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Technigues and Data Structures for Efficient
Multimedia Retrieval Based on Similarity

Guojun Lu Member, IEEE

Abstract—As more and more information is captured and stored  tors [30], [32], [35]. During retrieval, the query is also repre-
in the digital form, many techniques and systems have been devel- sented by a multidimensional vector. The retrieval is based on
oped for indexing and retrieval of text documents, audio, images, ha similarity or distance between the query vector and the fea-
and video. The retrieval is normally based on similarities between .
extracted feature vectors of the query and stored items. Feature Fure vectors of the stored Ob]feCtS' When the number of stored ob-
vectors are usually multidimensional. When the number of stored jects and/or the number of dimensions of the feature vectors are
objects and/or the number of dimensions of the feature vectors are large, it will be too slow to linearly search all stored feature vec-
large, it will be too slow to linearly search all stored feature vec- tors to find those that satisfy the query criteria. The situation is
tors to find those that satisfy the query criteria. Techniques and .5 4e worse as a multimedia information system normally uses

data structures are thus required to organize feature vectors and b f diff t feat ; = | b
manage the search process so that objects relevant to the query can® NUMDEr OF different feature vectors. For example, query Dy

be located quickly. This paper provides a survey of these techniques image content (QBIC) [30] allows retrieval based on a combi-
and data structures. nation of color, color layout, and texture feature vectors. In the

Index Terms—Efficient search, multidimensional data struc- MPEG-7 standard Ct{rrently being Stf’zllndardized, many feature
tures, multimedia databases, multimedia indexing and retrieval. ~ Vectors (called descriptors) are specified [37]. Techniques and
data structures are thus required to organize feature vectors and
manage the search process so that feature vectors (objects) rel-
evant to the query can be located quickly.

S more and more information is captured and stored in Currently, not all multimedia information retrieval systems

the digital form, many techniques have been developgge techniques or data structures for quick retrieval. For ex-
for indexing and retrieval of text documents, audio, images, aatple, no data structure is used in the QBIC demonstration
video [24]-[36]. The common indexing and retrieval processystem [30]. Instead, the distance from each image to each of
can be summarized as follows. Information items (in variougher images in the collection is precomputed and stored. In
media types) in the database are preprocessed to extract feis-way, images can be retrieved quickly when the query is one
tures (represented as vectors) and they are indexed basedfdiie images in the collection. Some systems make use sub-
these features. During information retrieval, a user's query j&ct classification to improve retrieval speed (items in a chosen
processed and main features are extracted. The query’s neléss are compared and searched instead of the entire collec-
features are then compared with features or index of each fign) [33]. Most work in index or data structures is carried out in
formation item in the database. Information items the featurggtabase and geographic information system (GIS) community.
of which are deemed similar to those of the query are retrievétiese data structures, including R-tree @ndl tree, are being
and presented to the user. Feature vectors are usually multgktended for multimedia information retrieval. For example, in
mensional. For example, in the vector space model for text d@crecent system called ImageScape [88d, tree is used for or-
ument retrieval [26], [27], the number of dimensions of featurg@anizing image feature vectors. This paper provides a survey of
or document vectors is equal to the number of terms (usualliese and other techniques and data structures.
hundreds to thousands) used in the document collection. Foi he main aim of these techniques and data structures is to di-
audio indexing and retrieval [28], [29], the number of dimervide the multidimensional feature space into many subspaces so
sions of feature vectors is equal to the number of features ugbat only one or a few subspaces need to be searched for each
(such as brightness, variance of zero crossing rate and silefoery. Different techniques and data structures differ in how
ratio). For color-based image indexing and retrieval [30], [323ubspaces are formed and how relevant subspaces are chosen
the number of dimensions of a color histogram is equal to tifier each query.
number of color bins used (usually at least 64). Similarly, tex- There are three common query types: 1) point query; 2) range
ture and shape are also represented by multidimensional veégery; and 3)t nearest-neighbor query. In the point query, a

user’s query is represented as a vector and those objects the
feature vectors of which exactly match the query vector are to
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norms (Euclidean distance). An alternative range query is speci-ll. FILTERING PROCESSES FORREDUCING SEARCH SPACE
fied by a value range for each of the feature vector’s dlmensmns1t is usually possible to reduce the search space using filtering

In the & nearest-neighbor query, the user's query is specifigflocesses based on certain criteria. Some of these criteria and
by a vector and an integér Thek objects which have distancesjtering processes are application or feature dependent, others
from the query vector that are the smallest are retrieved. 416 not and can be used in most retrieval processes. The basic

A useful technique or data structure should support all thrg@gea is as follows. The filtering processes, such as those based on
query types. Data structures can also be optimized for a certaffributes (such as dates and author names), can be carried out
type of query if it is known that only one type query will bevery efficiently to select items satisfying certain criteria (e.g.,
commonly used for a particular application. containing the attribute). The search based on complicated fea-

The basic operations carried out on a data structure are seatates (represented by multidimensional vectors) is then carried
insertion, and deletion. Search efficiency is considered the mosit on the selected items only. As the number of selected items
important criterion for selecting data structures because seaicsignificantly smaller than the total number of items in the
is normally carried out on-line (and thus needs quick respongigtabase, the overall retrieval process can be completed quickly.
and will be carried out many times (the purpose of building the this section, we describe the following filtering methods:
multimedia database is for quick searching). Ease of dynanfiitering with classification and structured attributes, methods
insertion and deletion of objects is helpful but not critical alsased on the triangle inequality, methods specific to color his-
these operations are carried out off-line and by system adminisgram-based retrieval, and latent semantic indexing (LSI) for
trators only. Furthermore, insertion and deletion can be carrieelctor space-based text retrieval.
out in batches: objects to be inserted or deleted are accumulated
in insertion and deletion lists and insertion and deletion are oy Filtering With Classification, Structured Attribute, and
carried out when a sufficient number of objects need to be iKeywords

serted or deleted. When sufficient changes (insertions and delegyc(red attributes, such as the author name and the creation

tions) have occurred, the data set can be reorganized complefgli, are associated with most multimedia obijects. If the user

to achieve efficient storage and search. is only interested in items satisfying certain attributes, we can
The rest of the paper is organized as follows. Section Il dgse these attributes to do a preliminary selection and then carry

scribes a number of filtering techniques to reduce the seaigfx the search based on the more complicated features of the

space. Some of these techniques are application or feature f8acted items.

pendent, others can be applied to most applications. When subject classification is available, the user can select
Section lll discusses a number of important multidimensiongie subjects of interest and search the items within these subjects

data structures. In Section IlI-A, the main concepts 6fa&hd only.

