CHAPTER 1

Advanced Edge Detection
Techniques:

The Cang and the Shen-Castan Methods

11

The Purpose of Edge Detection

Edge detection is one of the most commonly used operations in image
analysis, and there are probably more algorithms in the literature for
enhancing and detecting edges thay @ther single subject. The reason

for this is that edges form the outline of an object. An edge is the bound-
ary between an object and the background, and indicates the boundary
between werlapping objects. This means that if the edges in an image
can be identified accuratelgll of the objects can be located and basic
properties such as area, perimetard shape can be measured. Since
computer vision imolves the identification and classification of objects in

an image, edge detection is an essential tool.

A straightforvard example of edge detection is illustrated in Figure 1.1.
There are tw overlapping objects in the original picture (a), which has a
uniform grey background. The edge enhancedsion of the same image

(b) has dark lines outlining the three objects. Note that there isypdow

tell which parts of the image are background and which are object; only
the boundaries between thegiens are identified. Hweever, given that

the blobs in the image are th@jiens, it can be determined that the blob
numbered ‘3’ cwers up a part of blob ‘2’, and is therefore closer to the
camera.

Edge detection is part of a process cadiginentation - the identification
of regions within an image. Thegm®ns that may be objects in Figure 1
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FIGURE 1.1 - Example of edge detection. (a) Synthetic image with blobs on a grey background. (b)
Edge enhanced image showing only the outlines of the objects.

have been isolated, and further processing may determine what kind of
object each mgon represents. While in thiskample edge detection is
merely a step in the gmentation process, it is sometimes all that is
needed, especially when the objects in an image are lines.

Consider the image in Figure 1.2, which is a photograph of a cross-sec-
tion of a tree. The gmith rings are the objects of interest in this image.
Each ring represents a year of the gdié&, and the number of rings is
therefore the same as the age of the tree. Enhancing the rings using an
edge detectoras shan in Figure 1.2b, is all that is needed tgreent

the image into forground (objects = rings) and backgroundefgthing

else).

Technically edge detection is the process of locating the edgegbéx and

edge enhancement will increase the contrast between the edges and the
background so that the edges become more visible. In practice the terms
are used interchangeap$nce most edge detection programs also set the
edge piel values to a specific gydevel or color so that thyecan be eas-

ily seen. In additionedge tracing is the process of foleing the edges,
usually collecting the edge mbs into a list. This is done in a consistent
direction, either clockwise or courtelockwise around the objects.
Chain coding is onexample of a method of edge tracing. The result is a
non-raster representation of the objects which can be used to compute
shape measures or otherwise identify or classify the object.

The remainder of this chapter will discuss the theory of edge detection,
including a fev traditional methods. Then tnmethods of special interest
will be described and compared. These methods, theyGalye detector

and the Shen-Castan, or ISE8ge detector ke receved a lot of atten-
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FIGURE 1.2 - A cross section of a tree. (a) Original grey-level image. (b)ldeal edge enhanced image, showing the
growth rings. (c) The edge enhancement that one might expect using a real algorithm.

1.2

tion lately and justifiably so. Both are based solidly on theoretical con-
siderations, and both claim agitee of optimality; that is, both claim to

be the best that can be done under certain specified circumstances. These
claims will be @amined, both in theory and in practice.

Traditional Approaches and Theory

Most good algorithms lggn with a clear statement of the problem to be
solved, and a cogent analysis of the possible methods of solution and the
conditions under which the methods will operate corretiing this
paradigm to define an edge detection algorithm means first defining what
an edge is, then using this definition to suggest methods of enhancement.

As usual, there are a number of possible definitions of an edge, each
being applicable inarious specific circumstances. One of the most com-
mon and most general definitions is itieal step edge, illustrated in Fig-

ure 1.3. In this one-dimensionadaanple, the edge is simply a change in
grey level occurring at one specific location. The greater the change in
level the easier the edge is to deteat,ib the ideal casany level change

can be seen quite easily

The first complication occurs because of digitization. It is ehlikhat

the image will be sampled in such aymhat all of the edges happen to
correspond xactly with a pixel boundary Indeed, the change invid
may &tend across some number of gl (Figures 1.3b-d). The actual
position of the edge is considered to be the center oathgconnecting
the lav grey level to the high one. This is a ramp in the mathematical
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FIGURE 1.3 - Step edges. (a) The change in level occurs exactly at pixel 10. (b) The same level change as
before, but over 4 pixels centered at pixel 10. This is a ramp edge. C) Same level change
but over 10 pixels, centered at 10. (d) A smaller change over 10 pixels. The insert shows the
way the image would appear, and the dotted line shows where the image was sliced to give
the illustrated cross-section.

world only, since after the image has been made digital (sampled) the
ramp has the jagged appearance of a staircase.

The second complication is the ubiquitous problem of noise. Due to a
great many factors such as light intensity, type of camera and lens,
motion, temperature, atmospheric effects, dust, and others, it is very
unlikely that two pixels that correspond to precisely the same grey level
in the scene will have the same level in the image. Noise is a random
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effect, and is characterizable only statisticallize result of noise on the
image is to produce a randormriation in leel from pixel to pixel, and so
the smooth lines and ramps of the ideal edges amr e&countered in
real images.

1.2.1 Models of Edges

The step edge of Figure 1.3a is ideal because it is easy to detect: in the
absence of noise, prsignificant change in gydevel would indicate an
edge. A step edge ver really occurs in an image because: a) objects
rarely hae such a sharp outline; b) a scene i&ensampled so that edges
occur eactly at the magin of a pixel; and c) due to noise, as mentioned
previously.

Noise will be discussed in thextesection, and object outlineany quite

a bit from image to image, so let us concentrate for a moment on sam-
pling. Figure 1.4a shws an ideal step edge and the set oélgixvolved.

Note that the edge occurs on thxéreme left side of the white edge pix-
els. As the camera mes to the left by amounts smaller than oneslpix
width the edge mees to the right. In Figure 1.4c the edge hasaddy

one half of a pigl, and the pigls along the edge wocontain some part

of the image that is black and some part that is white. This will be
reflected in the gselevel as a weightedvarage:

(b)
(a) (©)
elele® 00O ele/e@|o0[O
DOREE ee/e0/0/0O
OO EEE OOREE
ele|e|0|0OlO (d) ele|e|o|0OlO

FIGURE 1.4 - The effect of sampling on a step edge. (a) An ideal step edge. (b) Three dimensional view of the step
edge. (c) Step edge sampled at the center of a pixel, instead of on a margin. (d) The result, in three
dimensions, has the appearance of a staircase.
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1.2.2

(vWaW + vbab)
VvV = (EQ 1.1)

aw*ay

where y, and y, are the gre levels of the white and blackgmns, and
a, and g are the areas of the white and black parts of the edgke fax
example, if the white kel is 100 and the blackvel is O, then thealue

of an edge pigl for which the edge runs through the middle will be 50.
The result is a double step instead of a step edge.

If the efect of a blurred outline is to spread out theygevel change

over a number of peds then the single stair becomestarcase. The

ramp is a model of what the edge mustehariginally looled like in

order to produce a staircase, and so is an idealization, an interpolation of
the data actually encountered.

Although the ideal step edge and ramp edge models were generally used
to devise nev edge detectors in the past, the modas wecognized to be

a simplification, and rveer edge detection schemes incorporate noise into
the model and are tested on staircases and noisy edges.

Noise

All image acquisition processes are subject to noise of some type, so
there is little point in ignoring it; the ideal situation of no noiseene
occurs in practice. Noise cannot be predicted accurately because of its
random nature, and cannotea be measured accurately from a noisy
image, since the contalion to the gre levels of the noise canbe dis-
tinguished from the ped data. Havever, noise can sometimes be charac-
terized by its déct on the image, and is usuallxpeessed as a
probability distrilution with a specific mean and standardiatgon.

There are tw types of noise that are of specific interest in image analy-
sis.Sgnal independent noise is a random set of geclevels, statistically
independent of the image data, that is added to tledsgix the image to

give the resulting noisy image. This kind of noise occurs when an image
is transmitted electronically from one place to anotheh is a perfect
image and N is the noise that occurs during transmission, then the final
image B is:

B=A+N (EQ1.2)
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A and N are unrelated to each othEne noise image N could Ve ary
statistical properties,ub a common assumption is that it fo#® the Nor-

mal distribution with a mean of zero and some measured or presumed
standard daation.

It is a simple matter to create an artificially noisy imagértgaknavn
characteristics, and such images agywseful tools forxgerimenting
with edge detection algorithms. Figure 1.5wla@an image of a chess
board that has been subjected aoiaus dgrees of artificial noise.df a
Normal distritution with zero mean the amount of noise is specified by
the standard dgation; values of 10, 20, 30, and 50 arewhan the fig-

ure.

For these images it is possible to obtain an estimate of the noise. The
scene contains a number of smadjioas that should & a uniform gre

level - the squares on the chess board. If the noise is consiggerine
entire image, then the noise inyaone square will be a sample of the
noise in the whole image, and since thesleés constanter the square

then an variation can be assumed to be caused by the noise alone. In this

(d) (€) ()

FIGURE 1.5 - Normally distributed noise and its effect on an image. (a) Original image. (b) Noise having ¢ = 10.
(c) Noise having o = 20. (d) Noise having o = 30. (d) Noise having o = 50. (f) Expanded view of an
intersection of four regions in the g = 50 image.
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case, the mean and standardia#on of the grg levels in ay square can

be computed; the standardvigion of the grg levels will be close to
that of the noise.d'male sure that this isevking properly we can na

use the mean already computed as thg Igkel of the square and com-
pute the mean and standardidéon of thedifference of each grey level

from the mean; this nev mean should be near to zero, and the standard
deviation close to that of that noise (and to thevjanesly computed stan-
dard deiation).

A program that does this appears in Figure 1.6. As a simple test, a black
square and a white square were isolated from the image in Figure 1.5¢
and this program &s used to estimate the noise. The results were:

Black region:
Image mean is 31.63629 Standardiaton is 19.52933
Noise mean is 0.00001 Standardidgon is 19.52933
White region:
Image mean is 188.60692 Standardia®on is 19.46295
Noise mean is -0.00000 Standardidé&on is 19.47054

In both cases the noise meaaswery close to zero (although wevea
assumed this), and the standardiaon was \ery close to 20, which
was the alue used to create the noisy image.

The second major type of noise is caltsghal dependant noise. In this

case the kel of the noise alue at each point in the image is a function of
the grg level there. The grain seen in some photographs iganme of

this sort of noise, and it is generally harder to deal wibhtuRately it is

less often of importance, and becomes manageable if the photograph is
sampled properly

Figure 1.7 shas a step edge subjected to noise of a type that can be char-
acterized by a normal distabon. This is an artificial edge generated by
computey so its &act location is knen. It is difficult to see this in all of

the random ariations, It a good edge detector should be able to deter-
mine the edge position irven this situation.

Returning, with less confidence, to the case of the ideal step edge, the
question of ha to identify the location of the edge remains. An edge,
based on the pveus discussion, is defined by a grevel (or color)
contour If this contour is crossed then thedechanges rapidly; folle-

ing the contour leads to more subtle, possibly randove| lehanges.

