a2 United States Patent
Zhang et al.

US006882997B1

US 6,882,997 B1
Apr. 19, 2005

(10) Patent No.:
@45) Date of Patent:

(54) WAVELET-BASED CLUSTERING METHOD
FOR MANAGING SPATTAL DATA IN VERY
LARGE DATABASES

(75) Inventors: Aidong Zhang, Getzville, NY (US),
Gholamhosein Sheikholeslami,
Buffalo, NY (US); Surojit Chatterjee,
Mountain View, CA (US)

(73) Assignee: The Research Foundation of SUNY at
Buffalo, Amherst, NY (US)

(*) Notice:  Subject to any disclaimer, the term of this

patent is extended or adjusted under 35
U.S.C. 154(b) by 233 days.
(21) Appl. No.: 09/645,630

(22) Filed:  Aug. 24, 2000

Related U.S. Application Data
(60)  Provisional application No. 60/150,731, filed on Aug. 25,

1999.

(51) Int. CL7 oo GO6F 17/30
(52) US.CL ..cccvvniees 707/6; 707/104.1; 707/103 R;
382/225
(58) Field of Search .................... 707/1-10, 101-104.1,
707/103 R; 382/181, 201, 225

(56) References Cited

U.S. PATENT DOCUMENTS

5,465,308 A * 11/1995 Hutcheson et al. ......... 382/159
5,647,058 A * 7/1997 Agrawal et al. ............... 707/1
5,799,301 A * 8/1998 Castelli et al. ................. 707/6
5,825,909 A * 10/1998 Jang ......ccceevvennne. ... 382/132
6,003,029 A * 12/1999 Agrawal et al. .............. 707/7
6,032,146 A * 2/2000 Chadha et al. ................. 707/6
6,105,149 A * 8/2000 Bonissone et al. ............ 714/26
6,195,459 B1 * 2/2001 Zhu ....cocoevovvieneeinnnnne 382/176

OTHER PUBLICATIONS

Li et al., A Survey on Wavelet Applications in Data Mining,
Dec. 2002, SIGKDD Explorations, vol. 4, Issue 2—pp.
49-68.%

W. Wang, J. Yang, R. Muntz. “STING: A Statistical Infor-
mation Grid Approach to Spatial Data Mining”. 1997. In
Proceeding of the 23rd VLDB Conference pp. 186-195.*

G. Sheikholeslami and A. Zhang. “An Approach to Cluster-
ing Large Visual Databases Using Wavelet Transform”. Feb.
1997. In Proceedings of the SPIE Conference on Visual Data
Exploration and Analysis IV, pp. 322-333.*

J.R. Smith and S. Chang. Transform Features for Texture
Classification and Discrimination in Large Image Databaw-
ses. 1994. In Proceeding of the IEEE International Confer-
ence on Image Processing. pp. 407-411.*

M Ester, H. Kriegel, J. Sander, and X. Xu. “Clustering for
Mining in Large Spatial Databases”. 1998. ScienTec Pub-
lishing. KI-Journal. Specail Issue on Data Mining.*

Michale L. Hilton, Bjorn D. Jawerth, and Ayan Sengupta.
“Compressing Still and Moving Images with Wavelets.”
Dec. 1994. Multimedia Systems. pp. 218-227.*

(Continued)

Primary Examiner—Jean R. Homere
Assistant Examiner— eslie Wong
(74) Arrorney, Agent, or Firm—Simpson & Simpson, PLLC

7) ABSTRACT

The method termed WaveCluster for mining spatial data.
WaveCluster considers spatial data as a multidimensional
signals and applies wavelet transforms, a signal-processing
technique, to convert the spatial data into the frequency
domain. The wavelet transforms produce a transformed
space where natural clusters in the data become more
distinguishable. The method quantizes a feature space to
determine cells of the feature space, assigns objects to the
cells, applies a wavelet transform on the quantized feature
space to obtain a transformed feature space, finds connected
clusters in sub bands at different levels of the transformed
feature space, assigns labels to the cells, creates a look-up
table, and maps the objects to the clusters. The method can
manage spatial data in a two-dimensional feature space. The
method also is applicable to a feature space that is made up
of an image taken by a satellite.
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ioure 1: A sample 2-dimensional feature space.
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Figure 2. Cohen-Daubechies-Feauveau (2.2) biorzhogonal wavelet.
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Figure 3: a) Original feature space; b) Transiormed space
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Figure 3: Multi-resoiution waveler representation of the feature space in Figure | at a) scale L b)

scale 2: ¢} scale 3.
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figure §: Visualization of some of the datasers used in the experiments.
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Figure T: WaveCluster on DS1.
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Figure 8: Clustering results on DS4: a) WaveCluster, b) BIRCE.
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Figure 3: WaveCluster ourpurt clusters of D38 at 2) scale 1; b} scale 2 ¢} scale 3.
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Figure 10: WaveCluster on datasets with different leveis of noise: a) Noisy datasets; b) Clusters.
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Figure 11 a) WaveCluster on DS6: b) BIRCH on DS6.



U.S. Patent Apr. 19, 2005 Sheet 12 of 13 US 6,882,997 Bl

()

= O

a)

Figure 12: a) WaveCluster on DS3; o) BIRCH on DSS.
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WAYELET-BASED CLUSTERING METHOD
FOR MANAGING SPATIAL DATA IN VERY
LARGE DATABASES

PRIORITY CLAIM

This nonprovisional patent application claims the benefit
under 35 U.S.C. §119(e) of U.S. Provisional Patent Appli-
cation No. 60/150,731 filed on Aug. 25, 1999.

FIELD OF THE INVENTION

The present invention relates generally to the manage-
ment of data in databases, especially spatial data in very
large databases and, more particularly, to a wavelet-based
method of managing spatial data in very large databases.

BACKGROUND OF THE INVENTION

The visual content in an image may be represented by a
set of features such as texture, color and shape. In a database,
the features of an image can be represented by a set of
numerical numbers, termed a feature vector. Various dimen-
sions of feature vectors are used for content-based retrieval.
In this patent, the term “spatial data” refers to those data that
are two-dimensional (2D) and three-dimensional (3D)
points, polygons, and points in some d-dimensional feature
space. In this patent, we disclose a novel data clustering
method in the spatial data-mining problem.

Spatial data mining is the discovery of characteristics and
patterns (hopefully interesting characteristics and patterns)
that may exist in large spatial databases. Usually the spatial
relationships are implicit in nature. Because of the huge
amounts of spatial data that may be obtained from satellite
images, medical equipment, Geographic Information Sys-
tems (GIS), image database exploration etc., it is expensive
and unrealistic for the users to examine spatial data in detail.
Spatial data mining aims to automate the process of under-
standing spatial data by representing the data in a concise
manner and reorganizing spatial databases to accommodate
data semantics. It can be used in many applications such as
seismology (grouping earthquakes clustered along seismic
faults), minefield detection (grouping mines in a minefield),
and astronomy (grouping stars in galaxies), among a myriad
of other applications.

The aim of data clustering methods is to group the objects
in spatial databases into meaningful subclasses. Due to the
huge amount of spatial data, an important challenge for
clustering algorithms is to achieve good time-efficiency.
Also, due to the diverse nature and characteristics of the
sources of the spatial data, the clusters may be of arbitrary
shapes. They may be nested within one another, may have
holes inside, or may possess concave shapes. A good clus-
tering algorithm should be able to identify clusters irrespec-
tive of their shapes or relative positions. Another important
issue is the handling of noise. Noise objects (outliers) refer
to the objects that are not contained in any cluster and should
be discarded during the mining process. The results of a
good clustering approach should not be affected by the
different ordering of input data and should produce the same
clusters. In other words, the results should be order insen-
sitive with respect to input data.

