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Abstract—In this paper we present a new multi-dimensional segmentation algorithm. We propose an
orientation-adaptive boundary estimation process, embedded in a multiresolution pyramidal structure, that
allows the use of different clustering procedures without spatial connectivity constraints. The presence of
noise in the feature space, mainly produced by modeling errors, causes a class-overlap which can be reduced
in a multiresolution pyramid. At the coarsest resolution level, the separation between the different classes
is increased and the within-class variance reduced. Thus, at this level, the classes can be obtained with
different multi-dimensional clustering algorithms without connectivity constraints. Small and scattered
classes as well as isolated class labels are reassigned to their neighborhood by a process which guarantees
the spatial connectivity. The resolution is then increased by projecting down the class labels. At each level,
the borders are improved by reassigning the boundary pixels to their spatially closest class. However, the
class-uncertainty astride the borders has first to be reduced, and we propose to do this by means of
orientation-adaptive butterfly-shaped filters. This refinement process further eliminates spatially misclassified
pixels produced by the unconstrained clustering. Experimental results show that similarly accurate boundaries

are obtained with different clustering algorithms for various test images.
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INTRODUCTION

Image segmentation is an important tool in image
analysis, but its general applicability is still a problem,
particularly in the case of multi-dimensional features.
Progress in texture analysis has led to models which
allow us to describe increasingly complex structures,
thereby leading to high dimensional feature spaces. In
this paper we address unsupervised image segmentation,
where “unsupervised” means that no training of the
classifier takes place. Below, we will simply assume
that the features are given. Detailed examples of ap-
plicable feature extraction methods related to co-
occurrence matrices and texture energy masks can be
found" ™ while examples of methods related to Gabor
decomposition are given."*® Examples for the use of
multi-spectral imagery features in classification are
discussed.”"®

Rosenfeld et al’s relaxation labeling,' is an iterative
method for grouping together image points into a
collection of classes. The classification is achieved by
updating class membership probabilities with a com-
patibility function which must be defined heuristically.
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However, to choose a good stopping criterion as well
as a suitable compatibility function, %% is not ob-
vious in the segmentation problem we deal with.

Clustering techniques without spatial connectivity
constraints, e.g.,!27** which have found successful
applications in many scentific domains, cannot directly
be used in image segmentation. The reason for this is
that a feature space partitioning does not necessarily
yield connected labels in the spatial domain. Thus,
when applied to image segmentation, a connectivity
constraint becomes necessary.*3-19)

Nagy and Tolaba,'® treated strips of scan lines as
candidates of homogeneous regions. The scan lines are
decomposed into sub-lines,' ” whereas the continuity
of the sublines is preserved across the scan lines.
Haralick and Dinstein,”"® introduced a so called gra-
dient image which reflects the in-homogeneity of the
multi-dimensional features. The segmentation is ob-
tained by a thresholding followed by cleaning up in
this result. A disadvantage of these boundary based
methods is the too many small regions in the seg-
mentation result. In a bottom-up procedure, Gupta
and Wintz,""® proposed to form spatial blobs by merg-
ing together subregions with features passing variance
and means criteria (F- and ¢-tests). The segmentation
is obtained when the updating of the blobs has con-
verged. However, the growing directions of the blobs
are scanning direction biased.
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Another technique is to combine pyramidal image
smoothing with clustering. Horowitz and Pavlidis split-
and-merge technique,?® builds a quadtree feature
pyramid. Starting from a certain resolution level, it
ascends (merges) or descends (splits) at possible regions
depending on whether the features of the children fulfil
a homogeneity criterion or not. The segmentation is
obtained when all encountered children and parents
fulfil a homogeneity criterion. An inconvenience is
that the class boundaries may have a blocky appear-
ance. Another quadtree approach is proposed by
Spann and Wilson.?"? The segmentation is done by
unconstrained clustering at a given resolution level.
The classes are projected down while progressively
refining the boundaries. The clustering is performed by
successive transformations of the feature space which
replace every point with its corresponding local feature
space centroid. Due to the convergence instabilities at
this stage, it may happen that no classes at all are
detected. However, correct classes may be detected at
another starting resolution or by using fewer dimen-
sions in the same data.

In the past few years, there has been increasing inter-
est in the use of statistical techniques for texture model-
ing and segmentation.*?72% In such approaches, the
textures and the regions are modeled by Markov Ran-
dom Fields (MRF) and the segmentation is obtained by
using a maximum a posteriori (MAP) criterion. In un-
supervised segmentation, a parameter estimation scheme
needs first to be applied to estimate the model par-
ameters. The MAP parameters can then be found by
means of simulated annealing. Good segmentation
results were obtained on synthesized textures and on
some natural textures that fit the models. However, the
main restriction in such stochastic algorithms is the
heavy (sometimes prohibitive) computational cost.