This leads to the conclusion that an edge has a measurable direction.
Also, although it is by the lge level change obseed when crossing the

Techniques in Computational Vision
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/* Measure the Normally distributed noise in a small region.
Assume that the mean is zero. */

#include <stdio.h>
#include <math.h>
#define MAX
#include “lib.h”

main(int argc, char *argv[])

IMAGE im;
inti,jk;
float x, vy, z;

double mean, sd;
= Input_PBM (argv[1]);

[* Measure */
k=0;
x=y=0.0;
for (i=0; i<im->info->nr; i++)
for (j=0; j<im->info->nc; j++)

x += (float)(im->datalil[j]);

y += (float)(lm >data[iJ[j]) * (float)(im->datal[i][j]);

k+=1

}

[* Compute estimate - mean noise is 0 */
sd = (double)(y - x*x/(float)k)/(float)(k-1);
mean = (double)(x/(float)k);
sd = sqrt(sd);

printf (“Image mean is %10.5f Standard deviation is %10.5f\n”,

mean, sd);

/* Now assume that the uniform level is the mean, and compute the
*/

mean and SD of the differences from that!
x=y=z=0.0;

for (i=0; i<im->info->nr; i++)

for (j=0; j<im->info->nc; j++)

z = (float)(im->datali][j] - mean);
X +=Z;
y += 2%z,

s?d = (double)(y - x*x/(float)k)/(float)(k-1);
mean = (double)(x/(float)k);
sd = sqrt(sd);

printf (“Noise mean is %10.5f Standard deviation is %10.5f\n",

mean, sd);

FIGURE 1.6 - A C program for estimating the noise in an image. The input image is sampled from the image

to be measured, and must be a region that would ordinarily have a constant grey level.
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contour that an edge mkcan first be identified, it is thadt that such
pixels connect to form a contour that permits the separation of noise from
edge piels. Noise pigls also she a lage change in iel.

There are essentially three common types of operators for locating edges.
The first type is a devative operator designed to identify places where
there are laye intensity changes. The second resembles a template
matching scheme, where the edge is modeled by a small imagegho

the abstracted properties of a perfect edge. Finally there are operators that
use a mathematical model of the edge; the best of these use a model of
the noise also, and malan effort to take it into account. Our interest is
mainly in the latter types,ub examples of the first tav types will be
explored first.

1.2.3 Derivative Operators

Since an edge is defined by a change iy eel, an operator that is sen-
sitive to this change will operate as an edge dete&tderivative opera-
tor does this; one interpretation of a detie is as the rate of change of
a function, and the rate of change of theyderels in an image is lge
near an edge and small in constant areas.

Since images are twdimensional, it is important to considendé
changes in mandirections. Br this reason, the partial deatives of the
image are used, with respect to the principal directions x afAd gsti-
mate of the actual edge direction can be obtained by using thatdes
in X and y as the components of the actual direction along #s ard

FIGURE 1.7 - (a) A step edge subjected to Gaussian (normal distribution) noise. (b) Standard deviation is
10. (c) Standard deviation is 20. Note that the edge is getting lost in the random noise

10 Techniques in Computational Vision
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computing the gctor sum. The operatonvimlved happens to be tigea-
dient, and if the image is thought of as a function ab tariablesA(x,y)
then the gradient is defined as:

A 0A
OA(X, y) = %,g—yg (EQ 1.3)

which is a tvo dimensional gctor

Of course, an image is not a function, and can not berelittiated in the
usual vay. Because an image is discrete, we differences instead; that

is, the dewative at a piel is approximated by the tkrence in gre lev-

els orer some local ggion. The simplest such approximation is the opera-
tor U4

Ox1A(X, y) = A(X y) —=A(x-1,y)
Oy1A% y) = A(X y) —A(X, y-1)

The assumption in this case is that theydeegels \ary linearly between

the pixels, so that no matter where the dative is talen its \alue is the
slope of the line. One problem with this approximation is that it does not
compute the gradient at the po(mty), but at(x-1/2, y-1/2). The edge
locations vould therefore be shifted by one half of agbix the-x and-y
directions. A better choice for an approximation mightbe :

(EQ 1.4)

DXZA = A(X + 11 y) _A(X_ 11 y)

(EQ 1.5)
OyoA = A, y+1)—-A(x,y—1)

This operator is symmetrical with respect to thesp{x,y), although it
does not consider theblie of the pigl at(x,y).

Whichever operator is used to compute the gradient, the resukictgrv
contains information about hostrong the edge is at that pbxand what
its direction is. The magnitude of the gradieettor is the length of the
hypotenuse of the right triangle \iag sides[1X and [ly, and this
reflects the strength of the edgeedge response, at aly given pixel. The
direction of the edge at the samegpiis the angle that theypotenuse
makes with the axis.

Mathematicallythe edge response ivgn by:

Techniques in Computational Vision 11
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A A

and the direction of the edge is approximately:

[OAQ

O
Gdi o ataﬂ?ﬂﬂ (EQ1.7)
[OAO

Gy

The edge magnitude will be a real numiaerd is usually corerted to an
integer by rounding. Ay pixel having a gradient thatxeeeds a specified
threshold alue is said to be an edge glixand others are note@hni-
cally, and edge detector will report the edgeetsxonly while edge
enhancement dnes the edge peds over the original image. This distinc-
tion will not be important in the further discussion. The ®dge detec-
tors ealuated here will use the middlelue in the range of gydevels as
a threshold.

At this point it would be useful to see the results of the twadient oper-

ators applied to an imageoiFthe purposes ofveluation of all of the
methods to be presented a standard set of test images is suggested; the
basic set appears in Figure 1.8, and noengiens of these will also be

used. Noise will be normal, andvyeastandard deations of 3, 9, and 18.

For edge gradient of 18 grdevels, these correspond to signal to noise
ratios of 6, 2, and 1. The appearance of the edge enhanced test images
will give a rough cue about Waesuccessful the edge detection algorithm

is.

In addition, it would be nice to hae a numerical measure ofwguccess-

ful an edge detection scheme is in an absolute sense. There is no such
measure in generalubsomething usable can be constructed by thinking
about the wys in which an edge detector cail,for be wrong. First, an
edge detector can report an edge where ngiséspthis can be due to
noise, or simply poor design or thresholding, and is call&disa posi-

tive. In addition, an edge detector couddl to report an edge pax that
does aist; this is afalse negative. Finally, the position of the edge @k
could be wrong. An edge detector that reports edgasix their proper
positions is obiously better than one that does not, and this must be mea-
sured somehw. Since most of the test images wilveaknavn numbers

12
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ET1- Step edge
at j=127, delta=18

ET2 - Step edge
at i=127, delta=18

ET3 - Step edge
at i=j, delta=18

ET4 - 2 part tair,
each delta=9

ET5 - 3 part tair,
each delta= 6.

CHESS - red
sampled image.

FIGURE 1.8 - Standard test images for edge detector evaluation. There are three step edges and two stairs, plus a
real sampled image; al have been subjected to normally distributed zero mean noise with known
standard deviations of 3, 9, and 18.
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and positions of edge ks, and will hae noise of a knen type and

quantity applied, the application of the edge detectors to the standard

images will gie an approximate measure of thefeefiveness.

One possible ay to ealuate an edge detectdrased on the abe dis-
cussion, vas proposed by Pratt[1978], who suggested thewwoifpfunc-
tion:

Z D
_ |_1D1+0(d(|)
1 max(l 5, 1)

(EQ 1.8)

wherel , is the number of edge @bs found by the edge detectbris
the actual number of edge plg in the test image, and the functe{n is
the distance between the actuhl pixel and the one found by the edge
detector The \aluea is used for scaling, and should kepkconstant for
ary set of trials. A alue of 1/9 will be used here, as iasvin Prats
work. This metric is, as discussed\porisly, a function of the distance
between correct and measured edge positioas,isbonly indirectly
related to thedlse posittes and ngatives.

Kitchen and Rosenfeld[1981] also present\aiiation scheme, this one
based orlocal edge coherence. It does not concern itself with the actual
position of an edge, and so is a supplement to Prattric. It does con-
cern hav well the edge p fits into the local neighborhood of edge pix-
els. The first step is the definition of a function that measuresved an
edge piel is continued on the left; this function is:

(d dk)a%( d+ T[%f neighbork is anedgepixel
L(k) = 4° (EQ 1.9)
D

M 0 Otherwise

whered is the edge direction at the plxbeing testedd, is the edge
direction at its neighbor to the riglt; is the direction of the uppeight
neighbor and so on counterclockwise about theepirvolved. The func-
tion ais a measure of the angularfdrience between grniwo angles:

m—|d —
a(a, B) = —|T[ Bl (EQ 1.10)

14
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A similar function measures directional continuity on the right of the
pixel being galuated:

(d dk)alj(n d- n%f neighbork is anedgepixel
R(k) =

El
O 0 Otherwise (EQ 1.11)

The overall continuity measure is tak to be the\@rage of the best
(largest) alue of L(k) and the bestiue of R(K); this measure is called
C.

Then a measure of thinness is applied. An edge should be a thin line, one
pixel wide. Lines of a greater width imply thalde positres «ist, prob-

ably because the edge detector has responded more than once to the same
edge. The thinness measure T is the fraction of the selspix the 3x3

region centered at the mkbeing measured, not counting the center and

the two pixels found by L(k) and R(k), that are edgegtéx The werall
evaluation of the edge detector is:

E, = yC+(1-y)T (EQ 1.12)
wherey is a constant: we will use thalue 0.8 here.

We are nw prepared toaluate the tw gradient operators. Each of the
operators \as applied to each of the 24 test images. Then both the Pratt
and the KR metric as talen on the results, with the folling outcome.
For [

1

TABLE 1.1

Evaluation of the Dl operator.

Image Evaluator No Noise SNR =6 SNR =2 SNR=1
ET1 Eval 1 0.9650 0.5741 0.0510 0.0402
Eval 2 1.0000 0.6031 0.3503 0.3494
ET2 Eval 1 0.9650 0.6714 0.0484 0.0392
Eval 2 1.0000 0.6644 0.3491 0.3493
ET3 Eval 1 0.9726 0.7380 0.0818 0.0564
Eval 2 0.9325 0.6743 0.3532 0.3493
ET4 Eval 1 0.4947 0.0839 0.0375 0.0354
Eval 2 0.8992 0.3338 0.3473 0.3489
ETS Eval 1 0.4772 0.0611 0.0365 0.0354
Eval 2 0.7328 0.3163 0.34614 0.3485
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The drop in quality for ET4 and ET5 is due to the operator giving a
response to each step, rather than a single overall response to the edge.

For D2 we found:

TABLE 1.2 Evaluation of the DZ operator

Image Evaluator No Noise SNR =6 SNR =2 SNR=1
ET1 Eval 1 0.9727 0.8743 0.0622 0.0421

Eval 2 0.8992 0.6931 0.4167 0.4049
ET2 Eval 1 0.9726 0.9454 0.0612 0.0400

Eval 2 0.8992 0.6696 0.4032 0.4049
ET3 Eval 1 0.9726 0.9707 0.1000 0.0623

Eval 2 0.9325 0.9099 0.4134 0.4058
ET4 Eval 1 0.5158 0.4243 0.0406 0.0320

Eval 2 1.000 0.5937 0.4158 0.4043
ETS Eval 1 0.5062 0.1963 0.0360 0.0316

Eval 2 0.8992 0.4097 0.4147 0.4046
This operator gave two edge pixels at each point along the edge, one in
each region. As aresult, each of the two pixels contributes to the distance
to the actual edge. This duplication of edge pixels should have been
penalized in one of the evaluations, but E1 does not penalize extra edge
pixels as much as it does missing ones.
It is not possible to show all of the edge enhanced images, since in this
case alone there are 48 of them. Figure 1.9 shows a selection of the
results from both operators, and from these images, and from the evalua-
tions, it can be concluded that D2 is dightly superior, especially where
the noiseis higher.

1.2.4 Template Based Edge Detection
The idea behind template based edge detection is to use a small, discrete
template as a model of an edge instead of using a derivative operator
directly, as in the previous section, or a complex, more globa model, as
in the next section. The template can be either an attempt to model the
level changesin the edge, or an attempt to approximate a derivative oper-
ator; the latter appears to be most common.
16 Techniques in Computational Vision
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(@) ®)

FIGURE 1.9 - Sample results from the gradient edge detectors. (a) Chess image (0=3). (b) ET1 image (SNR=6). (c)
ET3 image (SNR=2). (d) Chess image (0=18).

