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ABSTRACT

This paper introduces an understanding of the role of ~ertain
types of neural cells In the vertebrate retlna as a process for
edge detection and locallzatlon, A design of ar electronic neural
edge detector l1s proposed and analyzed. Our hope Ls that this and
similar efforts will eventually 1lead to the formation of
engineerling principles that will assist developments In the
science and technology of the hardware electronic vision and
machlne perception. The proposed approach makes use of the
biologlcal findings established in the medical literatures
associated with early vlsual processing In vertebrate retina. The
use of" neural -networks is the optimal choice for the bhardware
implementatlon of the edge detector. The reason is that the
concept of parallel processing is satisfled., Thlis is aslmilar to
the role played by the physical neurons in vertebrate retina whlle
processing the lmages, A computer slmulatlion is used to test the
performance of this approach.
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{1} INTRODUCTION

Edge detection and localization is a wvell-known problem ln
machine vislon, Edges are curves in the image wvhere rapid changes
occur ln gray level or in the spatial derivatives of gray level.
Edges in the images often result from "occluding conhtours" of the
three-dimensional (3D0) objects. These contours represent physical
events which are very important to be detected by a useful vision
system. Edges may also arlise from dlscontinuities in surface
orientatlon and reflectance properties.

Edge detection and localization is important for two reasocns.
First, it represents a "compact description" of the lpput image
such that it 1s possible and easy to reconstruct the original
signal from the representation. Second, the edge representation is
a "meaningful” one, hence, it relates the raw input data
{viewer-centered} to the physical events that cause it, 1in
particular the objects being observed [object-centered). In fact,
edge detection and localization 13 one of the initial tasks to be
performed by the visual system as an early processing of the input
image.

Many efforts have been done to understand the blologlcal
solutlon of the vision problem, Many researchers have been studied
the vertebrate retina and the brain as a system performlng a
visual iInformation processing. The retlna codes the image into
neural impulses that ara eventually transmitted through the optic
nerve to be analyzed by the brain which performs the perception
and recognition tasks.

This paper lntroduces an understanding of the role of certaln
types of neural cells in the retina as a process for edge
detection and localization. A design of neurai edge detector is
proposed and analyzed. Our hope ls that this and simllar efforts
will eventually lead to the formation of engineering principles
that wiil assist deveiopments in the science and technoclogy of the
hardvare electronlc vislon and machine perception. With this
objective in mind, we have made conscious allowances in mapping
the fuli complexity of the retinal organization onto a relatively
simple network of causal reiationships, wvhich captures the
impor tant functional characteristics of the gsystem,

(2) ORGANIZATION OF THE PAPER

The paper begins by reviewlng the major approaches taken by
previous researchers to accomplish edge detection, locallzatlon,
and estimation. Then few of anatomical and physiological aspects
of the neural structure for vertebrate retina are pointed out.
After that, a revlev for some mathematlcal aspects of edge
detection ls introduced. Thlb includes the 1ll-posed nature of the
problem and the condltiona under vhlch edge detection can be
transformed into a weli-posed problem, In a later section the
design of one dimenslonal {1D} edge detector is introduced. The
analysis of the stabillty and convergence of the system response
are investigated. The resuits of the computer simulation
experiments used to test the stability and convergence of the
system are discussed. Finally the paper ends with the conclusions
and suggestions for further research,
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(3} LITERATURE REVIEW

Edge detection has been one of the mosat active flelds in
machine vislon. The use of convolutional edge-enhancement operator
is used in the classic paper by Roberts [l1]. This paper showed how
to extract edges from the high quality photographs of polyhedral
objects digitized on a converted drum plotter, Binford [2]
realized that a large image area was needed to provide sufficient
evidence for an edge in a noisy image,

There are many algorithms for detecting and locating edges
using non-convolutionai approaches, Duda & Hart [3] considered use
of the "Houge transform", a mapping into the parameter space nf
the line sought after., Hueckel [4] developed a least-squares
fitting scheme based on expansion of the brightness function in a
reglon in terms of orthogonal functions. Haralick [5] proposed the
use of a plecevise linear approximation of the brightness
surface, Rosenfeld & Thurston [25] may have been the first to
propose working on an image simultanecusly at several levela of
resolution. A very different approach to edge detection is based
on stochastic models of the image is found in [26].

