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ABSTRACT

A combinatorial characterization of a gray-tone image called Eu-
Ier vector is discussed, Euler vector comprises a 4-tuple, where
each element is an integer representing the Euler number of the
partial binary image formed by the four most significant bit planes
of the gray-tone image. The vector is topologically invariant and
can be used for image indexing and retrieval. The Euler vector for
all the images in the database can be arranged using any muiti-
dimensional data structure. For retrieval, a query range is to be
defined around the query image vector. We use a simple statistical
technique to specify the query range. Next, we propose a modifica-
tion in the Kd-Tree construction to build a simple hybrid tree that
supports efficient adaptive clustering and indexing. The same data
structure is used-for clustering and indexing.

-1. INTRODUCTION

Defining a good numerical characterization of an image is
a fundamental problem in image processing. Determina-
tion of a compact set of parameters for a gray-tone image
which is easy to compute, suitable for efficient database
search, and admits robustness against transformations and
noise, is now highly needed in the emerging domain of the
Internet technology. Earlier approaches to image character-
ization include; i) spatial features like amplitude and his-
togram descriptors; ii) transform features like Fourier de-
scriptor, DCT, iii) shape based features like area, Euler num-
ber, center of mass, moments, eccentricity, etc., iv) syntactic
features based on structural peculiarities, v) statistical and
structural texture features[1, 2]. In this work, we discuss
a new parameter called Euler vector[3] of a gray-tone im-
age. For a binary image, Euler number (genus) is defined
as the difference between the number of connected compo-
nents (objects):and the number of holes[1]. Efficient tech-
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niques of computing Euler number of a binary image and its
VLSI implementation are also well known([4].

Features are extracted from images to map the image as a
point in a multi-dimensional feature space which is indexed
using a multi-dimensional data structure[5, 6]. We use a
simple statistical technique to define an isothetic query box
around a query point for feature-based similarity searching.
In the section, thereafter, we use a modified construction of
a Kd-Tree[6] to cluster the images in the multi-dimensional
feature space. The same data structure is used for indexing
as well. A brief introduction is given in that section itself.
We give results using Euler vector as a 4-dimensional fea-
ture vector.

2. EULER VECTOR COMPUTATION

In a gray-tone image, if each pixel has an integer lying be-
tween [0, 255] as its intensity value, then an 8-bit binary vec-
tor, {b7, bg, bs, by, ... ,bo} canrepresent it. Each b; is either
‘0’ or ‘1’. The given image comprises 8-bit planes of the
same size as the image. We retain the first 4 most significant
bit planes (corresponding to (br, bg, b5, b4)) as they contain
most of the information of the image, and ignore the remain-
ing planes. Each of these 4-bit binary vectors is converted
to its corresponding reflected gray code (g7, g6, 95, 94)[7].
which is defined as: g7 = br;96 = br @ be;g5 = bg @
bs; g4 = bs @ bs, where, @ denotes XOR (modulo-2) op-
eration. For any binary vector, the corresponding reflected
gray code is unique and vice-versa. Each gray-code bit-
plane represents a 2-tone image.

Definition: The Euler vector of a gray-tone image is a 4-
tuple E7, Eg, E5, E4 where E; is the Euler number of the
partial two-tone image formed by the " bit-plane, 7 < ¢ <
4, corresponding to the reflected gray code representation of
intensity values.

Two consecutive numbers have unit hamming distance in
gray-code representation, and a small change in intensity
value is not likely to affect all the 4-bit planes simultane-
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ously. Euler vector is found to be more insensitive to noise
and other changes, if the gray-code is used. To make the
Euler vector more robust, the given image is cleaned suc-
cessively by median and mean filters. The images are also
rescaled such that the dynamic range of the intensity lev-
els is mapped to [0,255]. Since, Euler number is easily
computable[4], Euler-vector of a gray-tone image also pro-
vides a quick combinatorial signature. The Euler vector of
a image is found to remain near invariant under inclusion of
salt and pepper or gaussian noise followed by filtering, and
also under JPEG compression. It has a strong discrimina-
tory power and can thus be used to augment other features
to facilitate image searching and retrieval. The upcoming
JPEG2000 image compression standard [8] supports mul-
tiresolution in terms of scale and embedded quantization by
bit-plane coding. Euler vector being topologically invariant
can support multiresolution scale and the bit-plane repre-
sentation is inherent to its definition.

