenomena. They were used in 1928 by
van der Pol and van der Mark to describe the heartbeat and to
present an electrical model of the heart [16]. Using a system
of differential equations based on four dynamic variables,
Hodgkin and Huxley have mathematically described the
dynamics of the neuron membrane potential, ionic exchange,
and electric transmission of impulses along nerves [17].
Their famous system for which they obtained the Noble
prize in “Physiology or Medicine” in 1963 (nobelprize.org)
was later reduced to a system of two dynamic variables
called Fitzhugh-Nagumo model [18, 19] which represents a
relaxation oscillator. A relaxation oscillator description of the
burst-generating mechanism in the cardiac ganglion cells of
the lobster was later developed by Mayeri [20]. Oscillations
in cortical neurons were also modelled by Wilson-Cowan
polynomial equations which model interactions between
excitatory and inhibitory neurons [21–24]. Their model
consists of a two-variable system of differential equations
with a number of parameters which offer a variety of
dynamics when carefully adjusted [25]. Another model was
presented by Morris and Lecar and consists of a two-variable
relaxation oscillator which describe the voltage oscillation in
the giant muscle fibre [26].

Since coherent oscillations were discovered in the visual
cortex and other areas of the brain [27–29] and due to
the neurobiological relevance of relaxation oscillators, they
have attracted more research work where they have been
studied as mathematical models representing the behaviour
of neurons [30–36]. These research findings concluded that
the observed oscillations are stimulus-dependent as they are
triggered by appropriate sensory stimulus, that synchronisa-
tion of these oscillations emerges when the sensory stimuli
appear to belong to a coherent object, and that no such
synchrony is observed otherwise, that is, in the case where
the stimuli are not connected by similarities or a common
object. These findings are consistent with the principles of
the theory of temporal correlation [37, 38] which explains
how the perception of a coherent object is brought about by
the brain through temporal correlation of the firing activity
of various neurons which detect the features of the perceived
object. This is also related to the binding problem which is
explained later in Section 4.

Synchronisation of neural activity was observed in
different areas of the brain [39, 40]. It has been observed
in mammals, amphibians, and insects [29, 41, 42]. It has
been measured in the monkey motor cortex [43] and
across different hemispheres of the brain in the visual
cortices of cats [44]. One of the main concerns of this
research work is to understand how synchrony is brought
about in locally interacting groups of neural oscillators
and how the emerging-synchronised activity of populations
of neural oscillators can be applied to image perception,
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Figure 1: A single neural oscillator which consists of two coupled
units x (excitatory) and y (inhibitory). Unit x sends excitation
(indicated by a triangle) to unit y; unit y sends inhibition (indicated
by a small circle) to unit x. Ii and S represent an external input and
a possible coupling with other neural oscillators, respectively.

particularly the important problem of image segmentation
which is a crucial task in image understanding and object
recognition. This motivation is driven by the fact that the
exhibition of synchronised neural activity in a wide range
of brain areas and by a diversity of organisms indicates that
neural synchronisation could be fundamental to information
processing.

3. Modelling Dynamics of Neural Oscillators

3.1. Dynamics of Single Neural Oscillators. The neural oscil-
lator model used in this work is similar to the relaxation
oscillator defined by Terman and Wang [36] which is based
on the neural oscillator model developed by Morris and
Lecar [26]. However the chosen model is considerably
simpler and has been shown to achieve synchrony more
rapidly than other neural oscillators models [45]. According
to this model, a neural oscillator consists of a feedback loop
between two units, one excitatory (called xi) and the other is
inhibitory (called yi) as illustrated in Figure 1.

The dynamics of the temporal activity of the coupled
units (xi and yi) are governed by the following system of first
order differential equations:

ẋi = 3xi − xi
3 + 2− yi + ρ + Ii + Si,

ẏi = ε

[
λ

(
1 + tanh

(
xi
β

))
− yi

]
,

(1)

where Ii represents an external input (e.g., pixel features)
and Si defines the total coupling from other neurons (in
the case of a single oscillator, the coupling term does not
exist, i.e., Si = 0). The parameter ρ represents the amplitude
of a Gaussian noise added to the total oscillator input in
order to test its robustness to noise, and also to contribute
to the desynchronisation process when a neural oscillator
is coupled with other neurons. The parameter ε is a small
positive number whose value affects the time scales (which
characterise relaxation oscillators) of the activities of units
x and y. The parameter β controls the steepness of the y-
nullcline which will be explained below when the dynamics
of the neural oscillator are analysed in the phase plane. The
parameter λ controls the amount of the time spent on either
phase (a larger value leads to a shorter time spent on the
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Figure 2: x- and y-nullclines with a periodic solution of the
system in (1) (limit cycle) represented in the phase plane. This
oscillator trajectory jumps periodically between the left and the
right branches of the limit cycle. LC, LB, and LK indicate the
upper left corner, left branch, and left knee, respectively. RC, RB,
and RK indicates, lower right corner, right branch, and right knee,
respectively. The starting point for this simulation is set to (xi, yi) =
(0, 3) and the values of other parameters are λ = 9, β = 0.1, ε =
0.02, ρ = 0.02, and I = +0.8. (Note that the parameter values are
based on the range of values found in literature.)

active phase). In order to better understand the dynamics of a
neural oscillator defined by the system in (1), the phase plane
analysis approach is used where the oscillator nullclines, limit
cycles, and motion directions are examined. Phase plane
analysis is a graphical method which helps understand the
behaviour of a dynamic system over time. The nullclines and
limit cycle of the oscillator i defined in (1) are examined first.
These figures were generated using Matlab implementation
of the dynamics described above. The 4th-order Runge-Kutta
method was used to numerically solve the system of first-
order differential equations in (1).

