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Abstract
The observation of oscillatory activity in neurons and synchronization in ensembles of
neurons has led to research efforts focused on exploring these oscillations and their application in
image processing. At the same time, the emergence of many new nano-scale technologies has
opened up novel avenues in computation methodologies, through the rethinking of the traditional
Boolean paradigm, to explore their potential application in non-Boolean computation. Along
with this, many recent hardware architectures have allowed acceleration through the use of
multiple components to perform dedicated tasks. The use of neuromorphic architectures
consisting of coupled oscillator arrays using emerging devices based on the observation of
synchrony in the brain, to produce computational hardware with better energy efficiency as
compared to traditional CMOS architectures for image processing tasks can now be explored. In
this thesis, a theoretical framework for a network of oscillators which are coupled to each other
is explored and its application towards image processing tasks, namely, edge detection, image
segmentation, image recognition and motion estimation is demonstrated. This network is not
restricted to any particular device, but instead, provides a generic foundation.
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Chapter 1
INTRODUCTION
The act of perception in higher animals like humans, involves three interdependent processes:
segmentation, pattern recognition and integration of different patterns into a scene. The temporal
correlation theory proposed by Von Malsburg and Schneider [1] describes the working of the
brain and asserts that cells coding different sensory features are bound together if their temporal
activity (like oscillations or firing patterns) is correlated. This temporal correlation is
implemented through neural oscillations where neurons detecting the same object tend to
oscillate synchronously with a zero phase shift, while groups of neurons detecting different
objects tend to be desynchronized from each other. Experiments have also shown that the visual
cortex in mammals responds to visual stimulation through oscillatory activity. It was
demonstrated that the cat visual cortex exhibits 40-60 Hz stimulus dependent oscillations while
synchronization exists within a vertical cortex column, between neighboring columns and
between two cortical areas [2], [3]. Later experiments also showed that phase locking can occur
between the striate and extrastriate cortex [4], between two striate cortices of the two brain
hemispheres [5] and across the sensorimotor cortex [6].
Since these observations of stimulus dependent oscillations and synchronization, there have
been many theoretical attempts to interpret the phenomenon of global synchronization. Initial
attempts were directed towards mathematically describing the biological neuron and its
properties in terms of an oscillator model. The most widely successful and used model is the
Hodgins-Huxley neuron model, while Hodgins and Huxley won the Nobel prize in 1963 in
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physiology and medicine for this work. Many simplifications of this model have been proposed,
including the Fitzhugh-Nagumo model and the Van der Pol’s oscillator to describe the function
of a neuron through a non -linear relaxation oscillator. Thus, the first motivating factor is the
observation of synchrony in the brain and the corresponding neural oscillator models and their
potential application for image processing.
Oscillators are electrical circuits or devices which produce periodic fluctuations with respect
to time, either in terms of voltage or current. Oscillators have a long history and have been well
studied. CMOS oscillators play an integral role in numerous applications involving both analog
and digital circuitry. Voltage controlled oscillators, in which the oscillator output frequency can
be controlled through the input form the foundation of phase locked loops. CMOS oscillators in
different configurations like ring oscillators, Colpitt’s oscillator, etc. exist.
However, the emergence of new devices with the capacity of producing input controlled
output oscillations has the potential of providing the solution to the problem of building neural
oscillator circuits in terms of coupled oscillator arrays with power efficient operation and
scalability. These devices include resonant body transistors (RBT) and spin torque nanooscillators (STNO).
RBTs utilize a nanoelectromechanical interface which embeds a sense transistor directly into
the resonator body [7]. These devices provide scalability in both size and frequency and are
CMOS compatible in most cases. A phase locked loop based on the RBT has already been
demonstrated [8]. STNOs utilize a number of spintronic and nanomagnetic phenomena for their
operation, such as spin transfer torque (STT), giant magnetoresistance (GMR), tunneling
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magnetoresistance (TMR) and various spin wave modes. These phenomena are employed
through thin film magnetic elements to produce highly tunable oscillations in response to an
input electric current and magnetic fields [9]. Two types of coupling in STNOs have already
been demonstrated: Phase locking and control in response to an injected AC current [10] and
mutual phase locking through spin wave interactions in two STNOs [11]. The second motivating
factor is hence, these emerging devices which can provide the capability of non-Boolean
computations where the comparison and control of oscillator frequency and phase become the
two main operations in a coupled oscillator array.
The purpose of this thesis is to demonstrate the use of a generic framework which employs a
coupled oscillator array for four image processing tasks: edge detection, image segmentation,
image recognition and motion estimation. The oscillator network is not restricted to any
particular device but is intended to demonstrate the application of such a network towards image
processing. The rest of the thesis is organized as follows: Chapter II provides a review of the
previous work in this area; Chapter III describes the theoretical model used in detail; Chapter IV
explains the framework used for the image processing tasks while Chapter V describes the
results; Section VI concludes with a summary of the future work planned in this area.
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Chapter 2
BACKGROUND
In recent years, there has been a lot of interest in producing computation systems which
mimic nature to perform complex data modeling and processing tasks. Artificial neural networks
[12] which are computational models inspired by the animal central nervous system, have been
presented as systems of interconnected 'neurons' which can compute values from inputs by
feeding them through the network. Such networks provide three main learning paradigms:
supervised, unsupervised and reinforced learning. Some other notable examples include
evolutionary computation [13] and neuro fuzzy systems [14].
However, a less explored line of this research is computation systems which emulate specific
aspects of biological systems which is their rhythmic nature. This phenomenon is common for
most living organisms [15] and is observed in human electroencephalographic (EEG) and
electrocardiographic (ECG) signals, gait patterns, breathing cycles and circadian rhythms.
An interesting aspect of this phenomenon is that such a rhythmic nature can also be attributed
to the complex interactions between populations of excitatory cells or neurons resulting in a rich
dynamic behaviour which ranges between the transition of a system from a quiescent state to
achieve synchronization in terms of oscillatory action or irregular spatiotemporal chaotic
dynamics.
As mentioned in the introduction, the observation of synchronized neural oscillations in
accordance to the temporal correlation theory proposed by von der Malsburg and Schneider,
which states that synchronized oscillations of neuron groups arises when attention is focused on
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a coherent stimulus. For more than one perceived stimulus, these synchronized patterns switch in
time between different neuron groups thus forming temporal maps coding several features of the
analyzed scene. Along with time coherence, spatial ordering of oscillations also plays an
important role in the overall dynamics of biological rhythms.
The initial research in this area tried to describe neural activity in terms of mathematical nonlinear oscillator models.
Consider the following dynamic system of two coupled differential equations:

