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Abstract

In adaptive thresholding, a threshold is selected
according to local characteristics in an image and
varies from one part of the image to another. There
exist a number of adaptive local thresholding tech-
niques, with many successful applications. How-
ever, they also have several problems. First, there
is no systematic consideration for the size of the
window. Second, the technique, that subdivides an
image into a set of subimages and interpolates the
thresholds from those found for subimages, tends
to create artifacts at subimage boundaries, and can
miss boundaries sometimes. Third, they are not
applicable to general multi-modal images. This pa-
per presents a new adaptive local thresholding tech-
nique which addresses these problems. A variable
sized window is scanned over an entire image. An
efficient incremental method is developed for dis-
criminating the modalities of a local region by using
the mean and variance of graylevel distribution. A
threshold hierarchy indexing method is introduced
to efficiently compute approximated optimal local
thresholds. This preliminary study also investigated
the relationship between the window size of adap-
tive local thresholding and the thresholded image
results. It is found that with different window sizes,
an image may be segmented at different levels of
abstraction.

1 Introduction

Image segmentation is a process of partitioning an
image into a set of non-overlapping regions. The
purpose of image segmentation is to decompose an
image into parts that are meaningful with respect to
a particular application. Although it is difficult to
tell a computer program what constitutes a “mean-
ingful” segmentation, there are, however, some gen-
eral rules for segmentation [4] :

1. Regions of an image segmentation should be
uniform and homogeneous with respect to some
characteristics, such as graylevel or texture.

2. Region interiors should be simple.

3. Boundaries of each segment should be simple
and spatially accurate in separating adjacent
regions which have significantly different values
with respect to the characteristics being consid-
ered.

There is no standard approach to different seg-
mentation problems. A variety of techniques
have been developed for different applications,
which 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 threshold-
ing techniques. Thresholding techniques are com-
putationally simple and never fails to define dis-
Joint regions with closed connected boundaries [11].
Thresholding techniques can be further classified
into the following two categories: global threshold-
ing, and adaptive local thresholding.

Image characteristics can change over a broad
range of intensity distribution across an image. A
threshold value may work well in one region of an
image, but may perform poorly in another. This
leads to the consideration of adaptive thresholding
by which a threshold is selected according to local
characteristics in an image and varies from one part
of the image to another.

Fernando and Monro [2] suggested a local thresh-
olding technique for X-ray angiograms. The his-
togram of such images are unimodal with nar-
row peaks, and so most global thresholding tech-
niques produce unsatisfactory results. According
to this method, the image is partitioned into 16
nonoverlapping subimages and the entropic thresh-
olding technique of Pun [8] is applied to determine
the threshold value for each of these subimages.
This method may yield a thresholded image with
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graylevel discontinuities at the boundaries of two
different subimages. A low-pass filter is then used
to reduce these discontinuities.

Chow and Kaneko [1] 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 de-
fined as the interpolated value from the thresholds
found in neighboring windows.

Nakagawa and Rosenfeld [6] extended the above
method [1] to trimodal cases and found an improve-
ment over bimodal cases.

Though the above methods have been success-
fully applied to many applications, such as detect-
ing the heart region on chest X-ray [1], they have
several problems. First, there is no systematic con-
sideration for the size of a window. We believe that
the size of the window should not be fixed, rather
it should be related to the scale of features in an
image. It is desirable that the size of window is ap-
propriately selected so that it generates a unimodal
histogram when the window is inside a homogeneous
region, and a bimodal histogram when the window
crosses the boundary of two regions. In the case
that a window is located near a boundary of two
regions, 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. On the
other hand, if the window is much larger than the
scale of features, it may cover too large a area such
that a multimodal histogram is produced. There-
fore, the size of the window can not be arbitrarily
chosen, instead, it should be determined with a con-
sideration about the scales of features in an image.
Furthermore, the scale of features may vary across
an image. In this case, the size of the window should
not be fixed, but, varies across an image according
to the scale variation of features.

Second, because of the subdivision of the im-
age into independent windows, there are chances
that the threshold values for each window might
change abruptly, creating unnecessary artifacts at
the boundaries of neighboring subimages. Some-
times smoothing techniques [2] may be applied to
remove these artifacts, but the problem is not com-
pletely solved. Ideally, a window should scan across
an image, and a threshold is determined at each lo-
cation. But it is computationally expensive. A com-
promise is to divide the image into subregions and
then have thresholds interpolated between regions
as presented in [1, 6]. However, it can perform very
poorly in situations where the object is between two

adjacent windows.

Third, the existing adaptive local thresholding
techniques are not directly applicable to general
multi-modal images.

