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Abstract

In this paper, a novel edge detection method is proposed
which can be used to find main edges of objects meanwhile
filter edges within texture regions. We first introduce three
kinds of edge models and three kinds of non-edge models
to represents all the possible condition in the edge
detection process. Then, pixel’s window intensity
regularity (WIR) is defined which denotes the texture
similarity degree around the pixel. And then based on
pixel’s WIR a new computation method for image gradient
is brought forward, according to which, gradient value
within texture regions will be almost eliminated while the
reasonable gradient will not be weakened obviously.
Finally, Canny-like operator is employed to detect and
locate  edges. Experimental results demonstrate
encouraging performance.

1. Introduction

Edge detection constitutes a crucial step in most of the
computer vision applications. Sound edge detection can
provide valuable information for further image processing
and interpretation tasks such as image segmentation, object
description etc. This had fueled a long search for good edge
detection algorithms.

The early days of works on edge detection are done by
Sobel [1] and Roberts [2]. Their detection methods are
based on simple intensity gradient operators. In the
following works, much of the researches have been devoted
to the development of detectors with not only good
detection performance but also good localization
performance [3,5]. At the same time, detecting edges at
multiple scales becomes an important issue in some edge
detection works [3,6,7].

For reason that the traditional edge detection methods are
mainly based on image’s intensity gradient value, they will
bring lots of undesirable edges within the texture regions
going with violent intensity variation. Therefore, recent
works [8,10] begin to consider texture in their edge
detection processing. To detect the texture edge / boundary
is to find difference between different texture patterns in an
image. Therefore efficient texture descriptor should be
employed to find this difference. In the proposed texture
descriptors, Gabor-like spectrum coefficient is the most
popular one. These coefficients are gotten by convolved the
image with a Gabor kernel, and they represent textures
pattern in different scale and different directions
respectively. Base on the fact that difference of these
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spectrum coefficients will emergence between dissimilar
texture patterns, several edge detection methods for
textured images are proposed. In [8], Shao presents a
texture edge detection method based directly on sum of
Gabor coefficients’ gradient. In [9], Liu encodes the Gabor
coefficients by SOFM (self-mapping organization)
algorithm. The SOFM algorithm can map the high
dimensional Gabor coefficients to one dimension code and
assign the similar code number to similar texture patterns.
After coding textures, Canny edge detector is applied on the
image’s code map to locate edges.

Images in real world include not only texture regions but
also non-texture regions. Therefore, in most recent works
[11,12,13,14], researchers begin to integrate intensity
gradient with texture gradient for edge detection. Ma [11]
proposes a novel edge detection scheme based on “edge
flow” which includes “intensity edge flow* and “texture
edge flow”. The two kinds of “edge flow” are linearly
combined to get the sum “edge flow”. In her work, “texture
edge flow” is based on gradient of Gabor coefficients. In
[12], Malik etc. used defined texture feature (texton) to
supply texture information for texture edge. The texton is
based on the image’s Hilbert transform which is similar
with Gabor transformation. After getting the texture feature
of each pixel, a texture probability of each pixel is
calculated to determine the importance of the texture
feature in the edge detection process. And then the edge
(contour) information is found by integrating texture and
gradient information. By considering texture information
based on their spectrum characteristics, the edge detection
methods of [11,12] can eliminate edges within texture
regions. Their methods are insensitive to texture.

The above-mentioned texture-insensitive methods are
mainly employ Gablor-like transform to represent the
textures in an image. But the Gabor-like transform needs a
scale window big enough to get the accurate coefficients,
which will leads to a poor localization performance.
Another well-known limitation of Gabor transform is its
tendency to “ring” near edges. In real image, texture
region’s shape may be quite irregular. This irregularity will
bring on unpredictable spectrum coefficients around the
texture boundary area and then lead to unreasonable edge
detection results. Moreover, time complexity of the Gabor-
like spectrum transformation is high.

In this paper, we proposed a novel edge detect method that
is not sensitive to inter-texture edges while avoid using
Gabor-like spectrum texture analysis. First, by defining and
computing the pixel’s window intensity regularity (WIR),
we can conclude whether the texture properties on the
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pixel’s two sides are similar. Then, based on the pixel’s
WIR, we propose a new gradient computation method that
will weaken the gradient value of the pixel within texture
regions while not weaken proper gradient distinctly. Finally,
canny-like operator is employed to locate edges in the
gradient image.

The remainder of the paper is organized as follows. Section
2 defines edges and non-edges models and pixel’s window
intensity regularity (WIR). Section 3 presents the new edge
detection method. Section 4 presents the experimental
results. Conclusion and future works are given in section 5.