(

)

(

)

(

)

(

)

and

are the transfer functions defining the

where x, y are the two system states and
dynamics of this two state system.
Now a harmonic oscillator can be defined by,

( )

In terms of (1), the harmonic oscillator can be defined as
new variable

and

after defining a

.

The harmonic oscillator is thus a linear oscillator. This leads to a circular limit cycle in the
phase plane. However, the fundamental shortcoming of linear oscillators is that different
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oscillators have different free running frequencies and cannot mutually synchronize. This
prohibits their use in modeling synchronization phenomenon in biological systems.
2.1 Van der Pol’s non-linear relaxation oscillator
Historically, the first important non-linear oscillator model was proposed by Van der Pol and
his colleague Van der Mar, while studying electronic triode circuits [16, 17]. The oscillator can
be defined in terms of first order differential equations as follows:

(

where

)

(

)

(

)

.

The property of slow and fast advancement of oscillator dynamics resembles closely a variety
of periodic phenomenon in biological systems. Another key property of non-linear oscillators is
that locally coupled oscillators can rapidly achieve synchronization.
2.2 Fitzhugh-Nagumo model:
A simplification of the classical Hodgins-Huxley model was proposed for modeling nerve
membranes and action potential generation by Fitzugh and Nagumo [18, 19]. This model is
described by the following equations:

(

)
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(

)

where I is the external stimulus and a, b and are system parameters. The Van der Pols oscillator
is a special case for a = b =0.
2.3 Wilson and Cowan Oscillator:
Wilson and Cowan [20] studied the properties of the nervous tissue by modeling populations
of oscillating cells composed of two types of interacting neurons: excitatory and inhibitory. A
simplified model of such an oscillating cell comprising of an interconnected excitatory node x
and inhibitory node y is given by,

(

)

(

where

)

(

)

(

)

are the decay time constants of the excitatory and inhibitory neurons

respectively;

and

are local excitatory and inhibitory connection

weights respectively; I denotes non local interactions from local cells or external global input to
the network, and S is a sigmoidal non-linear function characterized by the respective threshold
and the gain factor :

( )

( )

8

The scheme of the Wilson Cowan oscillator models is shown in figure 2.2.

x

y

Figure 2.2 Two-node Wilson Cowan oscillator model.

The Wilson-Cowan oscillator model was used by a number of researches to demonstrate
synchronous activity in locally coupled oscillators, with applications ranging from nervous tissue
modeling to associative memory models.
2.4 Locally Excitatory Globally Inhibitory Oscillator Network (LEGION):
The acronym LEGION was introduced by Terman and Wang in 1995 [21] to establish a
framework in which features of an object (e.g. pixels grouped into a visual object) are grouped
and segregated from other objects through oscillatory correlation. Oscillatory correlation means
that oscillators representing the same object are phase locked or synchronized with a zero phase
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shift, while different groups of oscillator representing different objects are desynchronized. The
basic unit of LEGION is the neural oscillator or the Terman-Wang oscillator model, given by:

[ (

( ))

]

(

)

(

)

where x is the excitatory variable and y is the inhibitory variable. I represents the external
stimulus and , ,

are system parameters.

The relaxation oscillator defined above can be interpreted as a model of action potential
generation where x represents the membrane potential of a neuron and y represents a recovery
variable, or an oscillatory burst of neural spikes. This model is similar to the standard models
like Fitzugh Nagumo model, Wilson-Cowan model and Morris-Lecar model, while all these
models can be viewed as simplifications of the classic Hodgins-Huxley model.

2.4.1 Network of locally coupled oscillators:
The two main aspects of the oscillator correlation theory are synchronization and
desynchronization. Extending the synchronization results and the Somers-Kopell theorem of the
two coupled oscillators to a network of locally coupled oscillators and including a globally
inhibitory mechanism to achieve desynchronization, Terman and Wang proposed LEGION or
locally oscillatory globally inhibitory network [23]. The original definition of the Terman-Wang
oscillators is extended to include a locally excitatory coupling and a global inhibitor as follows:
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[ (

where

( ))

]

denotes the amplitude of Gaussian noise while the term

(

)

(

)

denotes the overall input

from the other connected oscillators and is given by,
(

∑

where

)

(

)

(

)

is the dynamic connection weight between the oscillator k and i, N is the set of

adjacent oscillators to which oscillator i is connected to. H is the Heaviside function, defined by,

Also,

( )

( )

( )

( )

is the threshold above which an oscillator can affect its neighbors. The action of global

inhibition is obtained through

which is the weight of the inhibition from the global inhibitor z,

whose activity is defined by,

(

where

is the system parameter.

represents a threshold.

