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Abstract

Hubel and Wiesel pioneered a significant progress in the field of study

of the visual cortex and added a new dimension of understanding

about the human visual system by discovering Simple and Complex

cells. Visual cortex being one of the complex part of brain, has a lots

of short and long-range vertical and lateral complex connections. The

major functioning of the visual cortex is to receive the neural signals

from the eye and lateral geniculate neuleus thereafter process the in-

formation received to derive multidimensional features of the visual

information before it is perceived by the brain. Various methods are

proposed to model the visual cortex, with an aim to understand the

functioning of the various aspects of the cortical layer/cell. The main

focus is to understand the detailed structure and the neural mecha-

nisms that underlie the functioning of the visual cortex. But many of

these models take approaches which are not biologically plausible. In

this thesis, we have used a biologically plausible computational model

to work like an eye. The model accept a visual input and immitate a

basic function of edge detection. This is done by giving the model a

known orientated-synthetic input and thereafter receive the cortical

spikes output. These cortical spikes were then analyzed, and various

approaches were taken to draw out the information(orientation selec-

tivity) from the output thus received.
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Chapter 1

Introduction

1.1 Context

Vision is the most important of all the other sensory processes. It provides high

resolution and high precision measurements of our surroundings, which is ex-

tremely essential for a successful survival in the world. Humans and animals

are able to extract a lot of useful information out of visual measurements. It

helps them not only to fulfill their biological needs and survice better, but in

higher beings like humans it also satisfies the emotional needs. Vision is a multi

disciplinary field being investigated/ researched by philosophers, physiologists,

neurobiologists, mathematicians, computer scientists and engineers. Theoretical

explanation of the brain and thinking process were first suggested by some ancient

Greek philosophers, such as Plato and Aristotle. An understanding of the phe-

nomena of seeing and perception remain one of the deepest challenges confronted

by scientists.

The recent advancements and emergence of new and complex robotic systems

in space, deep sea, manufacturing, and the health sciences have created a demand

for better vision systems. The future generation of computers should be able to

see and speak so that the present paradigm of writing programs will no more be

there. Robots should be able to see and act the way we humans do. The blind

people should be able to see with the help of machines. This new thinking has

led to a serious exploration of biological vision systems. Such studies have re-
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sulted into an increased attempt of understanding of the neuronal morphology of

biological vision. Scientists from various disciplines, such as neuro-anatomy and

neuro-physiology are discovering exciting facts about the visual pathway which

extends from the retina to the visual cortex, through their experiments on various

species such as cats, monkeys, rats etc. Substantial progress has also been made

in discovering the architectural organization and the functioning of the cells of

the visual cortex. Initially it seemed to be a daunting task as there are about 105

neurons per square millimeter of surface, suggesting that the cortex as a whole

has about 1010 (10 billion) neurons. Systematic and painstaking study and grad-

ual improvement in techniques led to better understanding of the visual cortex.

Exploration of the visual cortex and other parts of the brain took a quantum

jump when regular and modular structures were observed in the visual path-

way. Scientists from other disciplines such as system science, computer sciences,

electrical engineering, robotics and mathematics are formulating the visual sys-

tem consisting of the visual pathway and the visual cortex from a computational

point of view. These combined studies have led to a better understanding of the

neuronal morphology of biological vision, as well as better computational neural

substrate for construction of artificial visual system by VLSI designers.

In 1962, Hubel and Weasel [16] provided first adequate description of the

visual responses of neurons in the cats primary visual cortex. They mapped the

receptive fields of V1 cells by flashing bars. They determined the cells as being

seither simple or complex cells. Both simple and complex cells were selective to

orientation of the input stimuli and its direction of movement. They classified

those cells as Simple cells which had regions and responded either to onset or

to offset of bright bar not to both. These cells had two distinct excitatory and

inhibitory regions like the receptive fields of retina and lateral geniculate nucleus.

Those cells that failed to display any characteristic of a simple cell were termed

as Complex cells. Simple cells are mainly found in the thalamic layer of visual

cortex. The highest proportion of simple cells is found in layer VI. Complex cells

are evenly distributed.

An area of the body surface over which a single sensory receptor, or its afferent

nerve fiber, is capable of sensing stimuli are called Receptive fields. Levine and

Shefner(1991) [19] coined the term receptive field as an area in which stimulations
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leads to response of a particular sensory neuron.

Orientation selectivity is defined as capability of cells to respond to a

particular orientated input. Orientation selectivity of a simple cell varies from

species to species, it also vary from time of birth to time of maturation of the

animals. Orientation specific response have been studied in various animals and

it is found 75% of cells are orientation selective in adult animal, and only 25% are

selective at the time of first visual responses [20]. Orientation selectivity increases

with visual experience.

1.2 Motivation of the Thesis

There had been various attempts to understand the functioning of the visual sys-

tem so that either it can be modelled to our benifit or new technologies can be

derived out of its study. There have been many attempts to develop the models of

receptive fields of simple cells and complex cells. These receptive fields are used

to further build an artificial cortex, so that an input (synthetic of real) can be

processed through this visual cortex and an output indicating its orientation and

spatial information can be calculated. The approach is to use natural methodolo-

gies for development of these models so that the model is biologically plausible.

In this thesis, we propose the use of biologically plausible model for developing

an artificial visual cortex, which can perform a basic function of edge detection

from an input for known.

1.3 Objectives of the Thesis

The objectives of thesis can be summarized as follows

• To propose and develop biologically plausible model of complex cell recep-

tive field based on biologically realistic assumptions. It is a design goal not

to include non biological methods in the model.

• To propose the use of realistic model of Artificial Cortex in developing it

for performing the task of simple edge detection for various orientations.

3



1.4 Plan of Work

The work of thesis can be summarized as follows

• To develop the receptive field of complex cells of visual cortex bases on the

assumptions of biologically plausible methods.

• To modifiy the model of artificial visual cortex to accept the complex cell

receptive field as input parameter where it earlier accepted the receptive

field of simple cell only. This new model performed equally satisfactorily.

• To propose a model where the biologically plausible artificial visual cortex

performs the edge detection of simple edges (synthetic inputs) of various

orientations.

1.5 Organization of the Thesis

Chapter 2 provided a brief background about the concepts related to visual path-

way, receptive fields of simple cells, complex cells and also orientation selectivity.

Chapter 3, gives a brief of the literature survey done on the subjectbasically

covering the Modeling approaches of cortex and various models of visual cortex.

Chapter 4, presents related works on receptive fields of simple cells and complex

cells. This brings out the topological, functional details of Simpla and Complex

Cells. In Chapter 5, the proposed model is discussed with implementation details.

The results obtained are discussed and analysed. Finally, chapter 6 concludes the

thesis with summary and spels out the future work.

4



Chapter 2

Background

In this chapter a brief discussion of the details of Visual Pathway, Simple Cell,

Complex Cell, Orientation Selectivity is done. This chapter gives an overview of

term of references in context of Visual System.

