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Abstract

This paper presents a summary of some of the
work-in-progress within the Alexandria Digital Library
Project. In particular, we present scalable methods of
locating information at different levels within a dis-
tributed digital library environment. Starting at the
high level, we show how queries can be routed to ap-
propriate information sources. At a given source, ef-
ficient query processing is supported by using mate-
rialized views and multidimensional index structures.
Finally, we propose solutions to the problem of storage
and retrieval of large objects on secondary and tertiary
storage.

1 Introduction

Library services provide efficient access to informa-
tion implicit in collections of information-bearing ob-
jects such as text documents and maps. Traditional
libraries, based on information in non-digital form, are
characterized by a limited set of services that provide
relatively coarse-grained access to the information in
controlled collections of items. Digital libraries, based
on information in digital form, are able to general-
ize these services by providing fine-grained access to
information contained in their controlled collections.
Some important issues facing digital libraries include
decisions involving the set of services to provide and
the design and implementation of those services that
will scale with the size of the collection and the num-
ber of users. For these services to scale appropriately,
it is critical to identify potential bottlenecks and to
incorporate mechanisms for resolving them.

In this paper, we identify three primary scala-
bility issues related to providing information access
within the context of a digital library, and show how
the Alexandria Digital Library (ADL) Project [1] ad-
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dresses them. First, the data itself is distributed on a
scale that was not possible earlier. Instead of a sin-
gle or a handful of databases or information sources,
we now have information sources that are scattered
throughout the Internet. We analyze various exist-
ing and proposed systems and then outline Pharos,
an approach we are investigating within the context
of ADL for handling a large number of information
sources. Second, the dimensionality of the data it-
self is large. Instead of a one dimensional informa-
tion space with totally ordered items, we are now con-
fronted with objects in large n-dimensional informa-
tion spaces. Traditional techniques that work well in
one dimension do not scale well. For efficiency, we
use both materialized views as well as various tech-
niques based on multidimensional index structures.
Materialized views may be used to fine-tune perfor-
mance to the particular data and query patterns of
a given source. We approach the problem of multi-
dimensional data in several ways. In the short-term,
we parallelize current multidimensional index struc-
tures to improve their performance and explore var-
ious transformations to reduce the dimensionality of
image data. In the long-term, we are developing ef-
ficient multidimensional index structures to deal with
spatial data. Finally, the size of the individual ob-
jects themselves is large. Instead of small records, we
are now dealing with gigabyte multimedia objects in-
cluding books, images and videotapes. Our proposed
storage mechanism for Alexandria involves perform-
ing wavelet transforms of (some) images and storing
them as wavelet coefficients that can be used to con-
struct images at various resolutions. We have explored
various data placement techniques for storing wavelet
coeflicients on multiple I/O devices as well as the stor-
age of large data objects on tertiary storage.

We describe the organization of the paper using
Figure 1, which highlights the main components ad-
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Figure 1: The components of a digital library.

dressed in this paper. The mapping of a user query
to appropriate information sources is handled by the
Pharos component described in Section 2. Section 3
shows how materialized views in the context of dig-
ital library metadata can be used to improve query
response times dramatically. Multidimensional index-
ing in the context of spatial data as well as image data
is discussed in Section 4. Storage and retrieval of large
objects on both secondary and tertiary storage is de-
scribed in Section 5. We conclude with a summary of
our work in Section 6.

2 Locating Sources

Finding appropriate sources of information on the
Internet increases in difficulty as the volume of avail-
able data grows and the numbers of Internet users
and information providers increase. An information
source is any site on the network that provides elec-
tronic documents such as articles, books, images, files,
etc. Prior to digital networks, the number of poten-
tial information sources was relatively limited, mainly
by locality; a user could discover what was available
by browsing individual sources. On the Internet, in-
formation resides in numerous heterogeneous systems;
each such distributed system may provide many infor-
mation sources.

2.1 Network Models

In [8], we consider three general classes of net-
work models that encompass the discovery and query-
ing of information sources. The first class of models
uses no intermediate servers; the only communication
is directly between query generators and information
sources. Extreme cases within this class require ei-
ther that the query generator communicate with ev-
ery source directly for each query, or else that each
query generator locally store a description of every
source with enough detail that the best sources can
be found without having to acquire additional meta-
data. The next class places between the query gen-
erators and the sources, a single intermediary that
handles both query and metadata traffic. A simple
model in this class, the Brute-Force (BF) Model, is
the system used by most, if not all, current WWW in-
dex sites, (e.g. Lycos, AltaVista, etc.). In this model
an intermediary extracts metadata by gathering all
documents available at all sources. Queries are sent
to the intermediary, which returns a result set to
the query generator; queries are not propagated to
the sources. A more sophisticated approach is the
STARTS Model [13], built on a gGIOSS [14] frame-
work. Here, each source extracts its own metadata;
the intermediary then gathers this metadata rather
than extracting its own. When an intermediary re-
ceives a query, it analyzes its pre-collected metadata
and chooses a set of relevant sources. The query is
then propagated to these sources in a standard for-
mat and they return the results, also in a standard
format, back to the intermediary, which passes the
merged results back to the query generator.