= 1 if

)

(

)

for atleast one oscillator i, and is 0 otherwise.
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2.5 Other Work:
In [28], CMOS supporting circuitries, including CMOS ring oscillators have been used to
produce an associative memory function for image recognition and is demonstrated using
HSPICE simulation. Spin torque nano oscillators (STNO) are emulated using a three stage
neuron MOS ring oscillator
An associative cluster is formed which the output from each oscillator is averaged via
capacitance coupling and the averaged value is fed back to the input of each oscillator. The
control voltage generator produces a voltage proportional to the difference between the input and
template vector elements, determining the frequency shift in each oscillator. A winner take all
circuit is implemented at the output through a comparator, two inverters, a peak detector and
finally a NOR circuit.
Image recognition is implemented on the COIL-20 database, where each image is represented
using APED (average principal edge distribution) transform. Each associative cluster is
composed of 64 oscillators to handle 64-dimension vectors. The oscillation mode becomes most
stable for the most similar patterns and the winner-take all circuitry correctly identifies the best
match pattern.
This associative memory architecture is extended to form a hierarchal tree structure in [29] to
perform training, recognition and classification.
In conclusion, there has been some effort in producing oscillator models and architectures for
implementation towards image processing tasks. However, most of this work targets specific
tasks. LEGION is mainly is applied for image segmentation while the associative memory
architecture is applied for image recognition. In each of these cases the core oscillator array is
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different. Therefore, another avenue can be explored in which the same oscillator array can be
used for several different tasks. This thesis, thus, tries to answer this problem by using a
theoretical oscillator system model and then demonstrating its use for different image processing
algorithms.
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Chapter 3
SYNCHRONIZATION IN OSCILLATOR SYSTEMS
The phenomenon of synchronization surrounds us. The history of observation of
synchronization goes back to the 17th century when the Dutch scientist, Christian Huygens
reported synchronization in two pendulums, ‘. . . It is quite worth noting that when we suspended
two clocks so constructed from two hooks imbedded in the same wooden beam, the motions of
each pendulum in opposite swings were so much in agreement that they never receded the least
bit from each other and the sound of each was always heard simultaneously. Further, if this
agreement was disturbed by some interference, it reestablished itself in a short time. For a long
time I was amazed at this unexpected result, but after a careful examination finally found that the
cause of this is due to the motion of the beam, even though this is hardly perceptible’. Another
well-known example is the synchronous flashing of fireflies, discussed in detail in [30]. The
notion of a ‘biological oscillator’ which acts controls many features in an organism, is
mathematically tractable and capable of solving many problems in biological systems. For
example, the regulation of sleep and body temperature in mammals resembles limit cycle
oscillators.
Research on synchronization has focused on determining the main mechanisms responsible
for the synchronous behavior among members of a given population, which include the need of
interacting oscillatory elements. Although the internal processes comprising these elements may
be complex, synchronization can be explained by understanding its essence and through certain
basic principles.
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Arthur Winfree realized that synchronization may be understood as a threshold process, so
that when coupling among oscillators is strong enough, a macroscopic fraction synchronize
together [31]. However, the model that he proposed was complex and hard to solve in its full
generality. The most successful attempt was made by Yoshiki Kuramoto, who analyzed the
model of phase oscillators running at arbitrary frequencies and coupled as a function of their
phase difference [32]. The Kuramoto model was simple enough to be mathematically tractable,
rich enough to display a large variety of synchronization patterns and flexible enough to be
adapted to many different contexts.
3.1 Phase oscillators:
Since the biological processes behaving in an oscillatory manner and exhibiting
synchronization and the models used to describe processes were complex, Kuramoto considered
the phase oscillators. These are oscillators which can be completely described by their angular
frequency and initial phase. This is illustrated as follows: Let

denote the stable limit cycle of a

certain system of differential equations. Then, there exists a continuous function
map each point on

to a unit circle,

, which can

, as shown in figure 3.1. Therefore, the dynamics of the

original stable limit cycle is replicated by the ‘phase’ oscillator, given by,

( )

where

is the phase relative to the origin considered for

frequency. Hence, the frequency is given by,

and

is the phase speed or angular
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(

)

and the period of one complete revolution around the unit circle U is,

(

Figure 3.1 Function

which maps a stable limit cycle

)

to a unit circle U.

3.2 Two oscillator phase coupled model:
From the definition of a phase oscillator, a system of N phase oscillators with all to all
coupling, that can be modeled as a function of the individual oscillators, is given by,

(

where

)

(

)

is the function defining the effect of the other oscillators in the system on oscillator i.

Now, consider a system of two phase coupled oscillators,
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The function

(

)

(

)

(

)

(

)

is chosen by making the following assumptions:

a. To allow the two oscillator system to achieve phase lock, i.e.

=

, the function reaches

a value of zero. Therefore, let the function be dependent on the difference of phase
(

). Hence,

(

) so that f(0) = 0. Here, K is the coupling strength

or coupling constant.
b. Let the function depend only on the current values of phase and not on past values or on
how many cycles have already passed. Hence, the function should be a
function of

and

periodic

.