The x-nullcline is represented by the curve along which
the derivative of the unit xi function is nil (i.e., ẋi = 0). It is
given by the function yi = 3xi−xi3 + 2 +ρ+ Ii +Si and results
in a cubic curve that is characterised by a left branch denoted
by LB (which extends from the local minimum to −∞) and
a right branch denoted by RB (which extends from the local
maximum to +∞) as illustrated in Figure 2. This cubic curve
has two crucial values (related to the dynamics of a neural
oscillator) which are defined by the function values (i.e., the
y-values) at the two local extrema and referred to by left knee
(LK) and right knee (RK) (see Figure 2). On the other hand,
the y-nullcline is determined by the curve along which the
derivative of the unit y function is nil (i.e., ẏi = 0). It is given
by the function yi = λ[1 + tanh(xi/β)], a hyperbolic tangent
function which results in a sigmoidal curve whose steepness
is controlled by the parameter β such that a big value of β
makes the sigmoidal curve close to a step function. Based on
these nullclines, the dynamics of a neural oscillator depend
on the external input. In the presence of a positive input (i.e.,
the neuron is stimulated), the neuron dynamics converge
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to a periodic solution, called limit cycle, and as shown in
Figure 3. However, the neurons dynamics converge to stable
point (i.e., no oscillation is produced) in the presence of a
negative input (i.e., the neuron is unstimulated) as shown in
Figures 4 and 5.

3.2. Dynamics of Coupled Neurons. In this section, the
behaviour of two coupled neural oscillators is examined with
particular focus on the emerging synchronisation and desyn-
chronisation of their temporal activities which depends,
amongst other parameters, on the coupling strength linking
them together. The same model equations in the previous
section are used for each neural oscillator with the addition,
this time, of the coupling term (which was discarded in
the case of a single oscillator). The connection between
two neural oscillators is illustrated in Figure 6 which clearly
shows that it is the unit x of the neural oscillator that
sends (receives) output (input) to (from) another oscillator
and that the role of unit y is only “internal” and consists
of sending an inhibiting signal to the unit x of the same
oscillator as explained in the previous section. As a result, the
unit y has no interaction with other units of other oscillators.

The mathematical equations defining Oscillator i and
Oscillator j are given, respectively, by (2) and (3) as follows:

ẋi = 3xi − xi
3 + 2− yi + ρ + Ii + Si

(
xj
)

,

ẏi = ε

[
λ

(
1 + tanh

(
xi
β

))
− yi

]
,

(2)

ẋ j = 3xj − xj
3 + 2− yj + ρ + I j + Sj(xi),

ẏ j = ε

[
λ

(
1 + tanh

(
xj
β

))
− yj

]
,

(3)

where Si represents the coupling term received by Oscillator
i from Oscillator j, and Sj represents the coupling term
received by Oscillator j from Oscillator i. The general form of
this coupling term (which applies to the case where a neural
oscillator is connected to several oscillators) is given by (4):

Si =
∑
k∈Ni

WikH(xk − θx), (4)

where Wik are positive synaptic weights (coupling strength)
connecting neuron k and i,Ni represents the neighbourhood
of neuron i,H is a Heaviside function, and θx is a threshold
that is applied to the received input from neighbouring
neurons.

From (4), it can be seen that the application of the
Heaviside function on the received input allows an oscillator
to receive its neighbour input only if the latter is above
a certain threshold θx. Other transform functions can also
be used (instead of the Heaviside function) such as a
sigmoidal function. Only positive weights are assumed for
the coupling term which mimics the excitatory synapses. For
the applications which will be discussed in the following
sections, neural oscillators will be connected locally in an
excitatory way while a global common inhibitor is used to
allow competition between groups of neurons.

The x and y-nullclines of both neural oscillators and
the convergence of their trajectories to a limit cycle are
represented in the phase plane as illustrated in Figure 7. The
threshold is represented by a vertical line with a circle on
the x-axis. Three nullclines are obtained for this simulation
as the same y-nullcline is common to both oscillators;
however two different x-nullclines are obtained because the
change in the parameter values only affects the equations
of unit x while the unit y equations remain identical (this
change is caused by the use of different initial parameters
and also during the continuous interaction defined by the
coupling term). The upper cubic is referred to as the “excited
x-nullcline/cubic” because it represents the excited neural
oscillator (i.e., the neuron whose coupling term Si is above
the threshold). Likewise the lower cubic is referred to as
the “unexcited cubic” as it represents the neural oscillator
without excitation (i.e., with a nil coupling term Si = 0).

Based on the coupling strength, the emerging behaviour
is either a synchronisation or a desynchronisation of the neu-
ral oscillators’ temporal activities. Increasing the coupling
strength leads to an elevation of the x-nullcline (the cubic);
on the other hand a decrease in the coupling strength will
shift the cubic downwards. The example shown in Figure 8
illustrates the dynamics of strongly coupled oscillators which
led to synchronised activities (and to the neural oscillators’
trajectories converging to a limit cycle as shown in Figure 7).

The example shown in Figure 9 illustrates the dynamics
of weakly coupled oscillators which led to desynchronised
activities.

