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Abstract

Previous techniques for adaptive local thresholding
generally divide an image into a set of rectangular
subimages. A problem with them is that no system-
atic consideration is given to the size of subimages
and no study is done about the effect of size on the
results. In addition, they tend to create artifacts at
the artificial boundaries between subimages. Some
efforts have been made to reduce such artifacts by
using interpolations, which, however, do not com-
pletely solve the problem. This paper presents a
novel scale-space local thresholding technique. A
variable sized window is used to scan across an im-
age, and an accurate threshold is to be computed
for the center pixel at each window stop. By vary-
ing the size of a window, a threshold is computed
at multiple scales and, consequently, the image can
be segmented at multiple scales. The size of the
window is allowed to vary continuously for thresh-
old selection. In the obtained segmentations, the
contours of segmented regions vary continuously in
the scale space. This provides a new structure for
multiple resolution segmentation.

1 Introduction

Image segmentation is a process of partitioning an
image into a set of non-overlapping regions. Its pur-
pose is to decompose an image into parts that are
meaningful with respect to a particular application.
A variety of segmentation techniques have been de-
veloped for different applications [15]. However,
each has its limitations. The existing segmentation
techniques can be broadly classified into three cate-
gories: discontinuity-based techniques, region grow-
ing techniques, and thresholding techniques. The
work reported in this paper belongs to thresholding
techniques. Thresholding techniques are computa-
tionally simple and never fails to define disjoint re-
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gions with closed boundaries.

Image characteristics that are used for defining a
partition can change over a broad range of intensity
distribution across an image. In the case of thresh-
olding techniques, a threshold value may work well
in one region in an image, but may perform poorly
in another. This makes it difficult to select thresh-
olds based on global information. This considera-
tion leads naturally to the investigations of adaptive
thresholding techniques [15] [2][3][11][13].

By adaptive thresholding, a threshold is selected
according to local characteristics in a subimage.
Fernando and Monro [3] suggested a local threshold-
ing technique for X-ray angiograms. The histogram
of such images are unimodal with narrow peaks, and
so most global thresholding techniques produce un-
satisfactory results. According to this method, the
image is partitioned into 16 nonoverlapping subim-
ages and the entropic thresholding technique of Pun
[13] is applied to determine the threshold value for
each of these subimages. This method may yield
a thresholded image with graylevel discontinuities
at the boundaries of two different subimages. A
low-pass filter is then used to reduce these disconti-
nuities.

Chow and Kaneko [2] proposed a variable thresh-
olding method. Their idea is to test for bimodality.
If the histogram for a window is bimodal, then a
threshold is computed. If the histogram for a win-
dow is unimodal, then no threshold can be directly
computed. In this case, the threshold will be defined
by a value interpolated from the thresholds found
in neighboring bimodal windows. Nakagawa and
Rosenfeld [11] extended this method to trimodal
cases and found an improvement over bimodal cases.

Weszka, Nagel and Rosenfeld [17] suggested de-
termining a histogram for only those pixels having
high Laplacian magnitude. They reason that there
will be a shoulder of the gray level intensity function
at each side of the boundary. The valley-seeking
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method for threshold selection has a chance of work-
ing on those local histograms.

Though the above methods have been successful
in certain applications, they have several problems.
First, there is no systematic consideration for the
size of a window. We believe that the size of the
window should be related to the scale of features
under consideration in an image. We argue that the
size of the window must be selected appropriately
so that it generates reliably a unimodal histogram
when it is inside a homogeneous region, and a bi-
modal histogram when it crosses the boundary of
two distinguished regions. More specifically, let us
consider the situation where a window is located
near a boundary between two regions. In this case,
if the window is too small, it may not cover enough
regions on both sides of the boundary to produce a
well-defined bimodal histogram for reliable thresh-
old selection. On the other hand, if the window is
much larger than the scale of the features, it may
cover too large an area such that a multimodal his-
togram is produced, making threshold selection dif-
ficult. Therefore, the size of the window should not
be arbitrarily chosen, instead, it has to be deter-
mined with a consideration to the scale of the fea-
tures under consideration in the image. Further-
more, the scale of the features may even vary across
an image. In such a case, the size of the window
should not be fixed, but, can vary across an image
according to the scale variation of the features.