The "Laplaclan™ and various discrete approximation had been
proposed for edge detection [6]. Modestino Ak Fries [7] obtalned an
optimal estimate of the Laplacian over a large supporit area. The
YGauasians" had been used in edge detection by Macleod [38]. A new
theory of edge detection based on finding the "zero-crossings' of
the output of an even-derivative operator applied to the image is
described by Marr & Hildreth [9]. They toock the Laplacian operator
and combined it with the Gaussian amoothing filter to produce a
rotationally symmetric edge operator.

Recently there has been more concern about the accuracy and
sensitivity to noilse of these edge-enhancement operators, see
Hartley [10}. This is atiil an active area of research.

(4) BIOLOGICAL BACKGROUND

The processing- of vliaual information In vertebrates begins
with the absorption of photons of an incoming 1light by the
photopigment molecule of the membranes at the specialized external
segqments of the retina. The retina in all vertebrates \is
congtructed with five different types of ceils: receptor cells
{rods or cones), horizontal cells, bipolar cells, amacrine cells,
and ganglion cells, wvhich form a functional unit in which the
processing of visual information  ©begins. Since cCajal [11}
originally classlfied vertebrata retinal neurons near the turn of
the century, much work has been devoted to the characterlzation of
individual ceils and their functional role ln the spatiotemporal
organization of the retina, The Iintracellular microelectrode
recordings have shown that the electrical activities of the first
three celis {receptor, horizontal and bipolar) can be
characterized as hyperpolarization or depolarization, which lis
increasing or decreasing the neuron membrane potential by either
chemical or physical means [12,12,14]. The amacrine and ganglion
cells give spike activity i.e., an on-off response [11].

In the retinal processing of 1light information, the very
large range of 1light intensities of the outside world \is
compressed into a narrower range which can be handled
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satisfactorlly by the fibers of the optic nerve, The neurally
coded visual message collected 1in the ganglion cells |1is
transmitted by the optic nerve fiberg to the thalamocortical cells
located in the lateral genlculate nucleus and in the visual cortex
where the hlgher visual processing occurs [15], This processing
includes the matching between the left and right ilmages of the two
eyes to sense the depth of the three-dimensional objects.

The maln characteristics of the receptor, horizontal, and
bipolar neurons in the vertebrate primary visual system ls briefly
outlined. The conhections among the three types of cells are alsco
deascribed. The neural edge detector studied in the present work is
constructed using electronlc components, which simuiate the
functions of these cells,

1) Receptor Cells {15,18]

The flrst stage of vision is the physical interactlon between
light focused on the retlna and the visual plgment 1n retinal
cells, The human retina 1is composed of over 1100 million
llght-gsensltive cells, A small proportion of them near the center
(about 6 million} are speclalized to respond to ilight from cone of
three waveiengths, and these three sorts of cells- the so-called
"cones"~- are maximally sensltlve to red, green, and blue
respectlvely. The full range of percelved colors ls based purely
on these inputs. The remalning cells in the retina - the so-called
"rods"- are less specialized, responding to light over a wide
range of frequencles,

Thegse cells are located in the outermost part of the retina.
The electrlcal response of a receptor cell is proportionel to the
number of photons absorbed by the photopigment meclecules of the
cell membranes. The receptlve fleld of a photoreceptor 15 very
small and probably only as large as the receptor itself, The
receptive fleld of a single vlsual neuron is defined as that
region of the retina or vlsual fleld vhich, when presented vilth a
photlc stlmulus, wlll lead to a change in the neural activity of
the cell. This means that in general receptors do not make lateral
connections wlth other receptors.