With the above two assumptions, the simplest choice of coupling function is sinusoidal. The two
oscillators can now be given by,

(

)

(

)

(

)

(

)

The next step is to find a solution for phase lock or
Let,
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Therefore,

(

Setting

)

(

(

(

)

)

= 0,
(

)

(

)
(

Now, since

)

( )

(
)

)
( )

, the condition for real roots of the above equation are,
(

)

Therefore, the constraint on the value of K for synchronization is,
(

Substituting the value of

)

(

)

( ) in the equations for the two oscillators, the locked frequency is

obtained as:

(

)

(

)
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If K does not match the above constraint, the two oscillators drift. The value of K for which the
oscillators just synchronize is called the critical coupling strength.
Two illustrate the dynamics of this two oscillator system, consider the following examples:
a. Let two oscillators have the same initial frequency, but different initial phases. Let,
= 1 rad/sec and let the phases

and

be randomized between 0 and

=

. Now,

according to the derived condition on the coupling constant for synchronization

.

The oscillators are plotted as rotating along the phase plane which is a unit circle. Let K =
1. Figure 3.2 show the state of the system at different time instants. In this case, both the
oscillators converge to the same phase and frequency.

Figure 3.2 Shows the time evolution of two phase coupled oscillators in the phase plane. Oscillator 1 and
2 are denoted by red and black circles respectively. The oscillators have the same initial frequency, while
the phases are randomized as shown in (a). (c) - (d) show the coupling effect, so that eventually the
oscillators phase lock or their individual phases converge to the same value or their phase difference goes
to zero.
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b. Now, let the two oscillators have different initial frequencies. Let
rad/s. Let the phases be randomized between 0 to
coupling constant,

= 1 rad/s and

=3

. According to derived condition for

. In this case, the oscillators converge to the same frequency but

not the same phase. Instead, the phase difference between the oscillators converges to a
constant value which is not equal to zero. Figure 3.3 shows the state of the system at
different time instants.

Figure 3.3 Shows the time evolution of two phase coupled oscillators in the phase plane. Oscillator 1 and
2 are denoted by red and black circles respectively. The oscillators have the same initial frequency, while
the phases are randomized as shown in a). c)-d) show the coupling effect, so that eventually the phase
difference between the two oscillators converges to the a constant value not equal to zero; f) shows the
frequencies of the two oscillators plotted as a function of time. The two oscillators eventually converge to
the same frequency.

The observations from simulation of two phase coupled oscillators for different initial parameters
can be summarized as follows:
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a. When the coupling strength K is greater than the critical value, the two oscillators are able
to achieve phase lock or phase synchronization only when they have the same initial
frequencies.
b. When the coupling strength K is greater than the critical value, the two oscillators
converge to the same frequency or achieve frequency synchronization, if that have
different initial frequencies. However, the phase difference does not go to zero but
reaches a constant value. This is called phase cohesiveness.

3.3 Kuramoto Model:
The two oscillator model is generalized for number of oscillators in the system,
each oscillator can be completely described by its initial phase

, where

and angular frequency

. This

is the Kuramoto model and is given by,

∑

(

)

(

)

where K is the coupling strength.
The analysis of this model was carried out by Kuramoto using an order parameter given by [33],

∑

Here, r is the coherence parameter which measures the amount of collective behavior in the
system and the variable

is the average phase of all the oscillators in the system.
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Multiplying both sides by

,

(

)

∑

)

∑

(

)

Equating the imaginary parts,

(

(

)

Therefore equation (15) becomes,

(

)

(

)

3.3.1 Coupling strength:
The transition of the oscillator system from an incoherent state to a coherent state (or
synchronization) is dependent on the coupling strength between the oscillators. The critical
coupling strength is defined as the threshold

for which the system moves from an incoherent

or desynchronized state to a partially synchronized state.
Kuramoto analyzed the model for a continuum limit where the number of oscillators was
considered to be infinite and the frequency distribution was considered as symmetric, continuous
and unimodal, centered at zero ( ( )

(

)). For such a system, it was shown that the
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incoherent state transitions to a partially synchronized state for a critical coupling strength [34]
given by,

(

( )

)

For a finite dimensional Kuramoto model, if the natural frequencies belong to an interval
and

are the maximum and minimum values, the necessary condition for the

existence of synchronized solutions in terms of the interval width was derived as [35,36],
(

)
(

(

)

)

3.3.2 Notions of synchronization:
The immediate results of the Kuramoto model can be distinguished as follows [37, 38]:
a. Phase lock or phase synchronization: This is the case where all angles
exponentially to a common angle

as

(t) converge

. This can only occur when all the natural

frequencies are identical.
b. Phase cohesiveness: This is the case where each pairwise distance

( )

()

converges to a constant value, which may not be zero.
c. Frequency synchronization: This is the case when all the frequencies
exponentially fast to a common frequency

as

.

