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CHAPTER 1 

INTRODUCTION 

Studies have been done in the field of neuronal circuits in the visual cortex of adult 

and developing animals to better understand how specific neural components contribute to 

the computations that give rise to visual perception. During one such study, it was noticed 

that there is a definite tendency to group some objects in the visual field together. Objects 

tend to fall into a group if they appear to belong together even if they are spatially distant 

from each other. Each group is then treated as a separate perceptual entity. 

1.1 Grouping of Objects by Biological Visual Systems 

Rules and theories have been developed on the stimuli properties that dictate 

tendencies to group them together. The factors that influence grouping of objects have 

been listed to be proximity, similarity, closure, continuity, symmetry, simplicity and 

common fate of the objects with regard to their orientation, direction of motion and 

velocity of motion. 

A study of these factors becomes complex owing to the fact that some or all of 

these factors may affect grouping with varying strengths pertaining to specific cases. 

Depending on the case under consideration, one factor may overrule another factor or 

promote the influence of another factor. 

Synchronization of oscillatory responses from the brain has been under study for 

the past few years. Recent studies on the visual system prove synchronization to be a 
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method adopted by the biological visual system to link functionally related cell assemblies 

in the visual cortex, functions being representation and processing of various features of 

stimuli. Studies show that there are many cell assemblies representing a certain stimulus 

feature and these synchronize when they are stimulated. 

The study of oscillatory activity in the visual cortex has recently gained interest 

because stimulus induced neural oscillations have been shown to synchronize across large 

cortical distances as a function of global features ofthe stimulus [2]. 

Another interesting aspect of this discovery is that cell assemblies synchronize with 

close to zero phase difference when they are stimulated by stimuli that are similar with 

regard to the feature they represent. Thus, phase difference acts as a salient metric in the 

detection of similarity relationships in biological visual systems. 

1.2 Role of Artificial Neural Networks 

Our visual system excels in pattern recognition. None of the artificially designed 

systems even come close to our level of performance. A promising approach, thus, is to 

identify those neural features, which contribute to the successful biological pattern 

recognition and develop artificial systems based on them. In some areas of pattern 

recognition and classification, neural networks perform better than statistical classifiers 

because they are non-parametric and also possess the capability to learn. 



1.3 Intention ofthe research 

It has been observed that neural nets typically provide a greater degree of 

robustness or fault tolerance. Thus, the research was based upon the need to develop an 

artificial neural network, which helped in the detection of object similarity with respect to 

a cat's primary visual cortex. 



CHAPTER 2 

LITERATURE SURVEY 

2 1 Stimulus Evoked Responses : Synchronizations and Phase Locking 

The following is a review of some of the major aspects of the literature that are 

relevant to this research. 

R. Eckhom et al. [2] have done experimental research on stimulus evoked 

responses on an adult cat's visual cortex. The response signals were obtained 

simultaneously from multiple sites with many electrodes. They obtained the following 

results on analysis ofthe response signals. 

• Response signals were oscillatory in nature. 

• Response signals were coherent and when at least one of the primary coding 

properties was similar in the stimuli, there were coherent oscillations with close to 

zero phase difference. 

• Coherency of oscillations was found: 

• within a cortical column 

• between neighboring hypercolumns 

• between two different cortical areas 

The authors have inferred the following based on their analysis: 

• Stimulus evoked resonances are likely to constitute a higher stage in sensory 

coding. 



• Assemblies of neurons can dynamically define local regions based on parameters 

such as homogeneity of features of a visual scene and/or simultaneous activation. 

• Spatially distant but functionally close connected assemblies that transiently 

represent linking features are labeled for their similarity continuity and simultaneity 

by coherent oscillations. 

Similar work has been done by another group of neurophysiologists, Charles M. 

Gray et al. [1]. They have studied stimulus evoked responses from a cat's primary visual 

cortex. Stimuli in this case were either one or two light bars moving in the same or 

opposite directions. Response signals were obtained for different orientations and 

movement directions of the light bars. Analyses of response signals have led to the 

following inferences: 

• Synchronizations of oscillations by neuronal assemblies may be a way to establish 

relations between features of objects in different parts ofthe visual field. 

• Synchronization is sensitive to global features ofthe stimuli. These global features 

could be continuity, orientation and coherency of motion. 

• Phase relationships between synchronized oscillations represent similarity 

relationships with respect to a particular feature. 

• Synchronization could have a more powerful general function because it is a 

powerful mechanism to establish dynamic, transient relationships between cell 

assemblies. 



Pierre Baldi and Amir Atiya [3] in their work have analyzed the experimental 

results fi-om Cjray et al. and Eckhom et al. In their paper, they have suggested oscillatory 

systems that conform to some of the biological findings. The models suggested use the 

coupled limit cycle approach to generate stable oscillations. 

The models discussed in their paper exhibit quasi-sinusoidal oscillations at 

bifurcation. Two networks of similar characteristics, based on the models suggested in 

their paper, would oscillate at the same fi^equency. The oscillations of these two networks 

may differ in their phases, owing to the differences in their initial conditions. If these two 

networks are perturbed by the same input, they would, then, oscillate at the same 

frequency and phase. 