2) Horlzontal Cells [17,18)

These cells are horizontally located just belov the receptor
cells Iln the retina and recelve 1lnputs from receptor cells via
chemical sSynapses, The horizontal cell essentially acts as a
lov-pass filter, It performs an integrative function, summing
responses of Ilndivldual receptors to generate effectlvely a
lov-frequency offset potential for the blpolar cell. A poslitive
feedback mechanism exlsts between receptors and horizontal cells,
The horizontal cells are tightly packed to form a layer and there
exlst electrical synapses among adjacent cells vlthin the layer,
%¥hen a horlzontal cell 13 depolarlzed, thls depclarlzation
propagates laterally and sums wlth the adjacent cell potentiail
essentlally performing an integrative functlon,

3) Bipolar Cells [19,20]

The blpolar cell, located in the lnner nuclear layer,
recelves Ilnput from both the horlzontal and receptor cells.
Functional and morphclogical identification technlques have shown
that both inputs are found on each bipolar cell, suggesting that
these cells may function as common mode rejecting devices, The
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cell subtracts the integrative low-frequency potential of the
horizontal cell from the local response recelved directily from the
receptors,

{5) MATHEMATICAL ASPECTS OF ONE-DIMENSIONAL

EDGE DETECTION PROBLEM

In a gray level image, an edge point 13 a polnt vhere
intensity change ls taking place. &tﬂlmple model for edges will
used, namely a step edge, Let the i step edge at focatlion X

atep size Si is denoted by Il{x):
Ilix) = Si u(x - xl} (5.
vhere u{x) is the unit step function. The waveform signal can

well approximated by the function I(x]) whlch is the sum of a
edges:

I{x) = Il{x}

s1 u{x - xlj (5.

vhere N is the number of pixels in the dlgital form of JY{x} (s
Fig. 1 )., Edges can be classifled into two types, one wlth sma!
intensity S1 and the other with sharp intensity. Edge detectl:

problem can be formulated as; glven a certaln rav Image {I(xij, i
i=N§}, it is required to detect the sharp changes Sl’s and thei
locations xi’s in thls image. Edges with small intenslties ar

neglected, hence they do not represent physlcal events, Llnatea
they occur due to noise in llghtening or sencing processes. Tt
smali intensity edges are usually cancelled by the averagir
process.

It has been suggested [21] that edge detection is essentjiall
a problem of numerlcal differentiatlion, Because differentlatic
amplifies high-frequency components, then after differentiatio
high frequenclea of the noise will be enhanced and we loos
stability or continuity from the initiai data. In other words,th
problem is lli-posed ln the classical sense of Hadamard ([22],
vell-posed problem is one with a solution that is unique an
depends continuously on the data, A probiem that fajls either o
these two crlterla 1ls called lll-posed. The discretization of a
ill~posed problem often leads to an ill-conditioned system o
equations- l.e,, a system in which small errors in the data ca
lead to large errors in the solution. Differentiatlon, however, i
a mildly ill-posed problem, which can be transformed lnto
well-posed problem by many methods [22], A convenlent wvay ls t.
convolve the signal with Gausslan function gix). In visio:
literature, there are several descriptlions of the analytlc form o.
the Gaussian distributlon, which differ only in an overal.
multiplicative constant that does not change the shape of the
distribution. We adopt the followlng form

gi(x) = Exp-l-xz/zozl (5.3,
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where ¢ 13 the varlance., The Gaussian function 13 a lov pass
fiiter and it has a symmetrical shape as shown in Fig. 2.a. The
noise free image If(x) is given as:

I (%) = g(x} * I(x) (5.4)

(* represents the convolution operation}

This image 1s used instead of the initial raw data I{x}) toc make
the edge detection problem as a well-posed one, In fact, there ias
a general agreement on the usefulness of flltering images before
locating edges, but it 13 not obvious how to locate edges after
filtration. There are two approaches, which aithough related, can
give rather different resuits:

1) Extrema scheme:

Because edges are sharp changes in the gray level profile,
they can be detected at the extrema of the convolution of the
approximating signal I{x) and of the first derivative of a
Gaussian fliter, 1. e.,

H(x) = dg(x)/dx * I{x) (5.5)
the step size Sj 13 the amount of the extrema and its position is

the corresponding edge locatlion x,, The first derivative of a

Gaussian D(x)} is determined from Eq. 5.3 as
D{x) = dg{x}/dx

= (-x/0%) Exp.[-x2/20%] (5.6)
This distribution 1s shown graphlcally 1in Figq. 2.b. A
corresponding numerlcal mask used in the convolutlon process can
be derlved. The output of the convolution of the train of edges
I(x) (Eq. 5.2) with this filter 1s