3. RANGE QUERY AND RETRIEVAL

3.1. Range Determination

For feature-based similarity searching, images are mapped
as points in a multi-dimensional (say, d) feature space which
is indexed using a multi-dimensional data structure[5, 11,
13]. Given a query image, the same ‘d’ features are ex-
tracted and the query image is a point in the same space.
Now, a range query[6] asks to report all images whose fea-
tures lie within a d-dimensional axis-parallel box centered
around the query image point. The user is oblivious to the
features used for indexing the images and hence, can't de-
fine a query range. We use a simple statistical technique
based on the data distribution to find out the size of the query
range box.

An image is represented as an d-dimensional feature vector
X = (z1,%2,... ,2q) where z;’s, i = 1(1)d are the d fea-
tures of the image. We assume that the z;’s are independent
with each z; being uniformly distributed as f(z;) = 52+
a; < z; < b;. We estimate b;’s and a;'s from the mean and
the variance of the uniform distribution of f(z;). Expecta-
tion of such an uniformly distributed z; is (b; + a;)/2 and
the variance is (b; — a;)?/12. Now, we find out the mean,
u; and variances, o from the values of the features z; in
the image database, and estimate b;’s and a; s as follows.

)2
b,-|2-a. = pi and & )" = g2

Solving the above two equations for getting the estimate of

b;’s and a;'s, we have b; = p; + v/30; and a; = By —
V/30;. Given, now a query image with feature vector, Q =
(g1,42,--- ,q4), we need to define ranges é;,7 = 1(1)d,
such that the range searching in the multi-dimensional data
structure takes place for ranges ((¢1 — 61,q1 + 61), (g2 —
02,92 + 02),...,(qa — 64,94 + 64)). The &;’s are deter-
mined in such a way that within the said range, a fraction

a(provided by the user) of the entire images lie. For a uni-
form distribution, f(z;) as shown above, we got to deter-
mine ranges in such a way so that « fraction lies within the
said range i.e.

gi+0;
[ f(zi)dz; = a, or §; = oized)
qi—0;

Therefore, using the values of b; and a;, §; = 2v/3a0;.
Having found out é;’s, ¢ = 1(1)d, we can easily define
the axis-parallel range box. A better estimate for the query
range can be obtained by finding a statistical distribution
that fits with the data.

The results are shown in Tablel for the five images in the
last row of F'ig.1 for = 0.1 e.g. the Euler vector for
Object-16 is (2, —1, —14, —87), and with o = 0.1, the cor-
responding ranges are ([0, 3], [-2, 0], [-21, —6], [-103, —70)).
If the retrieved image in the said range is an image of the
same object as given in the query, we call it a match,

Table 1.
No. of images
Object Euler vector retrieved | matched | Percent
objl6 | (2,-1,-14,-87) 51 41 80.39
objl17 | (-1,-3,-18, -40) 33 24 72.73
obj18 | (3,-8,-32,-71) 10 9 90.00
objl9 | (0,0,-5,-110) 16 9 56.25
0bj20 | (6,-11,-42,-71) 3 3 100.00

3.2. Image Database Used

The image database used is the Columbia Object Image

Library(COIL-20) [12] of 20 objects. Each object was placed
on a motorized turntable which was rotated through 360 de-

grees with respect to a fixed camera. Images of the objects

were taken at pose intervals of 5 degrees. This corresponds

to 72 images per object making a total of 1440 gray-scale

images. The objects have a wide variety of complex geo-

metric and reflectance characteristics. The images are size

normalized.