Second, because of the subdivision of the image
into independent windows, there are chances that
the threshold values for each window might change
abruptly, creating unnecessary artifacts at the artifi-
cial boundaries between the subimages. Lower-pass
filtering technique has been used to reduce these
artifacts, but the problem is not completely solved.
Ideally, a window should scan each pixel across an
image. But it will be very expensive in terms of
computational cost. A compromise is to divide the
image into subregions and then have thresholds in-
terpolated between regions as presented in [2][11].
However, it can perform very poorly in situations
where the object is between two adjacent windows.

Motivated by the above considerations, a novel
scale-space thresholding technique, by using con-
tinuously varied window, is studied. It should be
noticed that multiple resolution segmentation prob-
lem has been studied by a few researchers previ-
ously. For example, Bouman and Liu [1] studied
this problem using pyramid images. Montanvert,
Meer and Rosenfeld [10] studied this problem also
using a pyramid structure, however with irregular
tessellations. The scale-space technique developed
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in this work is different from these techniques which
construct pyramids and do coarse-to-fine analysis
through the hierarchy of the pyramids. Instead, our
analysis is based directly on the input image with
an operator whose scale-parameter can vary contin-
uously. This results in a new structure with a finer
analysis which bridges the gaps appeared between
the adjacent levels of pyramidal hierarchies.

The idea of using scale-space technique for sig-
nal analysis was introduced by Witkin [18]. It has
been later successfully applied to multiple resolu-
tion edge detection problems [8][4]. The previous
scale-space techniques are mostly based on the con-
volution of an image with a Gaussian distribution
or its derivatives. The standard deviation ¢ in
Gaussian distribution is defined as the scale param-
eter. Multiple resolution edge detection can also be
achieved through wavelet transforms [9], which has
been shown to be equivalent to the previous scale-
space edge detection techniques.

The scale-space technique, introduced for the
purpose of threshold determination in this paper
shares a similar philosophy and objective with the
previous scale-space techniques. It, however, has a
different definition due to the nature of threshold se-
lection problem. In this work, the size of the window
which is used for determining local threshold is al-
lowed to vary continuously. Consequently, an image
is segmented by the thresholds selected at multiple
scales. In the obtained segmentations, the contours
of partitioned regions vary continuously in the scale
space. By tracing out those contours, a new struc-
ture is obtained for multiple resolution segmenta-
tion.

The paper is organized as follows. Section 2 dis-
cusses the methods to determine the modality of
a local histogram, and selection of local thresh-
old. Section 3 presents a new scale-space adaptive
thresholding method. Section 4 discusses construc-
tion of contours of segmented region boundaries in
scale-space. Finally, some interesting problems for
future research along the direction initiated by this
preliminary work are briefly discussed.

2 Local Bimodality and

Threshold Selection

In local thresholding, there are two cases for the
histogram of the subimage under the scanning win-
dow. When the window is mostly inside a homo-
geneous region, the histogram will be unimodal.
When the window is across the boundary of two
regions, the histogram will be bimodal. Therefore,
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the first computation in local thresholding is to de-
termine the modality of a local histogram. Second,
a local threshold is to be computed in the case of
bimodal histogram.

The modality of a local histogram can be de-
termined based on the variance of the histogram.
Given a histogram h(g), ¢ = 0,1,...,L — 1, where
L is the number of gray levels, the variance of the
histogram is defined as:

1 L-1
s= 223 (h(g) — )%, (1)

g=0

where M is the total number of pixels in the image:

L-1
M =" h(g) (2)
g=0
and p is the mean gray level:
ozl
n=17 ; gh(g) (3)

A prespecified threshold variance value sy can be
used to determine modality. If s > sp, the his-
togram is considered to be bimodal. Otherwise, it
is unimodal.

After the modality is determined, the next task
is to compute a threshold for partitioning. Many
threshold finding methods have been studied in the
past and can be applied here. The simplest method
used in earlier time is to find the valley point be-
tween the two peaks corresponding to two princi-
pal modes in the bimodal histogram [5][6]. Some
more sophisticated later techniques are based on
finding a threshold that minimizes a criterion func-
tion. For example, Otsu [12] suggested a method
that minimizes the weighted sum of group variances.
The weights are the probabilities of the respective
groups. Kittler and Illinggworth [7] suggested a
different criterion from Otsu’s. They assume that
the observations come from a mixture of two Gaus-
sian distributions. They determine the threshold
that minimizes the Kullback (1959) directed diver-
gence from the observed histogram to the unknown
mixture distribution. In our situation, since a bi-
modal histogram is resulted from a window located
across the boundary of two regions, two peaks in the
histogram are generally well separated and roughly
even. Thus, the simple threshold finding technique
performs reasonably well. It should be pointed out
that the local histogram could be noisy, making the
determination of valley point nontrivial. Therefore,
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Figure 1. Car image.

