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Abstract

In area morphology, the area open-close (AOQC) and close-open (ACO) operations are based on filtering the con-
nected components in the image level sets. Unlike traditional morphology that enforces the shape of the structuring
element on image region boundaries, area morphology allows removal of small features without boundary distortion.
This study defines ascending and descending objects that depend on the area of the comnected components of the level
sets. The major contribution of the paper is to define image edges at the boundaries of the ascending and descending
objects. From this area morphology approach, thin, closed contours are provided that are suitable for use in image
segmentation. A notable strength of the area morphology edge detector is that it does not require the use of a threshold.
The edge maps are Euclidean invariant and causal, and vield good performance in terms of edge localization and the
suppression of below-scale detail. The results demonstrate the superior performance of the area operator-based edge
detection over the conventional techniques.

Kevwords: Mon-linear filters; Edge detection; Segmen tation

1. Introduction

Estimation of an edge map of a scene is a well-
researched topic in pattern recognition and related
fields. Various edge detection schemes have been
developed that provide moderate to good result in
segmenting images (Jain et al., 1993). In this ini-
tiative, we explore the application of area mor-
phology to the problem of edge detection. To date,

the area morphology operators have been utilized
primarily in image filtering, enhancement and
reconstruction {Salembier and Serra, 1995).

Area operators are based on the properties of
connected components within the image level sets.
In the present application, we have utilized the
area property of the connected components (es-
sentially the number of pixels in a particular con-
nected component). The major advantage of area
morphology, which is revealed in the edge detec-
tion resulis, is that, unlike standard morphology,
area morphology does not impose the shape of
a structuring element on the constituent image
regions.

At the onset, we define the terms used in the
proposed edge detection technique. It is well
known that a perceptually relevant edge map is a
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function of image scale (Marr, 1982). For the
present approach, we would also like to detect
edges at predefined image scales such that unnec-
essary image details irrelevant for semantic inter-
pretation could be excluded from the final result.
However, in other scale-sensitive edge filters, this is
achieved at the cost of edge localization error and
distortion in the edge map (Marr and Hildreth,
1980; Torre and Poggio, 1986). Other edge detec-
tors produce undesirable artifacts such as frag-
mented edge segments or thick edges that require
expensive and heuristic post-processing.

In contrast, area-based edge operators do not
produce edge localization error or edge distortion.
The connected invariant area operators remove or
preserve connected components in their entirety.
In this way, regions are not distorted in part. The
preservation of a given feature depends on feature
area only. The area operators not only provide a
scaling for edge detection but also eliminate spu-
rious regions due to noise.

Here, connected invariant operators are intro-
duced that provide a multi-scale image represen-
tation. Within the image representation, ascending
and descending objects are defined. Edges are ex-
tracted by locating the boundary between as-
cending and descending object pixels in the
processed imagery. We have shown that desirable
properties such as Euclidean invariance and cau-
sality, relevant for any edge detection scheme, are
maintained for the proposed method. Other im-
portant aspects of the proposed algorithm include
edge contiguity, edge thinness, and independence
from thresholds.

The paper is organized as follows. First, defini-
tions and operators necessary for description of the
edge detection method are provided in Section 2.
This discussion is followed by the description of the
edge detection technique in Section 3. Results for a
number of images and comparison with results of
other multi-scale edge detection schemes are pro-
vided in Section 3, with conclusions in Section 5.

2. Definitions

We start with the definition of image level sets
and the associated connected components. These

definitions are followed by the specification of the
area morphology operators.

Definition 1. For a discrete domain image I © 27
and image location p, level set s at [, [ € [0,L], is
defined by

w1 Npidip) 21, .
s{p) = {'I.']I otherwise. (1)

Therefore, the level set is a binary image repre-
sentation of the image at a specified intensity level.

Definition 2. For a level set s (at level /) and an
image location p, the connected component C.(p)
at p is given hy

C:Uﬂ = {q : HP.I' E I'{P1q:|_}1 l:.zjl

where £ .,(p.g) is an unbroken path between
image locations p and g for which s(-) =1 (hence
{{-] 2 [). The neighboring elements in such a path
are defined by 4 or 8§ connectivity.

