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Abstract

Computer Vision algorithms have relied primarily
on either uniform resolution or multi-resolution tech-
niques. In this paper, the question we try to answer 1s:
How can varying resolution spatially within an image
help in extracting information out of pictures? Specif-
ically, we look at the problems of character thinning
and boundary following. To deal with these problems
we design variable resolution (VR) masks, whose cen-
ters are windows in normal resolution, with each of
the peripheral cells used to keep some information al
a reduced resolution. In this way, VR approaches ef-
fectively look at a large region of the original image
at a cost only slightly higher than processing a small
region using uniform resolution schemes. The pro-
posed algorithms are demonstrated to perform better
than other well-known methods. The VR procedures
described here are inherently parallel in nature. They
can also be efficiently implemented on a serial com-
puter.

1 Introduction

The human visual system has a high resolution
fovea and a low resolution periphery. The central
viewing window allows detailed identification of ob-
jects while the peripheral low resolution field allows
fast processing. In this paper, we design boundary fol-
lowing algorithms by proposing a variable-resolution
approach to this problem.

The detection of object contours is one of the most
important operations in the field of computer vision
and pattern recognition. The contours of the objects
link the edges, in the relatively featureless edge image,
to give meaningful boundaries. The problem has been
extensively dealt with in the literature, reflecting both
the importance attached to the use of contours as im-
age features and the difficulty of achieving an optimal
method. Due to the presence of noise in the image,
the task of locating a meaningful boundary becomes
non-trivial. For example, the edge elements can exist
in the absence of any boundary and may be absent at
places where the boundary should be. These missing
or extra edges make the task of boundary detection
still more complicated.
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Even though anthropomorphic visual systems and
sensors have been fairly well studied and understood
[11, 13, 10, 12, 16], their application to various vision
problems still needs to be investigated. Here we con-
sider an extremely simplified version of variable reso-
lution. Specifically, we consider templates having two
levels of resolution: a normal resolution 3 x 3 center,
and a low resolution periphery of 8 cells, each of which
represents a 3 x 3 region in normal resolution. The
peripheral cells are used to take a “rough” view of a
large neighborhood (a 9 x 9 window). This enables us
to develop parallel algorithms which are also shape-
preserving. Note that a short summary of the thin-
ning algorithms has been presented in [7]. However,
the previous implementation considered only vertical
stroke preservation, and also lacked detailed experi-
mental results and analysis.

The remaining portion of this work is organized as
follows: Section 2 describes previous work in bound-
ary detection. The basic concept behind the VR mask
used here is discussed in Section 3. Section 4 out-
lines how VR techniques can be used to develop better
boundary detection algorithms. Detailed experimen-
tal results and comparison with existing methods are
presented in Section 5.

2 Previous work

Several boundary detection algorithms have been
proposed by previous researchers. These methods, in-
herently sequential in nature, can be broadly classi-
fied into two categories: algorithms which incorporate
a priori knowledge in order to link the edges to give
a meaningful representation, and techniques which do
not rely on prior information in the linking step. Thus
a boundary detection algorithm can be categorized
based on the amount of knowledge incorporated into
it. The term a priori knowledge means implicit or ex-
1[>l]icit constraints on the likelihood of a given grouping
2.
Most of the boundary following algorithms have
two objectives: to measure the degree of “edgeness”
at a particular image point, and to link the groups
of points to obtain closed contours. For clean im-
ages most of the existing algorithms are able to ob-
tain closed boundaries of the objects in the image.
However when the image is noisy, the task of locat-
ing a good boundary becomes difficult, and often dis-
connected contours are obtained. Many techniques
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proposed in the literature use sequential segmentation
which attempts to link together all the single con-
tour elements to form either the whole object out-
line or a significant part of it. To achieve this, the
algorithms use some amount of prior knowledge that
maps the edge elements into meaningful boundaries.
Ashkar and Modestino [1] list four approaches of in-
corporating a priori knowledge in sequential segmen-
tation algorithms. These approaches are: exhaustive
search, dynamic programming, structured tree search,
and heuristics graph search.

