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ABSTRACT

This thesis investigates edge detection in gray-scale digital images by consid-
ering both the edge strength and the edge direction information in the neighbor-
hood of each edge pixel in an image. The advantage of the proposed algorithm
is that it is not sensitive to noise and it can maintain small edge details in a

noisy environment.

The proposed edge detection algorithm is rule-based and utilizes multi-
template combinations. For each image pixel, a set of templates of different
sizes is used to obtain the edge information. Then, the edge information, i.e.,
the edge strengths and the edge directions, is processed using two rule-based
criteria to produce the final edge strength and final edge direction of the image
pixel. One criterion defines the magnitude relationships of qualified edge pixels.
The other criterion defines the direction relationships of qualified edge pixels.
Qualified edge pixels which pass both criteria constitute the edges of the given
image. The performance of the proposed algorithm is examined using synthetic

binary images and their various noisy versions and several infrared images.
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CHAPTER 1

INTRODUCTION

In the last few decades, computers have assisted man in his attempt to
improve the quality of life by their significant contributions in the area of au-
tomation. Some examples are robot navigation, target tracking, automated
manufacturing, biomedical application, character recognition, remote sensing,
and satellite picture analysis. In computer vision, edge detection, :.e., isolation
of meaningful regions in an image, is the first and most important step in de-
termining final image understanding. The objective of this thesis is to develop
a rule-based multi-template edge detection algorithm which extracts edge pixels
from noisy images to produce edge images. The implementation is carried out

in the spatial domain.

The multi-template algorithm combines templates of various template sizes.
Each template size has four directional templates which can be used to detect
eight directions. In general, utilization of multiple templates provides for supe-
rior performance of an edge detector as reported in [82]. The large templates
minimize the influence of noise and coarse textures; however, they reduce the
accuracy of the edge localization. On the other hand, the small templates are

well suited for edge localization but are sensitive to noise and coarse textures.




This thesis presents the theoretical foundation, rules, and performance ex-
amination of the proposed algorithm. A review of the edge detectors proposed
within the last two decades and the edge classification are described in Chapter
2. The review focuses on the edge-oriented detectors. At the end of Chapter
2, a brief review of thinning algorithms, which includes binary and gray-scale

thinning algorithms, is presented.

Chapter 3 defines directional templates and examines their performance. In
order to confirm the detection of the positions and directions of edge pixels by
directional templates, several specific edge configurations are used: single edges,
double edges, and corner edges. For the purpose of examining the performance
of directional templates in cases where noise is present, in Chapter 3, we also

considers edges which are injected with additive Gaussian noise.

In Chapter 4, the details of the rule-based multi-template edge detection
algorithm are discussed. The main body of Chapter 4 is organized into two ma-
jor parts. The first deals with the three-template combinations and the second
discusses the four-template combination. In each of these parts, there are two
sets of rules which govern the magnitude and the direction relationships of each
image pixel. Section 4.3 describes a postprocessing method, which improves the
strength and the direction relationships of the detected edge pixels. Finally,
Section 4.4 presents a thinning algorithm which skeletonizes the detected edges

to one-pixel-wide edges.

(V]




The first section of Chapter 5 evaluates the quantitative performance of the
proposed algorithm by testing this algorithm using two synthetic binary images
with and without additive Gaussian noise. Also, in this section performance of
the proposed algorithm is compared to performance of edge detectors that use
a single size templates. In the second section, the results of processing infrared

images are discussed. The last chaptér, Chapter 6, summarizes the conclusions.



CHAPTER 2

EDGE DETECTION

In computer vision, objects are the elementary components used by comput-
ers to describe the contents of a digital image. Therefore, image segmentation,
s.e., isolation of individual objects, is an important process in image under-
standing. In digital image processing, two major approaches are used to achieve
image segmentation. These approaches are referred to as the edge-oriented and
the region-oriented approaches [56,106]. The objective of the edge-oriented ap-
proach is to detect local intensity discontinuities. In general, the edge-oriented
detectors can not guarantee the continuity of resulting edges. In the region-
oriented approach, the basis of segmentation is pixel similarity. In this approach,
image pixels with common properties are identified and grouped to generate re-
gions. Therefore, in general, complete segmentation can be achieved by using
region-oriented detectors. Algorithms like thresholding [68,74,108,109,110], re-
gion growing [27,28,38,52,63,112], and split-and-merge [18,44,45] are well-known

region-oriented methods.

The algorithm presented in this thesis belongs to the edge-oriented approach.

Therefore, in this chapter, we focus our review on the edge-oriented detectors.
However, before reviewing the edge-oriented detectors, this chapter discusses

the classification of edges in gray-scale images.




2.1 Edge Classification

In gray-scale images, edges are defined as a change in intensity. According to
the type of intensity change, edges can be classified as step edges, roof edges, line
edges, spike edges, and ridge edges (or ramp edges) [14,21]. The ideal models of

these edges in the one-dimensional case are:

1. Step edge :
o fr <z
flz) = (2.1)
6 lf(l? Z I,
2. Roof edge :
a- ﬁ if z <z
flz) = a-—f;% fr, <z <z (2.2)
0 if x > x,,
3. Line edge :
o ifz <z,
flz) = 8 ifz; <z <z (2.3)
0% if 2 > xq,




4. Spike edge :

«

f(@) =19 co[(z2 — 2)(z — 21)]? +

\

5. Ridge edge :

o

o

B—a) 2 e

B
(v=8)-F=+8
-

ifI<.’II1
ifzy <z <y

if z > z,,

ifr <z

ifz; <z <29
ifrze <z <3
ifzz3 <z <z4

if ¢ > zy4,

(2.4)

where f(z) is the intensity at point z; a, 5, and ¥ are intensities; and ¢ is a

constant. These ideal edge models are shown in Figure 2.1.

In general, each of these edges requires a special purpose detector [76]. Some

authors [17,76], in the last few years, developed the multi-purpose algorithms

for some of these edge models. For instance, Canny [17] developed an algorithm

which is able to detect step edges, roof edges, and ridge edges, and Nalwa [76]

detected line edges with a step edge detector by assuming that two locally par-

allel straight step edges constituted a line edge. The primary interest of this

thesis lies with the step edge detectors; consequently, further discussion focuses

on these detectors.



Figure 2.1: Ideal one-dimensional edge models. (a) ideal step edge. (b) ideal
roof edge. (c) ideal line edge. (d) ideal spike edge. (e) ideal ridge edge (or ideal
ramp edge).
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2.2 Edge-oriented Segmentation

The earliest step-edge detectors were proposed by Roberts [90] and Prewitt
[87]. In general, edge-oriented detection algorithms, depending on their imple-
mentation and edge orientation aspects, have several classifications. From the
implementation point of view, edge-oriented detectors can be classified as either
linear {71,100] or nonlinear [12,13,33,50,79,80,85,92,105] detectors and parallel
[19] or sequential [9] detectors. From the edge orientation point of view, edge

detectors are categorized as either directional [11,75,78] or isotropic [48,65,100].

Comprehensive surveys of the existing edge-oriented detection techniques
were reported by Ballard and Brown [8], Davis [21], Kunt [56], Pavlidis [83],
Rosenfeld [93], Rosenfeld and Kak [97], and Young and Fu [114]. A number
of qualitative and/or quantitative measurements of some of these edge-oriented
detectors were proposed by Abdou and Pratt [1], Bovik et al. [13], Deutsh and
Fram [22], Fram and Deutsch [29], Lyvers and Mitchell [60], and Peli and Malah
[84]. Comparisons of respective advantages and disadvantages of directional and
isotropic detectors were presented by Brady and Horn [15] and Marr and Hil-

dreth [65].

Edge detectors can perform over either small neighborhoods or large regions,
and, hence, there are local and regional edge operators. Local edge operators

detect edges over small subimages (2 x 2 or 3 x 3 pixels) by considering the




resulting magnitude and/or direction of each image pixel. Regional edge opera-
tors look for the best match between an idealized edge configuration and a large
subimage (4 X 4 pixels or larger) [5,17,47,49,55,61,70,77,94,113]. The examina-
tion and comparison of local and regional edge operators was discussed by Shaw

[101).

In general, edge-oriented image-segmentation is a two-stage process. The
first stage is edge extraction, and the second stage is edge thinning (or edge
labeling). The purpose of the first stage is to extract the edges based on some
a prior: knowledge, e.g., a magnitude threshold. The edge extraction process
involves one of the following methods: gradient, surface fitting, template match-
ing, line extraction, or artificial intelligence. The second stage, thinning, is a
postprocessing stage used to locate the object contours in the resulting thick
edges of the first stage. These two stages are further discussed in the following

subsections.



2.2.1 Edge Extraction

1 ) Gradient Method

The gradient of an image I(z,y) at an image pixel I(z, j) is given by

r

Al(z,y)
dr

dI(x,y)
Oy

G[I(:L‘, y)](i,j) =

_ [ 6.6, 5) 25)
| Gy(i,))

(4.4)

Various algorithms such as unweighted average methods [87,91], weighted aver-
age methods [16,30,40], and no-average methods [90] are used to approximate
these two partial derivatives. One of the most well-known methods is the Sobel

algorithm [36].

After evaluating gradients, each image pixel is assigned a gradient magnitude
and/or a direction. According to an a prior: threshold value, the qualified edgels,
i.e., short and piece-wise linear edge segments, are linked to form boundaries
(16,31,48,51]. Usually the gradient method does not utilize a subimage larger
than 3 x 3 pixels. Hence, the gradient method is an example of a local edge

operator.

2 ) Surface Fitting Method

The surface fitting method is an example of a regional edge operator. In a




large window, this method approximates the object contours of the subimage
which coincides with the window using Fourier series, least-squares planar-fit,
least-squares cubic-fit, or interpolation according to the actual step edge posi-
tions and directions. Therefore, the edge of the subimage which coincides with
the window can be represented by the best-fitting surface to minimize the ef-
fects of noise. Some well-known algorithms using this method were proposed by
Haralick [39], Hueckel [46], Mero and Vassy [70], Nalwa and Binford [75], Nalwa

[76], Prewitt [87], and Shaw [101].

3 ) Template Matching Method

This method uses pre-defined edge templates. For each image pixel, each
edge template is convolved with the image with the center of the edge template
at the image pixel. By choosing the maximum output, the edge template that
is most similar to the image edge is found, and the magnitude and direction
of the image pixel are determined. The number and size of the predefined
edge templates decide the accuracy and resolution of this method. Usually, the
template matching method uses large templétes and is classified as a regional
edge operator. The algorithm proposed by Nevatia and Babu [78] is a well-known

algorithm that utilizes the template matching method.

11



4 ) Line Extraction Method

In a given image, this method extracts straight line edges rather than edge
pixels. Depending on magnitude values and directions, edge pixels are grouped
into line-support regions. By combining these line-like regions, boundaries are
generated. The Hough transform [7,23,103] is a well-known algorithm using this
method. Other algorithms were proposed by Burns et al. [16], Griffith [37],

Horn [42], Mansouri et al. [62], and Shirai [102].

5 ) Artificial Intelligence Method

Artificial intelligence edge detection methods detect edges by comparing the
properties of each image pixel in a given image against a rule-based decision
algorithm. The multi-template algorithm is an example of this method. The
multi-template algorithm can be utilized either in sequential [10] or in parallel
[53,94,111] modes to provide edge detectors with fine resolution and minimal

noise sensitivity.

2.2.2 Edge Thinning

Thinning is a procedure that extracts one-pixel-wide contours from thick edges
by considering the magnitude and/or direction of each edge pixel. In digital

image processing, thinning algorithms can be grouped into two major groups:



binary thinning algorithms [3,4,115] and gray-scale thinning algorithms [2,25,98].
In binary thinning algorithms, first, an intensity threshold is chosen to transfer
an input edge image to a binary edge image. Then, edge thinning is accom-
plished by deleting edge pixels, which do not destroy the connectivity or junc-
tions (T-type or Y-type) of edges, to obtain a one-pixel-wide edge image. In
the gray-scale thinning algorithm, the thinning procedure is accomplished by
considering the strength and/or the direction relationships of each edge pixel.
Edge pixels which are not associated with the local maxima, and at the same

time do not destroy the connectivity of the edges, are deleted.