Definition 3. For level set s, an area—open operation
is defined as

so(a) = {p: 3|C.(p)| = a}. (3)

The area of the connected component is given by
the cardinality |C,(p)|, and « is the minimum area
specified for area open. Therefore, an area-opened
level set does not contain connected components
of size less than the prescribed area.

Definition 4. Similarly, for level set s, an area-close
operation is defined as

se(a)={p:3C (p)| = a}. (4)

In case of area-close with specified area a, the
cardinality [C (]| of the connected component is
defined in the complement of level set s, that is,
where s(p) = 1 ¥Wp: f{p) = {. Again, area-closed
level sets do not contain connected components {of
zeros) that do not meet the minimum area.

Sequential application of area-open and
area-close operation results in useful multi-scale
operators. Area open—close (AOC) and area
close—open (ACO) are represented as & e{o(a))
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and s o{e(a)), respectively. Both operations re-
move connected components with area less than a
from a level set and the complemented level set.
An area-scaled image is reconstructed via
stacking of processed level sets. The reconstructed
area-scaled image I at scale a, is given by

r=%¥D, (3)

where ([ is the AOC-processed (or ACO-pro-
cessed) version of level set s(0) for area a.

Before we detail the area morphology edge de-
tection technique, we present some of the impor-
tant properties of area morphology relevant to
edge detection process. For a unique input image J
and scale a, the AOC and ACO operations gen-
erate a unique sequence of scaled images IY for
az0, since a =1 gives the input image. Also,
AOC and ACO operations are invariant to Eu-
clidean transformation. Since AQC and ACO re-
tain or remove connected components of a
specified area (i.e., they are connected invariant),
the translation and rotation of the original image
does not distort the area-scaled reconstructed im-
age (excluding discretization error). These prop-
erties are relevant in context of edge detection as
the detected edge map should be invariant to
translation and rotation.

An additional property relevant to edge detec-
tion is causality. Satisfying the causality property
guarantees that the filiered image at any particular
area scale depends only on the “previous™ scale.
This is true for a sequence of AOC or ACO op-
erations if we create the sequence by performing
AOC (or ACO) in a successive manner. With the
AQC operation, the construction of image I is
dependent only on I'® using I' = I'" e (o{a1)) for
) = a». A similar causal construction is used for
the ACO operation. Given the AOC and ACO
framework, we present the area morphology edge
detection method.

3. Edge detection

Ideally, we seek the potential edge points that
represent  boundaries between image objects.

However, the term object itself is not defined. To
tackle this problem, we introduce two types of
objects that are defined by connected components
within the image level sets.

Definition 5. The connected components that rep-
resent ascending objects, C-{p), and descending
objects, C'(p), are defined as follows. For an area-
scaled image [T, the potential ascending object
at image location p is given by C(p) =
{q : AP =4(p,q)} where F, ., is the path defined in
{2). The potential descending object is C'(p) =
{g : 3P - p. q)}. We say that the object at point p
is ascending if |C”'(p)| < |C"'(p)| and is descending
if |CY(p)| > [C(p)|.

For a given image location, transitions from the
ascending to descending objects and vice versa are
defined as potential edge points. These transitions
are detected by locating zero crossings of the
cardinality of the ascending and descending con-
nected components

Z(p) = |C(p)| - 1C"(p)|- (6)

The zero crossings are detected with respect to the
four neighbors of every pixel in the images pro-
cessed by AOC or ACO.

In the next section, we present a set of resulis
obtained after detecting the zero crossings in (6).
The results are compared with other scale-sensitive
edge detectors, viz.,, the Laplacian-of-a-Gaussian
(LoG) (Marr and Hildreth, 1980) and Canny’s
edge detector (Canny, 1986).