The interactions between coupled oscillators, which
result in either a synchronisation or a desynchronisation of
their temporal activities, will form the basis of the following
sections which describe the application of networks of neural
oscillators to grey scale and colour image segmentation
developed in this work. However, before discussing the
developed system in Sections 5 and 6, it is important to
introduce the problem of feature binding and highlight its
relation to the temporal synchronisation in neural oscillators
and its relevance to object segmentation and image analysis
tasks. The following two sections will briefly address these
issues.

4. Relation to Digital Image Segmentation

There are two main competing hypotheses to explain how
the brain binds together the distributed features of a
perceived object (i.e., the binding problem [46–52]). The
first hypothesis suggests that information about a stimulus
is conveyed by the average firing rate of a single neuron and
that neurons at higher brain areas become more selective
[53–56] so that a single neuron may represent each single
object (the grandmother-cell representation). Consequently,
multiple objects in a visual scene would be represented by the
coactivation of multiple units at some level of the nervous
system. This hypothesis faces, however, major theoretical
and neurobiological criticism which is rather in favour of
another hypothesis which postulates that it is the temporal
correlation of the firing activities of distributed neurons
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Figure 3: Dynamics of a single neural oscillator and its convergence to a periodic limit cycle. ((a), (c), and (e)) Temporal activity of the
excitatory unit x which represent the output of the neural oscillator (a). Temporal activity of the inhibitory unit y (c). Trajectory of the
neural oscillator with a starting point (x, y) = (0, 8) (e). ((b), (d), and (f)) Temporal activity of the excitatory unit x (b). Temporal activity
of the inhibitory unit y (d). Trajectory of the neural oscillator with a starting point (x, y) = (0, 8) (f). It can be seen how the trajectory of the
neural oscillator converges to the same stable periodic limit cycle. The same parameters in Figure 2 are used for this simulation.

that is used for binding the features of an object. This
means that an object is coded by a population of many
neurons whose firing activity is synchronised. According
to this hypothesis, different objects can be encoded by
different populations of neurons each of which has different
firing times. Evidence of this approach has been established
through several neurophysiological experiments (a review of
these experiments can be found in [49, 57]).

Based on the second hypothesis and its theoretical and
experimental supporting evidence, the work in this paper
attempts to understand and exploit the emerging synchro-
nisation in networks of locally connected neural oscillators
and apply such self-organising behaviour to colour image
segmentation. Although the focus of this work is on visual
scenes (images) only, the idea of temporal correlation-
based feature binding can be exploited in the processing of
other sensory modalities such as speech signals. The image
features (pixel attributes) are distributed over a network
of neural oscillators where each feature is represented by
a single neural oscillator. Therefore, the synchronisation of

a group of oscillators encodes the object they represent.
On the other hand, the desynchronisation of other neural
oscillators indicates that they do not belong to the same
object and might rather represent other objects of the scene.
Figure 10 illustrates the idea of temporal scene segmentation
where existing objects are segmented and emerge through
time as the temporal activity of its corresponding neural
oscillators synchronise with each other and desynchro-
nise with other neural oscillators which represent other
objects.

We referred to the features of an image as “pixel
attributes” instead of pixel values because they depend on
the type of the processed image. That is, in a black and
white (binary) or grey scale image the pixel values could
be directly used as attributes/features, although the use of
other features based on the values of neighbouring pixels
is also possible and sometimes might be unavoidable (such
as in texture images). In a colour image, on the other
hand, the situation is different and the colour of a pixel
cannot be directly represented by a single oscillator as it is



6 Advances in Artificial Intelligence

300250200150100500

Time

−2

−1.5

−1

−0.5

0

x

300250200150100500

Time

0

1

2

3

4

y

(a)

2.521.510.50−0.5−1−1.5−2−2.5

x

−6

−4

−2

0

2

4

6

8

10

y

(b)

Figure 4: Activity of an unstimulated neural oscillator. (a) Temporal activity of units x and y with initial conditions set to (x, y) = (0, 3).
(b) Convergence of the oscillator trajectory to a fixed point (instead of a periodic limit cycle). The parameters used in this simulation are as
follows: (λ = 4; β = 0.1; ε = 0.02; ρ = 0.02; I = −0.8).

encoded by a triplet of integer values. Therefore the feature
value should be determined by some mechanism before
being eventually fed to a neural oscillator. In this work we
present the self-organising maps of Kohonen (SOM) as a
feature extraction phase where the pixel values (triplets) of
the original colour image are mapped to a new reduced
space of colours where each pixel is assigned one value
instead of a triplet. The creation of a new space and the
mapping of original colours are based on the self-organising
characteristic of Kohonen maps. The implementation details
of this process are presented in Section 6. The following
section discusses the application of neural oscillators to
image segmentation, starting with the segmentation of grey
scale images.

5. Application of Neural Oscillators to
Grey Scale Image Segmentation

It is hypothesised in neuroscience that segmentation of
different objects in a visual scene is based on the temporal
correlation of neural activity. Accordingly, a population of
neurons which fire in synchrony, or in a highly correlated
way, would signal attributes of the same object. Also,
neurons with asynchronous activity would participate in the
formation of different objects. Based on these principles and
the dynamics of neural oscillators introduced in previous
sections, this work uses a network (grid) of neural oscillators
that are locally connected through excitatory synapses and

globally inhibited by a common inhibitor as defined in [36].
Such a network is first applied to grey scale images where the
intensities of pixels are directly assigned to neural oscillators
then extended to colour images.