H{x) = D(x)*I(x)

—[x - T) 2 2 N
I( Exp.[-({x-T}"/2¢ ])12 Slu(t-xl) dt
=1
N -{x-1)
=Ls, I(—————— Exp. [ -(x-7)?/20%]) u(z-x,)ar
1=1 ~- o
" - ]
=I s jdlsxp -(x~1)%/20%)
i=1

=1 S, [Exp.-(x-7)%/202]
1= ! e *y

N 2, 2
n1§1sl Exp. [-(x-x,)°/20°] (5.7}

It has been shown that edges detected as extrema of the gradient
is a good description of the image [24].
11) Zesro-Crossings schene

The zero-crossing 1ls defined as a point where a function's

"
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value chahges its sign. If If[x) ls the flltered image, we can

ldentify edges as zero-crossings of the convolution of the
approximating signal and of a Laplacian over Gausslian LoG filter
i, e,,
F(x) = d°g(x)/dx? * I(x) (5.8)
The second derivative of a Gaussian mask (defined in eq.5.3)
is given as
L(x) = -(1/¢%) [1-x%/0?] Exp.[-x?/207] (5.9
This mask is knovn as Laplaclan of Gaussian (LoG) fiiter (see Fig.
2.c). Therefore the convolution of the approximating signal I(x)
and a LoG fiiter is

F{x] = L{x)* I{x} {(5.10}
In a similar manner as in Eq. (5.7) the foilowing equation can be
proved

N
F(x) = 1/azlzlsj(x-xi) Exp. [-(x-x,)%/207] (5.11)

The edge 1s located at the zero crossing Xy, the peak and valley
are at a distance of ¢ on either side of Xy and their amplitudes
are proportional to Sl’ the slze of the step.

In fact, the application of a first-derivative operator must
be followed by a search for peak values. A means of suppressing
large values near the local maxima 1ls also requlred., Partly for
this reason, Second-derivatlve operators became more popular,
since the edge 13 located where their output 1s a zero crossing.

{6)ONE DIMENSIONAL NEURAL EDGE DETECTOR DESIGH
1 )Receptor Layer

The receptor layer ls modeled using an array of photodiodes,
Each cell converts the amount of llght captured by it into a
corresponding analog electrical signal (see Flgqg. 3). The spatlal
distance between each two successlve neurons corresponds to the
lmage resclution, any image detajls less than this resolutlon can
not be identified. The photodiodes are 1isolated from one to
another, 1, e., no inter-connectlons exist between them. Let

I[xl,t),I(xz,t), seevey I{xg,t) represent the analog signals
outputed from the dlfferent receptor cells at locatlons X1s X5y
+eey X and tlme instant t, where K iIs the number of photodiodes

N
ln the receptor layer. During the followving analysis lt will be
assumT% that these signals are constants with tlme. The output of
the 4 receptor cell will be denoted as I(xj). This output 1is

modeled using the equatlon (5.2) as
H
I(xj}=1£151u(xj-xi} {6.1)
11) Horizontal Layer
This layer 1ls designed to obtaln the different step slzes
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{sj, j=1,2, ....., N} at the different receptor cells. The value
of the convolution of the first derivative of the signal I[xj)
wvith the Gausslan G{x) centered at the receptor located at xj can
be derived from Eq. (5.7} as

Hy= Rlxy)

2
= LS5 Exp.l-(xj - x;)%/20%] (6.2)
i=1
;i J=1,2, .., N
The above equation can be written in the form

N
H, = s 6.
wvhere 2
vlj = Exp.[-(xj-xlj ] {6.4)
s 1,1 =1,2,.....,N
The weight "ij’ 1 1if {xl =xj) and 1s always 1less than unity for

any other combination of i, j. Equation 6.3 represents one equatiocn
in N unknowns Sl, i=1,2,..,N. The left hand side of this equatlon

Hj is determined directly from the raw data I{x) as the product of

the pumerical mask D Corresponding to Filg. 2.b centered at poirt
xy and the raw data. In matrix form, Eq. (6.3) can be written aa

H=WS (6.5)