There is a ast array of template based edge detectovs. Were chosen

to be &amined here, simply becauseth@ovide the best sets of edge
pixels while using a small template. The first of these is the Sobel edge
detectoy which uses templates in the form of eolution masks hang

the following values:

1-2-1 -
000=§5 :
121

=X

PN R
ooo
PN R

One vay to viav these templates is as an approximation to the gradient at
the pixel corresponding to the center of the template. Note that the
weights on the diagonal elements is smaller than the weights on the hori-
zontal and ertical. Thex component of the Sobel operatofSis and the

y component isSy; considering these as components of the gradient
means that the magnitude and direction of the edge Exgven by
Equations 1.6 and 1.7.

For a piel at image coordinates (i, andS, can be computed by:
S, = I[i-1][j+1]+21[i[j+2]+I[i+1][+1]-(I[i-1][-11+21[i[- 1]+ [i+2][j-1])
Sy = I[i+1][+1]+21[i+1][j]+I[i+1][-1]-(1[i-1]§+ 1]+ 21[i- 1] []+I[i-1][j-1])
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which is equwalent to applying the operatdﬂi1 to each 2x2 portion of

the 3x3 rgion, and then\eeraging the result. Afteg, andS, are com-
puted for gery pixel in an image, the resulting magnitudes must be
thresholded. All pigls will hare some response to the templates dnly

the \ery lage responses will correspond to edges. The bagttavcom-

pute the magnitude is by using Equation 114, this irvolves a square
root calculation that is both intrinsically sloand requires the use of
floating point numbers. Optionally we could use the sum of the absolute
values ofS, andS, (that is:|S| + |Sy|) or even the lagest of the tw val-

ues. Thresholding could be done using almogtséandard method. Sec-
tions 1.4 and 1.5 describe some techniques that are specifically intended
for use on edges.

The secondxample of the use of templates is the one described by Kir-
sch, and were selected as aaraple here because these templates ha
different motvation than Sobed’ For the 3x3 case the templates are:

-3-3 5 -3 55 555 5 5-3
KO=-3 05 K1=-3 05 K2=-3 0-3 K3=5 0-3
-3-3 5 -3-3-3 -3-3-3 -3-3-3
5-3-3 -3-3-3 -3-3-3 -3-3-3
Kd= 5 0-3 K5=5 0-3 K6=-3 0-3 K7=-3 05
5-3-3 5 5-3 555 -355

These masks are arfat to model the kind of ggelevel change seen
near an edge kiang various orientations, rather than an approximation to
the gradient. There is one mask for each of eight compass directions. F
example, a lage response to maglO implies a ‘ertical edge (horizontal
gradient) at the ped corresponding to the center of the maskfiid the
edges, an image | is cavived with all of the masks at each @lixposi-
tion. The response of the operator at aepis the maximum of the
responses of gnof the eight masks. The direction of the edgesipis
quantized into eight possibilities here, andvi* i, wherei is the num-

ber of the mask ing the lagest response.

Both of these edge detectors weveleated using the test images of Fig-
ure 1.8. The results, in talar form as before, are:

18
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TABLE 1.3 Evaluation of the Sobel edge detector
Image Evaluator No Noise SNR=6 SNR=2 SNR=1
ET1 Eval 1 0.9727 0.9690 0.1173 0.0617
Eval 2 0.8992 0.8934 0.4474 0.4263
ET2 Eval 1 0.9726 0.9706 0.1609 0.0526
Eval 2 0.8992 0.8978 0.4215 0.4255
ET3 Eval 1 0.9726 0.9697 0.1632 0.0733
Eval 2 0.9325 0.9186 0.4349 0.4240
ET4 Eval 1 0.4860 0.4786 0.0595 0.0373
Eval 2 0.7328 0.6972 0.4426 0.4266
ET5 Eval 1 0.4627 0.3553 0.0480 0.0355
Eval 2 0.7496 0.6293 0.4406 0.4250
And for the Kirsch operator:
TABLE 1.4 Evaluation of the Kirsch edge detector

Image Evaluator No Noise SNR=6 SNR=2 SNR=1
ET1 Eval 1 0.9727 0.9727 0.1197 0.0490
Eval 2 0.8992 0.8992 0.4646 0.4922
ET2 Eval 1 0.9726 0.9726 0.1517 0.0471
Eval 2 0.8992 0.8992 0.4528 0.4911
ET3 Eval 1 0.9726 0.9715 0.1458 0.0684
Eval 2 0.9325 0.9200 0.4708 0.4907
ET4 Eval 1 0.4860 0.4732 0.0511 0.0344
Eval 2 0.7328 0.7145 0.4819 0.4907
ETS Eval 1 0.4627 0.3559 0.0412 0.0339
Eval 2 0.7496 0.6315 0.5020 0.4894

Figure 1.10 shas the response of these templates applied to a selection
of the test images. Based on thalaations and the appearance of the test
images the Kirsch operator appears to be the best of théetwplate
operators, although the oware \ery close. Both template operators are
both superior to the simple deaitive operators, especially as the noise
increases.

It should be pointed out that in all cases studiedasthire are unspeci-
fied aspects to the edge detection methods that wié ha impact on
their eficagy. Principal among these is the thresholding method uséd, b
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Sobel — |

FIGURE 1.10 - Sample results from the template edge detectors. (a) Chess image, noise o = 3. (b) ET1, SNR=6.
(c) ET3, SNR=2. (d) Chess image, noise ¢ = 18.

1.3

sometimes simple noise rewab is done beforehand and edge thinning is
done aftenard. The model based methods that feligenerally include
these features, sometimes as part of the edge model.

Edge Models: Marr-Hildreth Edge Detection

In the late 197®, David Marr attempted to combine whatag knevn
about biological vision into a model that could be used for machine
vision. According to Mair“... the purpose of early visual pcessing is

to construct a primitive Uit rich description of the inge that is to be
used to determine theftectance and illumination of the visible surfaces,
and their orientation and distancelative to the vieer” [Marr1980].

The lovest level description he called th@imal sletch, a major compo-
nent of which are the edges.

Marr studied the literature on mammalian visual systems and summa-
rized these in fig major points:

1. In natural images, features of interest occur atreety of scales. No
single operator can function at all of these scales, so the result of oper-
ators at each of mgrscales should be combined.

20
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2. A natural scene does not appear to consist tfedtfon patterns or
other wave-like efects, and so some form of locakaaging $mooth-
ing) must tale place.

3. The optimal smoothing filter that matches the ob=grequirements
of biological vision (smooth and localized in the spatial domain and
smooth and band-limited in the frequgmmmain) is th&aussian.

4. When a change in intensity (an edge) occurs there istaame alue
in the first dewative or intensity This corresponds tozaro crossing
in the second derative.

5. The orientation independentf@ifential operator of west order is the
Laplacian.

Each of these points is either supported by the oasenvof vision sys-

tems or dexied mathematicallybut the werall grounding of the resulting
edge detector is still a little loose. Wever, based on the fé& points

above, an edge detection algorithm can be stated asvillo

1. Corwvolve the image | with a tavdimensional Gaussian function.

2. Compute the Laplacian of the caived image; call this L.

3. Edges piels are those for which there is a zero crossing in L.

The results of carolutions with Gaussians Wiag a \ariety of standard
deviations are combined to form a single edge image. Standeaiatide
IS @ measure of scale in this instance.

The algorithm is not diicult to implement, although it is more figult
than the methods seen su. fA corvolution in two dimensions can be
expressed as:

1*G(i, ) = ZZl(n, m)G(i —n, j —m) (EQ 1.13)

n m

The function G being caolved with the image is a twdimensional
Gaussian, which is:

(X +y)
2

_ 2 o
Gy(xy) =0oe (EQ 1.14)
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To perform the corolution on a digital image the Gaussian must be sam-
pled to create a small ondimensional image. After the oamution, the
Laplacian operator can be applied. This is:

2 2
|:|2 = i + iz (EQ 1.15)

6x2 oy

and could be computed usingfdiences. Haever, since order does not
matter in this case, we could compute the Laplacian of the Gaussian ana-
lytically and sample that function, creating a\aalaotion mask that can

be applied to the image to yield the same result. The Laplacian of a Gaus-
sian (LoG) is:

U

=
2 2 T 5
_ U 20
DZGO = MEEDZG (EQ 1.16)

0 ¢4 O

[2 2 . . :
where r = A/X +Y . This latter approach is the one¢akin the C
code implementing this operatarhich appears at the end of this chapter

This program first creates a dwdimensional, sampledexsion of the
Laplacian of the Gaussian (call&ghu in the functionmarr) and con-
volves this in the obous way with the input image (functioconvolu-
tion). Then the zero crossings are identified anélpiat those positions
are marled.

A zero crossing at a pk P implies that thealues of the tw opposing
neighboring piels in some direction ke different signs. &r example, if
the edge through P ixtical then the pid to the left of P will hee a dif-
ferent sign than the one to the right offTRere are four cases to test: up/
down, left/right, and the tev diagonals. This test is performed for each
pixel in the Laplacian of the Gaussian by the funcheno_cross.

In order to ensure that anety of scales are used, the program uses tw
different Gaussians, and selects theelgixhat hae zero crossings in
both scales as output edge gd&x More than te Gaussians could be
used, of course. The program accepts a standardtide valuec as a
parameter either from the command line or from the parameter file
‘marr.par’. It then uses boto+0.8 and0-0.8 as standard @etion val-
ues, does tw corvolutions, locates tw sets of zero crossings, and
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memges the resulting edge pis into a single image. The program is
called ‘marr’, and can bewoked as

marr input.pgm 2.0

which would read in the image file named ‘input.pgm’ and apply the
Marr-Hildreth edge detection algorithm using 1.2 and 2.8 as standard
deviations.

Figure 1.11 illustrates the steps in this process, using the chess image (no
noise) as anxample. Figures 1.11a and b sisothe original image after
being corolved with the Laplacian of the Gaussiansjihg o values of

1.2 and 2.8 respeutly. Figures 1.11c and 1.11d are the responses from
these tw different \alues ofo, and Figure 1.11e stws the result of
meiging the edge pils in these tew images.

Figure 1.12 shws the result of the Matildreth edge detector applied
to the all of the test images of Figure 1.8. In addition, tauation of
this operator is:

TABLE 1.5

Evaluation of the Marr-Hildreth edge detector

Image Evaluator No Noise SNR =6 SNR =2 SNR=1
ET1 Eval 1 0.8968 0.7140 0.7154 0.2195
Eval 2 0.9966 0.7832 0.6988 0.7140
ET2 Eval 1 0.6948 0.6948 0.6404 0.1956
Eval 2 0.9966 0.7801 0.7013 0.7121
ET3 Eval 1 0.7362 0.7319 0.7315 0.2671
Eval 2 0.9133 0.7766 0.7052 0.7128
ET4 Eval 1 0.4194 0.4117 0.3818 0.1301
Eval 2 0.8961 0.7703 0.6981 0.7141

FIGURE 1.11 - Steps in the computation of the Marr-Hildreth edge detector. (a) Convolution of the original image with

the Laplacian of a Gaussian having o = 1.2. (b) Convolution of the image with the Laplacian of a
Gaussian having o = 2.8. (c) Zero crossings found in (a). (d) Zero crossings found in (b). (e) Result,
found by using zero crossings common to both.
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TABLE 1.5

Evaluation of the Marr-Hildreth edge detector

Image

Evaluator

No Noise

SNR =6

SNR =2

SNR=1

ETS

Eval 1
Eval 2

0.3694
0.9966

0.3822
0.7626

0.3890
0.6995

0.1290
0.7141

The evaluations abee tend to be l. Because of the width of the Gauss-
ian filter, the piels that are a distance less than aboutdm the bound-
ary of the image are not processed, and hence E1 thinks of these as

missing edge peds. When this is tan into account thevaluation using

ET1 with no noise, as arxample, becomes 0.9727. Some of the other
low evaluations are, on the other hand, theltfof the method. Locality is
not especially good, and the edges are neayd thin. Still, this edge

detector is much better than the\poeis ones in cases ofwosignal to
noise ratio.

