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Image Segmentation by Clustering

GUY B. COLEMAN, MEMBER, 1IEEE, AND HARRY C. ANDREWS, SENIOR MEMBER, IEEE

Abstract—This paper describes a procedure for segmenting imagery
using digital methods and is based on a mathematical-pattern recogni-
tion model. The technique does not require training prototypes but
operates in an “unsupervised” mode. The features most useful for the
given image to be segmented are retained by the algorithm without
human interaction, by rejecting those attributes which do not con-
tribute to homogeneous clustering in V-dimensional vector space.

The basic procedure is a K-means clustering algorithm which con-
verges to a local minimum in the average squared intercluster distance
for a specified number of clusters. The algorithm iterates on the num-
ber of clusters, evaluating the clustering based on a parameter of
clustering quality, The parameter proposed is a product of between
and within cluster scatter measures, which achieves a maximum value
that is postulated to represent an intrinsic number of clusters in the
data. At this value, feature rejection is implemented via a Bhattacharyya
measure to make the image segments more homogeneous (thereby re-
moving “noisy” features); and reclustering is performed. The resulting
parameter of clustering fidelity is maximized with segmented imagery
resulting in psychovisually pleasing and culturally logical image
segments.,

INTRODUCTION

HIS PAPER describes a procedure for automatically

’l segmenting images into regions using digital techniques.

The background of this procedure lies in image-
understanding systems, an expansion of image-processing sys-
tems that attempt to draw meaningful inferences from visual
data. An important step to forming inferences about the visual
data is to segment the image into regions of homogeneity to
aid further analysis.

The goal of the research described herein is to develop a
reasonably fast algorithm for segmenting images into regions
that correspond in a large degree to areas that would be per-
ceived as essentially homogeneous by a human interpreter.
The procedure does not use context-related information such
as shape and relative position. All forms of imagery may be
segmented utilizing the same algorithm, with a somewhat
expanded feature set for color and multispectral data.

The second section of the paper provides an overview of
image-understanding systems in general and approaches to
image segmentation in the past. The approach taken here is a
procedure based entirely on clustering. However, while
clustering has been used to refine and identify image segmen-
tations in the past, it has previously been believed that'a pure
clustering approach was too cumbersome computationally to
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implement.
pitfalls.

The third section consists of a theoretical development of
the background of clustering. Additional tools of statistical
data analysis are developed to determine the ‘“‘intrinsic” num-
ber of clusters in the data, and a novel arrangement of these
tools is proposed to provide a reliable and unambiguous stop-
ping criterion for the algorithm.

The fourth section is a detailed description of the approach
taken. Block diagrams and flowcharts of the algorithm are
provided along with the rationale for the various procedures
used. A complete description of the feature sets used to seg-
ment images are provided and the various rejection criteria for
these features are justified, based on results obtained. To ob-
tain an elementary preclassification of region character, a novel
nonlinear filter based on the mode of the local area histogram
is proposed and used to segment images.

The results obtained on several kinds of images are described
in the fifth section. In some cases, images were segmented
with more than one feature set in an attempt to improve per-
formance. Monochrome, color, and movie frames were all seg-
mented with varying degrees of success.

The approach taken here avoids many of those

IMAGE-UNDERSTANDING SYSTEMS

An image-understanding system is a system that uses visual
data to generate descriptions that are useful for desired appli-
cations. The descriptions generated can be at very different
levels and degrees of detail. If an image is represented in
digital form, then the image is represented by an array of num-
bers characterizing the brightness at each point on a (usually)
rectangular grid. These brightness elements are called picture
elements (pixels). In the limiting case, this array of numbers
“describes” the image.

Image descriptions of this form are usually the starting point
for image-understanding systems, The system generates a
series of descriptions that are progressively more general until
a descriptive level is reached that satisfies the system require-
ments, It has been observed that the successive levels of ab-
straction require that the higher levels of the system interact
with the lower levels, based on the current descriptions [1].
This processing approach is called “heterarchical.” The image-
understanding system is therefore conceptualized as having a
hierarchy of processing levels, as shown in Fig, 1.

The primitive description level extracts local features that
are not related to context. The primary or “first-order”
features of a pixel in a monochrome image are the brightness
(with due consideration of the sensor-spectral response) and
spatial location of the pixel. All other features are of higher
order, that is they describe how the pixel is related to sur-
rounding pixels in the image. These features describe such
primitive local attributes of the picture as brightness, texture
and color. A proper primitive description level of the image-
understanding system would transform the features into a
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Fig. 1. Image understanding system.

coordinate system where numerical distance would be related
to human perceptual difference [2].

The symbolic description level of the system takes the
primitive descriptions and forms more global and symbolic
descriptions of the image. Segmentation of the image takes
place at this level. The initial segmentation is based purely on
perceptual difference. After analysis by the semantic interpre-
tation level of the system, the symbolic level may be directed
to merge or to further divide regions in the image. Thus the
decisions about dividing the scene into similar or homogeneous
regions are made at this level of the image-understanding sys-
tem. Feedback from the semantic interpretation level is neces-
sary to ensure that the symbolic descriptions are consistent
with the goals of the image-understanding system.

The semantic interpretation level of the system generates
hypotheses for the contents of the image based on the sym-
bolic descriptions. The semantic interpretation level then
further directs the lower processing levels until the symbolic
descriptions confirm one of the hypotheses,

A number of somewhat different models have been pro-
posed other than the model of Fig. 1. It has been suggested,
for example, that a goal directed or “top-down” approach be
used to look for a specific object in, or test a specific hypothe-
sis about, an image. Examples of this are discussed in [3], [4].
The problem with top-down approaches is that the specific
circumstances under which the system operates must be well
defined in advance. Any substantial departure from these
circumstances will cause the system to fail to perform
adequately.

