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Abstract

Three-dimensional point sets can be used to represent
data in different domains. Given a database of 3D point
sets, pattern discovery looks for similar subsets that occur
in multiple point sets. Geometric hashing proved to be an
effective technique in discovering patterns in 3D point sets.
However, there are also known shortcomings. We propose
a new indexing technique called �B� Trees. It is an ex-
tension of B�-Trees that stores point triplet information. It
overcomes the shortcomings of the geometric hashing tech-
nique. We introduce four different ways of constructing the
key from a triplet. We give analytical comparison between
the new index structure and the geometric hashing tech-
nique. We also conduct experiments on both synthetic data
and real data to evaluate the performance.

1. Introduction

Three-dimensional point sets can be used to describe
data in different domains, e.g. scientific data mining,
computer-aided design, computer vision, etc. Pattern dis-
covery is one of the problems that arise in these domains. It
is concerned with similar substructures that occur in multi-
ple point sets. For example, a motif is a substructure in pro-
teins that has specific geometric arrangement and, in many
cases, is associate with a particular function, such as DNA
binding. Active sites are another type of patterns in protein
structures. They play an important role through protein-
protein and protein-ligand interaction, i.e. the binding pro-
cess.

Similarity search in 3D point sets has been studied ex-
tensively. There are roughly three categories of approaches:
volume-based approaches, feature-based approaches, and
interactive approaches. Volume-based approaches use well-
defined 3D structures to approximate the shapes of the point
sets. They do not consider points inside the volumes. Thus
they are not suitable for pattern discovery that is also con-

cerned with those points. Feature-based approaches capture
the shapes of the 3D point sets by descriptors. The descrip-
tors are essentially very high dimensional spaces and index-
ing them is a well known difficult problem, due to “the curse
of dimensionality” [1]. The interactive approaches rely on
the user to distinguish differences and provide feedbacks
that were then used to refine the search. In molecular data,
the differences between two molecules are often so subtle
that bare eyes can hardly detect them.

We propose a new index structure called�B� Tree that
facilitates pattern discovery in 3D point sets. We introduce
three variants of�B� Trees and compare the effectiveness
of them on both synthetic data and real data. The rest of the
paper is organized as follows. In Section 2, we describe our
approach to pattern discovery in 3D point sets. In Section 3,
we present the structure of a�B� Tree. In Section 4, we
compare�B� Trees with the geometric hashing technique.
In Section 5, we report some experimental results. We con-
clude the paper in Section 6.

2. Finding Patterns in 3D Point Sets

The pattern discovery process consists of three phases:
(1) decompose the point sets to candidate patterns; (2) index
the candidate patterns to a�B� Tree; and (3) calculate the
occurrence numbers of the candidate patterns.

The first phase is domain dependent. For example,
chemical compounds often have substructures that are con-
nected by double bonds. The building block of such sub-
structures is referred to as a block in graph theory. We used
an adapted depth-first search algorithm to identify these
substructures [5]. These substructures are considered can-
didate patterns. To discover active sites on the protein sur-
faces, we extracted the surfaces of the proteins and con-
structed candidate patterns using the�-nearest neighbors of
any given surface atom [3].

In the second phase, all the candidate patterns are in-
dexed to a�B� Tree. The minimum match identified by
the algorithm is a triplet match. Atriplet is an ordered set of



three points���� �� � ���, such that��� � ��� � ��� , where
��� � ��� � ���, ��� � ��� � ���, and��� � ��� � ���
stand for the Euclidean distances between each pair of the
points. Given a collection� of candidate patterns, we de-
compose each candidate pattern� � � to triplets and in-
dex the triplets to a�B� Tree. The key of the�B� Tree is
the three-dimensional vector���� � ���� ����. Two keys are
compared according to lexicographic ordering. For every
triplet ���� �� � ��� in �, A tuple in the�B� Tree has the
structure��������� �, where���� is the identifica-
tion number of the candidate pattern and��� is a� � �
matrix. All triplets of the same shape share the same key
and are grouped together.���� tells where this triplet
comes from and��� serves as a reference frame in con-
structing matches in the third phase. The tuples are stored
in a disk file, called the tuple file. Tuples with the same key
are stored contiguously.