H 1s (Nx1) column matrix contalning the values of Hj, Jj=1,2,..., N
$ 1s (Nxl1) column matrix containing the values of Sl, 1=1,2,..., N

W

13
Note that W 1s an extremely well behaved matrix, symmetric,
positive definite, with 1’s on the diagonal. The inversion of this
matrix ls quite straight forwvard, leading to a set of values for
the step sizZes., For all practical purposes, 1t can alsc be
congidered as a band matrix, since the decrease along both sides
of the diagonal i3 exponential. A band matrix of "band width"
[e,.8 ] is a matrix for which a1j=° it i-j > 6 or § - 1> 82

Experimental results shows that the full matrix can be very wvell
approximated by a band matrix with band width of 5 pixels, which
says that no more than 3 edges interact at any given point. Due to
the above properties the Gauss-~seidel method [25] 15 used to find
the solution of Eq, 6.5, hence It is suitable to be implemented in
a hardvare form using the neural networks. Thi= occurs by
rewriting equation {§.2) as:

S; = ;515 Exp.[~ (xj'xil 2202 ]+ Hy {6.€)

i#3;

13 {NxN) matrix containing the vailues of ulj

jmllzl' v N
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or
N

S, =-Y 5 W + H 6.7
b =E i Yij b (6.7)
i=1
itd;
The connection betveen the receptor layer cell and the horizontal
layer cell 1ls performed via a wveighted synapse. We denote by "lj

the synaptic weight of the output of neuron Aj in the receptors

layer and the neuron A, in the horlzontal layer (see Fig. 3). In

other wordsa, “11 repr:sents the increment of the postsynaptic
potentlial of Al in the horizontai layer wvwhen a pulse arrives from
the output of Aj in the receptor layer. When the output of Alls
not connected to Aj, we put "1j =0. Due to the properties of the

matrix W, the output of the horizoatal layer converges despite the
initial state of the output.The N“ synaptlc welghts "ij {i,1 =

1,2,...,H8, I = j) constitute an NxN matrix ¢ which we call the

"connection matrix'", It represents the interconnection of neurons
in the net. It 1s important to note that cij=-\r1j for 1#j and

cij=° for 1=j, i.e., the maln diagonmai contalns zero elements,

Physically, this means that no feedback occurs from a slongle
neturon in the horlzontal layer to itself,
ili) Blpolar layer

The bipolar layer 1s deslgned to cbtain the locatlons of the
different edges correspondlng to sharp varlatlons ln Sj. The

bipolar layer is compused of N cells, each cell 1s an operational
amplifler functlons as a comparator. This comparator obtalns the
difference of tvo Gaussians (DoG). The first Gaussian is derived
from the origlnai rav data (the output of the receptor layer). The
second Gausslan ls derlyed from the estimated extrema of the raw
data (the output of the horizontal layer), The output of the
comparator ls a logical one (1) lf and only if the two lnputs are
equal, in other words the difference of the twe Gaussjians is Zero,
else the output is zero, Thls means that the ocutput of the blpolar
layer ls rhythmic response and the ones correspond to the deslred
edges of the image,

The flrst Gausslan ls implemented through the use of suitable
welghts for the synapses connecting each cell in the bipolar layer
with the dlfferent cells In the receptor layer. Thls velght is
denoted by Uij and can be determined from eq. [5.9) as

-1
2 2 2 2
Uij =o—§_{ i- (x1 - xj) /) Exp.[-[xi - xj) f2v7 ]
1, =1,2,..,8 (6.8)
This Gaussian is denoted as Ll(xj]uhich represents the LoG for the

rav image determlned at point xj. This value is given as
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|

Llijj =1£1Uij I[xi] (6.9}
; J=3,2,......,N

The second Gaussian is impiemented through the use of

suitable welghts for the synapses connecting each cell in the

bipeolar layer with the different celils in the horizontal layer,

This weight is denoted by vji and can be determined from eq,

{5.11) as 2 2 2
Y.. = 1/c {xj - xl) Exp.[-{xj - xl) 7207] {6.10)

ji
i, =1,2,..,H

This Gausslan is dencted as Lzlxj]uhlch represents the LoG for the
raw ilmage determined at point xj {see Flg. 3). This value 1s glven
as N