Other models represent a middle ground between the com-
pletely top-down and the completely bottom-up approaches.
These models differ mainly in that they use knowledge of the
scene at the earliest possible stage of the image-understanding
system to refine the scene description as it is generated
{51, 161.

In all of these image-understanding system approaches, gross
overall image segmentation is necessary to direct the atterntion
of the higher system levels, form preliminary hypotheses about
the image (such as whether it is an aerial photograph or indoor
scene, etc.), and identify areas to be examined in greater detail
or merged with other areas of lesser interest,

Segmentation of images into homogeneous regions has been
a goal of image-understanding researchers for many years,
Beginning with simple block-like objects [7], image segmen-
tors have begun attempting to segment natural scenes. Early
efforts [8]-[12] manipulated line drawings in different ways,
but extracted these line drawings as a preprocessing step for
higher level operations.
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Extension of artificial intelligence based procedures to image
segmentation often used top-down approaches based on
a priori knowledge of the image content. Many of these ap-
proaches used training algorithms to train the classifier and
highly heuristic features based on the a priori knowledge of the
image and the purpose of the image understanding system
[13]-[17]. An excellent description of each of these segmen-
tation approaches and the context in which they were applied
is contained in [18].

Common to all of these approaches is the extraction of line
drawings by various methods. Thus the region boundaries
represent the segmentation of the image. In some of these
approaches, the edges are sought directly by edge detection
[191-[22], or functional approximation [23], [24]. In other
approaches, the regions are detected first and the boundaries
determined later. One method is a top-down procedure
wherein the picture is segmented into progressively smaller
regions until certain criteria are satisfied [25], [26]. Another
method is a bottom-up approach, wherein the picture is
divided into a large number of small regions (possibly as small
as one pixel), which are successively merged to form larger
regions {271, [28].

A few attempts at bottom-up approaches to image segmen-
tation using clustering have been made in the past. The first of
these was performed by Haralick and Kelly [29]. This proce-
dure used a modified linking or ‘“nearest neighbor” rule to
form the clusters on multispectral image data. Further work
has been performed using textural features and a classifier
operating in the supervised mode [30}. The supervised mode
requires that the cluster center be determined by ““training.”
Finally, clustering has also been applied to images segmented
by an edge-detection procedure [31]. An additional bottom-up
approach to image segmentation is described by Ohlander
[32]. This procedure uses histogram analysis to successively
delete points contained in feature histogram peaks.

PATTERN RECOGNITION, UNSUPERVISED LEARNING,
AND CLUSTERING

A large methodology has been built up over the last several
decades under the general subject heading of pattern recogni-
tion. It is convenient to divide this body of knowledge into
two categories. The first category contains knowledge that is
most closely related to computer-artificial intelligence. The
second consists of mathematical theory and techniques from
statistical data analysis and communication theory.

The artificial-intelligence approaches often use language
theory to describe a scene in terms of primitive elements or
subpatterns and their relationship to each other. The relation-
ships are described in the syntactic-structure models of formal
language. Visual patterns are considered to belong to a two-
dimensional language. The structural descriptions of these
patterns in terms of the grammar is the syntax, Recognition
becomes syntax analysis (often called parsing). The limitations
of these approaches are that relatively little work has been
done in noisy syntax and that most existing linguistic schemes
are in terms of shape which is but one of many features avail-
able to human observers. An exception to this is the work by
Fu with recognizing and parsing noisy strings [47]. Neverthe-
less, context is easily visualized in such an approach as addi-
tional constraints on the relationships between the primitive
elements.

The first results obtained in the general discipline now called
pattern recognition were based on mathematical models [33].
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Fig. 2. Classical pattern recognition.

These models assume that a sensor or series of sensors measure
physical quantities about an object in the real world (Fig. 2).
In general, the measurements of the sensors form a vector that
describes the object. In the case of visual data, the sensors are
usually some form of camera, perhaps extracting multispectral
measurements about the physical world. For purposes of
manipulation of the data by digital computer, the image must
be converted into digital form by appropriately sampling the
image.

The pattern space consists of the image samples just de-
scribed. The “first-order” features of an image are its bright-
ness (possibly in several spectral regions), and the spatial co-
ordinates of the appropriate point. Each point is usually called a
picture element (pixel). Other features, such as texture, are
properties of a region [2]. Thus the feature-extraction process
may, in the case of images, enlarge the amount of data re-
quired to represent the image considerably.

The feature space, as described above, represents a high-
dimensional (dimension >10 is not uncommon) space in which
each point in the image is represented by a vector of features
x=(x1,X2,...,%,). Here n is the dimension of the feature
space, and x; is the value of the ith feature at a given pixel
location. The classification problem is now to find separating
surfaces in n dimensions which will partition the feature space
into X mutually exclusive and collectively exhaustive regions.
The classification which results from assigning the vectors in
accordance with a particular partitioning of the feature space
can then be evaluated as to the relevancy of such a partition to
some image-understanding task.

This model of the feature space when applied to the image
segmentation problem, implicitly assumes that numerical dif-
ference is directly proportional to perceptual difference, in the
human perceptual system, This is an assumption which is al-
most certainly untrue, at the current state of knowledge about
the human perceptual system and the current state of develop-
ment of features used in digital image pattern-recognition
techniques. Nevertheless, the existence of a (almost certainly)
nonlinear transformation can be postulated which would map
the feature vectors into a new space where the model described
previously would be perceptually valid.