The authors have also furnished significant experimental results to prove the 

validity and stability of the models with regard to the synchronization and phase locking 

phenomenon. 

2.2 Similaritv in Visual Perception 

Max Wertheimer [4] has furnished the results of his experiments on human 

subjects regarding their tendencies to group objects together. The author infers that: 

• Humans group objects on the basis of proximity, similarity, continuity, closure, 

habit or experience. 

Similarity relationships overrule proximity relationships. 



• Grouping is a way of perceptual organization by which individual objects are 

perceived as part of whole entities. 

James R. Pomerantz [7] claims that relational features like proximity, similarity and 

continuity emerge from a given set of stimuli. Higher level cognitive processes group 

objects based on these emergent features. The possibility of many other features that 

influence grouping being present also exists. It seems impossible at this time to envision a 

scientific approach that determines all such features and their varying strengths of 

influence on grouping. 

2.3 Inferences 

The following could be inferred from the literature survey: 

• Grouping of objects in a visual field is a perceptual phenomenon. 

• Similar objects tend to get grouped together. 

• Similarity relationships between objects are dictated by global stimulus 

properties like orientation, simultaneity and coherency of motion. 

• Visual cortical columns which respond to a certain feature of stimuli oscillate 

coherently. 

• Receptive fields which receive stimuli similar in a certain feature evoke 

synchronized oscillatory responses with minimal phase difference in the cortical 

columns corresponding to that feature. 



CHAPTER 3 

RESEARCH PROBLEM AND OBJECTIVE 

Synchronization of oscillations, as evident fi-om the literature survey, is a 

mechanism prevalent in biological systems to link functionally related neuron assemblies. 

Studies suggest that differences in the oscillator phase could be used to label different 

objects in the visual scene for subsequent processing in higher visual areas. Similarity of 

objects in a certain feature, thus, would cause closely phase locked oscillations in the 

cortical columns that process that feature. Objects that are dissimilar beyond a certain 

degree would thus cause a measurable phase difference. 

These ideas led to the problem domain of building a network that represents 

similarity between objects, with respect to certain feature, with closely phase locked 

synchronous oscillations. Such a model could be regarded as a step towards building more 

powerfiil models that group stimuli with phase relationships. Several network 

architectures have been proposed to account for the phenomenon of cooperative feature 

linking between oscillating neurons which group stimuli with phase locked relationships. 

The network to be developed in this research is to imitate the biological visual system in 

the manner in which it characterizes similarity, by method of phase locking of 

synchronized oscillations. 

The main objective of the work done was to determine a method by means of 

which object similarity could be measured. The purpose was to give the user an idea as to 

how similar two objects are and this similarity would be measured in terms of phase 
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difference. The more dissimilar the objects, the greater will be their phase difference and 

the more similar they are, the lesser will be the phase difference. 

For the purposes of experimentation, some sample binary pattems were generated 

of fixed size. Basically, these images were bitmap files fi-om which the input vectors were 

derived. These input vectors were fed to the feature extractor and the output fi-om the 

feature extractor was input to the oscillatory units. For purposes of comparison, pairs of 

images were tested in each experiment. The two corresponding outputs from the 

oscillatory units formed an input to the phase comparator which determined how similar 

or dissimilar the two input pattems were based on the phase difference. 

Some of the other results that were analyzed in the course of this work were 

determining the extent to which the network remained tolerant to unwanted noise in the 

patterns. As regards to the oscillatory clusters, the system was studied for stability and 

sensitivity. The stability of the system was studied under the perspective of the capability 

of the system to always settle at the limit cycle, thereby proving it to be oscillatory in 

nature. The system was tested for this with very low and very high magnitudes of 

perturbation. 

The sensitivity of the system was also tested. For this, the effect of the distance 

between the input vectors on the phase difference in the oscillations they cause, was 

thoroughly investigated. 

In order to evaluate the overall performance of the system, a threshold value to 

indicate maximum phase difference was made use of Pairs of pattems, which produced a 



phase difference that was less than this threshold value were considered similar. To 

achieve this end, noisy pattems generated fi-om the exemplars were made use of 
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CHAPTER 4 

MODELLING AND DESIGN 

It often occurs that sensory inputs may be mapped in such a way that it makes 

sense to talk of one stimulus being "close" to another according to some metric property 

of the stimulus. The simplest example of this occurs when the metric is just the spatial 

separation of localized sources. That is, if a grid or a grating of altemating dark and light 

lines is presented to the animal, the cell will respond most strongly when the lines are 

oriented in a particular direction and the response will fall off as the grating is rotated 

either way from this preferred direction. Thus, two grating stimuli are now "close" 

together if their orientations are similar. This defines a metric or measure for the stimuli. 