converge
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d. Exponential synchronization: This is a combination of phase lock and frequency
synchronization or phase cohesiveness and frequency synchronization.
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Chapter 4
IMAGE PROCESSING ALGORITHMS
The analysis of the Kuramoto model and its results establishes its potential for application
towards image processing. The basic architecture of a network of oscillators which can be
completely defined by their initial phase

and angular frequency

and which are phase

coupled with each other is utilized for different processing tasks. The flexibility in applying this
network is:
a. Initializing the input oscillator parameters namely, the phase and angular frequency.
b. Output detection in terms of oscillator phase, frequency or time of convergence of
resonance.
c. Size of system or number of oscillators in the network.
Mapping of processing algorithms is thus achieved through the variation of these three
parameters. The four tasks targeted are: edge detection, image segmentation, image recognition
and motion estimation.
4.1 Edge Detection:
Edge detection is the process of identifying the points in a digital image in which the image
brightness changes abruptly or discontinuities. Under general assumptions [39], discontinuities in
image brightness are likely to correspond to: discontinuities in depth or surface orientation,
changes in material properties or variations in scene illumination. Ideally, the output of an edge
detection algorithm leads to a set of connected curves that indicate the boundaries of an object in
the image as well as curves corresponding to the other discontinuities described before. These
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edges may then be used to create bounding boxes, for subsequent processing. Hence, this reduces
the amount of data to be processed in the next step as well as filtering out the less relevant
information in the image and preserving the structural properties of the image.
With the coupled oscillator array, a sliding window approach is used for edge detection. In
this case, a window of a certain fixed size is slid over the entire image, so that all the pixels are
covered. At each step, the image patch beneath the window is subtracted from a template
generate virtually by replicating the center pixel in the window. The output of this differencing
operation is used to initialize the oscillator array. The number of oscillators in the array
corresponds to the size of the window or number of pixels in the window. This process is shown
in figure 4.1. The output of the array is the time taken for the array to converge or stabilize.
Now, the pixels which constitute the edges will be those which are most different from their
neighbors. Therefore the differencing operation for such pixels will result in an initialization of
the oscillator array in such a way, that the array takes the longest to converge or achieve
synchronization. On the other hand, the differencing operation for pixels which are similar to
their neighbors or which do not constitute discontinuities will initialize the array so that it will
converge or stabilize faster. This difference in time for convergence allows the determination of
whether a certain pixel is to be considered as an edge pixel or not.
4.2 Image Recognition:
A template matching approach is taken to achieve recognition of an image. This is made
possible by increasing the size of the array, so that the number of oscillators corresponds to the
number of
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Figure 4.1 Sliding Window approach used for edge detection. A 3x3 window is considered. This process
can be performed in parallel.

pixels in the images considered. In edge detection, the pixels which constituted the edges
resulted in longer convergence times and were hence identified. However, for image recognition,
a minimal difference between the template and input image will result in faster convergence of
the oscillator array. Therefore, in this case, faster the convergence of the oscillator array, the
more similar is the input image to the template image.
This approach is implemented by differencing the input image from each of the template
images which are either pre-learnt or stored. The output of the differencing operation is used to
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initiate the oscillator array while the output is the time for convergence of the system. The
system which converges the fastest is identified as the winner and the corresponding template is
declared as being most similar to the presented input image.
This operation is illustrated in figure 4.2.

Figure 4.2 Image recognition using template matching.

4.3 Image Segmentation:
Image segmentation is the process of dividing or partitioning an image into different segments
or sets of pixels. Segmentation hence tends to simplify the image by making it easier to analyze.
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Each pixel is assigned a label so that pixels sharing the same characteristics like color, intensity
or texture, share the same label.
For image segmentation, the phase cohesiveness aspect of the Kuramoto model of coupled
oscillators is exploited. Local assemblies or groups of oscillators which are initialized with the
same frequency tend to phase lock with each other, while phase difference between different
assemblies achieves a constant value. The entire system converges to the same frequency. Thus
the groups of oscillators are distinguished because of the phase difference, while there exists
phase synchronization between the members of each group.
In this case, the entire image is mapped to oscillator system so that each pixel in the image
corresponds to an oscillator and initializes its initial frequency. The phases of the oscillators are
randomized. Instead of the convergence time, the output is the individual phases of the
oscillators.
4.4 Motion Estimation:
Motion estimation is the process of determining the motion vectors which describe the
transformation of one image to the other, using adjacent frames in a video sequence. Applying
the motion vectors to an image to synthesize the transformation to the next image is called
motion compensation. A combination of motion estimation and compensation forms a key part in
video compression as used by the MPEG (Moving Pictures Expert Group) standards and other
video codecs.
The basic flow for the compression-decompression process is similar for the different
standards. The encoder estimates the motion in the current frame using a previous frame. A
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motion compensated image is then created from the previous frame as a representation for the
current frame. The motion vectors that have been determined in the process and the difference
between the compensated image and the current frame (which is encoded using some standard
like JPEG (Joint Photographic Group Expert)) forms the output, which is then transmitted. At the
decoder side, the received encoded image is used as a reference for the subsequent frame, while
the process is now reversed to form a full frame.
The most computationally expensive operation of this process is motion estimation and hence,
this area has received a lot of research interest in the past years. An important class of algorithms
to find motion vectors is ‘Block Matching’ [43]. The basic idea behind block matching as shown
in figure 4.3, is as follows: The current image or ‘anchor or reference image’ is divided into
several ‘macro blocks’. These macro blocks are then compared to the corresponding blocks and
neighbors within a certain range in the previous frame or ‘target image’. A vector is thus formed
to denote the movement of the macro block from its location in the anchor image to that in the
target image. This process is repeated for all the macro blocks formed in the image, so that the
result is a set of motion vectors describing the translation of each block.