The determination of the separating surfaces in the tradi-
tional pattern-recognition system is made through the use of
prototypes or training samples whose correct classification is
known. These samples are fed to the system and establish the
decision boundaries for use in classifying unknown samples.
This approach is often called the “supervised” pattern-
recognition approach.

Frequently, it is desirable to design a pattern classification
system without the use of training samples [34]. The theoreti-
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cal framework on which unsupervised pattern recognition is
based is very tenuous. If nothing whatsoever is known about
the data, the problem is not solvable in general. However, in
the case of image-related data, it is known a priori (or at least
assumed) that the data represents low-level perceptual differ-
ences. It is to be expected that regions of the image that ap-
pear the same would produce feature vectors that are near to
each other, whereas regions that appear substantially different
would produce feature vectors that are far apart. This assump-
tion leads naturally to the expectation that similar appearing
regions will produce groups of vectors that are close together
in feature space. These groups of vectors will hereafter be
called “clusters.”

In general, the term clustering refers to the grouping of a
given set of objects into subsets according to the properties of
each object. The subsets are required to contain objects that
are in some sense more similar to each other than to the ob-
jects in other subsets. Clustering has been used for several
decades, and was first applied by Tyron to numerical taxon-
omy problems [35].

There are any number of clustering procedures, each having
its own peculiar characteristics [36]. When it is anticipated
that the clusters are tight and widely spaced the chain method
[37], [38] may be used. However, the procedure runs into
trouble when the clusters are close together and the boundaries
are indistinct.

There are a number of procedures which will iterate to a
local minimum for the average distance, from each sample to
the nearest cluster mean. Perhaps the best example of these
procedures is the nearest means algorithm adapted by Ball
and Hall [39].

This procedure begins with an assumed number of clusters.
The means are arbitrarily assigned, although the initial mean
assignment will affect the number of iterations required for
convergence. The data is then assigned to the nearest mean.
After all of the data points have been assigned, the cluster
means are recomputed based on the assigned data points. This
process continues until the data assignment does not change,
at which point the process is said to have converged. This
algorithm will iterate to a local minimum for the average
within-cluster distance.

For clustering procedures of the nearest means type, the key
obstacle to be overcome is the determination of the “correct”
number of clusters. It has been suggested that a possible ap-
proach is to obtain a measure of the clustering quality repre-
sented by some parameter, beta, [33], [40].

A number of measures have been proposed for beta, one of
which is the ratio of the between- to within-cluster scatter
measure [41]. The within-cluster and between-cluster mea-
sures are derived from within- and between-cluster scatter
matrices. These measures are intended to measure the separa-
bility of the data. The within-cluster scatter matrix is based on
the scatter of the data about the cluster means, and is given by

1 K
Sw==> e{(x-ux)x- up)}
K i

where x is the feature vector,

1
ell=— 2 (im0~ )
My X; €Sk

and uy is the mean of the kth cluster. My is the number of
elements in the kth cluster, x; is an element in the Kth cluster
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(the set of such elements being given by §; ), and X is the total
number of clusters. The between-cluster scatter matrix can be
defined in numerous ways, but for K = 2 cluster, the most
straightforward definition is given by

1 X
Sp = X D (mg - o) (Mg - #o)!
k=1

where o is the overall mean vector of the entire mixture, and
is given by

1 f x
“o = — i
M i=1
Here M represents the total number of points (pixels) to be
clustered.

The goal of using the scatter matrices is a measure of cluster
separability. It is therefore necessary to derive a number,
parameter beta, from these matrices which is related to cluster
separability. There are a number of ways of deriving such a
number, among which are:

B =11 (S Sp)

By =In{|S,, +Sp1/ISw!}
B3 =trSp - u(trS, -c)
Bs =tr Sp/trS,,

Bs =trSp,-trS,,

where tr(+) indicates “trace” or sum of the diagonal elements
of a matrix, and [-| denotes the determinant of the matrix.
When B3 is used, the procedure is to maximize tr §;, subject
to tr Sy, =c. Here u is the Lagrange multiplier and c is
a constant.

The terms f§; and B, are invariant under any nonsingular
linear transformation. The terms f3 and S, while easier to
compute, depend on the coordinate system.

The use of the parameter beta to measure the “goodness” of
clustering requires that a knee in the beta versus number of
clusters be detected. If the data is noisy and the curve is not
smooth, this may be very difficult, A better procedure would
be to observe a parameter §; which passes through a maximum
at the intrinsic number of clusters (see Fig. 3).

When the number of clusters equals 1, tr S, = 0?, the vari-
ance of the mixture, tr S, = 0, and 5 = 0. When the number
of clusters equals M, where M is the total number of vectors in
the mixture,

trS,, =0 and trS,=o0%

Hence s = 0.

This measure is zero at the limiting points of the clustering
and greater than zero in the interval. Therefore, it must attain
at least one (and perhaps several) maximum value(s) some-
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where in the interval. The ideal behavior for §5 would be for
it to attain a unique maximum at a clustering of the data that
would be regarded as “good” by a human observer.

The use of tr S,, and tr Sp to define clustering quality im-
plicitly defines a weighting function on the cluster size. Each
term in the within- and between- cluster scatter matrices is
composed of a weighted sum of terms. The weighting is based
on the relative frequency (1/My) of the data points in each
cluster.

An interesting relationship is true when this implicit weight-
ing is used. In this case

trSy +trSy=trop=¢

where ¢ is the covariance matrix of the data, and C is a con-
stant (sum of the total variance of the data). Hence,

Bs=trSp-trS, =(C-trS,)trS,

differentiating with respect to tr §,,, and setting the derivative
equal to zero yields

trS,, =CJ2

which implies that 5 achieves a maximum at the clustering
that causes tr S,, to equal one-half the tr [¢].