Some work has already been done in this regard using the Hogg and Huberman 

model by Mr. Ravi Sundaar, as part ofthe master's thesis, Texas Tech University [5] for 

the feature extraction part. The model was based on unsupervised leaming and self-

organization. The tendency of the Hogg and Huberman model was to always drive the 

outputs ofthe nodes to a saturation value. As the number of layers increased, greater were 

the chances that the output reaches saturation value. This imposed a further limitation on 

the number of choices on the fixed point attractors. The experiment consisted of a series 

of tests with the number of layers being different in each test. These tests proved that the 

tolerance level of the network increased with the number of layers in the Hogg and 

Huberman model. Again, for the same set of pattems, different fixed point attractors may 

be formed by a change in the order in which the pattems are presented to the model. Thus 
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the working of the Hogg and Huberman model is subjective to the pattem set that is 

considered. Because of these reasons, the Hogg and Huberman model needs to be trained 

prior to fitting them into the system. Most biological systems do not adopt this approach. 

The fact that the feature extractors had to be trained prior to the implementation 

led us to this current research to somehow try and make the feature extraction unit an 

unsupervised, competitive and a self-organized unit. Literature surveys and various 

independent studies led us to the Kohonen Model [Figure 4.1] which is an unsupervised, 

competitive and a self organizing model. The reasons for choosing this model are 

discussed below. 

If we were to train a competitive neural network on a set of gratings then each cell 

(unit) would leam to recognize a particular orientation. In the visual cortex, cells with the 

same orientation tuning are placed vertically below each other in columns perpendicular to 

the surface ofthe cortex. The orientation tuning over the surface forms a kind of map with 

similar tunings being found close to each other. These maps form what is called the 

topographic feature maps which need to be self-organized. 

In a self organizing feature map, the neurons are placed at the nodes of a lattice 

that is usually one-dimensional or two-dimensional. The neurons become selectively 

tuned to various input pattems (vectors) or classes of input pattems in the course ofthe 

competitive leaming process. The locations ofthe neurons so tuned (i.e., the winning 

neurons) tend to 
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Figure 4.1. The Kohonen Model. 
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become ordered with respect to each other in such a way that meaningfiil coordinate 

system for different features is created over the lattice. 

The Kohonen neural network is a self-organizing technique that allows to project 

multidimensional points to two-dimensional network. The two key concepts in 

understanding the Kohonen Model is that they are competitive and self-organized. The 

Kohonen network consists of a layer of nodes each of which is connected to all the inputs 

and which is connected to some neighborhood ofthe surrounding nodes [Figure 4.2]. 

Competitive leaming is simply finding a neuron that is most similar to the input 

pattem. The network modifies this neuron and its neighborhood neurons (competitive 

leaming with self-organization) to be even more similar to it. 

In order to achieve the above objectives, the model [Figure 4.3] to be built has 

been envisioned to possess some ofthe essential characteristics ofthe brain with regard to 

pattem leaming recognition and grouping. The model thus is to possess the following 

features: 

• Unsupervised leaming of object pattems; 

• Feature extraction from the stimuli on various receptive fields; 

• Oscillatory clusters with the capability to synchronize and oscillate at the same 

phase for the same input; 

• A mechanism to detect phase differences between oscillatory signals. 

The experimentation ofthe model will be done in three steps namely: 

• The Feature Extraction and Leaming, 
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K : The feature extraction unit consisting ofthe Kohonen model 
O : The oscillatory clusters 
P : The phase comparator unit consisting ofthe multiplier and the filter 
M: The multiplier 
F : The binomial filter 

Figure 4.3. The Designed Model 
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Oscillatory Clusters, 

Phase Comparator Unit. 

4.1 Feature Extraction and Pattem Leaming 

The Kohonen model will be used for feature extraction and mapping for the 

following reasons: 

• It is a successful model depicting how topography preserving maps can be 

formed by self-organization in the brain. 

• It is an unsupervised, self-organized, competitive algorithm. 

• It defines a similarity space between the map and the input space. Based on 

this, a measure ofthe neighborhood preservation properties ofthe map can be 

defined as a correlation between the similarity of a pair of elements ofthe map 

and the similarity of their embeddings in the input space. 

• The outputs fi-om this model would be the same for similar pattems and 

different for dissimilar pattems. 

• It generates a mapping of an input signal vector I of an N- dimensional real 

space onto a one-dimensional or two-dimensional topological space where the 

output neurons are mapped. The map is generated by adjusting the weight 

vectors of neurons W to the input vector I, so that the topological relationships 

ofthe weight vectors successfully preserve the essential features ofthe inputs. 
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The Kohonen leaming mle can be written in its most basic form as: 

Step 1 

Initialization: select the size and stmcture ofthe network. 

Initialize WH with small random values. 

Step 2. 

Present an input pattem vector I(tk) to each neuron in the network. 

Step 3. 

Compute the distance between I(tk) to all neurons, or the matching scores di's. 

di = II I(tk) - Wi (tk) II 

where ||*|| is the euclidean norm or the infinity norm 

Step 4. 

:th Select the i neuron closest to I(tk) or the minimum distance dî  

di*= min(di) 

Step 5. 

Update weight vectors ofthe i* neuron and its neighbors. 

Wij = eta * A.(i,i*)(Ij - Wij) 

where eta is usually a slow decreasing fiinction of time, 0 < eta < 1 and 

X is the neighborhood function. 

Step 6. 