2. Defining Edge (Non-edge) Models
and Pixel’s WIR

In this section, we define three kinds of edge and non-edge
models, base on which introduce pixel’s WIR.

2.1 Edges and non-edges models

There are many kinds of edges in real images. We classify
these edges into six classes. Here, we simply take y-axis
aligned edges for examples. These edges are represented
by the edge models shown in fig. 1 and are described as

edge(i) intensity-intensity edge
edge(ii) texture- intensity edge
edge(iii) texture- texture edge

non-edge(i) non edge between similar intensity
non-edge(ii) non edge between similar texture
non-edge(iii) non edge for rotation of similar texture
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Fig.1. Edge (non-edge) models. The first row illustrates
three kinds of y-axis-aligned edges. The second row
illustrates three kinds of y-axis-aligned non-edges.

Traditional edge mainly refers to the edge(i). But in reality
edge(ii) and edge(iii) are also regarded as edges. Edge(ii)
represents edges between texture regions and smooth
regions. Edge(iii) represents edges between different
texture patterns. For non-edges, non-edge(i) maybe the
most commonly one. Non-edge(ii) and (iii) are considered
as non edges is for the reason that the texture pattern on
the two sides of the y-axis are similar or rotation
similar.For reason that there are no texture information is

considered in the traditional edge detection method, they
will bring on lots of undesirable edges along y-axis in the
non-edge(ii) and non-edge(iii), and at the same time edges
represented by edge(ii) and edge(iii) can not be found
effectively. The proposed edge detection method will do
some contribution to these problems.

2.2 Calculating pixel’s WIR

The pixel window intensity regularity (WIR), which is
used to represent the texture regularity in a window, is
based on the local intensity distribution. The basic idea is
that when the intensity distribution on the two sides of the
pixel is similar, the pixel is considered lying in a regular
texture region and there shouldn’t exist violent edges on
this pixel. To describe the WIR model, we define the scale
window for the present pixel i as the y-axis (or x-axis)
aligned square of radius r(i) centered on i . Fig. 2
illustrates three scale-windows. It is obvious that there

should no edge at the center of 3, and there are edge at the
center of 1 and 2 along the marked axis.

Fig.2. Illustration of scale windows. 1 and 3 are scale
windows where intensity distribution is irregular. 2 is scale
window where intensity distribution is regular.

To calculate the WIR, we will fist calculate the intensity
histogram of the scale window. To reduce the influence of
illumination and noise, we firstly quantize the intensity
level from 256 to 32 or 64 levels, say, k levels. The value
of the kth histogram level for pixel [ is calculated by
counting how many pixels in intensity level & fall inside
the scale window. We write this as

h(k)= D 1(u(j)=k) M

(s)

jew
where W is a round window centered at p with size .
After getting the intensity histogram, we use

the y* distance to calculate the histogram distance on the
two side of the pixel along the axis

) &y () — by ()]
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where /1, h, represent the histogram on the left (up) side

)

and right (down) side of a scale window along the axises.

Base on the similarity of histogram on the on the two sides
of the axis, we adopt the Cauchy function to formula the
WIR model. The reason why we select Cauchy function



instead of Gaussian or other function is that the Cauchy
function can be a good similarity measure compared with
the difference or directed divergence measure [15]. It can
emphasis the data near to the center part on its curve while
not bring on a distinctly smoothing effect. According to
Cauchy function, the pixel’s WIR is defined as

R(z) = L0 3)
10+(1 27 =22 11/ d)

In fig.3, we can see that when the parameter o >1.0 the
value on middle part of Cauchy curve becomes almost to
1.0, and when 4?* value is out of y* distance from 7, the

values on the curve will quickly minish to 0.0. This
property can make it adaptive for calculating the WIR.

According to the edge models defined in section 2.1, when
the intensity distribution is similar to edge models’, the
y* distance along the axis will be large according to
function (2), and then function (3) will make the WIR value
quite small. And on the other hand, to the non-edge models,
WIR value will be quite large. Then we and adjust the
gradient on the pixel based on the WIR value.
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3. Detecting Edges

In this section, based on the pixel’s WIR value, we present
the method to detecting edges. Rules also proposed for
important parameters’ determining.

3.1 Detecting edges based on WIR

To detect edges, we first get the gradient map of the image
by integrating gradient on x and y direction as

. (1.0—R(752))-{(al°éi’y)] +(alaé;,y)J } 4)

+p [(ZZ @)+ (2 y))z]/2
where [ _(x,y)=1(x,y)*G,(x,y)

and G (x,y)= ﬁ expl- (x* + %)/ 267]

zl(x,y)and y?(x,y) are y *distance on x and y direction

respectively and 4 is a constant.