5.1. Network Architecture. The network consists of a grid (a
2D array) of neural oscillators which are locally connected
through excitatory synapses represented by positive weights
and a global neuron which receives excitation from each
neuron and sends inhibition to all neurons in the grid (i.e.,
negatively connected to all neurons). Each neuron input
is assigned a feature of the image pixel as illustrated in
Figure 11. The local connections between each two neurons
are reciprocal and each neuron is connected with its nearest
four neighbouring neurons as shown in Figure 12. While a
4-connectedness is shown in this figure, it is still possible
to use alternative forms such as 8-connectedness where each
neuron is reciprocally connected to its 8 nearest neighbours.
The motivation behind local excitatory connections is that,
besides its consistence with lateral synaptic connections in
several areas of the brain, it is hoped that such connections
will contribute to object segmentation by inducing synchro-
nised activities amongst neurons which belong to the same
region.

The building block of the network is based on the
model described in (1) and (2) with a slight modification
of the external input term and the integration of the global
inhibition in the coupling term Si. The resulting equations
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Figure 5: Another example of the same unstimulated neural oscillator in Figure 2 with a different starting point (x, y) = (1,−3).
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Figure 6: Example of two coupled neural oscillators. Besides the
external input received and fed to each neural oscillator, both
oscillators send/receive an output/input to/from each other.

are given by

ẋi = 3xi − xi
3 + 2− yi + IiH

(
pi − θ

)
+ Si + ρ,

ẏi = ε

(
γ

(
1 + tanh

(
xi
β

))
− yi

)
.

(5)

The coupling from other neighbouring neurons is repre-
sented by Si and defined by

Si =
∑
k∈Ni

WikH(xk − θx)−WzzH(z − θz). (6)

Similarly to the coupling term defined in Section 3 in relation
to coupled oscillators, excitatory connections (Wik) are used
and they contribute to the propagation of the neuron activity
to its neighbours. Also, an oscillator can receive its neighbour
input only if the latter is above a certain threshold θx (set
between LK and RC). The calculation of the connection
weights of a neural oscillator is based on the value of its input
(pixel feature) and those of its neighbours such as oscillators
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0.02; I = +0.8.

with similar pixel values are assigned strong weights while
other oscillators belonging to different regions are given
weaker connections. There is a new term added in this case
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Figure 9: Desynchronisation in a pair of oscillators. A weak coupling (Wij = Wji = 0.5) between two neural oscillators is applied. Other
parameters of the two neurons remain similar to those used in Figure 8.
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Figure 10: A colour image and its temporal segmentation using
a network of neural oscillators. Neural oscillators which belong to
the same object get their temporal activities synchronised with each
other and desynchronised with other neurons from other different
objects. This synchronisation and desynchronisation signal the
detection an object.

to count for the global inhibitor whose inhibition weight
is denoted by Wz. The activity of the global inhibitor is
represented by the dynamic variable z defined as follows:

ż = φ(σ − z), (7)

where σ = 1 if at least one oscillator is on the active phase,
and σ = 0 otherwise. When an oscillator is triggered, z → 1,
and φ is a parameter which determines the rate at which the
inhibitor reacts to the stimulation from an active oscillator.
According to (6), the inhibitor activity is considered only
when its value z is above a certain threshold θz (due to the

Heaviside function), in which case the term Wz is subtracted
from the total excitation from neighbouring neurons. The
global inhibitor, which receives excitatory input from all the
neurons and sends back inhibitory outputs to all neurons,
contributes to the desynchronisation of other oscillators
which does not belong to the object being segmented. It
cannot affect synchronised oscillators as the sum of the
inputs from synchronised neighbours is greater than Wz.

In addition, the function pi, called the lateral poten-
tial, is introduced in (5) in order to distinguish between
small sparse noisy fragments and coherent regions so that
oscillations of noisy fragments are removed. Major coherent
region contains at least one oscillator (called leader) with
large enough lateral excitation (>θp) from its neighbours, but
such a leader oscillator does not exist in a noisy fragmented
region. Therefore the function pi determines whether or not
an oscillator is a leader and also plays a role in “ignoring” the
noise in the input image. It is given by (8):

ṗi = λ
(

1− pii
)
H

⎡
⎣ ∑
k∈Ni

WikH(xk − θx)− θp

⎤
⎦− μpi, (8)

where λ is a constant. If the weighted sum of active
neighbours (each of which should obviously exceed θx to
make the inner Heaviside evaluate to 1) is above a certain
threshold θp, then the outer Heaviside is activated (becomes
1) and pi approaches one; otherwise it relaxes to zero on
a time scale determined by a small value μ. Thus, only
oscillators which are surrounded by a large number of active
oscillators can maintain their pi high.

5.2. Numerical Simulations. In order to illustrate the sepa-
ration of existing objects within a grey scale image through
the synchronisation of neural oscillators belonging to the
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Figure 11: A grid (network) of competitive self-organising locally
excitatory globally inhibitory neural oscillators. Each neural oscilla-
tor is connected to its four neighbours through excitatory synapses
and receives inhibition from a global inhibitor. The latter helps
create competition between neurons that belong to a single object
(synchronised) and other neurons which belong to different objects
(desynchronised). Only the coupling between oscillators xi and xj

has been highlighted; the connections between each neuron and
other neighbours are not shown for simplicity.

same object and desynchronisation of others belonging to
different objects, tests on a small synthetic image and a larger
real scene are presented below. While a discrete integration
is used for the first test, however, for the second test, due to
the computation intensive nature of discrete integration of
a big number of oscillators, an algorithmic approach which
captures the essence of the neural oscillators dynamics is
used.