In gray-scale thinning algorithms, the thinning procedure can be classified as
either magnitude-based or magnitude-and-direction-based method. Magnitude-
based methods are direction-blind, and typically they perform thresholding,
skeletonization, and contour connection [24,88,89]. These methods have the
benefits of easy implementation and connected contours; however, the positions
of the edges may be shifted and the edge junctions, T-type or Y-type, may be de-
stroyed. Magnitude-and-direction-based methods are pixel-by-pixel sequential
processes which use both magnitude and direction information for each edge
pixel. These methods choose a starting-point, set a threshold value and a vari-
ation angle between two adjacent edge pixels, and then perform the contour
following [6,56,58,66,67]. The magnitude-and-direction-based methods result in
one-pixel-wide edges which preserve junctions and exact edge positions. How-

ever, the resulting contours may be disconnected.
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According to the structure of the resulting one-pixel-wide edges, there are
two types of thinning algorithms: 4-connected and 8-connected thinning algo-
rithms. The 4-connected thinning algorithms produce one-pixel-wide edges in
which edge pixels are 4-neighbors of their adjacent edge pixels [46]. The result-
ing edge pixels of the 8-connected thinning algorithms are 8-neighbors of their

adjacent edge pixels.

2.3 Result Improvement

In order to improve the result of an edge detection algorithm for a given
image, preprocessing is preferred. The objective of preprocessing is to enhance
the performance of an edge detection algorithm by eliminating noise, preserving
edge information, and reducing degradation (e.g., false contours, speckly effect,
and blurring). Image enhancement [73,86,106,114,116] is used for this purpose
(e.g., median filter). When high resolution is desired in very noisy images (e.g.,

infrared images), the preprocessing process is indispensable.



CHAPTER 3

PERFORMANCE OF DIRECTIONAL TEMPLATES

IN EDGE DETECTION

The edge detection algorithm developed in this thesis cross-correlates several

directional templates of different sizes with a neighborhood of each image pixel.
Using a set of rules, the algorithm assigns edge confidence to each candidate
edge pixel. By performing cross-correlation over neighborhoods of different sizes
the algorithm has the unique ability to determine accurately the positions of
edge pixels in noisy images. Accuracy results from processing neighborhoods of
small sizes and ability to perform in the presence of noise arises from processing

large neighborhoods.

For each template size, several directional templates are used to detect the
edges with different orientations. A directional template is a square mask which
models a straight edge in a particular direction. An example of positioning a

directional template on the image pixel I(z, 7) is shown in Figure 3.1.

In this chapter, we define the directional templates. Then, we study the abil-
ity of these directional templates to find edge positions and directions for several
kinds of edges (i.e., single edge, double edges, corner edge, and noisy edge). Fi-

nally, we examine the effects of Gaussian noise on directional templates.
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Figure 3.1: Positioning of a directional template on the image pixel I(7, 5) of an
image.

3.1 Model of Ideal Binary Step Edge

Consider an M x N binary image I(z,y), z € [0, M —1]and y € [0, N —1],
with intensities a and b, ¢ # b. An edge pixel I(i,7) located on the edge and
forming an angle 6,, —7/2 < §, < 7/2, with the z-axis (measured counterclock-
wise) displaced by —h from the center of the image (measured along the y-axis)

(shown in Figure 3.2), satisfies the equation

. (20 — M) -tanb, + N
J = 5 —h

-

= T.(i, 6,k M,N), (3.1)
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Figure 3.2: An edge pixel I(¢,7) located on the edge forming angle 8, with the
z-axis and translated by —h from the center of the image I(z, y).

where I'y(¢,6,, h, M, N) is a function of ¢, 8;, h, M, and N.

Hence, a binary image I(z,y) with size M x N and intensities a and b,
containing an ideal step edge with angle 6, to the z-axis and translation —h

from the center (Figure 3.3), can be described by

a ify>Ty(z,6,,h,M,N)
I(x,y) = (3.2)
b otherwise.

The values of intensities a and b determine the strength of the edge.

17



M-1 N-1
2 2

I(z,y)

Figure 3.3: The model of an M x N binary image [(z,y) with intensities a and
b and a step edge at angle 6, relative to the z-axis and displaced by —h from
the center.
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3.2 Model of n Directional Templates

In order to generate n directional templates, for each template size, we divide
the 27 angle into n angles, each separated by an equal angle increment A8 =
2r/n. Hence, the edge angles 6;, —m < 6, < m, (measured counterclockwise

relative to the z-axis) of the n directional templates, can be defined as
6, =1-A4, (3.3)

where [ = n/2 -1, n/2-2, ..., 1,0, -1, ..., —n/2 + 1, and —n/2. From
Equation (3.1) it follows that for a p x ¢ directional template, z € [0, p— 1] and
y € [0, ¢ — 1], a pixel T(z, j) on the line which passes the center of the template

and forms an angle 8, with the z-axis satisfies

: (20 —p)-tanb, + ¢

-

= F2(i792an,P’Q)- (34)

Hence, the p x ¢ directional template with the edge forming the angle 6, =

[ - Ag with the z-axis and template coefficients A and —\ is defined by

(

A ify > Tz, 602,n,p,q)
T(z,y) = 0 ify="Tyx0,n,p9q) (3.5)

- lfy < F-z(il’,gmnapv q)v

where A # 0. The construction of this directional template is shown in Fig-

ure J3.4.
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Figure 3.4: The model of a p x ¢ directional template T(z,y) with edge angle
0, relative to the r-axis and template coeflicients A and —A.



3.3 Detection of Edge Position and Direction

In the previous sections, we defined the models for ideal step edge images
and for directional templates. In this section, we examine the ability of the
directional templates to find the correct positions and directions of edges in an
image. For convenience, the continuous cases are used. The extension to the

discrete cases is straightforward.

A commonly used method for edge detection using templates is Cross-
Correlation. First, let I(z,y) be the given image with size M x N and T(2',y’)
be the directional template with size p x ¢, p « M and ¢ < N. Since each p x ¢
subimage of a given image I(z, y) can be uniquely represented by its center pixel
at each specific location I(z, 7) of the given image I(z,y), the Cross-Correlation

Coefficient, ¥(z, ), in the continuous case is

I = 1, )P da dy - [J[T(z — oy — j)2 dz dy} /2

(3.6)

where ¢ € [0, M —1] and 5 € [0, N —1], and the integrations are taken over the
coordinates common to both I(x,y) and T(x,y) [36]. An example of positioning
a directional template to calculate the (2, ) is illustrated in Figure 3.5. In gen-
eral, ¥(z,J) varies from one location to the other. The larger the value of ¥(:.j),

the greater the similarity between T'(x,y) and the corresponding subimage.



Figure 3.5: Computation of the cross-correlation coefficient of an M x N image
I(z,y) and a p x ¢ directional template T(z’,y’) at a specific image pixel I(z, ;).

In the following, the definitions and symbols developed in Sections 3.1 and
3.2 are used. Figure 3.6(a) contains a p x ¢ directional template with orienta-
tion 6,. Figure 3.6(b) contains a p X ¢ subimage with an edge at angle 6, and
translation —h from image pixel I(z,j). The overlap of the directional template

and the subimage is shown in Figures 3.6(c) and 3.6(d) with different notation.

In order to simplify the notation, we assume Equation (3.6) to be of the form
o U 37
/(LJ)—-T- (3.7)

The relationships p < ¢, a > b, and 6; < 8, are assumed. According to Fig-

SV
SV}




Figure 3.6: The directional template, edge subimage, and their overlaps with
size p X ¢ at the image pixel I(z,j). (a) The directional template T(z.,y). (b)
The edge subimage. (c)(d) The overlaps of (a) and (b) with different notation.



ures 3.6(a), 3.6(b), and Equation (3.6),

U = /\[G(G1 — G4) + b(Gz — G3)], (38)

where G, G;, G5, and G4 are subareas of T(z,y) as shown in Figure 3.6(c).
Also,

V= —/\gq—[2(a2 + b)) + Ltl—h(a2 —b))1/2, (3.9)

where h is the horizontal distance between the edge and the center pixel as

shown in Figure 3.6(b).

From Figures 3.6(c) and 3.6(d), the areas of G1, G2, G3, and G4 are

1

Gi = —(pq+hp—2m - 2m), (3.10)
1

G, = 7(27’1 + 27, — hp), (3.11)
1

Gs = —(pg—hp—2m —2m), (3.12)

and
1
G4 = 7(}11) + 27'1 + 2Tg), (313)

where 7y and 7, are subareas of the directional template T(z,y) as shown in

Figure 3.6(d) with values

L 3.14)
T = )
! 2(tan 6, — tan 6;) (
and
2
Ty = I; (tan 6, — tan 6,). (3.15)



Substituting Equations (3.10) through (3.13) into Equation (3.8) gives

U=—(a-"0b)pqg—4r —4r). (3.16)

lv|>f

Furthermore, substituting Equations (3.9) and (3.16) into Equation (3.7), the

cross-correlation coefficient of the particular pixel I(z, j) becomes

(i) = (a = b)(pg — 4m1 — 473)
W& ) = pq[g(a2+b2)+_iqh_(a2_b2)]l/2 .

(3.17)

Hence, in the case of n directional templates, the best matched directional tem-
plate is the one that yields the maximum value in Equation (3.17). It appears
that if the values of p, ¢, a, and b are known, the maximum value of Equa-
tion (3.17) occurs when the values of 7, 7, and h are minimized. Because
the minimum value of A is 0, according to Equation (3.14), minimizing k to
0 yields both A = 0 and 7 = 0. By minimizing the value of 7, referring to

Equation (3.15),

min{ 7 } = min{tanf, —tanb, }

= mun{ Ap }, (3.18)

where min denotes the minimization and Ap = 6; — 6, is the angle between
the image edge and the template edge as shown in Figure 3.6(d). Using Equa-
tion (3.3) on page 19, the orientation 6, of the best matched directional template

satisfies

|6y — 6] = min{ |IAG - 6,] }, (3.19)

(V]
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where l=n/2-1,n/2-2,...,1,0, -1, ..., —n/2+ 1, and —n/2. The ideal case

is Ap =0.

When the ideal match is reached, i.e., h = 1 = 7 = 0, according to Equa-
tion (3.17), the maximum cross-correlation coefficient at the particular image
pixel I(z,j) is

.. a—-2>5
v(4,7) = (@ T A

(3.20)

Based on the discussion above, the edge of the directional template, which
yields the maximum cross-correlation coefficient in the n directional templates,
has the closest orientation to the edge of the corresponding subimage. The

center of the directional template is located on the edge.

3.4 Relationship Between Correlation Coeflicient and Template

Size

Assume the ideal match in Section 3.3 is reached, i.e., §; = 6, and h = 0,
and the edge of the directional template is vertical with angle 8, = 6, = 0. The
directional template and the vertical edge subimage with size px q, p = 2kAp+1,
q =2kAq+1,and k =1, 2, 3, ...,-are-shown in Figures 3.7(a) and 3.7(b), where

Ap and Agq are the unit increments of the template size.

According to Figures 3.7(a), 3.7(b), and the definition of cross-correlation in




Figure 3.7: Directional template and edge subimage with vertical edge and
common size (2kAp + 1) x (2kAg + 1). (a) Directional template with template
coefficients A and —\. (b) Edge subimage with intensities a and b and the center
pixel at I(z, 7).
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Equation (3.6) on page 21, the numerator of Equation (3.7) becomes
U= Aa-0b)(2kAp+ 1)(kAq) (3.21)

and the denominator of Equation (3.7) becomes

2
V = M2kAp + 1)(kAq) - [2(a* + ) + —%71—]_1/2 (3.22)

Substituting Equations (3.21) and (3.22) into Equation (3.7) produces

a—b
[2(a? + b2) + 2= /2

v(t,7) = (3.23)

From Equation (3.23) it follows that when b # 0 the cross-correlation coefficient,

v(z,7), increases when the template size increases, i.e., k increases.

3.5 Corner Edges

Section 3.3 shows that the directional templates can find the positions and
directions of straight edges. In this section we consider a complex situation that

arises when encountering a corner edge.