B-trees are described. These trees are for organizing object¥he above two approaches can be applied generally, without

with single valued keys (i.e., one-dimensional (1-D) feature vegestrictions on the features used. For some specific features,

tors). However, their concepts are important and are used in mgthme special attributes can be used to reduce the search space.

tidimensional data structures. Indeed, many multidimensiorRdr example, in the region-based shape indexing and retrieval

data structure can be considered as multidimensional extensiafeghod described in [1] and [2], we can use shape eccentricity

of BT and B-trees. as the filtering criterion—only shapes within the specified ec-
Section 1II-B describes clustering techniques for efficiententricity range need to be searched.

search. The main idea is to put similar objects or feature vectors

in the same groups or clusters and only relevant clusters &eMethods Based on the Triangle Inequality

searched during retrieval. Clustering can be considered to bg,gst feature distance measures, such as Euclidean distance,

a general approach to data organization and multidimensiogah metrics. Metrics have a property called thiangle in-

data structures. Different data structures differ in how ClUSteéauality We can use this property to reduce the number of

are formed and represented. direct feature comparison in a database search [3]. The triangle
Section 1lI-C presents the multidimensional *Bree inequality states that the distance between two objects cannot

(MB*-tree) which is a direct extension of the'Bree. Section be less than the difference in their distances to any other object

I1I-D discusses thek-dimensional treei-d tree) which is a (third object). Mathematically, the triangle inequality is written

multidimensional extension of the binary tree. Section Ill-igs

describes grid files.

Section llI-F describes one of the most common and suc- d(i,q) > |d(i, k) — d(q, k)|
cessful multidimensional data structures called the R-tree and _ .
a number of its variants. whered is a distance metric; and ¢, and k& represent feature

Section 11I-G discusses the telescopic-vector-tree (TV-treé§Ctors. . o

which tries to reduce the number of effective dimensions used! N€ above inequality is true for aty Therefore, when mul-

for indexing and building the tree. tiple features are used as the comparison objects, we have the
Section IV summarizes the paper with a brief discussion 8/lowing:

the search performance of multidimensional data structures and ) )

challenges in research of this area. d(i,q) = S |d(é, k) — d(q, ;)|
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wherem is the number of features used as the comparison applicable to other color spaces). We find the average color of

jects. animager = (Ravg, Gave, Bavg)T as follows:
We can apply the triangle inequality to multimedia informa- IS
tion retrieval as follows. Ravy = > p—1 B(P)
1) We selectrn feature vectors as a comparison base. Nor- ¢ P P
mally, m is much smaller than the total number of items > p=1 G(p)
. Goyg = —/————
in the database. & p
2) For each itemi in the database and each comparison 211;1 B(p)
vectork;, we calculatei(i, k;) off-line and store it in the Bavg = —p

database. ) ) ) )
3) During retrieval, we calculate the distandgy, k;) be- WhereP is the number of pixels in the image; afidp), G(p),

tween the query and each of the comparison vectars and B(p) are the red, green, and blue components of pixel
4) We findi(i) = maxy<; < |d(i, k;) — d(g, k,)| for each Tespectively. Given the average color vectarandy of two
database iteni. images, we define,.( ) as the Euclidean distance between
5) Only items withi(¢) less than a preselected threshald these two vectors as follows:
are selected for calculating the distance frgnfbeing
d(g,1)). The distances betweegrand other database items N
need not be calculated as they are guaranteed to be larger ’
than the threshold@” which is selected according to the
feature used and the user’s requirement. It has been shown thak,.( ) is a lower bound for the actual
Note that the unselected items based @ definitely have distance c_:alculated_ using the full histogram. That is_,, the full his-
distances fromy larger tharZ’, but not all selected items will togram distance will be no less thag,,( ). With this result,
have distances from less thanZ’. Assumen is the number We ¢an select potential candidates based.qp( ) for full his-
of items withi(¢) less than a preselected thresh@ldthe total {0gram distance calculation.
number of distance calculationsig + n. If m +n < N, where
N is the total number of items in the database, the use of t'f?'e
triangle inequality will improve retrieval efficiency. This should In the vector space model for text document information re-
be possible whem: and7” are properly chosen. trieval, each document is represented byzvadimensional term
The filtering process based on the triangle inequality can B&ight vector, each element of the vector being the weight of

used in all retrieval techniques the distance measures of wh#eh ofV terms in that document. If a document collection has
are metrics. M documents, then the collection can be represented as a ma-

trix A of dimensionM x N. During retrieval, the query is also
represented in atv-dimensional term weight vector. The sim-
ilarity between the query and each of the stored documents is

This section describes a number of search space reductiaiculated as either the dot product or the cosine coefficient be-
methods that are specific to color histogram-based image t&een the query vector and the document vector.
trieval. This retrieval method represents images in the databas@he above straightforward approach has two main weak-
and query images using histograms witlbins each. The dis- nesses. First, a large document collection (such as a library)
tance between the query and each of the images in the dafeatains millions of documents with many thousands of terms,
base is calculated as their corresponding histogram distance, M and N are both very large. Therefore, a very large
Therefore, there are two options to reduce the required amoantount of storage is required. For example, if a library has
of computation. The first is to reduce the number of bins one million documents with 10000 terms, we need 10 GB of
However, a smalh may cause low retrieval accuracy as quitetorage if each element is stored as 1 B. A few years ago, this
different colors will be classified into the same bin when theas a huge amount of storage. Second, at I@Ashultiplica-
number of bins is too small. The second option is to select onlyiens of N-dimensional vectors are required during retrieval if
subset of database images for calculating the distances fromttie dot product similarity measurement is used and more are
query. The number of images in the subset can be much smatksguired if the cosine coefficient similarity measure is used.
than the total number of images in the database. The questiomsen A/ and N are large, the required time to complete these
how to determine this subset. calculations is not acceptable for on-line retrieval.

The solution is to combine the above two options. We first LS| was developed to partially solve the above—mentioned
use histograms with very few bins to select potential retrievatoblems [7], [8], [22]. (We say “partially” because other tech-
candidates, and then use the full histograms to calculate accuratgies, such clustering and multidimensional data structures to
distances between the query and the potential candidates. Strilediscussed later, should be combined with LSI for more effi-
and Dimai [4] and Ng and Tam [5] describe the details of howient searching.) The basic idea of LSl is to group similar terms
to chose the initial bins to achieve optimal results. together to form concepts or topics and the documents are then

A special case of the above idea is to carry out filtering basegpbresented by these concepts. As the number of concepts is
on the average color of the images [6], [7]. Suppose RGB colaruch smaller than the number of terms, less storage and com-
space is used for image representation (the scheme is equplltation are required. In addition, because of the LSI's ability

3
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Latent Semantic Indexing for Vector Space-Based IR

C. Methods Specific to Color Histogram-Based Retrieval
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to records with to records with key values

key values less than ~ greater than or equal to Key 1

Key 1 and less than Key 2

Fig. 1. Node structure of the Btree.

to automatically group co-occurring and similar terms to creafe B- and B-Trees
a thesaurus, retrieval effectiveness has also been reported to
improved [8].