In this paper we present a multi-dimensional image
segmentation paradigm based on the framework (quad-
tree, clustering and boundary estimation) suggested by
Spann and Wilson.?> We propose an orientation-
adaptive boundary estimation process, embedded in a
multiresolution structure, that allows the use of differ-
ent clustering procedures without spatial connectivity
constraints. The class separation at the coarsest resolu-
tion level is significantly increased so as to make pos-
sible the detection of the different classes and of their
associated prototypes. A prototype is defined as the
most representative feature-vector of a class. The
classes and the prototypes are obtained by using a
clustering technique which in general is allowed to be
any clustering algorithm without spatial connectivity
constraints. If the image size is too large even at the
lowest resolution, the different classes can be found
using a reduced data set obtained by random samp-
ling. Small and scattered classes as well as isolated
class labels are reassigned to their neighborhood by a
process which guarantees the spatial connectivity. The
resolution is gradually restored by projecting down the
class labels. We use orientation-adaptive butterfly-
shaped filters to reduce the class-uncertainty astride
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the borders. Then, at each level, the borders are im-
proved by reassigning the boundary pixels to their
spatially closest class. This refinement process further
eliminates misclassified pixels produced by uncon-
strained clustering.

In the next section, the feature extraction process is
briefly explained. Section 4 states the problem of spa-
tial uncertainty in image segmentation and Section 5
gives a description of the segmentation algorithm. In
the subsequent sections, the pyramid building (Section
6), the clustering (Section 7), the spatial continuity
restoration (Section 8) and the oriented-adaptive bound-
ary refinement processes (Section 9) are explained in
details. Experimental results are finally presented in
Section 10.

FEATURE EXTRACTION

In order to judge the quality of the clustering and
boundary refinement processes, we will use the same
feature set throughout this paper. We have selected
complex moments of the Gabor power spectrum as
features because of their ability to discriminate tex-
tures in real images. This method is briefly summarized
below and more details as well as a review of different
feature extraction techniques are given elsewhere. 2627

The complex moments
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effectively represent the symmetry properties of the 2D
function P, where P(x, y) is the local power spectrum.
Thus x and y as well as r and ¢ are frequency co-
ordinates. We can discretize (1) by approximating the
continuous spectrum P by means of a limited set of
Gabor filters. The order of the complex moments is
determined by m + n whereas the measured symmetry
order is given by m — n. For a linear symmetry m —n =2
and this corresponds to structures with one dominant
orientation. Rectangular structures have a 4-folded
symmetry, triangular and hexagonal structures a 6-
folded symmetry, and so on. We use up to the 6th order
complex moments applied to octave frequency bands,
resulting in 15 real-valued features which represent the
real and imaginary parts of I,,. Note that complex
moments of order zero are real. The feature set also
comprises the DC-band.

Although complex moments can code the power
spectrum efficiently, the dimensionality of the feature
space can be further reduced by decorrelating the
features. The technique used [see'?®’] decomposes the
multidimensional data set into its principal compo-
nents by taking into account the spatial arrangement
of the features. The transformed features are ordered
according to their variances and only those with a
variance less than a given threshold value are selected.
This procedure results in six features, typically.
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THE PROBLEM OF UNCERTAINTY IN
IMAGE SEGMENTATION

The problem of uncertainty in image segmentation
is analog to the principle of uncertainty in physics and
signal processing which states that “a signal cannot
be highly concentrated simultaneously in space and
frequency”. In unsupervised image segmentation, both
the prototypes and the class boundaries have to be
-determined. These two processes are highly inter-
dependent because:

e well defined prototypes are needed to find ac-
curate boundaries, and

e accurate boundaries are needed to compute the
prototypes.

Therefore the properties and the boundaries cannot be
simultaneously well defined.®®) If these two processes
were independent, it would make no difference what is
computed first, the prototype or the class boundaries.
In that case, edge-based and region-based segmenta-
tion methods would give the same results. The pre-
sence of noise in the feature space, mainly produced by
modeling errors (inappropriate features), is another
source of uncertainty which produces a class-overlap.

DESCRIPTION OF THE SEGMENTATION ALGORITHM

The algorithm is embedded in a multiresolution
framework using quadtrees.?!-*® Multiple resolu-
tions are very useful in reducing the uncertainty be-
cause at lower resolutions the class-prototypes are
better defined while higher resolutions are needed to
obtain accurate borders. A pyramid is built up to a
predefined level in which each coarser level is ob-
tainned by smoothing the preceding finer level. At the
coarsest level the amount of noise in the feature space
has decreased significantly allowing the prototypes to
be determined, at the expense of the spatial resolution.
This is illustrated in Fig. 1 [see'?!’]. At the finest level
the histogram is unimodal even if it is easy to see that
two distinct classes are present. At a lower resolution
the noise has been smoothed out significantly making
possible the detection of the two classes (the histogram
is bimodal).

The next step is to find a partition of the feature
space into c¢ classes. This operation can be seen as
finding ¢ subsets of feature vectors gathered around
their respective prototypes {(or class centers). This
partitioning is obtained by applying a clustering al-
gorithm in the smoothed feature space (obtained at
the coarsest level). As the noise has been reduced, algor-
ithms without spatial connectivity constraints can be
used. For most of these algorithms, the number of
classes ¢ has to be known a priori. Our experiments
indicate that the choice of a clustering algorithm is not
very critical and that similar segmentation results are
obtained with different algorithms. Small and scat-
tered classes as well as isolated labels are reassigned
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Fig. 1. Reduction of uncertainty using pyramids. We added
Gaussian noise to the original image with standard deviation
o =50.