5.2.1. Step-by-Step Equation Integration for Small Scale
Images. A network of 10-by-10 neural oscillators, based
on the models described above and the behaviour of the
grid architecture explained above, was numerically simulated
using Matlab. The differential equations were first integrated
using the Runge-Kutta 4th order to ensure a better accuracy.
However the forward Euler method was also used and the
same results were obtained. A 10-by-10 synthetic grey scale
image, shown in Figure 13, is fed to a network of 100 neural
oscillators. It consists of four separate rectangles, laid upon
a black background, each of which has a different size and
a different gray scale. Each pixel value is fed as an external
input to the corresponding neural oscillator in the grid. The
objects are labelled Obj 1, Obj 2, Obj 3, and Obj 4.

Figure 14 shows the temporal activity of all neural
oscillators in the grid. Only the first 1800 integration steps are
shown; however the oscillations carry on indefinitely unless

xk=2

xk=3

xk=4

xk=1

z

xi

External input
(pixel feature)

Global inhibitor

Figure 12: Connections between each neural oscillator, its four
neighbours (x1, x2, x3, and x4) and the global inhibitor (z). Every
neural oscillator in a network is connected to the global inhibitor
(these connections are not shown here for simplicity). Each neuron
is assigned to a pixel of the image whose features form the external
input of the neural oscillator. Only the unit x of the oscillator is
shown.
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Figure 13: A 10 × 10 synthetic grey scale image, object number 3
manually highlighted with dashed line to be contrasted from the
black background.

the input image is withdrawn. Neurons are arranged in a
one dimensional array which represents a linear mapping
(line by line) of the 2D format of the grid. It clearly
shows the synchronisation and desynchronisation of the
temporal activities of neural oscillators in the network.
While some neurons are active and their temporal activity
is synchronised, other neurons are inactive and therefore
their temporal activity is desynchronised (with those that
are active and synchronised). At a given time, the active and
synchronised neurons belong to the same object while those
that are inactive belong to other different objects. The 3D
graph provides a better illustration of the network activity.
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Figure 14: Temporal activity of the neural oscillators in the 10 by
10 grid. The z-axis represents the value of the x-unit of the neural
oscillator (there are two units in an oscillator as described by the
underlying differential equations, unit x and unit y). The x-axis
represents the integration steps (only 1800 steps were shown here),
and the y-axis represents the neurons’ index (i.e., from neuron 1
which is associated with the top left corner pixel to neuron 100
which is associated with the bottom right corner pixel).

In order to further emphasise the segmentation of
different objects based on the synchronisation and desyn-
chronisation of different neurons in the 2-dimensional
networks, the neurons which belong to the same object are
grouped together and their temporal activity is displayed on
the same axis as shown in Figure 15. The indexes of neurons
which belong to the same object are first determined, and
then the corresponding waveforms of those neurons are
plotted on the same axis one after the other. Each neuron’s
waveform is separated from the previous neuron by an offset
to avoid overlapping between two consecutive waveforms.
Ordering the waveforms according to the objects they belong
to highlights better which set of neurons are active at a given
time, hence it indicates which object is detected at that time.
For example at time T1 (see Figure 15) the neurons that
belong to object 4 are active while other neurons are inactive.
At time T2, neurons that belong to object 1 are active and
the remaining neurons (which belong to other objects and
the background) are inactive. Similarly for time T3 and time
T4, the neurons belonging to object 2 and object 3 are active,
respectively.

Using a 2D visualisation of the temporal activity of the
neural oscillators of the network at selected points in time,
Figure 16 illustrates further the segmented objects at the
times shown in Figure 15. Time T1 corresponds to object
4 (see Figure 13 for initial object labelling). The neural
oscillators associated with the pixel of this object are active
and also synchronised. The x-values of all neural oscillators
in the grid are mapped to a grey scale image. The obtained
2D visualisation clearly shows at T1 the emergence of object
4, while other neurons representing the remaining objects
are inactive (small values) and therefore the corresponding
objects fade away. Likewise at time T2, it is the neurons
belonging to object 1 that are active and synchronised while
other neurons are inactive. Similarly, at time T3 and T4 object
2 and object 3 have been temporally segmented, respectively.

180016001400120010008006004002000

Object 1

Object 2

Object 3

Object 4

Background

T1 T2 T3 T4

Figure 15: Temporal activity of neural oscillators ordered according
to the objects they belong to. The x-axis represents integration steps
and the y-axis represents neuron indexes. For example, the first six
neurons belong to object 1, the next four neurons belong to object 2,
the following six neurons belong to object 3, and then the following
nine neurons represent object 4. Finally the remaining neurons (not
all of them are drawn here for simplicity) represent the neurons
mapped to the background pixels (there are [(10∗10)− (6 + 4 + 6 +
9) = 75] background neurons in total, only 10 neurons are shown).

5.2.2. Algorithmic Approach for Large Scale Images. For larger
images, the activity of the neuron oscillators is calculated
using an algorithmic approach as solving hundreds or thou-
sands of systems of ordinary differential equations (ODE),
each of which assigned to an image pixel, is prohibitively
costly in terms of computing time and may not be feasible
unless their discrete integration is implemented on dedicated
hardware platform such as reconfigurable FPGAs (Field Pro-
grammable Gate Array) or GPUs (Graphics Processing Unit).
The algorithmic approach is based on the neural oscillators
dynamics on the cubic branches and at jumping points (LK,
RK) between left and right branches (LB, RB). It produces
the essential behaviours of coupled neural oscillators, namely
the synchronisation and desynchronisation of their temporal
activity as well as the exhibition of two time scales (i.e., the
slow and fast motions on the left and right branches, resp.).
The use of an algorithmic approach considerably reduces the
computation time. Only the x value of an oscillator i is used
and the algorithm is described in what follows.