2.1 The Visual Pathway

The visual pathway in humans comprises of nearly 30 visual areas [1], each con-

tributing to different aspects of visual function. The retina is the start point of

the visual pathway. It converts light in to electrical signal, which are passed in

to the lateral geniculate nucleus (LGN) and the superior colliculus (SC). The SC

transmits the signal to the mid brain, which handles the processes of attention

and visually guided behavior. The retinal signals reaching the LGN are destined

mainly for the cortical areas. The cortical pathways consist of retina, LGN and

the visual cortex, which is concerned with vision. The visual pathway is not

hierarchical however there is increase in the complexity as we move into higher

cortical areas. The changes that occur in the information in the subsequent lev-

els are best represented as the receptive fields (RFs) of individual neuron. The

receptive field of a visual neuron is defined as region of space where the visual

stimulus can change its ring activity. Receptive fields are the building blocks

of the complex visual system. So it’s pertinent to study for understanding the

functioning of the visual system. Vision is generated by photoreceptors in the

5



Figure 2.1: Brain Visual Pathway

retina, a layer of cells at the back of the eye. Retina converts light into electrical

signals. These electrical Signals are passed on to the Lateral Ganglion Nucleus

(LGN) and Superior Colliculus(SC).

The SC transmits signals to the midbrain which handle the process of at-

tention and visually guided behavior. The Retinal Signals reaching the LGN are

destined mainly for the cortical areas. The Cortical pathway consisting of, retina,

LGN and visual cortex. Complexity of cell responses increases as we move into

higher visual areas. Transformation or integration at successive levels is best

understood by studying the receptive fields (RFs) of individual neuron. The re-

ceptive field of a neuron is a region where a visual stimulus can effect a change

in its firing activity. Initial processing of visual signal starts in retina and LGN

which involves detection of spatial and temporal changes in illumination patterns,

detection of colour, adaptation to illumination level etc. The retinal ganglion cells

(RGC) have concentric RFs with ON center and OFF periphery or vice versa.

These areas are antagonistic to each other(Barlow et al., 1957) and the sopt in

the center is more effective than the area around it.

The optic nerve carries the signal from the retina to LGN. LGN is composed of

75% relay cells and 25% inhibitory interneuron. The relay cells receive excitatory

input from around 1-5 retinal cells and relay it to visual cortex. The interneurons

make locan connections within LGN and do not project anything to cortex. The

receptive fields of LGN are similar to the retinal RFs with surrounding areas

6



being stronger. Both retinal ganglion and geniculate cells are mainly concerned

with finding changes in the illumination and are recognize form or orientation of

the stimulus.

Figure 2.2: Retinal Receptive Field

The RGC and the LGN just capture the change in the illumination or the

orientation of the stimulus.

The LGN then passes the information to the visual cortex through a optical

radiation. Visual cortex is formed of similar cells anatomically, but cells are

divided as per their functional properties. They show a receptive field profile

similar to that of retinal ganglion and geniculate cells. Human Visual System

has cells which specialize in their separate functions. Cells here specialize in

higher order function of visual system like orientation, motion, depth, form, color

etc. Visual cortex has many areas from V1 to V8, V1 is known as Primary visual

cortex, as it receives the input from the LGN and does some processing and

further distribute it in the higher cortical areas.

The various cells/areas here are specialized in various higher order functions

like orientation, motion, depth, colour etc. Primary visual cortex(V1) is the first

area that processes the received information from LGN. Some specialized areas

are given below:

• V1- Orientation Selectivity.

7



• V2- Orientation, Form etc.

• V3- Form, Shape.

• V4- Colour, Contrast.

• V5- Movement Control.

Figure 2.3: Behavior of Receptive Field under various light condidtions

Visual processing begins in the retina - in the receptive surface inside the back

of the eye. Light enters the eye, passes through the layers of cells in the retina

before reaching the photoreceptors, which are located at the back of the retina.

Light activates the photoreceptors, which modulated the activity of bipolar cells
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located at the front of the retina. The axons of the ganglion cells form the

optic nerve, which carries information to the brain. Two other types of neurons-

horizontal cells and amacrine cells are primary responsible for lateral interaction

in the retina. The bipolar cells and ganglion cells are organized in such a way that

each cell responds to a small circular patch of photo receptors, which define the

cells receptive fields. The receptive fields of retinal ganglion cells are concentric,

consisting of a roughly circular central area and a surrounding ring.

Retinal ganglion cells have two basic types of receptive fields:

• On-center/off-surround.

• Off-center/on-surround.

The center and its surround are always antagonistic and tend to cancel each

others activity. An on-center cell is stimulated when the center of its receptive

field is exposed to light, and is inhibited when the surround is exposed to light.

Off-center cells have just the opposite reaction. On the edge between the two,

in mammals, an on-off effect (i.e., discharging at switching on or off but not at

duration of either state) is present. Stimulation of the center of an on-center

cell’s receptive field increase in the firing of the ganglion cell, stimulation of the

surround decrease in the firing of the cell, and stimulation of both the center

and surround produces only a mild response (due to mutual inhibition of center

and surround). An off-center cell is stimulated by activation of the surround and

inhibited by stimulation of the center.

The center-surround receptive field organization allows ganglion cells to trans-

mit information not merely about whether photoreceptor cells are exposed to

light, but also about the differences in the firing rates of cells in the center and

surround. This allows them to transmit information about contrast. The size of

the receptive field governs the spatial frequency of the information: small recep-

tive fields are stimulated by high spatial frequencies, fine detail; large receptive

fields are stimulated by low spatial frequencies, coarse detail. Retinal ganglion

cell receptive fields convey information about discontinuities in the distribution

of light falling on the retina; these often specify the edges of objects.

9



2.1.1 Simple Cells

Hubel and Wiesle [16] in 1962 discovered cortical cells in their experiment of

visual response of neurons in the cats primary visual cortex(V1). They mapped

the receptive fields of V1 by flashing bars. They described these cells as simple

and complex. Both simple and complex cells are responsive selectively to the

oriented lights static and moving. The cells were classified as simple cells for

which they found regions which responded either to onset or for offset of a bright

bar not for both. Simple cells have receptive fields which can be divided into

excitatory and inhibitory regions, like the RFs of RGC and LGN. A simple cell

in the primary visual cortex is a cell that responds primarily to oriented edges

and gratings [4] (bars of particular orientations).

They have the following four properties

• They have well segregated ON and OFF regions (distinct excitatory and

inhibitory). ON and OFF regions can be identified based on their response

to bright and dark stimuli. ON regions increases firing rate and OFF regions

suppresses the firing rate and only responds to dark stimuli.

• Each region shows a summation property as it increases the firing rate with

the increase in the area of light in a particular region.

• These regions have mutual antagonism - excitatory and inhibitory regions

balance themselves out in diffused lighting.

• It is possible to predict responses of moving stimuli given the map of exci-

tatory and inhibitory regions.

Most simple cells display properties of ocular dominance i.e. they are driven

only by one eye.

2.1.2 Complex Cells

Complex cells can be found in the primary visual cortex (V1), the secondary

visual cortex (V2), and Brodmann area 19 (V3). Like a simple cell, a complex

cell responds primarily to oriented edges and gratings, however it has a degree of
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spatial invariance. This means that its receptive field cannot be mapped into fixed

excitatory and inhibitory zones. Rather, it will respond to patterns of light in a

certain orientation within a large receptive field, regardless of the exact location.