It can be seen that there are two parts of the new gradient
operator defined in function (4). To the pixels whose
window intensity is regular, (1.0 R(»?)) Will be quite small

for the large value of WIR, which will make the first part of
function (4) quite small. At the same time, according to
function (2), values of y2(x,y)and y2(x,y) will be small

for the regular intensity distribution. These will result in
that £ values in intensity regular regions will be quite
small. As to the pixel centered at non-edge models, they lie
in an intensity regular region. Then, their WIR value is
large and the value of 4 distance is small, which will lead

to a small value of gradient according to function (4). The
small value of gradient will finally lead to no edges. As to
the pixel centered at circles of edge models, the condition is
reverse. This indicates that by using the proposed gradient
operator, we can enhance reasonable edges and eliminate
edges in texture regions.

After getting the gradient map, following Canny’s edge
detection method [3], and by thresholding the gradient
magnitude, the edge map is produced. In addition to getting
edge maps, we can also directly apply the gradient
magnitude to some special applications.

3.2 Determining parameters

There are several important parameters to be analysed in
proposed edge detection method. We present here the
methods to determine these parameters.

1.5 in function (1) determines the local scale and then
determine the size of texture cell. We reference the size of
Gabor-like spectum window and simply defined that
s=(3.0~4.0)c where o is the Gaussian variation.

Commonly, § will be no smaller than 20 pixels.

2. in function (3) determines the shape of Cauchy curve
and then determines the degree of WIR’s influnce on the
edge’s weakness. « is selected between 2.0 and 4.0 in our
experiments. By these values, only the pixels whose
intensity in its scale window is quite regular, WIR value on
the curves is near to 1.0. At the same time, the cure is
smooth on its middle part, which will improve the
robustness of the method.

3.d in function (3) is the most important parameter to be
determined. We first use a Canny operator to get the
possible edges in the image. Supposing that the edge image

is £‘“). Based on the detect edges by the canny operator
on a quite low threshold (commonly 0.1), we get

d:%z;(j 5)
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where Q represents the pixels on canny edge E‘“ and
whose y?distance in its scale window is small than ,2 .
n is the number of g . 42 ~is the mean value of y°

distance of all the pixels on canny edge E© . By function
(5), d will be much smaller than the mean value of
y* distance of all the pixels lying on the possible Canny

edges. When a pixel’s y2distance is smaller than d , it

means that the intensity distribution around the pixel is
regular to some extent.
4. f in function (4) is a parameter used to adjust the

compensation for the weakness of normal edge. It also can
enhance the unconnected edges represented by edge(iii). In
the experiment, when we using a scale window with a size
of 20(pixels), selection of 0.2~0.3 for S can get a good

experiment result. When using a larger scale window, value
of £ can be adjusted according to the window size.

4. Experimental Results

Experiment is performed on about 1,000 images selected
from Coral CD and promising results are obtained. In this
paper, we select several representative images for analysis.
The results are illustrated in fig. 4 (next page).

According to the edge and non-edge models defined in
section 2.1, the image (a) in fig. 4 includes mainly first kind
of edge (edge(i)). The proposed edge detector got similar
results a Canny operator. In the second image (b), there are
edges of edge (ii) at the joint position of the main building
and it background. The proposed edge detector successfully
capture this kind of edges well almost eliminate the edge
within the main building’s texture regions. The items of
image (c)(d) include the mixture of several kinds of edges,
experimental results also satisfying in despite of the
weakness of some reasonable edges to some extent. But to
the last image (e), edge on the textured region (skep) is not
effectively eliminated. The reason is that intensity in the
texture region emerge irregular distribution, which will lead
to the violent variety of the y*value, and then lead to the

emergence of edges. This shows that proposed method will
be effective to texture with regular window intensity. But to
texture with violent intensity and illumination variance,
proposed method will be invalid.

For reason that there is only one intensity statistic
calculation in the edge detection process, time complexity
of proposed method is O(n) . Most of the texture edge

detection method that employs Gabor-like spectum analysis
[11,12] has a O(nlogn) time complexity even that the
fast spatial-frequency transform is employed.

5. Conclusions and Future Works

In this paper, a novel edge detection method is proposed
which can effectively find normal edges and is insensitive

to edges within texture regions. The simplicity and low
time cost will make the method be competent for low
complexity demanding implications. In future works, more
advanced method should be developed to enhance the edges
between different texture regions. And more reasonable
parameter determining method should be developed to
improve the detection robustness.
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