In the third phase, each candidate pattern is used to
access the�B� Tree to calculate its occurrence number.
Let 	 be a query pattern and
 a given range of tolera-
ble errors. The algorithm decomposes	 to triplets and
uses each triplet to access the�B� Tree. For each triplet
�� �
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�� in 	, it looks for those keys���� � ���� ���� in
the�B� Tree, such that���� � ����� � 
, ���� � �

�

��� � 
,
and ���� � ����� � 
. Triplet matches are augmented to-
gether through comparison of the���s. For any query
pattern	, the process findsall possible matches ofany size
simultaneously. In other words, it identifies every possi-
ble alignment between	 and any candidate pattern within
the range of tolerable errors. In contrast, volume-based and
feature-based approaches do not provide alignment infor-
mation.

3. �B� Trees

Recall that tuples with the same key are stored contigu-
ously in the tuple file. The tuple file is indexed using a�B�

Tree. Each distinct key has an entry in the leaf nodes of the
�B� Tree. The�B� Tree is stored in a disk file, called the
�B� Tree file. When building the internal node, we adopt
the structure of CSB Tree [2]. The child nodes of each in-
ternal node are stored contiguously and only the pointer to
the first child node is stored in the node. Notice that CSB
Tree is a main memory index structure, while�B� Tree is
disk based. The size of the node is set to the page size of
the disk file.

Searching the�B� Tree with
 � � is straightforward.
For each triplet�� �

� � �
�

�� �
�

�� generated from the query pat-
tern	, the searching algorithm seeks exact match with the
key ������ �

�

��� �
�

���. When
 � �, starting from the root,
the algorithm checks the keys in each level and filters out
subtrees that are certainly out of the range. Essentially, the
algorithm does a breadth first search. We also implement

another algorithm that uses a key�� ����
� �
�

���
� �
�

���
�
to access the�B� Tree. The subsequent keys in the leaf
nodes are then checked until a key�� �� � ���� ����, such that
��� � �

�

�� � 
. Those keys that are not within the range are
filtered out. The breadth first approach performed slightly
better.

Lexicographic ordering in essence partitions the keys us-
ing the first dimension first. It could be better if the values
in the first dimension include information from all the three
dimensions. We developed three variants of�B� Tree.
They all use three-dimensional vectors as keys. The dif-
ference is in the values they use in the first dimension. Let
� � ��� � ��� � ��� . The first variant uses��� ���� ���� as
the key. We will call this�B� Tree-Length. Let
 be the
area of the triangle formed by the triplet�� �� �� � ���. The
second variant uses�
� ���� ���� as the key. We will call
this�B� Tree-Area. Let� be the radius of the circle that
circumscribes the triangle formed by the triplet. The third
variant uses��� ��� � ���� as the key. We will call this�B�

Tree-Circle.

4.�B� Tree vs. Geometric Hashing

The framework we introduced in [4, 5] also has three
phases. The difference is that we used a three-dimensional
hash table to store the triplet information. The framework
maintains two disk files, i.e. the header file and the tuple
file. The tuple file is the same as discussed above. The
header file stores a three-dimensional array. An entry in the
header file has the format������������ ��������, where
���������� is the address of the first tuple and������� is
the number of tuples in that hash bin. For any tuple with
key ���� � ��� � ����, the hash bin addresses are calculated as
follows:
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������ � ��� � ��� ��	 ������ ��	 ���� (1)
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where������, ������, and������ are three primes.
���� is the cardinality of the hash table in each dimen-
sion. ���������� (e.g. 100) is used so that some digits
after the decimal point can contribute to the distribution of
the entries. It is set according to the range of tolerable er-
rors. For example, if
 � ����
,���������� is set to 1000.
In the second phase, all candidate patterns are hashed to the
hash table. In the third phase, each candidate pattern is used
to probe the hash table to calculate its occurrence number.



We observed three shortcomings in the framework.

1. The hash functions (1) do not preserve accurate in-
formation of the data. It is not easy to determine
an optimal value for����������. Furthermore, once
���������� is fixed, the information stored in the hash
table only approximates the raw data.

2. The hash function is not suitable for answering queries
that allow variable ranges of tolerable errors when
matching the points.

3. False matches have to be filtered out. Our experiments
indicated that almost one quarter of the retrieved tu-
ples are false matches. For large point set, efficiency
deteriorates severely.