ET1SNR =6

ET1 SNR=2

ET1 SNR=1

: o b \\
M) )

ET3SNR =6

ET3 SNR=2

ET3 SNR=1

ET2SNR =6

ET2 SNR=2

ET2 SNR=1
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ET4 SNR=2
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FIGURE 1.12 - Edges from the test images as found by the Marr-Hildreth algorithm, using two resolution values.
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1.4

The Canny Edge Detector

In 1986, John Camnndefined a set of goals for an edge detector and
described an optimal method for achigy them.

Canry specified three issues that an edge detector must address. In plain
English, these are:

1. Error rate - the edge detector should respond only to edges, and
should find all of them; no edges should be missed.

2. Localization - the distance between the edgeefsxas found by the
edge detector and the actual edge should be as small as possible.

3. Response - the edge detector should not identify multiple edgelpix
where only a single edgeists.

These seem reasonable enough, especially since the foshaw
already been discussed and usedraduate edge detectors. The response
criterion seemsery similar to adlse positre, at first glace.

Canry assumed a step edge subject to white Gaussian noise. The edge
detector vas assumed to be a gotution filterf which would smooth the

noise and locate the edge. The problem is to identify the one filter that
optimizes the three edge detection criteria.

In one dimension, the response of the filtéw an edges is given by a
convolution integral:

W
H = I G(—x) f (x)dx (EQ 1.17)
-W

The filter is assumed to be zero outside of theore[-W, W]. Mathemat-
ically, the three criteria arexpressed as:

0
A I f (x)dx
SNR = —W (EQ 1.18)

W
N, J'fz(x)dx
“W
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ALf'(0)

_ocalization =

(EQ 1.19)

(EQ 1.20)

-

—00

The \alue of SNR is the output signal to noise ratio (error rate), and
should be as Ige as possible: we need lots of signal and little noise. The
localization value represents the reciprocal of the distance of the located
edge from the true edge, and should also be ge s possible, which
means that the distanceowld be a small as possible. Theuex,. is a
constraint; it represents the mean distance between zero crossfhgs of
and is essentially a statement that the edge deteutidr not have too
mary responses to the same edge in a smgilbne

Canry attempts to find the filtdrthat maximizes the produStNR*local-
ization subject to the multiple response constraint, and while the result is
too comple to be soled analytically an eficient approximation turns

out to be théirst derivative of a Gaussidanction. recall that a Gaussian
has the form:

2
X

o2
G(x) = e 20 (EQ1.21)

The demative with respect ta is therefore

‘E;—ZE

2

' X o

G'(x) = E__Z (EQ 1.22)
0)

26

Techniques in Computational Vision



The Canny Edge Detector

In two dimensions, a Gaussian isgn by

G(x,y) = 0'26 (EQ 1.23)

andG has dewatives in both thex andy directions. The approximation

to Caniy’s optimal filter for edge detection @, and so by cormlving

the input image witls’ we obtain an image E that has enhanced edges,
even in the presence of noise, which has been incorporated into the model
of the edge image.

A convolution is firly simple to implement, Wi is expensve computa-
tionally, especially a te dimensional corolution. This was seen in the
Marr edge detectorHowever, a cowolution with a tw dimensional
Gaussian can be separated into worvolutions with one-dimensional
Gaussians, and the fifentiation can be done aftawds. Indeed, the
differentiation can also be done by eolutions in one dimension,\gng
two images: one is the x component of thevotution with G’ and the
other is the y component.

Thus, the Cannedge detection algorithm to this point is:

1. Read in the image to be procesded,

2. Create a 1D Gaussian masko corvolve withl. The standard dé@&-
tion (S) of this Gaussian is a parameter to the edge detector

3. Create a 1D mask for the first dettive of the Gaussian in tixeandy
directions; call thes&, andG,. The sams value is used as in step 2
above.

4. Convolve the imagé with G along the rars to gve thex component
imagely, and davn the columns to geé they component imagh,.

5. Convolvel, with G, to gvel,’, thex component of convolved with
the dervative of the Gaussian, and cmive I, with Gy to gvely'.

6. If you want to viev the result at this point the x and y components
must be combined. The magnitude of the result is computed at each
pixel (x,y) as:

MOGY) = 100y + 10 y)°
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The magnitude is computed in the same manner assiftav the gradient,
which is in Bct what is being computed.

A complete C program for a Canedge detector is ¢gn at the end of

this chapterbut some gplanation is releant at this point. The main pro-
gram opens the image file and reads it, and also reads in the parameters,
such ag. It then calls the functiooanny, which does most of the actual
work. The first thingcanny does is to compute the Gaussian filter mask
(calledgau in the program) and the deaitive of a Gaussian filter mask
(calleddgau). The size of the mask to be used depends; dor smallo

the Gaussian will quickly become zero, resulting in a small mask. The
program determines the needed mask size automatically

Next, the function computes the aaiution as in step 4 ake. The C
function separable_corolution does this, being gen the input image
and the mask, and returning the x and y parts of theobation (called
smx andsmy in the program; these are floating point 2D arrays). The
convolution of step 5 abe is then calculated by calling the C function
dxy_seperable_cowolution twice, once for x and once for Vhe result-

ing real images (calledix anddy in the program) are the x and y compo-
nents of the image cwealved withG’. The functionrnorm will calculate

the magnitude gen ary pair of x and y components.

The final step in the edge detector is a little curious at first, and needs
some &planation. The &lue of the pigls in M is lage if they are edge
pixels and smaller if not, so thresholding could be used to #®edge
pixels as white and the background as black. This does vetvery

good results; what must be done is to threshold the image based partly on
the direction of the gradient at eachgdixThe basic idea is that edge pix-
els hae a direction associated with them; the magnitude of the gradient
at an edge ped should be greater than the magnitude of the gradient of
the piels on each side of the edge. The final step in the yCadge
detector is anon-maximum suppression step, where pids that are not
local maxima are renved.

Figure 1.13 attempts to shed light on this process by using geoReatry

a of this figure shws a 3x3 rgion centered on an edge @ixvhich in

this case is ertical. The arrars indicate the direction of the gradient at
each piel, and the length of the aws is proportional to the magnitude

of the gradient. Here, non-maximal suppression means that the center
pixel, the one under consideration, mustena lager gradient magnitude
than its neighborsn the gradient direction; these are the tw pixels
marked with an ‘x’. That is: from the center pix travel in the direction
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of the gradient until another makis encountered; this is the first neigh-
bor. Now, again starting at the center il travel in the direction oppo-

site to that of the gradient until anotherglixs encountered; this is the
second neighboMoving from one of these to the other passes though
the edge pigl in a direction that crosses the edge, so the gradient magni-
tude should be Igest at the edge pk

In this specific case the situation is clédre direction of the gradient is
horizontal, and the neighboring pis used in the comparison axaetly

the left and right neighbors. Unfortunately this does not happen v
often. If the gradient direction is arbitrary then fallng that direction

will usually tale you to a point in between dvpixels. What is the gradi-

ent there? Itsalue cannot be kmen for certain, bt it can be estimated
from the gradients of the neighboring @i It is assumed that the gradi-
ent changes continuously as a function of position, and that the gradient
at the pixel coordinates are simply sampled from the continuous case. If
it is further assumed that the change in the gradient betwgdwaipix-

els is a linear function, then the gradient at paint between the pels

can be approximated by a linear interpolation.

A more general case is st in Figure 1.13bHere the gradients all
point in different directions, and folang the gradient from the center
pixel nav takes us in between the pits marled ‘x’. Following the direc-
tion opposite to the gradient kus between the gits marled ‘'y’. Let’s
consider only the casevolving the ‘X’ pixels as shen in Figure 1.13c,
since the other case is really the same. Thel piamedA is the one

<0 @O Yo @7 C!
«® e>=®» | | U @ ®
<0 e—» O» /@ Q-»Q‘ +
Ay
(a) (b) ~ B
A AX ;

FIGURE 1.13 - Non-maximum suppression. (a) Simple case, where the

gradient direction is horizontal. (b) Most cases have gradient

directions that are not horizontal or vertical, so there is no (C)
exact gradient at the desired point. (c) Gradients at pixels

neighboring A are used to estimate the gradient at the

location marked with ‘+’;
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under consideration, and pisB andC are the neighbors in the direction
of the positve gradient. Theector components of the gradientPaare
Ay andAy, and the same naming e@mtion will be used foB andC.

Each piel lies on a grid line hang an intger x and y coordinate. This
means that peisA andB differ by one distance unit in tixedirection. It
must be determined which grid line will be crossed first whewimgo
from A in the gradient direction. Then the gradient magnitude will be lin-
early interpolated using the owpixels on that grid line and on opposite
sides of the crossing point, which is at locat{Bg, Py). In Figure 1.xxc
the crossing point is magkl with a ‘+’, and is in betwee andC. The
gradient magnitude at this point is estimated as

G = (Py_Cy)Norm(C)+(By—Py)N0rm(B) (EQ 1.24)

where thenorm function computes the gradient magnitude.

Every pixel in the filtered image is processed in thisywthe gradient
magnitude is estimated for owocations, one on each side of theehix
and the magnitude at the plxmust be greater than its neighbors’. In the
general case there are eight major cases to chea@nfibsome short cuts
that can be made forfefiency’s sale, kut the abwe method is essentially
what is used in most implementations of the aedge detectoiThe
function nonmax_suppress in the C source at the end of the chapter
computes aalue for the magnitude at each gdibased on this method,
and sets thealue to zero unless the pixs a local maximum.

It would be possible to stop at this point, and use the method to enhance
edges. Figure 1.14 shes the \arious stages in processing the chess board
test image of Figure 1.8 (no added noise). The stages are: computing the
result of comolving with a Gaussian in the x and y directions (Figures
1.14a and b); computing the dexiives in the x and y directions (Figure
1.14c and d); the magnitude of the gradient before non-maximal suppres-
sion (Figure 1.14e); and the magnitude after non-maximal suppression
(Figure 1.14f). This last image still contains\gtevel values, and needs

to be thresholded to determine whichgisxare edge pets and which

are not. As anmxra, kut novel, step, Cannsuggests thresholding using
hysteresis rather than simply selecting a threshoddue to apply eery-
where.

Hysteresis thresholding uses a high threshglénd a lav thresholdT,.
Any pixel in the image that has alue greater thay, is presumed to be
an edge piel, and is manrkd as such immediatelyhen, ag pixels that
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are connected to this edge @ivand that hae a \alue greater thaf, are
also selected as edge @i, and are maekl too. The marking of neigh-
bors can be done recwsly, as it is in the functiohysteresis, or by per-
forming multiple passes through the image.

Figure 1.15 shws the result of addingylteresis thresholding after non-
maximum suppression. 1.15a is apanded piece of Figure 1.14f, sho
ing the pavn in the center of the board. The gtevels hae been slightly
scaled so that the smallealues can be seen cleary low threshold
(1.15b) and a high threshold (1.15cyvéadeen globally applied to the
magnitude image, and the result ofsteresis thresholding isvgn in
Figure 1.15d.

Examples of results from this edge detector will be seen in section 1.6.