Motivated by these considerations, a new adap-
tive local thresholding technique, based on a vari-
able sized window, is studied. The new technique
addresses the first and second problems associated
with existing methods described above. Further-
more, the third problem is solved by a novel thresh-
old hierarchy indexing method. The preliminary ex-
perimental results reported in this paper indicates
that the new method is very promising. The pa-
per is organized as follows. Section 2 introduces the
new adaptive local thresholding method based on
a variable sized window. Section 3 presents a new
threshold hierarchy indexing method for the seg-
mentation of general multi-modal images. Two sets
of experimental results are presented and discussed
in Section 4. In the final conclusion section, limita-
tions of the presented technique and future research
are discussed.

2 Variable Thresholding
Based on Local Bimodality.

The first problem concerned is the selection of ap-
propriate window sizes. There is no rule from pre-
vious literature as to what the window size should
be. From the discussion in the previous section, the
size of a window should be large enough to cover
sufficient number of pixels for generating a reliable
graylevel distribution. A 4 x 4 or smaller window
covers only 16 or less pixels. A histogram from such
a small population is very sensitive to noise, and
generally not sufficient to defined a reasonably re-
liable graylevel distribution. Hence, the minimum
size of the window is set at 5 x 5 in this study. With
this window size, the associated computational cost
is relatively low, and it generates a reliable bimodal
histogram when the window is located near or on a
boundary of two regions. On the other hand, the
maximum size of the window should not exceed the
scale of the features under consideration. In addi-
tion, if a large window is used, associated computa-
tional costs, such as finding the modes, will increase.
Therefore, the size of window should be bounded by
a minimum and a maximum size so that the uni- or
bi-modality could be reliably detected. The effects
of different minimum and maximum sizes are ex-
perimented in Section 4, and their properties are
illustrated by several examples.

The main computation in variable thresholding



1s to determine the modality of histogram. Con-
ventional techniques for modality determination are
usually based on an analysis of histogram distribu-
tion, such as identifying valleys and peaks. Since
we need to determine modality at multiple scales
across an entire image, conventional techniques can
be very time consuming. This leads to the consid-
eration of an estimation method introduced below.
The principle is based on the mean and variance of
the histogram associated with a window. The mean
is calculated using the definition:
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where N is the size of the window; (z1,y;) and
(z2,y2) are the coordinates of the lower left corner
and upper right corner of the window, respectively.
The variance can be calculated using the definition:
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where N is the number of graylevels.

The calculation starts with a predetermined min-
imum window size. A threshold value Vp is chosen
for the variance. If V5 > Vp, the histogram is con-
sidered to be bimodal. Otherwise it is unimodal.

It should be noted that this method gives only an
approximated estimation of modality, and should
not be taken a precise decision. Though it is
quite reliable in discriminating uni and bimodes in
most situations, some ambiguity may rise in a few
cases. For example, some unimodal distribution
could have a relatively large V; value. To eliminate
such an ambiguity, a verification step should be fol-
lowed. It should also be noted that this method
determines only the modality, but does not find a
threshold when a bimodal is detected. Threshold se-
lection is discussed in Section 3. As we will see there
the verification of modality will be a by-product of
the threshold selection process.

With a minimum size window, a small V; vales
should not lead to the conclusion of unimodal, be-
cause there is a possibility that the window is lo-
cated near the boundary of two regions, but is not
wide enough to reach the other side of the boundary.
So the window should be expanded and re-tested
for modality until it reaches a predefined maximum
size. Thus, if the histogram is unimodal, then the
window size is increased by one pixel on all sides
and tested again for modality.

After the window size is increased, mean and vari-
ance have to be calculated again. This will be time
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consuming if they are re-calculated entirely. In or-
der to improve the efficiency of this calculation, an
incremental method was devised to prevent calcu-
lation of mean and variance all over again.

In the case of the mean, only those pixels are
considered which are new to the old window, i.e.
the one-pixel increase on all sides. The new relation
becomes :
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where N* is the new window size, (z11,y11) is the
new left lower corner and (221, ¥21) is the new upper
right corner of the window.

Also, the new variance can be given as :

1 N-1
View = N* Z(yz = ynew)z' (4)
1=0

For variance, an incremental method has been de-
signed. The change in variance can be calculated
by finding the difference of the new and old values
(Vaew — Vo). Also the change in mean value can be
found using the relation g,,,, = (7, + Ay). The
above two equations, when solved for (Ve — Vo),
result in:

N-1
N* X Vaew—=N x Vo= Y Ay(20o+Ay—2u) (5)
=0
or
1 N-1
Vaew = 7 [N x Vo + > Ay(2h, + Ay —2u)] (6)
=0