Lz(xj] =T le 51 {6.11)

i=1

It is useful now to indicate the difference between the
technique used toc locaiize the edge 1in this paper and the
Difference of Gausslans (DoG) technique known in the literatures.
The DoG technique locates the edge at the zero crossing of the
Laplaclan over Gausslan {LoG) of the original raw data using two
Gaussians with different variance o¢. In this paper, the edge i3
located at the zero crossing of two different LoG’s with the same
variance parameter ¢, The firat LoG 1ls calculated directiy from
the original raw data and the other is calculated from the
estimated step sizes derived from the original raw data,

1t 1s important to mention here that the one-dimensional
netiral &dge detector can be used to detect the edges in a two
dimensional ([2D) image. This occurs by scanning the 2D image raw
by raw or column by column as shown in the next section, In fact,
it weil be better to develop a 2D edge detector to extract the
edges directly frém the 2D images. Such detector is under
development at this time,

{7) EXPERIMENTAL RESULTS

In this section, some resultzs of the uge of the proposed
electronic edge detector are presented.
Simulation of neural edge detector:

The one dimensionai electronic edge detector is simulated via
a software subroutine according to the design rules described
previously. In this routine there are three arrays R, H, B. The
number of cells in each array is chosen to be 256. The input to
this routine is the array R containing the raw data representing
the output of the receptor layer. These data are generated either
from artificial lmages or real images as indicated in the
experlments described later 1ln this section, The array H contalns
the estimated step sizes at each pixel of the raw data. The output
of the subroutine ls the array P. It represents the output of the
bipolar layer. Each element of this array has a binary value, It
1s a logical 1 at the corresponding edge location, otherwlse it ls
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a loglcal o,

A Gaussian mask with certain variance (c) 1s used to evaluate
the different synaptic weights connecting the neurons in the
different layers. In the simulation subroutine there are three
weighting arrays W, U, ¥V, each ls one dimensional. The W array
contains the weights of the connection between the receptor antd
the horlzontal layers, the U array contalns the weights of the
connection between the horizental and the bipelar layers, and the
¥ array contains the wveights of the cohnection between ¢t :
receptor and the bipolar layers. The length of these arrays :s
the same and depends on the chesen ¢ of the Gausslan distribuition.
As an example If ¢ 1s 5 pilxels, it i3 found that the length of the
welghting arrays shouild be 21,

The action of the different cperaticnal ampliflers te reach
its steady-state response is simulated by an jiterative process. In
the simulation process, it was found that about 100 iterations {in
some cases) are required to reach an acceptable estimatlon of the
edge iocation when using an XT personal computer and FORTRAN
language. In fact, this number of lterations does not mean any
thing when the neural edge detector ls impiemented in hardware.
Thlas 18 because, theoretically the neural network can reach its
steady state in no time, hence there 13 no clock pulses to
vrganize the serial operations, Physically some time is consumed
by the neurai network to reach 1its stable state., This time is
limited by the sgatllng time of the used operational ampliflers
which is about 10 sec for the nominal amplifiers.

Example 1: ldeal step edge

The image used 1ls 256x256 pixels 1ln slze, with gray lievel
values between 0 and 255, The height of the step edge is 50; the
gray level on either sides of the edge were 10 and 160
regpectively, Flg., 4.,a shows the ldeal lmage, and Flg, 4.b shows
one dimensional horizontal silice of 1t., The image described
previously 1ls generated via a software program and stored In a
file to be accessed by the neural edge detector routine. The lmage
1s scanned raw by raw, the results are shown 1n Fig. 4.c,

Example 2: Ideal edge in noise

A Zero mean independently identically distributed Gausslan
noise was added- to the above image. Flg. 5.a shows tbhe nolse
corrupted step edge with a signal to nolse ratlio (SHNR} of 0,25,
Signal to nolse ratlo is defined as

SNR = (h/o_)?
where h 15 the edge step helght and L is the standard deviation

of the Gaussian nolse. In the presence of nolse, we must use
larger fliters 1ln order to reduce the number of false edges. The
synaptic weights are determined using a Gaussian function with o=7
pixels. Fig., 5.b shows a slice of the nolsy lmage. Fig. 5.c shows
the reconstructed signal using the electronic edge detector.Fig.
5.d shows the total edge for the whole image.