1.5 The Shen-Castan (ISEF) Edge Detector

Canry’s edge detector defined optimality with respect to a specific set of
criteria. While these criteria seem reasonable enough, there is no compel-

FIGURE 1.14 - Intermediate results from the Canny edge detector. (a) X component of the convolution with a
Gaussian. (b) Y component of the convolution with a Gaussian. (c) X component of the image
convolved with the derivative of a Gaussian. (d) Y component of the image convolved with the
derivative of a Gaussian. (e) Resulting magnitude image. (f) After non-maximum suppression.
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ling reason to think that tlgeare the only possible ones. This means that
the concept of optimality is a rela#i one, and that a better (in some cir-
cumstances) edge detector than @&nims a possibilityln fact, some-
times it seems as if the comparison taking place is between definitions of
optimality, rather than between edge detection schemes.

Shen and Castan agree with Cambout the general form of the edge
detector: a corolution with a smoothingdenel folloved by a search for
edge piels. Havever their analysis yields a Bfent function to opti-
mize: namelythey suggest minimizing (in one dimension):

2
4 £2()dx Of £ {x)dx
C2 '([)- .([)-
N

(EQ 1.25)

£4(0)

That is: the function that minimiz&, is the optimal smoothing filter for
an edge detectorhe optimal filter function thecame up with is thmnfi-
nite symmetricx@onential filter(ISEF):

—pIX]
f(x) = ge (EQ 1.26)

FIGURE 1.15 - Hysteresis thresholding. (a) Enlarged portion of Figure 1.14f. (b) This portion after thresholding
with a single low threshold. (c) After thresholding with a single high threshold. (d) After hysteresis
thresholding.
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Shen and Castan maintain that this filteegibetter signal to noise ratios

than Cang's filter, and preides better localization. This could be
because the implementation of Cgisnalgorithmapproximateshis opti-

mal filter by the dewiative of a Gaussian, whereas Shen and Castan

the optimal filter diectly, or could be due to a @&rence in the ay the
different optimality criteria are reflected in realityn the other hand,

Shen and Castan do not address the multiple response criterion, and as a
result it is possible that their method will create spurious responses to
noisy and blurred edges.

In two dimensions the ISEF is:

f(x,y) = a Eé_p(lxl +Iv1) (EQ 1.27)

which can be applied to an image in much the saayeas vas the deu-
ative of Gaussian filteras a 1D filter in the x direction, then in the y
direction. Havever, Shen and Castan went one step further aud g
realization of their filter as one dimensiomatusive filtes. While a
detailed discussion of recusifilters is bgond the scope of this book, a
quick summary of this specific case may be useful.

The filter function f abee is a real, continuous function. It can bene
ten for the discrete, sampled case as

Xy
fli, j] = € ?—E}b (EQ 1.28)

where the result is monormalized, as well.d corvolve an image with
this filter, recursve filtering in the x direction is done firstyaig ri,j]:

... _1-b,.. . . . .
yqlis J1 = ———1+bl[|,1] +by,[i,J-1],] = 1..N,i = 1..M
(EQ 1.29)

Voli, i1 = bI2I 1+ byy[i, j+1],] = N..Li = 1..M
rli, j] = yalis j1 +yoli, j +1]

with the boundary conditions:
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[Ti,0] =0
yl[i,O] =0 (EQ 1.30)
y2[i,M+1] =0

Then filtering is done in thg direction, operating on r]i,j] to ge the
final output of the filteryl[i,j]:

- 1-b -
yqli, j1 = 1+b|[| jl+by[i-1,jl,i =1.M,j = 1..N

(EQ 1.31)

Yoli, j] = b1+bl[| jl+by [i+1,jl,i = N...1,j = 1..N
yli, i1 = y i jl+y,li + 1, j]
with the boundary conditions:

110, j] =0
yl[O, j1=0 (EQ 1.32)
Yo[N+1j] =0

The use of recurge filtering speeds up the aamiution greatly In the
ISEF implementation at the end of the chapter the filtering is performed
by the functionl SEF, which callsl SEF_vert to filter the ravs (Equation

29) and SEF_horiz to filter the columns (Equation 1.31). Theduwe ofb

IS a parameter to the filfeand is specified by the user

All of the work to this point simply computes the filtered image. Edges
are located in this image by finding zero crossings of the Laplacian, a
process similar to that undertak in the ManHildreth algorithm. An
approximation to the Laplacian can be obtained quickly by simply sub-
tracting the original image from the smoothed image. That is, if the fil-
tered image i$ and the original i$ we hae:

S[i,j]—l[i,j]zizl[i,j]*DZf(i,j) €0 1.33)
4a
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The resulting imag® = S| is theband-limited Laplacian of the image.
From this thebinary Laplacian image (BL1) is obtained by setting all of
the positve valued pixls inB to 1 and all others to 0; this is calculated
by the C functionrcompute_bli in the ISEF source code prded. The
candidate edge paks are on the boundaries of thgioms inBL I, which
correspond to the zero crossings. These could be used as edgesn®
additional enhancements impmothe quality of the edge @bs identified
by the algorithm.

The first impreement is the use dfalse zero-crossing suppression,
which is related to the non-maximum suppression performed in the
Canry approach. At the location of an edgegpixhere will be a zero
crossing in the second detive of the filtered image. This means that
the gradient at that point is either a maximum or a minimum. If the sec-
ond dervative changes sign from posii to ngative this is called @os-

itive zero crossing, and if it changes from gative to positve it is called a
negative zero crossing. We will allow positve zero crossings to a a
positive gradient, and gative zero crossings to @ a ngative gradient.

All other zero crossings are assumed to disef (spurious) and are not
considered to correspond to an edge. This is implemented in the function
is_candidate_edge in the ISEF code.

In situations where the original image &y noisy a standard threshold-
ing method may not be didient. The edge p&ds could be thresholded
using a global threshold applied to the gradient 3hen and Castan sug-
gest aradaptive gradient method. A window with fixed widthW is cen-
tered at candidate edge gis found in théBL 1. If this is indeed an edge
pixel, then the winde will contain two regions of difering grey level
separated by an edge (zero crossing contour). The best estimate of the
gradient at that point should be thefeliénce in leel between the ta
regions, where one gion corresponds to the zero glx in the BLI and
the other corresponds to the orated piels. The function
compute_adaptive gradient performs this actity.

Finally, a lysteresis thresholding method is applied to the edges. This
algorithm is basically the same as the one used in theyGdgorithm,
adapted for use on an image where edges areethésk zero crossings.
The C functiorthreshold_edges performs lsteresis thresholding.
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1.6

A Comparison of Two Optimal Edge Detectors

The two signal edge detectorsamined in this chapter are the Cgnn
operator and the Shen-Castan method. A gaaylter end the discussion
of edge detection may be to compare thesedapproaches ainst each
other

To summarize the tw methods, the Cagnalgorithm comolves the
image with the devative of a Gaussian, then performs non-maximum
suppression andybkteresis thresholding; the Shen-Castan algorithm con-
volves the image with the Infinite Symmetric Exponential Filtem-
putes the binary Laplacian image, suppressdsefzero crossings,
performs adapie gradient thresholding, and finally also appligstére-

sis thresholding. In both methods, as with Marr and Hildreth, the authors
suggest the use of multiple resolutions.

Both algorithms der user specified parameters, which can be useful for
tuning the method to a particular class of images. The parameters are:

Canny Shen-Castan (I SEF)
Sigma (standard d@tion) 0<=b<=1.0 (smoothingattor)
High hysteresis threshold High hysteresis threshold
Low hysteresis threshold Low hysteresis threshold
Width of windaw for adaptve gradient
Thinning fctor

The algorithms were implemented according to the specification laid out
in the original articles describing them. It should be pointed out that the
various parts of the algorithms could be applied to both methods; for
example, a thinningédctor could be added to Cans algorithm, or it
could be implemented using recwesifilters. Exploring all possible per-
mutations and combinationsowld be a masge undertaking.

Figure 1.16 shws the result of applying the Canand the Shen-Castan
edge detectors to the test images. Because theyGaptementation

uses a wrap-around scheme when performing theotidion, the areas

near the boundary of the image are occupied with blagdspialthough
sometimes with what appears to be noise. The ISEF implementation uses
recursve filters, and the wrap-aroundasrmore diicult to implement; it

was not, in &ct, implemented. Instead, the imagaswembedded in a
larger one before processing. As a result, the boundary of these images is
mostly white where the coolution mask rceeded the image.
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Canny
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FIGURE 1.16 - Side by side comparison of the output of the Canny and Shen-Castan (ISEF) edge detectors.
All of the test images from Figure 1.8 have been processed by both algorithms, and the output
appears here and on the next page.
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FIGURE 1.16 (continued) Comparison of Canny and Shen-Castan edge detectors.
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The two methods werevaluated using E1 and EZen though flas
have been found with E1. ISEF seems twéh#he adantage as noise

TABLE 1.6 Evaluation of Canny VS ISEF: E1
Image Algorithm No Noise SNR=6 SNR=2 SNR=1
ET1 Canry 0.9651 0.9498 0.5968 0.1708
ISEF 0.9689 0.9285 0.7929 0.7036
ET2 Canry 0.9650 0.9155 0.6991 0.2530
ISEF 0.9650 0.9338 0.8269 0.7170
ET3 Canry 0.9726 0.9641 0.8856 0.4730
ISEF 0.8776 0.9015 0.7347 0.5238
ET4 Canry 0.5157 0.5092 0.3201 0.1103
ISEF 0.4686 0.4787 0.4599 0.4227
ET5 Canry 0.5024 0.4738 0.3008 0.0955
ISEF 0.4957 0.4831 0.4671 0.4074

becomes greateat least for the E1 metric; Canmas the adantage
using the E2 metric. @vall, the ISEF edge detector is radKirst by a
slight magin over Canny, which is second. Madtildreth is third, fol-
lowed by Kirsch, Sobelll,, and[l; in that order The comparison

TABLE 1.7 Evaluation of Canny VS ISEF: E2

Image Algorithm No Noise SNR=6 SNR=2 SNR=1

ET1 Canry 1.0000 0.5152 0.5402 0.5687
ISEF 1.0000 0.9182 0.5756 0.5147

ET2 Canry 1.0000 0.6039 0.5518 0.5726
ISEF 1.0000 0.9462 0.6018 0.5209

ET3 Canry 0.9291 0.7541 0.6032 0.5899
ISEF 0.9965 0.9424 0.5204 0.4829

ET4 Canry 1.0000 0.7967 0.5396 0.5681
ISEF 1.0000 0.5382 0.5193 0.5096

ET5 Canry 1.0000 0.5319 0.5269 0.5706
ISEF 0.9900 0.6162 0.5243 0.5123

between Cannand ISEF does depend on the parameters selected in each
case, and it is [y that betterwaluations can be found that use a better
choice of parameters. In some of these the Catye detector will
come out ahead, and in some the ISEF method will win. The best set of
parameters for a particular image is notwnpand so ultimately the user

is left to judge the methods.
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1.7
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1.8 Source code for the Marr-Hildreth edge detector

/* Marr/Hildreth edge detection */

#include <math.h>
#include <stdio.h>
#define MAX
#include “lib.h”

float ** f2d (int nr, int nc);
void convolution (IMAGE im, float **mask, int nr, int nc, float **res,

int NR, int NC);

float gauss(float x, float sigma);

float LoG (float x, float sigma);

float meanGauss (float x, float sigma);

void marr (float s, IMAGE im);

void dolap (float **x, int nr, int nc, float **y);
void zero_cross (float **lapim, IMAGE im);
float norm (float x, float y);

float distance (float a, float b, float c, float d);

void main (int argc, char *argv(])

{

inti,j,n;

float s=1.0;

FILE *params;
IMAGE im1, im2;

/* Read parameters from the file marr.par */

if (argc > 2)
sscanf (argv[2], “%f”, &s);
else
{
params = fopen (“marr.par”, “r");
if (params)
fscanf (params, “%f", &s); [* Gaussian standard deviation */

fclose (params);

}
printf (“Standard deviation= %lIf\n", s);