Further,
=t
Bo=tr tr Sy
_C-tuS,
trS, )
When tr S, =C/2,

c-C2

=—=1,

Ba o

Therefore, the ratio of between- to within- cluster scatter
measures will be exactly 1 at the “product maximum” of fs.

Knowledge of this relationship is an advantage for real-time
applications, in that, determination of the product maximum
(Bmax) Tequires that clustering be performed on one greater
number of clusters than the number at which the product
maximum occurs in order to detect a decrease.

Different images can be expected to be segmented most
efficiently by different sets of features, depending on the con-
tent of the scene. Once initial clustering has been performed,
it may be desirable to discard those features not contributing
to good clustering and recluster based on the most important
features. In order to accomplish this, some means for evaluat-
ing the usefulness of the features is required. A related prob-
lem is that the features may be highly correlated in the original
space. Thus several highly correlated features may be evaluated
as good while conveying essentially the same information due
to the high degree of correlation. Thus feature selection in an
uncorrelated space is highly desirable.

After the product maximum of 85 has determined the intrin-
sic number of clusters, the criterion of optimality for the
selection of a feature set is the probability of misclustering
(classification) of the samples. Several measures have been
developed which upper bound the misclassification rate.
Specifically, for a symmetric cost function classifier and
Gaussian data, the Bayes error rate P, has been shown to be
upper-bounded inversely as the Bhattacharyya measure
[411, [42].
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Hence,
< P(81) P(S;) exp [-B(S1, 52)]
for a two-class (cluster) problem where
B(Sy,8) =% In {7 [[¢217 [¢1 ] + [6117 (021 + 21111}

=L tr {((81]+ (62D (my - o) (By - 8,)°}

and P(S,), P(S,) are the prior probabilities of clusters §;, and
§,. The Gaussian distributions are given by

Px|Sx) = Nug, (o]

and [¢g ] is the covariance matrix of the kth class or cluster.
For a multiclass problem, P, can be bounded by pairwise
averaging, i.e.,

K K
<> P(Sp) P(S)) exp [-B(S;, Sp)-
i>j
The previous equation is called the many-at-a-time form of
the Bhattacharyya distance measure. This equation requires
that the covariance matrix of every class be invertible, a condi-
tion which may not be achievable in practice where the co-
variance matrices are sample determined. A computationally
more simple form of the above results when the one-at-a-time
form is utilized. This form is given by:

1 {1 (a,-’(n) W) 0, (n) 2)}
of(n)

Bn(S;, Sp) =7 1n 14 \o?(n)
' 1 [(p(n) - p;(n))?
4 { a?2(n)+0?(n)
i ]

where n refers to the nth dimension of the space and oy, 0; are
variances of the ith and jth cluster data on dimension n. This
form involves only scalar means and variances.

Fig. 4 provides some insight into the behavior of the one-at-
a-time Bhattacharyya measure. When the variances are equal
but the means are not, as in Fig. 4(a), the first term of the
Bhattacharyya measure will be zero but the second term will
be nonzero. The second term will be large if the variance is
small under this condition, implying that a large difference in
means accompanied by small variances, is a desirable quality
in a feature for distinguishing between two clusters. The
situation depicted in Fig. 4(b) is the reverse, that is, the
means are equal but the variance is not. If the variances are
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significantly different, the feature is still considered of poten-
tial usefulness in separating the clusters, Thus in this situation,
the second term of the Bhattacharyya distance will be zero
but the first term will be nonzero. Finally, in Fig. 4(c) both
the mean and variance are unequal and both terms of the
measure will be nonzero. The feature rejection criterion would
be to only retain those features with large Bhattacharyya
value,

The performing of feature evaluation-rejection in uncorre-
lated space implies that an eigenvector (or discrete Karhunen-
Loeve) transformation is required [43]. While the dimensions
having the largest eigenvalues will be the best under certain
conditions, they will not be optimal in general. However, the
one-at-a-time Bhattacharyya measure will pick the correct
eigenvector regardless of their mixture eigenvalues. The result-
ing reduced set of features provides computational savings as
well as a tighter more dense clustering.

IMAGE SEGMENTATION BY CLUSTERING

The overall approach taken to segment images by clustering
is depicted in the general block diagram of Fig. 5. The feature
computation block computes several features at each pixel.
These features are related to brightness and texture for several
window sizes centered on every pixel.

The feature decorrelation is performed by a multidimen-
sional axis rotation (Karhunen-Loeve transformation). The
rotarion is performed so that the new feature set is uncorrelated.

Feature reduction, which is accomplished subsequently, will
retain only those features necessary for good clustering as de-
fined by the Bhattacharyya measure. If feature reduction is
not performed on decorrelated features, several highly corre-
lated features may be retained, but convey essentially the same
information.

Clustering is again performed but now on the reduced fea-
ture set. When the optimum number of clusters is determined,
by the product maximum of 85, the cluster means are for-
warded to the segmentation phase of the algorithm. The
segmentation phase assigns every pixel (vector) in the image to
the closest cluster mean received from the clustering algorithm.,
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The feature decorrelation is necessary in order that the
feature reduction will retain the minimum number of features
contributing to good clustering, The feature reduction im-
proves the quality of the segmentation by discarding noisy and
less useful features. The first clustering is performed explicitly
for the purpose of evaluating the features. The algorithm
iterates to a correct number of clusters, and the features are
evaluated at that point. The second clustering is performed
for the purpose of finding the means with which to segment
the image in the segmentation phase of the algorithm.