Some complex cells respond optimally only to movement in a certain direction.

The difference between the receptive fields and the characteristics of simple

and complex cells is of that of hierarchical convergent nature of visual processing.

Complex cells receive inputs from a number of simple cells. Their receptive field

is therefore a summation and integration of the receptive fields of many input

simple cells.

2.2 Orientation Selectivity

In the human visual cortex specialized groups of cells extract information about

different aspect of a visual scene. One such group of cells are called as orientation

selective cells, detects oriented lines in the input visual scene. Models so far

developed on orientation selectivity belong to either of the two categories, feed-

forward model or recurrent model. In a simple and elegant model Hubel and

Wiesel [16][9] hypothesized that the response properties of simple cells in layer 4

of the cortex are dominated by the convergence of highly specific thalamic inputs.

The receptive fields (RFs) for simple cells in the visual cortex have adjacent ON

and OFF sub-fields having projections from ON-center and OFF-center LGN

cells respectively. In Hubel and Wiesels feed-forward model of the visual cortex,

orientation selectivity arises from the alignment of receptive fields of LGN neurons

pre-synaptic to each cortical simple cell. In the feed-forward model of Hubel and

Wiesel, in a cortical simple cell (i) the inputs from LGN cells within its receptive

fields are linearly summed and (ii) if this summed input is more than a threshold

voltage, spikes are produced by the cortical cell. In the feed-forward model,

lateral connections between cortical cells are ignored i.e. only thalamocortical

but no intracortical connections are considered.

As thalamocortical connections are excitatory in nature, purely feed-forward

models cannot take into account the involvement of inhibition in sharpening the

orientation tuning [15]. Intracortical inhibition was found to be strongest in the

preferred orientation and weakest at orthogonal. In recurrent circuit models [21],
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thalamocortical connections provide a very weak orientation selectivity and this

weak selectivity is sharpened over time by recurrent excitatory corticocortical

connection among cells preferring similar orientations and by inhibitory cortic-

ocortical connections among broader range of orientations. Recurrent circuit

models account for sharpening of tuning due to inhibition. Cortical inhibition

plays a major role in developing orientation tuning in recurrent models. In the

intra cortical connections used in recurrent models, however, inhibitory connec-

tions form the surround and excitatory connections dominate the center. This

pattern is exactly opposite of the actual structure seen in the visual cortex [22].

The cortical connections that extend furthest (>1 mm) are mostly excitatory and

link similar orientation preferences [23]. It is also reported that in cat the tuning

of excitatory and inhibitory cells in layer 4 and layer 23 are almost same, but in

layer 5 the inhibitory cells have broader tuning. The development of sharp tuning

in cortical excitatory cells in most recurrent or feedback models [21] depends on

the inhibition provided by broadly tuned inhibitory cells.

Short-range corticocortical connections connect cortical cells and long-range

corticocortical connections (also referred as long range lateral connections or hor-

izontal connections) connect cortical cells across hypercolumns (A group of neu-

rons in the brain cortex which can be successively penetrated by a probe inserted

perpendicularly to the cortical surface, and which have nearly identical receptive

fields). Through horizontal connections an individual neuron can integrate infor-

mation over a retinal area several times larger than its classical receptive fields.

The intracortical connections or lateral connections in the cortex are believed to

have significant influences on various cortical activities.

12



Chapter 3

Literature Survey

3.1 Modeling Approaches for Cortex

Many models have been implemented to study the cortical cell characterestics.

The work has been done to understand the function of the various aspects of

the cortical cell. The main focus is to understand the detailed structure and

the neural mechanisms that underlie the functioning of the cortical cells. Some

approaches[34] are described below:

• Filter Models These models only a single cells at a high levels of abstrac-

tion disregarding all biophysical characterastic. Main advantage of this

model is that it gives an analytical treatment. Its scope usually lies beyond

modeling of mear orientation behaviour as they often extend into tempo-

ral domain by applying spatio-temporal filters. Its a very good modeling

approach but cannot model multicell cortex.

• Development Model I models large array of cells to gain insight into the

processes that forms the map of prefered orientation. these appply a wide

range of learning rules, from physiologically realistic rules to abstract rules

of self-organising in any maps like structure.

• Structurally defined Models these models uses a graphical or one-step

computational or mathematical description of the map in an attempt to

understand the cortical design principles and the structure of the final map.
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• Biophysically Relistic Models they are generally used to model complex

cells. Differential equation defining membrane characterestic are used to

model cortical cells in an effort to reproduce membrane behaviour, control

experimentally those parameters otherwise inaccessible. Its a very complex,

rather opaque, complete assessment of parameter space is impossible.

3.2 Various Models of Visual Cortex

There are a number of models which have attempted to model the visual cortex

and account for the behavior of origin of orientation selectivity. There are various

computational models for V1 that seek to explain its visual functions in terms of

its architecture and connections.These models can be categorized as follows:

• Feed-forward Models: This model work on the convergence of oriented

thalamocortical input(from LGN). The simple cells receives input from over-

lapping LGN neurons whose receptive fields centers as per the axis of pref-

ered orientation of the cortical cell. Hers the notion arises from the organ-

isation of the thalamic input to simple cell. This model uses the pattern of

inputs to the cortex. This model explains orientation preference but fails

to explain orientation selectivity.[Hubel and Wiesel, 1962]

• Inhibitory Models:This model employ feed forward bias to establish ini-

tial orientation preference of cortical neurons and utilise inhibitory inputs

from cortical neurons prefering different orientations to suppress the reso-

ponse at non-preered orientations.[Worgitter and Koch, 1991] Here a weak

bias provided by converging thalamic input is sharpened by inhibitory input

from neurons prefering diferent orientations.

• Recurrent Models: This employs recurrent cortical excitation froom cor-

tical cells prefering similar orientations combined with inhibition from other

range of orientation along with the weak bias from thalamic inputs[Somers

et al.,1995]. Recurrent excitation models account for selectivity but do not

explain how there are both simple and complex cells in V1.
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Chapter 4

Development of Simple Cell and

Complex Cell Receptive Fields

In this chapter the proposed model is discussed with implementation details. The

results obtained are discussed and analysed.

4.1 Development of Simple Cell Receptive Field

4.1.1 Simple Cell Structure

Hubel and Wiesel discovered simple cells in their experiment on cats primary

visual cortex in their famous experiment in 1956. They successfully mapped the

receptive field of simple cells (V1 cells) by flashing the bars. In their work, they

characterized the cells as either simple or complex. they found that both simple

and complex cells were responsive to input stimulus and movement.

Simple cells as those cells for which they could find regions that responded

either to onset or to offset of a bright bar but not to both. Simple cells have

receptive field that can be divided into distinct excitatory and inhibitory regions,

like the receptive fields of the neurons in the retina and the lateral geniculate

nucleus. They described four characteristics that the receptive field structure of

simple cell process. These are:

• Well segregated ON and OFF region.
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• Neuron exhibits summation property.

• Antagonism exists between ON and OFF regions.

• Response of the cell to a moving or a static stimulus of any shape can be

predicted from arrangement of ON and OFF regions in the cells receptive

field.