Algorithm 1 is demonstrated on a 110-by-90-pixel image,
which contains five chess pieces as shown in Figure 17. A
network of 110 by 90 oscillators is built, and each neuron
is stimulated with its corresponding pixel value. Each neural
oscillator is connected to its four nearest neighbours, and
the connecting weights are formed based on the image
pixel values. Setting the coupling weights according to the
expression Wik = Im/(1 + |Ii − Ik|) results in oscillators with
similar pixel values being assigned large weights while other
oscillators belonging to different regions will be assigned
weaker connections weights. The addition of the term 1 in
the denominator is used to avoid a division by zero when
both oscillators are assigned the same pixel values in which
case the coupling term is assigned the maximum weight
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Figure 16: The value of the x-unit of each oscillator is shown in a 2D array where each element corresponds to one neural oscillator that is
associated with a pixel of the image located at the same coordinates. The values of neural oscillators are selected at different points in time
(T1, T2,T3, and T4). These times correspond to those shown in Figure 15. The synchronisation of active neurons indicates which object is
being segmented.

value. This will ensure that the leaders will propagate their
activity to the oscillators in the same group representing
the same object. As the network activity evolves, different
objects (chess pieces) emerge one by one as shown in
Figure 17. The emergence of each object is achieved through
the synchronisation of the activities of neurons belonging to
the same object (images (a) to (d)). Image (f) represents the
image background.

6. Application of Neural Oscillators to
Colour Image Segmentation

A similar network of oscillators is applied to colour images
where the HSV (hue, saturation, value) colour space is
used and a self-organising map-based colour reduction
method is employed. The colour reduction method allows
the extension of the applicability of networks of oscillators

to colour image segmentation. As each neuron in the grid of
oscillators receives a one-dimensional input value, there is a
need for a mapping method between RGB triplets of an input
colour image and the corresponding feature values where
similarity measurements are taken into account colour. To
the best of our knowledge, this is the first time such neural
models are applied to colour image segmentation. The HSV
colour space, a linear transform of the RGB (red, green, blue)
space [3], offers the advantage of specifying colours in an
extremely intuitive manner as the luminance component is
separated from the chrominance (i.e., colour) information
[2, 58]. The latter feature makes this colour space more
suitable for digital image processing applications as it is
easy to select a desired colour (hue component) and to
then modify it slightly by adjustment of its saturation and
intensity [58]. In addition, the components of the HSV
colour space are normalised, which makes it suitable for the
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1. Initialisation
- set z(0) = 0 and calculate the connecting weights
Wik = Im/(1 + |Ii − Ik|); where Im is the maximum gray scale value, Ii and Ik represent the pixel
value corresponding to neuron i and k.
- find leaders: pi = H(

∑
k∈Ni Wik − θp) and randomly start all the oscillators on the left branch

(i.e., set the value of their units x to a random value in the interval [LCx, LKx], the points LC and LK
has already been shown in Figure 2).
2. Selection
- Find the closest leader j to left knee (LK).
- Jump the found leader to right branch (RB), the other oscillators move towards LK
xj(t + 1) = RK; z(t + 1) = 1 {jump up};
xk(t + 1) = xk(t) + (LK− xj(t)); for k /= j
3. Jumping
Iterate until stop
If xi(t) = RK and z(t) > z(t − 1)

xi(t + 1) = xi(t); {stay on the RB}
elseif xi(t) = RK and z(t) <= z(t − 1)

xi(t + 1) = LC; z(t + 1) = z(t)− 1; {jump down}
if z(t + 1) = 0 go to Selection.

else
{calculate input to neuron}
Si (t + 1) = sum(wik ·H(xk(t)− LK))−WzH(z(t)− θz);
If Si(t + 1) > 0

xj(t + 1) = RK; z(t + 1) = z(t) + 1 {jump up};
else

xj(t + 1) = xj(t); {stay on LB}

Algorithm 1

Temporal synchronisation
based segmentation

Original image

(a)

(c)

(e)

(b)

(d)

(f)

Figure 17: Segmented objects from 110 × 90 image containing five chess pieces. Left: original image. (a) to (e) Segmented objects. (f) The
image background.
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Figure 18: Extraction of local spatial features. The mean and standards deviation are calculated for each pixel in the three chromatic planes.
Hence, each pixel in the image results in six different spatial features. These spatial features are calculated over a 3 by 3 window centred at
the target pixel.
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Figure 19: Feature vector for each pixel, using both spatial and chromatic characteristics.
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Figure 20: Kohonen’s SOM used for colour reduction and image
transformation. The chromatic components and spatial features are
used as inputs.

colour reduction method and the system of colour image
segmentation developed in this work.

The colour reduction method exploits both the chro-
matic features of pixels as well as their spatial characteristics
such as how the colour of each pixel is related to the colours
of its neighbouring pixels. It is the newly obtained reduced
space of colours that is eventually used by a network of locally
connected neural oscillators to achieve the segmentation of
existing objects.

6.1. Colour Reduction Using Kohonen Self-Organising Maps.
Given an RGB input image with a certain number of colours
(16 M colours with a 24-bit resolution), the final reduced set
of colours is automatically selected using a Kohonen self-
organising map (SOM) which is an unsupervised neural
network devised by Kohonen [59]. It is based on competitive
learning and is a topology preserving map [59, 60], a feature
that is highly desired for high dimensional data visualisation
and reduction.