Figure 4.3 Block matching motion estimation
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The matching of macro blocks is based on cost functions like Mean Absolute Difference
(MAD) and Mean Square Error (MSE). A metric to characterize the motion compensated image
created through the motion vectors from the reference image is the Peak Signal to Noise Ratio
(PSNR).
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Block Matching can be carried out using several different algorithms: Exhaustive or Full
Search (FS), Three Step Search (TSS), New Three Step Search (NTSS), Four Step Search (FSS),
Diamond Search (DS), etc. These different algorithms utilize the same basic idea of block
matching in different ways, to reduce computations and time to produce motion compensate
images.
For demonstration of the coupled oscillators approach for block matching, the block
comparison metric is established using the time for convergence of an oscillator array. The
macro block in the reference or anchor image is differenced with those in search range in the
target image and the output of this subtraction is used to initialize the oscillator array. The
oscillator array which converges the fastest is chosen as the winner and the corresponding macro
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block is declared as a match to that in the anchor image. A motion vector is then generated
through this result. This process can be carried out in parallel by considering a number of
oscillator arrays corresponding to the number of macro blocks in the search range.
Thus, the mapping of different algorithms is thus achieved by 1) varying the size of the
oscillator array, 2) input initialization and 3) output detection. Table 1 summarized these
different operations:
Algorithm
Edge Detection
Image
recognition
Motion
Estimation
Image
Segmentation

Number of
oscillators
9 (3x3)
Number of pixels
in image
Size of Block
Number of pixels
in image

Template source
Replication of
center pixel
Stored template
image
Anchor image
N/A

Oscillator
initialization

Output Detection

Template
difference

Time for
convergence

Image pixels

Oscillator phase

Table 1. Summary of operations for different image processing tasks.
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Chapter 5
RESULTS
5.1 Edge Detection:
Edge detection is applied through a sliding window approach, where the convergence time of
the oscillator array is used to determine if a pixel constitutes an edge or not, as mentioned in 4.1.
The Canny Edge detection algorithm is used to evaluate the output of edge detection using
coupled oscillator. The Canny Edge detector [40] is one of the most widely used and well know
edge detection algorithm. A brief comparison of the canny edge algorithm and coupled oscillator
edge detection is shown in figure 5.1.

Figure 5.1 Brief Steps of a) Canny Edge Detector and b) Coupled Oscillators
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In brief, the canny edge detection algorithm consists of five main steps: Blurring of the image
to remove noise which is done through the application of a Gaussian filter; gradients at each
pixel are obtained by applying the Sobel operator and only those pixels which have a large
gradient magnitude are marked as edges; the ‘blurred’ edges obtained in the previous step are
converted to ‘sharp’ edges are obtained through non maximum suppression, so that only the local
maxima are marked as edges; double thresholding is then used to obtain strong edges and weak
edges; finally ‘strong’ edges are marked as certain edges while only those weak edges which are
connected to strong edges are also include.
On the other hand, the first step in the coupled oscillators approach is the differencing
operation between the window image patch and virtually created template patch. In the second
step, the output of the differencing operation is used to initialize the oscillators. The interactions
in the oscillator system are then utilized to perform the comparison operations, so that detection
of their convergence time becomes the final step in determining status of a certain pixel.
To evaluate the algorithm, images from the COIL-20 database [41] and Berkeley
segmentation dataset [42] are used.
5.1.1 Coupled oscillators edge detection:
In the first set of experiments, a 3x3 window was considered, so that there are 9 oscillators in
the system. An all to all coupling is assumed i.e. each oscillator is connected to every other
oscillator in the system. Gray-scale images from the COIL-20 database are used. The critical
coupling constant is determined from the conditions mentioned in chapter 4 and [35, 36], since
this system consists of a finite number of oscillators. Each differencing operation is used to
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initialize the angular frequencies of each of the corresponding oscillators, while all phases are
randomized between 0 and 2pi. The time for convergence of the oscillator array to common
frequency is noted and is then used to determine whether that center pixel is ‘interesting’ or not,
by then comparing it with a threshold which is experimentally determined by comparison with
two cases: where the center pixel is completely different from all its neighbors and when the
centre pixel is the same as all of its neighbours. All simulations are carried out in Matlab
R2013a.
Figure 5.2 shows the output results for three different images for three different coupling
constants. The pixels identified as an ‘edge’ are marked white in the output images. The strength
of the detected edges or the number of pixels marked as an edge can be varied by varying the
coupling constant. The pixel information is used and the oscillators are allowed to perform the
computation. Therefore, the more ‘different’ a pixel is from its neighbor, greater the chance of it
being marked as an edge. Hence, there is some difficulty in identifying edges which separate
regions which do not have a very high contrast.
5.1.2 Comparison with the Canny Edge Detector:
In the next set of simulations, the results for edge detection are compared for the Coupled
oscillators approach and the Canny Edge detector. Images from the Coil -20 database are once
again used. The algorithm for the Coupled oscillators approach is the same as in the previous
simulations with the only difference being that the coupling strength is now kept constant for all
simulations. The Matlab function for the Canny edge detector is used.
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Figure 5.2 Edge detection using coupled oscillators. (a) – (c) are the original images; (d) – (f) are the
results for coupling strength, K =1; (g) – (i) are the results for coupling strength K = 2; (j) – (k) are the
results for coupling strength K = 3.

Figure 5.3 shows the results for this comparison. Images a) – c) are the original images, d) –
f) are the results of the Canny edge detector while g) – i) are the results of the Coupled
Oscillators method. It can be seen that the oscillators can detect edges reasonably well with just a
single pass. Bounding boxes created from the edges obtained through the two methods are
compared and it is found that there is more than 90% overlap.
The two methods are also compared for more complex and ‘real-world’ images. Figure 5.4
shows the results obtained for an image from the Berkeley Segmentation dataset [42]. Image a) is
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the original image, b) is the result of the canny edge detector while c) is the result of the coupled
oscillators. In this case, the oscillators fail to pick out the facial features of the man, but still
provide a good outline which is used to create a bounding box.