The responses of simple cells to complicated shapes can be predict from their

responses to small-spot stimuli. Like retinal ganglion cells, geniculate cells, and

circularly symmetric cortical cells, each simple cell has a small, clearly delin-

eated receptive field within which a small spot of light produces either on or off

responses, depending on where in the field the spot falls.

The difference between these cells and cells at earlier levels of visual pathway

is in the geometry of the maps of excitation and inhibition. Cells at earlier stages

have receptive fields with circular symmetry, consisting of one region, ON or OFF,

surrounded by the opponent region, OFF or ON.

4.1.2 Formation of Simple Cells Receptive Fields: A Com-

petition and Cooperation based developmental model

A reaction diffusion model which leads to sequential development of orientation

and ocular dominance columns in the visual cortex [13]. Reaction diffusion frame-

work is used to achieve the segregation of ON and OFF afferents with in the RF of

simple cells [14]. The model is based on competition (reaction) and cooperation

(diffusion). Competition for limited amount of neurotrophins presents during de-

velopment and Cooperation among the near neighboring (i) cortical cells and (ii)

same type of i.e. ON-ON and OFF-OFF LGN cells.

Both these assumptions are supported by biological facts. Competition among

axons for neurotrophic factors (NTFs) has been reported in neurobiology [12][11].

Cooperation among neighboring cells can occur through release and uptake of

diffusible factors.

The development of thalamocortical synaptic strengths is modeled through a

differential update rule. The rate of change of a synaptic strength (ON or OFF)

is a function of:
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• Amount of resources i.e. NTFs available at both the pre (LGN) and the

post (cortex) - synaptic sites.

• The amount of diffusible messengers from the near neighboring cortical cells

and same type of LGN cells.

We have used fixed resources for both pre and postsynaptic competition. Such

competition among synapses for finite resources, such as receptor or factor con-

trolling the number of synapses have been observed.

As the synaptic strengths increase, available resources are used up. Limited

supply of resources brings in competition among the afferents and ensures that

of the two synapses (ON and OFF) reaching a cortical cell from a given LGN

location, while one synapse grows, the other decays. Competition ensures synap-

tic growth and cooperation among neighboring LGN cells helps in the formation

of sub-fields. Large ON (OFF) synapses help neighboring ON (OFF) synapses

to grow and force OFF (ON) synapses out of the neighborhood. If the system

only had competition between ON and OFF synapses, patchy RFs with scattered

ON and OFF connections would result. Synaptic growth stops once most of the

available resources have been consumed.

The ability to accurately capture the details of the receptive fields of cortical

neurons is of importance in any model for orientation selectivity. As compared

to other feed-forward models [1] ‘Cooperation and competition’ based model ob-

tain more realistic receptive fields. Simulated RFs show a gradual transition

from one sub-field (ON/OFF) to other sub-field (OFF/ON) and show a good

correspondence with the experimentally mapped receptive fields(naturally occur-

ring receptive fields). Varying the level of cooperation and/or competition in

the model, allows us to obtain RFs with varying number of ON and OFF sub-

fields. Reduced competition at the post-synapse (increased cortical resource)

and reduced cooperation among LGN cells (reduced LGN diffusion) increases the

number of sub-fields formed in the receptive fields. A minimum level of pre- and

post- synaptic resource must be available to support the formation of synapses

of adequate strength.

Cooperation among cortical cells (cortical diffusion) ensures that neighboring

cells develop similar RFs, spatial phase and orientation preferences. This helps
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in obtaining the spatial organization of simple cells into an orientation map. It

is seen that a competition and cooperation based system is sufficient for the de-

velopment of simple cell RFs. But the linear contribution of the feed-forward

thalamocortical afferents is not sufficient for providing the cells with sharp ori-

entation selectivity as is reported in experimental findings. This is indicative

of other non-linear mechanisms involved in sharpening of orientation selective

responses.

In neurobiology, competition is generally associated with sharing of resources;

in particular axons compete for neurotropic factors [12],[11]. The models for cor-

ticocortical connections are based on resource limited competition and coopera-

tion. Competition among cortical cells is for the limited amount of neurotrophins

present during development. During this competition, cells with similar orien-

tation cooperate with each other. Both these assumptions of competition and

cooperation are supported by biological facts. Competition among axons for

neurotrophic factors (NTFs) has been reported in neurobiology. Both the models

are based on the following biologically plausible assumptions:

• Competition for presynaptic resource where a presynaptic cell has a fixed

amount of resource to distribute among its branches. This would constrain

the number of axonal branches a cortical neuron can maintain. A role

for presynaptic resources was first suggested to model the elimination of

polyneuronal innervations in neuromuscular system [24].

• Competition between axons for target space where the axons are competing

for neurotrophic factors, growth or survival promoting factors, released by

the post synaptic cells upon which the axons innervate. Competition for the

target space or postsynaptic competition is used for development of ocular

dominance [2].

• Hebbian cooperation between cells with similar orientation preference [3].

Orientation selectivity develops in absence of vision [10]. The initial devel-

opment of both ocular dominance and orientation map in cat is found to be

independent of visual activity. It is generally agreed upon that during pre-eye-

opening period, some form of spontaneous activity is required for establishment of
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afferent connections [25]. The development of horizontal connections follows tha-

lamic innervations. The lateral connections are also included, it is assumed that

initial orientation bias in the cortical cells is already present and lateral connec-

tions develop in presence of activity. Here the cells are competing for resources.

Neurotropic factors are released in activity dependent fashion.

4.1.3 Model Equation of Simple Cell Receptive Field

For studying the development of thalamo-cortical connections, a two-layer model

consisting of a MxM 2D overlapping layers of NxN LGN, one corresponds to ON

LGN layer and the other to OFF LGN layer. Each cortical neuron in the model

receives thalamic projections from 13x13 LGN region centered at its retinotopic

center position. Two types of synapse exist between cortical and LGN cells.

ON synapse represents the strength from ON center LGN cells to a cortical cell;

similarly OFF synapse represents the synaptic strength from the OFF center LGN

cell. Time evolution of the synaptic strengths represents cortical development.

Initially, from a given LGN location a model cortical cell receives synapse of

nearly equal strength from both ON and OFF cells lying one above the other. The

number of axonal branches a LGN cell can support is determined by competition

for pre-synaptic resource, where a pre-synaptic cell has a fixed amount of resources

to distribute among its branches. Axons from ON and OFF cells compete for

target space in the cortex.

In the model W+
IJ , W−

IJ represent the strength of the connection from the

ON-center and OFF-center LGN cell at position j in LGN layer to the cortical

cell at position i in the cortical layer. A cortical cell receives projections from a

13x13 region of the LGN ON and OFF layers, centered at its retinotopic position

in the LGN. The synaptic strength is updated using the following update rule:

∂W+
IJ

∂t
= (γ1 −K1) (γ2 −K2)AR (I, J)W+

IJ +DL
∂2WIJ

∂J2
+ DC

∂2WIJ

∂I2

where

• WIJ ε{W+
IJ , W−

IJ }.
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• K2
1 =

∑NxN
P=1 (W+

PJ)
2

is the sum of the square of the synaptic strength of all

branches emanating from the LGN cell at location J.