/* Command line: input file name */

if (argc < 2)

printf (“"USAGE: marr <filename> <standard deviation>\n");
printf (“Marr edge detector - reads a PGM format file and\n”);
printf (* detects edges, creating ‘marr.pgm’.\n");

exit (1);

im1 = Input_PBM (argv[1]);
if (im1 == 0)

printf (“No input image (‘%s’)\n”, argv[1]);
exit (2);

42
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im2 = newimage (im1->info->nr, im1->info->nc);
for (i=0; i<im1->info->nr; i++)
for (j=0; j<im1->info->nc; j++)
im2->data[i][j] = im1->datali][j];

/* Apply the filter */
marr (s-0.8, im1);
marr (s+0.8, im2);
for (i=0; i<im1->info->nr; i++)
for (j=0; j<im1->info->nc; j++)
if (im1->data[i][j] > 0 && im2->datali][j] > 0)
im1->datali][j] = O;
else im1->datali][j] = 255;
Output_PBM (im1, “marr.pgm”);
printf (“Done. File is ‘marr.pgm’.\n");
float norm (float x, float y)

return (float) sqrt ( (double)(x*x + y*y) );

float distance (float a, float b, float ¢, float d)

return norm ( (a-c), (b-d));

}
void marr (float s, IMAGE im)
{

int width;

float **smx;

inti,jk,n;

float **lgau, z;

[* Create a Gaussian and a derivative of Gaussian filter mask */
width = 3.35*s + 0.33;
n = width+width + 1;
printf (“Smoothing with a Gaussian of size %dx%d\n”, n, n);
Ilgau = f2d (n, n);
for (i=0; i<n; i++)
for (j=0; j<n; j++)
lgaul[i][j] = LoG (distance ((float)i, (float)j,
(float)width, (float)width), s);

/* Convolution of source image with a Gaussian in X and Y directions */
smx = f2d (im->info->nr, im->info->nc);
printf (“Convolution with LoG:\n");
convolution (im, lgau, n, n, smx, im->info->nr, im->info->nc);

/* Locate the zero crossings */
printf (“Zero crossings:\n”);
Zero_cross (smx, im);

/* Clear the boundary */
for (i=0; i<im->info->nr; i++)

{for (j=0; j<=width; j++) im->data[i][j] = O;
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for (j=im->info->nc-width-1; j<im->info->nc; j++)
im->data[i][j] = O;

for (j=0; j<im->info->nc; j++)
for (i=0; i<= width; i++) im->data[i][j] = O;

for (i=im->info->nr-width-1; i<im->info->nr; i++)
im->data[i][j] = O;
}

free(smx[0]); free(smx);
| free(lgau[0]); free(lgau);

I* Gaussian */
float gauss(float x, float sigma)

return (float)exp((double) ((-x*x)/(2*sigma*sigma)));

float meanGauss (float x, float sigma)

{
float z;
z = (gauss(x,sigma)+gauss(x+0.5,sigma)+gauss(x-0.5,sigma))/3.0;
z = z/(PI1*2.0*sigma*sigma);
return z;
}

float LoG (float x, float sigma)
float x1;

x1 = gauss (X, sigma);
return (x*x-2*sigma*sigmay)/(sigma*sigma*sigma*sigma) * x1;

}
/*
float ** f2d (int nr, int nc)
{
float **x, *y;
int i;
x = (float **)calloc ( nr, sizeof (float *) );
y = (float *) calloc ( nr*nc, sizeof (float) );
if ((x==0) || (y==0) )
fprintf (stderr, “Out of storage: F2D.\n");
exit (1);
for (i=0; i<nr; i++)
X[i] = y+i*nc;
return x;
}
*

void convolution (IMAGE im, float **mask, int nr, int nc, float **res,
int NR, int NC)
{
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voi d

/*
voi d

int i,j,ii,jj, n, m k, kk
float x, v;
k = nr/2; kk = nc/2;
for (i=0; i<NR, i++)
for (j=0; j<NC j++)
{
x = 0.0;
for (1i=0; ii<nr; ii++)
{
n=1i -k +ii;
if (n<0 || n>=NR) conti nue;

for (jj=0; jj<nc; jj++)

{

m=j - kk +7jj;

f (nm<0 || nm»=NC) conti nue;

+= mask[ii][jj] * (float)(im>data[n][n]);

res[i][j] = x;

zero_cross (float **lapim |IMAGE im

int i,j,k,n,m dx, dy;
float x, vy, z;

int xi,xj,yi,yj, count = 0;
| MAGE derlv

for (i=1; i<im>info->nr-1; i++)
for (j=1; j<im>info->nc-1; j++)

im>data[i][j] = O;

if(lapinfi-1][j]*lapinfi+1][j]1<0) {im>data[i][j]=255; continue;}
if(lapinfi][j-2]*lapinfi][j+1]<0) {im>data[i][]]=255; continue;}
if(lapinfi+1][j-1]*lapinfi-1][j+1]<0) {im>data[i][] ] =255; continue;}
if(lapinfi-1][j-1]*lapinfi+1][]+1]<0) {im>data[i][]]=255; continue;}

An alternative way to conpute a Lapl aci an*/
dolap (float **x, int nr, int nc, float **y)

for (i=1; i<nr-1; i++)
for (j=1; j<nc-1; j++)

yOiITLi] = (x[iT0d+2)#+x[i)[j-2]+x[i-2][j1+x[i+2][j]) - 4*x[il[j].;
it (usy[i][j]) u=yl[i]lli]:
if (vey[i][j]) v =ylillj]
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1.9 Source code for the Canny edge detector

#include <math.h>
#include <stdio.h>
#define MAX
#include “lib.h”

/* Scale floating point magnitudes and angles to 8 bits */
#define ORI_SCALE 40.0
#define MAG_SCALE 20.0

/* Biggest possible filter mask */
#define MAX_MASK_SIZE 20

[* Fraction of pixels that should be above the HIGH threshold */
float ratio = 0.1;
int WIDTH = 0;

float ** f2d (int nr, int nc);
int trace (int i, int j, int low, IMAGE im,IMAGE mag, IMAGE ori);
float gauss(float x, float sigma);
float dGauss (float x, float sigma);
float meanGauss (float x, float sigma);
void hysteresis (int high, int low, IMAGE im, IMAGE mag, IMAGE oriim);
void canny (float s, IMAGE im, IMAGE mag, IMAGE ori);
void seperable_convolution (IMAGE im, float *gau, int width,
float **smx, float **smy);
void dxy_seperable_convolution (float** im, int nr, int nc, float *gau,
int width, float **sm, int which);
void nonmax_suppress (float **dx, float **dy, int nr, int nc,
IMAGE mag, IMAGE ori);
void estimate_thresh (IMAGE mag, int *low, int *hi);

void main (int argc, char *argv[])
{

intijk,n;

float s=1.0;

int low= 0,high=-1;

FILE *params;

IMAGE im, magim, oriim;

/* Command line: input file name */
if (argc < 2)

printf (“USAGE: canny <filename>\n");

printf (“Canny edge detector - reads a PGM format file and\n”);
printf (* detects edges, creating ‘canny.pgm’.\n”);

exit (1);

}
printf (“CANNY: Apply the Canny edge detector to an image.\n");

/* Read parameters from the file canny.par */
params = fopen (“canny.par”, “r");

if (params)
fscanf (params, “%d”, &low); [* Lower threshold */
fscanf (params, “%d", &high); /* High threshold */
fscanf (params, “%lf”, &s); /* Gaussian standard deviation */
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printf (“Parameters from canny.par: HIGH: %d LOW %d Sigma %f\n”,
high, low, s);
fclose (params);

else printf (“Parameter file ‘canny.par’ does not exist.\n");

/* Read the input file */
im = Input_PBM (argv[1]);
if (im == 0)

printf (“No input image (‘%s’)\n”, argv[1]);
exit (2);

/* Create local image space */
magim = newimage (im->info->nr, im->info->nc);
if (magim == NULL)

printf (“Out of storage: Magnitude\n”);
exit (1);

oriim = newimage (im->info->nr, im->info->nc);
if (oriim == NULL)

printf (“Out of storage: Orientation\n”);
exit (1);

/* Apply the filter */
canny (s, im, magim, oriim);

Output_PBM (magim, “mag.pgm”);
Output_PBM (oriim, “ori.pgm”);

[* Hysteresis thresholding of edge pixels */
hysteresis (high, low, im, magim, oriim);

for (i=0; i<WIDTH; i++)
for (j=0; j<im->info->nc; j++)
im->datali][j] = 255:

for (i=im->info->nr-1; i>im->info->nr-1-WIDTH; i--)
for (j=0; j<im->info->nc; j++)
im->data[i][j] = 255;

for (i=0; i<im->info->nr; i++)
for (j=0; [<WIDTH; j++)
im->data[i][j] = 255;

for (i=0; i<im->info->nr; i++)
for (j=im->info->nc-WIDTH-1; j<im->info->nc; j++)
im->data[i][j] = 255;

Output_PBM (im, “canny.pgm”);
printf (“Output files are:\n");

printf (* canny.pgm - edge-only image\n”);
printf (* mag.pgm - magnitude after non-max suppression.\n”);
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printf (* ori.pgm - angles associated with the edge pixels.\n");

float norm (float x, float y)

return (float) sqgrt ( (double)(x*x + y*y) );

void canny (float s, IMAGE im, IMAGE mag, IMAGE ori)

int width;

float **smx,**smy;

float **dx,**dy;

intijk,n;

float gau[MAX_MASK_SIZE], dgau[MAX_MASK_SIZE], z;

/* Create a Gaussian and a derivative of Gaussian filter mask */
for(i=0; i<MAX_MASK_SIZE; i++)

gauli] = meanGauss ((float)i, s);
if (gau[i] < 0.005)

width = ;
break;

}Ejgau[i] = dGauss ((float)i, s);

n = width+width + 1;
WIDTH = width/2;
printf (“Smoothing with a Gaussian (width = %d) ...\n”, n);

smx = f2d (im->info->nr, im->info->nc);
smy = f2d (im->info->nr, im->info->nc);

/* Convolution of source image with a Gaussian in X and Y directions */
seperable_convolution (im, gau, width, smx, smy);

/* Now convolve smoothed data with a derivative */
printf (“Convolution with the derivative of a Gaussian...\n");
dx = f2d (im->info->nr, im->info->nc);
dxy_seperable_convolution (smx, im->info->nr, im->info->nc,
dgau, width, dx, 1);
free(smx[0]); free(smx);

dy = f2d (im->info->nr, im->info->nc);

dxy_seperable_convolution (smy, im->info->nr, im->info->nc,
dgau, width, dy, 0);

free(smy[0]); free(smy);

/* Create an image of the norm of dx,dy */
for (i=0; i<im->info->nr; i++)
for (j=0; j<im->info->nc; j++)
z = norm (Ax{iJ], dy[il);
mag->datali][j] = (unsigned char)(z*MAG_SCALE);

/* Non-maximum suppression - edge pixels should be a local max */

48
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nonmax_suppress (dx, dy, (int)im->info->nr, (int)im->info->nc, mag, ori);

free(dx[0]); free(dx);
} free(dy[0]); free(dy);

[* Gaussian */
float gauss(float x, float sigma)

return (float)exp((double) ((-x*x)/(2*sigma*sigma)));

float meanGauss (float x, float sigma)
float z;

Z = (gauss(x,sigma)+gauss(x+0.5,sigma)+gauss(x-0.5,sigma))/3.0;
z = zI/(PI*2.0*sigma*sigma);
return z;

}

I* First derivative of Gaussian */
float dGauss (float x, float sigma)

return -x/(sigma*sigma) * gauss(x, sigma);