4. Results

Edge detection results using area operators and
comparisons to traditional edge operators are
presented in this section. Note that the primary
objective of the proposed edge detector is to detect
edges relevant for pattern recognition. Appropri-
ate scales are selected to detect meaningful object
boundaries for which post-processing is not re-
quired, providing semantic interpretation of object
shapes. Therefore, unnecessary image details and
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noise should be removed in the scaling/filtering
process.

We start with the wrench image example in
Fig. 1. Fig. 1{b) shows a noisy (3% salt and pepper
noise) version of Fig. 1ia). Fig l{c) contains the
AOC result for Fig. 1(b) at scale a = 200, while
Fig. 1{d) is the corresponding edge map using the
zero crossings computed with (6). Notice the lo-
calized and dominant edge information in the
noiseless background of Fig. 1(d). Compare this
result with that of Figs. lie) and (f), where LoG
edges of Fig. l(b) are presented at two different
scales. In the case of Fig. 1l{e), the standard devi-
ation of the Gaussian is ¢ =2 with an edge in-
tensity threshold set at r = 0.5 (for intensity scale

normalized between 0 and 1). For Fig. 1{f), a low
threshold of 1 = 0.1 is chosen at a coarser scale
o = 3. A lower value for o results in retention of
irrelevant details, while higher values for o lead to
significant edge distortion, already evident in the
case of Fig. 1(f). For further comparison, the edge
map of Fig. l{g) is given using Canny’'s edge al-
zorithm (Canny, 1986). Broken edge pixels (edgels)
and noise sensitivity are two drawbacks of the
Canny result. A more efficient implementation of
the Canny approach is given by Deriche (1987).
The microscopic image of blood plasma in Fig 2
appears to be a simple image for edge detection
at a glance. However, since our objective is to
detect a single significant boundary present in the

Fig. I. {a) Original wrench image (80 = B0, (b) corrupted image with 3% salt and pepper noise, (o) AOC-scaled image of (b)) al

a =200, {d) edge map of () using (6), () LoG edge map at 7 =

[ollowing the Canny algorithm (Canny, [1986) atl & = |

{a) {b)

2and r =05 (0 LoG edge at v =3 and =001, (g) edpe map

(c) (d)
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image (in order to count the cells and measure
their area, for example) avoiding the intensity
variation in the center of the cell (which is due to
illumination), the traditional edge detectors do not
suffice. The proposed area morphology edge al-
gorithm can detect the accurate localized and
connected edge map of the blood cell as shown in
Fig. 2(c) after area scaling the original image at
a = 4000 as shown in Fig. 2(b). The LoG edge
shown in Fig. 2(d) is disconnected at o« = 2 and
f = 0.5, Again, in case of the LoG operator, there
exisis a compromise between unnecessary details
and contiguity of the edge map.

In the case of Fig. 3(a), we would like to obtain
an edge map that conveys the major semantic
contours of the object, namely that of the tire and
rim. Fig. 3(b) shows the area morphology edge
map at @ = 8. In contrast, the LoG edge map of
Fig. 3{c) reveals edge distortion and an over-
abundance of detail that would require extensive
post-processing for meaningful interpretation.

Further examples are provided using the cam-
eraman and printed circuit board images as shown

in Figs. 4 and 5, respectively. Fig. 4(b) gives the
result of AOC of the cameraman image from
Fig.4ia) at a = 100. Fig. 4(c) provides the result of
area morphology based edge map, while Fig_4(d) is
the edge map due to the Canny edge detection
algorithm. Similarly, the edge image of printed
circuit board of Fig. 5(a) is shown in Fig. 5(c) after
AOQC operation at area 25 as shown in Fig. 5(b).
Again the output of the Canny algorithmisshown in
Fig. 5(d). In case of both Figs. 4(d) and 5(d), the
standard deviation for Gaussian is taken as (1.5, In
both the examples, significant linear structures are
extracted using area morphology-based edge de-
tection technique without major distortion to other
features such as corners.