Several researchers [5, 6] have used the contour
following algorithm to detect boundaries. Contour
following algorithms for gray-level image use edge
strength and edge direction information to compute
the next boundary point. Lacroix [6] used Kunt’s con-
tour following algorithm [5] and incorporated some a
priori knowledge in the method to improve its perfor-
mance. A test on the length of contours so obtained
is used to remove short meaningless contours. The al-
gorithm performs satisfactorily for less noisy images,
but tends to give erroneous results if the image is con-
taminated with noise. Liu [8] proposed a boundary
detection algorithm with a feedback loop for back-
tracking. The feedback loop was incorporated into the
algorithm so that the results could be checked and re-
fined using feedback whenever necessary. Backtrack-
ing is used whenever uncertainty arises in locating the
next boundary pixel. This procedure enables the algo-
rithm to recover from errors caused by noise, but the
method failed to give good results when the quality
of images was poor. Chen and Siy [3]himprove this
algorithm by using feedback to locate the noisy areas
of the image, which are smoothed to remove irregular-
ities. The feedback mechanism is activated only when
the contours obtained by the conventional algorithm
are not closed. The process continues until all the con-
tours obtained are closed. The algorithm, tested on a
60 x 64 chromosome image, gave satisfactory results.

William and Shah [14] used the concept of scale
space [15] to obtain contours. Contours are first de-
tected at higher scales. If a closed contour is not
obtained by this process then the next finer scale is
chosen and the procedure repeated until the contour
cannot be extended at the finest scale. The use of finer
scales produces improved detection of weak edges and
helps in obtaining closed boundaries.

All the above techniques are inherently sequential
in nature and require extensive computational time. A
non sequential technique for determining the bound-
aries is described in [9, 4]. The method incorporates
knowledge in terms of a curve representing a typical
shape (model) of the contour. The final contour is
obtained by minimizing a function, radial inertia, de-
fined over the gradient of the object image. Though
the method is able to obtain closed contours, it re-
quires a good estimation of parameters like centroid
and orientation of the model. Errors in these param-
eters result in poor solutions.

3 Variable-resolution masks

We propose variable resolution approaches to im-
prove current boundary detection algorithms. The ba-
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Figure 1: A variable resolution template

sic concept behind our method is the variable resolu-
tion mask. These masks (templates) are partitioned
into 9 equal square-shaped parts as shown in Figure 1.
The center part is a regular 3 x 3 template. Each one
of the eight peripheral parts also covers a 3 x 3 region,
but at a reduced resolution. Thus the resulting 9 x 9
window is called a variable resolution (VR) window.

The VR masks are used as follows: First the high
resolution center is examined. Then, if certain con-
ditions are satisfied, some of the low resolution pe-
ripheral cells are used for further testing. Variable
resolution templates have two advantages. First, the
peripheral cells can be used to obtain a “rough” look
at a large neighborhood around a given pixel. Sec-
ond, the computational cost involved in the process
is only marginally higher than the cost of using small
uniform resolution templates. It is also important to
note that the techniques described here are inherently
parallel. That is, the decision taken in one neighbor-
hood is completely independent of the decisions made
in any of the adjacent regions.

4 Boundary detection algorithm

4.1 Limitations of previous approaches

There are two major drawbacks in most previ-
ous algorithms for boundary detection. First, they
are inherently sequential in nature. Processing starts
at a given pixel (or a set of pixels) and proceeds one
pixel at a time according to a specified set of rules.
This implies that similar operations cannot be per-
formed simultaneously all across the image. The VR
approach on the other hand is inherently parallel. The
decision made at any pixel does not depend on the ac-
tions taken at the neighboring pixels. Thus we can
process all image pixels in parallel without affecting
the output. The second limitation of several bound-
ary following methods lies in their inability to take
a “rough look” at a large neighborhood of a pixel,
while processing using a small mask. This shortcom-
ing can result in noisy contours being detected, as well
as meaningful contours being dropped. The VR algo-
rithm is designed to avoid this drawback. Noisy con-
tours are largely ignored by our method, which can
also fill in small missing gaps in significant boundaries.
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4.2 A VR approach to boundary follow-
ing
In this section we present the VR boundary de-
tection algorithm. The method essentially consists of
two steps: the edge detection and thresholding step
followed by the boundary construction step.