The complexity and enormous amount of spatial data may
hinder the user from obtaining any knowledge about the
number of clusters present. Thus, clustering algorithms
should not assume to have the input of the number of
clusters present in the spatial domain. To provide the user
maximum effectiveness, clustering algorithms should clas-
sify spatial data at different levels of detail. For example, in
an image database, the user may pose queries like whether
a particular image is of type agricultural or residential.
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Suppose the system identifies that the image is of agricul-
tural category and the user may be just satisfied with this
broad classification. Again, the user may inquire about the
actual type of the crop that the image shows. This requires
clustering at hierarchical levels of coarseness which we call
the multi-resolution property.

In the description of the present invention which follows,
we cite to the following references:
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likelihood estimation of features in spatial process using
voronoi tesselation. Journal of the American Statistical
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Wash., 1998.

[BRY5]S. Byers and A. E. Raftery. Nearest neighbor clutter
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Very Large Databases. In Proceedings of the 1996 ACM
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Data, pages 103-114, Montreal, Canada, 1996.

Thus, a longfelt need has existed for a wavelet-based
method of managing spatial data in very large databases.

SUMMARY OF THE INVENTION

In this patent, we disclose a spatial data mining method,
termed WaveCluster. We consider the spatial data as multi-
dimensional signals and we apply signal-processing
techniques—wavelet transforms to convert the spatial data
into the frequency domain. In wavelet transform, convolu-
tion with an appropriate kernel function results in a trans-
formed space where the natural clusters in the data become
more distinguishable. We then identify the clusters by find-
ing the dense regions in the transformed domain. WaveClus-
ter conforms to all the requirements of good clustering
algorithms as discussed above. It can handle any large
spatial datasets efficiently. It discovers clusters of any arbi-
trary shape and successfully handles noise, and it is totally
insensitive to the ordering of the input data. Also, because of
the signal processing techniques applied, the multi-
resolution property is attributed naturally to WaveCluster. To
our knowledge, no method currently exists which exploits
these properties of wavelet transform in the clustering
problem in spatial data mining. It should be noted that use
of WaveCluster is not limited only to the spatial data, and it
is applicable to any collection of attributes with ordered
numerical values.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 illustrates a sample 2-dimensional feature space;

FIG. 2 illustrates a Cohen-Daubechies-Feauveau (2,2)
biorthogonal wavelet,

FIG. 3¢ illustrates an original feature space;

FIG. 3b illustrates a transformed space;

FIG. 4 is a block diagram of a multi-resolution wavelet
transform;

FIGS. 5a, 5b, and 5c illustrate a multi-resolution wavelet
representation of the feature space in various scales 1, 2, 3,
respectfully;

FIGS. 6a through 6/ are visualizations of some of the
datasets DS1 through DSS8, respectivly, used in the experi-
ments;

FIG. 7 illustrates WaveCluster on DSI;

FIG. 8a illustrates clustering results on DS4;

FIG. 8b illustrates BIRCH clustering results on DS4;

FIGS. 9a, 9b, and 9c illustrate WaveCluster output clus-
ters of DS8 at various scales 1, 2, and 3, respectively;

FIG. 10q illustrates of WaveCluster on datasets with noise
levels from 10 percent to 25 percent;

FIG. 10b illustrates clusters resulting from the use of
WaveCluster on the noisy datasets shown in FIG. 10a;

FIG. 11 illustrates WaveCluster on DS6;

FIG. 115 illustrates BIRCH on DS6;

FIG. 12a illustrates WaveCluster on DS5; and,

FIG. 12b illustrates BIRCH on DS3.

FIG. 13 is a flowchart illustrating a method according to
the present invention.

DETAILED DESCRIPTION OF THE
PREFERRED EMBODIMENT
1 Problem Formalization
Following the definition of Agrawal et. al. [AGGR98], let
A=A, A, ..., A, be asct of bounded, totally ordered
domains and S=A;xA,x ... A, be a d-dimensional numeri-
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cal space or feature space. A;, . . . , A, are referred as
dimensions of S. The input data set is a set of d-dimensional
points O={o,, 03 . - Oy), Where 0,=<0,,0,, . . .

0,>1=Zi=N. The j-th component of 0, is drawn from domain

We first partition the original feature space into nonover-
lapping hyper-rectangles which we call cells. The cells are
obtained by segmenting every dimension A, into m, number
of intervals. Each cell ¢; is the intersection of one interval
from each dimension. It has the form <CisChas - - - 5C;y> Where

c;=[1;, h;)) is the right open interval in the partmomng of A..
Each cell c; has a list of statistical parameters ci. param
associated with it.

We say that a point 0,=<0,, . . . ,0,,> is contained in a cell
C;, if ;S 0y,<hy; for 1=j<d. The hst c;param keeps track of
the statistical properties such as aggregation, mean,
variance, and the probability distribution of the data points
contained in the cell ¢, In general, in grid-based approaches
by a single pass through the dataset the containment rela-
tions are discovered and appropriate statistical parameters
are computed. Each cell has information about the density of
the data contained in the cell. Thus, the collection of ci
param summarizes the dataset.

We choose the number of points contained in each cell as
the only statistic to be used. That is, we use c;.count to be the
c,.parameter. In our approach we apply wavelet transform on
c;.count values. We define the transformed space as the set
of cells after wavelet transformation on the count values of
cells in the quantized space.

In our approach we take an all point stand on defining
clusters, i.e., we consider that all the points within a cluster
are representatives of the cluster. We introduce the following
definitions to be used for the rest of the paper.

Definition 1 (Empty cell) A cell in the quantized space
with O count value is called an empty cell.

Definition 2 (Nonempty cell) A cell in the quantized space
with nonzero count value is called a nonempty cell.

Definition 3 (Significant cell) A cell is a significant cell if
its count field" in the transformed space is above a certain
threshold T.

In case we keep more elaborate information about each cell than we can
specify a range of values for each of the parameters of each cell for
determining whether it is a significant cell.

Definition 4 (e-neighbor) A cell ¢, is an e-neighbor of cell
C, if either both are significant cells (in transformed space)
or nonempty cells (in quantized space) and D (c,, c,)<e
where D is an appropriate distance metric and e>0.

We can extend the definition of e>0.

Definition 5 (k-e-neighbor) A cell ¢, is a k-e-neighbor of
a cell G, if both are significant cells (in transformed space)
or both are nonempty cells (in quantized space) and if ¢, is
one of the k pre-specified e-neighbors of c,.

Definition 6 (k-connected) Two cells ¢, and ¢, are k-con-
nected if there is a sequence of cells py, pa, - - -, p; such that
py=¢c, and p=c, and p,,, is a k-e- nelghbor of p,, 1<1<]

Definition 7 (Cluster) A cluster C is a set of significant
cells {c;, ¢, . . . ¢, Which are k-connected in the trans-
formed space.

Given a set of N database points 0={0,, 0,, . . . , 05} In
the d-dimensional feature space S, our goal is to find the
clusters as defined above. After clustering, each cell in the
feature space S will have a label indicating the cluster that
it belongs to. In this paper, we propose WaveCluster to
cluster very large databases with low number of dimensions,
that is, we assume that N is very large and d is low.