LSl is based on the concept of singular value decompositi

e .
bB+- and B-trees are for organizing 1-D feature vectors or
8Wg|e valued keys of stored items. However, many important

(SVD). The theorem of SVD is as follows properties are used in these trees and many multidimensional
Any.M % N real matrixA can be expre.ssed as data structures are developed based on the ideas efaBd
B-trees.
A=UxSxV* A BT-tree is a hierarchical structure with a number of nodes

[9]. Each node (including the root and leaves) in&tige con-
tainsn pointers and. — 1 keys, as shown in Fig. 1. We callthe
degree or order of the tree (being the maximum number of chil-
dren any node has). Pointer 1 is used to access all records which
_ have key values that are less than key 1. Pointer 2 is used to ac-
V' column-orthonormalV x r matrix. cess all records which have key values that are greater than or
ThatU is column-orthonormal mearls* x U = T, where equal to key 1 but less than key 2, and so forth. The last pointer,
Lis the identity matrix. Whei$ is nondecreasing, i.e., its ele-pqintery,, is used to access all records which have key values
ments are sorted in descending order, the above decomposifjaq 4re larger than or equal to key- 1.
IS unique. ) ) Fig. 2 shows a B-tree with an order of four. Each node has
In the context of text document retrieval, the rankf A is room for four pointers and three key values. Some key value
equal to the number Of, CP”‘?epﬁ- can be thgught of as theand pointer fields are blank as these nodes have less than three
document-to-concept similarity matrix, whilé is the term-10- o yaje5 (i.e., they are not full). When the rightmost pointer is
concept S|m|Iar|ty_matr|x. I_:or exampleg,s = 0.6 means that not used, a zero is written there to indicate the end of the node.
conceptS_ h_as yvelght 0.6 in document 2 ang = 9'4 MeANS  The |eftmost pointer of the root points to records which have
that the similarity between term 1 and concgpt 2150.4. key values that are less than 200. The leftmost pointer of the
. Based on the SVD’ we can store m_atrldds S’,an_q V' first level 1 node is used to access all records which have key
mstgad Of‘_4’ reducing the storage regu!rement Slgnlf'CaleIalues that are less than 50, while the second pointer is used to
During retrieval, the query QOcument S|m|.lar|ty IS calcu]ated 3% cess records which have key values that are greater than or
.fOIIOWS' The query vectoq_ In _term—stpace is translated inge equal to 50 and less than 100. The first three pointers of each of
in concept-space by multiplying by* as follows: leaf node, if present, point to actual data records. For example,
7.=Vtxq the first pointer of the first leaf node points to the data record
identified by key value 10. The fourth pointer of each of the leaf
The similarity between the query and each of the documentsiisdes except for the last leaf node points to the next leaf node.
calculated as the dot product or the cosine coefficient betweernThese pointers provide sequential access to data records. That
and each of the rows @f. Therefore, using LSI, we manipulateis, data records can be sequentially accessed by following the
r-dimensional vectors instead &f-dimensional vectors during leaf nodes.

the similarity calculation. As is many times smaller tha#, When building a B -tree, we must follow the rules as follows.

tr;e .(:T]I;u'at'og uswtlﬁ I(‘jSIT'hS many 'ﬂmes f?_ster l‘h";‘rﬂ using the 1) The tree must be balanced. That is, every path from the
straightforward method. The search or retrieval efficiency can ™" ¢ 15 4 |eaf node must have the same length.

be further improved by clustering the rows@fbased on their 2) The root node must have at least two children, unless only

similarity. one record is present in the tree.
3) If the tree has ordet, each node, except for the root and
leaf nodes, must have betweef2 andn pointers. Ifn /2
It would be slow to carry out the similarity or distance cal- is not an integer, round up to determine the minimum
culation between the query and each of stored items within the  number of pointers. That is, each nonroot and nonleaf
search space sequentially one by one, even after search space re- node should be at least half full.
duction using the techniques discussed in the previous sectiond) If the tree has ordet, the number of key values in a leaf
The retrieval efficiency can be significantly improved by orga- node must be betweén — 1)/2andn — 1. If (n —1)/2
nizing the feature vectors into certain data structures. A number is not an integer, round up to determine the minimum
of important data structures are reviewed in this section. number of key values.

where
U column-orthonormal\/ x r matrix;
r  rank of the matrixA;
S diagonalr x » matrix;

[ll. M ULTI-DIMENSIONAL DATA STRUCTURES
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Fig. 2. Example B -tree.
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Key1 to record with than Key n

key value of Key 1

Fig. 3. Nonleaf node structure of a B-tree.

5) The number of key values contained in a nonleaf node isThe basic idea of using clustering for efficient retrieval is
one less than the number of pointers. as follows. Similar information items are grouped together to
Direct access in B-trees are very efficient. If the order ofform clusters based on a certain similarity measurement. Each
the tree isn. and number of record i8/, the required number cluster is represented by the centroid of the feature vectors of
of key value comparison and memory (or disk) access is in thet cluster. During retrieval, we calculate the similarity between
order ofO(log,, V). For example, we can find any record in ghe query vector and each of the clusters (represented by their
BT -tree with an order of 10 and 100 000 records using five keentroids). Clusters that have similarities to the query vector
value comparisons and memory accesses. which are greater than a certain threshold are selected. Then the
The above five rules should not be violated after record istmilarity between the query vector and each of the feature vec-
sertion and deletion. The insertion and deletion processes tars in these clusters is calculated and theearest items are
be complicated if the nodes are full before insertion or if theanked and returned.
nodes are too empty after deletion. As an example, feature vectors in Fig. 4 are grouped into 11
In B*-trees, some key values are repeated in many nodes. Blisters. During retrieval, the query vector is compared with
example, in the tree of Fig. 2, the key value 220 is repeatedéach of the 11 cluster centroids. If we find that the centroid of
the second level 1 node and the last leaf node. A B-tree structahgster 2 is most similar to the query vector, we then calculate
is similar to Bf-tree, but it does not have this type of key valughe distance between the query vector and each of the feature
repetition. It achieves this by using two pointers preceding eagéctors in cluster 2. The number of required distance calcula-
key value in nonleaf nodes (see Fig. 3 for the general node strtions is much smaller than the total number feature vectors in
ture of B-trees). One pointer points to the record with key valuéise database.
greater than the previous key value and less than the key valugn the above clustering-based retrieval method, the similarity
and the other pointer points to the record with the key value. is calculated between the query and each of the centroids
and each of feature vectors within selected clusters. When
the number of clusters is large, multiple levels of clusters
The cluster-based model was developed for text documeain be used to reduce the number of similarity calculations
retrieval, but the same principle can be applied to any featusetween the query and centroids. Similar clusters are grouped
with any similarity measurement [10], [23]. It is a generalizetb form superclusters. During retrieval, the query vector is first
approach to multidimensional data structures. compared with supercluster centroids, and then with cluster