The main purpose of the first step is to highlight
those points which lie in the neighborhood of the
boundaries. Let I(z,y) be the given image. The
edges are detected by convolving the image with the
second derivative of the Gaussian and extracting the
zero crossings. An adaptive thresholding technique is
used to delete the zero crossings with very low gradient
strength. The advantage of using an adaptive thresh-
old is that it is relatively independent of the qual-
ity of image. The pixels which survive thresholding
are assigned weights depending on the gradient mag-
nitude and gradient direction. For example, a pixel
is assigned the maximum weight if it has a high edge
strength and a low direction difference. In the second
step, we link the pixels together, to get the meaning-
ful boundaries, using the VR boundary detection al-
gorithm. The VR boundary detection algorithm can
be described by the following pseudocode:

procedure VR_Boundary_Detection

for all image neighborhoods do

if ( center pixel has maximum weight)
{
check 3x3 neighborhood for edge in
vertical, horizontal and other directioms;
if (no edge is found in the small window)
{
take a ‘‘rough’’ look at appropriate
: peripheral cells;
if (edge present in larger window)
Mark appropriate pixels in
smaller window as edge pixels
to get a continuous boundary;
}
}

For the purpose of assigning weights, the edge im-
age was thresholded to a three-valued image depend-
ing on the edge strength. We used an adaptive thresh-
old to classify a certain percentage of pixels as High,
Medium, and Low. Pixels in the percentile ranges
[0,25], [25,60], [60,100] are classified as low, medium,
and high, respectively. Extensive experimental results
suggest the use of the above thresholds. Similarly, the
gradient angle is digitized into 16 different directions.
The total weight is defined as the sum of the following:

1. Strengths classified as High, Medium, and Low are
assigned weights 3, 2, and 1, respectively.

2. A weight of 3 is assigned if the difference in gradi-
ent direction of the two adjacent pixels is less than
45 degrees. Similarly a weight of 2 is assigned if

the direction difference is between 45 degrees and
90 degrees, a weight of 1 is assigned if it is be-
tween 90 degrees and 180 degrees, and a weight
of zero is assigned for direction difference greater
than 180 degrees.

Based on this scheme the maximum weight a pixel can
have is 6 (it has a high edge strength and a low direc-
tion difference) and the minimum weight is 1 ( it has
a low strength and a high direction difference). The
algorithm uses the high resolution central window to
detect the boundary pixels in all the 16 possible direc-
tions. Only if it is unable to decide which boundary
pixels are suitable, does it look at the outside low res-
olution periphery. (

The information in the peripheral cells is reduced in
a manner similar to VR thinning. By having a rough
look at a larger neighborhood, we can fill in the small
gaps and also avoid small noisy contours. The method
1s inherently parallel as each window is independent
and can therefore be processed simultaneously. The
source code in C for both the VR thinning and VR
boundary detection algorithms is available on request
from the authors.

5 Experimental results

Two-dimensional images were generated for test-
ing the boundary detection algorithm. Test images
were prepared using additive Gaussian noise at vary-
ing levels. The test images contained 256 gray levels
and had objects of both regular and irregular shapes.
In addition to the synthetic test images, the algorithm
was tested on several real images to verify its robust-
ness. All the images were 256 x 256 pixels large.

Both test images and real images were subjected
to two versions of the boundary detection algorithm.
The first version utilized only the mean gradient mag-
nitudes in the computation of costs while the second
version combined mean gradient magnitude and gra-
dient direction. Both versions of the algorithm were
tested with various values of ¢ and different thresh-
olds. A value of 0 = 2 was used for all the images.