(a) (b)

Figure 2. (a) A unimodal histogram; (b) a
bimodal histogram.

(a) (b)

Figure 3. Modality classification under (a) 5X5
window and (b) 7X7 window.
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a smoothing operation on the histogram is neces-
sary before the search operation for the valley point
is performed.

Figure 1 shows a test image. Figure 2.(a) shows
a unimodal local histogram at the pixel (143, 97)
with a 5X5 window. The local histogram becomes
bimodal if a 7X7 window is used at the same lo-
cation (Figure 2.(b)). Figure 3 shows the results
of modality classification. The white regions cor-
respond to pixels with a unimodal local histogram,
and the black regions a bimodal histogram. Fig-
ure 3.(a) was obtained by using a 5X5 window, and
Figure 3.(b) by a 7X7 window. This tells us clearly
that the modality of a local histogram is only rel-
ative, and is strongly related to the size a spatial
range is based on. However, there is no rule from
previous literature for selecting an appropriate win-
dow size for finding local thresholds. The fact is
that there is, perhaps, no single optimal window
size which will be suitable for all kinds of images,
or even for different regions in a same image. In a
very similar spirit to Witkin’s scale-space filtering,
we studied the local thresholding problem at multi-
ple scales, and provide a segmentation structure in
scale-space which will allow a reliable segmentation
to be derived. We want the new technique to be
suitable for general situations of different types of
images. This leads to the central work of this paper
discussed in the next section.

3 Scale-Space Local Thresh-
olding

Our investigation of scale-space local thresholding
starts with a set of simple experiments. We begin
with a 3X3 window which scan across an image to
determine a local threshold at each pixel location
and perform thresholding. Then, the window is ex-
panded by one pixel at all four sides, and do the
local thresholding again. This window expansion is
repeated for many times. A sequence of segmenta-
tions, obtained by using 3X3, 5X5, 7X7, 9X9, and
11X11 windows respectively, are shown in Figure 4.

In this set of partitions, a multiple resolution seg-
mentation of the image is illustrated. At the small-
est scale, the image is partitioned into many regions,
some are corresponding to small features in the im-
age. As the scale increases, small regions gradu-
ally disappear and remaining regions have simpler
shapes. When the window size reached 11X11, only
a few larger regions stay, which correspond to the
abstract shapes of those large objects in the scene.

Segmentation is usually a preprocessing stage in

Vision Interface 95

135

(b) 5X5 window

(c) 7X7 window (d) 9X9 window

(e) 11X11 window

Figure 4. Segmentations using different sizes of
windows.
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a vision system. Although this work itself is not a
study of a complete vision system, we should keep
in mind clearly the role of the segmentation in a
vision system, and the objective of the segmenta-
tion stage. The multiple resolution segmentations
obtained above may facilitate some object recogni-
tion tasks in the later stages of a vision system. The
segmentation at a suitable large scale may provide
a simple and abstract shape of an object. As com-
pared with segmentations at smaller scales, some
small features and noise that are shown at smaller
scales are eliminated at a larger scale. A description
of an object can be progressively refined by finding
finer features in the segmentations at lower scales.
To perform this computation, it is necessary to find
correspondence between the regions that represent
a same object from the segmentations at adjacent
resolution levels. However, to find such correspon-
dences is difficult due to several problems with the
above preliminary experimental results of multiple
scale segmentations.

First, the boundary shape of a region changes
significantly from one resolution to another. This
phenomenon is similar to the movement of contour
points in scale-space filtering [18]. Although regions
obtained at a large scale (e.g. two cars in the seg-
mentation by an 11X11 window) have simple and
abstract shapes, they could largely deviate the ac-
tual boundaries of the objects in the scene.

Second, a single region at one level can split into
two regions at the next level. For example, the body
and the roof of the smaller car in the scene belong
to one region in Figure 4.(d); but, it splits into two
separate regions in Figure 4.(e) with a quite distant
gap. This makes finding the correspondence rela-
tionship nontrivial between different levels.