• γ1 represents fixed presynaptic resources available in the LGN cell at loca-

tion J.

• γ1−K1 enforces competition for resources among axonal branches of a LGN

cell.

• Similarly, γ2 −K2 enforces competition among LGN cells for target space

in the cortex.

• K2
2 =

∑MxM
P=1 (WIP )2 is the sum of the square of the synaptic strength of

all branches of LGN cells converging on the cortical cell at location I.

• γ2 represents fixed postsynaptic resources available in the cortical cell at

location I.

• The arbor function AR(I,J) determines the number of synapses being mod-

ified.

• DL and DC are the diffusion constants in the LGN and the cortex respec-

tively.

• MxM and NxN are the sizes of the LGN and cortex respectively.

A similar equation is used for updating W−
IJ .

Orientation selectivity develops in the absence of vision. The initial devel-

opment of both ocular dominance and orientation map in cat is found to be

independent of visual activity [26]. Its generally agreed upon that during pre-eye

opening period, some form of spontaneous Activity is required for establishment

of afferent connections [25]. In this model, cells are competing for resources. The

cooperation among cells is achieved through diffusion.
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Figure 4.1: Developed Simple Cell Receptive Fields with Various Orientations

4.1.4 Simulation Results of Simple Cell Receptive Field

In the figure 4.1 receptive field of cortical simple cells are shown. As is seen,

the various sub-regions are clearly visible and the first cell is ON-center OFF-

surround cell, whereas the last cell is OFF-center ON-surround. Here red depicts

ON cells and blue depicts OFF cells. Various orientations as displayed by these

cells are also evident.
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4.2 Development of Complex Cell Receptive Field

4.2.1 Complex Cell Structure

Hubel and Wiesel first proposed that the receptive field of a complex cell can be

formed by linearly integrating the receptive fields of simple cells. The develop-

ment of receptive field of a complex cell is governed by the cells that are forming

lateral connections with a cortical cell. Cells that are from a certain range con-

tribute in the formation of the receptive field of a complex cell. The process is

shown in the Figure 4.2.

Figure 4.2: Structure of Complex Cell Receptive Field

This proposition is modeled by considering the existence of the simple cells of

which the output is fed back to the other simple cells. The important role here

is played by an important information of inter-cortical weights or lateral cortical

weights. These weights describe the synaptic strength of the connection of the

inter cortical neurons. Here the modeling of the complex cell is done in such a
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way that the simple cell and the complex both develop simultaneously i.e. the

growth of both the cells is parallel, as what happens naturally in the pre-eye

opening period. The final weights are summed up, as is done in the feed-forward

manner.

The weights so developed are having the orientation selectivity and tuning as

is observed in the simulated results of the visual cortex.

4.2.2 Model Equation of Complex Cell Receptive Field

The following equation is used for modeling the notion of complex cell:

∂WI

∂t
=
∂W+

IJ

∂t
+ frange

∑
K

αK∂W
l
IJ

1− ∂W c
IK

• frange, determines the range within which cells that are forming lateral

connections with a cortical cell will contribute to the formation of complex

cell receptive field.

• αk, determines the amount of contribution that cell K is making.

• W l
IJ , is the synaptic strength between the LGN and the cortex.

• W c
IK , is the inter cortical weights at the cortical layer.

• 1-W c
IK , ensures that cells that are forming strong lateral connections will

also contribute more in the complex cell receptive field formation.

4.2.3 Simulation Results of Complex Cell Receptive Field

In figure 4.3 developed receptive fields of cortical complex cells are shown. As is

seen the various regions are clearly visible but they cannot be clearly demarcated

as clear good arrangement of ON and OFF type of cells. They typically display

features of a complex cell, like purely ON cells or OFF type of cells. Various

orientations as displayed by these cells are also evident.
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Figure 4.3: Developed Complex Cells with Various Orientations

4.3 Role of Model Parameters in Structuring of

Simple and Complex Cell Receptive Fields

Now we discuss the parameters important to the weight development equation.

These parameters are LGN resource, Cortical resource, LGN Diffusion constant

and Cortical Diffusion constant. The parameters are:

• Cortical resource(γ1): Increase in the cortical resource increases the

synaptic strength. The number of sub fields however remains the same.
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During the development of orientation selectivity axons from LGN cells

segregate into ON and OFF sub fields of the cortical cells. For low values

of cortical resource in some cells only one type of LGN cells either ON or

OFF takes over the whole of the receptive field.

• LGN resource (γ2): Sub-regions are formed even for lower values of re-

source, but the synaptic strength are quiet week due to scarcity of resource

and as a result, cell will not be fully responsive to the input stimuli. If

the resource is increased, the synaptic weight becomes stronger without

affecting the number of sub-regions and the structure of the RF.

• Cortical diffusion constant(Dc): The post synaptic event at an active

synapse leads to generation of the diffusible signals. This enhances the

synapse of the nearby neurons as well. The rate of spread of this diffusiblil-

ity depends upon the value of the diffusion constant. Larger the value of

diffusion constant, larger is the spread of activity. Cortical diffusion ensures

that near neighbors cells have similar receptive fields and orientation pref-

erence. So with the increase in the value the sub region size grows throwing

out the smaller sub regions from the receptive fields.

• LGN diffusion constant(DL): The increase in the value of DL leads to

reduction in the number of the sub fields.

So, primarily the LGN diffusion constant (DL) is the primary parameters

ampngst others that determine the profile of the cortical cells receptive field.

Increasing value of the LGN diffusion constant (DL) reduces the number

of sub regions obtained in a cell. The LGN resource in particular does not

affect the receptive fields structure.
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Chapter 5

Artificial Visual Cortex and Edge

Detection

5.1 Spike Generation

The action potential or the spike generation of a cortical neuron does not itself

carry any information. The numbers, pattern of spikes and timing of spikes of

the neuron carries the information. The postsynaptic potentials received by the

neurons are integrated and when it exceeds the resting potential of the neuron,

the neuron fires an action potential. This model is called Spike Response Model

(SRM) [27]. The Spike Response model is, in which the spike rate or spike

frequency of the occurrence increases smoothly with the increase in stimulus

current starting from zero. Another phenomenon of spike train generation where

firing occurs at the resting potential threshold, but with a quantum jump to a

non-zero frequency. Models have been developed using the rate (frequency) of

the spike train and are called rate-based models.

The important thing is how the message is coded and transported by the

action potential in the neuron. There are two approaches to code the signal in to

a spike: Pulse code or Rate code.

• Pulse code: Measures the time delay of the first spike from the time of

stimulus as seen by postsynaptic neuron which does the coding.

• Rate code: Measures the average rate of the spike occurrence.
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These two approaches are though not confirmed through neuro-biological stud-

ies, but both approaches are modeled computationally and the parameters are

varied to match the experimental output. An important characteristic of Spike

Response Model is the time-dependent spike generation. Here the time is impor-

tant not the spike itself.

