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ABSTRACT

Several methods of detecting edges in visual scenes by a
digital computer are presented. There are two broad procedures of
edge detection, called one- and two-pass methods. Examples

illustrating some of the methods in each catagory are given.
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1. Introduction

Visual pattern recognition is a process whereby a digital computer
uses a visual scene as an input and deduces certain properties about the
content of the input data. The usefulness of visual pattern recognition
is obvious when one considers how much the human decision process is
dependent on vision as the major input media. Several applications of

visual pattern recognition are briefly reviewed in the following.

The earlier goals of visual pattern recognition centered around
the computer recognition of machine imprinted alphanumeric characters [1].
This application has been widely accepted for the automatic reading of
commercial documents. Present research in this area is directed toward
the automatic recognition of hand printed alphanumeric characters [21.
Research into the use of vision as a controlling input to a computer
operated mechanical manipulator is being performed at MIT [3], Stanford [4],
and Hitachi Ltd. [5]. In these three projects the vision input to the
computer consists of the output of a television camera which observes the
environment in which the manipulator is to operate. Use of a television
camera input for the control of mobil automatons is being implemented at
SRI [6], MIT Lincoln Labs [7], and JPL [8]. Here the vision information
is used to control the movement of the automaton in an unknown environment

and enable it to perform given tasks.

One area of considerable current interest is the automatic
extraction of information from biomedical images. A major effort has
been devoted to chromosome karyotyping [9] and X-ray analysis [10].
Eventually the automation and standardization of laboratory processes
will be realized by the results of biomedical image processing. Another
major research area of interest is the automatic analysis of multi-channel
spectral data from airborn scanners [11]. The earth is scanned with twelve

spectral scanners and one digitizes the intensities in twelve bands from 0.40
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to 1.00 microns. From the digitized data, the types and conditions of
agriculture are automatically determined by using pattern recognition
techniques. Other applications of this research effort include the discovery
of minerals. The twelve-channel scanners and the use of 3-color visual

scanners [12] add another dimension to the pattern recognition process .

In the above mentioned applications, the visual information
consists of binary black or white or multi-gray-level digitization of the
spectral intensities in a visual scene. The goal of the visual pattern
recognition is to extract descriptions of objects present in the visual scene.
An object is a body which contrasts light intensity with its surrounding i
area. Therefore, edge detection is a necessary first step in order to

determine the presence and location of objects in the visual scene,

An "edge point” is defined as a point in a two-dimensional
visual scene which contrasts with its adjacent points. An "edge" is
a string of adjacent edge points of length greater than one. The process
of detecting the edges in a visual scene can be broken into two steps:

(a) Edge point detection

(b) Edge fitting

In the present paper we shall discuss both edge point detection
and edge fitting techniques. Algorithms and procedures will be
presented for edge detection together with examples which use these
techniques. The visual data for the examples was produced by an Image
Dissector television camera, connected to a SDS-930 computer in the

College of Engineering, The University of Texas at Austin.

It is not imperative but generally desirable to filter the data
before the process of edge detection is implemented on the data. This
filtering may be performed in the time domain via a digital filter or in the

frequency domain via fast fourier transform. The process of prefiltering




may be used to emphasize certain frequencies, de-emphasize certain
other frequencies, remove noise, and is called image enhancement.
Image enhancement will not be discussed in present paper and it will

be the subject of a companion paper. However it may be observed that
the results of the edge detection algorithm will, in general, depend upon

the type of image enhancement used on the data.

2, Edge Detection

The edges which appear in visual scenes are formed by the meeting
of two areas of somewhat uniform intensity. An edge is characterized
as a distinct change in light intensity between neighboring points in the
scene. The detection of an edge can, therefore, be accomplished by
looking for these intensity changes in the digitized scene. The method
of examining the scene can be global or local. The two methods are
characterized by the amount of input data which is considered by the

algorithm at cne time.

Global methods consider all, or a large subset, of the input
information which is available at one time. The algorithm can be charac-
terized as a parallel processor which takes all of the available data and
reduces it to a single output describing the input data. The implementation

of perceptrons [13] is an example of a global method.

Local methods are algorithms which consider only a small part
of the input data base at one time. Small subsets of the available input
data are analyzed and local decisions about the information contained
in each subset are made. Information which has been derived from these
local subsets is then connected to form decisions about the complete
input data base. Most of the algorithms used for edge detection in visual
scenes are of the local type. The reason for this fact may lie in the

sequential way in which computers (and of course the computer programmers)

operate. The present paper is directed at the discussion of local methods.