B. Clustering
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Fig. 4. Clustering example.
Fig. 5. Rectangle regions of a feature space (based on [11]).
centroids within selected superclusters, and finally with feature
vectors within selected clusters. N _how the feature space is divided into regions and how regions
Clustering not only makes retrieval efficient, but also facilizre ordered later):
tates browsing and navigation. For browsing and navigation, one
representative item the feature vector of which is closest to thgy o, po, 1, D1,0, D1,1, D1,2, D2,0, D2,0, D2,1, D3.0.
centroid of its cluster is displayed for each cluster. If the user

is interested in a representative item, he or she can view othe|:ig_ 6 shows a possible 2-D MBtree for the above regions.

items in the cluster. . Each pointer (except for the last one) in each leaf node points to
Clustering techniques can be used together with othglist,,, ,, containing the following information:

data structures for higher search efficiency. Similar items are 1) allfeature vectors belonging to the corresponding region:

grouped into clusters. Centroids of clusters and/or items within 2) a pointer associated with each feature vector linking to
each cluster are organized using a certain data structure for the actual multimedia object

efficient search. In the following, we describe the details of building an
MBT-tree and search processes for different types of queries.
2) Building a 2-D MB"-Tree: We first decide the order of
The MBT-tree is an extension of the standard-Bee from  the tree and the maximum number of feature vectors in each
one dimension to multiple dimensions [11]. The structure aﬁ?égion (the maximum size of.,,,). An MB*-tree is built
the insertion and deletion algorithms of MBrees are very yp by inserting one feature vector at a time. Initially, the 2-D
similar to those of B -trees. However, the search methods amgB+-tree has only one leaf node that is also the root of the
different as MB' -trees can support similarity queries (i.e., ranggee. The node has only one region corresponding to the entire
andk nearest-neighbor queries). feature space, and there is only one list. Each feature vector
For ease of visualization and explanation, we describe thgerted is simply added to the unique list until it is full. The
MB*-tree in a two-dimensional (2-D) space. Extension teplitting operation is required for the next insertion and the
higher dimensions is explained later. space will be divided into two vertical strips with a similar
1) Overview of MB-Trees in Two-Dimensional (2-D) number of feature vectors in each strip. The process continues
Space: In 2-D space, each feature vector has two dime@nd the space is divided into smaller strips. When the width of a
sions and can be considered as a point in a 2-D (featuig@ktical strip reaches a preset value, horizontal dividing is used
space. The entire feature space can be considered as a I@jigifin the vertical strip. For a region obtained from horizontal
rectangle identified by its lower-left O ,in, ¥min) @and dividing, only horizontal dividing is applied.
upper-right Corne(zmasx, Ymax). All feature vectors are within - Regions are ordered in the following way. The vertical strips
this rectangle. Therefore, if we divide this feature space infge ordered from left to right in the horizontal dimension. The
rectangular regions so that each region has a similar numbef&jions within the same vertical strip are ordered from bottom
feature vectors and these regions are somehow ordered, feajgiigp in the vertical dimension.
vectors can be accessed based on their corresponding regioWhen a listZ,,, , becomes too small because of the deletion
numbers. MB -trees are built based on this idea. Thereforey feature vectors, it is merged with another list. Two neigh-
the MB*-tree is obtained by extending the*Bree in the poring regions within the same vertical strip can be merged, and

C. Multidimensional B -Tree

following ways: a vertical strip not divided by a horizontal line can be merged
1) replace each key value with a rectangular region; only with another such vertical strip. After two lists are merged
2) the pointers of leaf nodes point to lists of feature vectotsgether, one leaf entry will be deleted from the tree and parent
within corresponding rectangular regions. nodes may need to be rearranged.

We use an example to illustrate the basic idea. Fig. 5 showdn summary, the insertion and deletion operations are similar
a feature space that is divided into eight regions. Each regioridghose of B -trees. The only difference is that the tree is orga-
identified by its lower-left corner and upper-right corner. Thesgized based on the ordering of the regions instead of key values
eight regions do not overlap, but cover the entire feature spaaad each region corresponds to a list of feature vectors instead
They are ordered in ascending order as follows (we will discuefa data record.
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Fig. 6. Possible MB -tree of the regions in Fig. 5.

3) Search in MB-Trees: All three types of queries—point, X
range, andk nearest-neighbor—can be supported by an \
MB*-tree. . : 1
to records with key to records with key values

a) Point query: In this type of query, a query feature
vector (x,y) is given. Starting from the root, we find the
region that contains the query vector. Then we scan the feature Fig. 7. Node structure of the binary tree.
vector list to determine if the region contains the required

vector. We can use the point query search to implemefit a . ) . L
nearest-neighbor query search. gion. If the circle containing thé feature vectors is within the

b) Range query:A range query is converted into a rec_region, we are done. Otherwise, we have to search the region

tangle query, specified by its lower-left and upper-right corerditersecting W'_th the_cwcle. .
Starting from the root, we find all regions that overlap with the 4)+ ngher-dlmensmna_l MB-tree_s: Th? idea of 2-D
query rectangle. We then scan each of the lists associated Wit ' "Irées can be easily generalized intokal space for
these regions to find all feature vectors that are within the que{?¥> 2. We order thek: dimensions in a desired manner and
rectangle. name them th(_e f|rst_ d|menS|qn_, the second dimension, _and
¢) k Nearest-neighbor queryGiven a point(z, ) and a SO on. _Durlr_wg |nse_rt|on, we divide the space along the flrs_t
positive integek, thek nearest-neighbor query tries to find the dimension first until t_he ed_ge of a region _reaches a certain
nearest feature vectors with respect to the chosen distance nRkgset value on Fhat dlmeljsmn. We then divide each hypercube
sure. The common distance measure is the weighted Euclid@&rne second dimension independently, and so on.
distance.
We can implement thé nearest-neighbor query in two ap-D- Thek-d Trees
proaches. First, we can estimate the query rectangle centered dhek-d tree is an extension of the binary tree [12]. Therefore,
(z,y) from the query and use the range query search methodebus quickly review the principle of the binary tree. A node in
find candidate feature vectors. Then, we calculate the distartbe binary tree has three elements: a key valua left pointer
between(z,y) and each of these candidate feature vectors pointing to the records having key values less thaand a right
find thek nearest feature vectors. The estimated query rectangteEnter pointing to records with key values equal to or greater
can be too small or too large, so a few iterations may be requirdtan = (see Fig. 7). Each key value in the tree is commonly
Second, we can use the point query search to find the region cassociated with a data record. When building a binary tree, the
taining(x, v). We then calculate the distance betwéeyy) and first record inserted will be the root. The second record will
each of the feature vectors in the region to findtheearest fea- go left or right depending on whether its key value is less than
ture vectors. However, there are cases where feature vectorthimroot key value. This process applies for each insertion. The
other regions may have shorter distancegatgy) and should binary tree is unbalanced and its structure depends on the order
be included in thé nearest feature vectors. We can detect thegewhich records are inserted into the tree.
cases by checking whether the distance toithdeature vector  In a k-d tree, each key is &-d vector instead of a single-
(after ordering in ascending order of distances) is larger than ttedued number. Therefore, to extend the binary treditaldree,
distance fron{z, y) to any of the boundaries of the region. If sowe have to decide how to branch at each level. If we name the
we have to search for the feature vectors in the neighboring fedimensions as dimension 1, dimension 2, and so on to dimen-
gion sharing that boundary. Alternatively, we can draw a smalionk, and name the root of/ad tree as level 1, its child as level
circle centered dtr, i) (suppose Euclidean distance measure & and so on, thé-d tree is constructed as follows. At level 1,
used) and increase the radius until eithefeature vectors are the tree is branched based on the value of the first dimension
contained in the circle or the circle intersects with another ref the k-d vector; at level 2 the tree is branched based on the

values less than x equal to or greater than x
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Level 1