Selection of the appropriate edge detection al-
gorithm in most cases is domain specific. More-
over, selection of parameters involved in any
specific edge algorithm is a non-trivial task. For
example, results obtained in cases of Figs. l{e){g)
or 2(d) or 3ic), etc. could be improved with further
experimentation of threshold and standard devia-
tion values. However, in such traditional methods,

(a) ()

Fig. 4. {a) Cameraman image, {b) aller AQC operation on (a) at @ = 100, {¢) edge image from (b) using {6) {edges shown in while),

{d) edge map using (Canny, 1986) at & = 1.
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(a) {b)

(d)

Fig. 5. {a) Circuit board image, (b) aller AOC operation on {a) al @ = 25, {¢) edge image rom (b) using {6) {edges shown in while),

() edge map using (Canny, 1986) at 7= 1.

it would be difficult to eliminate unnecessary de-
tails, especially the detail present in Figs. 2(d) and
3(c) without further post-processing. Moreover,
the proposed method is superior in context of edge
shifi and feature distortion that are unavoidable in
convolution based methods.

The edge maps computed using area morphol-
ogy, the Canny method and the LoG are further
compared by calculating the percentage of missing
and excess edgels. These are calculated based on
ground truth contour maps. The percentage of
missing edgels, m. represents the ratio of the
number of edgels missing with respect to the
number of edgels in the ideal contours. Similarly,
the percentage excess edgels, e, represents the ratio
of number of excess edgels with respect to the ideal

Table 1

number of edgels. The excess edgels represent un-
necessary details and edgels to due to noise. The
results, tabulated in Table 1, show that the area-
based edge operator clearly outperforms the other
edge detectors in terms of these metrics.

One of the limitations of the present method is
that weak edges could not be differentiated
against perceptually significant edges. We are
presently investigating the extension of the area
morphology edge detector to cases where “weak”™
edges are removed at each scale. This edge eval-
uation could be achieved by combining both edges
from area morphology along with the intensity
edge strength, realized through a gradient mag-
nitude calculation. For the image of blood cells
shown in Fig. 6{a), Fig. 6(h) is the area-scaled

Objective comparison of AOC-based edpe maps, LoG, and Canny ed ge maps®

Ld) Lie) o He) Xe) 2id)
AOC L LovGs Canny  AOQC LoG

Nk e He) 44d) He) S{d)
AOC Lovs AOC Canny  AQC Canny

V) < 2.1 RX ) <l

e ") <1 268 108 189 | 96

17 24 9 14 i &
<l 96 12 7 4 34

“Here, m and ¢ represent percentage of missing and excess ed pels, respectively. The percentages are calculated with respeat to the

number of edgels in the ground truth contours.

]

O

(c)

Fig. 6. {a) Blood cells image (91 = 106], {(b) alter AOC on fa) at @ = 500, (¢) edge map derived [rom the combination of gradient

magnitude and edges from the AQC,
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image at scale 500. An edge map derived from a
logical AND of the edges from area morphology
and the edges from the gradient magnitude is
shown in Fig. 6(c). Note that this introduction of
edge strength at a particular scale brings the edge
localization and perceptual integrity together in
the same framework.

Using the connected component labeling ap-
proach, the process of AOC (or ACO) imposes a
computational cost of O{LN) comparisons where
L is the number of intensity levels (L = 236 in the
examples presented in Section 4) and N is the
number of pixels that need to be processed in a
connected component analysis. However, a num-
ber of measures can be implemented to reduce
both the space and time complexity of area mor-
phology process (Vincent, 1993). To detect edges
based on the length of connected components of
the ascending or descending objects, only an ad-
ditional O(N) operations are necessary.

In the next section, we conclude by indicating
the potential application domain of the current
approach.

5. Conclusions

We have shown that the proposed edge detec-
tion technique can detect edges sufficient for se-

mantic interpretations without post-processing
such as edge-linking or edge-filtering. The ap-
proach is based on a scale-sensitive filtering pro-
cess that leads to edge maps of the prescribed
scale. Note that the entire process is devoid of any
threshold selection, in contrast to traditional edge
detection techniques. The area morphology edge
detection method is currently being used in two
multi-media applications: content-based retrieval
and object-based coding.
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