In Witkin’s scale-space filtering, the scale param-
eter o can change continuously. Consequently, the
movements of contour points are continuous in the
scale-space, thus can be traced without difficulty.
Similarly, it is desired in our case that the changes
of region shapes, as well as the merging or sepa-
ration of regions, are in a continuous fashion. In
other words, “interpolations” should be made be-
tween each pair of adjacent levels as shown in Figure
4. The results shown in Figure 4 is called multiple
scale segmentations because they are obtained at
(a finite number of) discrete scales. What we need
here are the segmentations truly in a continuous
scale-space.

Direct interpolation between regions from adja-
cent levels is not possible because it requires the
correspondence between a pair of regions from two
different levels to be known first. To obtain a scale-
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space segmentation, we investigated the problem of
local thresholding by using a window with continu-
ously varied sizes.

A digital image f[x, y] is a set of equally spaced
discrete samples of a continuous light-intensity func-
tion f(x, y), arranged in the form of two-dimensional
array. In conventional window based operations,
the grids of a window are aligned with the grids
in a digital image. In order to allow an arbitrarily
sized window to be used, what we need is the recon-
struction (or an approximation) of the original con-
tinuous function f(x,y), such that this continuous
function can be resampled at an arbitrary interval.
Thus, in the following an approximation of f(x, y)
is first defined, and then the local thresholding with
arbitrary window size is introduced.

Definition: .ft I Given a digital image f[x, y], for
x,y=0,1,2,...,N-1, a continuous approximation of
f[x, y], denoted by f(x, y), is defined as the bi-linear
interpolation of f[x, y]. That is, for any real point
(x,5),0< z,y <N -1, f(x, y) is defined as the
bi-linear interpolation from the its four nearest grid
points: f[[z], [yl], fllz|+1, lyll, fllz], Ly]}+1, and
fllz] +1,|y]]+1. ft R

Once the continuous approximation function f(x,
y) is defined, we can resample f(x, y) at any real
point (x, y). Suppose a D x D window, where D
is a real number, is centered at an arbitrary pixel
in the digital image, we can digitize the window
into equally spaced grids and use resampled values
on these grids to perform window operation. It is
necessary to know what is an appropriate choice
of interval d for this digitization. By Whittaker-
Shannon sampling theorem [5], the interval d should
not be greater than 1. Otherwise, there will be some
information loss. On the other hand, there is no
need to use a very small interval because oversam-
pling will produce redundant information. Thus, it
is justified to choose the largest d, for d < 1, such
that d completely divides the dimension D. This
leads to the following definition for selecting d:

d—-{l ifD-|D|=0 @)
~ | D/(|D]+1) otherwise
It is easy to see that d < 1.

Figure 5 shows several examples of digitized win-
dows of various sizes. If D is an odd integer (e.g. a
3X3 window as shown in Figure 5.(a)), the layout
of the digitized window over the digital image is ex-
actly the same as the traditional window. If D is an
even integer (e.g. a 4X4 window), the layout of the
digitized window over the digital image is shown in
Figure 5.(b). When D is a non integer value (e.g.
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Figure 5. Digitization of arbitrarily sized windows

a 3.5X3.5 window), the layout of the digitized win-
dow over the digital image is shown in Figure 5.(c).
In the last case, the interval d between grids is less
than 1.

Finally, the computations described in Section 2
can be applied to the window we defined here to
determine the modality of a local histogram and
perform thresholding. Figure 6 shows a sequence
of segmentations using windows of sizes 9.25X9.25,
9.56X9.5,9.75X9.75, and 10X 10 respectively, to illus-
trate the gradual separation between the roof and
body of the smaller car in the scene. Any number
of levels can be inserted between a given interval in
the scale-space. Therefore, a scale-space local seg-
mentation technique is completely defined.

4 Contour Tracing in Scale-
Space

With the scale-space segmentation obtained above,
the task of traing the contours of corresponding re-
gions from different scales becomes relatively easy.
The purpose of contour tracing described in this
paper is the same as that of Witkin’s scale-space
filtering, which is to provide a qualitative descrip-
tion about the segmentation in scale-space. The
qualitative description. as an output from the seg-
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(a) 9.25X9.25 window (b) 9.5X9.5 window

(c) 9.75X9.75 window

(d) 10X10 window

Figure 6. Segmentations using different sizes of
windows.

mentation process. can better facilitate the object
recognition task in later stages of a vision system.