Level 2 [ 19.14,8) [] 1209170 ]

Level3 | [(7.136 [] (11.,8,14) (15,1311

Level 4 [ T2 1 [Taoein]] [Jasi1z21)]
Level5 | [(6.109) || [Ta7315]]

Fig. 8. Example 3-D tree.

value of the second dimension of thel vector, and so on. This Only a small part of the tree needs to be looked up to answer
process continues until all dimensions have a turn and we thtée range query. This is because key values decrease on a left
start from the first dimension again. Fig. 8 shows a three-dimeloranch and increase on a right branch. Therefore, only nodes in
sional (3-D) tree built from the following 3-D vectors: a part of the tree will meet the requirement.
The main problem withk-d trees is that the tree is not bal-
(10,13,7), (9, 14,8), (20,9, 17), (7, 13,6), (8, 12, ) anced and depends on the order of object insertion. The search
(6,10,9), (11,8,14), (15,13, 11), (10,6, 17) complexity is the same as linear search in the worst case.
(16,12,21), (17, 3,15).

Note that the tree depends on the order in which the vectors EreG”d Fles

inserted. The first vector (10, 13, 7) is the root. When inserting The grid file is an extension of the fixed-grid (FG) access
the second vector (9, 14, 8), the branch is based on the va$itigeicture [13]. In the FG structure, andimensional space is

of the first dimension. Since 9 is smaller than 10, (9, 14, 8) thvided into equal-sized hypercubes. Each hypercube contains
inserted to the left of the root. When inserting the third vect@ero or more feature vectors. They are accessed by a pointer as-
(20, 9, 17), since 20 is larger than 10, it is inserted to the righociated with the hypercube. Each hypercube is indexed based
of the root. When inserting the fourth vector (7, 13, 6), we firgin its location within the:-dimensional space. We use a 2-D
compare 7 with 10 and decide it should go left as 7 is smallgpace in Fig. 9 to explain the FG structure. The feature space is
than 10. We then compare the second elements and find thatidded into 16 fixed equal-sized grids. Feature vectors are scat-
is smaller than 14, so (7, 13, 6) is inserted to the left of (9, 1tgred in these grids. Feature vectors in each grid are accessed via
8). Other vectors are inserted similarly. a pointer associated with it. The pointers of these 16 grids can

The search process infad tree is similar to the insertion be arranged in a 2-D array, as shown in Fig. 9(b). The indexes of
process. For example, suppose we want to find the vector (€ach pointer are determined by the value ranges of its grid and
3, 15) in the 3-D tree of Fig. 8. Starting from the root, we g#he value range to index mapping on a linear scale. In Fig. 9(b),
right as 17 is larger than 10. We then go left as 3 is smaller thtire value range 0-49 is mapped to index number 0, 50-99 is
9 at level 2. At level 3, we go right as 15 is greater than 14. Apapped to 1, and so on.
level 4, we go right again as 17 is greater than 10 and we findInsertion and search in a FG structure are easy. For example,
the vector (17, 3, 15). We will discuss search for range queriéwe want to insert a feature vector (80, 70) into the FG in Fig. 9,
later. we can easily determine that the vector belongs to the grid with

Deletion in ak-d tree can be complicated. We must find théndexes (1, 1). We then add the feature vector into the list pointed
node to be deleted first using the above search process. If tady P ;. A search for point query can be done similarly. For
node is the leaf, we can simply delete it and set the pointexample, if we want to find feature vecté (40, 125), we de-
originally pointing to it to nil. We are then done. However, théermine that it belongs to the grid with indexes (0, 2). We then
deletion process is more complicated when the node is nosean through the list of feature vectors pointed taflgy, and
leaf node. We will not discuss it further here. An alternative afind the matching vector. For range queries, we need to retrieve
proach is to mark the nodes to be deleted and leave the tree alhlists of feature vectors pointed to by grids intersecting with
changed. When a sufficient number of nodes have been markibe, query range rectangle. We then select those vectors within
we rebuild the tree for the unmarked nodes. the specified range. Fdrnearest-neighbor queries, we need to

Range queries can be implemented relatively easilykrda find the grid to which the query vector belongs, and possibly
tree. Basically we need to find all feature vectors with each diome neighboring grids depending on the location of the query
mension within a certain range. For example, in a 3-D tree, wector. We then calculate the distances between the query and
may need to find all feature vectofs, v, z) meeting the fol- each of feature vectors in the grid(s) and selectitheearest
lowing conditions: ones.

The FG structure is simple and very effective when feature
vectors are evenly distributed in the feature space. However,
BSYSy when feature vectors are unevenly distributed in the feature
21 <2< 29. space, some grids will be empty or almost empty while others
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Fig. 9. Example of the fixed-grid structure.

will be too full, leading to lower search efficiency. The grid fileis not efficient as each point data or feature vector requires
is introduced to overcome the problem of the FG structure. Tha entry in the leaf nodes. For this reason, we take a different
grid file method divides the feature space based on distributiapproach to handling point data. Region objects are handled
of feature vectors instead of using fixed-size grids. That ias usual: one bounding rectangle at the leaf nodes bounds
smaller grid sizes will be used for densely populated areas amdly one region object. For point data, one bounding rectangle
larger grid sizes for sparsely populated areas. Other concdptsinds a list of points or feature vectors. In the following, we
are the same as those of the FG structure. describe search, insertion and deletion in an R-tree of region
objects and point data separately.

2) Search, Insertion, and Deletion of Region Objecss:
common query is to find all objects that intersect with the

The R-tree structure and its variants, such as Bnd query object. The query object is represented by its minimum
Rt-trees, are commonly used for multidimensional data opounding rectangle (MBR). Starting from the root, the search
ganization [14], [15], [16]. In this section, we first describe thalgorithm traverses down the subtrees of bounding rectangles
basic R-tree concepts and then briefly describe a number ofthat intersect the query rectangle. When a leaf node is reached,
variants. In the following discussion, we use the 2-D space astae query MBR is tested against each of the object bounding
example. The idea can be easily extended to multidimensionattangles of the leaf node and those objects that have bounding
spaces. rectangles which intersect with the query MBR are retrieved.