A detailed flow-diagram of the algorithm is illustrated in
Fig. 6. The feature computation, which will be described in
detail, subsequently produces as described previously a vector
at each pixel location. These vectors are forwarded to the
covariance computation routine and to the Karhunen-Loeve
rotation.

The covariance matrix is computed over the feature set and
the diagonal elements of this matrix are the feature variances
over the image. The matrix which diagonalizes the covariance
matrix is computed yielding

ApA=A

where A is diagonal having the eigenvalues of the covariance
matrix as diagonal elements, i.e.,

Ay
Az

An

This transformation corresponds to a multidimensional
axis rotation and is the discrete form of the Karhunen-Loeve
transformation. The covariance matrix in the rotated space
will be diagonal and will be

¢r =A'd =A.

This rotated space of features is forwarded to the clustering
algorithm for clustering.

The clustering algorithm uses the K-means algorithm for
K=2 3,4+, 16 clusters. At each step, the quality of clus-
tering is computed as fis = tr Sp, " tr S,,. The average pairwise
Bhattacharyya distance is computed for every feature. At the
product maximum of fBs, the Bhattacharyya distance for all
features is computed. Features having a Bhattacharyya dis-
tance which far exceeds the overall average are identified for
use in the final clustering. Since these features are uncorre-
lated, only the minimum necessary are retained for good
clustering. The flowchart of the algorithm is shown in Fig. 7.

The algorithm begins at 2 clusters. The initial means are
established by computing the mean and variance of each fea-
ture over the image. The 2 initial cluster centers are chosen
to be evenly spaced on the diagonal of positive correlation
at *1 standard deviation in the hyperspace of the feature set.
As the number of clusters is incremented, one of the vectors
will have a largest distance to the cluster center it is closest
to. This vector then becomes a new cluster center. Final
segmentation is performed on every pixel, utilizing the means
or cluster centers computed during the clustering algorithm.

An aspect of clustering which has a major effect on the
results is the feature set used to describe the image. For
monochrome imagery, the most obvious features that are
intuitively important to human observers are brightness and
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texture. Brightness is a relatively straightforward concept,
but texture is not. Much research has been performed regard-
ing human perception of texture, and the subject is far from
closed.

To date, the most promising results obtained with texture
operators utilize the grey level probability dependancy ma-
trices proposed by Haralick [44]. The normal approach
followed with these measures is to compute the grey level
dependency matrices and then to derive texture measures
from the matrices themselves. A large number of measures
can be computed from these matrices, but Thompson [2]
found that perhaps five or less correlate significantly with
human perception.

Other texure measures which have been proposed are the
“edges per unit area” as a measure of the local edge density.
This measure was computed and used in segmenting several
types of scenes. The basic edge detector is the Sobel operator
which is defined as follows:

1 0 -1
[s:1=12 0 -2
10 -1
and
1 2 1
[s21={ 0 0 O
-1 -2 -1

At each pixel, the image is multiplied by the [sy] and [s,]
masks yielding s1 and s2. A function of the Sobel magnitude
(SM) is then defined as

SM = log (s1% + 52%)"/2
and the Sobel phase (SP) is given as

s2
SP = arctan <-—>
sl

A modified Sobel phase texture operator was computed as
SP* = (SP + ) SM

in an attempt to suppress the phase operator when no texture
is present. These primitive operators permitted segmentation
of numerous monochrome images, with varying degrees of
success.

The goal of the algorithm developed here is to perform
gross overall scene segmentation. For this reason, very small
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Fig. 7. Clustering algorithm flowchart.

“fine grain” segments were considered undesirable. It was
decided to perform a prefiltering to make some basic decisions
about region character on a local level as a first step prior to
segmentation.

Linear operators tend to blur the region boundaries and
reduce the region boundary resolution. A nonlinear filter
that does not blur the boundaries was conceived and called
a “mode filter.”” This filter computes a local area histogram
centered on each pixel, for different region sizes, and outputs
the mode or most frequently occurring value. The height
of the histogram at each pixel may also be used as a measure
of the local dispersion (standard deviation) of the region.
Region sizes of 3 X 3,7 X 7,and 15 X 15 were computed.

The effect of the mode filter is to replace every pixel with
the most frequently occurring value in a small region centered
on the pixel. This removes small variations in brightness and
tends to create relatively large regions of completely uniform
character. The mode filter causes almost no loss in boundary
resolution because the output of the filter does not change
until a majority of the values change. Then the filter output
changes value at the point where the center of the window
crosses the region boundary.!

Color and multispectral features were computed by per-
forming mode filtering on the three or more spectral images
(i.e., red, green, and blue for visible color). This expanded
feature set produced more satisfying results, as would be
expected from the increased information available from the
multispectral data. However, as seen from Fig. 8, even this
limited set of features tends to increase quite rapidly for the
large number of combinations available. There were generally
five feature sets which were used for image clustering. These
feature sets are clearly combinations of a few different types
of basic features, and are based on the Sobel operators and
the mode dispersion for texture information and on the mode
value for brightness information. The individual sets will be
developed in the next section.

As has been previously discussed, the primary goal of this
effort was to develop the segmentation algorithm. Feature

! This filter is not to be confused with the median filter, both of
which are nonlinear operators the latter being used mainly for outlier
rejection and noise filtering.
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Fig. 8. Possible feature combinations.

experimentation was done as required to investigate the
performance of the segmentation algorithm, but was not
pursued in great depth as a topic having its own merit. A
great deal of investigation into features, especially texture,
obviously remains to be done. However, the features used
here were selected mainly for their potential use of imple-
mentation possibly with charge-coupled-device (CCD) cir-
cuitry near the focal plane of a sensor.