Our second consideration is the problem associ-
ated with the artificial subdivision of an image in
previous methods. Ideally, the threshold for a pixel
(x,y) should be determined based a subimage cen-
tered at (x,y). This will require a window scanning
process across the entire image. It is a clearly an
expensive computation, because a threshold is to be
computed at each window position. To improve the
efficiency of this scanning process, an incremental
formula similar to (3) is derived. When the window
1s translated to the right by one pixel, the new mean
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Figure 1. Original image of model.

and variance can be also calculated incrementally,
rather than be re-calculated entirely for the window.
The translation of the window shifts one column out
on its left, and includes a new column on its right.
Based on this observation, an incremental formula
for mean was developed:

1 T2new Y2new
—gnw:N* yOXN'{' Z Z Zij
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where (Z1new, Yinew) and (Z2new, Y2new) are the new
coordinates of the window. That is, the column
being shifted out of the window is subtracted from
old yo, and the column being included is added into
the formula. The variance is calculated similarly
by the equation (6). This calculation allows us to
scan the image pixel by pixel in a relatively efficient
manner. Figure 1 is an original image of a model.
Figure 2 depicts the credibility of using mean and
variance as parameters to determine the bimodality
at each pixel in the image. In this black and white
image, all pixels in the unimodal region are labeled
white and all pixels in bimodal regions are labeled
black.

Once a histogram is detected to be bimodal, the
precise threshold value needs to be determined. In
Chow and Kaneko’s method [1], a Gaussian curve
fitting process is applied to find the optimal value.
The drawback of this method is that it is computa-
tionally expensive. There are three variables P, pu,
and o that need to be computed for each dominant
mode of the histogram, where P is the probabil-

Figure 2. Binary image of modality.

ity associated with the mean p and o is the stan-
dard deviation of the Gaussian distribution. This
process would be very time consuming if it were to
be performed on all windows. In the next section,
an efficient method is presented for finding approxi-
mated optimal thresholds. This method also solves
the problem of adaptive local thresholding for multi-
modal image.

3 Indexing into a Threshold
Hierarchy

When the variance is above a certain level, the his-
togram is considered to be bimodal. This bimodal
histogram is then convoluted with a Gaussian den-
sity function using the relation

F(z,0) = f(z) * g(z,0)

(oo} 1 :r_“zz
= / f(u) e 22 du. (8)
e o/ 2w

where f(x) represents the bimodal histogram, and
g(z, ) is the Gaussian density function that is used
for convolution. The local valley bottoms of the
smoothed histogram are chosen as thresholds ini-
tially. As it is mentioned in the previous section,
a unimodal distribution may have a relatively large
Vo value. In this case, no valley point will be well-
defined. Hence, it should be re-classified as uni-
modal.

Optimal thresholds are desired. Clearly, apply-
ing the Gaussian fitting method [1] to each bimodal
subimages is computationally expensive. A novel
indexing method is studied, which uses a global
threshold hierarchy structure [13] to determine an
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approximated local optimal threshold. At the same
time, this method also solves the problem of thresh-
olding general multi-modal images.

A threshold hierarchy structure was introduced
by Wang, Yang and Symes (WYS) [13] for reliable
selection of thresholds at different scales. We briefly
review this technique below.

The histogram of an image is generally noisy,
making the selection of local minimum points of a
histogram as thresholds unreliable. However, this
process can be improved by smoothing the his-
togram. Smoothing is done by Gaussian convolu-
tion, H(z,0) = h(z) * g(z,0), where h(x) is the
histogram of the image, and o is the standard de-
viation of Gaussian distribution. The convolution
can be given by

2

H(x,a):/_oo h(u)a—\/%e—%%du. )

Figure 3.(a) illustrates a sequence of Gaussian
smoothings of the original histogram.

H(z,0) defines a surface on the (z,0) plane,
where each profile of constant o is a Gaussian-
smoothed version of h(z), with the amount of
smoothing increasing with increasing ¢. During the

. smoothing process the location of local minimum

points shifts and a plot of such minimum points at
different o levels results in contours in the scale-
space (Figure 3.(b)). The concept of the interval
tree was introduced by Witkin [15] to reduce the
scale-space contour image into a simple interval tree
that concisely, but completely, describes the quali-
tative structure. Figure 3.(c) shows the interval tree
derived from Figure 3.(b). This interval tree gives
the exact numbers and values for the thresholds at
different scale levels. A coarse segmentation may be
obtained by using threshold values for a large scale
level. The segmented regions can be further seg-
mented into finer regions by considering threshold
values at smaller scale levels.

Optimal thresholds may be computed by fitting
a Gaussian distribution to each interval in the hier-
archy at a certain scale. Those intervals represent
principal modes in the histogram. In order to re-
duce the number of parameters in the curve fitting
process, the mean and magnitude of a Gaussian can
be approximated directly by the location and peak
of each mode in the smoothed histogram. Thus the
curve fitting is subject only to the value of standard
deviation of each Gaussian curve. It was found that
the intersection of the two Gaussian curves results
n a new and better threshold compared to the pre-
vious methods [16].