to a class nearby using an 8-connected neighborhood
assumption that guarantees the spatial connectivity.
The last step is a boundary estimation procedure
that gradually improves the class-boundaries. First, at
the level where the clustering is performed, the bound-
aries are identified. The children of the boundary
nodes define a boundary region at the next higher
resolution. The non-boundary nodes at the children
level are given the same labels and properties as their
parents. The class-uncertainty within the boundary
region is high and has to be reduced before reassign-
ment of the boundary vectors. We propose to do this
by means of orientation-adaptive filters. For each do-
minant local orientation, a butterfly-like filter (see Sec-
tion 9) is defined. Butterfly-like shape reduces the influ-
ence of feature-vectors along the boundary. Then, for
each boundary pixel, the filter corresponding to the
local orientation is applied (see Fig. 2). The two halves
of the filter (applied separately) produce two responses.
The distances between these two vectors and the two
prototypes, associated to the classes defining the bound-
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Fig. 2. Hlustration of the oriented butterfly filters.

ary, are computed. Then, each boundary vector is
reassigned to the closest class.
The algorithm can be summarized as follows:

(1) build up a multiresolution pyramid. The noise in
the feature space is reduced, increasing the separation
between the classes at the expense of the spatial resolu-
tion.

(2) Cluster the data in the smoothed feature space
by using algorithms without spatial connectivity con-
straints. Reassign isolated pixels as well as small and
scattered classes using an 8-connected neighborhood
assumption.

(3) Gradually improve the spatial resolution by
projecting down the labels and refine the boundarles
using orientation-adaptive filters.

PYRAMID BUILDING

The noise reduction can be done by means of quad-
trees.*? Lower resolution levels are obtained by pro-
Jjecting the average of non-overlapping squares of size
2 x 2 to the next coarser level. Let 1,,(i, j, [) be the value
of the p-th feature at location (i, j) and level I of the
pyramid. The value of a father node is simply the mean
of its four children value.

Z ZI QRi+m2i+nl—1) (2

m=0n=0

p(l .]’ _4

The different levels are computed using (2) in a bottom-
up manner starting from level I = 1 up to a predefined
level (I=1,,,). The height and width of the image
decrease with a factor of 2/~ ! at level L. A pyramid is
constructed for each feature separately. Therefore, the
data structure can be seen as a set of pyramids or as a
single one composed of vectors of size p. The choice
of the number of levels is important. If [_,, is too small
the uncertainty is not enough reduced, whereas if [ is
too high, small regions will disappear. Pyramids also
reduce the computational cost by progressively redu-
cing the number of feature vectors on which a cluster-
ing algorithm will be applied. Consider for instance p
feature images of size 256 x 256. If the number of levels
is set to five then the number of pixels is reduced from
65536 x p to 256 x p. l,., Should be chosen as a
function of the noise rather than a function of the size.
If the number of feature vectors even at the lowest
resolution becomes prohibitive for a clustering algor-
ithm, it still can be reduced by a random sampling of
the image sites.

A drawback, related to the simple structure of the
quadtree, is its incapacity to keep track of small re-
gions while building up the pyramid. A tradeoff be-
tween the size of the smallest detectable region and
the amount of noise reduction has to be found. An
attempt to eliminate this problem using more complex
hierarchical structures such as a linked pyramid®" is
proposed by Spann and Horne.®? In a linked pyr-
amid, regions of all sizes can be segmented at the
expense of a higher complexity of the structure. The
method gives good segmentation results on gray level
and color images. However, practical experience learned
that it often has problems with multi-dimensional fea-
ture spaces (other than color-feature spaces).

CLUSTERING

At the coarsest level of the pyramid, a clustering
algorithm is used to find the different classes and their
prototypes. We assume that objects with similar pro-
perties belong to the same cluster, i.e. are gathered
around the same prototype. The problem is to find a
partition of the feature space into ¢ homogeneous
subsets. In order to solve this problem, a suitable
clustering criterion and a similarity (or dissimilarity)
measure have to be defined. It can be noticed in the
literature that different criteria will lead to different
results depending on the shape of the clusters. It is clear
that no clustering criterion or measure of dissimilarity
is universally applicable. For instance, the single link
method which was introduced by Florek et al®¥ is
more suitable for elongated clusters while WGSS
(Whithin Group Sum of Squares) criterion gives good
results for ball-shaped structures.'* However, our
method does not critically depend on the choice of a
clustering technique. Experiments (Section 10) show
that similar segmentation results are obtained with
different algorithms. An overview of classical cluster-
ing techniques can be found in.*434

The choice of the number of classes ¢, required by
most of the clustering algorithms, is considered to be
one of the most fundamental problems in cluster ana-
lysis.*® Usually this information is not known and
partitions of the feature space for different values of ¢
are computed. The partition giving the best separation
of the classes for a given clustering criterion is chosen.
However, this approach can be very expensive in com-
putation time and works mainly in cases where the
data set forms compact and well-separated clusters. An
overview of cluster validity and studies of this non-
trivial problem can be found elsewhere.®> Hierarchi-
cal clustering techniques do not require the number of
classes to be known."'*3® New clusters are formed by
reallocation of membership of only one object (or one
cluster) at a time, based on some measure of similarity.
The result can be seen as a hierarchy of nested clusters
represented by a tree called dendogram. Sectioning the
tree diagram produces a partition of the data set into
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disjoint clusters. However, the formulation of the pro-
blem has only changed from knowing the number of
classes to estimating an appropriate thresholding of
the tree. In the following, we will consider clustering
algorithms in which the number of classes ¢ (or its
equivalent for hierarchical clustering techniques) has
to be given. We will reduce the problem of an exact
estimation of the class number by over-estimating ¢
and reassigning small and scattered classes to their
neighborhood (see Section 8). In our experiments, we
observed that similar segmentations can be obtained
with different initial values of ¢ (see Section 10). Below
we will shortly present the fuzzy c-means clustering
algorithm proposed by Bezdek®® which gives good
clustering results while being simple. For comparison
we will use other multidimensional clustering algo-
rithms as described in references (14, 34) (see Section 10).