2 Related Work

We can categorize the clustering algorithms into four
main groups: participating algorithms, hierarchical
algorithms, density based algorithms and grid based algo-
rithms.
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3.1 Partitioning Algorithms

Partitioning algorithms construct a partition of a database
of N objects into a set of K clusters. Usually they start with
an 1initial partition and then use an iterative control strategy
to optimize an objective function. There are mainly two
approaches 1) k-means algorithm, where each cluster is
represented by the center of gravity of the cluster, ii)
k-medoid algorithm, where each cluster is represented by
one of the objects of the cluster located near the center.

PAM [KR90] uses a k-medoid method to identify the
clusters. PAM selects K objects arbitrarily as medoids and
swap with other objects until all K objects qualify as
medoids. PAM compares an object with entire data set to
find a medoid, thus it has a slow processing time, O(K(N-
K))*>. CLARA (Clustering LARge Applications) [KR90]
draws a sample of data set, applies PAM on the sample, and
finds the medoids of the sample.

Ng and Han introduced CLARANS (Clustering Large
Applications based on RANdomaized Search) which is an
improved k-medoid method [NH94]. This is the first method
that introduces clustering techniques into spatial data mining
problems and overcomes most of the disadvantages of
traditional clustering methods on large data sets. Although
CLARANS is faster than PAM, but it is still slow and as
mentioned in [WYM97], its computational complexity is
Q(KN?). Moreover, because of its randomized approach, for
large values of N, quality of results cannot be guaranteed.

In general, k-medoid methods do not present enough
spatial information when the cluster structures are complex.
3.2 Hierarchical Algorithms

Hierarchical algorithms create a hierarchical decomposi-
tion of the database. The hierarchical decomposition can be
represented as a dendrogram [Gor81]. The algorithm itera-
tively splits the database into smaller subsets until some
termination condition is satisfied. Hierarchical algorithms do
not need K as an input parameter, which is an obvious
advantage over partitioning algorithms. The disadvantage is
that the termination condition has to be specified.

BIRCH (Balanced Iterative Reducing and Clustering
using Hierarchies) [ZR1.96] uses a hierarchical data struc-
ture called CF-tree for incrementally and dynamically clus-
tering the incoming data points. CF-tree is a height balanced
tree which stores the clustering features. BIRCH tries to
produce the best clusters with the available resources. They
consider that the amount of available memory is limited
(typically much smaller than the data set size) and want to
minimize the time required for I/0. In BIRCH, a single scan
of the dataset yields a good clustering, and one or more
additional passes can (optionally) be used to improve the
quality further. So, the computational complexity of BIRCH
is O(N). BIRCH is also the first clustering algorithm to
handle noise [ZR1L.96]. Since each node in CF-tree can only
hold a limited number of entries due to its size, it does not
always correspond to a natural cluster [ZRL96]. Moreover,
for different orders of the same input data, it may generate
different clusters. In other words, it is order-sensitive. In
addition, as our experimental results showed, if the clusters
are “spherical” or convex in shape, BIRCH performs well,
however, for other shapes it does not do as well. This is
because it uses the notion of radius or diameter to control the
boundary of a cluster.

3.3 Density Based Algorithms

Pauwels et al. proposed an unsupervised clustering algo-
rithm to locate clusters by constructing a density function
that reflects the spatial distribution of the data points
[PFGY7]. They modified non-parametric density estimation
problem in two ways. Firstly, they use cross-validation to
select the appropriate width of convolution kernel. Secondly,
they use Difference-of-Gaussians (DOG’s) that allows for
better clustering and frees the need to choose an arbitrary
cut-off threshold. Their method can find arbitrary shape
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clusters and does not make any assumptions about the
underlying data distribution. They have successfully applied
the algorithm to color segmentation problems. This method
is computationally very expensive {PFG97}. So it can make
the method impractical for very large databases.

Ester et al. presented a clustering algorithm DBSCAN
relying on a density-based notion of clusters. It is designed
to discover clusters of arbitrary shapes [EKSX96]. The key
idea in DBSCAN is that for each point of a cluster, the
neighborhood of a given radius has to contain at least a
minimum number of points, ie. the density in the neigh-
borhood has to exceed some threshold. DBSCAN can sepa-
rate the noise (outliers) and discover clusters of arbitrary
shape. It uses R*-tree to achieve better performance. But the
average run time complexity of DBSCAN is O(NlogN).
3.4 Grid-Based Algorithms

Recently a number of algorithms have been presented
which quantize the space into a finite number of cells and
then do all operations on the quantized space. The main
characteristic of these approaches is their fast processing
time which is typically independent of the number of data
projects. They depend only on the number of cells in each
dimension in the quantized space.

Wang et al. proposed a STatistical INformation Grid-
based method (STING) for spatial data mining [WYM97].
They divide the spatial area into rectangular cells using a
hierarchical structure. They store the statistical parameters
(such as mean, variance, minimum, maximum, and type of
distribution) of each numerical feature of the objects within
cells. STING goes through the data set once to compute the
statistical parameters of the cells, hence the time complexity
of generating clusters is O(N). The other previously men-
tioned clustering approaches do not explain if (or how) the
clustering information is used to search for queries, or how
a new object is assigned to the clusters. In STING, the
hierarchical representation of grid cells is used to process
such cases. After generating the hierarchical structure, the
response time for a query would be O(K), where K is the
number of grid cells at the lowest level [WYM97]. Usually
K<<N. which makes this method fast. However, in their
hierarchy, they do not consider the spatial relationship
between the children and their neighboring cells to construct
the parent cell. This might be the reason for the isothetic
shape of resulting clusters, that is, all the cluster boundaries
are either horizontal or vertical, and no diagonal boundary is
detected. It lowers the quality and accuracy of clusters,
despite the fast processing time of this approach.

Xu et al. proposed DBCLASD (Distribution Based Clus-
tering of LArge Spatial Databases) [ XMKS98]. DBCLASD
assumes that the points inside a cluster are uniformly
distributed. For each point in the cluster the nearest point
which is not inside the cluster is found out. Then it defines
nearest neighbor distance set as the set of all distances
between each point in the cluster and its nearest point
outside the cluster. Then it defines a cluster to be a nearest
neighbor distance set that has the expected distribution with
a required confidence level. DBCLASD incrementally aug-
ments an initial cluster by its neighboring points as long as
the nearest neighbor distance set of the resulting cluster still
fits the expected distribution. DBCLASD is able to find
arbitrary shaped clusters. Furthermore, DBCLASD does not
require input parameters to do the clustering. The experi-
mental results presented by Xu et al. shows that it is slower
than DBSCAN which has the complexity of O(NlogN).
Also, it assumes that points inside a cluster are uniformly
distributed which may not be the case in many applications.

In this patent, we disclose WaveCluster, which is a
grid-based approach. The proposed approach is very
efficient, especially for very large databases. The computa-
tional complexity of detecting clusters in our method is
O(N). The results are not affected by noise and the method
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is not sensitive to the order of input objects to be processed.
WaveCluster is very capable of finding arbitrary shape
clusters with complex structures such as concave or nested
clusters at different scales, and does not assume any specific
shape for the clusters. A-priori knowledge about the exact
number of clusters is not required in WaveCluster. However,
an estimation of expected number of clusters helps in
choosing the appropriate resolution of clusters.

4 Relating Spatial Data To Multidimensional Signals

In this section, we discuss the relationship between spatial
data and multidimensional signals and show how to use
wavelet transforms to illustrate the inherent relationships in
spatial data.