For simplicity, we consider a right-angled corner edge. Using this simplifica-
tion and the definitions in Sections 3.1 and 3.2, the problem can be classified into
three cases : (a) 0 < 6, < tan™'(p—2d)/p, (b) tan~'(p—2d)/p < 6, < tan~! ¢/p,
and (c) tan~! ¢/p < 6, < /2, as shown in Figures 3.8(a), 3.8(b), and 3.8(c),

respectively, where d is the distance between the corner and the center of the



Figure 3.8: The overlaps of directional template and right-angled corner edge
with size p x ¢q. The angle 8, is the angle between the template edge and the

r-axis. (a) 0 < 6; < tan™'(p—2d)/p. (b) tan~!(p — 2d)/p < 8, < tan~! ¢/p. (c)
tan~' ¢/p < 6 < 7/2.



directional template. The range of 6; is 0 < 8, < + - Therefore, the numerator

of the cross-correlation coefficient, referring to Equation (3.6) on page 21, is

U

/"/”I(w)~T(w—i,y—j>dxdy
0J0

= N(a- b)(p—; - —’}- + pd — 24)), (3.24)

where A represents the dashed areas as shown in Figures 3.8(a), 3.8(b), and

3.8(c), and

vV = {_/()q/()p[f(%y)]zdxdy'/OQ/OP[T(:E—i,y—j)]zd:cdy}m

2
= {{(a® = ¥")(pd — £=+ L)+ bpq] - Npg}' . (3.25)

The value of A in Equation (3.24) is calculated in the following three cases

(also refer to Figure 3.8).

Case1: If 0 < ; < tan~!(p — 2d)/p as shown in Figure 3.8(a),

&2
= — 2
4 1 —tan?é, (326)

Case 2 : If tan™!(p — 2d)/p < 0, < tan~! ¢/p as shown in Figure 3.8(b),

d? dp 2

p
A= - — . 2
3501+ tan 6y) + 5 5 (1 —tan#,) (3.27)

Case 3 : If tan™! ¢/p < 6, < 7/2 as shown in Figure 3.8(c),

d? q* pg  pd p?
A= - S 2
3(1+tanf) Stand, T 4 T2 T8 (3.28)

From Equations (3.26), (3.27), and (3.28), it follows that when the value of

angle 6, decreases, the value of A decreases. From Equation (3.24) it follows
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that when the value of A decreases, the value of U increases. Because the value

of V is independent of the value of 6,, it can be concluded that when the angle
6, decreases, the cross-correlation coeflicient at a particular image pixel I(z,7)
increases. Hence, the maximum value of (i, j) occurs when 6; = 0. Then, from

Equation (3.26), when 8, = 0, the dashed area A becomes
A= d2 (3.29)

Substituting Equations (3.24), (3.25), and (3.29) into Equation (3.6) on page 21,
the cross-correlation coefficient becomes

(a—b)(B- — & + pd — 2d%)
{l(a* - ¥)(pd — 2= + B) + bpq] - pa}/*

v(t,7) = (3.30)

Consider a special case of Equation (3.30) when the right-angled edge is very
strong, s.e., a > b. In order to further simplify the problem, we assume the

templates are square, i.e., p = ¢q. Then, Equation (3.30) reduces to

4d _ 8d?
S (3.31)
_(1+—p—)

¥(4,7) =

Setting w = d/p, we obtain the form

.. 1+ 4w — 8w? v
v(,7) = ST+ d)E (3.32)
Since 0 < d < p/2, the range of w is
1

By substituting the values in the interval of Equation (3.33) into Equation (3.32),

the maximum +(z,7) occurs when w = 0.14, and the maximum value is
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v(t,7) = 0.5617 (refer to Appendix A). The construction of the best match

is illustrated in Figure 3.9.

Hence, by choosing the directional template that is most similar to the edge,
the direction of a strong right-angled edge is perpendicular to the bisector of the
corner angle, and the distance between the real corner edge and the resulting
corner edge on the bisector equals the size of the template multiplied by 0.14. In
other words, the edge detection algorithm, using directional templates, performs
a rounding-off effect on the corner. The strong right-angled corner and the

resulting rounded edge are shown in Figure 3.10.

3.6 Two-Edge Regions

In Section 3.3, there is only one edge in the subimage which coincides with
the directional templates. In this section, we consider the case of two edges in
the subimage which coincides with the directional templates. The configuration
of the edge subimage and the directional templates are similar to Figure 3.6 on
page 23 as shown in Figure 3.11. The intensities of these three image regions,
resulting from the two edges, are a, b, and ¢ where a > b and a > c¢. The edge
which is closer to the center of the directional template is called the main edge,

and the other is called the secondary edge.



—p ——

template edge
| right-angled image
edge

b
0.14

Figure 3.9: The best match of a strong right-angled edge and a directional
template with vertical edge.

\ = 0.14 x (template size)

Figure 3.10: The strong right-angled corner (dashed line) and the resulting
rounded edge (solid line).

33



Figure 3.11: The directional template, edge subimage, and their overlaps with
size p X ¢ at the image pixel I(z, 7). (a) The directional template T(z,y). (b)
The edge subimage contains two edges with intensities a, b, and c¢. (c¢)(d) The
overlaps of (a) and (b).
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Referring to Figure 3.11(c), the numerator of the cross-correlation coefficient

v(z,7) can be found by modifying the Equation (3.8) on page 24
A
= "‘2"[(‘1 —b)(pg — 411 — 413) — 2Gs(a — )], (3.34)

where G is a subarea of the directional template as shown in Figure 3.11(c) and
7, and 7, are defined in Equations (3.14) and (3.15) on page 24, respectively.
By modifying the Equation (3.9) on page 24,

4G5

a? — )2 .
- ( ) (3.35)

4h
V= %)2—[2012 +8)+ = (et =) -

Therefore, referring to Equations (3.34) and (3.35), Equation (3.17) on page 25

becomes

(a — b)(pq — 411 — 413) — 2Gs(a — ¢)
Pal(a® + ) + (a2 = b7) = Ao (a2 — )2

7(5,7) = (3.36)

If the intensity ¢ and area Gs are known, it follows that when 7, 72, and h are

zero, the maximum value of ¥(z, 5) is reached. The situation is the same as that

in Section 3.3.

Hence, it appears that if there are two edges in the subimage coinciding with
the directional templates, the position and the direction of the main edge which
is closer to the center of the directional templates, is found by the directional

templates.

Next, the relationship between the cross-correlation coefficient and the tem-
plate size shown in Figure 3.11 is observed. The constructions of the two direc-

tional templates with sizes (2kAp + 1) x (2kAq + 1) and (2(k + 1)Ap + 1) x
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Figure 3.12: The arrangement of a subimage containing two edges
and two directional templates with sizes (2kAp + 1) x (2kAq + 1) and
(2(k+1)Ap+1) x (2(k+1)Aq +1).

(2(k + 1)Aq + 1) and the subimage with two edges in which an edge coincides
with the edge of the directional templates are shown in Figure 3.12. As shown
in Figure 3.12, the vertical and horizontal dimensions of the image region with

intensity ¢ on the inner template are m and n, respectively.

In reference to Section 3.4, the numerator of Equation (3.7) on page 22

becomes
Ak(a —¢)
(28Ap + 1)(kAq)

U = M2kAp + 1)(kAg)[a — b — ] (3.37)
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and the denominator of Equation (3.7) becomes

22 24k(a® — c?)

_ 1/2
kAq (2kAp + 1)(kAgq) I (3:38)

V = M2kAp + 1)(kAq) - [2(a® + %) +

where Ay is the area with intensity ¢ in the (2kAp+ 1) x (2kAq¢ + 1) directional

template. Therefore, the cross-correlation coefficient equals

a—b— Ax(a—c
.. (2kAp+1)(kAq)
7(7”]) = b2 2A (a2__c2) : (339)
[2(a? + b%) + :Aq — kAT (FAY) IR&
The area Ay with &k = 1 equals
A = == (3.40)
2
and when &k = 2, the area increases to
1 n m
Ay = 5[mn+2(m+n)+2+7n—+—n-—]. (3.41)

By denoting the cross-correlation coefficients v, and v, for ¥ = 1 and k = 2,

respectively, from Equation (3.39),

a—c)mn

a—b-—

2(24p+1)(Aq
"R - o
and
a—b— (a=c)[mnt+2(m+n)+2+ -4 2]
e = " ‘2(4Ap+1)(4\q) I ' (3.43)
{2(a2 +82) + Eq _ e —c )[mn;(-jg;lir))&z; Ty 1] ]1/2

We are interested in the critical value of the area A; for which the cross-

correlation coefficient does not increase when the template size increases, s.e.,

T 2 Y (3.44)
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To simplify Equations (3.42) and (343), we make some assumptions: (i) square

templates, ¢.e., p = g, (ii) unit increment, s.e., Ap = Aq = 1, and (iii) the region
Ak is an equilateral right-angled triangle, i.e., m = n. With these assumptions,

we obtain

= a—b— =g (3.45)
M= [2(a? + 2b2) — Jaz_—g"’_lﬁ]l/z )

and

a—b— !a—c!!m+2!2
vy = 0 (3.46)
[2a2 + 3b? — AL=EUm+2)? 11/

10

In order to obtain the intrinsic information, Equation (3.44) is further classi-
fied into three cases: (i) the secondary edge is much weaker than the main edge,
(ii) the secondary edge is as strong as the main edge, and (iii) the secondary
edge is much stronger than the main edge. In the second case, there are three
conditions: both of the edges are either weak, medium, or strong. Examples
shown in Tables 3.1 to 3.5 illustrate these specific cases. In these tables, symbol
“4+” means that when the template size increases, the cross-correlation coeffi-

” means that when the template size increases,

cient increases, and symbol “—
the cross-correlation coefficient decreases. Table 3.1 shows results of the case
when the secondary edge is much weaker than the main edge. Tables 3.2 to
3.4 show the results of the case when the secondary edge is as strong as the
main edge. The three conditions in the case when both edges are either weak.
medium, or strong are shown in Tables 3.2, 3.3, and 3.4, respectively. Table 3.5

shows the result of the case when the secondary edge is much stronger than the

main edge.
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Table 3.1: Cross-correlation coefficients where the secondary edge is much
weaker than the main edge, i.e.. a —b > a —c. The intensities are a=200,
b=100, and c=195. The symbol m is the dimension of the subarea with inten-
sity ¢ as shown in Figure 3.12.

ﬁ

m Template Size

3= > —

T

T—9

0 +0.0109 +0.0038 +0.0019
1 +0.0101 +0.0031 +0.0014
2 +0.0029 +0.0012

3 +0.0011

e —————————————————————————r
—

Table 3.1 shows. for all possible values of m, the cross-correlation coefficient
always increases when the template size increases. In other words, in two-edge
regions. the cross-correlation acts as if there were only one single straight edge in
the area of the subimage. From Table 3.2 to Table 3.5. when the template size
increases. for all possible values of m. the cross-correlation coefficient always
decreases. Moreover, the stronger the secondary edge is. the more the cross-
correlation coefficient decreases. Hence. when the subimage contains two edges,

the cross-correlation coetficient does not increase as the template size increases,

except when the secondary edge is very weak.
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Table 3.2: Cross-correlation coefficients where the secondary edge is as strong
as the main edge, i.e., a — b ® a — c. The intensities are a=200, =190, and
c=190. (Both edges are weak.)

m Template Size

3—=5 5—=7 T7T—-9

0 —0.0026 —0.0014 —0.0009

1 ~0.0048 —0.0031 —0.0020
2 —-0.0036 —0.0026
3 —0.0029

Table 3.3: Cross-correlation coefficients where the secondary edge is as strong
as the main edge, i.e., a — b = a — ¢. The intensities are a=200, =100, and
c¢=100. (Both edges are of medium strength.)

m Template Size

3—5 5—=7 T7T—9

0 -0.0331 -0.0168 —0.0099

1 —0.0604 -0.0339 -—0.0207

8%

—0.0417 -0.0279

3 —0.0315
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Table 3.4: Cross-correlation coefficients where the secondary edge is as strong

as the main edge, i.e., a — b = a — c. The intensities are a=200, =10, and c=10.
(Both edges are strong.)

m Template Size

335 53—7 T—-9

0 -0.0708 -0.0328 —0.0189

1 -0.1152 -0.0594 —0.0354
2 -0.0725 —0.0467
3 —0.0529

Table 3.5: Cross-correlation coefficients where the secondary edge is much

stronger than the main edge, i.e.. a — b € a — ¢. The intensities are a=200,
=190, and ¢=100.

m Template Size

3 =35 5—=7 T7T-—-9

0 —-0.0449 -0.0219 -0.0129

1 -0.0727 -0.0399 -0.0244

2 —-0.0479 -0.0320




3.7 Effects of Noise

In this section, we assume that a given image contains additive Gaussian
noise with zero mean and variance o2, i.e., N(0; 0?). In the presence of additive
Gaussian noise, the intensities of the edge subimage in Figure 3.6(b) become

a+ N(0;0%) and b+ N(0; 0?).