Fuzzy c-means clustering algorithm

Let X ={x,,...,x,} be a finite set of vectors and
¢ an integer (2 < c <n) representing the number of
classes. The c-partition of the feature-space is repre-
sented by the ¢ x n matrix U = [u;,] where u;, is the
membership of object k to the class i, k=1,...,n and
i=1,...,c. In the hard (or crisp) case, the degree of
belongingness of object x, to a class is either 1 or 0, i.e.

1 classi
TS S 3)
0 otherwise

In the fuzzy case, u,, gives the “strength” of the mem-
bership of object & to class i (u; [0, 1]). The degree of
belongingness u;, can be intuitively seen as a distance
from object k to the class i normalized by the sum of
distances to the ¢ class centers. This representation is
in many cases closer to the physical reality in the sense
that objects almost never fully belong to one class. The
two following conditions have to be respected

oup=1, Yk “
i=1
0< Y uy<n, Vi (5)
k=1

In the crisp case, equation (4) simply means that object
k belongs to one and only one class. The second condi-
tion (5) means that no class is empty and no class is all
of X.

The fuzzy c-means algorithm belongs to the class of
objective function methods. Such methods minimize a
clustering criterion which is in that case, the total
within-group sum of squared error (WGSS). The fuzzy
c-means is the fuzzy extension of the hard c-mean
[basic ISODATA®™]. It minimizes the family of ob-
jective functions given by

TnUW)= 3 3 (u)"(du)? (6)

k=1i=1

where U = [u;, 1, u; €[0, 1] is a fuzzy c-partition of X,

v={v}, V..., ¥} is the set of cluster centers, (dy)* =
x, —v;|? and ||-| is any inner product induced norm
on R?. m is the weighting exponent controlling the
amount of fuzziness, me[ 1, co[. Restated, our problem
is to find the best pair (U,v) which minimizes J,.
Bezdek®> showed that J,, may be globally minimal
for (U, v) only if

¢ N\2m-1)T]-1
Uy = !: .Zl (%) } @)

n n
Vi= Z (”ik)mxk/
k=1

Y (wp, forl<i<c (8)
k=1
The fuzzy c-means algorithm which approximates a
solution of the minimization problem can be stated as
follows:

Fuzzy c-means:

(1) Fix ¢, choose any inner product norm metric for
R? and fix m, 1 <m < oo then initialize U,

(2) Calculate the ¢ fuzzy cluster centers {v;} with
equation (8) and U.

(3) Update U using equation (7) and {v;}.

(4) If | U D — U?P| < e then stop: otherwise goto
2.

As m—1, the fuzzy c-means converges to a “gen-
eralized” hard c-means solution (ISO-DATA). Bezdek
demonstrated that this algorithm always reaches (in
theory) a strict local minimum for different initializa-
tions of U.

RESTORATION OF THE SPATIAL CONTINUITY

At the end of the clustering process, each vector
belonging to the same class receives the same label 7,
(1 <i<c). Thus, at the coarsest resolution level /.,
we can define a label image I,(i, j, l,.,) in which each
pixel receives the label of the corresponding vector in
the feature space. At this level, rough boundaries can
be observed between the different classes. It will also
be noticed (see Section 10) that some pixels are spati-
ally misclassified because no spatial connectivity con-
straints were present in the clustering algorithm. Let
Nyg(i, j) be the neighborhood of a pixel at location (i, j)
composed of the 8 closest neighbors, ie. Ng(i,j)=
{(+uj+v}, —1<u,v<1and (u0) #(0,0). A pixel
(i, j) 1s considered as spatially misclassified if 1.(i, j,
I,,.x) 1s different from all the labels in Ng(i, j). In that
case, it is reassigned to the most represented class in
NS(i’ ])

Small and scattered classes (“insignificant classes™)
are reassigned to their neighborhood. A class in the
feature space is distributed in one or more subregions
in I.(i, j, l,.;) and is considered as “significant” only if
its largest subregion contains a sufficient number of
connected pixels (nine in our experiments). Thus, a
preference is given to classes that are spatially dis-
tributed in larger and more compact subregions. It is
clear that the meaning of “insignificant classes” is
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Fig. 3. Example of three classes that have to be reassigned
(hatched regions).

closely related to the height of the pyramid, i.e. for a
low value of [, the actual size of an insignificant class
is smaller than for higher values of [,,,.