Local methods of edge detection in visual scenes are analogous
to looking at a scene through a small window. The portion of the scene
which is seen through the window is analyzed and information about the
edge(s) which are present in the view are stored. The window is then
moved to another area of the scene and the process is repeated until

all edges in the scene are detected.

Two types of local methods are presented. The two-pass method
consists of operating on the digitized picture array with a local operator
which accentuates or detects the presence of edges in the window, A
second picture array is formed by this process which contains only the
edges which have been detected by the local operator. The new picture
array is then used to detect the edges in the scene. The one-pass method
locates an edge in the window and moves the window along the detected
edge. This is an edge follower technique, and does not require the inter-
mediate picture array storage of the two-pass method. The following sections
present two pass and one pass techniques, together with examples illustrating

these methods.

3. Two-Pass Methods

The popular local operators consist of an n by n window on a
digitized scene, where nis an integer = 2. Given a two dimensional matrix
of intensities, S, the nby n w_indow is shifted along S and a differential
matrix, D, is computed. This is a transformation of the intensity domain

into the differential domain. Some two by two operators are shown below:

2 2
= - -+ .
(1) di,j ‘/;S’i,j Si+1,j+1) (Si+1,j Si,j+1)

in Roberts [14]
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in Forsen [15]
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in Brice [16].

These operators require that a distinct change in intensity must occur
between two adjacent points in the intensity matrix of the visual scene.
This is not a practical restraint for most image input devices or objects
in visual scenes which are to be analyzed. When a visual image is

digitized by an input device, random noise from the input device along

with bluring and pincushion effects of the lens system tend to form gradual
changes in intensity across boundary points of the edges in the visual
scene. Therefore, if the maximum resolution and sensitivity of the image
input device is to be obtained, the two by twowindow will not provide

sufficient information to detect edges optimally.

More important as a limiting factor of the two by two window
are the types of edges which must be detected. Only very sharp edges
with high intensity contrast between the surfaces which form the edges
will produce a single step response of intensity. The detection of ill
defined edges (edges which are formed by a gradual change in intensity

across the edge) requires that the area adjacent to both sides of an edge
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be examined to determine the contrast which defines the edge. Therefore,
larger windows will be required and the local operator must consider
more than four points in the visual scene to detect the presence of edges.

Several three by three operators are given below:

(5) The Laplacian

Ay, = sy, m s, = By 78y,

+ - - -
s;,5 -5y, 5-0) = (55,51 7 34,

in Rosenfeld [17]
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(8) Sic1,3-1 Si-1,5 Sie1, 41 -hob el
a .= |%ui-1 Py S « |71 8 -1
1,]

Sit1,j-1 Si+1,5 i+l 41 -1 -1 -1

n

* = T
where A * B /.
=1

in Sutro [7]

The operator given . by (8) is called convolving the digital image
with a filter of mask. Prewitt [20] uses this type of operation with three
by three and four by four element masks to extract the gradients in blood-
cells. Each of the operators given by (1) - (7) may be expressed in terms

of the convolution operation .

Otto [21] uses a five by five operator and looks for the maximum
change in intensity in eight directions from the point (i, j), as shown in

equation (9).

(9) 4 . = max | (s, -
i,] m,n i+m, j+n i,

) |

where (m,n) = {(0,2),(-2,2),(-2,0),(-2,-2),
(01"2)1(21"2):(210)/(2!2)}

Hueckel [22] operates on the elements within a circular window.
The window will contain 32, 52, 69, 88, or 137 elements of the picture
array, depending on the diameter of the window. A low pass filter is
applied to these elements which produces the 8 lower order Fourier compo-
nents of wavelengths in terms of the window diameter. These eight com-

ponents are then used to determine the best fit of an idealized edge (unit
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step intensity) to the input intensity information within the window. The
operator selects the best values of (c,s.p.d,b) which describe a straight
edge that passes through the circular window. (c.s.p) are the parameters
of the normal equationcx + sy = p. d is the starting value and d+b is the

terminating value of the idealized edge intensity.

An adaptive local operator is presented by Rosenfeld [23, 24). As
a test for the presence of a vertical edge through the point (i,j). the
difference of average intensities of two Zh by 2h windows adjacent to

the edge i~ computed for various values of h.

oh_1 g2h.
h _ 2h T Z
= . .h-1 ,
(10) di,j 1/2 Z S(1-‘2h +u), (j-v)
u=0 v=0
2Ry ghy

Caanl N

- L L SGe2 ), G)
uw=0 v=0

The smallest window such that

hl> ldh+1\

3/4 |4, . o
i,] 1]

is chosen as the optimal window size. This procedure has the advantage
of being able to adapt to a large variety of edges which appear in a visual

scene. It also detects surfaces of different textures which meet to form

an edge. The operators described above determine the differential intensity
matrix. In general, different operators will yield different differential
intensity matrices. The use of these operators on visual scenes is illus-
trated in the next section. It may be emphasized that the solutions are

not always correct or unique. In general the solutions will depend upon

the order in which the algorithm is applied or the various parameters which

are used. The type of algorithm which is used is generally determined




by the type of visual scene to be processed.