Therefore, in the noisy case, Equation (3.16) on page 25 becomes

A .,
U = —(a-b)pg—4n —47'z)+z\-//GlG2 N(0; 0% dx dy
—). .52
A //GG N(0; 0%) dz dy
A
= 7[(a — b)(pq — 41, — 473) + N(0; Cy0?)), (3.47)

where C; = 4p?q®. Equation (3.9) on page 24 becomes

v = %{2[@ + N(0;0%))* + (b + N(0;5%))?]
" %[(a + N(0;0%))* — (b+ N(0; 0%))*]}'/?
- —Agf-p(a2 + b)) + _‘*qi(az - ") + N(0; Cy0?)
LN, (3.48)

where C; = [4(a + b) + 8h(a — b)/q]?, and N; = 2[N(0;0?)]2. Therefore, the

cross-correlation coefficient becomes

(a — b)(pg — 411 — 473) + N(0; C10?)
pg[2(a? + b2) + “-(a? — 1) + N(0; Cz0?) + 2N, ]1/2

1(i,5) = (3.49)

Because the expected value of a Gaussian function is its mean, and the

expected value of the square of a Gaussian function is its variance [81], it follows



that E[N(0; Ci0?)] = 0, E[N(0; C20?)] = 0, and E[N;] = 202, where E denotes

the expected value. Hence, the expected value of Equation (3.49) is

(¢ —b)(pg — 41y — 41;)
pa[2(a? + b?) + “2-(a? — b2) + 4022

(3.50)

Ely(,5) ] =

A comparison of Equation (3.50) and Equation (3.17) on page 25, confirms that,
in the presence of additive Gaussian noise, we can still detect the correct edge lo-
cations and directions by maximizing the expected value of the cross-correlation
coefficient. Hence, the directional templates we defined earlier can find both the

positions and directions of edges whether or not noise is present.

Considering the relationship between the template size and the cross-

correlation coefficient in the noisy case, the Equation (3.21) on page 28 becomes
U = A(a - b)(2kAp + 1)(kAgq) + N(0; C30%)], (3.51)

where C3 = 16(2kAp + 1)?(kAq)?, and the Equation (3.22) on page 28 becomes
2h?
kAq
+N(0, 0402) + C5 . N1}1/2, (352)

V = M2kAp+ 1)(kAq) - {2(a® + ) +

where Cy = 2[(a + b) + b/(kAq)]* and Cs = [2 + 1/(kAq)].

With the expected values E[N(0;C30%)] = 0, E[N(0;C40?)] = 0, and

E[N1] = 202, the expected value of the cross-correlation coefficient becomes

a—>b
[2(a? + 0?) + ,%izq— +2C502)1/2

E[~(i,5) ] = (3.53)



A comparison of Equation (3.53) and Equation (3.23) on page 28 shows that
with the presence of additive Gaussian noise, the expected value of the cross-
correlation coefficient increases as the template size is increased. Hence, with the
presence of noise, the similarity between the appropriate directional template
and the coinciding subimage increases when the template size increases; however,

the coefficient is smaller than the coefficient in the noise-free case.
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CHAPTER 4

RULE-BASED MULTI-TEMPLATE EDGE

DETECTION AND THINNING

In this chapter, a rule-based multi-template edge detection algorithm is de-
veloped. In order to achieve computational efficiency, this algorithm uses the
combination of either three or four template sizes (3 x 3, 5 x 5, 7 x 7, and
9 x 9 pixels) to detect the positions and directions of edge pixels. The algo-
rithm is based on two sets of decision rules: the first governs the relationship of
magnitude values obtained from different template sizes; the second handles the
relationship of directions provided by different template sizes. Each set of rules
employs an adjustable threshold. Based on these rules, each qualified edge pixel

is assigned a final edge strength and direction.

This chapter presents the details of the two sets of decision rules for both
the three-template and the four-template combinations, which are based upon
the algorithm proposed by Patton and Brzakovic [82]. In addition, this chap-
ter describes a thinning algorithm based upon Lacroix’s [57] and Kunt's [56]
methods to produce one-pixel-wide continuous contours. This algorithm locates
the strength ridge of the edge image which resulted from the rule-based multi-

template edge detection algorithm.
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In order to describe the edge directions appropriately, we quantize the 2«

angle into eight directions in 7/4 increments. Consequently, the variable n of
the orientation system described in Section 3.2 is 8. Symbol D, numbered 1 to 8,
denotes the direction that corresponds to the angles 0, 7/4, /2, 37 /4, ... , and
7w /4, respectively. The angles are measured counterclockwise relative to the
z-axis. The edge orientation system, corresponding to the 8 direction numbers,
1s shown in Figure 4.1. Each edge pixel is assigned a direction D, which is the
closest direction to the direction of the edge pixel in the orientation system. For
an edge pixel I(z,7), the direction of the edge pixel is defined as the direction
of the edge on which the edge pixel I(i,;) is located. The angle from a vector
pointing in the direction of decreasing intensity to the direction assigned to the
edge is 7/2 measured counterclockwise. The scheme of the direction assignment

at the edge pixel I(z, ) is shown in Figure 4.2.

We assume the directional templates defined in Section 3.2 are square and
have four template sizes with the dimensions of 3 x 3, 5 x 5, 7 x 7, and 9
x 9 pixels, noted as Ts(z,y), Ts(z,y), Tr(z,y), and Ty(z,y), respectively. In
this case, the variables p and ¢ in Section 3.2 are chosen as p = ¢ = 3, 5,
7, and 9. Each template Ti(z,y), ¢ = 3, 3, 7, and 9, has eight directional
templates T; p(z,y), D = 1, 2, 3, ..., 8. The template coefficient A defined in
Section 3.2 is chosen as A = 1. In order to reduce the required number of

computations, the results pertaining for angles from 7 to 27 are obtained by
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Figure 4.1: The edge orientation system.
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Edge

Figure 4.2: The edge direction assignment scheme.
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multiplying the complementary angle results by —1. Therefore, the role of the

four directional templates T;s(z,y), Tis(z,y), Tiz(z,y), and T;g(z,y) can be
performed by —T;(z,y), —Ti2(z,y), —Tis(z,y), and —T;4(z,y), respectively.
Hence, four directional templates are enough to describe the eight directions in
the orientation system. The four directional templates with size 5 x 5 pixels

are shown in Figure 4.3.

To determine the edge strength and direction of an image pixel I(7, 5 ), several
rule-based spatial measurements are taken. This is accomplished by applying
multiple templates centered at the image pixel I(¢, 7). When considering a par-
ticular template size at an image pixel I(z, j), each of its four directional tem-
plates produces a magnitude output. The maximum absolute magnitude within
these four magnitude values and the associated edge direction are assigned to

image pixel I(z, j) for the particular template size.

4.1 Three-Template Edge Detection Algorithm

If we choose three adjacent template sizes, two combinations can be formed:
3x3,5x 5, and 7 x 7 pixels; and 5 x 5, 7 x 7, and 9 x 9 pixels. The follow-
ing subsections describe the decision rules pertaining to the magnitude and the

direction relationships in the three-template case.
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Figure 4.3: The four directional templates of template Ts(z,y) for detecting the
edges with directions D = 1, 2, 3, and 4 if the products are positive or D = 5,
6, 7, and 8 if negative. (a) Ts (x,y). (b) Tso(x,y). (c) Tsa(z,y). (d) Ts.a(z.y).
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4.1.1 Magnitude Relationship

Recalling the template operation described in the previous section for a tem-
plate centered at an image pixel I(z, j), we obtain a magnitude and a direction
associated with this image pixel. We denote the magnitude values produced by
the first, second, and third template sizes centered at an image pixel I(z,j) as
MAX1, MAX?2, and M AX3, respectively. The image pixel I(z, 7) is considered

an edge pixel if both of the following rules are satisfied.

Rule 1 : min(|[MAX1|, |MAX2|, IMAX3|) > 0.
Rule 2 : min(|MAX3| — |MAX2|, |[MAX2| — [MAX1|) > Toae,

where T.45. > 0 is the minimum edge magnitude increment threshold between

two adjacent template sizes.

In the first rule, if any one of the three absolute magnitude values M AX1,
MAX2, and MAX3 is zero, we assume that the image pixel I(i,j) is in a
smooth area, and all of the non-zero magnitude values are produced by noise.

The second rule indicates that the absolute magnitude value should increase as
the template size increases, and the increment between two adjacent template

sizes should be larger than the threshold T,q..
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To estimate the value of the threshold T,4., we examine the directional tem-

plates which have the same edge direction D = 1 but different template sizes.
In the definition of directional templates described in Section 3.2, the template
coeflicients of the template edges are zeros. When the template size increases,
t.e., from 3 x 3 to 5 x 5 to 7 x 7 pixels, we obtain 7, 11, and 15 extra pairs
of image intensity differences from two sides of the common template edge, as

shown in Figure 4.4.

Therefore, as a conservative assumption, we should obtain at least 7 and 11
extra pairs of image intensity differences when the template size increases in the
two three-template algorithms: 3 — 5 — 7 templates and 5 — 7 - 9 templates,
respectively. We assume that if an image pixel is on an edge, the difference in
the intensity between its two neighbors lying across the edge should be greater
than the minimum intensity difference a.q44; otherwise, the pixel is assumed to
be in a smooth area. Hence, the threshold T.,. is assigned as Tegge = T - Qtedge.
We choose the value of a.q4. in this thesis as 10, hence, Te4ye = 70 for the 3 - 5

— 7 template algorithm and T.45. = 110 for the 5 - 7 - 9 template algorithm.

The threshold T4 is the parameter used to adjust the sensitivity of the al-
gorithm to noise. With a smaller T,45. than the one described above, we may get
more details from the original image, however most of the details are produced
by the noise. With a larger T.q4. than the one we described above, we may lose

small important details of the image.
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Figure 4.4: The construction of two concentric directional templates with adja-
cent template sizes and common edge direction D = 1. (a) Template sizes 3 x
3 and 5 x 5 pixels. (b) Template sizes 5 x 5 and 7 x 7 pixels. (c¢) Template

sizes 7 X 7 and 9 x 9 pixels.

53




4.1.2 Direction Relationship

The direction of an edge pixel I(z, j) (for a specific template size) is determined
as discussed in Section 4.3. For the purpose of further discussion, we let the
directions of the image pixel I(7,j) associated with the first, second, and third
template sizes be Dy, D, and Dj3, respectively. To simplify the description of
the rules, we set the direction associated with the first template size to 1, i.e.,
D; = 1. When considering an image pixel I(z,j), if the directions associated
with the second and the third template sizes are D, = 2 and D; = 3, respec-
tively, we denote this situation as 1-2-3. As shown in Figure 4.1, for notation
1-2-3, the difference in directions between the first and second templates is 45
degrees, as is the difference between the second and third templates. In addi-
tion, the angles are increasing. Each pixel is assigned an edge con fidence, &,
to indicate the probability that an image pixel is an edge pixel. The larger the
value of £, the more likely the image pixel is an edge pixel. Hence, a specific

edge confidence threshold, T.., can be used to identify the true edge pixels.

After the directions of the three template sizes centered at the image pixel
I(7,7) have been assigned, the following rules assign the edge confidence value

to the pixel.

1 ) E=10if D] = D2 = Dg (e.g., 1-1-1)
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2) & =0.95if either

Dy=D, and |D;~Dy| =17

or

D2=D3 and |D1—D2|zlv7,

where symbol y means the operator “or” (e.g., 1-1-2).
3) & =0.9if either

D1=D2 and |D2—D3I=2v6

or
D, =D;3 and |D; —Dy| =2, 6
(e.g., 1-1-3).
4) £=085if
Di=D3 and |D,—=Dy|=1,T7
(e.g., 1-2-1).

5) & =0.8if D; # D; # D; and either

Dl—D2=D2—D3=—1V7

Dl—D2=D2—D3=1V —7
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The rules for assigning edge confidence in the three-template cases with the

direction of the first template size fixed to D, = 1 are shown in Table 4.1. It is
possible to design additional rules for situations with edge confidence £ < 0.8.
However, in practice, the edge pixels with £ > 0.8 are of interest, and the image

pixels with £ < 0.8 are assumed to be in smooth areas.