Consider, for instance, the hatched regions in Fig. 3.
These classes fail our test of “significance” and have to
be reassigned to either one of the surrounding classes
or, in case of (b) and (c), between themselves. The
reassignment procedure can be seen as a relaxation
problem. In our case we will use a simple deterministic
multi-passes approach. We define an isolated class as
an “insignificant class” which does not share common
boundaries with other “insignificant classes”. Such
classes can be reassigned in one pass whereas multi-
passes are needed if the insignificant classes are touch-
ing each other. First, we reassign the isolated classes
like C,, represented by the n, pixels of region (a) (Fig. 3).
A set of candidate classes, among the neighboring
classes of C, is determined for each pixel (i, j)eC,. If
a label L(i+uj+0,ln)eNs( ) is different from
L(i,j, I, then a new candidate class is obtained.
Otherwise, the neighborhood is extended and 1.(, J,
I...) is compared to the next label I (i + 2u, j + 20, l00)
in the same direction. These operations are repeated
for the eight possible directions, —1<u, v <1. For
each pixel (i, j)e C,, the Euclidean distances between
the feature-vector corresponding to (i, j) and the proto-
types of the different candidate classes are computed.
Each pixel is reassigned to the closest candidate class.
It is important to extend the neighborhood in which
the candidate classes are determined. This can be seen
by inspection of Fig. 3. The central pixel of (a) near
the border of the image or the pixel of (b) and (c) at
the center of the common boundary lack nejghbors
belonging to significant classes. For these pixels, an
extended neighborhood is necessary for obtaining re-
levant candidate classes.

Finally, the non-isolated classes are reassigned.
However, the reassignment order leads to different
results and multi-passes are needed to avoid this pro-
blem. This process can be illustrated by considering,
for instance, the classes (b) and (¢). In the first pass,
these two classes are temporarily reassigned as if they
were isolated classes. The same initial state of I.(i, j,
1...,) is used for both classes. The maximum number of
pixels 1, .., reassigned to the same candidate class is
determined for i = (b), (¢). Then a ratio r; between n; .,
and the respective population »; of the classes is com-
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puted, i.e. r;=n; pna/M i =(D), (c). A value of r;=1
means that the class i tends to be reassigned to a single
candidate class. The reassignment of the region with
the largest ratio r; is then walidated. Suppose that (b)
is reassigned first. Before reassigning (c) in a second
pass, we need to check if (c) is still considered as an
“insignificant class”. It might be the case that pixels of
(b) were reassigned to (c) making it become a signif-
icant class. If this is not the case, (c) is reassigned using
the procedure described for isolated classes. The same
procedure can be applied for more than 2 non-isolated
classes. It only takes more passes until all “insignificant
classes” are reassigned.

We could have also used stochastic relaxation and
Markov Random Fields (MRF)?? to restore the spa-
tial connectivity. The principle of such technique is
similar to the technique proposed in the preceding
paragraphs in the sense that, MRF approaches consist
in minimizing an energy function accounting for mu-
tual adjacent sites labeling. At the coarsest resolution
level, the image size is smaller making the computa-
tional cost acceptable. However, the proposed deter-
ministic approach converges rapidly toward a solu-
tion while being simple and works and the results are
satisfactory. Moreover, MRF approaches would be
very heavy in computational time for low values of I,
and for high values of the number of classes (¢ > 4).

BOUNDARY REFINEMENT

The last step of the algorithm is a boundary refine-
ment procedure that gradually improves the spatial
resolution of the label image I.(i, j, L,.,)- As stated by
the spatial principle of uncertainty,*® accurate proto-
types can be obtained only at the expense of the spatial
resolution. Therefore, at the coarsest level, the un-

‘certainty astride the boundaries is high. We propose

to reduce it by means of orientation-adaptive filters.*®

Another method for edge enhancements that uses non-
isotropic filters can be found in reference (39).

The spatial resolution is gradually restored by pro-
jecting down the class labels, smoothing around the
boundaries and reassigning the boundary pixels to
their closest neighboring class. We also assume that
the prototypes have constant values across the differ-
ent levels of the pyramid.

First, at the coarsest level [, the boundary pixels
are determined. Each pixel (i, ) is considered as a
boundary pixel if at least one label is Ng(i, j) is different
from I,(i, J, lnax)- 1,( j» max — 1) is Obtained by project-
ing down the label of each non-boundary father node
toits 4 respective children nodes, i.e. I(i, j, ) = I1(i/2, j/2,
I+ 1), where / is the integer division. The children of the
boundary nodes define a boundary region 5 (see Fig. 4)
in which the oriented smoothing will be performed.
For smoothing we need an estimate of local boundary
orientations. For its simplicity we use the linear
symmetry algorithm which defines the dominant
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Fig. 4. Boundary region defined by the children nodes corre-
sponding to the boundary father nodes.
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Fig. 5. Butterfly-like filter of size 3 x 3 and 5 x 5 defined for
a local orientation of ® =0.

orientation in the least squares sense. The orientation
is determined by the complex number

2, = (VLY sm ©)

where I, is the image of labels, VI, the complex image
(01,/0x) + i(01,/0y) and +m the convolution with an
averaging filter. The argument of z, obtained at every
pixel location represents

arg(zl) =2 arg(kmin) (10)

where k,;, is the complex number whose argument is
the dominant orientation. In our case, the magnitude of
the gradient of 1, is 1 at the transition between two
classes, or 0 within a class. The smoothing function m
is a Gaussian of size s x s given by

u? +v?
m=exp{ — 5o

where —s/2<u, v<s/2. ¢ is determined assuming
that exp(—3) =0 and is obtained using the relation
{s/2 + 1)> = 66> In our experiments, we used a filter
size of s = 7. The orientation is computed for the bound-
ary pixels at the parent nodes level and is propagated
to the children level.