Repeat from step 2. 
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4.2 Oscillatorv Clusters 

The oscillatory clusters are to be based on the continuous time analog neuron 

model suggested by Pierre Baldi and Amir Atiya [3] for the following reasons: 

• Similar clusters would oscillate at the same fi-equency and hence would be 

considered as synchronized. 

• These oscillatory clusters would oscillate in close phases if perturbed by the 

same or closely similar input vectors. 

• The clusters would oscillate in different phases if perturbed by input vectors 

that are different from each other. 

• The system is very stable at its bifurcation in the sense that it would always 

converge to its limit cycle even if perturbed by a very large stimulus vector. 

• The oscillatory clusters would be considered to be the various cortical columns 

in the brain. 

4.3 Dynamics ofthe Oscillatory Clusters 

The intemal state of each neuron "i" in the oscillatory clusters , is represented by Ui 

and its output by Vi. Every neuron has a gain "gi" and the characteristic time constant "Q" 

associated with it. The output from the neuron "i" is given by the relation. 

Vi = tanh (gi * Ui). 

Each neuron updates its intemal state using a non-differential linear equation given by 
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du, u JL 
-r = -~+y(T *v) dt M 

where Tij is the weight associated with the connection mnning fi-om neuron j to neuron i. 

Let 1 be the number of layers in a cluster and mi be the number of neurons in a 

layer "i". The characteristic time constant "Ci" and the gain factor "gi" are constrained to 

be the same for all the neurons in the layer "i". The weights associated with the 

connections that mn fi-om layer 'i-T to 'i' are to be the same and hence could be 

represented by "Tij.i", where Tio = T12. 

LetA = Y\T„_„B = Y\g,M-Y\^, 
/-I 1-1 1-1 

The number of inhibitory layers in this system is constrained to be odd to facilitate 

oscillations. The network can be substituted with a cooperative network i.e., the weights 

in the network are positive quantities, if the number of inhibitory layers is even. A 

cooperative network will not facilitate oscillations. 

For this system the origin is the only equilibrium point. The stability of the system 

about the origin can be determined by the eigenvalues of the Jacobian matrix. The 

nontrivial eigenvalues "a" ofthe Jacobian can be found to be the 

Y\{a + —) = ABM 
1=1 

solutions ofthe equation. 

20 



If Ci - c, then the eigenvalues ak are given by the equation 

1 1 e'(2*-»n 
a, = — + {ABM)- — , k = \,2,....J,wherei = A M . 

c I I 

If the real part ofthe eigenvalues are 

{ABM)-co^{^-)>^, 
lie 

then the origin becomes unstable. Otherwise the equilibrium point is stable. Thus as the 

weights, gain parameters and the number of neurons in a layer are varied, there could be a 

transition ofthe equilibrium point from being stable to unstable. At this point, a limit cycle 

is formed around the equilibrium point. 

At the limit cycle, the oscillations are quasi sinusoidal. Approximating the 

oscillations to sinusoidal oscillations, an equation to determine the time period and the 

frequency ofthe oscillations can be obtained as 

2]arctan(c^<y) = n. 
1=1 

Thus, the network would operate under certain conditions and the neurons in any 

layer would have a phase difference of zero. 
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4.4 Phase Comparator I Init 

The phase comparator unit has a multiplier and a low-pass binomial filter. Outputs 

fi-om a node on the topmost layer fi-om both the oscillating clusters will be multiplied in 

the multiplier unit. The product will contain a frequency component and a constant, which 

is related to the phase difference as shown below. 

Since the outputs from the oscillating clusters are sinusoidal, the inputs to the 

multiplier could be considered to be 

cos(a)t) and cos(a)t + ̂ ). 

Hence, their product is 

cos((ot)*cos(©t + ()))= l/2[cos(©t) + cos(a)t + (|>)]. 

The output from the multiplier is fed into a low-pass filter to retrieve the DC 

component. The low-pass filter that is used here is a binomial filter. This binomial filter 

takes "n+1" discrete samples ofthe output fi-om the multiplier to obtain the binomial 

average. 

If vO, vl, ..., vn are the sample values then. 

-cos(^) = - ( )Vo+( )v,+... + ( )v„ 
0 1 n 
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Here, 

n 

s=S(:) and 
*=i 

is a binomial coefficient and O is the phase difference. 

From this, the phase difference ofthe two sine waves input can be calculated. This 

was the same filter as used by Sundaar. 
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CHAPTER 5 

METHOD OF EXPERIMENTATION 

The model designed in this research was simulated by software to enable 

verification of design, experimentation and analysis. There were three distinguishable 

phases in this process, which are stated as below. 

1. Generation of Data, 

2. Training Phase, 

3. Experimentation ofthe simulated model. 

Each ofthe three phases are explained in detail below. 

5.1 Generation of Data 

As there was a need to test a few input pattems [Figure 5.1], this phase involved 

generation of some simple binary image pattems of size 24 * 24 pixels each [Figure 5.2]. 

The "Icon Editor" tool available on Solaris systems was used for this purpose. 