The differential intensity matrix D, obtained by the use of local
operators, consists of a matrix of numbers. The second pass of the
two-pass method consists of selecting a threshold A, and fitting straight
or curved line segments to all of the points in D such that }di,jl >\,

A histogram of the values of D will give some initial indication of what
value of » can be used. Most methods of edge fitting require finding the
location of connected {adjacent) points in D which are greater than )

and fitting the best line or curve connecting these points by any of the

following techniques:

(a) Forming short straight line segments from connected points
and regrouping the connected segments of approximately
the same slope into longer straight line segments [14].

(b) Fitting a least squares straight line or a polynomial on a
subset of points of D [18].

(c) Finding the maximum value of the convolution of the points in
D with a template [18].

(d) Thining of local areas of connected points in D to form
a simple line [25].

(e) Performing a Hough transformation [26].

Once the edges in D have been located, they can be represented
in several ways. Straight edges can be characterized by their end points.
Curved edges can be represented by a sequence of straight edges, or the
coefficients of a polynomial, or chain encoding (a polynomial representation
of the changes in slopes along the curve), or a set of templates.

Certain descriptions may be more desirable in a given application. For
example, the description by the coefficients of the Fourier transformation
of the angle along the perimeter of a simple closed curve will produce a

position and rotation invariant description [27].



4, Edge Detection Examples

A black and white pencil drawing (Figure 1) was digitized into a
256 by 256 matrix of intensities S. Figure 2 shows an eight gray-level
computer printout of the S matrix. Curve A of Figure 3 shows the histogram
of S, hs(x), with 0 being the darkest and 63 the brightest intensities in.S. The
S matrix was operated upon by the eight differential operators that were
given in Equations (1) through (8) in the previous section to form the dif-
ferential matrix D. Six of the operators produced similar results and are
shown in Figures 4 through 9. The operators given in Equations (5) and (8)
did not produce usable d.fferential matrices. These two operators produced
excessive random noise of unconnected points in D and did not produce
well defined edges. These results do not produce any criticism or evaluation
of the specific operators. Only the results from the specific visual image
and intensity digitization can be observed. Another type of visual scene

or digitizing method may have produced different results.

The operator (1) produced a differential matrix D(l)' for which
the histogram, hd(x), is shown by curve B of Figure 3. The values of

d. . ranged from 0 to 78. Figure 4 shows an eight gray-level printout of

7

D(l) . The seven printout thresholds for the D matrices were choosen by

the use of the relationship

e

g(x) = log, 4 hd(i)

>

il

=X

where hd(X) isthe histogram of D. The thresholds were (0.8, 0.7, 0.6,
0.5, 0.4, 0.3, 0.2) of the maximum value of g{x). Curve C shows

g(x) for D( The eight operators are summarized below.

1)°
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Minimum

Equation No. max (d, ) Figure No,
i, g(x) Threshold

1 78 4 7
2 111 5 9
3 58 6 6
4 102 7 7
5 151 - 8
6 312 8 , 49
7 209 9 29
8 297 - 20

5. One-Pass Methods

The two pass methods discussed in Section 3 required storage
of a large amount of intensity data. The edges to be detected in a visual
scene are characterized by the largest intensity change occuring along
lines which are perpendicular to the edge. Therefore, the largest amount
of information about the presence of an edge from the least amount of data
can possibly be obtained from such single line scans. In the following
discussions, d(x) is defined as the differential along the vector s(x) of
intensities. The one pass approach lends itself best to systems which

require the least amount of computer data storage. It is used mainly

in systems which use a sequential scanning device, such as a vidicon
television camera, or a random scanning device, such as an image
dissector television camera or a random flying spot scanner. Only the
points in the visual scene where the edges are detected are stored in the
computer. This produces a large reduction of storage requirement. Picture
reduction techniques discussed in [28] use similar techniques for visual

storage and image transmission,
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Sutro [21] used a vidicon television camera which first sweeps
the raster with horizontal scans and then repeats with vertical scans.
The video signal is digitized and processed by a digital filter, which
detects the edge gradients. The horizontal and vertical gradients are
then merged to form the visual image. The random position image devices
produce the capability of scanning along a line (not necessarily straight)
anywhere in the visual raster. Only those intensities along the scan
line must be digitized and a minimum amount of computer intensity data

storage is required.