A special case for assigning a direction to an image pixel I(z, j) for a specific
template size occurs when more than one directional template produces the ab-
solute maximum magnitude. Choosing a random direction associated with one
of these directional templates, which produces the absolute maximum magni-
tude, as the direction of the image pixel I(z,j), may cause a low &£ value to be
assigned to the image pixel. Therefore, in order to assign the maximum & value
to the image pixel, all candidate directions are examined under the following

conditions.

Condition 1 : D; = D, = D;.

Condition 2 : D, = D,.

Condition 3 : D, = D,.

Condition 4 : D, = D,.

Within the candidate directions, the direction that satisfies the condition hav-

ing the greatest constraint of the four conditions; i.e., condition 1 has greater
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Table 4.1: The edge confidence assignment rules in the three-template algorithm.

Edge

Directions Confidence
D1 -D; -Ds £

1 1-1-1 1.00
2 1-1-2 o0or 1-1-8 0.95
1-2-2 o0or 1-8-8 0.95

3 1-1-3 or 1-1-7 0.90
1-3-3 or 1-7-7 0.90

4 1-2-1o0or 1-8-1 0.85
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constraint than condition 2, condition 2 has greater constraint than condition 3,

and so forth; is appointed as the direction of the image pixel I(z,7). If none of
the directions satisfies any one of the above conditions, the direction associated
with the first computed directional template which has the absolute maximum

magnitude is assigned as the direction of the image pixel I(z, 7).

4.1.3 Edge Strength and Direction Assignment

When the examinations of the magnitude and the direction relationships are
complete, each qualified edge pixel is assigned an edge strength and direction.
The edge strength of an edge pixel is the average of its three absolute magnitude
values, [MAX1|, |[MAX2|, and |M AX 3|, which are produced by the three tem-
plate sizes centered at the edge pixel. The direction of an edge pixel is assigned

as shown in Table 4.1.

4.2 Four-Template Edge Detection Algorithm

When the four-template case is chosen as the multi-template combination,
the magnitude and the direction relationships are similar to the relationships
in the three-template case. However, the relationships in this case are more
complicated. As in the three-template case, the magnitude and the direction

relationships in the four-template case are governed by a set of rules which are
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described in the following subsections.

4.2.1 Magnitude Relationship

Using the definition similar to the one in Section 4.1.1, we denote the magnitude
values produced by the 3 x 3,5 x 5,7 x 7, and 9 x 9 templates centered at an
image pixel I(7,j) as MAX1, MAX2, MAX3, and M AX4, respectively. We

consider the image pixel I(z, ) an edge pixel if the following rules are satisfied.

Rule 1 : min(|MAX1|, |MAX2|, |MAX3|, |MAX4|) > 0.

Rule 2 : min(|MAX4| — |[MAX3|, |MAX3| — |[MAX2|, |MAX2| -

|IMAX1|) > Ty,

where T,q5 > 0 is the minimum edge magnitude increment threshold between
two adjacent template sizes. In the four-template case, the threshold T.4,. is
still chosen as 70, because in this case there are 7, 11, 15, and 19 extra pairs of
intensity differences, the minimum still being 7 pairs. If any one of these four
absolute magnitude values MAX1, MAX2, MAX3, and M AX4 is zero, or any
increment between two adjacent template sizes is smaller than the threshold
T.qge, we assume that the image pixel I(¢, ) is in a smooth area, and all of the
magnitude values and small increment values between two adjacent templates

are produced by noise.
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4.2.2 Direction Relationship

Applying a similar definition to the definition used in Section 4.1.2 for an image
pixel I(z,j), we let the directions associated with the four template sizes (3 x
3,5 x 5,7 x 7,and 9 x 9 pixels), which are centered at I(z, j), be Dy, D,, Ds,

and Dy, respectively.

After all of the four directions of the image pixel I(z, j) have been assigned,

the following rules are considered to find the edge confidence of the image pixel.

1 ) 8 =1.0 if Dl = D2 = Dg = D4 (6.g., 1-1-1-1).
2 ) & =0.95if either
D2=D3=D4 and |D1—D2|=1 V] 7

or

Di=D;=D3 and |D3—Dy|=1y7
(e.g., 1-1-1-2).
3) £€=09if D, =D,, D3 =Dy, and
Dy — D3| =147
(e.g., 1-1-2-2).
4) & = 0.85if cither

D1:D3:D4 and |D1—D2|=1V7
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or

Dy=D;=D4 and [D;—-Ds|=1 7T
(e.g., 1-1-2-1).
5) £=08if
D, =Ds=D, and [Dy~Dy| =2 6
(e.g., 1-3-3-3).
6 ) & =0.75if D, = D3 and either
Dy—-Dy;=D3-Dy=-1,7

or

Di—D;=D3-Dy=1y -7
(e.g., 1-2-2-3).

7) £=07if

D3=D4 and Dl—D2=D2—D3=—1v1V —7\/7

(e.g., 1-2-3-3).

8 ) g = 0.65 if D1 = Dg, Dg = Dll, and

IDQ—D3,=1v7

(e.g., 1-2-1-2).
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9) g=0.6ifD1=D4,D2=D3, and

lDl—D2I=1v7

(e.g., 1-2-2-1).

10 ) & = 0.55if D3 = Dy and either

D) —D;=-2y6 and D, —D3=1, =7

or
Dl—D2=—6V2 and Dg—D3=—1V7
(e.g., 1-3-2-2).
11 ) & = 0.5if D, = D5 and either
Dl—D2=—2\/6 and Dg—D4=1V -7
or
Dl—D2=—6v2 and Dg—D4=—1v7
(e.g., 1-3-3-2).
The rules for edge confidence assignment in the four-template case with the
direction of the first template size fixed to D; = 1 are shown in Table 4.2. The

rules with £ < 0.5 can be formed in a similar manner. The image pixels with £

values smaller than T,. = 0.5 are assumed to be in smooth areas.
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Table 4.2: The edge confidence assignment rules in the four-template algorithm.

Edge

Directions Confidence
D,-D,—-D3-D, &

1 l1-1-1-1 1.00
2 1-2-2-2o0r 1-8-8-8 0.95
1-1-1-20r 1-1-1-8 0.95

3 1-1-2-2 o0or 1-1-8-8 0.90
4 1-2-1-1or 1-8-1-1 0.85
1-1-2-1or 1-1-8-1 0.85

5 1-3-3-3 0.80
6 1-2-2-3 or 1-8-8-7 0.75
7 1-2-3-3 o0or 1-8-7-7 0.70
8 1-2-1-20r 1-8-1-8 0.65
9 1-2-2-1lor 1-8-8-1 0.60
10 1-3-2-20r 1-7-8-8 0.55
11 1-3-3-2o0r 1-7-7-8 0.50
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The rules to determine the direction of the edge at an image pixel I(z,j),
where more than one directional template is producing the absolute maximum
magnitude, are similar to the rules in the case where three templates are used,
as discussed in Section 4.1.2. The rules for the case where four templates are

used are indicated by the following conditions.

Condition 1 : Dl = Dg = D3 = D4.

Condition 2 : D; = Dy = Ds.

Condition 3 : D, = D3 = D,.

Condition 4 : D, = D, = Dy.

Condition 5 : D, = D3 = D,.

Condition 6 : D; = D,.

Condition 7 : D; = D;.

Condition 8 : D3 = D,.

Condition 9 : D, = Ds.

Condition 10 : D, = D;.

Condition 11 : D; = D;,.

Within the directions associated with the absolute maximum magnitude, the di-

rection that satisfied the condition having the greatest constraint of the eleven
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conditions; i.e., condition 1 has greater constraint than condition 2, condition 2
has greater constraint than condition 3, and so forth; is appointed as the direc-
tion of the image pixel I(7,7). If none of the directions satisfies any one of the
above conditions, the direction associated with the first computed directional
template, which has the absolute maximum magnitude, is assigned as the direc-

tion of the image pixel I(z, 7) for that template size.

4.2.3 Edge Strength and Direction Assignment

When the examinations of the two relationships are complete, each qualified
edge pixel is assigned a final edge strength and direction. The edge strength
of an edge pixel is the average of its four absolute maximum magnitude values,
IMAX1|, IMAX2|, IMAX3|, and |[MAX4|, which are produced by the four
template sizes centered at the edge pixel. The direction assignment is shown in

Table 4.2.

4.3 Postprocessing

After the qualified edges of a given image are found, postprocessing is im-
plemented for the purpose of edge enhancement, isolated holes filling, and weak
edge removal. For each edge pixel, denote the edge strength of the edge pixel

and its two neighbors, which lie along and against the direction of the edge pixel,
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as So, Si, and S,, respectively, as shown in Figure 4.5, and their directions as

Dy, Dy, and D,, respectively. Postprocessing involves the following rules:

Rule 1 : The average of S; and S, is assigned as the edge strength of the

edge pixel I(z,j) if Dy = D; = D, and So < min{S;, S,}.

Rule 2 : The average of S; and S, is assigned as the edge strength of the

edge pixel if Sop < min{Si, S,;} and either
D0=D1 and |D0—Dg|=1V 7
or
DOZDg and IDO—DI|=1V 7
(e.g., 1-1-2 or 1-2-2).
Rule 3 : If the edge strength of the pixel I(7, ) is zero and all of its eight
neighbors are non-zero edge pixels, the average edge strength and the

major direction of the eight none-zero neighbors are assigned the edge

strength and direction of the pixel I(z,7).

Rule 4 : If the thickness of an edge is one pixel, the edge strength of that

pixel is assigned as zero.

The objective of rule 1 and rule 2 is to enhance the weak edge pixels that well
agree in direction with their neighbors. Rule 3 is implemented to fill the one-

pixel-wide isolated holes. The aim of rule 4 is to merge weak contours with their
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direction
of S,

edge pixel
I(z,5)

Figure 4.5: The assignment of §;, Sp, and S, to the edge pixel I(z, 7).

adjacent contours by breaking the one-pixel-wide edges between them. Because
weak contours are always small, rule 4 (after thinning) results in neat edges that

clearly define the object boundaries.

4.4 Thinning Algorithm

The thinning algorithm implemented here is a gray-scale, non-maximum
deletion algorithm which combines both the edge strength and the direction
relationships to extract 4-connected-one-pixel-wide edges. The algorithm is a
two-stage process. The first stage is the assignment of the likelihood of being
an edge (LBE), which is based upon Lacroix’s module [57]. The second stage is
the contour following, which is based upon Kunt’s method [56]. In the second

stage, Kunt’s algorithm is modified to generate 4-connected edges rather than
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8-connected edges. At an edge pixel, each of these two stages utilizes both the
edge strength and the direction relationships of the edge pixel and its neighbors.

The details of the procedure are described in the following subsections.

4.4.1 LBE Assignment

The purpose of this stage is to assign an LBE value to each edge pixel. The LBE
with a value between 0 and 1 is a measurement of probability that determines
whether an edge pixel is on the edge strength ridge of a given image or not.
The procedure is a non-maximum deletion because the pixels with LBE = 0
are removed, the pixels with LBE = 1 are defined as final edge pixels, and the
status of pixels with 0 < LBE < 1 is determined by further processing their

local contextual information.

In this stage, each edge pixel I(¢, 7) of the unthinned edge image is assigned
two counters: u(z,j) and v(i,7); the counter v(z,j) measures how many times
the pixel I(z, j) is visited, and the counter u(z, ) measures how many times the
pixel I(z,7) is a local maximum when it is visited. When the unthinned edge
image is scanned at each edge pixel, a 3 x 1 mask is placed so that the center
of the mask coincides with the edge pixel and the other two pixels of the mask

lie perpendicular to the direction of the edge pixel, as shown in Figure 4.6(c).

