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ABSTRACT

We discuss ways by which different methodologies for
image analysis may be combined for better results. We
focus on the combination of region growing and edge
detection to achieve better segmentation.

Introduction

After thirty years of research, the literature of
image analysis (or computer vision) contains
numerous methodologies for dealing with each of
the problems encountered. For example, shape
analysis is addressed by Fourier descriptors, polygo-
nal approximations of contours, skeletonization,
etc. Each method has its proponents and occasion-
ally one reads debates about their relative merits.
We claim that a successful attack to image analysis
problems requires the simultaneous application of
more than one methodology. While there is a
significant literature on integrating input from
different sensors, very little has been written on
integrating methodologies although is by no means
new [Ya76, Gr80]. However we have found only
three recent references [BML86, ABM87, FH87].
The reasons for that attitude may have to do more
with an academic desire for methodological purity
than the adequacy of a single methodology to com-
pletely solve a problem.

Mixing of methodologies is common in prac-
tical systems, for example in OCR (reading
machines). It is well known that some pairs of
characters are discriminated best by their contour
features (for example D and O without serifs)
while others are discriminated best by skeletal
features (for example E and F with serifs). See
[KPB87] for a discussion of a complete character
recognition system using a mixture of methodolo-
gies. We will present here some results showing
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combinations of region growing and edge detection.
For details of the work the reader is referred to
[PL88] and [LP88]. The fundamental justification
for integrating methodologies is the fact that
human observers use a multiplicity of clues in
analyzing an image. While one might show that
under ideal conditions a single methodology is
sufficient (for example, skeletonization provides
complete information about shape) this is not true
in the presence of noise and distortions.

Improving on the Results of Region Growing with
Edge Detection

Segmentation by region growing contains
artifacts around regions that do not satisfy exactly
the model implied by the uniformity predicate. For
example, a method will produce false boundaries
because the uniformity criterion may mnot be
satisfied over a given area even if there is no clear
line where a transition occurs. For example, if the
light intensity varies linearly within a region R and
we insist that the intensity be approximately con-
stant within a region, then there will be artificial
boundaries within R. Furthermore, it is likely that
such boundaries will reflect the data structures and
traversal strategies used during region growing. For
example, if we traverse an image along scanlines,
then artificial boundaries will tend to be parallel to
scan lines. The method detailed in [PL88] uses
two steps after segmentation. In the first boun-
daries are eliminated and in the second boundaries
are modified. The boundary-elimination criterion
uses a merit function of the form

f1(contrast) + B-f ,(segmentation artifacts) (1)

Edge modification considers edges according to a
criterion

fa(contrast) + a-f 4(smoothness) (2

In the sequel we usc the regions produced by a
split-and-merge algorithm [HP76]. Since this
method uses a quad tree for the initial traversal of
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the image, the false boundaries tend to consist of
long vertical and horizontal segments. Therefore
the merit functions is

Eo) = \Sum _of contrast along e |
length of boundary e
B# of direction changes along boundary e 3)
length of boundary e

where the first term of Equ. (3) can be interpreted
as the strength of the boundary seen as an edge
while the second term acts as a penalty for the
artifacts of the quad tree structure which tend to be
long straight lines; B is the relative weight of these
two terms.

A major problem in boundary elimination is
that we cannot remove a boundary arbitrarily
without introducing unacceptable topologies. This
may happen if the boundary between two regions is
not connected and after the removal of one arc we
may be left with ‘‘boundaries’ that are internal to a
single region. Therefore care should be taken dur-
ing the traversal of boundaries to ensure that this
does not happen. This means that the order of
examination of boundary arcs is important since the
removal of one arc may negate the removal of
other arcs later.

Let ¢; denote a connected arc of a boundary.
We select a threshold Th and define an overall
merit function as:

F(ey.ey,....e,) =

& = el Y U f (o) Thy H(4)

ie; elim j,¢j pres

which is to be maximized. This is trivially achieved
by removing all boundaries with f(e;)< Th and
keeping all others. Such a solution may not be
topologically valid though. In considering different
sets of boundaries to be eliminated, we must avoid
an exhaustive search whose cost will grow
exponentially with the number of boundaries, We
expect a suboptimal result can be attained by carry-
ing out the boundary-elimination process sequen-
tially by starting with the weakest boundary and by
the prediction of the effect on F(.) if a single
boundary is eliminated.