Now, we return to the window scanning process
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Figure 3: (a) Sequence of Gaussian Smoothing; (b)
Contours of local minimum points; (¢) Threshold
hierarchy; (d) Thresholds : Bold vertical lines -
WYS’s method, Gray vertical lines - approximated
optimal method
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for finding optimal local thresholds. After an ini-
tial threshold is obtained for a bimodal subimages,
the local histogram is divided into two modes and
the mean value for each of these modes can be
computed. These mean values are used to index
into the threshold hierarchy at a chosen scale level.
The intersection point between the pair of Gaussian
curves corresponding to the two intervals found in
the threshold hierarchy provides an approximated
local optimal threshold. '

The indexing methods has a number of advan-
tages. First, the threshold hierarchy and Gaussian
fitting curves need to be computed only once, and
can be used throughout the window scanning pro-
cess. Second, a Gaussian curve for each mode is
derived from the global histogram, thus it is less
sensitive to noise because it is based on a large pop-
ulation. On the other hand, a local histogram is
based a small population, hence, less reliable and
more sensitive to noise. Third, by indexing into the
hierarchy, the distribution functions for any pair of
modes are available immediately, and their intersec-
tion point can also be precomputed, thus readily for
the thresholding operation.

Once a threshold is obtained for a window, the
graylevel associated with the center pixel of that
window is modified according to the threshold. The
center pixel alone is modified for each window, and
after the completion of this procedure, the window
is moved one pixel in the horizontal direction. For
unimodal cases, a similar procedure is performed
except that it is not smoothed and thresholded.

4 Experiments

The new adaptive local thresholding method is ap-
plied to the model image (Figure 1). Figure 4.(a)
shows thresholded model image by using the thresh-
olds found by threshold hierarchy method [13]. The
new technique is tested with two different minimum
window sizes. Figure 4.(b) shows the segmented im-
age using minimum window size of 5 x 5 pixels. This
result contains a fewer and larger segmented regions
with more smoothed boundaries as compared with
the result from global thresholding (Figure 4.(a)).
In particular, the narrow gray strips between the
cheek and background presented in Figure 4.(a) are
successfully eliminated by the new local threshold-
ing method. Also, many other portions, such as hair
and background, are segmented into fewer, simpler
regions. By changing the minimum window size to
9 x 9, we expect more small features be eliminated.
It is approved by Figure 4.(c). The maximum win-
dow size is set at 13 x 13 for both Figures 4.(b) and

4.(c)

This technique is tested on another landscape im-
age (Figure 5). Figure 5.(a) shows the original im-
age. The results obtained by using the threshold
hierarchy method is shown in Figure 5.(b). Figures
5.(c) and (d) show the segmentation results using
the new local thresholding method with minimum
window sizes of 5 X 5 and 9 x 9 respectively. These
results are consistent with that of the previous ex-
ample. That is, the new method generates fewer
and simpler segmented regions. Particularly, more
small features can be eliminated by increasing the
minimum window size.

5 Conclusions

This study presents a new adaptive local thresh-
olding technique. An effective incremental method
for discriminating the bimodal regions of the image
is developed using mean and variance. A variable
sized window is scanned over the entire image, and
only the center pixel is changed depending on the
graylevel of that pixel as indexed into the thresh-
old hierarchy that is computed from the global his-
togram. This preliminary study investigated the re-
lationship between the window size of adaptive local
thresholding and the thresholded image results. It
is found that with different window sizes, an image
may be segmented at different levels of abstraction.

Future work may be done to resolve some of the
problems associated with the new technique. For
example, a fixed maximum window size is used in
the current study. However, the scales of features
varies across an image in general. An adaptive max-
imum window size according to the varying local
feature scale is desired. An automated method for
estimating the scales of features in a local region is
both an interesting and a challenge problem. Cur-
rently, a fixed Vp is used. It may also be selected
adaptively. Any progress made in this direction will
make this technique more robust and applicable to
a wider range of applications.

Also, the technique uses global histogram for in-
dexing. Sometimes, Gaussian fitting for global his-
togram may not be similar to local distribution. A
technique which can scale Gaussian in the global
histogram according to locally derived statistics
may generate more accurate thresholding bound-
aries.
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Figure 4: (a) Segmented image using the threshold
hierarchy method; Segmented images with
minimum window sizes of (b) 5 x 5 pixels, and (c)
9 x 9 pixels.
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(d)

Figure 5: (a) Original image of Landscape; (b)
Segmented image using Threshold Hierarchy
method; Segmented image using the new method
with minimum window sizes of (¢) 5 x 5 pixels,
and (d) 9 x 9 pixels.
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