Foreach dominant local orientation, a butterfly-like
filter is defined. Butterfly-like shape reduces the influ-
ence of vectors along the boundaries which have high
uncertainty. The shape and the weights ofa 3 x 3 and
5 x 5 filter for the horizontal orientation (® = 0) are
givenin Fig. 5, where r is a function of the dissimilarity
between the two classes that define the boundary and
rr =(1 — r)/n with n being the number of weights differ-
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Fig. 6. r As a function of the dissimilarity d between two
classes.

ent from O or r. The dissimilarity d is given by

s =gl
Jaoi+ o3
where u and o2 are the mean and the variance of the
two classes on both sides of the boundary. Then
r = fct(d) is obtained by the function of Fig. 6 which
was experimentally found in reference 21. If the dis-
similarity d is large then r=1 and no smoothing is
applied whereas a stronger smoothing is performed
(r =rr) for low values of d.

We still need to define the filters for different orienta-
tions @. This is done by rotating the mask defined for
the horizontal orientation ® = O and redistributing the
weights for matching the grid of an image. New co-
ordinates of the mask are obtained by

[x’]_[cos@ sin@i”?c}
v [ —sin® cos® y

The weights are then redistributed to the four pixels
corresponding to the combination of the lower and
upper integer values of x and y’. Consider the follow-
ing notation

d= (12)

(13)

xe=[x"] x=[x7 wy=x.—x

yr=W1 y=[y1T wy=y.—vy
where [ -] is the “floor function” that gives the trun-
cated part of a real number and [-]=[-]+1 is the
“ceiling function”. The redistribution of a unit weight
is reported in table 1. The new filter is then defined by
rotating and summing the contribution of all the
weights of value rr (the value of the central weight
remains r).

The filters are computed for a fixed number of
orientations (eight in our case) and are stored in a look-
up table. In our experiments, we noticed that similar
segmentation results are obtained with different num-

(14)

Table 1. Coordinates and their associated
percentage of a unit weight

Coordinates Weight

(x Y f) WL W,

(xz v2) woll —w,)

(X ¥y) (I —wow,

(% o) (T —wo(l—w)
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bers of orientations (6, 7 or 8). Starting from the coars-
est level I =1_,,, the boundary refinement procedure
can be enumerated as follows:

(1) Project down the labels, i.e. I(i, j,I — 1) = 1,(i/2,
j/2,1) and define the boundary region B at level I — 1.
Compute the mean y; and variance o7 for all classes,
2<i<ec.

(2) For each boundary pixel at level [ compute the
dominant orientation ® using equations (9), (10) and
(11), determine the two classes ¢; and ¢, on both sides
of the boundary and compute the weights of the filters
using equation (12), r = fct(d) and rr = (1 — r)/n. Then,
propagate the orientations to the corresponding pixels
at level I — 1.

(3) For each pixel (i, j)eB, apply the filter corre-
sponding to the current local orientation to each fea-
ture image I,(i,j,/—1). If a feature-vector is not an
element of the boundary region i.e. it already belongs
to one class, take the value of its corresponding
prototype. The left and right halves of the filters are
applied separately eliminating the problem of smooth-
ing across the boundaries. Two responses are ob-
tained, r; (i, j,{ — 1) and r, (i, j, | — 1). This smoothing is
repeated a certain number of times (four in our case)
using a small filter size (3 x 3). This is similar than
using a larger filter size in one iteration, but it is
computationally faster.

(4) For each pixel (i, j)eB, compute the four dis-
tances between the two filter responses r,(i, j,[ — 1) and
the prototypes y, corresponding to the classes ¢; and
¢y te hpy — 10,5, 1 — 1), 1 <uv <2. Each boundary
pixel receives the label of the class that gives the mini-
mum distance.

(5) Decrease the value of I by one and repeat from
step 1, until the bottom of the pyramid is reached.

EXPERIMENTAL RESULTS

We used two different “patch” images of size 256 x
256 (see Fig. 7). The first image, pl, is composed of

regions taken from aerial images. Seven different tex-
tures were selected, consisting of fields, forests and a
residential area. Furthermore, each texture was nor-
malized with respect to the mean and variance. The
second image, p2, is composed of patches of different
shapes and sizes. The constituent textures are Oriental
rattan (D65), wood grain (D68), raffia (D84), calf lea-
ther (D24), straw screening (D49) and pressed cork
(D4) and can be found in Brodatz.” The complex
moments of the Gabor power spectrum were com-
puted on these two images resulting in 30 features. The
six features with the lowest variance were selected,
defining a 6-D feature space. Two of the features com-
puted on pl are given in Fig. 8. It can be first noted
that the different patches are corrupted by a significant
amount of noise making the discrimination between
the classes difficult. This noise is mainly due to model-
ing errors and is progressively reduced in the pyramid.
Experiments showed that a number of levels of 5 is
a compromise between the noise reduction and the size
of the smallest detectable region (see below). At the
coarsest level, the number of vectors is therefore re-
duced from 256 x 256 to 16 x 16 and the clustering
algorithm can rapidly partition the feature space. We
used the fuzzy c-means algorithm with c=9 and m =
1.6. We will consider m = 1.6 as a constant because
good clustering results were obtained in all experi-
ments with this value. The only two parameters that
need to be specified are the number of levels [, and
the number of classes ¢. The result of the clustering
operation is shown in Fig. (9a) where each class is
represented by a different gray level. For convenience,
a pixel at the coarsest level is represented by a square
of size 16 x 16. It can be seen that some isolated pixels
and insignificant classes have to be reassigned to a
spatially neighboring class. However, already at this
stage, the shape of the different regions defined by the
labels corresponds roughly to the shape of the actual
regions. The result of the spatial restoration is shown
in Fig. (9b). Isolated pixels are removed and insignifi-