Basically, there were two types of pattems that were generated. The first type was 

the exemplar pattems and the second set of pattems was the noisy pattems. In all, there 

were eight exemplar pattems generated. Noise, in the form of disturbing a few pixels in 

these exemplar pattems, was used to generate the noisy pattems. 
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(a) (b) 

(c) (d) 

Figure 5.1. Exemplars 1 to 4. 

25 



m — 

!iiiii««««tiafl 

>*^.'fifc.v>&;.:2kai.^^.'. a . . ^ . . .& . ^ . & - J . I . X . - . ! . ^ V . - K V - ! ^ ^^x-.•.'.£•.-.•.w.•.•.•.... 

:':-:-:S<xS: .< 
>!».>*>sr*«*.<:<j;i:r 

.':':'?''*'?*>'s*!i.?J^rr;*>^«.<'»»'«>-*|^ 

(e) (0 

'1< :•"*: -t.---^ 

;:<j:;s>S-..^^hi.:;;;;:::5 . i I i S . •: • 

4i.ii.«i>*i>t 

fclp 

•;;x ir;:;xJ 

(g) (h) 

Figure 5.1. Continued. Exemplars 5 to 8. 
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Figure 5.2. The transformation of a pattem into an input vector, (a) Binary array of 
pattern 8; (b) Input vector for Kohonen Model of pattem 8. 
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In order to use these pattems in the software, these pattems were converted to 

arrays of size 24 * 24 containing 0 's and I's and blocks of 8 * 8 elements in each 24 * 24 

size array were averaged to obtain vectors containing nine elements each. 

The values in these vectors were to be constrained between Smax and Smin, the 

two pre-defined values for the feature extractor (the Kohonen Model), using the formula 

Ii = [Ai/64(S„«-S„u„)] + S mm 

where Ii is the i element ofthe new vector and Ai is the i element ofthe original 

vector. Thus, the two-dimensional binary pattems were transformed into a single 

dimension vector consisting of 9 elements each. This single dimension vector would be the 

input to our software model during the training phase ofthe experiment. 

5.2 The Training Phase 

The Kohonen Model was trained using the vectors obtained during the data 

generation phase from the exemplar pattems. The Kohonen Model used here consisted of 

a single layer of neurons and was in the form of a two-dimensional lattice containing 7 

rows and 7 colunms. 

The parameters for the model were chosen arbitrarily as Smax = 8 and Smm = -8. 

These values were the same for all the simulation experiments with the Kohonen Model. 

The input vectors were fed into the model in a sequential manner one after 

another. The model was first trained using the input vectors corresponding to the eight 

28 



• 

exemplar pattems. The time involved in processing all the vectors in a sequence once can 

be referred to as a period. The Kohonen Model leams the input pattems by adjusting its 

memory values and associating each input vector to a neuron in the two-dimensional 

lattice. This neuron is known as the "winning neuron" corresponding to that particular 

input vector. The training goes on for a few thousand iterations and stops when the 

different outputs (in this case, the Euclidean distance between the winning neuron and the 

input vector) corresponding to all the input vectors do not change for two successful 

periods (iterations). 

Thus the Kohonen Model transforms each 9 element input vector to a value 

corresponding to the Euclidean distance between the 'winning' neuron and the input 

vector. 

5.3 Experimentation ofthe Simulated Model 

The stage of the research can be well explained by describing in detail the 

transformation of data occurring at the different units through which the data flows. The 

different units through which the data flow are: 

1. Feature extraction unit, 

2. Oscillatory clusters, 

3. Phase Comparator Unit. 

Pairs of image pattems are selected and the input vectors corresponding to these 

pairs constitute the basic data elements that flow through the model. The effect of the 

various units on the data that flow through them are described as follows. 
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5.3.1 Feature Extraction Unit 

It consisted of two Kohonen Models each composing of a two-dimensional lattice 

of neurons. For experimentation purposes, the two-dimensional lattice was 4 * 4 in size. 

These two models were the basic feature extraction units. The memory values in both the 

Kohonen units are identical and these were obtained during the training phase. 

The input to the feature extraction units thus was a pair of input vectors with 9 

elements each, obtained from the previous phase. The feature extraction units transformed 

each of these 9 element input vector into a values corresponding to the Euclidean distance 

between the winning neuron and the input vector [Table 5.1]. 

5.3.2 Oscillatory Unit 

The oscillatory unit consisted of a pair of identical oscillatory clusters with 3 layers 

each. Each layer in the oscillatory unit consisted of 16 neurons corresponding to the 16 

possible "winning" neurons from the previous phase (the Kohonen Model). The gain 

parameters and the characteristic time constants for all the neurons in both the clusters 

were assigned the same values. The weight values between the neurons in the 

corresponding layers in both the clusters 
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Table 5.1: Output from the feature extractor. Input vectors and the 
corresponding output vectors for the exemplars 