/*  HYSTERESIS thersholding of edge pixels. Starting at pixels with a
value greater than the HIGH threshold, trace a connected sequence
of pixels that have a value greater than the LOW threhsold. *

void hysteresis (int high, int low, IMAGE im, IMAGE mag, IMAGE oriim)
intij,k;

printf (“Beginning hysteresis thresholding...\n");
for (i=0; i<im->info->nr; i++)
for (j=0; j<im->info->nc; j++)
im->data[i][j] = 0;

i{f (high<low)

estimate_thresh (mag, &high, &low);
printf (“Hysteresis thresholds (from image): HI %d LOW %D\n”,
high, low);

/* For each edge with a magnitude above the high threshold, begin
tracing edge pixels that are above the low threshold. */

for (i=0; i<im->info->nr; i++)
for (j=0; j<im->info->nc; j++)
if (mag->data[i][j] >= high)
trace (i, j, low, im, mag, oriim);

/* Make the edge black (to be the same as the other methods) */
for (i=0; i<im->info->nr; i++)
for (j=0; j<im->info->nc; j++)
if (im->data[i][j] == 0) im->data]i][j] = 255;
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else im>datal[i][j] = O;

}

/* TRACE - recursively trace edge pixels that have a threshold > the | ow
edge threshold, continuing fromthe pixel at (i,j). */

int trace (int i, int j, int low, IMAGE imI|MAGE nag, | MAGE ori)
{

int n,m
char flag = 0;

if (im>data[i][j] == 0)
im>data[i][j] = 255;
fl ag=0;
for (n= -1; n<=1l; n++)
for(me -1; nk=1; m++)
if (i==0 &% m==0) conti nue;
if (range(mag, i+n, j+m && nmag->datali+n][j+m >= | ow)
if (trace(i+n, j+m low, im mag, ori))

flag=1;
br eak;

}
;ff (flag) break;
return(l);

return(0);

}

voi d seperable_convolution (IMAGE im float *gau, int wdth,
float **snx, float **sny)

{
int i,j,k, 11, 12, nr, nc;
float x, vy;
nr = im>info->nr;
nc = i m>i nfo->nc;
for (i=0; i<nr; i++)
for (j=0; j<nc; j++)
x = gau[0] * im>data[i][j]; v = gau[0] * im>data[i][j];
for (k=1; k<wi dth; k++)
{
11 = (i+tk)%r; 12 = (i-k+nr)%r;
y += gau[k]*im>data[l1][j] + gau[k]*im>data[l2][]j];
11 = (j+k)%c; 12 = (j-k+nc) %c;
X += gau[k]*im>data[i][l1l] + gau[k]*im>data[i][l2];
Yoo -
smx[i][j] = x; sny[i][ji] =v;
}

voi d dxy_seperabl e_convolution (float** im int nr, int nc, float *gau,
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int width, float **sm, int which)

intijk, 11, 12;
float x;

for (i=0; i<nr; i++)
for (j=0; j<nc; j++)

x =0.0;
for (k=1; k<width; k++)
{

if (which == 0)

11 = (i+k)%nr; 12 = (i-k+nr)%nr;
}X += -gaulk[im[I1][j] + gau[K[*im[12](i];

else

11 = (j+k)%nc; 12 = (j-k+nc)%nc;
}x += -gau[K]*im[i][I1] + gau[k]*im[i][12];

sm[i][j] = x;
}
float ** f2d (int nr, int nc)
{
float **x, *y;
int i;
x = (float **)calloc ( nr, sizeof (float *) );
y = (float *) calloc ( nr*nc, sizeof (float) );
if ((x==0) || (y==0) )
fprintf (stderr, “Out of storage: F2D.\n");
exit (1);
for (i=0; i<nr; i++)
X[i] = y+i*nc;
return x;
}

void nonmax_suppress (float **dx, float **dy, int nr, int nc,
IMAGE mag, IMAGE ori)
{

inti,j,k,n,m;
int top, bottom, left, right;
float xx, yy, 92, 91, g3, 94, g, Xc, YC;
for (i=1; i<mag->info->nr-1; i++)
for (j=1; j<mag->info->nc-1; j++)
mag->datali][j] = O;
/* Treat the x and y derivatives as components of a vector */

xc = dx[i]jl;
yc = dy[il[];
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i f (fabs(xc)<0.01 && fabs(yc)<0.01) continue;
g = norm(xc, yc);

/* Follow the gradient direction, as indicated by the direction of
the vector (xc, yc); retain pixels that are a | ocal maxi num*/

if (fabs(yc) > fabs(xc))

/* The Y conponent is biggest, so gradient direction is basically UP/ DOMNN */
xx = fabs(xc)/fabs(yc);

yy = 1.0;

g2 = norm (dx[i-2]1[j], dy[i-1][j]);

g4 = norm (dx[i+1][j], dy[i+1][])]);

if (xc*yc > 0.0)

213 = norm (dx[i+21][j+1], dy[i+1][]+1]);

gl = norm (dx[i-2][j-1], dy[i-2][)-1]);

} else

53 = norm (dx[i+1][j-1], dy[i+1][]j-1]);

?1 = norm (dx[i-1][)+1], dy[i-1][]+1]);
} else

/* The X conponent is biggest, so gradient direction is basically LEFT/RI GHT */

xx = fabs(yc)/fabs(xc);

yy = 1.0;

g2 = norm (dx[i][j+1], dy[i][]+1]);

g4 = norm (dx[i][j-1], dy[i][j-1]);

if (xc*yc > 0.0)

53 = norm (dx[i-21][j-1], dy[i-21][j-1]);
gl = norm (dx[i+1][j+1], dy[i+1][]+1]);
el se

E]l = norm (dx[i-21][]+1], dy[i-2][]+1]);
?3 = norm (dx[i+1][j-1], dy[i+1][]j-1]);

}

/* Conpute the interpol ated value of the gradient magnitude */
if( (g > (xx*gl + (yy-xx)*g2)) &&
( (g > (xx*g3 + (yy-xx)*g4)) )

if (g*MAG SCALE <= 255)
mag->data[i][j] = (unsigned char) (g*MAG SCALE);

el se

mag->datal[i][j] = 255;

ori->datal[i][j] = atan2 (yc, xc) * ORI _SCALE;
el se

po——

mag->data[i][]]

[
e
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} ori->datal[i][j] = O;

}

void estimate_thresh (I MAGE mag, int *hi, int *|ow)

{
int i,j,k, hist[256], count;

/* Build a histogram of the magnitude i mage. */
for (k=0; k<256; k++) hist[k] = O0;

for (i=WDTH, i<mmag->info->nr-WDTH, i++)
for (j=WDTH, j<nmg->i nfo->nc-WDTH, j ++)
hi st [ mag->data[i][j]]++;

/* The high threshold should be > 80 or 90% of the pixels
j = (int)(ratio*mag->i nfo->nr*nmag->i nf o- >nc) ;
*/

i mag- >i nf o- >nr;

i f (j <mag->info->nc) j = mag->i nfo->nc;
j = (int)(0.9%]);

k 255;

count = hist[255];
while (count < j)

{
k--;
i f (k<0O) break;
count += hist[K];
}
*hi = k;

i =0;
while (hist[i]==0) i++;

*low = (*hi+i)/2.0;
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1.10 Source code for the Shen-Castan edge detector

#include <stdio.h>
#include <string.h>
#include <math.h>
#define MAX
#include “lib.h”

#define OUTLINE 25

/* Function prototypes */
void main( int argc, char **argv);
void shen(IMAGE im, IMAGE res);
void compute_ISEF (float **x, float **y, int nrows, int ncols);
float ** f2d (int nr, int nc);
void apply_ISEF_vertical (float **x, float **y, float **A, float **B,
int nrows, int ncols);
void apply_ISEF _horizontal (float **x, float **y, float **A, float **B,
int nrows, int ncols);
IMAGE compute_bli (float **buffl, float **buff2, int nrows, int ncols);
void locate_zero_crossings (float **orig, float **smoothed, IMAGE bli,
int nrows, int ncols);
void threshold_edges (float **in, IMAGE out, int nrows, int ncols);
int mark_connected (int i, int j,int level);
intis_candidate_edge (IMAGE buff, float **orig, int row, int col);
float compute_adaptive_gradient (IMAGE BLI_buffer, float **orig_buffer,
int row, int col);
void estimate_thresh (double *low, double *hi, int nr, int nc);
void debed (IMAGE im, int width);
void embed (IMAGE im, int width);

/* globals for shen operator*/

double b =0.9; /* smoothing factor 0 <b <1 */

double low_thresh=20, high_thresh=22; /* threshold for hysteresis */
double ratio = 0.99;

int window_size = 7;

int do_hysteresis = 1;

float **lap; /* keep track of laplacian of image */
int nr, nc; /* nrows, ncols */
IMAGE edges; [* keep track of edge points (thresholded) */

int thinFactor;

void main(int argc, char **argv)
inti,j,n,m;
IMAGE im, res;
FILE *params;

/* Command line args - file name, maybe sigma */
if (argc < 2)

printf (“USAGE: shen <inmagefile>\n");
exit (1);

i}m = Input_PBM (argv[1]);
if (im == 0)

printf (“Can’t read input image from ‘%s’.\n”, argv[1]);
exit (2);
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}

/* Look for parameter file */
params = fopen (“shen.par”, “r");
if (params)

fscanf (params, “%lf”, &ratio);
fscanf (params, “%lf”, &b);
if (b<0) b =0;

else if (b>1.0) b = 1.0;
fscanf (params, “%d”, &window_size);
fscanf (params, “%d", &thinFactor);
fscanf (params, “%d”, &do_hysteresis);

printf (“Parameters:\n”);

printf (* %% of pixels to be above HIGH threshold: %7.3f\n", ratio);

printf (* Size of window for adaptive gradient : %3d\n”,

window_size);

printf (“ Thinning factor : %d\n”, thinFactor);

printf (“Smoothing factor : %7.41\n", b);

if (do_hysteresis) printf (“Hysteresis thresholding turned on.\n");
else printf (“Hysteresis thresholding turned off.\n");

fclose (params);

else printf (“Parameter file ‘shen.par’ does not exist.\n");
embed (im, OUTLINE);

res = newimage (im->info->nr, im->info->nc);
shen (im, res);

debed (res, OUTLINE);

Output_PBM (res, “shen.pgm”);
printf (“Output file is ‘shen.pgm’\n”);
}

void shen (IMAGE im, IMAGE res)
{
register int ij;
float **buffer;
float **smoothed_buffer;
IMAGE bli_buffer;

/* Convert the input image to floating point */
buffer = f2d (im->info->nr, im->info->nc);
for (i=0; i<im->info->nr; i++)

for (j=0; j<im->info->nc; j++)
buffer[i][j] = (float)(im->datali][j]);

/* Smooth input image using recursively implemented ISEF filter */
smoothed_buffer = f2d( im->info->nr, im->info->nc);
compute_ISEF (buffer, smoothed_buffer, im->info->nr, im->info->nc);

/* Compute bli image band-limited laplacian image from smoothed image */
bli_buffer = compute_bli(smoothed_buffer,
buffer,im->info->nr,im->info->nc);

/* Perform edge detection using bli and gradient thresholding */
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| ocate_zero_crossings (buffer,

im

free(snoot hed buffer[0]);

smoot hed_buffer, bli_buffer,

>i nf o->nr, im >info->nc);

freei mage (bli _buffer);

t hreshol d_edges (buf

if (res->data[i]
el se res->dat a|

free(snoot hed_buffer);

fer, res, im>info->nr, im>info->nc);

for (i=0; i<im>info->nr; i++)
for (j=0; j<im>info->nc; j++)

[j] > 0) res->data[i][j] = O;

101 = 255

free(buffer[0]); free(buffer);

/* Recursive filter realization of the | SEF

(Shen and Castan CVI GP March 1992) */

voi d conmpute_ | SEF (fl oat
float **A, **B;