1) AnOverview ofthe R-Tree Structurdhe R-treeisamul-  To insert an object represented by its MBR, the tree is tra-
tidimensional generalization of thetBtree, and hence the treeversed starting from the root. The rectangle that needs the least
is height balanced [14]. In a nonleaf node, an entry containgalargement to enclose the new object is selected. If more than
pointer pointing to a lower level node in the tree and a boundirmge rectangle meets the least enlargement criterion, the one with
rectangle covering all the rectangles in the lower nodes in thmallest area is selected. The subtree pointed to by the pointer
subtree. The R-tree can be used for either region objects (sofhhe selected rectangle is traversed recursively based on the
as a town boundary in a map) or point data (such as featwame criteria until a leaf node is reached. A straightforward in-
vectors in a feature space). When the tree is used for regmertion is made if the leaf node is not full. For each node that
objects, an entry in a leaf node consists of an object-idenig-traversed, the bounding rectangle in the parent is readjusted
fier and a bounding rectangle which bounds the region objeti.tightly bound the entries in the node. However, the leaf node
When the tree is used for point data, an entry in a leaf nodeeds splitting if it is already full before insertion. A new entry
consists of a pointer pointing to a list of feature vectors andvell be added to the parent node of the leaf node and existing
bounding rectangle which bounds all feature vectors of the ligintries are adjusted to tightly cover all entries in its leaf nodes
Each bounding rectangle (of leaf and nonleaf nodes) is repithe parent is not full before adding the new entry. Otherwise,
sented by the coordinates of its lower-left and upper-right cdihe parent node needs to be split and the process may propagate
ners. As in the B -tree, each nonleaf node in the R-tree with thto the root.
exception of the root, must be at least half full. Fig. 10 shows The object deletion algorithm uses a similar tree traversal
a 2-D feature space with bounding rectangles and the corpeecess to that of search: nonleaf nodes that have bounding rect-
sponding R-tree. angles which intersect with the MBR of the object to be deleted

The R-tree was originally developed for spatial databasase traversed. When a leaf node is reached, the MBR to be
such as geographical information systems which deal witleleted is compared with each of the entries of the leaf node
region objects. Each bounding rectangle only bounds oaad the matching entry is deleted. If the deletion of the object
region object. Most of the literature on the R-trees does noauses the leaf node to underflow, the node needs to be deleted
mention how to handle point data. It may be assumed that poamtd all the remaining entries of that node are reinserted using
data are a special case of region objects: a region being shrtimk insertion algorithm. The deletion of a leaf node may cause
into a point. However, this approach to point data handlirfgrther deletion of nodes in the upper levels.

F. R-Tree Family
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Fig. 10. Structure of an R-tree.

3) Search, Insertion, and Deletion of Point Dat&Ve can duces the amount of empty space covered by the nodes. Min-
have point, range, anidnearest-neighbor queries for point datamal overlap is more critical than minimal coverage because
Point and range queries can be implemented in a similar wayrtode overlap leads to the requirement to traverse multiple-paths,
region object search. The only difference is that each entry of thlewing down the search. For example, to find r12 in Fig. 10, we
leaf nodes contains a list of points or feature vectors insteadhave to traverse all nonleaf nodes R1, R2, R3, R4, R5, and R6
just one object. A nearest-neighbor query can be implementdaecause R1 and R2 overlap.
as a range query by appropriately estimating ranges on eacMinimization of both coverage and overlap is crucial to the
dimension. performance of the R-tree. However, it is impossible to mini-

For a point data R-tree, insertion and deletion is done for eatize both at the same time. A balanced criterion must be used
point or feature vector instead of each rectangle. Therefore, ferachieve the best result.
point insertion, after reaching an appropriate leaf node, an entryAnother factor affecting the R-tree performance is the order
that needs least enlargement and least area is found. The pefrife insertion of data. Different trees may be constructed from
is then inserted into the list pointed to by the pointer of the entf{e Same data set with differentinsertion orders. Therefore, node
and the bounding rectangle is adjusted accordingly to bound flg@rganization after some insertions and deletions may improve
new point and existing points if the list is not full. If the list isthe R-tree performance.
full, itis split into two lists (and two bounding rectangles) and a 5) R‘-Tree, Rf-Tree, and VAMSplit R-TreeThe R'-tree is
new rectangle needs to be inserted. The insertion of a point tf¥hR-tree improved by minimizing coverage [15]. Based on the
becomes the insertion of a region object (an MBR), as discusdaét that the clustering of rectangles with low variance in the
in the previous section. lengths of the edges tends to reduce the area of the cluster’s cov-

For point deletion, we can delete the point from the select@ing rectangle, the Riree ensures to use quadratic covering
list directly if the list does not underflow after deletion. Othertectangles in the insertion and splitting algorithms.
wise, the entry has to be deleted and the remaining points of thd’he Rt -tree was proposed to overcome the overlap problem
entry reinserted. of internal nodes of the R-tree [16]. The Rree differs from

4) Search Efficiency in the R-Tredt has been demonstratedthe R-tree in the following ways.
that the search efficiency of an R-tree is largely determined by 1) Nodes of an R-tree are not guaranteed to be at least half
coverage and overlap [16]. Coverage of a level of an R-tree isthe  full.
total area of all the rectangles associated with the nodes of thaR) The entries of any internal (nonleaf) node do not overlap.
level. Overlap of a level of an R-tree is the total area contained 3) Entries of leaf nodes may be repeated.
within two or more nodes. Efficient R-tree search demands thatThe repetition of leaf node entries leads to the nonoverlapping
both coverage and overlap be minimized. Minimal coverage ref internal nodes. An R-tree of the feature space in Fig. 10 is
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Fig. 11. Structure of an R

shown in Fig. 11. The main difference from the R-tree in Fig. 1@hich is an approximation to the smallest enclosing sphere, and
is that R1 and R2 now do not overlap, R7 is added to bound radifferent split algorithm. For details about SS- and S&es,
(partially) and r12, and r11 is repeated in the leaf nodes pointexhders are referred to [18]-[20].

to by R5 and R7. The use of disjoint covering rectangles avoids

the multiple search paths of the R-tree for point queries a@! The Telescopic-Vector-Tree (TV-Tree)

reduces the number of search paths for rectangle search. For

example, when searching for r12 we do not need to search thdhe TV-tree can also be considered a variant of the R-tree
subtree pointed to by R2. [21]. It organizes the data into a hierarchical structure. Objects

Another improved R-tree is called the VAMSplit R-tree [17](feature vectors) are clustered into the leaf nodes of the tree, and
The basic idea is that, given a set of multidimensional featuifee description of their minimum bounding regions is stored in
vectors, we split the feature space into rectangles by recursiviiigir parent nodes. Parent nodes are recursively grouped as well,
choosing splits of the data set using the dimension of the masatil the root is formed. The minimum bounding region can be
imum Variance and choosing a split that ipgroximately the any shape depending on the application. It may be a hyper-rec-
Median. tangle, cube, or sphere.