4.1 Spatial Data versus Multidimensional Signals

The primary motivation for applying signal processing
primitives to spatial databases comes from the observation
that the multidimensional spatial data objects can be repre-
sented in a d-dimensional feature space. The numerical
attributes of a spatial object can be represented by a feature
vector where each element of the vector corresponds to one
numerical attribute, or feature. These feature vectors of the
spatial data can be represented in the spatial area, which is
termed feature space, where each dimension of the feature
space corresponds to one of the features (numerical
attributes). For an object with d numerical attributes, the
feature vector will be one point in the d-dimensional feature
space. The feature space is usually not uniformly occupied
by the feature vectors. Clustering the data identifies the
sparse and the dense places, and hence discovers the overall
distribution of patterns of the feature vectors.

4.2 Wavelet-Based Clustering

We propose to look at the feature space from a signal
processing prospective. The collection of objects in the
feature space composes a d-dimensional signal. The high
frequency parts of the signal correspond to the regions of the
feature space where there is a rapid change in the distribu-
tion of objects, that is the boundaries of clusters. The low
frequency parts of the d-dimensional signal which have high
amplitude correspond to the areas of the feature space where
the objects are concentrated, in other words the clusters
themselves. For example, FIG. 1 shows a 2-dimensional
feature space, where the two dimensional data points have
formed four clusters. Note that FIG. 1 and also the figures in
Section 5 are the visualizations of the 2-dimensional feature
spaces and each point in the images represents the feature
values of one object in the spatial datasets. Each row or
column can be considered as a one-dimensional signal, so
the whole feature space will be a 2-dimensional signal.
Boundaries and edges of the clusters constitute the high
frequency parts of this 2-dimensional signal, whereas the
clusters themselves, correspond to the parts of the signal
which have low frequency with high amplitude. When the
number of objects is high, we can apply signal processing
techniques to find the high frequency and low frequency
parts of d-dimensional signal representing the feature space,
resulting in detecting the clusters.

Wavelet transform is a signal processing technique that
decomposes a signal into different frequency subbands (for
example, high frequency subband and low frequency
subband). The wavelet model can be generalized to
d-dimensional signals in which one-dimensional transform
can be applied multiple times. Methods have been used to
compress data [HIS94], or to extract features from signals
(images) using wavelet transform [SC94, JFS95, SZ97,
SZB97]. For each object, the extracted features form a
feature vector that can be represented by a point in the
d-dimensional feature space. A spatial database will be the
collection of such points. Wavelet transform has been
applied on the objects to generate the feature vectors (feature
space). The key idea in our proposed approach is to apply
wavelet transform on the feature space (instead of the
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objects themselves) to find the dense regions in the feature
space, which are the clusters. The next subsection discusses
the strategy and motivation of using wavelet transform on
d-dimensional feature spaces.
4.3 Applying Wavelet transform

Wavelet transform is a type of signal representation that
can give the frequency content of the signal at a particular
instant of time by filtering. A one-dimensional signal s can
be filtered by convolving the filter coefficients ¢, with the
signal values:

K

S = CpS
i Z Bt
k=1

where M is the number of coefficients in the filter and § is
the result of convolution [HIS94]. Wavelet transform pro-
vides us with a set of attractive filters. For example, FIG. 2
shows the Cohen-Daubechies-Feauveau (2,2) biorthogonal
wavelet.

The motivation for using wavelet transform and thereby
finding connected components in the transformed space is
drawn from the following observations.

Unsupervised Clustering: The hat-shape filters emphasize
regions where points cluster, but simultaneously tend to
suppress weaker information in their boundary.
Intuitively, dense regions in the original feature space
act as attractors for the nearby points and at the time as
inhibitors for the points that are not close enough. This
means clusters in the data automatically stand out and
clear regions around them, so that they become more
distinct [PFG97]. It makes finding the connected com-
ponents in the transformed space easier than that of the
original space, because the dense regions in the feature
space will be more salient. FIG. 3 shows an example of
a feature space before and after transform. In this case
we have used Cohen-Daubechies-Feauveau(2,2) bior-
thogonal transform. Two cluster centers were first
placed in a 2-dimensional feature space and then 500,
000 points were generated around them following
bivariate normal distribution. Then 25,000 uniformly
distributed random noise points were added to the data
to check the effect of applying wavelet transform on
them. As the figure shows, the clusters in the trans-
formed space are more salient and thus easier to be
found.

Effective Removal of Noise Objects:

Noise objects are the objects that do not belong to any of
the clusters and usually their presence causes problems for
the current clustering methods. Applying wavelet transform
removes the noise in the original feature space, resulting in
more accurate clusters. As we will show, we take advantage
of low-pass filters used in the wavelet transform to auto-
matically remove the noise. FIG. 3 shows that a majority of
the noise objects in the original space are removed after the
transformation.

Multi-resolution:

Multi-resolution property of wavelet transform can help
detecting the clusters at different levels of detail. As it will
be shown later, wavelet transform provides multiple levels
of decompositions which results in clusters at different
scales from fine to coarse. The appropriate scale for choos-
ing clusters can be decided based on the user’s needs.
Cost Efficiency:

Since applying wavelet transform is very fast, it makes
our approach cost-effective. As it will be shown in the
experiments, clustering very large datasets takes only a few
seconds. Using parallel processing we can get even faster
responses.
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Applying wavelet transform on a signal decomposes it
into different frequency sub-bands Mal89a]. We now briefly
review wavelet-based multi-resolution decomposition. More
details can be found in Mallat’s paper [Mal89b]. To have
multi-resolution representation of signals we can use dis-
crete wavelet transform. We can compute a coarser approxi-
mation of the one-dimensional input signal S, by convolving
it with the low pass filter H and down sampling the signal by
two [Mal89b]. By down sampling, we mean skipping every
other signal sample (For example one row in a
2-dimensional feature space). All the discrete approxima-
tions S, 1<j<J (J is the maximum possible scale), can thus
be computed from S, by repeating this process. Resolution
becomes coarser with increasing j. For example, the third
approximation of S, (that is S;) is coarser than the second
approximation S,. FIG. 4 illustrates the method.

We can extract the difference of information between the
approximation of signal at scale j-1 and j. D; denotes this
difference of information and is called detail signal at the
scale j. We can compute the detail signal D; by convolving

S, ; with the high pass filter G and returning every other
sample of output. The wavelet representation of a discrete
signal S, can therefore be computed by successively decom-
posing S; into S;,, and D, for 0=j <J. This representation
provides information about signal approximation and detail
signals at different scales.

We can casily generalize the wavelet model to
2-dimensional feature space, in which we can apply two
separate one-dimensional transforms [HIS94]. We can rep-
resent a 2-dimensional feature space as an image where each
pixel of image corresponds to one cell in the feature space.
The 2-dimensional feature space (image) is first convolved
along the horizontal (x) dimension, resulting in a lowpass
image L and a highpass image H. We then down sample each
of the convolved images in the x dimension by 2. Both L and
H are then convolved along the vertical (y) dimension,
resulting in four subimages: LL, LH, HL, and HH. Once
again, we down sample the subimages by 2, this time along
the y dimension. The two-dimensional convolution decom-
poses an image into an average signal (LL) and three detail
signals which are directionally sensitive: LH emphasizes the
horizontal image features, HL the vertical features, and, HH
the diagonal features.