5.2 Feed Forward and Recurrent Model

Our knowledge of the response of the visual cortex neuron has increased but the

mechanism responsible for these properties and the meaning of this information

is still illusive and inconclusive. Even the basic properties like orientation tun-

ing and selectivity are not fully understood. There are two major categories of

orientation models developed feed forward model and recurrent model. Hubel

and Wiesel suggested that orientation selectivity arises from the alignment of

receptive field of LGN neurons pre- synaptic to each cortical simple cell.

In the feed forward model in the cortical simple cell:

1. Input from the LGN cells within its subfields are integrated.

2. If this input crosses the threshold, spikes are produced by cortical cell.

Here, the spike threshold prevents the simple cells from responding to the

weak stimuli. In the feed forward model only the thalamo-cortical connections are

considered, the cortico-cortical connections are ignored which actually contribute

in to the orientation sharpening of the cell.

In recurrent model the Thalamocortical connections provide a weak orien-

tation selectivity and this weak selectivity is sharpened over time by recurrent

excitatory and inhibitory connections. Recurrence contributes to the tuning in

the simple cell. In the intracortical connections used in recurrent models, in-

hibitory connection from the surround and excitatory connection dominate the

center, thus increasing the selectivity. Thalamic feed-forward dominated mod-

els of orientation selectivity predict constant selectivity during visual response,

whereas intracortical-recurrent models predict dynamic improvement in selectiv-

ity. An experimental finding [30] suggests that sustained visual cortical processing
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does not narrow orientation tuning; rather, intra-cortical contributes to narrow

the tuning. Thus combined models which considers both feed forward and the

lateral connections, is more realistic in cortex modeling.

The input is received by the eye of the model. Eyes are modeled to accept

the visual input by using Retinal Ganglion Cell (RGC) model, which models the

retinal ganglion cells of the eye. RGC cells are primarily responsible for accepting

the visual input and converting them in to neuronal output. The RGC model is

explained in following section.

5.3 Retinal Ganglion Cell Model: Implementa-

tion

The retinal layer is modeled as two separate 2D 30x30 sheets of ganglion cells

lying one over the other. One sheet corresponds to ON-center and the other

to OFF-center ganglion cells respectively. Retinal ganglion cells (RGCs) have

center-surround receptive field structure with center field being 30’ wide [31] and

center-to-center spacing between the cells being 12’ of the visual angle. The

surround field was taken to be 90’ wide. The ganglion cell model used here has

been used earlier by [32][33][6] to produce realistic temporal responses to visual

stimuli.

The retina has two types of receptive fields ON-center and OFF-center. The

common feature of the two types of receptive fields is that the center and surround

regions are antagonistic. The Difference of Gaussian(DoG) uses simple linear dif-

ferences to model this center-surround mechanism and the response R(x ,t), is

equal to a measure of contrast of events happening between center and surround

regions of the operator. The difference of Gaussian model is composed of the dif-

ference of two response functions that model the centre and surround mechanisms

of retinal cells.

In the figure 5.1 the upper diagram shows the assumption that signals from

elementary areas constituting the centre region and signals from elementary areas

constituting the surround region are separately summed and that the resulting

signals C and S, have antagonistic effects upon the ganglion cell. For an ON-
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Figure 5.1: Difference of Gaussians method for conversion of Visual Image to
Retinal Spike

centre cell the two signals would be described by +C and -S, for an OFF-centre

cell by -C and +S. In the lower half of the figure are shown the Gaussian weighting

functions assumed to describe the sensitivities of the centre and surround regions

respectively. Note that the weighting functions for both centre and surround

regions have maxima in the middle of the receptive field.

The special receptive fields of the RGCs were modeled using difference of two

Gaussians [7].

G (x, y) = Gcenter (x, y)−Gsurround (x, y)

With, G (x, y) = (K/2πσ2) exp (− (x2 + y2) /2σ2)

where σ and K values as measured by Linsenmeir et. al., 1982 are used.

σcenter = 10.6′and σsurround = 31.8′ and Kcenter/Ksurround = 17/16. Beyond 3σ the

Gaussian fields were set to zero. The temporal response associated with each
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Gaussian is that of a first order low pass filter:

H (t) = (1/τ) exp (−t/τ)

with τcenter = 10 msec and τsurround = 20 msec msec (Richter and Ullman, 1982).

The temporal response of retinal X-cells has a band-pass like characteristics.

Subtracting the responses of the center and surround results in a band-pass like

behaviour. The response of a retinal subfield (center/surround) to any input

stimulus I(x,y,t) is obtained by spatio-temporal convolution of the sub-field profile

with the input stimulus:

R (x, y, t) =

t∫
0

∞∫
−∞

∞∫
−∞

G (x′, y′)H (t′)I (x− x′, y − y′, t− t′) dx′dy′dt′

The response of the ON and OFF retinal ganglion cells are then given by :

ON (x, y, t) = [Rcenter (x, y, t)−Rsurround (x, y, t)]+

OFF (x, y, t) = [(2 ∗ baseline)−Rcenter (x, y, t) +Rsurround (x, y, t)]+

respectively, where [.]+ = max(.,0). Baseline is defined as the response of an ON

cell to uniform background stimulus. Addition of this term to OFF cells insured

that ON and OFF cells exhibited the same spontaneous activity levels in response

to a uniform field [6]. Binary action potentials are generated from this continuous

response function by a Poisson process. The probability that a ganglion cell fires

an action potential in the small interval between t and t +∆t(with ∆t << 1) is

given by:

p (x, y, t) = po ·∆t ·RGC (x, y, t)

Where po is normalization constant. RGC (x, y, t) represents either the re-

sponse of an ON center cell “ON (x, y, t)” or the response of an OFF center

cell, “OFF (x, y, t)”. Minimum delay between two successive firing instances of

a retinal cell is 3 ms.

The LGN layer is also made up of two 2D sheets of cells of size 30x30 each
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lying one over the other. One sheet comprised of ON-center cells and the other of

OFF-center cells. A one-to-one correspondence between the retinal and ganglion

cells exists. The firing of the retinal cells is directly relayed to the LGN layer.

The normalization constant (po) was chosen such that the model LGN cells firing

rates matched experimental values for the given contrast (Cheng et. al., 1995).

5.4 The Three Layer Visual Pathway System

The three layer visual pathway with lateral connections included is shown in Fig

5.2. Retinal cells receive input from visual space and transmit it to LGN. There

are ON- center and OFF-center retinal cells sending output to ON- and OFF-

center LGN cells respectively. Each cortical cell receives input from both ON- and

OFF- types of LGN cells. The retinal layer is modeled as two 2D 30x30 ganglion

cells lying one over the other, the first sheet corresponding to ON-center and

the other to OFF-center ganglion cells. ON- and OFF- LGN layers are modeled

as two 2D 30x30 sheets lying one over the other. Temporal response functions

and mechanism for generation of spikes the model in [33] is used for retinal cell’s

spatial receptive field.

Figure 5.2: Three Layer Artificial Visual Pathway

Figure 5.2 shows a three layer visual pathway with lateral connections. The
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model consists of retina, LGN and cortex. Retinal cells are divided into ON- and

OFF- cells and project to ON-center and OFF-center LGN cells respectively. Each

cell receives input from a restricted region of the LGN called its receptive field.