In all, the algorithm was tested on nearly 100 dif-
ferent images. Typical results obtained are shown in
the figures. It was observed that version 2 of the algo-
rithm, incorporating both the gradient direction and
the gradient magnitude, gave slightly better results on
images with very high levels of noise (n > 32). For
comparison with our method, two previous algorithms
[14, 6] were chosen. The first module of the algorithm
given in [6] was implemented using the local opera-
tor with unweighted masks, as described in the paper.
In [6], a test on the length of the contour was per-
formed to delete edges less than 4 pixels in length. We
implemented the algorithm given in [6] without per-
forming the aforementioned test in order to maintain
compatibility with our algorithm which retains short
contours. The source code for the other algorithm [14]
was obtained from its authors. The same values of ¢
mentioned in the paper [14] were used. However, a
different threshold of 0.25 had to be applied as the al-
gorithm failed to give good results with a threshold of
0.08 (as stated in [14]).
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Figure 2: A set of columns of different grey levels.

Figure 2 shows the artificial image of a gray-level
band, with noise having mean (u) = 0 and standard
deviation (n) = 32. For a clean image with noise of
p = 0and n = 0, all the algorithms were able to
extract perfect boundaries. However as the noise level
increased in the image, the boundaries obtained by the
Lacroix and Williams methods did not give straight
lines. On the other hand, the VR method was still
able to obtain straight lines for even high noise lev-
els (n > 16). For n > 4, Williams’ method was
unable to obtain a closed boundary. For noise levels _
greater than n = 16, both Williams’ and Lacroix’s -
methods gave poor results whereas the VR algorithm
still retained all the boundaries. For very noisy im-
ages, the VR method obtained better results than the
other two methods. Here the VR method was still
able to obtain a sufficiently large number of contours
unlike Williams’ method. Lacroix’s method generated
several noisy contours in addition to the meaningful
ones.

Figure 6 shows the image of a cup. The figure has
several well-defined edges. Figure 9 shows the result
of the VR algorithm.

The cup image as shown in Figure 6 was also sub-
jected to Williams’ and Lacroix’s methods. The re-
sults obtained are shown in Figures 7 and 8. Lacroix’s
method failed completely on this image as several dou-
ble contours were obtained. This happened because
the number of pixels retained after thresholding was
quite large and thus resulted in redundant contours
— one drawback of the Lacroix method which we ob-
served in all the images. The quality of the boundaries
depended directly on the threshold. Though the paper
claimed the use of an adaptive threshold where only x
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Figure 4: Contours using Lacroix’s method.
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Figure 5: Contours using VR method. Figure 7: Contours using Williams’ method.
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Figure 6: Original image of a cup. Figure 8: Contours using Lacroix’s method.
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Figure 9: Contours using VR method.

percent of the pixels were retained after the edge de-
tection phase, the value of x depended entirely on the
quality of image. Most of the images gave good results
when only 10-15 percent of the pixels were retained.
However in some images it resulted in loss of informa-
tion while in others, for example in the cup image, it
resulted in double contours. Williams’ method gave
good results on this image though it missed out some
of the details.

6 Conclusion and Acknowledgement
In this paper we present an edge and corner pre-

serving and boundary detection scheme using a new
variable-resolution approach. QOur method takes a
“rough” view of the peripheral region outside the cen-
tral neighborhood when certain conditions exist in the
inner window. The algorithms are parallel in nature,
unlike methods based on contour following, which are
inherently sequential. On average, the complexity of
our scheme is only a few times higher than methods
using small uniform resolution windows, even when
implemented on a serial computer. Extensive experi-
ments demonstrate that, compared to the best known
existing techniques, the VR scheme obtains improved
boundaries, as well as better outlines for thinned char-
acters. The application of variable resolution tech-
niques to other problems, such as vergence control and
robot navigation, is currently being investigated.

The authors are grateful to D. J. Williams and M.
Shah for providing the source code for multiscale edge
contour algorithm given in [14].
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