During the scanning process, all pixels in the 3 x 1 mask are visited, and

their counters v are increased by 1. Meanwhile, only the counter u, of the pixel
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I(z,7) 4 5 6
7 8 9
(a) (b)

- v(i—1,7)=v(i—-1,5)+1

v(t,7) =v(i, )+ 1

w(i+1,7)=u(@+1,7)+1 v(i+1,5)=v(i+1,5)+1

w(i—1,7+1)+1

- v(i,§) = v(i,j) + 1

u(e+1,5-1)= — T v(i+1,7—-1)=
u(t+1,5—-1)+1 v(t+1,5)-1)+1
(d)
Figure 4.6: Examples of counters « and v measurement at the image pixel I(s, ;).
(a) The edge pixel I(z, j) centered at a 3 x 3 subimage. (b) The edge strength of

the pixels in (a). (c)(d) The increment of counters u and v when the directions
of the edge pixel I(¢,j) are D = 1 and 8, respectively.
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which has the maximum edge strength within the 3 x 1 mask, is increased by
1. So, at each pixel, three v counters are increased but only one u counter is
increased. Two examples of using these two counters are shown in Figure 4.6.
After scanning the unthinned edge image, each edge pixel has been assigned a

final u value and a nonzero v value. Then, the LBE value of an edge pixel is

LBE = —, (4.1)
v

where u and v are the u counter and v counter values associated with the edge

pixel.

After the LBE assignment process, each edge pixel is assigned an LBE value
between 1 and 0. The edge pixels with the maximum strength in a neighborhood
have the largest LBE values, i.e., LBE = 1, and the edge pixels that have the
weakest strength in a neighborhood have the smallest LBE values, LBE = 0.

The other non-maximum edge pixels have LBE values 0 < LBE < 1.

4.4.2 Contour Following

The second stage, contour following, is a sequential process. Assuming that the
edges are continuous and the direction changes between two adjacent edge pix-
els are smooth and within 45 degrees, the contour following procedure produces

4-connected one-pixel-wide edge images from the given unthinned edge images.

To avoid duplicate detection, each detected final edge pixel is marked. When



a marked edge pixel is detected, the current contour following procedure is ter-
minated. Then, the unthinned edge image is scanned. When an unmarked edge
pixel I(z, ) with LBE equal to 1 is found, two contour following processes begin:
the first proceeds along the direction of the edge pixel I(z, ;) (positive orienta-
tion) and the second proceeds in the opposite orientation (negative orientation).
We denote the three candidates of the next edge pixel as [, a, and r as shown
in Figure 4.7 and set the maximum value for these three candidates to Ciqs.
Assuming that C,,.> # 0 and [, a, and r are unmarked, the two contour following

processes are implemented according to the following rules.

Rule 1 : If n has LBE value equal to C,,,,, @ becomes the next edge pixel of
the contour. If any ! or r has an LBE value equal to C,,eq, its LBE value

1s modified to 0.99.

Rule 2 : If the LBE value of a is smaller than C,,,, and only one of the [
and r has an LBE value equal to Cp,z, the edge pixel with LBE value

equal to Cp,; becomes the next edge pixel of the contour.

Rule 3 : If the LBE value of a is smaller than C,,,, and both [ and r have

LBE values equal to Cp,,z, the edge pixel (I or r) whose direction is closer
to the direction of the current edge pixel becomes the next edge pixel of

the contour, and the LBE value of the other edge pixel is modified to 1.

Rule 4 : If the next edge pixel is not a 4-neighbor of the current edge pixel,

the edge pixel of the two common 4-neighbors of these two edge pixels
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I(z,7) ® a ® r
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D=1 D=2
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r a [ r a
D=7 D=28

Figure 4.7: The definition of [, a, and r of the edge pixel I(z, j) under the positive
orientation process with the directions D from 1 to 8.
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with the larger edge strength value is included in the contour.

Rule 5 : Other situations cause the termination of this process.

In rule 1, we modify the LBE value of the non-contour edge pixel to 0.99 to
avoid duplication of detection. In rule 3, we modify the LBE value to 1 to force
a new contour following procedure here; therefore, a T-type or Y-type junction
can be formed. The purpose of rule 4 is to preserve the 4-connectivity of the
resulting edges. The procedure is repeated until both of the contour following

processes terminate.

4.4.3 Edge Refinement

After a one-pixel-wide edge image is created, it is also essential, in most cases,
to refine the edges and remove the small and meaningless segments from the
edge image. This process is accomplished by choosing a threshold of segment
length (TSL) and then comparing all segment lengths of the edge image with

the TSL. Any segment which has a length smaller than the TSL is removed.

The value of the TSL is critical to the final result. When a large TSL value is
used, the objects with long or closed contours can be observed clearly, however
details may be lost. On the contrary, with a small TSL value, the details are
preserved but the objects may become ambiguous because of the numerous small

segments. The value of TSL is chosen as TSL = 20 pixels in this thesis.




CHAPTER 5

EXPERIMENTAL RESULTS

In Chapter 4 of this thesis, a rule-based multi-template edge detection algo-
rithm is proposed. In the first part of this chapter we examine the performance
of the three-template and the four-template algorithms on specially designed
images. Then, in the second part of this chapter, we evaluate the performance

of these algorithms on complex infrared images.

5.1 Measurement of Quantitative Performance

Detection of different kinds of edges requires a flexible edge detection algo-
rithm. Usually, such an edge detection algorithm employs adjustable parameters
to provide flexibility to the algorithm. Depending on the edge complexity, in-
tensity contrast, and noise density of a given image, these parameters can be
modified to extract the largest percentage of edge pixels of interest in the im-
age. The proposed rule-based multi-téthplate edge detection algorithm has two
adjustable parameters: the minimum increment threshold 7.4 and the edge
confidence threshold T... In this section we examine the performance of the
proposed algorithm when it is applied to synthetic images, with or without the

presence of noise, by examining its quantitative performance relative to the cri-
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teria discussed by Peli and Malah [84] and Abdou and Pratt [1].

5.1.1 Quantitative Measurements

The performance of an edge detector can be evaluated in terms of quantitative

performance or qualitative performance. The focus of our observation is on the

quantitative performance. The quantitative performance evaluation is based on

the measurements proposed by Peli and Malah [84] and Adbou and Pratt [1].

The measurements of the quantitative performance take the following into con-

sideration.

c) R,

d) R,

: Percentage of edge pixels correctly detected on the ideal edge.

: Number of detected edge pixels which do not coincide with the

ideal edge (normalized by the number of pixels on the edge).

: Noise-to-signal ratio — defined as the ratio of the number of

detected edge pixels, which do not coincide with the ideal edge,
to the number of detected edge pixels which coincide with the

ideal edge.

: Mean width of a detected edge — defined as the ratio of the total

number of detected edge pixels to the number of ideal edge pixels.



e ) R; : Weighted and normalized deviation of a detected edge pixel from

the ideal edge

where

I, — the actual number of detected edge pixels,

It — the number of edge pixels on the ideal edge,

In — max{I;, 14},

0 — scaling constant (taken as 1/9 in Pratt’s work), and

e(¢) — normal distance between the ith edge pixel and the ideal edge.

f) R; : Average squared deviation of a detected edge pixel from the ideal

edge
Ia

1
R, = I_ ;
g ) Rz : Mean absolute value of the deviation
1 Ja
R; = IO Z le(2)].
A =

By denoting the number of detected edge pixels which coincide with the ideal

edge as N,, the quantitative measurements can be represented as

a):




b):

IA_Na
c):
I,.— N,
R, N
d):
I,
Ry = 7
e):
1 da 1

Bio=75 2 1+ 6e2(d)

=1

f):

g):
1l
Ry = T;Ie(i)l-

In this quantitative performance measurement, the ideal case occurs when all
of the detected edge pixels are ideal edge pixels and all of the ideal edge pixels
are detected. The best possible values of the ideal case are R, = Ry = R = 1
and Ry = R. = R; = R3; = 0. If the value of R; is smaller than 0.5, the edge

detection algorithm is considered to fail.
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5.1.2 Processing of Synthetic Binary Images

For the purpose of examining the quantitative performance of the proposed edge
detection algorithm, two synthetic binary images with intensities 100 and 200
and size 128 x 128 pixels are created, as shown in Figures 5.1 and 5.2. Figure 5.1
contains two concentric circles with radii 10 and 25 pixels and two squares with
dimensions 10 x 10 and 25 x 25 pixels. Figure 5.2 contains corners with angles
ranging from 15° to 165° in 15° increments. Figures 5.3 and 5.4 show the ideal
edges of the synthetic images in Figures 5.1 and 5.2, respectively. Using the
threshold values defined in Sections 4.1.1, 4.1.2, 4.2.1, and 4.2.2, the detected
edge pixels of Figure 5.1 are as follows: Figure 5.5(b) is generated using the
3 - 5 - 7 templates with threshold T.4. = 70 and T.. = 0.8; Figure 5.5(c) is
generated using the 5 - 7 - 9 templates with threshold T.4,c = 110 and T.. = 0.8;
and Figure 5.5(d) is generated using the 3 - 5 — 7 - 9 templates with threshold
Teqge = 70 and T, = 0.5. Figures 5.6(b), 5.6(c), and 5.6(d) show the detected
edge pixels of Figure 5.2 using the proposed algorithm. For the ideal edge given
by Figures 5.3 and 5.4 and the detected edge pixels given by Figures 5.5 and
5.6, the observations of the quantitative performance on the circles, squares, and
corners are listed in Tables 5.1 and 5.2. It should be noted that the ideal edges,
considered in this thesis, are of thickness two pixels in order to avoid introducing

possible biases in edge allocation.

To consider the case with the presence of noise, the two synthetic images in




Figure 5.1: The 128 x 128 synthetie image, with binary intensities 100 and 200,
in the form of two concentric circles (radii 10 and 25 pixels) and two squares
(dimensions 10 x 10 and 25 x 25 pixels).
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Figure 5.2: The 128 x 128 synthetic image, with binary intensities 100 and
200, which contains corner edges with angles ranging from 15° to 165° in 15°
increments.
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Figure 5.3: The ideal edges of Figure 5.1.




Figure 5.4: The ideal edges of Figure 5.2.



(d)

Figure 5.5: The detected edge pixels of Figure 5.1 using the proposed
multi-template edge detection algorithm. (a) Figure 5.1. (b) Result of the 3
- 5 - 7 templates. (c) Result of the 5 - 7 - 9 templates. (d) Result of the 3 - 5
- 7 - 9 templates.
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Table 5.1; The quantitative performance of the rule-based multi-template edge
detection algorithm on the concentric circles and squares in Figure 5.1.

Circles

I; = 568

Squares

I = 560

Onoise =0

3-5-7 5-7-9 3-5-7-9 3-5-7 5-7-9 3-5-7-9

1.000
0.000
0.000
1.000
1.000
0.000
0.000
568

568

1.000
0.986
0.986
1.986
0.939
0.638
0.555
1128

568

1.000
0.000
0.000
1.000
1.000
0.000
0.000
568

568

1.000
0.000
0.000
1.000
1.000
0.000
0.000
560

560

1.000
1.000
1.000
2.000
0.949
0.507
0.503
1120

560

1.000
0.000
0.000
1.000
1.000
0.000
0.000
560

960
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Table 5.2: The quantitative performance of the rule-based multi-template edge
detection algorithm on the corners in Figure 5.2.

Corners I = 982

Onoise =0

3-5-T7 5-7-9 3-5-7-9

R, 0.998 1.000 0.998
R, 0.000 0.965 0.000
R, 0.000 0.956 0.000
Ry 0.998 1.965 0.998
R, 0.998 0.940 0.998
R, 0.000 0.620 0.000
R 0.000 0.544 0.000
I4 980 1930 980

N, 980 982 980
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Figures 5.1 and 5.2 are injected with additive Gaussian noise with zero mean and

variance o2,;,,. Figures 5.7(a) and 5.7(b) are noisy versions of Figures 5.1 and
5.2 with the standard deviation, 0y,4ise, of 10 percent of the intensity range of
the original images (i.€., Tpoise = 10). The detected edge pixels of Figures 5.7(a)
and 5.7(b), using the rule-based multi-template algorithm, are shown in Fig-
ures 5.8 and 5.9, respectively. The observations of quantitative performance of

the edge detection algorithm on circles, squares, and corners in the noisy images

are listed in Tables 5.3 and 5.4.