Pattem 

Number 

1 

2 

3 

4 

5 

6 

7 

8 

Input Vector 

-4 0 ^ 0 8 0 ^ 0 ^ 

- 7 0 - 7 0 8 0 - 7 0 - 7 

-8 - 4 - 8 - 8 4 -3 -8 -4 -8 

- 3 - 3 - 8 2 8 2 -3 -3 -8 

-5 2 - 5 - 8 3 -8 -5 0 -5 

- 7 1 - 7 1 8 2 - 7 1 - 7 

-5 -2 -5 -2 0 -2 -3 -2 -3 

- 2 - 6 ^ - 5 - 2 - 5 - 4 - 6 -2 

Output vector 

- 4 1 - 3 0 8 1 - 3 1 ^ 

- 7 0 - 7 0 - 7 1 - 7 0 -7 

-7 ^ - 7 - 8 4 -3 -8 -A -7 

- 4 - 3 - 8 2 8 2 ^ - 2 -8 

-6 1 - 5 - 8 2 - 8 - 5 0 - 1 

- 6 1 - 7 1 8 2 7 1 - 6 

-4 -2 -5 -1 0 -2 -3 -1 -3 

- 1 - 6 - 4 0 - 2 - 5 - 4 - 6 0 
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were the same and the values are such that the system would oscillate, if it starts at any 

point other than the equilibrium point. The intemal states of these neurons were assigned 

random values. 

The characteristic time constant was chosen to be 6.88 msecs for the system to 

oscillate close to 40Hz. The gain parameter was chosen to be 0.08. This value had to be 

low to make the oscillations resemble a sinusoidal wave. The weight values between the 

corresponding layers in both the clusters were chosen to be 0.7, 0.7 and -1.5, respectively. 

The weight values have been chosen in such a way that the system becomes oscillatory 

when started at any point in the phase space other than the equilibrium point. These 

parameter values were the same for all simulation experiments in this research. 

The operation of the clusters is described next. First, both the clusters were let to 

oscillate for a certain time period for them to attain stable oscillations. At this point, the 

clusters were perturbed with a pair of values corresponding to the Euclidean distances 

which, were output from the feature extraction units. This perturbation was left to remain 

in effect for about 100 ms, for the system to realize the impact ofthe perturbation. Then 

the perturbation was removed and the system was let to attain stable oscillations again. 

The outputs from the two corresponding neurons from both the clusters were 

input to the phase comparator unit. Thus, the oscillatory clusters obtain information 

transfer information on similarity into their oscillations from the outputs of the feature 

extraction units. 
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5.3.3 Phase Comparator Unit 

This unit consisted of a multiplier and a low-pass filter, which is a 12-point 

binomial filter. The filter takes 12 points separated by equal intervals of time, over several 

periods, and computes the binomial average of these points. The phase difference between 

the two sinusoidal waves is then computed from this binomial average. Thus the phase 

comparator unit obtains two sinusoidal waves as its input and outputs the phase difference 

between them. 
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CHAPTER 6 

RESULTS AND ANALYSIS 

In this chapter details of some of the salient results obtained will be described. 

Based on these resuhs, analysis and evaluation of the results will be done. The different 

phases are evaluated separately and then the overall performance of the system is 

evaluated. 

6.1 Feature Extractors 

The performance of this phase of the designed model is evaluated with respect to 

the training phase and the experimentation phase separately. 

6.1.1 Training Phase 

During the training phase, Kohonen Models of different sizes were used and the 

corresponding results analyzed. The first experiment contained a Kohonen feature 

extractor model which consisted of three rows and three columns of neurons. In a similar 

way, two more experiments were conducted with the number of rows and the number of 

columns being changed. Experiments were tried with the model having four rows and four 

columns of neurons and another one with seven rows and seven columns of neurons. The 

results indicated that the model with seven rows and seven columns classified each of the 

patterns with different winning neurons as compared to the ones with four rows and three 

rows. 
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If the pattem sets were the same, then the pattem was always linked to the same 

winning neuron. 

This could be attributed to the fact that the number of possible "winning" neurons 

m one case was higher than the other two, thereby allowing a greater choice for the 

network to associate a particular pattem with a "winning" neuron. 

For the purposes of experimentation, the 7 * 7 network representation was chosen. 

6.1.2 Experimentation Phase 

In this phase of the experimentation process, the noise tolerance level of the 

chosen model was tested. This was conducted again with two different sizes of the 

Kohonen Model. An exemplar pattem was chosen (pattem 8) and noise was introduced to 

it by changing the pixel values. Noise was introduced at the rate of 4 pixels at a time up to 

60 pixels in all. The input vector was obtained for all these patterns [Table 6.1]. The 

testing was done in such a way that the two test pattems to the Kohonen feature 

extraction unit always consisted of the input vector corresponding to the original pattem 

and another input vector corresponding to the noise introduced pattem. Thus, there were 

a total of 15 input vector pairs during this process of experimentation. 

The pairs were input to the two identical feature extraction units containing seven 

rows and seven columns each. All the pairs were associated with the same "winning" 

neuron. When the same experiment was tried with a differently sized network (a 4 * 4 

Kohonen Model), the 

35 



-^ilWS:^:-

Table 6.1: Output from the feature extractor. Input vectors and the 
corresponding output vectors from the feature extractors 
for the exemplars. 