After the removal of boundaries which appear
to be due to segmentation artifacts we modify the
rest by maximizing the following merit function
which similar to that of Equ. (3) but with one addi-
tional term.

j IVI(W())I-
accurvature (W(t)) — y- 0" (W(t)) lde  (5)
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The whole expression is both normalized with
respect to [ length (W(t))d. W(t)=(x(1), y(1))*
is the position of the contour, IVI(W(¢t))I, the
magnitude of image gradient, is the intensity con-
trast along the contour, curvature(.) is the
evaluated curvature along the contour, ¢ (W(z)) is
the phase part of the image gradient at point W(t)
and ““’” mean first order derivate. The first term,
IVI(W(¢t))l, is denoted as “fidelity’” while the
second and the third terms, curvature(.) and
I6’(W(2)) |, are denoted as “‘smoothness,” i.e., we
edit the contour to achieve “‘smoothness” without
sacrificing much ‘‘fidelity;”’ the relative weights
among these three terms are controlled by
coefficients o and y.

The introduction of the curvature() term in
Equ. (5) is to make the resultant contour smooth
while that of the I¢(W(z))I term is to avoid the
problem that while searching a point P, in the
neighborhood of ” to substitute P, we might
mislocate P, at a strong edge nearby. Minimizing
2 10°(W(t)) | maintains a contour with the same
gradient direction so that the resultant contour will
not be influenced by strong edges nearby. While
most researchers used only the magnitude part of
the image gradient , IVI(W(t))!, to locate (or
modify) contours, we find that the phase informa-
tion, ¢(W(t)), is as important as the magnitude
part. The phase term of gradient was also applied in
[Ba76][BHR86] to locate contours and to extract
straight lines. Similar schemes to Equ.(5) were
also employed by Montaneri [Mo71], Martelli
[Ma72], and Ballard [Ba76] to detect lines, edges,
and contours. More sophisticated examples can be
found in [KWT87] where Kass, Witkin and Terzo-
poulos use a similar idea to modify tentative con-
tours. Figure 1 shows the result after the split-
and-merge algorithm (top) and the final result after
boundary elimination and modification (bottom).

Detecting Buildings from their Shadows

It is possible to integrate context in the early
stages of processing in addition to integrating
region growing and edge detection. We shall deal
with the interpretation of aerial photographs.
Under many conditions of illumination a region
corresponding to a building will be next to a region
corresponding to its shadow. Shadows tend to be
much darker than anything else in the image so
they are easier to detect. In addition shadows of
buildings are likely to have certain regularity in
their shape. Two mcthods are described in [LP88]
where the reader is referred to for details. In the
first method we start with edge detection then com-




bine the result with region growing; while in the
second method we use the segmentation of region
growing first then apply the idea of edge detection
to enhance the result.

The first method can be divided into three
phases. (1) We use edge detection [BHR86] to
locate shadows and thus to confirm the presence of
a building since they provide very reliable features
with high signal to noise (S/N) ratios. (2) In the
low-contrast areas where boundary features can not
be reliably obtained by edge detection, we use a
region growing operator to delineate the boun-
daries. The ‘‘leaking’’ problem that occurs with
applying region growing between two low-contrast
regions is effectively solved by using morphological
operations with a directional operator related to the
light orientation. (3) A beautification phase is used
to enhance the delineated contours. The idea of
beautification was first proposed in the context of
computer graphics to modify a rough technical
drawing [PVW85]. However, we found that a simi-
lar idea can also be applied to enhance the result of
the building detector if the orientation of the build-
ing is known.

The second method can also be divided into
two phases. (1) We follow the paradigm of
hypothesis testing on each region of the segmenta-
tion. Two features, shadow and contour shape, are
used to verify the hypotheses. (2) To beautify the
contours of the detected buildings, we use the
shape and edge information to remove artifacts and
to modify the contours. Since we combine the best
parts of the features obtained by edge detection and
region growing to find the shape description of each
building, the results turn out to be accurate and
reliable. Figures 2 and 3 show examples obtained
from each method.

Conclusions

We have shown how the results of segmenta-
tion can be improved with an integrated approach.
It is tempting to cast the whole approach as a large
optimization problem. Given an image, partition it
into regions R; by minimizing an expression of the
form

2ULR) + XY Vi(e:)
ik or

where U() are region costs (lack of uniformity,
unexpected shape, etc.) and V() boundary costs
(lack of contrast, sharp turns, etc.). The challenge
is to find functions U () and V () which are realistic
and also result in a tractable optimization problem.
Very special cases of this approach have been tried

in the context of regularization [MS85].
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Figure 1: Results of segmentation after the split-and-merge algorithm (top) and after the application of boun-
dary elimination, editing, and modification (bottom).
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Figure 2: Buildings overlayed on the original image. They were obtained by edge detection followed by region
growing.
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