In this work, the chromatic features (i.e., the HSV
components) of each pixel are combined with additional
spatial features extracted from neighbouring pixels. The
mean and standard deviations are used here; however there
is no restriction on the type of spatial features that could
be used. The goal is to map the HSV colour space into
a one-dimensional space of colour indexes that can be
used by the network of oscillators. Once the set of feature
vectors of a given image is constructed, a SOM is built and
trained according to Kohonen’s competitive learning rule
[59]. The main characteristic of this mapping is that it takes
into account the chromatic and spatial similarities between
neighbouring pixels. Eventually, the input image, with a
larger set of colours, is transformed into another image with
a limited number of colours while the spatial characteristics
are being maintained.

6.2. RGB to HSV Colour Space Transform. The RGB colour
space [0, 255]3 is mapped into the HSV colour space [0, 1]3

where the input image is then represented. The RGB to HSV
transform is performed using the Matlab function rgb2hsv
routine. A new representation is obtained where each image
pixel is represented by a triplet (H, S, V) which determines its
chromatic features. The system assumes that the input image
is in HSV format; however this is not a restriction as it is
always possible to map an image from one colour space to
another.

6.3. Chromatic and Spatial Feature Extraction. The final
feature vector which describes each image pixel consists
of its chromatic features combined with its local spatial
features calculated for each chromatic plane. The local spatial
characteristics chosen in this work are represented by the
mean and the standard deviation of the pixel values within
a window centred at the pixel being considered. They are
calculated as follows.

6.3.1. Central Location Measurements (Mean Values). This
spatial feature is based on statistical measurements of the
central location of each pixel within the sample points
selected from a given window, namely, the mean value which
is given by the following formula:

Mch
(
i, j
) = 1

M

∑
(k,l)∈Ni j

Imch
(
i, j
)
, (9)

where ch represent the chromatic plane being considered
ch ∈ {h, s, v}, i, j are the pixel coordinates for which the
spatial feature is being calculated, Nij is the neighbourhood
of the pixel (i, j) (i.e., a window centred at the pixel (i, j)),
and M is the total number of pixels within that window in
the input image Im (see illustration in Figure 18).

6.3.2. Dispersion Measurements (Standard Deviation Values).
Likewise, the standard deviation is computed for each
chromatic component using the following formula:

STDch
(
i, j
) =

√√√√ 1
M

∑
(k,l)∈Ni j

(
Imch

(
i, j
)−Mch

(
i, j
))2

. (10)

In this work, a window of size 3 × 3 is used and the image
is padded with zeros before the spatial characteristics are
computed.

As a result, each pixel is described by nine values
representing the chromatic and spatial features as illustrated
in Figure 19. It is the size of the feature vector that will
dictate the number of inputs of the Kohonen self-organising
network. A set of these feature vectors will be created and
used to build and train a Kohonen self-organising map as
explained in Section 6.4.

6.4. Building and Training of Kohonen Self-Organising Net-
work. A Kohonen SOM is designed, where the inputs
represent the chromatic and the local spatial features of
a pixel as calculated in the previous section. While the
number of inputs is dictated by the dimensionality of the
feature space, the size of the output layer represents the
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Figure 21: Neuro-inspired framework for colour image segmentation. The output from a self-organising maps-based colour reduction stage
is fed to a network of locally excited globally inhibited neural oscillators and existing objects are segmented through temporal synchronisation
of neurons belonging to the same coherent areas.

number of representative colours in the reduced colour space
(see Figure 20). A subset of feature vectors is randomly
selected to form the training set, the SOM network is then
trained, and its final weights are adjusted using the Kohonen
competitive learning rule. It is important to note that for
each new image, a SOM is created anew and its weights are
trained, and adapted to the new image. Hence, the mapping
between the original colour space and the reduced one is
updated and adapted to the content of the image to be
segmented.

6.5. Mapping. After training, the new reduced set of colours
is represented by the final weights of the output neurons
which are then used to map an input image into the
newly created colour space. The new image contains only
the representative colours as learned by the Kohonen self-
organising map. Each pixel in the image is assigned its most
similar colour defined by the trained SOM.

6.6. A Neurosystem for Colour Image Segmentation. The
combination of the dynamics of networks of neural oscil-
lators and the self-organising map-based colour reduction
approach, described in the previous section, results in a
neurosystem for colour image segmentation. The original

image is first converted into the HSV space, then the repre-
sentative colours in a given image are automatically selected
using the unsupervised Kohonen self-organising map, which
is trained anew for each input image. The resulting image
with a reduced number of colours is then segmented using
the temporal correlation of neural oscillators. An illustration
of the proposed framework for colour image segmentation
based on the combination of networks of neural oscillators
and the SOM-based colour reduction method is illustrated
in Figure 21.