6) SS-Tree and SSTree: Many recently proposed multidi- The name “TV-tree” came from the concept that the feature
mensional data structures, including the above-mentiorfed Rvectors can “contract” and “extend” dynamically, resembling
R*-, and VAMSplit R-trees, are variants of the R-tree. Thes telescope. Thus, it was named the telescopic-vector-tree, or
differ from the R-tree and from each other mainly in the criteri@iV-tree. The basic assumption made is that a set of multidi-
used for node splitting and branching. Similarity search treesensional feature vectors tends to have same values on some di-
(SS-trees) [18] and S'Strees [19], [20] are two relatively new mensions. Since dimensions with the same values are not useful
variants of the R-tree. for discriminating among feature vectors, we need only use di-

The minimum bounding region used in an SS-tree is a sphemgensions that have different values (callelive dimensions
The SS-tree split algorithm finds the dimension with highesb build a tree. The number of active dimensions adapts to the
variance in feature vector values and chooses the split locatimmmber of objects to be indexed, and to the level of the tree that
to minimize the sum of the variance on each side of the split. Ve are at. This approach effectively reduces the number of di-
insert a new feature vector, the branch or subtree which has thensions used to organize (index) feature vectors, thus leading
centroid closest to the new feature vector is chosen. to a shallower tree requiring fewer disk accesses.

The S -tree is similar to the SS-tree. The main difference is The main problem with the TV-tree is that it can only be ap-
that the SS-tree uses a tighter bounding sphere for each nogied to some very specific applications where its assumption
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holds. In many general multimedia information retrieval applieaf nodes, i.e., multiple paths may need to be traversed to find
cations, the value of each dimension of feature vectors is a rallt nearest-neighbors. Guidelines are required regarding how
number and the number of different possible feature vectorstdsdetermine and minimize the required paths in order to speed
enormous. Thus the assumption that feature vectors will shagethe search process.

the same values on many dimensions is not true. For exampleln practice, a number of filtering techniques and data struc-
in the modest case that each feature vector has ten dimensioings should be used in combination in different stages of search
and the value on each dimension is an integer ranging from Qttospeed up the whole search process. For example, we can use
255, the total number of possible feature vectors is'256he classification to divide the entire multimedia database into a
chance that a set of feature vectors will have the same valueshomber of different classes. Within each class, feature vectors
many dimensions is extremely low. are organized using a certain multidimensional data structure.
Within each data structure node, we can use a filtering tech-
nigue (such as triangle-inequality and average color filtering) to
eliminate some unnecessary comparisons/calculations.

In this paper, we have surveyed a number of application spe-So far, most research efforts in multimedia information re-
cific filtering techniques and some general multidimension#lieval systems has been concentrated on retrieval effectiveness,
data structures for efficient multimedia information search ariit efficiency of these systems will determine their usefulness.
retrieval. They can reduce the required number of distance ddlore research efforts in multidimensional data structures are

V. DISCUSSION ANDSUMMARY

culation dramatically. As MB-trees and R-tree family are ex-needed.

tensions of B -trees, we neetbg,, IV levels of nodes, where
is the order of the tree an®¥ is the total number items in the
collection or database. At each level, we negtistance calcu- 1]
lation to calculate distances between the query and each of the
iteminthat node. Thus, we need a totahdbg,, N distance cal-
culations to answer each query. For example, when10, and [2]
N = 100 000, a total of 50 distance calculations are required
when one of these trees are used instead of 100 000 calculatioridl
when linear search is used, assuming all candidate items for a
guery are located in one leaf node. [4]
k-dtrees are not balanced and dependent on the order of inser-
tion of items. Therefore, they are more suitable for applications 5]
where items in database are stable. In addition, we need to worl[<
out value ranges for each dimension for a given query before we
can traverse the tree. For grid files, the number of calculation is!
equal toV divided by the number of grids. [7]
The above are theoretical computation complexity of dif-
ferent data structures. The search computation complexit)JS]
of almost all data structures increases exponentially with the
number of feature vector dimensions. Thus, the number ofl]
dimensions of the feature vectors should be chosen to be
low as possible. In addition, the efficiency and suitability
of different data structures vary with distributions of feature
vectors. So far, no comprehensive performance comparisq@l]
has been made among different data structures. Reported
performance of different data structures has been obtained on
different (usually small) sets of test data. The performanc%Z]
criterion used was usually the number of disk access instead
of a combination of a number of criteria. As more and more
main memory becomes available on computers, the whole da{(l'f’]
structure may be broughtinto the main memory and the number
of disk accesses will not be a valid criterion. The number ofl14]
required operations becomes more important. Nevertheless,
we can get some indication of the performance of differen{is)
data structures from reported work [17]-[19], [21]. White and
Jain [17] concluded that the VAMSplit R-tree provides better[16]
overall performance than the*Rree, SS-tree, and optimized
k-d tree variants. (7]
Another challenge in multidimensional data structure re-
search is thak nearest-neighbors may be located in different

REFERENCES

A. Sajjanhar and G. Lu, “Indexing 2-D nonoccluded shape for similarity
retrieval,” inProc. SPIE Conf. Applications of Digital Image Processing
XX, vol. 3164, San Diego, CA, 30 July—1 Aug. 1997, pp. 188-197.
——, “A grid-based shape indexing and retrieval methodyist.
Comput. J., Special Issue on Multimedia Storage and Archiving
Systemsvol. 29, pp. 131-140, Nov. 1997.

A.Berman and L. G. Shapiro, “Efficient retrieval with multiple distance
measures,” irProc. Conf. Storage and Retrieval for Image and Video
Databases \Wol. 3022, San Jose, CA, Feb. 13-14, 1997, pp. 12-21.
M. Stricker and A. Dimai, “Color indexing with weak spatial con-
straints,” in Proc. Conf. Storage and Retrieval for Image and Video
Databases IYvol. 2670, San Jose, CA, Feb. 1-2, 1996, pp. 29—-40.

R. T.Ngand D. Tam, “Analysis of multilevel color histograms,’Rroc.
Conf. Storage and Retrieval for Image and Video DatabasesI|V3022,
San Jose, CA, Feb. 13-14, 1997, pp. 22-34.

] C. FaloutsosSearching Multimedia Databases by Contenorwell,

MA: Kluwer, 1996.

C. Faloutsost al,, “Efficient and effective querying by image content,”
J. Intell. Inf. Syst.vol. 3, pp. 231-262, 1994.

P. W. Foltz and S. T. Dumais, “Personalized information delivery: An
analysis of information filtering methodsCommun. ACMvol. 35, pp.
51-60, Dec. 1992.

R. Elmasri and A. B. Navath&undamentals of Database Syste@rd

ed. Redwood City, CA: Benjamin Cummings, 1994.