Pattem 

Number 

1 

2 

3 

4 

5 

6 

7 

8 

Input Vector 

-4 0 ^ 0 8 0 - 4 0 - 4 

- 7 0 - 7 0 8 0 - 7 0 - 7 

-8 ^ - 8 - 8 4 -3 -8 -4 -8 

- 3 - 3 - 8 2 8 2 -3 -3 -8 

-5 2 - 5 - 8 3 -8 -5 0 -5 

- 7 1 - 7 1 8 2 - 7 1 - 7 

-5 -2 -5 -2 0 -2 -3 -2 -3 

- 2 - 6 ^ - 5 - 2 - 5 ^ - 6 -2 

Output vector 

- 4 1 - 3 0 8 1 - 3 1 - 4 

. 7 0 - 7 0 - 7 1 - 7 0 -7 

-7 - 4 - 7 - 8 4 -3 -8 -A -7 

- 4 - 3 - 8 2 8 2 ^ - 2 -8 

-6 1-5-8 2 -8 -5 0 -1 

- 6 1 - 7 1 8 2 7 1 - 6 

-4 -2 -5 -1 0 -2 -3 -1 -3 

- 1 - 6 ^ 0 - 2 - 5 ^ - 6 0 
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results were slightly different. All but three pairs of inputs were associated with the same 

"winning" neuron. 

This shows that the tolerance of the network was more random with fewer 

neurons in the Kohonen Model. 

6.2 The Oscillatorv Clusters 

The oscillatory clusters were tested keeping two aspects in mind for its stability 

and its sensitivity. 

6.2.1 Stability 

The stability of the oscillatory clusters was studied under the perspective of the 

capability of the system to always settle at the limit cycle, thereby being oscillatory in 

nature. To test this, the system was subjected to very low and very high magnitudes of 

disturbance (perturbations). It was noticed that the system always settled at the limit cycle 

regardless of the magnitude of the perturbation. This was due to the fact that there was 

only one equilibrium point for this system, about its origin. 

6.2.2. Sensitivity 

Two experiments were conducted to test the sensitivity of the oscillatory clusters. 

In the first experiment, testing was done to analyze the effect of the distance between the 

input vectors on the phase difference between the input vectors. In order to conduct this 

test, two identical input vectors were chosen and the distance between them was gradually 
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increased by varying one of the elements of the vector in steps. The results have been 

displayed in the form of a graph of distance versus phase difference. 

From the graph [Figure 6.1], it can be noticed that the oscillators are quite 

sensitive to the distance between the input vectors. It will be noticed that there is a 

monotonic increase in the phase difference and then a decrease. This increase in the phase 

difference can be attributed to the fact that the vectors move towards each other in the 

phase space and the decrease similarly corresponds to the vectors moving away from each 

other in the phase space. 

The next experiment was to study the effect of the magnitude of the two identical 

input vectors on the duration needed for the oscillatory clusters to phase lock with each 

other. It may be deduced from the graph that the lower the magnitude ofthe perturbation 

vector, the longer will be the time required for it to achieve a state of phase locking. 

This experiment was conducted with two identical vectors being perturbed for 

various duration of time. The magnitude of the vectors were changed and the results are 

shown in the form of a table. 

It is clear, from Table 6.2, that the lower the magnitude ofthe input vectors, the 

longer it takes for the oscillatory units to phase lock with each other. Based on these 

experiments, the duration ofthe perturbation was set to 100 msec in the simulated model. 
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Distance versus Phase Difference 
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Figure 6.1. Graph of distance versus phase difference. 
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Table 6.2: Duration of perturbation for vectors of different magnitudes 
in order to achieve a phase locking effect. 

Input vector 

8 8 8 8 8 8 8 8 8 

6 6 6 6 6 6 6 6 6 

4 4 4 4 4 4 4 4 4 

3 0 0 0 0 0 0 0 0 

2 0 0 0 0 0 0 0 0 

1 0 0 0 0 0 0 0 0 

Magnitude of vector 

21.22 

16.42 

11.81 

1.78 

1.21 

1.00 

Duration in 

msecs 

7 

9 

27 

59 

76 

89 
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6.3 Phase Comparator Unit 

As described earlier, this unit consisted of a multiplier and a low-pass binomial 

filter. Experiments in this phase were conducted to test the effectiveness of the low-pass 

filter to remove the DC component ofthe sinusoidal wave. In order to verify the results 

obtained, sinusoidal waves of known phase differences were fed to the phase comparator 

unit. The resuhs proved the efficient working of the low-pass filter in the phase 

comparator unit. 

6.4 The Overall Performance ofthe Simulated Model. 

The overall performance ofthe system was evaluated by setting a threshold on the 

phase difference. This threshold was set based on the minimum phase difference between 

all the different pairs of exemplars that were used. A phase difference of 30.12 degrees 

was obtained between exemplars 1 and 2. Based on this value, the threshold value was set 

to 30 degrees. Pairs of pattems which produced a phase difference less than this threshold 

value were considered as similar and those which exceeded this value were classified as 

different. 

In order to achieve this, noisy pattems were generated for the exemplar pattems 

with the noise level varying between four to sixty pixels. The results have been tabulated 

in the form of a table [Table 6.3]. 
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Table 6.3: Classification ofthe 128 pattem pairs in terms of phase 
difference with noise range of 0 to 60 pixels 

No. 