Fig. 7. Two test images. “p1” (left) is an image composed of patches taken from aerial images where each
texture is normalized on mean and variance. “p2” (right) is composed of textured-patches of different shapes
and sizes with Brodatz textures.
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Fig. 9. (a) Results of the fuzzy c-means clustering algorithm applied at the coarsest resolution level /= 5:
each class is represented by a different label value. (b) Results of the spatial restoration: isolated pixels and
insignificant classes are reassigned.

Fig. 10. Segmentation results of “p1” superimposed on the original image (a) and the corresponding class
assignments (b).

cant classes reassigned, reducing the number of classes
from 9 to 7. The boundary refinement procedure is
then performed and the final segmentation can be seen
in Fig. 10. All seven classes are found and the borders
correspond well to those that can be seen by a human
observer. The same operations with unchanged para-

meters are applied to p2 and the segmentation result
is given in Fig. 11. Again, all six classes are correctly
found and the borders correspond well to the “reality”.

Figure 12 shows the segmentation results for differ-
ent initial number of classes c. In all cases, the bound-
aries are very similar and the final number of classes
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Fig. 13. (a) Spatial distribution of the labels computed on “p2” at level I,,,, = 6 (one pixel at that level is
represented by a square of size 16 x 16). (b) Levels of the pyramid of labels obtained by the boundary
refinement procedure. :

has been reduced to the true number, six. Even if ¢ is
set to 10, the restoration of the spatial connectivity
produces a spatial distribution of labels very close to
the one obtairied with ¢ =6. Small changes can be
observed and are further eliminated by the boundary
refinement. Consider, for instance, the raffia textured
region with the U-shape (c = 10). The spatial restora-
tion procedure leaves part of the pixels misclassified
and almost one half of the U is missing. However, at
the end of the boundary refinement procedure, the
correct segmentation is obtained and the missing half
of the U is recovered. It is also worth noting that
small misclassified subregions of two or three pixels
disappear during the boundary refinement process.
Figure 13 shows the labeling at the top of the pyramid
(Imax = 6) and the different levels obtained by the boun-
dary refinement procedure. It is interesting to see how
this procedure is able to recover the actual shapes of
the regions even starting from a very rough description
of the regions.

As already mentioned, the choice of the number of
levels is important. Figure 14 shows the segmentation
results for different values of /... As one could expect,
the noise at level [, = 3 is not enough reduced and
too many subregions are detected. As the number of
pyramid levels increases, these extra subregions pro-
gressively disappear and the expected segmentation is
obtained for I, = Sand 6. For higher values (I, > 6),
the classes merge together because the sizes of the
regions are too small. The same behavior can be ob-
served on “pl1”.

Similar segmentation results can be obtained with a
large variety of clustering algorithms as long as the
clustering criterion matches correctly the shape of the

clusters in the feature space. The best segmentation
results were obtained by using the fuzzy c-means. For
comparison, we tried three different agglomerative
algorithms described in Gordon.'¥ Agglomerative
algorithms belong to hierarchical methods. They start
when all objects are apart (the clusters contain a single
pixel) and at each step, the two clusters with the small-
est dissimilarity measure are merged. These algorithms
are thus step-wise optimal and the clusters are hier-
archically nested and can be represented by a dendo-
gram. There exists many agglomerative algorithms,
which only differ in the definition of the between-
cluster dissimilarity. We have selected the general
algorithm proposed by Lance and Williams®“*+*? with
the following criteria: (1) sum of squares, (2) centroid
and (3) complete link (farthest neighbor). At each step
of the algorithm, the two “closest” clusters i,j are
merged and the dissimilarities between the newly
formed (i, j) and and the k others are updated using the
following recursive relation

i,y = %l + 2y + By + vld; — digl  (15)

where o;, ;, f and y are parameters specifying the
particular strategy employed (see Table 2), and d, ;18
the squared Euclidean distance between the ith and jth
cluster.

The sum of squares criterion minimizes the within-
group variance, i.e. minimizes equation (6) with u;;€
{0,1} (crisp case). The centroid algorithm amalga-
mates at each stage a pair of groups whose centroids
are closest and the complete link method merges two
clusters with the smallest dissimilarity, where the dis-
similarity is defined as the largest distance between
objects of these two clusters. In Fig.15, the segmenta-
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Fig. 14. Segmentation results obtained on “p2” for different number of pyramid levels /,,. We used the
fuzzy c-means algorithm with ¢ = 6. (@) I, = 3, (D) Loy = 4, (©) Lax = 5, (d) Lnax = 6.