The cortical cells receive inputs from other cortical cells via lateral corticocortical

connections. Cortical layer models layer 4 simple cells.

The output layer models layer 4 cortical cells. The response of cortical cells

at a given time is calculated using the SRM model (Spike response model) [28].

The equation for calculating the membrane potential is,

ui(t) = η (t− tfC) + βL
∑
j

W k
ij

∑
fL

ε(t− tfL) + βC1

∑
j

w+
ij

∑
fC1

ε1(t− tfC1)

+βC2

∑
j

w−ij
∑
fC2

ε2(t− tfC2) +Rp (3.1)

where, ui(t) is the membrane potential of cortical cell at location i at time

t and tfC is the time when the cell produced the most recent spike. W k
ij is the

strength of the synapse between LGN cell at location j and cortical cell at location

i, k is either + or – where W+
ij (W−

ij ) represents the synaptic strength between the

ON(OFF)-center LGN cell at position j in the LGN layer to the cortical cell at

position i in the cortical layer. ε(t− tfL) is the EPSP (Excitatory Post Synaptic

Potential) generated in the cortical cell at location i when the LGN cell at location

j produces spike at time tfL. Similarly, ε1(t− tfC1) is the EPSP generated in the

cortical cell at location i when the excitatory cortical cell at location j produces

spike at time tfC1 and ε2(t − tfC2) is IPSP (Inhibitory Post Synaptic Potential)

generated in the cortical cell at location i when the inhibitory cortical cell at

location j produces spike at time tfC2. The formula used for εij(t) is

εij(t) =

[
exp

(
−
t− taxij
τm

)
− exp

(
−
t− taxij
τs

)]
H
(
t− taxij

)
where τs, τm are time constants and taxij is the axonal transmission delay

between node j to node i. H
(
t− taxij

)
is the Heaviside step function which vanishes

for
(
t− taxij

)
< 0 and takes a value of 1 for

(
t− taxij

)
> 0. The typical form of εij

is shown in figure 5.3.

For inhibitory synapses εij is negative. It is taken care of by making wij > 0

for excitatory cells and wij < 0 for inhibitory type cells. The summing up of the
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Figure 5.3: Excitatory Post Synaptic Potential

effect of all the spikes of the LGN cell and cortical cells occurring within the past

90 msec from the present time t is done. η(t − tfC) is the refractory voltage of

the cortical cell. The kernel ηi(t) is usually non-positive for t > 0. A specific

mathematical formulation used for ηi(t) is

ηi (t) = −ϑ exp

(
− t
τ

)
H (t)

Where τ is a time constant and H(t) is the Heaviside step function. At the

moment of firing ui(t) reaches −ϑ. The effect of the refractory voltage, expressed

by the above equation, is to reset the membrane potential ui(t) to 0. It is depicted

in figure 5.4.

Rp is the rest potential of the cortical cell. The output so obtained is 1 if the

value of ui(t) is more than the threshold; otherwise it is zero. In the simulation

70mV is resting potential. The threshold potential for spiking is 35mV for ex-

citatory cells, and 40mV for inhibitory cells to reflect the fact that interneurons

spike more than excitatory neurons.
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Figure 5.4: Behavior of EPSP with respect to threshold potential

5.5 Simulation Arrangement

The setup of the simulation of the artificial visual cortex is given in the figure

5.5.

Figure 5.5: Proposed Model
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5.5.1 Input

The input is the black and white line images of size 195x195. These images are

synthetically generated owing to the requirements of the artificial Visual Cortex

model. To check the working of the cortex model we first use these synthetic

images rather that natural images. These images contain lines of angles between

0◦ to 180◦ with a step of 9◦.

5.5.2 RGC Layer

The RGC layer accepts the input from the image of size 195x195. Here the retinal

layer is modeled as two sheets of ganglion cells (ON and OFF), lying one over the

other. The ganglion cells are modeled here to produce near real temporal response

to the visual stimulus. The receptive fields of the retina are modeled by using

the difference of Gaussian (DoG) method [29]. The DoG imitates the behavior

of the RGC receptive fields and gives it the property of spatial frequency filters.

The DoG operator uses simple linear differences to model the centre-surround

mechanism and the response (G(x, y)) produced is the measure of contrast of

events happening between center and surround regions of the operator. The

output of this layer is the temporal response corresponding to ten orientations

and for all cells of the LGN layer (42x42). The LGN layer is made up of two

2D sheets of cells of size 42x42. A one-to-one corresponding relationship between

retinal and ganglion cells exists. Therefore the firing of the retinal cells output is

directly relayed to the LGN layer. The output is produced for both the ON and

OFF Retinal layers.

5.5.3 Cortex Layer

This layer receives the input from the RGC layer. The response of the cortical

layer is calculated by using Spike Response Model (SRM) [28]. The Kernel used

here is epsilon(ε) which generates the Excitatory Post Synaptic Potential (EPSP)

at LGN, EPSP and Inhibitory Post Synaptic Potential (IPSP) at the cortical

layer. The value of the cortical potential is calculated by calculating membrane

potential. The value of the membrane potential depends up on the occurrence of
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the input in quick succession. This quick succession of input occurrences, pushes

the membrane potential towards the threshold, if crossed, a spike is recorded.

The voltage is reset to the reset potential and the process continues. Similarly,

the spikes are produced by all the neurons of the cortex corresponding to the

input orientations.

5.5.4 Simulation Results

There were two types of input use as input stimulus. We used 195x195 sized

inputs for the model. The size of our cortex is 50x50. LGN is of size 30x30. After

unfolding the LGN it becomes of size 42x42. LGN and retina is of same size.

Thus visual space corresponding to retina of size 42x42 is 195x195. This size was

chosen as it is the area of the visual space which the cortex of size 50x50 and

LGN of size 13x13 can process.

Figure 5.6: Inputs Starting from Vertices of Image
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Figure 5.7: Inputs Passing through the Origin

The two types of input are:

• Line image whose origin lies on the vertices as shown in fig 5.6.

• Line image whose origin lies at the center of the image shown in fig 5.7.

The output was in the following form:

• Times at which the spikes were fired from every neuron cell.

• Spike potential values of all the cells for various orientations in the cortex.

• Angles of the receptive fields of the individual cortical cells.

We use the spike potential produced for the ten orientations. This data contains

the fired potential of all the neurons for various input orientation. All the cells do

not fire all the time, but only those cells fire which are tuned for that orientation.
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This means that some neuron cells which fire are the once tuned for some ori-

entation and when that orientation is flashed as input these cells potential cross

over the threshold value and fire a potential. The spike response of the cortical

cells to various input stimuli was calculated from equation (3.1). Spike rates per

second were computed for individual input orientations. Ten responses were thus

obtained for ten orientations of input stimulus.

Figure 5.8: Orientation Map

Approach 1

First approach was taken of, to use the spike output and compare it with the

Orientation map. Orientation map 5.8, is orientation vs Active region map. It

maps which region of brain maps to what orientation. Activities from cortical

areas are recorded by showing grated stimuli of different orientations. Each pixel

represents, vector (r, φ), r is magnitude of response, φ is angle of oriented input

(Angled Map).