Example 3: Real images

The responses of retinal cells and of an electronic camera
comprise, in effect, a two-dimensional array of thes Iintensity
values at each point on the light-sensitive surfaces., These values
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can be represented as numerals (the larger the numeral, the more
lntense the 1llght), If we ignore colour, these numerals can be
converted back into shades of grey and thus into a picture known
as the '"grey-level lmage”, Flg. 6.1 shows a grey-level image which
is a point-by-point representatlon of the intensity values of a
scenea (576x454) pixels [27]. Figq. 6.2 shows the intensity values
for the part of Fig, 5.1 inside the rectangle on the rlght-hand
gjde. It is two-dimenslonal array [31x31l] elements. Actually the
human retina ylelds an array with vastly more elements, This image
ls processed by the edge detector routine. The results are derived
from first processing the Image raw-by-raw, which {is novw a
one-dimensional processing and we can apply our approach directly,
then processing the image column-by-column, finally ORing the
results from both directions. Fig. 6.3 shows the estimated edges
for the studied part of the image,

Accuracy of edge locallzatlon:

The average error in edge localization {p) 13 estimated

as
M
pe am |, - xl

where,
Ra= actual edge point location

R = estimated edge point location M = number of all adge points

in the whole image.

It is important from the economical point of view to define
the suitable variance ¢ of the Gaussian distribution usgsed to
determine the different synaptic weights, Physically these weights
are implemented using electrical resistances, The number of thesge
resistances shouid be reduced as much as possible In order to
minimize the pover loss and consequently the heating effect., Fig.
7 shows the variation of the average edge localization accuracy as
a function of the varlance ¢ for both ldeal image used in example
1 and noise ilmage used in example 2, As shown from this fiqure the
accuracy increases as the vsriance ¢ Iincreases, For the
noise-free image the saturation of the curve occurs at o=5 pixels,
and for nolsy image o=7 is sultable,

{(7) CONCLUSIOKRS AND FUTURE RESEARCH

There are two contributions for this work. The first 1ls the
use of the blolegical findings associated with early visual
processing ln vertebrate retina to sclve quantitatively the edge
detection problem which is one of the basic problens in machine
vigion fleld. This occurs through the jinterpretation of the
results established 1In the medicaji literatures wusing the
mathematicai theory for edge detection problem developed
independently in the computer vision community.

The second contribution of this wvwork is the use of neurai
networks as the optimal choice for the hardware implementation of
the electronic edge detector. The reason is that the concept of
parallel processing is satisfied, This is similar to the role
played by the physical neurons in vertebrate retina vwhile
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processing the images.

The paper also introduced a complete design for the proposed
electronic neural edge detector, The magnitude and the sign of the
Step silzes are estimated as the output of the horizontal layer,
and the edges itseivesa appears at the output of the bipolar layer.
The author believes that the human brain can approximate and
reconstruct the original image from these outputs, The results
shows that the detector worksa very well not only on sSome ideali
slgnais, but aiso on real image data, The syst=m stability ~nd
convergence are satlsfied through the proper cholice of the
synaptic veights connecting the different neurons.

A good extension of the one-dimensional neural edge detector
{1DNED) proposed 1ls the (ZDNED), even though the soclution might
involve more complexity. Another extenslon for this work 1s the
study of the other neurons in the human visual system in order to
obtain a suitable interpretation for the human stereo vision. This
helps 1ln developing a hardware vislon syatem which will be
excellent for robota to explore the surrounding environment
without direct contact,

There are limitations with the proposed system when the edge
model does not fit, For example, In the case where a '"sloped'" edge
is involved, such as a ramp, or when there 13 a slope difference
on the two sides of a step, the proposed model 13 no longer
appropriate and just tries to make the best Iinterpretation with
the ideal step edge model, The modification of the model to fit
with the different types of edges ls a good area for research,
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Fig. 1 Signal modeling

Fig- 2.a Gausslan distribution

Fig. 2.b Flrst derivative

Flg. 2.c Second derivative
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