A
B

/* first apply the filter
appl y_I SEF_verti cal

/* now apply the filter i

f2d(nrows, ncols);
f2d(nrows, ncols);

**x, float **y, i

in the vertical

nt nrows, int ncols)

/* store causal conponent */
/* store anti-causal conmponent */

direcion (to the rows) */

(x, y, A B, nrows, ncols);

n the horizont al

direction (to the colums) and */

/* apply this filter to the results of the previous one */
appl y_I SEF _horizontal (y, y, A B, nrows, ncols);

/* free up the nmenory
free (B[0]); free(B)
free (A[0]); free(A)

}
voi d apply_I SEF_verti cal

*/

(float **x, fl oat

int nrows, int ncols)

{
r
float bl, b2;

(1.0 - b)/(1.0
b*b1;

bl
b2
/* conput e boundary condi
for (col=0; col <ncol

{

egister int row, col;
I

+ b);

tions */
S; col ++)

**y float **A float **B,

/* boundary exists for 1st and |last colum */

A[0][col] = bl *

x[0][col];

B[nrows-1][col] = b2 * x[nrows-1][col];

/* conpute causal component */
for (row=l; row<nrows; rowt++)
for (col=0; col<ncols; col++)
Alrowj[col] = bl * x[rowj[col] + b * Alrow1][col];
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/* conpute anti-causal component */
for (row=nrows-2; row>=0; row-)
for (col=0; col<ncols; col++)
B[rowj[col] = b2 * x[rowj[col] + b * B[rowtl][col];

/* boundary case for conputing output of first filter */
for (col =0; col <ncol s-1; col ++)
y[nrows-1][col] = Alnrows-1][col];

now conpute the output of the first filter and store iny */
this is the sumof the causal and anti-causal conponents */
for (row=0; row<nrows-2; rowt+)
for (col =0; col <ncol s-1; col ++)
y[rowj[col] = Alrowj[col] + B[rowt+l][col];

~~
* o

void apply_ | SEF horizontal (float **x, float **y, float **A float **B,

int nrows, int ncols)

{
register int row, col;
float bl, b2
bl = (1.0 - b)/(1.0 + b);
b2 = b*bi;

/* conpute boundary conditions */
for (row=0; row<nrows; rowt++)

Alrow] [0] = bl * x[row[O0];
B[ row] [ ncol s-1] = b2 * x[row] [ncols-1];

/* conpute causal component */
for (col=1; col<ncols; col ++)
for (row=0; row<nrows; row++)

Alrowj[col] = bl * x[rowj[col] + b * Alrow[col-1];

/* conpute anti-causal component */
for (col =ncol s-2; col >=0; col--)
for (row=0; row<nrows;rowt+)
B[rowj[col] = b2 * x[rowj[col] + b * B[row][col +1];

/* boundary case for conputing output of first filter */
for (row=0; row<nrows; row++)

Y[FOV\ﬂ[ncoI S-l] = A[rOM[nCO| S-l];

now conpute the output of the second filter and store iny */
this is the sumof the causal and anti-causal conponents */
for (row=0; row<nrows; rowt+)
for (col=0; col<ncols-1; col ++)

y[rowj[col] = Alrowj[col] + B[row][col +1];

~~
* o

}

/* conpute the band-limted |aplacian of the input imge */
| MAGE conpute_bli (float **buffl, float **buff2, int nrows, int

register int row, col;
| MAGE bli _buffer;

ncol s)

Techniques in Computational Vision

57



Advanced Edge Detection Techniques:

bli_buffer = newimage(nrows, ncols);
for (row=0; row<nrows; row-++)
for (col=0; col<ncals; col++)
bli_buffer->data[row][col] = O;

/* The BLI is computed by taking the difference between the smoothed image */
/* and the original image. In Shen and Castan’s paper this is shown to */
/* approximate the band-limited laplacian of the image. The bli is then */
/* made by setting all values in the bli to 1 where the laplacian is */
/* positive and 0 otherwise. */
for (row=0; row<nrows; row-++)
for (col=0; col<ncaols; col++)

{
if (row<OUTLINE || row >= nrows-OUTLINE ||
COl<OUTLINE || col >= ncols-OUTLINE) continue;
bli_buffer->data[row][col] =
((buffl[row][col] - buff2[row][col]) > 0.0);

return bli_buffer;

}

void locate_zero_crossings (float **orig, float **smoothed, IMAGE bli,
int nrows, int ncols)
{

register int row, col;
for (row=0; row<nrows; row++)

for (col=0; col<ncols; col++)

{

/* ignore pixels around the boundary of the image */
if (row<OUTLINE || row >= nrows-OUTLINE ||
COI<OUTLINE || col >= ncols-OUTLINE)

orig[row][col] = 0.0;

[* next check if pixel is a zero-crossing of the laplacian */
else if (is_candidate_edge (bli, smoothed, row, col))

/* now do gradient thresholding */
float grad = compute_adaptive_gradient (bli, smoothed, row, col);
orig[row][col] = grad;

else orig[row][col] = 0.0;

}

void threshold_edges (float **in, IMAGE out, int nrows, int ncols)

{

register int i, j;

lap = in;
edges = out;
nr = Nrows;
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nc = ncol s;

estimate_thresh (& ow thresh, &high thresh, nr, nc);
if (!do_hysteresis)
| ow thresh = high_thresh

for (i=0; i<nrows; i++)
for (j=0; j<ncols; j++)
edges->data[i][j] = O;

for (i=0; i<nrows; i++)
for (j=0; j<ncols; j++)

if (i<QUTLINE || i >= nrows-QUTLINE |
j<QUTLINE || j >= ncol s-QUTLI NE) conti nue

/* only check a contour if it is above high_thresh */
if ((lap[i][j]) > high_thresh)

/* mark all connected points above | ow thresh */
mar k_connected (i,j,0);
}

for (i=0; i<nrows; i++)/* erase all points which were 255 */
for (j=0; j<ncols; j++)
if (edges->datal[i][j] == 255) edges->datal[i][j] = O;
}

[ * return true if it marked sonething */
int mark_connected (int i, int j, int level)

i nt not Chai nEnd;

/* stop if you go off the edge of the imge */
if (i >nr |] i <0]] j >=nc || j <0) return 0;

/* stop if the point has already been visited */
if (edges->data[i][j] !'= 0) return O;

/* stop when you hit an image boundary */
if (lap[i][j] == 0.0) return O;

if ((lap[i]l[j]) > low_ thresh)

edges->datal[i][j] = 1;
}
el se

edges->data[i][j] = 255;
not Chai nEnd =0;
not Chai nEnd | = mark_connected(i ,j+1, |evel +1);
not Chai nEnd | = mark_connected(i ,j-1, level +1);
not Chai nEnd | = mark_connected(i +1, ) +1, |evel +1);
not Chai neEnd | = mark_connected(i +1,] , level +1);
not Chai nEnd | = mark_connected(i +1,j-1, |evel +1);
not Chai nEnd | = mark_connected(i-1,)-1, |evel +1);
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not Chai nEnd | = mark_connected(i-1
not Chai nEnd | = mark_connect ed(i -1,

, level +1);
+1, level +1);

—

—

if (notChainkEnd & ( level >0) )

/[* do sone contour thinning */
if ( thinFactor > 0 )
if ( (level % hinFactor) '=0 )

/* delete this point */
edges->data[i][j] = 255;
}
}

return 1;

/* finds zero-crossings in laplacian (buff) orig is the snoothed inmage */
int is_candidate_edge (I MACGE buff, float **orig, int row, int col)

/* A positive z-c nust have a positive 1st derivative, where positive
z-c neans the second derivative goes from+ to - as we cross the edge */

if (buff->datajrowj[col] == 1 && buff->data[rowtl][col] == 0) /* positive
z-c */

if (orig[rowtl][col] - orig[row1][col] > 0) return 1;
el se return O;

}
else if (buff->data[row][col] == 1 && buff->data[row][col+1] == 0 ) /*
positive z-c */

if (orig[row][col+1] - orig[rowj[col-1] > 0) return 1;
el se return O;

}
else if ( buff->data[rowj[col] == 1 && buff->data[row1][col] == 0) /*
negative z-c */

if (orig[rowtl][col] - orig[row1][col] < 0) return 1;
el se return O;

}
else if (buff->data[row][col] == 1 && buff->data[row][col-1] == 0 ) /*
negative z-c */

if (orig[row][col+1] - orig[rowj[col-1] < 0) return 1;
el se return O;

el se /* not a z-c */
return O;

}

float conpute adaptive gradient (IMAGE BLI buffer, float **orig_buffer
int row, int col)

{
register int i, j;
float sumon, sumoff;
float avg on, avg off;
int numon, numoff;
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sum on
num on

sum of f 0;
ff

num o

0
0

for (i= (-window_ size/2); i<=(w ndow_size/2); i++)

}

for (j=(-wi ndow sizel/2); j<=(w ndow sizel/2); j++)

}

i f (BLI _buffer->data[row+i][col +j])

{
sumon += orig_buffer[rowti][col +j];
num on++;

el se
sumoff += orig buffer[row+i][col +j];
num of f ++;

}

if (sumoff) avg off = sumoff / numoff;
el se avg off = 0;

if (sumon) avg_on = sumon / numon;
el se avg on = O;

return (avg_off - avg on);

void estimate_thresh (double *low, double *hi, int nr, int nc)

float vmax, vmn, scale, Xx;
i,j,k, hist[256], count;

i nt

/* Build a histogram of the Laplacian image. */
vmn = vimax = fabs((float)(lap[20][20]));
for (i=0; i<nr; i++)

for (j=0; j<nc; j++)

X
|
|

f
f

if (i<QUTLINE || i >= nr-QUTLI NE |
j<OQUTLINE || j >= nc-QUTLINE) continue
= lap[i]l[j];
(vmn > x) vnin
(vmax < x) vmax

X,
X;

}
for (k=0; k<256; k++) hist[k] = 0;

scale = 256. 0/ (vmax-vmn + 1);

for (i
for

{

hi

=0; i<nr; i++)
(i =0; j<nc; j++)

if (i<OQUTLINE || i >= nr-QOUTLI NE |
J<QUTLINE || j >= nc-QUTLINE) continue
lap[i][j]; .
(int)((x - vmn)*scale);
st[ k] += 1;
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/* The high threshold should be > 80 or 90% of the pixels */

k = 255;

j = (int)(ratio*nr*nc);
count = hist[255];
while (count < j)

k__.

i f ,(k<0) br eak;
count += hist[Kk];

}
*hi = (doubl e)k/scal e + vnmin ;
*low = (*hi)/2;
}
void enbed (I MAGE im int width)
{
int i,j,1,J;
| MACE new,
width += 2;
new = new nage (i m >i nfo->nr+w dt h+wi dth, i m >i nfo->nc+w dt h+wi dt h);
for (i=0; i<new >info->nr; i++)
for (j=0; j<new >info->nc; j++)
{
I = (i-wdth+i m>info->nr)% m >i nfo->nr;
J = (j-w dt h+i m >i nf 0- >nc) % m >i nf 0- >nc;
new >datal[i][j] = im>data[l][J];
}
free (im>info);
free(im>data[0]); free(im>data);
i m>info = new >i nfo;
i m>data = new >dat a;
}
void debed (I MAGE im int width)
{
int i,j;
| MAGE ol d;
width +=2;
old = newi mage (i m>info->nr-wi dth-w dth, inm>info->nc-w dth-w dth);
for (i=0; i<old->info->nr-1; i++)
for (j=1; j<old->info->nc; j++)
old->data[i][j] = im>data[i+wi dth][]+w dth];
ol d->data[ ol d->i nfo->nr-1][j] = 255;
}
ol d->data[i][0] = 255;
free (im>info);
free(im>data[0]); free(im >data);
im>info = ol d->info;
i m>data = ol d- >dat a;
}
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