Moreover, to evaluate the performance of the proposed algorithm in very
noisy images, the standard deviation, o, of the additive Gaussian noise
is raised to 20 percent of the intensity range of the original images (i.e.,
Onoise = 20). Figures 5.10(a) and 5.10(b) show the more noisy versions of
Figures 5.1 and 5.2, respectively. Figures 5.11 and 5.12 present the detected
edge pixels in noisy images of Figures 5.10(a) and 5.10(b), respectively. In Ta-
bles 5.5 and 5.6, the quantitative performances of the edge detection algorithm

on the circles, squares, and corners in the noisy images are given.
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Figure 5.7: (a)(b) The noisy versions of Figures 5.1 and 5.2, respectively. The
injected noise is additive Gaussian noise with zero mean and standard deviation
of 10 percent of original intensity range (05 = 10).
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Figure 5.8: The detected edge pixels of Figure 5.7(a) using the proposed
multi-template edge detection algorithm. (a) Figure 5.7(a). (b) Result of the 3
-5 - 7 templates. (c) Result of the 5 - 7 - 9 templates. (d) Result of the 3 - 5
- 7 -9 templates.
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Figure 5.9: The detected edge pixels of Figure 5.7(b) using the proposed
multi-template edge detection algorithm. (a) Figure 5.7(b). (b) Result of the 3
— 5 — 7 templates. (c) Result of the 5 - 7 — 9 templates. (d) Result of the 3 - 5
- 7 -9 templates.
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Table 5.3: The quantitative performance of the rule-based multi-.te.mplate edge
detection algorithm on the concentric circles and squares with additive Gaussian
noise of zero mean and standard deviation opoise = 10, as shown in Figure 5.7(a).

Circles Squares

I} = 568 I =560 Onoise = 10

3-5-7 5-7-9 3-5-7-9 3-56-7 5-7-9 3-5-7-9

R, 0.996 1.000 1.000 1.000 1.000 0.998
Ry 0.569 1.585 0.533 0.713 1.691 0.664
R, 0.571 1.585 0.533 0.713 1.691 0.665
Ry 1.565 2.585 1.533 1.713 2.691 1.663
Ry 0.946 0.855 0.952 0.946 0.865 0.957
R, 0.956 3.546 0.719 0.933 2.533 0.455
R3 0.470 1.105 0.425 0.498 1.027 0.416
I4 889 1468 871 959 1507 931

N, 566 568 568 560 560 559
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Table 5.4: The quantitative performance of the rule-based multi-template edge
detection algorithm on the corners with additive Gaussian noise of zero mean
and standard deviation G = 10, as shown in Figure 5.7(b).

Corners I =982
Onoise = 10

3-56-T7 5-7-9 3-5-7-9
R, 0.991 1.000 0.988
R, 0.655 1.643 0.539
R, 0.661 1.643 0.545
Ry 1.646 2.643 1.526
R, 0.915 0.833 0.951
R, 7.543 11.111 1.190
R; 0.913 1.522 0.450
I4 1616 2595 1499
N, 973 982 970
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Figure 5.10: (a)(b) The noisy versions of Figures 5.1 and 5.2, respectively. The
injected noise is additive Gaussian noise with zero mean and standard deviation
of 20 percent of original intensity range (o ,.ie = 20).
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Figure 5.11: The detected edge pixels of Figure 5.10(a) using the proposed
multi-template edge detection algorithm. (a) Figure 5.10(a). (b) Result of the
3 -5 - 7 templates. (c) Result of the 5 - 7 - 9 templates. (d) Result of the 3 —

-

5 — 7 -9 templates.
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(d)

Figure 5.12: The detected edge pixels of Figure 5.10(b) using the proposed
multi-template edge detection algorithm. (a) Figure 5.10(b). (b) Result of the

3 - 5 - 7 templates. (c) Result of the 5 — 7 — 9 templates.

5 - 7 -9 templates.

(d) Result of the 3 -




Table 5.5: The quantitative performance of the rule-based xgulti-terpplate edge
detection algorithm on the concentric circles and squares with additive GaI}s-
sian noise of zero mean and standard deviation onei,e = 20, as shown in Fig-

ure 5.10(a).

Circles Squares

I[ = 568 I[ = 560 Tnotse = 20

3-5-7 5-7-9 3-5-7-9 3-5-7 5-7-9 3-5-7-9

R, 0.993 1.000 0.995 0.998 1.000 0.996
R, 1.114 2.016 0.717 1.221 2.134 0.816
R. 1.122 2.016 0.720 1.224 2.134 0.819
Ry 2.107 3.016 1.711 2.220 3.134 1.813
R, 0.788 0.768 0.893 0.802 0.785 0.902
R, 12.201 9.751 4.512 7.084 6.476 2.690
R; 1.802 1.818 0.889 1.513 1.613 0.796
I4 1197 1713 972 1243 1755 1015
N, 564 568 565 559 560 558

96




Table 5.6: The quantitative performance of the rule-based multi-template edge
detection algorithm on the corners with additive Gaussian noise of zero mean
and standard deviation onoise = 20, as shown in Figure 5.10(b).

Corners I; =982

Tnoise = 20

3-5-17 9-7-9 3-5-7-9

R, 0.985 0.992 0.984

R, 1.799 2.814 0.895

R, 1.827 2.837 0.910

Ry 2.784 3.805 1.879

Ry 0.603 0.611 0.807

R, 71.073 61.761 29.747
R 5.114 4.700 2.354

' 2734 3737 1845

N, 967 974 966
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5.1.3 Comparison

In Table 5.1, the measurement indicates that in the noiseless case, all three com-
binations, the 3 -5 -7, the 5-7 - 9, and the 3 - 5 - 7 - 9 templates, can detect
all of the edge pixels of the circles (568 pixels) and the squares (560 pixels).
Both the 3 - 5 ~ 7 and the 3 - 5 - 7 - 9 combinations have the best possible
values of R, = Ry = R; =1 and Ry = R, = R; = R; = 0. Because of the large
template sizes, the number of detected edge pixels for the 5 — 7 — 9 combination
is approximately twice the number of the real edge pixels. For the measurement
at the corners in Table 5.2, both the 3 -5 — 7 and the 3 — 5 — 7 — 9 combinations
have the same performance — two missing edge pixels. These two missing edge
pixels, one pixel at the 15° corner and one pixel at the 30° corner, do not break
the connectivity of the contour but generate the rounding-off effect. With large
template sizes, the 5 ~ 7 -~ 9 combination can detect all of the edge pixels on

these corners, however a high noise-to-signal ratio (R, = 0.956) results.

In the case with the presence of additive Gaussian noise with standard de-
viation On.ise = 10, Table 5.3 shows that the proposed combinations can still
detect almost all of the edge pixels on the edges of the circles and the squares
and obtain high ideal edge pixel detecting ratios R, (0.996, 1, and 1 for 3 - 5 - 7.
5~-7-9and 3 -5-7-9 combinations in circles). For the corners, the missing
edge pixels of the 3 -5 -7, the 5 ~7 -9, and the 3 - 5 - 7 — 9 combinations are

9, 0, and 10 pixels, respectively, as shown in Table 5.4. In this noisy case, the 3
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~ 5 -~ 7 - 9 combination still remains the lowest noise-to-signal ratio R, = 0.533
within these three combinations. The 5 - 7 — 9 combination not only has the
highest ideal edge pixel detecting ratio R, but also has the largest noise-to-signal
ratio R, of each of the three kinds of edges (circles, squares, and corners). In the
noisy case, the measure that has the largest increment is the average squared
deviation R,. In each of the three kinds of edges, both the 3 — 5 — 7 and the
5 — 7 - 9 combinations have a large rise in R,. Although the 3 -5 -7 -9
combination has a slightly smaller ideal edge pixel detecting ratio, R,, than the
3 -5 -7 and the 5 - 7 - 9 combinations, its measure R; (1.190 for corners) has
a much better performance than the measures in the other two combinations
(7.543 and 11.111 for corners). This indicates that the four-template algorithm

is less sensitive to noise than the three-template algorithm.

With the presence of a large amount of noise, the multi-template combina-
tions can still detect most of the edge pixels of the synthetic images, however
they have lower measures of R, than the noiseless and the medium noise cases.
Because of noise, all three combinations obtain a large amount of noisy pixels in
their detected edge pixels. This effect causes a large noise-to-signal ratio R, and
a large average squared deviation R, to be assigned. Within these three combi-

nations, the four-template combination still has the most stable performance.

In Peli and Malah’s report, it was pointed out that even for an ideal edge

most of the edge detection algorithms had problems in finding all of the edge
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pixels in a given image, especially for a circle. Observing the measures R, in
both the noiseless and the noisy cases, it appears that all three proposed com-
binations have measures of R; much greater than the failing threshold 0.5 in
each of the three kinds of edges. Except for the measures of the average squared
deviation R, each of the measures in the three combinations performed well.
Because most of the detected noise pixels, which caused large measures of R,
to be assigned, are weak and discontinued, they can be easily removed by an
edge thinning algorithm. Thus, the proposed rule-based multi-template edge
detection algorithm has excellent performance based on the quantitative mea-

surement presented by Peli and Malah.

Based on the observed quantitative performance, we can conclude the fol-
lowing: both the 3 -5 — 7 and the 3 - 5 - 7 — 9 combinations are excellent for
finding edges in noiseless images. Because the four-template algorithm is less
sensitive to noise than the three-template algorithm, the 3 — 5 - 7 - 9 combi-
nation is better than the 3 — 5 — 7 combination. When the amount of noise
becomes large, the superiority of the 3 -~ 5 - 7 — 9 combination over the 3 - 5
— 7 combination becomes obvious. Thus, the four-template algorithm is more
effective than the three-template algorithm for edge detection in noisy images.
Of the three combinations, the 5 — 7 - 9 combination has the least merit in

either the noiseless or the noisy case.

To observe the performance of the algorithm in very noisy images, the stan-
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dard deviation of the additive Gaussian noise in the two binary synthetic images

is increased to On.i,e = 40, 60, and 80, as shown in Figures 5.13(a), 5.13(b),
5.14(a), 5.15(a), 5.15(b), and 5.16(a), respectively. To get the meaning, only the
premium template combination, the four-template combination, is implemented.
The resulting edge images are shown in Figures 5.13(c), 5.13(d), 5.14(b), 5.15(c),
5.15(d), and 5.16(b). The quantitative performance of the edge detection algo-
rithm are listed in Tables 5.7 and 5.8. From the information given in Tables 5.7
and 5.8, it appears that the algorithm continues to perform well. With the
presence of huge amount of noise, the four-template combination can still detect
more than 78 percent of the ideal edge pixels (K, = 0.785 on corners with oy,
= 80) and keep the noise-to-signal ratios R. smaller than 2.8 (R. = 2.722 on

corners with o, = 80).

In order to compare performance of the proposed edge detection algorithm
with edge detectors that employ only a single size template, we consider per-
formance of edge detectors that use only 3 x 3 or 9 x 9 directional templates.
The results obtained in this cases are summarized in Tables 5.9, 5.10, and 5.11.
In general, these edge detectors perform very well when no noise is present
(Table 5.9). However, when the noise increases the performance of these edge
detectors deteriorates since most pixels are considered to be edges (Tables 5.10
and 5.11). Comparison between 3 - 5 - 7 combination and the Sobel edge detec-

tor was carried out in [82].
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Figure 5.13: (a)(b) The noisy versions of Figure 5.1. The injected noise is
additive Gaussian noise with zero mean and standard deviation of 40 and 60
percent of original intensity range (opnoise = 40 and 60). (c)(d) The results of (a)
and (b), respectively, using the 3 — 5 — 7 — 9 templates.
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Figure 5.14: (a) The noisy version of Figure 5.1. The injected noise is additive
Gaussian noise with zero mean and standard deviation of 80 percent of original
intensity range (0nsise = 80). (b) The result of (a) using the 3 -5 -7 - 9
templates.
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Figure 5.15: (a)(b) The noisy versions of Figure 5.2. The injected noise is
additive Gaussian noise with zero mean and standard deviation of 40 and 60
percent of original intensity range (0,05 = 40 and 60). (c)(d) The results of (a)
and (b), respectively, using the 3 -5 -~ 7 - 9 templates.
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(b)

Figure 5.16: (a) The noisy version of Figure 5.2. The injected noise is additive
Gaussian noise with zero mean and standard deviation of 80 percent of original
intensity range (Onoise = 80). (b) The result of (a) using the 3 -5 - 7 - 9
templates.
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Table 5.7: The quantitative performance of the 3 -5 -7 - 9 rult?-based
multi-template edge detection algorithm on the circles and squares with ad-
ditive Gaussian noise of zero mean and standard deviation o, = 40, 60, and
80 as shown in Figures 5.13(a), 5.13(b), and 5.14(b), respectively.