1 

2 

3 

4 

5 

6 

Phase Difference Range 

0-5 

5 - 1 0 

10-15 

15-30 

30-45 

45-180 

Number of pairs 

122 

3 

2 

1 

0 

0 
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CHAPTER 7 

CONCLUSIONS AND SUGGESTIONS FOR FURTHER RESEARCH 

71 Conclusions 

This research work was done in order to identify different pattems or the similarity 

of the pattems using phase difference as a means of metric. This idea was successfiilly 

implemented using a simulated model. Although this model does not perfectly depict a 

biological visual system, it more or less proves effective with regard to its objective of 

characterizing object similarity by method of phase difference. 

The performance of the system was largely dependent on the feature extraction 

unit. In comparison with the Hogg and Huberman feature extraction unit, the Kohonen 

Model proved to be a more efficient feature extractor. It overcame some ofthe limitations 

of the Hogg and Huberman model when it came to training the network model prior to 

fitting it within the system. It may be noted that in the Hogg and Huberman model, there 

was a likelihood that entirely different pattems be mapped to the same fixed point 

attractor because of its own unique way of mapping pattems to fixed point attractors and 

its working was subjective to the pattem set that was considered. These limitations were 

overcome by using the Kohonen Model instead. However, it must be said that as in the 

case ofthe Hogg and Huberman model, the more the number of nodes in the network, the 

better was the classification of the different pattems in the pattem set. Also, the presence 

or absence of a pattem did not make a difference at the time of pattem classification by the 

feature extractor when the Kohonen Model was used. The oscillatory clusters proved 
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effective in converting the distance between the vectors to phase difference and the phase 

comparator with its low pass filter mechanism was reliable in removing the constant DC 

component from the resuhing sinusoidal waves. 

For purposes of comparison, if each neuron in the Kohonen Model is considered as 

a receptive field and the oscillatory clusters are considered as various cortical columns, 

then with many such units this simulated model could be used to characterize similarity 

relationships between objects in the visual field with phase locked synchronous oscillations 

as it occurs in the biological visual system. 

7.2 Suggestions for Future Research. 

As stated earlier, since this system does not perfectly imitate the biological system, 

more research work may be done in this area based on the concepts of phase locking and 

synchronous oscillations given the importance of these aspects with respect to a biological 

visual system. 

Since the ideas used in this research could be applied in the field of visual signal 

processing, more work could be done with regard to capturing more information like 

positional differences and continuity of region and then analyzing them to build a more 

complex system. 

Using the concepts used in this project, a system can be built which could be used 

to recognize 2-dimensional and 3-dimensional objects. 

44 



REFERENCES 

[ 1 ] Charies M. Gray, Peter Konig , Andreas K. Angel and Wolf Singer, "Oscillatory 
Responses in Cat's Visual Cortex Exhibit Inter-colunmar Synchronization which 
reflects Global Stimulus Properties," Nature, vol 338, 23, March 1989. 

[2] R. Eckhom , R. Bauer, W.Jordan, M.Brosch, W. Kmse, M.Munk and H.J. 
Reitbock, " Coherent Oscillations : A mechanism of feature linking in the Visual 
CoTtex ;' Biological Cybernetics, 121 - 130, 1988. 

[3] Pierre Baldi and Amir Atiya, " Oscillations and Synchronizations in Neural 
Networks: An Exploration ofthe Labeling Hypothesis," IntemationalJoumal of 
Neural Systems, 26 - 41, 1993. 

[4] Max Wertheimer, " Principles of Perceptual Organization", In David C. Beardslee 
and Michael Wertheimer, " Readings in Perception."" D. Van Nostrand Company, 
Inc., Princeton, NJ, 1985. 

[5] Ravi Sundaar, " Phase Response Characterization of Object Similarity," Master's 
Thesis, Texas Tech University, May, 1991. 

[6] Simon Haykin, Neural Networks, McGrawHill Publications, New York, 1996. 

[7] James R. Pomerantz , "Visual Form Perception : An Overview," In Eileen C. 
Scwab and Howard C. Nusbaum, " Pattern Recognition by Humans and 
Machines.'^ Academic Press Series in Cognition and Perception, Orlando , FL, 
1986. 

45 



• 'U-'KH-fcrf--^-̂ HH5 • 1 ^ ^ 

PERMISSION TO COPY 

In presenting this thesis in partial fulfillment of the requirements for a 

master's degree at Texas Tech University or Texas Tech University Health Sciences 

Center, I agree that the Library and my major department shall make it freely 

available for research purposes. Permission to copy this thesis for scholarly 

purposes may be granted by the Director of the Library or my major professor. 

It is understood that any copying or publication of this thesis for financial gain 

shall not be allowed without my further written permission and that any user 

may be liable for copyright infringement. 

Agree (Permission is granted.) 

Student's SiMiatUre 
> ^ > > 6 

"Dat̂  
1^ 

Disagree (Permission is not granted.) 

Student's Signature Date 

•:!V;'-I!l«;asm)j«.^.,, 