FIGS. 5a, 5b, and 5c illustrate a multi-resolution wavelet
representation of the feature space in scales 1, 2, and 3,
respectively. At each level, sub-band LL (wavelet approxi-
mation of original image) is shown in the upper left quad-
rant. Sub-band LH (horizontal edges) is shown in the upper
right quadrant, sub-bank HL (vertical edges) is displayed in
the lower left quadrant, and sub-band HH (corners) is in the
lower right quadrant.

The above wavelet model can similarly be generalized for
d-dimensional feature space, where one-dimensional wave-
let transform will be applied d times. As mentioned earlier,
we apply wavelet transform on the feature vectors of objects.
At different scales, it decomposes the original feature space
into an approximation, or average subband (feature space),
which has information about content of clusters, and detail
subbands (feature spaces) which have information about
boundaries of clusters. The next section describes how we
use this information to detect the clusters.

5 WaveCluster

In this section, we introduce our proposed algorithm and
discuss its properties. The time complexity analysis of the
algorithm is then presented.

5.1 Algorithm

Given a set of spatial objects 0;, 1=i=N, the goal of the
algorithm is to detect clusters and assign labels to the objects
based on the cluster that they belong to. The main idea in
WaveCluster is to transform the original feature space by
applying wavelet transform and then find the dense regions
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in the new space. It yields sets of clusters at different
resolutions and scales, which can be chosen based on user’s
needs. The main steps of WaveCluster are shown in Algo-
rithm 1.

FIG. 13 is a flowchart illustrating a method according to
the present invention. Step 10 inputs feature vectors for
multidimensional data objects. Step 20 quantizes a feature
space to determine cells of the feature space. Step 30 assigns
objects to the cells. Step 40 applies a wavelet transform on
the quantized feature space to obtain a transformed feature
space. Step 50 finds connected clusters in subbands of the
transformed feature space, at different levels. Step 60
assigns labels to the cells. Step 70 creates a look-up table.
Step 80 maps the objects to the clusters. Details of the
method shown in FIG. 13 are provided below.

Input: Multidimensional data objects’ feature vectors,
Step 10

Algorithm 1
Input: Multidimensional data objects’ feature vectors
Output: clustered objects

1. Quantize feature space, then assign objects to the cells.

2. Apply wavelet transform on the quantized feature space.

3. Find the connected components (clusters) in the subbands of
transformed feature space, at different levels

4. Assign labels to the cells.

5. Make the lookup table.

6. Map the objects to the clusters.

5.1.1 Quantization

The first step of WaveCluster algorithm, or Step 20 in
FIG. 13, is to quantize the feature space, where each
dimension A; in the d-dimensional feature space will be
divided into m; intervals. If we assume that m; is equal to m
for all the dimensions, there would be m? cells in the feature
space. Then the corresponding cell for the objects will be
determined, Step 30, based on their feature values.

<
lSop<hy,

. 1S7=d.

We may recall that c;=[1,, h;)) is the right open interval in the
partitioning of A;. For each cell we count the number of
objects contained 1in it to represent the aggregation of the
objects. The number (or size) of these cells and the aggre-
gation information in each cell are important issues that
affect the performance of clustering. We discuss these quan-
tization issues in the next section. Because of multi-
resolution property of wavelet transform, we consider dif-
ferent cell sizes at different scales of transform.
5.1.2 Transform and Clustering

In the second step, discrete wavelet transform will be
applied on the quantized feature space, Step 40 in FIG. 13.
Applying wavelet transform on the cells in {c:1=j=J}
results in a new feature space and hence new cells
{tz:1=k=K}. Given the set of cells {t:1=k=K}, Wave-
Cluster detects the connected components in the transformed
feature space, Step 50. Each connected component is a set of
cells in {t,:1=k=K} and is considered as a cluster. Corre-
sponding to each resolution r of wavelet transform, there
would be a set of clusters C,, where usually at the coarser
resolutions, number of clusters is less. In the experiments,
we applied each of the three-level wavelet transforms
Daubechies, Cohen-Daubechies-Feauveau (4,2) and (2,2))
[Vai93, SN96, URB97]. Average subbands (feature spaces)
give approximations of the original feature space at different
scales, which help in finding clusters at different levels of
details. For example, as shown in FIGS. 5a to 5c for a
2-dimensional feature space, the subbands LL show the
clusters at different scales.

15

20

25

30

35

40

45

50

65

12

We use the algorithm in [Hor88] to find the connected
components in the 2-dimensional feature space (image). The
same concept can be generalized for higher dimensions. In
our implementation we have k=8 and e=v2 for k-e-
neighborhood as defined in Section 2. That is, a significant
cell a in the transformed feature space is k-e-neighbor of
another cell b if a lies within one of the 8 grid cells
surrounding cell b. The connected component analysis con-
sists of scanning through the image once to find all the
connected components, and then equivalence analysis to
relabel the components. This takes care of components with
holes and concave shapes. There are many well known
algorithms for finding connected components in images and
we used the one mentioned in [Hor88] for our purpose. FIG.
9 in Section 5 shows the clusters that WaveCluster found at
each scale in different colors.

5.1.3 Label Cells and Make Look Up Table

Each cluster w, w € C,, will have a cluster number w,,. In
the fourth step of algorithm, WaveCluster labels the cells in
each cluster in the transformed feature space with its cluster
number, Step 60. That is,

YoVt,L o=l =0,0eC,

Where 1, is the label of the cell t,. The clusters that are
found are in the transformed feature space and are based on
wavelet coefficients. Thus, they cannot be directly used to
define the clusters in the original feature space. WaveCluster
makes a lookup table LT to map the cells in the transformed
feature space to the cells in the original feature space, Step
70. Each entry in the table specifies the relationship between
one cell in the transformed feature space and the correspond-
ing cell(s) of the original feature space. So the label of each
cell in the original feature space can be easily determined.
Finally, WaveCluster assigns the label of each cell in the
feature space to all the objects whose feature vector is in that
cell, and thus the clusters are determined, Step 80.

= <7<
VoVc,Voec, 1,=0,, 0eC,, 1Zi=N,

Where 1, is the cluster label of object o,.
5.2 Properties of WaveCluster

When the objects are assigned to the cells of the quantized
feature space at step 1 of the algorithm, the final content of
the cells is independent of the order in which the objects are
presented. The following steps of the algorithm will be
performed on these cells. Hence, the algorithm will have the
same results for any different order of input data, so it is
order insensitive with respect to input objects. As it will be
formally and experimentally shown later, the required time
for WaveCluster to detect the clusters is linear in terms of the
number of input data, and it cannot go below that, because
all the data should be at least read. After reading the data, the
processing time will be only a function of number of cells in
the feature space. Thus, it makes WaveCluster very efficient,
especially for very large number of objects WaveCluster will
be especially very efficient for the cases where the number
of cells m and the number of feature space dimension d are
low. Minefield detection and some seismology applications
are examples where we have low dimensional (2
dimensions) feature spaces.

All the grid-based approaches for clustering spatial data
suffer from the Modifiable Areal Cell Problem (MAUP) first
addressed by Openshaw in 1977, and Openshaw and Taylor
in 1981 [Ope77, OT81]. The problem occurs in terms of
scaling and aggregation. The problem of scaling is in
selecting appropriate size and number of cells to represent
the spatial data. There are infinitely large of number of ways
in which cells may be organized and their size be specified.
Aggregation is the problem of summarizing the data con-
tained in each cell. In our case we use a simple accumulative
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approach where the number of the data points contained in
a cell summarizes all information about the cell. But there
might be other measures which characterize the data more
appropriately. In his paper, Openshaw defines this problem
mathematically and discusses some heuristics to solve the
problem.