EXPERIMENTAL RESULTS

An enormous amount of data was collected during the
performance of numerous experiments in segmenting various
kinds of images. A representative sampling of that data is
included in the photographs and figures in this section. The
photographic data consists of photographs of the features,
both correlated and decorrelated, and the resulting segmen-
tations. The graphs depict behavior of the Bhattacharyya
distance measure, used for feature selection, and of the cluster-
ing quality measure f§, used to stop the algorithm at the correct
number of clusters.

The first image to be segmented is a monochrome scene of
an armored personnel carrier (APC) shown in Fig. 9. The
feature computation stage of Fig. 5 computed the following
features as input to the vector-space. For this image the
features were:

x; = monochrome brightness

x4 = Sobel log magnitude

x3 = Sobel phase

x4 = (3 X 3) mode of brightness

x5 = (3 X 3) mode of Sobel log magnitude
xg = (3 X 3) mode of Sobel phase

x4 = (7 X 7) mode of brightness

xg = (7 X 7) mode of Sobel log magnitude
xg = (7 X 7) mode of Sobel log magnitude

x10 = (15 X 15) mode of brightness

x11 = (15 X 15) mode of Sobel log magnitude

x12 = (15 X 15) mode of Sobel phase.

Thus each pixel generates a point or sample in 12-dimensional
vector space x. Fig. 9 shows each coordinate or feature of
this space in pictorial form, for viewer identification. These
features are referred to as the 12 original features as they have
not yet been subjected to feature decorrelation or feature



780

PROCEEDINGS OF THE IEEE, VOL. 67, NO. §, MAY 1979

() (@

e ()

®» - )

reduction (see Fig. 5). These features were subjected to
clustering without decorrelation or feature reduction produc-
ing the segmentations of Fig. 10. The product maximum of
85 occurred at 9 clusters. A graph of the average Bhattacharyya
distance versus the number of clusters for this image is shown
in Fig. 11. This graph is constructed such that the average
Bhattacharyya distance for each feature is normalized by the
average for all features at each number of clusters. The nor-
malized overall average therefore consists of the horizontal
line at 1.0. While there is some changing of relative position
between the features as the number of clusters is varied, those
features which are above average tend to remain above average,
and those which are below average tend likewise to remain be-
low average. The graph shows reasonably consistent behavior
of the Bhattacharyya distance measure as the number of clus-
ters varies. Thus feature selection based on this measure is a
consistent procedure. It is interesting to observe that the four
dominant features from Fig. 11 according to the Bhattacharyya
measure are x;, Xs, X7 and x;o. These four features are all
derived functions of the brightness of the original image. Thus
no texture features are needed (as one might intuitively be-
lieve), as simple thresholding appears sufficient for segmenting
this image.

® ‘ ()

(k) o

Fig. 9. APC image original features. (a) Original. (b) Sobel log magnitude. (c) Sobel phase product. (d) Original, mode filtered 3 X 3. (e) Log
magnitude, mode filtered 3 X 3. (f) Phase praduct, mode filtered 3 X 3. (g) Original, mode filtered 7 X 7. (h) Log magnitude, mode filtered
7 X 7. (i) Phase product, mode filtered 7 X 7. (§) Original, mode filtered 15 X 15. (k) Log magnitude, mode filtered 15 X 15. (1) Phase
product, mode filtered 15 X 15.

Returning to the results of Fig. 10, it is apparent that 9
clusters appear to be psychovisually unpleasant because as
human viewers, we might believe the imagery is broken up
into too many segments or regions. Thus feature reduction
is in order. At the product maximum of Bs the four best
features were 7, 1, 4, and 10, in that order. These features
are original mode filtered 7 X 7, original unmodified, original
mode filtered 3 X 3, and original mode filtered 15X 15 as
mentioned earlier. Thus all of the texture information has
been discarded. These features were used to again cluster
the image and the results are shown in Fig. 12. The product
maximum of 85 occurred at 2 clusters for this reduced feature
set. Pictorially, this segmentation is far more pleasing. Even
when the algorithm is forced beyond 2 clusters, the additional
segments are culturally acceptable (that is, 3 regions pick up
the star of the APC, etc.).

The covariance matrix of the 12 original feature set was
computed and diagonalized. Each vector of the rotated
feature set is computed from the spatially corresponding
vector in the original feature set. The first four features of
the actual rotated feature set is shown in Fig. 13. The version
shown in Fig. 13 has been rescaled for ease of viewing. The
covariance matrix of the rotated features is diagonal and each
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Fig. 10. Twelve nonreduced correlated features. (a) Seven regions. Fig. 12. Four induced correlated features. (a) Two regions (best
(b) Eight regions. (c) Nine regions (best number of regions). (d) Ten number of regions). (b) Three regions. (c) Four regions. (d) Five
regions. regions.
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Fig. 11. Average Bhattacharyya distance versus number of clusters.

© @
Fig. 13. APC image rotated features. (a) Rotated feature 1. (b) Ro-
diagonal entry is equal to the variance for the respective fea- tated feature 2. (C) Rotated feature 3. (d) Rotated feature 4.

ture. The segmentation at the product maximum of fs for

the 12 rotated features appear very similar. That this is so the agreement is surprisingly good, and supports the hy-
is expected since the multidimensional rotation of the axes pothesis that intrinsic clusters do in fact exist in the data.

by the rotation matrix is a linear unitary invertible-map and The average Bhattacharyya distances for the rotated features
should not change the shape of the clusters. The differences were computed for all cluster numbers and are plotted in
which do exist are due in small part to numerical (roundoff) Fig. 14. The best of the rotated features was substantially
errors in the computation. The nearest means algorithm will higher in Bhattacharyya distance than any of the other fea-
converge to a local minimum in the average intercluster tures. This is to some extent expected, since the rotation
distance. In addition, since convergence of the algorithm process will compact the maximum amount of information
for a fixed number of clusters is considered to occur when into the features having the largest eigenvalues. Accordingly,
the means change less than one brightness value in any dimen- it was decided to perform clustering on this one exceptionally
sion, the final clustering is also slightly sensitive to the direc- good feature. The results of this are also shown in Fig. 15.
tion from which the convergence is approached. Nevertheless, The classification of the bushes in the images as being the
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Fig. 14. Average Bhattacharyya distance versus number of clusters.