Fig. 1. COIL objects

4. CLUSTERING AND INDEXING

Similarity searching corresponds to a range search ona mul-
tidimensional data structure which indexes multidimensional
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feature space[5]. Traditional multidimensional data struc-

tures can be classified into space partitioning (SP) techniques
(e.g. variants of Kd-Tree [6]) and data partitioning (DP)

techniques (e.g. R-Tree [9], SS-Tree [5], SR-Tree [10] etc.).

SP techniques use a single dimension to split the space into
subspaces, whereas, DP techniques use all the dimensions
to create a containment hierarchy of bounding rectangles.

Chakrabarti et al. [11] proposed a hybrid tree for indexing

higher dimensional feature spaces. The hybrid tree com-

bines positive aspects of the SP and DP techniques to achieve
better search performance. The hybrid tree uses a single di-

mension to partition the space into two subspaces when a
node splits like any SP technique (e.g. Kd-Tree). Here DP

techniques are used by adding a second split position field

in addition to the split position along the same splitting di-

mension required by the Kd-Tree which represents overlap
free splits.

Index structures supporting similarity queries perform badly
if the index structure doesn’t fit in the main memory. A por-
tion of the index structure needs to be fetched from the disk,
making the search algorithm inefficient. Further, neighbor-
ing subregions can grow exponentially in terms of the di-
mensionality of the data and may require near exponential
1/O access. To circumvent this problem, Chang et al.[14]
uses i) a clustering technique to cluster similar data on disk
to minimize disk latency for retrieving similar objects and
ii) a hashing technique to index clusters. The cluster cen-
troids can be indexed using any multidimensional index struc-
ture. The clustering techniques may fragment the existing
natural clusters and cluster boundaries might overlap in the
multidimensional feature space. Note that, if the clustering
and indexing are done separately, the inherent drawbacks
of the clustering algorithm is reflected in the indexing and
query procedure.

In our work, we use a modification of a Kd-Tree to build
a 'simple’ hybrid tree that supports efficient clustering and
indexing. We use SP techniques to divide the data set into
several small non overlapping isothetic hyperboxes. This
division is stopped under certain criteria. After the division
stops, we start merging two hyperboxes at a time sharing a
common face (called a separating plane) if certain similar-
ity criterion is satisfied. After the process ends, we get some
non overlapping hyperboxes, indexed by the same Kd-Tree,
containing data points and each of them gives a cluster. If
the optimality condition and the parameter values are cho-
sen correctly, we get adaptive clusters that have been in-
dexed as well, with each leaf node containing the cluster.

4.1. Partition of Data and Tree Construction

Let S be a d-dimensional data set comprising n points. We
shall denotes the coordinate axes as XV, X(® ... X (@,
The data set is partitioned using the SP techniques as fol-
lows: find the median of the first dimension (component)

of all the point in S. Split S into two parts S} and S? so
that S} contains all the point of S whose first component is
less than or equal to the median and the remaining points
are put into S?. The splitting point, a point on X (1), is the
average of the maximum and minimum of the first compo-
nents of all points in ST and S? respectively. S} and S? are
readjusted so that all points in S} and S? lie respectively to
the negative and positive sides of the splitting point in X (1),
Next, find the median of the second component of all the
data points in S} and split S} according to the same proce-
dure. Similar operation is performed on S?. This process
is continued and at each Jevel the component to be used for
partition is chosen as level(mod d) +1. If size of the data set
under consideration is less than MinSize, a threshold value,
then partitioning terminates. The hyperboxes and the corre-
sponding data points are organized into a multidimensional
tree which is similar to a Kd-tree [6]. We shall refer this
tree as hybrid tree. The root corresponds to the whole data
set S. A global bounding box of the data set is stored in the
root. When splitting of S is done, bounding boxes of S} and
S?% are computed. Left subtree and right subtree of the root
are built on these two subsets respectively. This process is
continued till further split is possible. So, each leaf node of
the tree gives a bounding hyperbox containing a small set of
data points. Note that, bounding boxes of the nodes at same
level are non overlapping.