All the present grid-based algorithms suffer from these
problems. In general, when the quantization value m is too
low (very coarse quantization), more objects will be
assigned to the same cell, and there is higher probability for
the objects from different clusters to belong to the same cell.
We call this case under-quantization problem. This results in
merging of the two clusters and mislabeling their objects,
thus the quality of clustering decreases. In contrast, if the
quantization value m is too high (very fine quantization),
each object will be in a separate cell which might be far from
the other cells. We call this over-quantization problem.
Over-quantization can result in many unnecessary small
clusters (that might be later removed as noise) and does not
find the real clusters, thus it will also decrease the quality of
clustering. Aggregation also plays a role in clustering and it
depends on the kind of algorithm used for clustering. In
STING each cell maintains a list of statistical attributes like
number of objects in the cell, mean of values, standard
deviation of values, min, max, type of distribution the values
in the cell [WYM97]. In CLIQUE proposed by Agrawal et
al., each cell is classified as dense or not based on the count
value in each cell [AGGR98]. But none of the methods
discusses the problems regarding aggregation.

We submit that, in this context, scaling is an inherent
problem in what a human user can call a cluster, in other
words, the definition of cluster. As Openshaw and Taylor
stated, it seems very unlikely that there will ever be either a
purely statistical or mathematical solution for MAUP
[OT81]. To have an optimal quantization, application
domain information should be incorporated. Openshaw pro-
vided a geographical solution to scale and aggregation
problems in region-building, partitioning, and spatial mod-
eling [Ope77]. However, as he mentions, although his
approach seems to work, and perhaps provides the only real
solution to a complicated problem, it has its own weaknesses
[OT81]. Quantization is a problem that all grid-based algo-
rithms suffer from. However, while other existing grid-based
clustering methods ignore this problem, WaveCluster has the
advantage of producing clusters at multiple scales at the
same time. This means that the results of WaveCluster
implicitly reflect multiple quantizations of the feature space,
resulting in multiple sets of clusters that can be selected
based on the user’s requirements.

We use a heuristic-based approach to experimentally find
a good quantization. We start with very small size grid cells
(over-quantized feature space) and try to find the clusters.
Most likely, no clusters will be found at this step. We then
increase the size of cells and find the possible clusters. If no
acceptable clusters are found, we repeat the process after
enlarging the size of cells. This process is continued until we
obtain some acceptable clusters. At this phase,
WaveClusters, using multiresolution property of wavelet
transform, can provide multiple sets of clusters at different
scales. This approach to finding an appropriate quantization
will increase the overall time to cluster the database.
However, given the appropriate quantization, the required
time complexity of WaveCluster will still be O(N). Finding
the suitable quantization is a common problem for all
grid-based methods and this cost should be considered for
all of them.

WaveCluster finds the connected components in the aver-
age subband (LL) of the wavelet transformed feature space,
as the output clusters. As mentioned in Section 4.3, average
subband is constructed by convolving the low pass filter
along each dimension and down sampling by two. So a
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wavelet transformed cell will be affected by the content of
cells in the neighborhood covered by the filter. It means that
the spatial relationships between neighboring cells will be
preserved. The algorithm to find the connected components
labels each cell of feature space with respect to the cluster
that it belongs to. The label of each cell is determined based
on the labels of its neighboring cells [Hor88]. It does not
make any assumptions about the shape of connected com-
ponents and can find convex, concave, or nested connected
components. Hence, WaveCluster can detect arbitrary
shapes of clusters.

WaveCluster applies wavelet transform on the feature
space to generate multiple decomposition levels. Each time
we consider a new decomposition level, we ignore some
details in the average subband and effectively increase the
size of a cell’s neighborhood whose spatial relationship is
considered. This results in sets of clusters with different
degrees of details after each decomposition level of wavelet
transform. In other words, we will have multi-resolution
clusters at different scales, from fine to coarse. For example,
in Section 6, FIGS. 9a, 9b, and 9¢ show examples where a
three-level wavelet transform is applied and the output
clusters after each transform are presented. At scale 1 we
have the four fine clusters, and at the next scale two of those
clusters are merged. At scale 3, we have only two coarse
clusters representing original feature space. In our approach,
a user does not have to know the exact number of clusters.
However, a good estimation of number of clusters helps in
choosing the appropriate scale and the corresponding clus-
ters. One of the effects of applying low pass filter on the
feature space is the removal of noise. WaveCluster takes
advantage of this property, and removes the noise from the
feature space automatically. FIG. 3-a shows an example
where about 25,000 noise objects are scattered in the feature
space. After applying wavelet transform, the noise objects
are removed and thus WaveCluster can detect the clusters
correctly. 1 5.3 Time Complexity

Let N be the number of objects in the database, where N
is a very large number. Assume the feature vectors of objects
are d-dimensional, resulting in a d-dimensional feature
space. As we mentioned in Section 2, the current version of
WaveCluster is designed for the cases where N is very large
and d is low. The time complexity of the first step of
WaveCluster algorithm is O(N), because it scans all the
database objects and assigns them to the corresponding
cells. Assuming m cells in each dimension of feature space,
there would be K=m? cells. Complexity of applying wavelet
transform on the quantized feature space (step 2) will be
O(1dK)=0(dK), where 1 is a small constant representing the
length of filter used in the wavelet transform. Since we
assume that the value of d is low, we can consider it as a
constant, thus O(dK)=0(K). If we apply wavelet transform
for T levels of decomposition, since for each level, we down
sample the space by two, for d=2, the required time would
be

K Ky L
O(K+?+W+...+W]=0K;W =

T .
0[1( (27
=0

ok 5 <of3y

That means the cost to apply wavelet transform for
multiple levels would be at most
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Thus, we have multiresolution presentation of the clusters
very cost-effectively. To find the connected components in
the transformed feature space, the required time will be
0(cK)=0(K), where ¢ is a small constant. Making the
lookup table requires O(K) time. After reading data objects,
the processing of data is performed is steps 2 to 5 of the
algorithm. Thus the time complexity of processing data
(without considering I/0) would in fact be O(K), which is
independent of number of data objects (N). The time com-
plexity of the last step of WaveCluster algorithm is O(N).
Since this algorithm is applied on very large databases with
low number of dimensions, we can assume that NZK. As an
example, for a database with 1,000,000 objects when the
number of dimensions d is less than or equal to 6, and the
number of intervals m is 10, this condition holds. Thus based
on this assumption the overall time complexity of the
algorithm will be O(N). It should be noted that because of
the way that we find the connected components (and hence
the clusters), the number of clusters does not affect the time
complexity of WaveCluster. In other words, WaveCluster’s
time complexity is independent of the number of clusters.

While applying the wavelet transform on each dimension
of the feature space, the required operations for each feature
space cell can be carried out independently of the other cells.
Thus, parallel processing can speed up transforming the
feature space. The connected component analysis can also
be speeded up using parallel processing [NS80, SV82].
Parallel processing algorithms will be especially useful
when the number of cells m or the number of dimensions d
is high. For a large number of dimensions we may have
N<K=m?. For such cases, we can also perform principle
component analysis [Sch92], to find the most important
features and to reduce the number of dimensions to a value
of f such that N>m’/. We have provided another solution
using a hash-based data structure for the cases when number
of dimensions is high which is presented in [YCSZ98].

6 Performance Evaluation

In this section, we evaluate the performance of Wave-
Cluster and demonstrate it’s effectiveness on different types
of distributions of data. Tests were done on synthetic
datasets generated by us and also on datasets used to
evaluate BIRCH [ZRL96]. We mainly compare our cluster-
ing results with BIRCH.