Fig. 15. Segmentation results of “p1” obtained with different clustering algorithms. (a) fuzzy c-means, (b}
sum of squares, (c) centroid and (d) complete link (farthest neighbor).
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Table 2. Some clustering strategies obtainable from Lance and Williams’ general agglomerative algorithm

Name o B y
(1) Complete link 1/2 0 12
(2) Centroid n,/(n; + n;) —mn/(n; + 1) 0
(3) Sum of squares (n;+n)/(n; +n;+ny) —mf(n; +n; + ) 0

n; Denotes the number of objects in the ith group.

Table 3. Cpu time (s) for “p1” {¢ =10, [, = 5) and “p2” (¢ =6, I, = 3) on a Sparc 10 and Silicon Graphics Power Series

machines
Image Machine Pyramid Clustering Restoration Refinement Total
“p1” Sparc 10 1.7 44.0 0.2 37.8 83.7
“p2” 1.5 19.7 0.5 67.4 89.1
“pl” Silicon Graphics 1.6 39.8 0.5 31.9 73.8
“p2” Power series 1.5 14.8 0.6 61.5 78.4

Fig. 16. Segmentation of images based on the gray level information. The segmentation and the class
assignments are shown for (a) the vintage cars race and (b) a piece of bark. In the first case, we used the fuzzy
c-means algorithm with ¢ =4 and m = 1.6 and in the second case with ¢ =3 and m = 1.6.

tion results obtained with the different clustering algor-
ithms can be visually compared. The boundaries are
very similar. However, the detected number of classes
changes. With the fuzzy ¢-means and centroid algor-
ithms all seven classes are found, while one class (resp.
two) is missing when using the sum of squares criterion
(resp. complete link). We also tested our algorithm on
1D features, being the gray levels of the original images.
Two examples are given in Fig. 16. The first image
represents a vintage cars race and the second, a piece

of bark. Mostly accurate borders are obtained and
even fine details are preserved (the number “364” for
example). However, we can notice a few false contours.
They can be due to a cross-boundary smoothing while
building the pyramid or to low variations of the gray-
level gradient.

We can finally mention the cpu time (in seconds) for
the segmentation of “p1” (¢ =10, [,,,=5) and “p2”
(¢ =6,1,., = 3). This time depends mainly on the num-
ber of classes ¢, on the number of pyramid levels and
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on the image size at the highest resolution level. In
general, it will take longer for higher values of ¢ and
lower values of I, (because the image size at level [,
is larger and there are more boundaries). We used the
fuzzy c-means as clustering algorithm and tested our
segmentation algorithm on images of size 256 x 256.
Forlower values of I,,, a reduced set of feature vectors
is chosen by means of random sampling. The different
times are given in Table 3.

CONCLUSIONS

Detecting image boundaries often requires multi-
dimensional segmentation algorithms. The presence of
noise in the feature space causes a class-overlap and
this can be reduced in a multidimensional pyramid. At
the coarsest resolution level, the classes are obtained
by means of a clustering algorithm. We proposed an
orientation-adaptive boundary refinement process
along with a relaxation labeling that allows the use of
different clustering procedures without spatial con-
nectivity constraints. Experiments on real images
showed that accurate boundaries can be obtained.

Although the problem of knowing a priori the exact
number of classes is not solved, it has been reduced by
over-estimating the number of initial classes and re-
assigning small and scattered classes. A multi-passes
deterministic relaxation algorithm is proposed to reas-
sign the insignificant classes. Experiments showed that
similar classifications are obtained for different initial
number of classes ¢. Small differences in the spatial
distribution of the labels are further eliminated by the
boundary refinement procedure. The way of selecting
a clustering criterion is always a problem because the
shape of the clusters is usually unknown. Our para-
digm is relatively insensitive to this problem and
experiments showed that similar segmentation results
can be obtained with different clustering algorithms. It
seems also that the paradigm,is not sensible to different
within-class variances at the level where the clustering
algorithm is applied.

In our approach we separated the clustering and the
spatial restoration processes into two steps. These two
processes could be merged into one step by using the
clustering algorithms with spatial connectivity con-
straints. At the coarsest level of the pyramid, it could
be interesting to try, for instance, the MRF k-means
segmentation algorithm described by Pappas*® or
some other algorithms using MRF and stochastic re-
laxation.??’ Due to the small image size at this level,
it would take acceptable computational cost. How-
ever, we showed that good segmentation results can
also be obtained with unconstrained clustering algor-
ithms that are widely addressed in the literature.

A drawback of this algorithm, related to the simple
structure of the quadtrees, is its incapacity of keeping
track of small regions while building up the pyramid.
A tradeoff between the size of the smallest detectable
region and the amount of noise reduction has to be
found. From the experiments we can define a lower

and upper bound for [ ,.. Under the lower bound, the
noise is not enough reduced and some extra subregions
can be observed. Above the upper bound the classes
merge together. In between (I, =5 and 6), the ex-
pected segmentation is obtained. Therefore, it seems
that the choice of the number of levels has a certain
degree of freedom as more than one possibility pro-
duces good segmentation results. Thus, it would: be
interesting to find a way to compute the “optimal”
number of levels. However, the proposed algorithm
does not solve the problem of images with regions of
all sizes and more complicated data structures such as
the linked pyramid®" should be used.
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