© )
Fig. 15. Single best decorrelated feature. (a) Two regions (best number
of regions). (b) Three regions. (c) Four regions. (d) Five regions.

same as the vehicle constitutes an error or misclassification
in the process. However, the similarity of these results is
quite comparable with that of the four best nonrotated
features of Fig. 12.

The product of the between- and the within-cluster scatter
measure was computed for each number of clusters. The
between-scatter and within-scatter measures are normalized
so that they range between O and 1. These products are
plotted versus the number of clusters for the APC image
under various conditions in Fig. 16.

An interesting phenomenon can be observed in the behavior
of the clustering quality measure (product) in Fig. 16. The
behavior of the quality measure for the rotated and non-
rotated feature sets is almost identical, which is to be ex-
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Fig. 16. Product versus number of clusters.

pected if the intrinsic structure of the data is unchanged by
the feature rotation process. The clustering quality measure
maximum is rather broad in both cases for the full feature
sets. The reduced feature sets on the other hand, show a
sharper, more clearly defined peak in the quality measure,
suggesting that the intrinsic clusters in the data are more
clearly defined in the reduced sets of features. For all images
tested, the quality measure tended to demonstrate a more
clearly defined maximum when computed on feature sets
that were expected to yield “better” clustering.

The segmentation procedure was also applied to polychro-
matic imagery. It would be expected that somewhat improved
results would be obtained from the expanded feature set, and
the results seem to confirm this expectation. The features
utilized were:

x; = red brightness

X, = green brightness

X3 = blue brightness

x4 = (3 X 3) mode of red brightness

x5 =(3 X 3) dispersion of red brightness
x¢ = (3 X 3) mode of green brightness

x4 = (3 X 3) dispersion of green brightness
xg = (3 X 3) mode of blue brightness

xg = (3 X 3) dispersion of blue brightness

x10 = (7 X 7) mode of red brightness

x11 = (7 X 7) dispersion of red brightness

x12 =(7 X 7) mode of green brightness

x13 =(7 X 7) dispersion of green brightness

x14 = (7 X 7) mode of blue brightness

x1s = (7 X 7) dispersion of blue brightness.

The results of segmenting in a 15-dimensional space are
presented in Fig. 17. The product maximum of fs was de-
termined to be two clusters. The additional segmentations
are the result of permitting the algorithm to continue beyond
the best number of clusters. Again, it is gratifying that the
additional segments appear to be culturally relevant, in the
sense that new regions are structural entities (i.e. windows,
drain pipes, shadowed areas, etc.) and are not just randomly
scattered.

Fig. 18 presents the clustering fidelity criterion versus
number of clusters and appears to peak at two clusters. Also
the single best feature in rotated space produces an image
segmentation identical to that of Fig. 17(b) to within a very
few number of pixels. Thus a 15:1 compression appears
available. Note also that the full feature set still provided a
sharply peaked maximum in contrast to the monochrome
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(e) )
Fig. 17. Segmentation of house picture. (a) House original. (b) Two
regions (best number of regions). (c) Three regions. (d) Four regions.
(e) Five regions. (f) Six regions.
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Fig. 18. Product versus number of clusters.

imagery. Indeed this well-behaved cluster maximum can be

attributed to the additional information that color provides.

With certain minor modifications, the segmentation algo-
rithm described in this paper can be adapted to near real-
time operation. In the sense used here, near real-time implies
operation at standard television rates.

Fig. 19 is a block diagram of a hypothetical system. The
feature computer computes the features in real-time from
the input television image. The technology for this block of
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Fig. 19. TV rate image segmentor.
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Fig. 20. Motion picture results. (a) Original-Frame 1. (b) Original—
Frame 5. (c) Segmentation—Frame 1 (four clusters). (d) Segmenta-
tion—Frame 5 (four clusters).

the system is in development [45] on CCD hardware and may
even be implemented on the focal plane of a multielement
sensor. This conceptualization is sometimes called the ‘“‘smart
sensor”’ design.

The raw features are then forwarded to the feature rotator.
The feature rotator performs a real-time multidimensional
rotation of the input vector, that is, each component of the
output vector is a weighted sum of the input vector com-
ponents. The weights are a function of the picture statistics,
specifically the picture covariance matrix which is computed
and diagonalized by the statistical computer. The statistical
computer may consist of a combination of a microprocessor
and other hardware. It is a reasonable assumption that the
picture statistics will not change substantially over a smalil
number of frames. In order to verify this, the algorithm
described above was used to segment two frames of a motion
picture of a chemical plant. The results of these segmentations
are shown in Fig. 20, along with the original photographs.
The motion picture was taken from a moving aircraft, and
the originals are not spatially registered, as can be seen. They
are five frames apart in the motion picture.
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The two segmentations however, appear quite similar, and
support the hypothesis that the statistical structure of the
data can be identified for the purposes of segmentation even
when the pictures are not spatially registered.