Synthetic Dataset Generation

For the experiments we used the datasets generated by
both our own synthetic generator and the ones used by
[ZRL96]. In the dataset generation method described in
[ZRL96] cluster centers are first placed at certain locations
in the space. The data points of each cluster are generated
according to a 2-D normal distribution whose mean is the
center and whose variance is specified. Datasets DS1, DS2
and DS3 are the same as used by [ZRL.96]. They are shown
in FIGS. 6-a, b, and ¢ respectively. Each dataset consists of
100,000 points. The points in DS3 are randomly distributed
while those of DS1 and DS2 are distributed in a grid and sine
curve pattern respectively.

We designed our own synthetic dataset generator for
performing further experiments The data generator allows
control over the structure, number of clusters, probability
distribution, and size of the data sets. It also allows us to add
different proportion of noise to the generated datasets. We
generated 14 new datasets to perform experiments.

We generated DS4 by spreading points in two-
dimensional space following uniform random distribution in
the shapes of rectangles and annular region. DS4 contains
228, 828 data objects spread in 2 clusters as shown in FIG.
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6-d. For generating dataset DSS, we spread points around
two parabolas following uniform random distribution.
Dataset DS5 has 250,000 data objects, containing two
concave clusters in the shape of parabolas.

Dataset DS6 was generated by spreading 275,429 random
data objects following uniform distribution in two concen-
tric annulus regions. We randomly generate two floating-
point numbers in the feature space, one for each dimension.
We then check whether the data object defined by these two
features falls in the annular region defined by the inner
radius, center and the width. The parameters used for
generating this dataset are shown in Table 1. The parameter
r 1s the radius of the void circle inside the annulus, w is the
width of the annulus, and x and y define the location of the
center of the annular.

TABLE 1

Parameters for generating DS6

Parameters T w X Y
Inner Circle 20.0 15.0 60.0 60.0
Outer Circle 40.0 20.0 60.0 60.0

We used a technique similar to one described in [ZRL96]
to generate the dataset DS7. Two cluster centers are first
placed on the two dimensional plane and then 500,000 data
objects are spread following 2-D normal distribution around
these points. After that 75,000 (15%) random noise objects
were added to the dataset, making the total number of data
objects 575,000. For the 2-D normal distribution we used the
polar method proposed by Box, Muller and Marsaglia as
described in [Knu98]. The dataset is shown in FIG. 6-g. The
parameters used for this are shown in Table 2, where u, and
,, specify the mean in each dimension i.e., the location of
the cluster center, 0, and o specify the variance in cach
dimension and p specifies the correlation coefficient
between the variables in each dimension.

TABLE 2
Parameters for generating DS7
Parameters e iy o oy P
Cluster 1 125.0 55.0 60.0 13.0 0.7
Cluster 2 125.0 120.0 50.0 30.0 0.5

Generation of dataset DS8 follows a combination of
strategies used for generating DS6 and DS4. We create two
concentric annular region, one filled circle and an
“L-shaped” cluster. There are total 252,869 data objects in
DSS8.

We also had several other datasets to study certain char-
acteristics of WaveCluster. One group of datasets was used
to verify the sensitivity of processing time of WaveCluster
with increasing number of clusters. To make a fair compari-
son we made the total number of data objects the same but
varied the number of clusters in these datasets. Each dataset
has 1,000,000 data objects and 20,000 noise objects. The
number of clusters in these datasets range from 2 to 100. The
clusters are either rectangles (following a uniform random
distribution) or ellipsoids (following 2-D normal random
distribution as described before). The results for these
experiments are reported in Table 3. The generation of
rectangular clusters follow closely the method described in
[ZM97]. We also generated several noisy versions of DS7
dataset to verify the noise removal property of WaveCluster.
We added different proportions (5%, 10%, 15%. 20%, 25%)
of noise to the original DS7 dataset to create these datasets.
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The number of objects in them are 525,000, 550,000,
575,000, 600,000, and 625,000 respectively. The visualiza-
tions of these datasets and WaveCluster’s results on them are
presented in FIGS. 104 and 105b.
Clustering Very Large Databases

All the datasets used in the experiments contain typically
more than 100,000 data points. DS1, DS2 and DS3 each has
100,000 data points. WaveCluster can successfully handle
arbitrarily large number of data points. FIG. 7 shows Wave-
cluster’s performance on DS1. Here a map coloring algo-
rithm has been used to color the clusters. Neighboring
clusters have different colors. But non-neighboring clusters
might be allocated the same color. In FIG. 3, we showed the
clustering results for a dataset with more than 500,000
objects.

Clustering Arbitrary Shapes

As we mentioned earlier, spatial data mining methods
should be capable of handling any arbitrary shaped clusters.
FIG. 6-d presents the DS4 dataset. There are 2 arbitrary,
shaped clusters in the original data. FIG. 8a illustrates
Wavecluster clustering results on DS4. FIG. 8b illustrates
BIRCH clustering results on DS4. This result emphasizes
effectiveness of the methods which do not assume the shape
of the clusters a priori.

Clustering at Different Resolutions

WaveCluster has the remarkable property that it can be
used to cluster at different granularities according to user’s
requirement. FIGS. 9a, 9b, and 9c display the results of
WaveCluster on DS8 (FIG. 6-). At scale 1, we have the four
fine clusters, and at the next scale two of those clusters are
merged. At scale 3, we have only two coarse clusters
representing original feature space. This illustrates how
WaveCluster finds clusters at different degrees of detail. This
property of WaveCluster provides the user with the flexibil-
ity to modify queries based on initial results.

Handling Noise Objects

WaveCluster is very effective in handling noise. The
dataset presented in FIG. 3 has 500,000 objects in two
clusters plus 25,000 (5%) noise objects. We generated new
datasets from it where 50,000, 75,000, 100,000, and 125,000
(10%, 15%, 20%, and 25%) uniformly distributed noise
objects were added to datasets. The FIG. 10a illustrates
datasets with noise level from 10 percent to 25 percent by
WaveCluster are shown in FIG. 10. FIG. 106 illustrates
clusters resulting from the use of WaveClusters on noisy
datasets shown in FIG. 10a. WaveCluster successfully
removes all the random noise and produces the two intended
clusters in all cases. Also, because the time complexity of the
processing phase of WaveCluster is O(K) (where K is the
number of grid cells), the time taken to find the clusters in
the noisy version of the data is the same as the one without
the noise.

Clustering Nested and Concave Patterns

WaveCluster can successfully cluster any complex pattern
consisting of nested or concave clusters. From FIG. 6-f
(DS6) and FIG. 11-a we see that WaveCluster’s result is very
accurate on nested clusters. FIG. 11-b shows BIRCH’s result
on the same dataset.

FIG. 6-g (DS5) shows an example of a concave shape data
distribution. FIGS. 12-a and 12-b compare the clustering
produced by WaveCluster and BIRCH. From these results,
it is evident that WaveCluster is very powerful in handling
any type of sophisticated patterns.

Comparing Different Number of Clusters

We generated 9 datasets each having 1,000,000 data
objects and added 20,000 noise objects to them. These
datasets have the same number of data objects (1,020,000),
but have different number of clusters ranging from 2 to 100
clusters. Table 3 summarizes the required quantization and
processing time for these datasets. We applied Cohen-
Daubechies-Feauveau (2,2) wavelet transform and used
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256x256 quantization in these experiments. As this table
shows, the number of clusters has no effect on the timing
requirements of WaveCluster. It verifies our discussion in
Section 5.3 that WaveCluster’s time complexity is indepen-
dent of the number of clusters.