The key to trace the contours of segmented re-
glons in scale-space is to find the correspondence
between the regions at different scales. This com-
putation is carried out in two steps: (1) connected
components are labeled by identifying numbers for
each segmented image, and the statistical quantities
of each component. such as the area size and the av-
erage center of the component. are computed; and
(2) the correspondence is established between the
components from adjacent levels based on the sta-
tistical information of the components.

In the first step, labeling the connected com-
ponents in a segmented image is straightforward.
Many connected components labeling algorithms
have been developed [6] and can be directly applied
here. Once each component is assigned a unique
number, the area size of a component can be ob-
tained by enumerating the number of pixels of the
component. The average center position of a com-
ponent Is defined as the average coordinates of all
pixels of a component. We like to point out that the
computations of the area size and the average cen-
ter of a component can be carried out in separate
steps, or integrated into the connected components
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labeling algorithm. For each segmentation, a com-
ponents list is constructed in sorted order by their
sizes.

Before the second step is performed, a preprocess-
ing on the labeled components may be introduced to
simplify the segmentation results. The preprocess-
ing is to eliminate very small components. Those
small components are present usually due to the
noise in the image. However, those small compo-
nents may also correspond to small features in the
image. Nevertheless, they generally cannot be used
for object recognition, because they are too small to
be reliable. Therefore, a criterion may be set for the
area size to eliminate small components. The elim-
inated small components are merged into neighbor-
ing components.

In the second step, each component from one
segmentation level is compared with the candidate
components from an adjacent segmentation level. A
component is considered to be a candidate for com-
parison if its size is similar to the size of the compo-
nent being compared. If the center location of the
candidate component is also similar to that of the
component being compared, a corresponding rela-
tionship is established between the two components.
This corresponding relationship is represented by a
svmbolic link in the internal data structure. Fig-
ure 7 shows a set of contours corresponding to the
smaller car in the scene found by the tracing op-
eration described above. It is a stack of contours
found at different scales shown in 3D views. The
brightest layer corresponds to the smallest scale (i.e.
3X3 window), and the darkest the largest scale (i.e.
11X11 window). The continuous variation of con-
tours is clearly illustrated.

With this contour structure, the object recogni-
tion task may become easier. For example, the ex-
istence of an object may be found more easily and
reliably at a relatively large scale. The bottom level
of the contour trace provides a more accurate shape
of the object which allows a more conclusive match.
In particular, the separate roof and body at large
scale can be found to belong to the same object by
tracing them out to small scale.

5 Discussions

This paper presents a novel scale-space local thresh-
olding technique. A window with continuously var-
led size is used to scan an entire image, and an ac-
curate threshold is to be computed for the center
pixel at each window stop. By varying the size of
a window, the thresholds are computed at multiple
scales and, consequently, the image is segmented at

Vision Interface ‘95

138

Figure 7. Two different views of contour surfaces.

multiple resolutions. In the obtained segmentation
results, the contours of segmented regions vary con-
tinuously in the scale space. By tracing out the
contours of the corresponding regions, a qualitative
structure of segmentation in scale-space can be de-
rived, which will facilitate object recognition task
in vision systems.

The computational cost of the current technique
is relatively expensive because several local thresh-
olds are computed at several different window sizes
for each pixel location. The computing for a 3X3
window is arroud 30 seconds. 7XT7 and 11X11 are
40 seconds and 48 seconds respectively, on Silicon
Graphics Personal IRIS workstation. Some efforts
have been made to improve the efficiency. For ex-
ample, consider the case where the dimension D
of the window is an integer. When the window is
shifted by one pixel distance. there is a large over-
lapping among the previous grid locations and the
new grid locations of the window. Therefore, the
variance and mean of the local histogram at the new
location do not need to be recomputed completely.
Instead, they can be evaluated incrementally from
the variance and mean from the previous window
location. However, this improvement is not appli-
cable if D has a non-integer value. In this case, the
computing time required for a window is around a
few minutes. Further improvement for these com-
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putations should be studied in the future.

The result of scale-space segmentation can serve
as a basis to derive a hierarchical graph structure
for the segmented regions at different levels. A node
at a higher level in the hierarchy may represent a
coarse region found in the segmentation at a large
scale. The children of this node may correspond
to finer regions available in the segmentations at
smaller scales. To find a general such technique
seems to be quite challenging.

Finally, the technique developed in this work,
which uses a window with continuously varied size,
may also be applicable to other window based op-
erations.
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