Figure 5.3 Edge detection comparison for the Canny edge detector and coupled oscillators; (a) – (c) are
the original images; (e) – (f) are the results for the canny edge detector; (g) – (i) are the results for the
coupled oscillators

Figure 5.4 Edge detection comparison for an image from the Berkeley database; (a) is the original image;
(b) is the result of the canny edge detector; (c) is the result of the coupled oscillators
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5.2 Image recognition:
Image recognition is applied through a template matching approach. An input image is
presented to a number of template images which are either pre-learnt or stored. A differencing
operation is then carried out between the former and each of the template image, which is then
used to initialize an oscillator array by setting the frequency of each oscillator, while the phases
are randomized between 0 to 2pi. The coupling strength is once again derived from the
conditions defined in [35, 36] and is kept constant for all the simulations. Therefore for N
template images, there are N oscillator arrays with the number of oscillators in each being the
number of pixels in the template images. The array which converges the fastest is then chosen as
the winner and the corresponding template image is declared as being most similar to the input
image. The convergence is detected through a function resembling a peak detector and
monostable multivibrator, which is triggered on as soon as the oscillator array settles to the same
frequency. All simulations are carried out in Matlab R2013a.
Since the algorithm relies on the spatial correlation between the template and input image,
large variations in the viewing angle can impact its performance. To evaluate this performance,
images from the COIL-20 database with some variation in viewing angle, are chosen.
Figure 5.5 shows the simulation results for the recognition simulation on images of the same
object, but viewed from different angles. Image a) is the input image while b) – g) are the
template images which are stored. The graph j) shows the output of the detector which triggers
on as soon as convergence is achieved for each oscillator array. The simulation results in the
fastest convergence of the array corresponding to template b), which is hence chosen as the
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winner. Template c) is the second most similar image and so on. For the templates e) - g), the
convergence time is longer, since the images are from very different views as compared to the
input image.

j)
Figure 5.5 Image recognition for images of the same object under different viewing angles; (a) is the input
image; (b) – (g) are the template images; the algorithm correctly picks (h) or (b) as being most similar to
the template and (i) or (c) as the next and so on; (j) is the graph of time (a.u.) vs detector output (a.u.) for
the algorithm showing the convergence times for each comparison that is made.

Next, an input image is now evaluated against templates of images belonging to different
objects rather than the same one. The objective behind this is to evaluate till which viewing
angle, can a template image be correctly picked when compared to the input image. In figure 5.6,
image a) is the input image while images b) – f) are the template images and the graph g) is the
output of the detector. Template b) corresponds to the most similar template while c) – f) are
completely different. Correspondingly, oscillator array corresponding to template b) converges
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the fastest so that the algorithm correctly picks template b) as the true image. Therefore, the
algorithm successfully points out the most similar template to the input.

b)

Figure 5.6 Image recognition for images of different objects to identify the extent of the viewing angle
upto which the algorithm can correctly identify the right image; (a) is the input image; (b) – (f) are the
template images; the algorithm correctly picks (b) as being most similar to the template; (g) is the graph
of time (a.u.) vs detector output (a.u.) for the algorithm showing the convergence times for each
comparison that is made.

Figure 5.7 shows the case where the algorithm fails to pick up the right template. Image a) is
the input image while b) – f) are the template images and graph g) is the detector output. In this
case the image of the same object as the input is template b), which is however, taken from a
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very different viewing angle. Here, the algorithm incorrectly picks up template c) as being most
similar to the input image.

Figure 5.7 Image recognition for images of different objects to identify the extent of the viewing angle
upto which the algorithm can correctly identify the right image. In this case, the algorithm fails to pick the
right image; (a) is the input image; (b) – (f) are the template images; the algorithm wrongly picks (c) as
being most similar to the template; (g) is the graph of time (a.u.) vs detector output (a.u.) for the algorithm
showing the convergence times for each comparison that is made.

Finally, for the overall evaluation of the algorithms image identification capability, 11 images
from 5 different categories of the COIL-20 database are chosen. Of the 11 images, one image is
chosen randomly as the template for that category, while the remaining are considered as input
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images. Therefore, there are 5 templates (figure 5.8) and 50 input images (shown in Appendix
A). Each of the input images is evaluated using the oscillator platform. The result of this
evaluation is shown in table 2. For the ‘Bird’, ‘Vaseline’ and ‘Container’ category, the algorithm
works reasonably well, but for the ‘Block’ and ‘Car’ categories, the percentage of correct
identification drops below 50. This drop demonstrates the pixel by pixel correspondence that is
utilized and the limitation in terms of the viewing angle and hence, is not invariant to rotation

Figure 5.8 The templates used for each object.