One pass methods differ from two pass methods in that (i) the one
pass method does not store the differential intensity matrix, (ii) the edge

fitting is performed as one determines the edge. There is no separate

edge fitting operation. Thus the one pass methods are also called edge-

follower algorithms.

Greenblatt [29] used perpendicular scans along the proposed
straight edge. The coordinates, where the maximum [s(x) - s{x-1)]
occured along each perpendicular scan are stored and a narrow rectangular
box is proposed to enclose these coordinate points, The rectangular box
is lengthened and more perpendicular scans are produced until the box
cannot enclose the coordinates. A straight edge in the visual scene is

thereby defined by the rectangular box.

Herskovits [30] discusses methods of detecting the edges of
objects which are viewed with an image dissector television camera.
A is a range of intensity points along a straight line scan which are
examined before and after the location x in the intensity vector for the

presence of an edge. If first difference is

(11) dl(x) = s{x+a) - s{x-4) .

12
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then the average of d. (x) over an interval of 2A is

1

(12) d, () = 1/24 Zdl(x““) ,

i=-p

and &1(x) may be used to detect edges. Further, the image dissector
produces random noise which is assumed to be Gaussian, with a standard
deviation of o. Assuming that an ideal step function of intensity is
being detected, al(x) will detect the step function if it has an amplitude of
greater than c/ JT A constant slow change of intensity, such as a
blurred edge, with a slope of a can be detected by al(x) if the intensity
changes by more than 2A0. As a compromise between these two values

of detectable intensity change, the optimal value of o was found to be
A3/2 ~ o/2q.

Another type of operator was found to be more satisfactory with
sloping types of edges, the most common type, based on the second

difference
(13) dZ(X) = s(x+p) - 2s(x) + s(x-4).

The difference between the mean of dz (x) over p points after and before x

is given by

- O -
(14) dy(x) = 1/a§ ) d,6erd) = ) d)(x-i)
i=1 i=1
%k
Here d,, will detect intensity changes of greater than 4/ 3/h o and sloping

2

changes caused by defocusing have no appreciable effect on this value.
Underwood [31] used the first difference average al(x) of equation

(12) as an edge operator with A = 2. The edges in the visual scene

were traced by performing perpendicular scans along a proposed edge and

storing the coordinates of the closest peak in lai(x){ to the midpoint of
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the scan for each perpendicular. An additional operation of performing
circular scans about an edge point was performed. The purpose of the
circular scan was to determine the direction of an edge and if another
edge is present in the neighborhood which interesects with the present
edge which is being followed. The close proximity of edges near an
objgct corner causes the value of al(x) to not approach zero when two
edges are near each other. Instead, local peaks and valleys in lal.(x)}
occur. Therefore, a peak at location x was determined to indicate an edge

iff:

13

1
n
i:

(15) |d,69] - 13,6001 > 13, 0]

]

where a is distance to the nearest valley clockwise of x, b is distance

to the nearest valley counter-clockwise of x, and n is the number of
sample points. The use of the average value of lal(x)} as a threshold

value automatically compensates for different contrast situations which

occur in the visual scene.

6. Example of Edge-following

The edge follower reported in [3 1] was designed to form line
drawing descriptions of three-dimensional planar objects which were
viewed by a random access Image Dissector television camera. The
routine determines all of the nodes of the object under view and returns
a line drawing description in terms of the node (end point) coordinates of
each visible edge of the object. An initial edge of the object is found by
scanning across the scene and locating the maximum peak in al(x) . A
circular scan finds the direction of this edge. Scans along perpendiculars
to the edge determine the coordinates of points along the object edge.

Nodes of the object are found by periodically performing circular scans

14




to determine the presence of other edges which intersect to form nodes.
A followed edge can only be terminated by such an intersection. Once a
node has been determined, a circular scan about the node will locate the
other edges of the object. Figure 10 shows the computer plotter output
of an icosahedron which was viewed by the system. The line drawing
description output is used to perform automatic learning and recognition

of planar three-dimensional objects.

A modification of the routine has added the ability to follow the
curved edges of non-planar objects. Instead of describing an object

edge as a straight line between two node coordinates, an edge becomes

a string of short straight edge segments between two nodes. The presence

of intersecting edges to form an edge end must now take into account not
only the direction of the last edge segment, but the curvature which is
formed by the preceeding edge segments. Figure 11 shows the plotter

output of a8 cup which was viewed.
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Figure 2, Intensity Matrix S
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Figure 3. Distribution of S and D(l)
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Figure 4. D(l)
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Figure 6. D(3) Matrix
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Figure 7. D )Matrix
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Figure 8. D(G)' Matrix
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Figure 10,

Isosahedron

Figure 11,

Cup