The first two shortcomings limit application of the
framework to bioinformatics. Due to regularity of biologi-
cal and chemical structures, dissimilarity is often very sub-
tle. Inaccuracy introduced by the scanning devices adds
noise to the data. It is extremely difficult to choose a fixed

, i.e. the range of tolerable errors, especially, when the
data are collected by different domain experts, using differ-
ent equipments, such as in the case of Protein Data Bank
[6]. It is highly desirable that
 be set to a tunable parame-
ter, so that the domain expert can choose an optimal value
according to the context. The�B� Trees overcome these
shortcomings.

5. Experimental Results

We have implemented both the�B� Tree technique
and the geometric hashing technique using GNU C++ Lan-
guage. All experiments were conducted on a Sun Ultra10
workstation with 440 MHz CPU and 512 Megabyte mem-
ory. Two data sets were used in the experiments. The first
data set includes 20 randomly generated point sets, each
has 15,000 points. Since randomly generated point sets
are rarely similar to each other, to make the experiments
more interesting, we generated 2 point sets first. We then
moved the -coordinate of half of the points in each point
set 0.001, 0.002, 0.003, 0.004, 0.01, 0.02, 0.03, and 0.04 re-
spectively to generate 8 copies of these point sets. We gen-
erated 2 more point sets to make the total of 20 point sets.
The second data set includes 140 proteins downloaded from
the Protein Data Bank [6]. The proteins have 1,000 atoms
on the average. We segmented both the point sets and the
proteins to consecutive substructures of� points, namely
the size of the candidate patterns was� . The parameters
of�B� Tree were�
!�"�#� = 1024,������
�����"�#�
= 84, and$�
�"�#� = 63. The three primes of the geomet-
ric hashing framework were 276527, 387659, and 498761.
���� was 251 and���������� was 1000.

We also implemented a typical bulkloading algorithm
that keeps inserting sorted leaf entries into the rightmost
path from the root. The heights of the�B� Tree for both
data sets were 4. The heights of the�B� Tree with bulk-
loading were also 4 for both data sets, even though the
�B� Tree files were much smaller. Our first observation in
the synthetic data was that, although the size of the header
file for geometric hashing was twice of the number of dis-
tinct keys, the number of non-empty bins was 23.1% less.
These keys must have been hashed to the same hash bins
of some other keys. In other words, about 23.1% of the
matches were false matches in the third phase. Similarly,
for the protein data, the header file for geometric hashing
was 1.9 times larger than the number of distinct keys, while
the number of non-empty bins was also 23.1% less.

Our first experiment compared�B� Tree with geomet-
ric hashing in terms of their response time in the third phase.
Figure 1 shows response time as a function of� , the size
of the candidate patterns for the synthetic data. Figure 2
shows the response time as a function of� for the proteins.
Since all the variants had very similar response time, we
only pictured one of them. The�B� Tree with bulkloading
also performed very similarly, probably because they had
the same heights.
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Figure 1. Response time as a function of �
for the synthetic data

In the second experiment, we evaluated the performance
of the�B� Tree technique with variable ranges of tolera-
ble errors. We compared�B� Tree with its three variants.
We fixed the size of the candidate patterns to 15. Figure 3
shows response time as a function of
 for the synthetic data.
Figure 4 shows response time as a function of
 for the pro-
teins. For all the variants, the�B� Tree with bulkloading
did slightly better in answering range queries. We did not
show the results here.

Notice that the response time for the protein data in-
creased very fast when
 increased. This most likely is
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Figure 2. Response time as a function of �
for the proteins
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Figure 3. Response time as a function of 
 for
the synthetic data

caused by the fact that proteins are very similar in terms
of inter-atom distances. There are some typical values of
the bonds. This phenomenon makes it very difficult to set
an optimal
 that is both large enough to cover data errors
and small enough to detect the subtle differences among the
data. This is the major motivation triggering the develop-
ment of�B� Tree.

6. Conclusion

We have proposed a new index structure called�B�

Tree.�B� Tree performs triplet matching and merging like
in [4, 5]. In stead of using geometric hashing, we use a B�

Tree to store the triplet information. The proposed indexing
technique has all the advantages a B� Tree has compared
with hashing techniques. We introduced three variants of
�B� Tree and evaluate the effectiveness of them on both
synthetic data and real data.
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Our future work includes using three dimensional R�-
trees and other index structures to index the triplets and con-
ducting experiments to compare the performance. We will
conduct large scale experiments to index the Protein Data
Bank for pattern discovery.
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