A. Vellaikal and C.-C. J. Kuo, “Hierarchical clustering techniques for
image database organization and summarizationPragt. SPIE Conf.
Multimedia Storage and Archiving System Mbl. 3527, Boston, MA,
Nov. 2-4, 1998, pp. 68-79.

S. Dao, Q. Yang, and A. Vellaikal, “MB-tree: An index structure for
content-based retrieval,” i€hapter 11 of Multimedia Database Sys-
tems: Design and Implementation StrategkesC. Nwosu, B. Thurais-
ingham, and P. B. Berra, Eds. Norwell, MA: Kluwer, 1996.

J. L. Bentley, “Multi-dimensional binary search trees in database appli-
cations,”|EEE Trans. Software Engvol. 4, pp. 333-340, July 1979.
SE-5.

J. Nievergelt, H. Hinterberger, and K. C. Sevcik, “The grid file: An adap-
tive, symmetric multikey file structure, ACM Trans. Database Syst.
vol. 9, Mar. 1984.

O. Guttman, “R-tree: A dynamic index structure for spatial searching,”
in Proc. ACM SIGMOD Int. Conf. Management of DaBoston, MA,
1984, pp. 47-57.

N. Beckmanretal, “The R*-tree: An efficient and robust access method
for points and rectangles,” iRroc. ACM SIGMOD Int. Conf. Manage-
ment of DataAtlantic City, NJ, 1990, pp. 322-331.

T. Sellis, N. Roussopoulos, and C. Faloutsos, “THetRee: A dynamic
index for multi-dimensional objects,” iffroc. 13th Conf. Very Large
DatabasesBrighton, U.K., Sept. 1987, pp. 507-518.

D. A. White and R. Jain, “Similarity indexing: Algorithms and per-
formance,” inProc. Conf. Storage and Retrieval for Image and Video
Databases IYvol. 2670, San Jose, CA, Feb. 1-2, 1996, pp. 62—75.



384

(18]

(29]

(20]

(21]

(22]

(23]

[24]

(25]

(26]

(27]

(28]

[29]
(30]

(31]

IEEE TRANSACTIONS ON MULTIMEDIA, VOL. 4, NO. 3, SEPTEMBER 2002

—, “Similarity indexing with the SS-treeProc. 12th IEEE Int. Conf.  [32] J. R. Bach, “The virage image search engine: An open framework for

Data EngineeringFeb. 1996. image management,” iRroc. Conf. Storage and Retrieval for Image
R. Kurniawati, J. S. Jin, and J. A. Shepard, “S8ee: An improved and Video Databases IV, SPIE Prpeol. 2670, San Jose, CA, Feb. 1-2,
index structure for similarity searches in a high-dimensional feature 1996, pp. 76-87.

space,” inProc. Conf. Storage and Retrieval for Image and Video [33] J. R. Smith and S.-F. Chang, “Visually searching the web for content,”
Databases \WWol. 3022, San Jose, CA, Feb. 13-14, 1997, pp. 110-120. |IEEE Multimediag pp. 12-19, July—Sept. 1997.

J. S. Jinet al, “Using browsing to improve content-based image re- [34] H. Zhang, A. Kankanhalli, and S. W. Smoliar, “Automatic partitioning
trieval,” in Proc. SPIE Conf. Multimedia Storage and Archiving System of full-motion video,”Multimedia Syst.vol. 1, no. 1, pp. 10-28, 1993.

I, vol. 3527. Boston, MA, Nov. 2—4, 1998, pp. 101-109. [35] G. Lu and A. Sajjanhar, “Region-based shape representation and simi-
K. I. Lin, H. V. Jagadish, and C. Faloutsos, “The TV-tree: An index larity measure suitable for content-based image retrieddliltimedia
structure for high-dimensional data/L.DB J, vol. 3, pp. 517-549, Oct. Syst. J.vol. 7, no. 2, pp. 165-174, 1992.

1994. [36] P. Aigrain, H. Zhang, and D. Petkovic, “Content-based representation
V. S. Subrahmaniarkrinciples of Multimedia Database Systemsan and retrieval of visual media: A state-of-the-art revied,'Multimedia
Mateo, CA: Morgan Kaufmann, 1997. Tools Applicat. vol. 3, pp. 179-202, 1996.

S. Prabhakar, D. Agrawal, and A. E. Abbadi, “Data clustering for effi- [37] MPEG Home Page. [Online]. Available: http://www.cselt.it/mpeg/
cient range and similarity searching,” Rroc. SPIE Conf. Multimedia  [38] M. S. Lew, “Next-generation web searches for visual contel#EE
Storage and Archiving System,INol. 3527. Boston, MA, Nov. 24, Computer vol. 33, pp. 46-53, Nov. 2000.

1998, pp. 419-430.

A. Yoshitaka and T. Ichikawa, “A survey on content-based retrieval for

multimedia databases/EEE Trans. Knowledge Data Engvol. 11,

Jan./Feb. 1999.

Y. A. Aslandogan and C. T. Yu, “Techniques and systems for image and

video retrieval,”IEEE Trans. Knowledge Data Engeol. 11, Jan./Feb.

1999.

W. B. Frakes and R. Baeza-Yates, Edefprmation Retrieval: Data

structures and Algorithms Englewood Cliffs, NJ: Prentice-Hall, 1992.
G. Salton,Automatic Text Processing—The Transformation, Analysi
and Retrieval of Information by ComputersReading, MA: Addison-

Wesley, 1989.

A. Ghiaset al., “Query by humming—Musical information retrieval in
an audio database,” presented at the Proc. ACM Multimedia, San Fr
cisco, CA, Nov. 5-9, 1995.

E. Wold et al, “Content-based classification, search, and retrieval

Guojun Lu (M’'96) received the B.Eng. degree from
Nanjing Institute of Technology, Nanjing, China, in
1984, and the Ph.D. degree from Loughborough Uni-
versity, Loughborough, U.K., in 1990.

He is currently an Associate Professor at
Gippsland School of Computing and Information
Technology, Monash University, Churchill, Aus-
tralia. He has also held positions at Loughborough
University, National University of Singapore, and
ll Deakin Unversity. His main research interests are

audio,” [EEE Multimedia pp. 27-36, 1996. in multimedia communications and multimedia
M. Flickner et al, “Query by image and video content: The QBICinformation indexing and retrieval. He has published over 60 technical papers in
system,”Computey pp. 23-32, Sept. 1995. these areas and has written two books entilechmunications and Computing

W. Niblacket al., “Updates to the QBIC system,” IPrroc. Conf. Storage for Distributed Multimedia Systengblorwood, MA: Artech House, 1996) and
and Retrieval for Image and Video Databases VI, SPIE Pxad. 3312, Multimedia Database Management SystgiNerwood, MA: Artech House,
San Jose, CA, Jan. 28-30, 1998, pp. 150-161. 1999).



	Index: 
	CCC: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	ccc: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	cce: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	index: 
	INDEX: 
	ind: 
	Intentional blank: This page is intentionally blank