Template

True
Positive

False
Positive

Total

Duck

9

1

10

Block

4

6

10

Car

3

7

10

Vaseline

10

0

10

Container

9

1

10

Table 2. Results of the image recognition simulations carried out on images from the COIL- 20 database.
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5.3 Image Segmentation:
For image segmentation, the phase cohesiveness behavior of the oscillator system is utilized
to partition an image into different segments. Here, the pixels sharing the same value are
categorized into the same segment. An input image is mapped as it is onto an oscillator array so
that each pixel corresponds to an oscillator, and so that the pixel is used to initialize the
frequency of that oscillator. For a NxN pixel sized image, there are NxN number of oscillators in
the array. An all to all coupling is assumed while the phases are randomized between 0 to 2pi.
The coupling strength is derived from the conditions defined in [35, 36] and is kept constant for
all the simulations. The output is the individual phase responses of the oscillators. All
simulations are carried out in Matlab R2013a.
A hand drawn gray-scale image (100x100 pixels), as shown in figure 5.9 a) is used as the
input image. It can be clearly seen that the image consists of four distinct shapes at different gray
levels. There is also an overlap between two of these shapes. Figures 5.9 b) – g) show the time
evolution of the phase of the oscillator array after its initialization through the input image. As
shown, at time instant t = 0, all the oscillators have random phases. As time evolves, the
interactions between the oscillators due to the coupling between them results in phase locking of
groups of oscillators, which were initialized at the same frequency or groups of oscillators
corresponding to pixels sharing the same gray scale values. After a certain time, the oscillator
system has converged to the same frequency, while groups of oscillators are phase locked with
each other. Therefore, the different segments in the image can now be determined by isolating
these different groups of oscillators and their corresponding pixels.
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The oscillator system is then applied to real world example: MRI image of the human head
(100 x 100 pixels). Figure 5.10 shows the time evolution of the oscillator array for this image.
Groups of oscillators corresponding to the same pixel values phase lock, while the entire system
converges to the same frequency. These groups of oscillators and the corresponding pixels can
then be isolated.

Figure 5.9 shows the time evolution of the individual phases of the oscillator array after initialization
using the hand-drawn image ‘Shapes’; (a) is the input image that is mapped to the array; (b) – (g) shows
the phases of the array at different time instants (white = 0 and black = 2pi radians)

44

Figure 5.10 shows the time evolution of the individual phases of the oscillator array after initialization
using the image: ‘MRI scan of the brain; (a) is the input image that is mapped to the array; (b) – (g) shows
the phases of the array at different time instants (white = 0 and black = 2pi radians)
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5.4 Motion Estimation:
For demonstration of coupled oscillators for motion estimation, the most traditional block
matching algorithm is chosen: Full or Exhaustive Search. Here, the reference or anchor image is
divided into a number of blocks. The size of the macro block is taken to be 16x16 pixels.
For Full Search, each macro block from the anchor image is searched over a particular range,
‘p’ in the horizontal and vertical direction in the target image as shown in figure 5.11. For each
search, the reference macro block is subtracted from that in the anchor image and the output of
this differencing operation is used to initialize the oscillator array, by setting the initial
frequencies of each oscillator, whose size is correspondingly, 16x16. The phases are randomized
between 0 and 2pi. The oscillator array which converges the fastest is chosen as the winner and
the difference in positions between the reference macro block and the corresponding target block
is used to create a motion vector (x, y) which denotes the displacement in the horizontal and
vertical direction. This process is continued until all the macro blocks are covered.
The dataset used is the CIPR Sequence set [43] which contains several video sequences of
varying resolutions. All simulations are carried out in Matlab R2013a.

p

p

Figure 5.11 Full or Exhaustive Search. Here, p is the search range.
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The sequence ‘caltrain’ contains 33 frames, each of resolution 512x400. A single frame from this
sequence is randomly chosen as the anchor image, while an image after a distance of 2 frames
from the anchor image is chosen as the target image. The search range ‘p’ is set to 4. The two
frames are then subjected to the Full Search block matching algorithm using coupled oscillators
and the traditional MAD metric to produce motion vectors and then, a compensated image. The
compensated image in both cases is then compared with the target image using the PSNR metric.
Figure 5.12 shows this process. 5.10 (a) is frame number 25 which is the anchor image, (b) is
frame number 27 which is the target image, (c) is the compensated image formed using coupled
oscillators while (d) is the compensated image formed using the traditional method. As can be
seen, the coupled oscillators provide comparable results.

Figure 5.12 (a) Anchor image (frame number 23); (b) Target image (frame number 25);
(c) motion compensated image using coupled oscillators (PSNR 31); (d) motion
compensated image using MAD (PSNR 35)
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Another sequence, ‘salesman’, contains 449 frames of resolution 360x288. Once again, an
anchor image and a target image are chosen and the process of block matching using coupled
oscillators and the traditional method is repeated. All other factors in the simulation are kept
constant. Figure 5.13 shows the results for this set of images. 5.11 (a) is frame number 3 which is
the anchor image, (b) is frame number 5 which is the target image, (c) is the compensated image
formed using coupled oscillators while (d) is the compensated image formed using the traditional
method. Once, again it can be seen that the computations performed using coupled oscillators is
capable of providing reasonable good results.

Figure 5.12 (a) Anchor image (frame number 3); (b) Target image (frame number 5); (c)
motion compensated image using coupled oscillators (PSNR 32); (d) motion compensated
image using MAD (PSNR 33)
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Chapter 6
SUMMARY AND FUTURE WORK
The thesis thus demonstrates the application of a network of coupled oscillators for image
processing. The mathematical model used, its implementation and application is described. The
results of the image processing tasks using the coupled oscillator approach are provided in detail.
The complex computations involved in the traditional algorithms are replaced by taking
advantage of the oscillatory dynamics and it is shown that the same oscillator array can be used
for a variety of functions just by changing the input initialization and output detection schemes.
This flexibility makes the array useful for practical applications.
However, since this work provides a general foundation, the future work on this topic will
relate to studying the dynamics in actual coupled devices and mapping the properties of such
devices to this foundation, as well as providing an analysis of the input-output circuitry and
power performance evaluation of such networks.
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Appendix
Images used for recognition task
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