4.2. Clustering by Merge

The number of nodes in the said tree increases exponentially
with the increase of the data size. We would try minimiz-
ing the depth of the tree and find optimal clusters as well.
For clustering, we shall perform a merge operation between
two neighboring hyperboxes, represented by sibling nodes,
according to their data size and the distance based on the
spatial information. Each of the leaf node contains one hy-
perbox containing some of the data points and any two pair
of boxes are non overlapping. In d-dimensional space any
hyperbox has 2d neighboring hyperboxes sharing (d-1) di-
mensions with it. For merging operation, we shall consider
only these neighboring hyperboxes. As the time of finding
all such hyperboxes would depend on the dimensionality of
the data, we choose only hyperboxes which are represented
by sibling nodes. Note that, they also share in between them
d — 1 dimensions. Let the chosen hyperboxes for merg-
ing be A and B; let MinSize and MaxSize be the minimum
and maximum allowable data size respectively of the leaf
node. If the distance between A and B is less than a distance
threshold, DistThreshold, hyperboxes A and B are candi-
dates for merging. For measuring the distance between two
sets (here hyperboxes) A and B, we have used a similarity
measure defined as follows: SimilarityMeasure(A, B)
= Min{MinscaMedian{||(a,b)|| : b € B},
MinyepMedian{]|(a,b)|| : a € A}}
where ||(a,d)|| = EuclideanDistance(a,b). Some other
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Table 2.

Percentage of acceptance

Min | Max Dist No. of | Searchby | Exhaustive | Avg. search time ratio
size | size | Threshold | Clusters | Kd-Tree search (Exhaustive/Kd-Tree)

20 30 300 100 59 59 14.5

30 50 300 44 58 59 7.66

25 | 50 300 45 60 59 8.30

40 | 100 300 26 58 59 14

40 80 300 29 56 59 24

similarity measures can be used. The algorithm of merge
operation starts from the root and follows the paths towards
two subtrees. For each internal node, it checks for merg-
ing between two children (sibling) (which are sharing one
common separating plane); if merging is possible, we shall
delete both the subtrees and the internal node under consid-
eration will be a leaf node and gives a cluster. This clus-
ter is written onto secondary storage. If the merging is not
possible, then we shall call merge operation on the subtrees
of that internal node recursively. So, the sequence of the
merge operations is basically predefined by the partition of
the data. To get better clustering, different partitioning tech-
niques can be used for the best merging sequence during the
merge operation. At the end, this algorithm returns a tree
whose leaf nodes correspond to a cluster saved on the disk.
Note that the depth of the tree has also reduced.

4.3. Search for a Query Point

Each cluster corresponds to a leaf node. Each leaf node
keeps a pointer to disk block where the cluster is stored and
the internal nodes guide the search path to the required leaf
node or cluster. For an input data point, the search algorithm
returns a leaf node whose bounding box contains the query
point and corresponding to that leaf node there is one cluster
which can be read from the disk. If the query point is outside
the global bounding box no images are returned. So, by one
I/O operation the corresponding cluster can be read and a
linear or sublinear search can be performed on it in the main
memory for exact match.

4.4. Results

We did the experiment with different values of Minsize,
Mazsize and DistT hreshold as shown in T'able2 and for
each of their combinations with different query images per-
taining to all objects of the database. We found out the clus-
ter in which the query point lies from the modified Kd-Tree;
found its distance from all the images in the found out clus-
ter and reported the first 10 having minimum distance from
the query point. The acceptance percentage is calculated
as the ratio of the number of images belonging to the same
COIL object image by 10.
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