Circles Squares

I; = 568 I; =560

Onoise = 40 Onoise = 60 Onoise = 80 Onoise = 40 Onoise = 60 Ornoise = 80

R, 0.954 0.924 0.840 0.995 0.964 0.886
R, 1.021 1.121 1.174 1.188 1.446 1.393
R, 1.070 1.213 1.398 1.194 1.500 1.573
Ry 1.975 2.046 2.014 2.182 2.411 2.279
R, 0.769 0.735 0.704 0.815 0.760 0.733
R, 16.848 22.446 21.697 5.998 8.784 10.652
R3 2.087 2.531 2.656 1.395 1.811 2.038
I, 1122 1162 1144 1222 1350 1276

N, 542 525 477 557 540 496
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Table 5.8: The quantitative performance of the 3 - 5- -7 - 9 rule-baged
multi-template edge detection algorithm on the corners with additive Gaussian
noise of zero mean and standard deviation onoise = 40, 60, and 80 as shown in

Figures 5.15(a), 5.15(b), and 5.16(a), respectively.

Corners I = 982

Onoise = 40 Onotse = 60 Onoise = 80

R, 0.953 0.889 0.785
1.725 1.871 2.137
R. 1.810 2.104 2.722
Ry 2.678 2.760 2.923
R, 0.609 0.547 0.477
R, 65.495 90.497 103.347
R, 4.854 6.097 7.024
I4 2630 2710 2870
N, 936 873 771
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Table 5.9: The quantitative performance of the edge detection algorithm using

one template size on the concentric circles, squares, and corners, as shown in
Figures 5.1 and 5.2.

Circles Squares Corners
I =568 I = 560 I} =982
Tnoise =0

3x3 9x9 3x3 9x9 3x3 9x9
R, 1.000 1.000 1.000 1.000 0.998 1.000
R, 0.000 3.060  0.000 3.000 0.000 2.790
R. 0.000 3.060  0.000 3.000 0.000 2.790
R, 1.000 4.060 1.000 4.000 0.998 3.790
R’y 1.000 0.720 1.000 0.770 0.998 0.746
R, 0.000 6.662  0.000 3.593 0.000 4.533
R;  0.000 1.893  0.000 1.516 0.000 1.662
I4 568 2306 560 2240 980 3722
N, 568 568 560 560 980 982
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Table 5.10: The quantitative performance of the edge detection algorithm using
one template size on the concentric circles. squares. and corners with additive
Gaussian noise of zero mean and standard deviation .. = 20, as shown in

Figure 5.10.
Circles Squares Corners
I = 568 I =560 I} =982
Onoise = 20
3x3 9x9 3x3 9x9 3x3 9x9

R, 1.000 1.000  1.000 1.000 0.999 1.000
R, 5.741 6.405  5.755 6.420 11.944 13.079
R, 5.741 6.405 5.755 6.420 11.956 13.079
Ry 6.741 7.405 6.755 7.420 12.943 14.079
Ry 0471 0.470  0.523 0.521 0.269 0.269
R, 40.017 39.306 19.300 19.315 143.416 144.061
Ry 4.734 4.701  3.529 3.544 9.700 9.720
I, 3829 4206 3783 4155 12710 13826
N, 568 568 560 560 981 982
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Table 5.11: The quantitative performance of the edge detection algorithm using
one template size on the concentric circles, squares, and corners with additive
Gaussian noise of zero mean and standard deviation n.. = 80, as shown in
Figures 5.14(a) and 5.16(a).

Circles Squares Corners
I = 568 I =560 Ir =982
Tnoise = 80
3x3 9x9 3x3 9x9 3x3 9x9
R, 0.995 1.000  1.000 1.000 0.997 1.000
R, 6.602 6.623 6.584 6.602 13.624 13.658
R, 6.637 6.623 6.584 6.602 13.666 13.658
Ry 7.597 7.623 7.584 7.602 14.621 14.658
R, 0.461 0.461 0.514 0.514 0.262 0.262
R, 40.736 40.720 19.742 19.735 145.868 145.890
R;  4.812 4810  3.600 3.599 9.826 9.828
I4 4315 4330 4247 4257 14358 14394
N, 565 568 560 560 979 982
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5.2 Performance on Infrared Images

In the previous section, the quantitative performance of the proposed rule-
based multi-template edge detection algorithm on two binary synthetic images
was affirmed. In this section, the proposed rule-based multi-template edge de-
tection algorithm is applied to extract the edges and one-pixel-wide contours of

the noisy and low-contrast infrared images.

Typical examples of infrared images are shown in Figures 5.17, 5.25, and
5.33. The size of these images is 256 x 256 pixels, and their intensities vary from
0 to 255. Each of these infrared images has an ideal segmentation image, as
shown in Figures 5.18, 5.26, and 5.34. The proposed algorithm, with threshold
values T,45. = 70 and T,.. = 0.8 for the 3 — 5 — 7 combination, Tedge = 110 and
T.. = 0.8 for the 5 - 7 — 9 combination, and T4 = 70 and T,. = 0.5 for the
3 -5 -7 -9 combination, was tested on each of these three infrared images to
find their edges. Before the processing, in order to improve the results, a 5 x 5

median filter was used to achieve image enhancement.

After all of the qualified edge pixels were detected, the thinning algorithm
described in Section 4.4, with the threshold of segment length TSL = 20 pixels,
was applied to extract the one-pixel-wide continuous contours on the ridge of the

detected edges. Using the proposed algorithm, the edge and contour images of
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these three infrared images and their synthetic segmentation images are shown

in the Figures 5.19 to 5.40.
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Figure 5.17: An infrared image of size 256 x 256 pixels and intensities from 0
to 255.
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Figure 5.18: The ideal segmentation of image in Figure 5.17.
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Figure 5.19: The edge image of Figure 5.17 vsing the 3 — 5 — 7 algorithm.



(b)

Figure 5.20: (a) The one-pixel-wide edge of Figure 5.19. (b) The result of (a)
after edge refinement procedure with threshold TSL = 20 pixels.
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Figure 5.21: The edge image of Figure 5.17 using the 5 — 7 — 9 algorithm.




Figure 5.22: (a) The one-pixel-wide edge of Figure 5.21. (b) The result of (a)
after edge refinement procedure with threshold TSL = 20 pixels.
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Figure 5.23: The edge image of Figure 5.17 using the 3 - 5 - 7 — 9 algorithm.
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Figure 5.24: (a) The one-pixel-wide edge of Figure 5.23. (b) The result of (a)
after edge refinement procedure with threshold TSL = 20 pixels.




ot
e
i

Figure 5.25: An infrared image of size 256 x 256 pixels and intensities from 0
to 255.
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Figure 5.27: The edge

image of Figure 5.25 using the 3 — 5 — 7 algorithm.



Figure 5.28: (a) The one-pixel-wide edge of Figure 5.27. (b) The result of (a)
after edge refinement procedure with threshold TSL = 20 pixels.
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Figure 5.29: The edge image of Figure 5.25 using the 5 - 7 — 9 algorithm.
|
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Figure 5.30: (a) The one-pixel-wide edge of Figure 5.29. (b) The result of (a)
after edge refinement procedure with threshold TSL = 20 pixels.
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Figure 5.31: The edge image of Figuve 5.25 using the 3 -5 — 7 - 9 algorithm.



Figure 5.32: (a) The one-pixel-wide edge of Figure 5.31. (b) The result of (a)
after edge refinement procedure with threshold TSL = 20 pixels.
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Figure 5.33: An infrared image of size 256 x 256 pixels and intensities from 0
to 255.



Figure 5.34:

The ideal segmentation of image in Figure 5.33.
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Figure 5.35: The edge image of I'igure 5.33 using the 3 — 5 — 7 algorithm.
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Figure 5.36: (a) The one-pixel-wide edge of Figure 5.35. (b) The result of (a)
after edge refinement procedure with threshold TSL = 20 pixels.
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Figure 5.37: The edge image of Figure 5.33 using the 5 — 7 — 9 algorithm.
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Figure 5.38: (a) The one-pixel-wide edge of Figure 5.37. (b) The result of (a)
after edge refinement procedure with threshold TSL = 20 pixels.
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Figure 5.39: The edge image of Figure 5.33 using the 3 - 5 — 7 — 9 algorithm.
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Figure 5.40: (a) The one-pixel-wide edge of Figure 5.39. (b) The result of (a)
after edge refinement procedure with threshold TSL = 20 pixels.
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5.2.1 Comparison

Observing the detected objects in the three infrared images in Figures 5.17, 5.25,
and 5.33, we see that the resulting edge images of the 3 — 5 — 7 and the 3 - 5
— 7 — 9 combinations are similar; however, the 3 — 5 — 7 combination missed
one object which is detected by the 3- 5 — 7 - 9 combination in each of these
three infrared images. The three missing objects, the results obtained by the
implementation of the 3 - 5 — 7 - 9 combination, and the subareas of the original

infrared images are shown in Figure 5.41.

In finding roads, both the 3 - 5 - 7 and the 3 - 5 —~ 7 - 9 combinations
detect and keep the connectivity of the roads. A special case occurs in the re-
sults of Figure 5.17. Both the 3 - 5 - 7 and the 3 - 5 - 7 - 9 combinations
find connected roads in the central area of Figure 5.17, as shown in Figures 5.19
and 5.23, respectively. Because of different final edge direction assignments, the
thinned edges of the 3 — 5 — 7 combination have a discontinuity, as shown in
Figure 5.20(b). In contrast, the 3 - 5 - 7 — 9 combination detects continuous

road edges, as shown in Figure 5.24(b).

In the case of three infrared images, the performance of the 5 — 7 — 9 com-
bination is similar to the performance on the synthetic binary images described

in Section 5.1.2. Most of the objects and roads are found by the 5 - 7 — 9
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Figure 5.41: The comparison of the results of the 3 —

9 combination algorithms.
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combination. However, because of the large template size, many edge pixels are
detected, which complicates the detection of objects of interest and roads. Even
after the edge refinement with the segment length threshold TSL = 20 pixels,

as shown in Figures 5.22(b), 5.30(b), and 5.38(b), the objects and roads are still

ambiguous.

From the resulting edge images of the three infrared images, we can conclude
the following: the 3 - 5 - 7 and the 3 - 5 - 7 - 9 rule-based edge detection algo-
rithms are more effective than the 5 — 7 - 9 rule-based edge detection algorithm.
Furthermore, the 3 - 5 — 7 — 9 rule-based edge detection algorithm yields better

results than the 3 - 5 - 7 rule-based edge detection algorithm.
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CHAPTER 6

CONCLUSIONS

This thesis presents an algorithm that combines local and regional edge de-
tectors to locate the positions and directions of edge pixels in an image. The
objective of this algorithm is to: 1) achieve low noise sensitivity; and 2) detect
weak edges and maintain the connectivity within the detected edges. In the
proposed algorithm, each image pixel is processed by using a set of templates to
gain better localization and minimal noise sensitivity. Two sets of decision rules
are used for each image pixel to determine whether the image pixel is an edge
pixel or not. One set of decision rules examines the magnitude relationships be-
tween different template sizes for each image pixel, and the other set of decision
rules examines the direction relationships. Each qualified edge pixel is assigned

a final edge strength and an edge direction.

The proposed algorithm is flexible and detects edges with different edge com-
plexities, intensity contrasts, and noise densities. The flexibility is provided by
two adjustable parameters, the minimum increment threshold T4, and the edge
confidence threshold T,.. Depending on the contextual structure of an image,
optimal values of parameters can be used to extract the edges of interest in the
image. However, for some very weak edges located in very noisy environments,

detected edges may be disconnected. This problem can be overcome by using
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an appropriate edge enhancement preprocessing procedure.

The experiments in Chapter 5 show that the proposed multi-template edge
detection algorithm can extract the desired edges from both synthetic and in-
frared images. In general, the proposed algorithm is superior to edge detectors
that employ single size templates. When processing synthetic images, the 3 —
5 - 7 template combination performs better than the 5 — 7 — 9 template com-
bination, and the four-template combination (3 — 5 — 7 — 9) performs better
than the two three-template combinations. Similar conclusions are drawn from
the results of processing infrared images. Hence, the 3 - 5 — 7 template com-
bination is the better of the two three-template combinations. However, the
four-template edge detection algorithm, 3 — 5 — 7 — 9 template combination, is

the most powerful multi-template edge detection algorithm.
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Figure A.1: The cross-correlation coefficient of Equation 3.32 on page 31.
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