If a real-time system is implemented, and frame to frame
amplitude differences are expected, either appropriate scaling
will be required or the rotation matrix will have to be found
to change slowly. The effect of this procedure would be to
rotate image feature sets with a nonoptimal rotation matrix.
Since the rotation is performed to permit feature rejection
in decorrelated space, the penalty for this procedure will
most likely be small.

CONCLUSIONS

This paper has presented a procedure for gross segmentation
of digital imagery. The procedure uses an unsupervised method,
and requires no human interaction or adjustable thresholds.
There are disadvantages to using an unsupervised approach.
So little is known about the human-perceptual system that
the resulting segmentations will usually not be as satisfying
as segmentations made by a human being or those performed
by a carefully trained segmentor operating in a supervised
mode. Additionally, the segmentor has no knowledge of the
intent of the segmentation except that provided implicitly
through the features selected to be used.

There are however, advantages to the unsupervised approach.
The construction of a data set to use during the training phase
of the supervised approach is time consuming and tedious.
Additionally, the supervised method is incapable of satis-
factory performance in situations where the statistics of the
scene vary substantially. Situations that are likely to en-
counter such statistics are those in which the sensor char-
acteristics vary and those in which near real-time segmentation
of real images is desired. The difference is appearance with
weather, time of day, and terrain makes an unsupervised pro-
cedure mandatory.

The procedure outlined herein lends itself conceptually to
near real-time implementation. While the design of such a
system to operate at television rates will require considerable
ingenuity on the part of the circuit designers, such a system
should find wide application in target recognition/tracking
systems and possibly may be used to solve the problem of
cross correlation of the same scene observed by sensors of
radically different characteristics. With some generalization
of the concept of cross correlation, segmentations of the
same scene viewed by different sensors can be compared.

The unsupervised approach may also reveal characteristics
in the data (image) that were unobserved by the human
observer. There may exist inherent clusters in the data that
passed unnoticed by human beings. Use of a supervised
procedure will tend to further mask these unobserved char-
acteristics, as the training of the classifier effectively instructs
the classifier to ignore these characteristics. The unsupervised
approach may eventually find usefulness in image enhance-
ment because of the ability to detect unnoticed structure in
the data.

Further work is certainly necessary in understanding the
human-perceptual system at its intermediate level and using
this knowledge to develop features to improve the perfor-
mance of the segmentor. It may well develop that some
textural recognition processes occur at a fairly high level in
the human-perceptual system and do not lend themselves
to implementation in the lower levels of an image-under-
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standing system. If so, the improved understanding of the
human-perceptual system will prove valuable as much for
what it indicates cannot be done as it is for its indications
of what can be done.

The clarification of what is meant precisely by a “segmented
image” is also an avenue for further investigation. If a “well-
segmented image’’ can be represented by a mathematical
criteria, then analysis based on picture statistics will almost
certainly provide suggestions on how to improve segmentor
performance. In addition, it will provide means for predicting
hypothetical system performance without having to build and
test the system.

Much of the usefulness of an image-segmentation system
must be determined by application. The current state of the
art in image-understanding systems is such that applications
are just now being postulated, much less implemented and
tested. The advantages of the procedure described herein
seem to be two-fold.

First, the procedure provides the cluster means directly as a
by-product of the segmentation process. This is opposed to the
previous procedures, which segment the scene with boundary-
detection methods, compute features inside the boundaries,
and only then perform clustering to determine the means.

A second advantage of this procedure is its potential for
real-time implementation. Many previous procedures have
required exact spatial stationarity of the image data to permit
the iterations necessary to perform segmentation. This pro-
cedure requires only that the picture statistics change slowly
with time, and does not require storing the entire image at
one time. Such a procedure will have clear advantages when
the sensor is mounted on a moving platform as in target
detection/recognition systems.

However a final comment must be made at this point. The
procedure as implemented, currently has enormous computa-
tional requirements. These are many orders of magnitude
greater than those of the techniques described in [19]-{30].
This limitation will require a possible order of magnitude
improvement in computational efficiency and/or processing
elements before real-time or near real-time applications are
contemplated.
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(i) (k)

Fig. 9. APC image original features. (a) Original. (b) Sobel log magnitude. (c) Sobel phase product. (d) Original, mode filtered 3 X 3. (e) Log
magnitude, mode filtered 3 X 3. (f) Phase product, mode filtered 3 X 3. (g) Original, mode filtered 7 X 7. (h) Log magnitude, mode filtered

7 X 7. (i) Phase product, mode filtered 7 X 7. (j) Original, mode filtered 15 X 15. (k) Log magnitude, mode filtered 15 X 15. (1) Phase
product, mode filtered 15 X 15,



(n)

(b)

. (d)
Fig. 10. Twelve nonreduced correlated features. (a) Seven regions. Fig. 12. Four induced correlated features. (a) Two regions (best
(b) Eight regions. (c) Nine regions (best number of regions). (d) Ten number of regions). (b) Three regions. (c) Four regions. (d) Five
regions. regions.




()

Fig. 13. APC image rotated features. (a) Rotated feature 1. (b) Ro-
tated feature 2. (¢) Rotated feature 3. (d) Rotated feature 4.



(c)
Fig. 15. gle best decorrelated feature. (a) Two regions (best number
of regions). (b) Three regions. (¢) Four regions. (d) regions.




Fig. 17. Segmentation of house picture. (a) House original. (b) Two
regions (best number of regions). (c¢) Three regions. (d) Four regions.
(e) Five regions., (I) Six regions,



Fig. 20. Motion picture results. (a) Original—Frame 1. (b) Original—
Frame 5. (c) Segmentation—Frame 1 (four clusters). (d) Segmenta-
tion—Frame 5 (four clusters).