6.7. MATLAB Simulation Results. The proposed approach
has been implemented in Matlab and demonstrated on 24-
bit bitmap colour images (16 million colours as original
space) representing real world scenes. The first image
represents a car and contains 130 × 80 pixels (see Figure 22
bottom right corner), the second image represents a hand
and has 100× 129 pixels (see Figure 23), and the third image
represents a cup and has 128×128 pixels (see Figure 24). The
input images are originally represented in the RGB space.
A transformation to the HSV space is carried out using
the Matlab rgb2hsv function which comes with the image
processing toolbox. A Kohonen’s self-organising network is
then created and trained and used for colour reduction,
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Figure 22: Segmentation of a sample colour image (130 by 80 pixels) into different regions.
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Figure 23: Segmentation of another sample colour image (100 by 129 pixels) into different regions. Fingers are separated due to the
surrounding rings (the big blue ring and the small golden one). This is in accordance with the definition of an object as mentioned in
early sections, that is, a coherent region with similar pixels.

where its final weights are used to transform an input
image into a new image with pixel values mapped to the
newly obtained reduced space. Finally, a network of neural
oscillators (with a size equal to the input image size) is
created, where the pixel values of the transformed image are
used as external inputs to neural oscillators. The coupling
weights are also determined according to the newly obtained
pixel values. The segmentation results are illustrated in
Figures 22–24 where the main segmented objects are shown
separately along with the original image.

7. Discussion

A subjective evaluation is carried out to assess the segmenta-
tion quality of the developed system. It is based on the human
visual assessment, the most common practice for evaluating
the effectiveness of a segmentation system. Figures 22–24
show that the segmented images are of an acceptable quality
for use in computer-aided diagnosis, image understanding,
or object recognition schemes. Although the evaluation
remains subjective, this satisfactory assessment is based on
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Figure 24: Segmentation of a third sample colour image (128 by 128 pixels) into different regions.
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the clear separation of the existing objects within the input
image. It can be seen from Figure 17 how all existing objects
(chess pieces and the background) are accurately segmented.
Likewise, the segmentation of the synthetic image using the
step-by-step integration of neural oscillators resulted in a
perfect separation of the existing rectangles. The problem
is, however, trivial in this case; yet it helps demonstrate
and validate the underlying principle of object segmentation
using neural oscillators and objectively assess its quality. The
assessment is objective in this example since a synthetic
image is used as the ground truth segmentation. The
segmentation of the colour images in Figures 22–24 clearly
shows that the segmentation of the coherent areas (i.e.,
objects) in the image (car frame, windows/glass, tree, grass,
hand, ring, cup, etc.) is fairly satisfactory. The evaluation of
segmentation quality remains an open problem in the field of
image segmentation. The absence of accurate and automatic
objective evaluation methods makes it difficult to assess
whether one algorithm produces better segmentation quality
than another. The objective of this paper is to demonstrate
the applicability of bioinspired neural oscillators to colour
image segmentation and the visual quality of the obtained
results clearly demonstrate that the principle is effective.
A comparison with all existing algorithmic and machine
learning methods is out of the scope of this paper. However,
the approach presented in this paper can still be compared
to other approaches in terms of its underlying computing
principles, advantages and disadvantages. First of all, the
computing paradigm of this system can be likened to a
region growing approach as more pixels are grouped within
a given region (grown from a chosen seed) when their
features satisfy some specified criteria. However, the system
in this work remains different due to the inherent dynam-
ics of synchronisation and desynchronisation of neurons
temporal activity and also the colour reduction method
which allows automatic selection of a reduced number of
the most relevant representative colours of the input image.
The other distinguishing characteristic of this approach is
that the reduced set of representative colours are created
anew for each input image; that is, it is adaptable to
each new input image, as it takes into account both the
chromatic and local spatial features which are specific to each
image being handled. The other apparent differences and
advantages of this system, are that they offer a biologically
inspired approach (whose modules are not necessarily all
biologically plausible) which builds on the strengths of
neural architectures and the computing principles of the
brain, which is undoubtedly the only segmentation system
that is perfectly working. Another advantage resides in the
parallelism and distributed computing of this approach as
all the states of oscillators are computed locally and in
parallel which makes it more suitable for dedicated hardware
implementation (such as VLSI, FPGAs, and/or GPUs) in
order to reduce the computation time and achieve real-time
computations. This is a very desirable feature for segmenting
large scale image databases. Moreover, this method is not
specific to particular types of objects and requires less human
intervention as opposed to existing segmentation techniques
where the user needs to specify initially the number of objects

to be segmented. Yet, this approach can be extended to more
specific domains where available a priori knowledge can be
exploited to calculate the most relevant features.

8. Conclusion and Future Work

A biologically inspired neural model, called neural oscil-
lators, has been investigated and its potential application
to solve real world problems, namely, colour image seg-
mentation, has been explored. Also a new system for
colour image segmentation was presented. The biological
relevance of neural oscillators has been highlighted and
their dynamics examined through simulations and analysis
of single and coupled neurons as well as networks of
neurons. Analysis of the behaviours of this type of neurons
was carried out in the time domain as well as in the
phase plane, and an investigation of their application to
segmentation of grey scale and colour images was presented.
The problem of feature binding was discussed and its
connection with neural oscillators was highlighted. Also,
a discussion of the established link between the binding
problem and computer vision was provided along with the
role of temporal correlation in feature binding. The main
contribution of this work consists of the exploitation of
the possibilities of computing and learning with neural
oscillators in solving real world engineering problems. To
the best of the author’s knowledge, this is the first attempt
to apply networks of neural oscillators to the segmentation
of colour images. The segmentation quality was visually
assessed and a comparison between the proposed approach
and classical image segmentation counterparts was carried
out. Segmentation results demonstrate the emergence of
neural oscillators, combined with self-organising, as an
efficient alternative approach for colour image segmentation;
it offers the desirable feature of parallel computing which
can be further exploited for hardware implementations.
Mapping the system onto dedicated hardware platforms
will be a desirable extension of this work as it will allow
real-time segmentation of large scale colour images and
datasets.
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