TABLE 3

Required time (in seconds) for different number
of clusters with same number of points.

Number of Clusters

2 4 5 10 20 25 40 50 100
Quan- 491 49.1 547 509 52.0 520 517 520 541
tiza-
tion
Time
Pro- 21 21 21 22 215 23 21 21 22
cessing
Time

Comparison of Timing Requirements

We now compare the timing requirements of
WaveCluster, BIRCH, and CLARANS as shown in Tables 4
and 5. We ran BIRCH on all the datasets. CLARANS
requires the information about all the database objects to be
loaded into memory, and its run time is very large when
there are large number of objects. Thus, we were unable to
run it. Based on the comparison of BIRCH and CLARANS
presented in [ZLR96], we estimated the performance of
CLARANS. Running code for DBSCAN and STING were
not available, thus we were not able to do experiments with
it. We observe that on an average CLARANS is 22 times
slower than BIRCH. We show the time requirements for
quantization and processing separately for WaveCluster. All
the experiments were carried out on a SUN SPARC work-
station using 168 MHz UltraSparc CPU with SunOS oper-
ating system and 1024 MB memory. We applied Cohen-
Daubechies-Feauveau (2,2) wavelet transform in the
experiments reported in Table 5.

TABLE 4
Required time (in seconds) for different datasets using CLARANS and
BIRCH.

Dataset
Number of DS6 DsSs DS4 DS1 DS2 DS3
Data 275429 250,000 228,828 100,000 100,000 100,000
CLARANS 23782 2376.0 2085.6 1232.0 1093.0 1089.4
BIRCH 108.1 108.0 94.8 56.0 49.7 495

Table 5 shows the average quantization time required in

WaveCluster. It also presents the processing time when
different number of grid cells are used in quantization. The
values of m; and m, specify the number of cells in hori-
zontal and vertical dimensions respectively. The total
required time to cluster using WaveCluster is the summation
of processing and quantization time. We observe that Wave-
Cluster outperforms BIRCH and CLARANS by a large
margin when we use the finest quantization (512x1024)
which takes the longest among other quantizations in our
experiments. Even if we add up the processing time for all
different quantizations, the total time would still be less than
that of the other clustering methods.
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TABLE 5
Required time (in seconds) for different datasets using WaveCluster.
Dataset
DS6  DS5  DS4  Dsl DS2 DS3
Number of data
m,  m, 275429 250,000 228,828 100,000 100,000 100,000
Processing 512 1024 5.9 5.7 6.3 5.6 5.8 6.0
Time 512 s12 35 35 34 38 34 33
256 512 22 2.1 2.0 23 2.1 20
256 256 14 15 15 15 1.4 1.4
128 256 12 11 1.1 12 1.2 1.1
128 128 09 10 1.0 1.0 0.9 1.0
64 128 10 0.9 0.8 11 1.0 09
64 64 09 0.9 0.9 0.9 0.9 08
Quantization Time 11.7 11.0 9.7 5.4 5.6 55
s . . 20
The processing time of WaveCluster is almost indepen-
dent of the distribution of the spatial objects and most TABLE 6
importantly it is even independent of number of objects omthor ot ol o ot DSl usine it .
: : umber of clusters found for using different quantizations.
present in the space. As Table 5 shows, the time taken by
WaveCluster is heavily dominated by the time to read the , m, 2048 1024 512 256 128 64 32
input data from the disk. A faster method to do I/O will make Ez ber of 409? Zgig 1%‘3‘ ié? Zig 1%2 6‘3‘
the algorithm a whole lot faster. The experimental results Cﬁlr:te: °
demonstrate WaveCluster to be a stable and efficient clus-
tering method.
As Table 5 shows, the processing time (without consid- 30 7 Conclusion
ering I/0) is not a function of number of data objects. For In this patent, we presented the clustering approach
datasets of different sizes, WaveCluster requires almost  termed WaveCluster. This grid-based approach applies
similar processing time (given the same quantization). As wavelet transform on the quantized feature space and then
mentioned in Section 5.3, the time complexity of processing detects the dense regions in the transformed space. Applying
data in linear terms of number of the feature space cells 35 wavelet transform makes the clusters more distinct and
(O(K)). The timing results shown in Table 5 verify this salient in the transformed space and thus ease their detec-
property of WaveCluster. When we have less number of cells ~ tion. Using multiresolution property of wavelet transform,
(coarser quantization), the required time is less. Quantiza- WaveCluster can detect the clusters at different scales and
tion time includes the time to read the input data and assign ,, levels of details which can be very useful in the user’s
them to the cells and hence is a function of number of input applications. Moreover, applying wavelet transform
data. That is, as shown in Table 5, the required quantization ~ removes the noise from the original feature space, and thus
time for larger datasets is larger than that of smaller datasets. ~ enables WaveCluster to handle them properly and find more
Clustering at Different Quantizations accurate clusters. WaveCluster does not make any assump-
tion about the shape of clusters and can successfully detect
fat 45 p y
prcfz:le;l;éilrtl);e tifnewznshtcl)l\zsihgoxe?;?néhziitif;cyafzCi;a\t}::e arbitrary shape clusters such as concave or nested clusters.
. o It is a very efficient method with time complexity of O(N),
Cluster. We now present our experimental results regarding where N Bi/s the number of obiccts in the I(;atasze wt(lic)h
the effect of quantization on the quality of clustering. We . . . ! ’
erformed cxperiments on the datasct DS1 that has 100 makes it specially attractive for very large databases. Wave-
P 50 Cluster is insensitive to the order of input data to be
clusters. Table 6 shows the number of clusters found by . .
WaveCluster where different quantizations were used. In processed. Current clustering techniques do not address
Section 5.2. we discussed the problems of scalin these issues sufficiently, although considerable work has
S . P cauns, been done in addressing each issue separately. Our experi-
aggregation, under-quantization, and over-quantization.
When we used the fine quantization 20484096, almost all mental results demonstrated that WaveCluster can outper-
the 100 were eliminated as noise (over-quantizati,on) On the 55 form the other recent clustering app.roaches. WaveCluster is
other hand, when the objects were quantized coarsely the first attempt to apply the properties of wavelet transform
in the clusteri blem i tial data mining.
(under-quantization), (for example 32x64 or 64x128), most 10 fhe clus e““fg pr.o em 1 spahial data ming
of the clusters were merged to each other yielding low What we claim is: ) ) )
quality results. When we used 256x512 quantization, almost 60 1° A .method of managing spatial data in a database,
all the 100 clusters were correctly detected and we obtained comprising:
the best results. Table 6 shows that for 1024x2043 a.) quantizing a feature space to determine cells of said
quantization, WaveCluster also detects about 100 clusters. feature space;
However, due to over-quantization and because of low o g )
density of objects at the border of clusters, most of such 65 b.) assigning objects to said cells;

border objects were not assigned to the clusters. Thus, for
this case, the results were not satisfactory.

¢.) applying a wavelet transform on the quantized feature
space to obtain a transformed feature space;
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d.) finding connected clusters in subbands of said trans- 2. The method recited in claim 1 wherein said feature
formed feature space, at different levels; space is two-dimensional.

3. The method recited in claim 2 wherein said feature

) assigning labels to said cells; space is an image taken by a satellite.

f) creating a look-up table; and,
g.) mapping the objects to the clusters. R T S