The output obtained in the form of 50x50 containing the magnitude of re-

sponse of the cortical cell. As the artificial cortex is extremely small of dimension

50x50, in comparison to the actual cortex which is of size 1010. So we take the

largest value among the 50x50 output which we assume is representing the ef-
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fective output of the small cortex. This r value (magnitude) is then compared

with the orientation map values, if the match is found, we find the corresponding

angle(φ). We now reconstruct this newfound angle.

This approach did not meet the desired results and the calculated angles were

not confirming to the known input angles.

Input
Angle

0-
18

19-
36

37-
54

55-
72

73-
90

91-
108

109-
126

127-
144

145-
162

163-
180

Output
Angle

0 110 148 59 68 87 35 35 7 107 35 13
9 147 57 81 111 33 92 77 68 50 70 4
18 162 129 8 54 37 38 32 13 151 156 4
27 115 35 23 88 140 95 16 31 101 68 40
36 69 48 89 99 84 55 124 47 30 46 58
45 81 61 66 137 72 56 51 23 23 82 40
54 109 154 140 38 23 1 123 33 99 8 13
63 138 16 99 81 69 123 5 67 21 46 4
72 136 100 42 61 262 13 10 49 1 75 40
81 55 164 10 27 61 56 55 113 74 4 13
90 155 47 63 35 66 204 36 1 6 60 80
99 175 61 94 5 87 33 38 155 12 86 4
108 198 43 52 175 66 39 31 37 46 8 4
117 110 18 26 73 152 49 36 31 45 125 40
126 106 40 129 23 101 94 14 4 43 114 22
135 167 32 7 102 124 36 2 83 104 41 4
144 160 31 97 29 25 68 33 69 183 38 76
153 165 80 118 30 80 77 56 20 21 86 4
162 142 18 187 41 107 21 40 0 112 21 22
171 323 87 37 45 9 133 4 68 63 3 4
180 270 13 45 74 66 4 177 0 12 52 4

Table 5.1: Results for Detected Edges of a Synthetic Oriented Input

Approach 2

In this approach, we select the cortical spikes output file which contains the

Spike potential of all the cells for various orientations. To derive the meaningful
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orientation from the output data, we counted the ‘number of cells/orientations’,

which fired the maximum times. We applied a filter to the data to filter out the

low firing cells, the output of which was of no relevance and which were spoiling

the final output. So, finally the potentials which are beyond a threshold are

counted, and the count of number of neurons/orientations is obtained as shown

in table 5.1. The orientation for which the number of neuron fired is the highest

is the orientation output of the artificial cortex. This orientation is a crude

calculation of the orientation of the input image of the orientation. Thus we are

able to calculate the indicative orientation, corresponding to the synthetic input

angle. This gave us near true angles of 45 ◦, 90 ◦ and 0 ◦. There are some errors

in the other orientations. The reason for this behavior could be that this artificial

cortex is currently designed for 10 orientations only, i.e. 0◦-180◦with step of 18
◦. So it is only responding for angles which are multiples of 18◦. If we have to

improve the sensitivity of the artificial cortex model then we have to reduce the

step size to a lower value(2◦,4◦,8◦). Lower the value of the step size, higher will

be granularity of the model and higher will be the sensitivity of the system.

Figure 5.9: Testing of the model with an synthetic Image
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Approach 3

For testing the response behavior of the developed model to an images(both

synthetic and natural), we feed the model a big image shown in Figure 5.9. The

model was given a 390x390 size image (Figure A) as an input. The model breaks

down the image into smaller portions of size 195x195. Then it finds out the

corresponding angles of the small images. After having done so it reconstructs

the image(Figure B) with the calculated angle. It is observed that the some

angles calculated by the model were near correct but some were out of phase by

180 ◦. There is a need to study this erratic behavior of the model to the various

angles. And the correction has to be incorporated in the model in such a way

that it is biologically plausible.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

Hubel and Wiesel pioneered a significant progress in the field of study of the visual

cortex. Visual cortex being a complex part of brain has a lots of short and long-

range vertical and lateral connections. The major functioning of the visual cortex

is to receive the neural signals from the eye and lateral geniculate neuleus and

thereafter process the information received to derive multidimensional features of

the visual information before it is perceived by the brain. Various methods are

proposed to model the visual cortex, with an aim to understand the functioning

of the various aspects of the cortical layer/cell. The main focus is to understand

the detailed structure and the neural mechanisms that underlie the functioning

of the visual cortex. But many of these models take approaches which are not

biologically plausible. In this thesis, we have used a biologically plausible compu-

tational model for accepting an visual input like an eye and perform like a natural

visual system and immitate a basic function of edge detection. This is done by

giving the model an known orientation synthetic input and thereafter receive the

cortical spikes output. These cortical spikes were then analyzed, and various ap-

proaches were taken to draw out the information (orientation selectivity) from

the output received.

The various approaches which were taken are as follows:

• Approach I: The first approach was to compare the cortical spike output
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with the Orientation Map values(OMap is a map of spike potential ampli-

tude and the angle associated with it.These are the real brian values which

returns the corresponding orientation values if the cortical spike potential is

known.), to get the orientation value corresponding to cortical spike. Then

we got the orientations of all the spikes ccorresponding to the entire input

image and reconstructed the image as per the oriented information received.

The results were not much encouraging.

• Approach II: In this approach we collected the cortical spikes potential

of all the cells for various orientations. To derive the meaningful orienta-

tion from the output data, we counted the ‘number of cells/orientations’,

which fired the maximum times for an orientation. Finally, the count of

”number of neurons/orientations” is obtained. The orientation for which

the number of neuron fired is the highest, is the orientation output of the

artificial cortex. Thus we were able to calculate the indicative orientation,

corresponding to the synthetic input angle. This approach has given us

near true results of degrees of around 45 ◦, 90 ◦ and 0 ◦.

• Approach III: To test the response behavior of the developed model, to

the input images, both synthetic and natural. We gave an image input

the model and evaluated the Neuronal spike output. The output is yet to

come to a desired state, but it gives a partial good result. To improve the

sensitivity of the artificial cortex model, we have propose to reduce the step

size of the orientation to a lower value of 2◦, 4◦ or 8◦, which currently is

18◦ . Lower the value of the step size, higher will be granularity of the

model and higher will be the sensitivity of the system, which will enable it

to pick angles of input lines with discernable accuracy, enabling increased

orientation selectivity and tuning. This is yet to be established.

In view of the observations in the previous section and the summary of the

work done, the present thesis have presented a biologically plausible model of vi-

sual cortex with simple as well as complex cell receptive fields. The contributions

of the present work are as follows:

• Developed a receptive field of a complex cell with biologically plausible
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preconditions.

• Developed the edge detection capability model of artificial visual cortex.

6.2 Future Work

• Characterization of the complex cell receptive field to understand its be-

haviour, capabilities and effects of various parameters.

• Characterization of the artificial visual cortex. This will open up more

dimensions of understanding in to the concepts and further improvements

are possible.

• The current model works well for certain orientation, but shows incorrect

results for other orientations. There is a need to enhance the granularity of

angle selection by the model so that its orientation selectivity increases.
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