The third and final class allows multiple, communi-
cating, intermediaries. The corresponding metadata
for this class of models is potentially more complex
and carefully distributed. We describe a design called
Pharos, shown in Figure 2, which utilizes hierarchi-
cal metadata; this metadata is organized in a tree-
like structure. Information at a parent node in the
tree contains some form of summary of the informa-
tion of all its children, though possibly with less de-
tail. Metadata is extracted by the source, but here
the metadata is composed of a small amount of non-
hierarchical information and a relatively large amount
of hierarchical information. The metadata is then split
into two levels: the high-level metadata consists of
the non-hierarchical information and the top portion
of the hierarchical metadata, and the mid-level meta-
data consists of the lower portion of the hierarchi-
cal metadata. There are two types of intermediaries:
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Figure 2: Pharos Model Query

high-level servers and mid-level servers.! These levels
correspond to the levels in the metadata. A source
propagates its metadata as needed to the relevant in-
termediaries. When a query is generated, there is
an iterative process of metadata retrieval. The query
is first matched against the local high-level metadata
and the sources are filtered to a greatly reduced sub-
set (from, say, ~10°% potential sources available on the
network to, say, ~10% relevant sources for the specific
query). The query generator then requests more meta-
data about this subset from the relevant topic-based
mid-level servers, situated remotely on the network.
These servers supply more detailed information about
this filtered list of sources, thus further reducing the
number of potentially relevant sources (say from ~10°
to ~10'). These sources are then queried directly.
Pharos is presented in more detail below.

The analysis of these models in [8] indicates that
Pharos scales well by comparison. The BF Model re-
quires that all intermediate servers pull over the ac-
tual documents of all sources, causing problems as the
number of sources and documents per source increase.
The scalability of Pharos is in part due to the fact that
intermediate servers pull over only metadata, not doc-
uments, and that this metadata is classification-based,
hence the metadata size is independent of a collec-
tion’s size. Furthermore, Pharos partitions its meta-
data between many coordinated intermediate servers,
and therefore much less duplicate information is dis-
tributed compared to the other models.

2.2 Pharos Architecture

The metadata in Pharos is designed to support a
multi-level information system and matches the query
structure as well as the retrieval system. There-
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Figure 3: Information Hierarchy

fore, metadata is grouped according to its informa-
tional relationship and designed around a hierarchical
structure which lends itself to progressively refined
queries. Pharos employs information classifications
that fit common query methods, such as a subject-
based hierarchy, a geographical hierarchy, and a tem-
poral hierarchy. Once these hierarchies have been de-
fined, we include the top portions in the high-level
metadata, and lower portions in the mid-level meta-
data.

An information hierarchy is a topic-based classifi-
cation tree, as shown in Figure 3. In order to describe
the collection at a source, we quantify the number
of documents with content relevant to each part of
an information hierarchy. For example, the subject
hierarchy is modeled after the Library of Congress’s
LC Classification system [17], which has a fixed list of
categories. Similarly, a simplistic geographical infor-
mation hierarchy can be formed by tiling the Earth’s
surface into progressively smaller, hierarchical, longi-
tude/latitude squares.

An information tazonomy is defined as a static hier-
archy within which documents can be classified, usu-
ally according to their content. A taxonomy is as-
sumed to be a tree structure such that each node in
the tree has two attributes: a label and a numerical
value. The label denotes a word, term, or phrase from
an information hierarchy. The numerical value of each
node of a taxonomy is called the coverage of the node.
It is used to describe a document collection by quan-
tifying the number of documents (or portions thereof)
with content relevant to the meaning of the label of
the node. Intuitively, a node’s coverage indicates what
fraction of a document collection is classifiable within
a node’s label. We allocate as much of a document
as possible to nodes closest to the leaves of the tree.



Therefore, a document is classified within the most
specific sub-tree of the hierarchy. The number of doc-
uments associated with a node is its coverage times
the total number of documents in the collection.

Given a hierarchical metadata structure, we need
to partition the information between high- and mid-
level components. The main constraint in the case
of high-level servers is size. The size of a high-level
metadata record is dependent on the number of tax-
onomies used and the number of nodes that are in-
cluded from each taxonomy. Although the number
of taxonomies a source uses might vary, for a given
taxonomy all sources must always include the same
nodes in the high-level metadata. High-level metadata
refers to 1) any taxonomy-independent source descrip-
tion, and 2) the high-level portions of all taxonomies
within which a source’s collection has been classified.
We estimate that we can include on the order of 20 to
30 nodes from each taxonomy in our high-level meta-
data records. Mid-level metadata is not subject to the
same space constraints as the high-level metadata for
several reasons. The structure of mid-level metadata
is similar to the taxonomy-dependent components of
the high-level metadata, but covers nodes of greater
depth in the information taxonomies.

Once the metadata at each site has been compiled,
it needs to be distributed over the network according
to the intended storage and retrieval architecture. As
previously stated, the high-level metadata needs to be
widely distributed and replicated, while the mid-level
metadata is very selectively distributed. The distri-
bution of high-level metadata is designed to utilize
the distribution of USENET news via NNTP by hav-
ing each source post their high-level metadata as a
news article. Each source registers with each mid-level
server for which the source has relevant metadata,
telling the server how often to update the source’s
metadata. The mid-level servers in Pharos are respon-
sible for keeping their metadata up-to-date. This ap-
proach minimizes network traffic and guarantees that
the mid-level servers are ready to receive the metadata
before it is sent. Harvest [3] provides a suitable trans-
port mechanism for distributing and storing mid-level
metadata in Pharos [7]. We have performed a set of
simulation experiments of Pharos which indicate that
a sufficient number of good sources could be located
with the Pharos architecture so that the majority of
relevant documents could be retrieved[7].

3 Materialized Views and Database
Performance

In the previous section, we presented an overall
framework and specific techniques for locating infor-

mation sources. In this section, we focus on organizing
and searching data collections efficiently within an in-
dividual site (source).

Digital libraries contain large collections (e.g., 5—
10 million items) of complex data objects and their
description (metadata). The metadata are usually
more structured than the data objects themselves and
are better managed by database management systems
which provide good indexing and query optimization
techniques. The metadata databases, however, are
still very large and have complex structures (schemas).
For example, the ADL schema contains over 80 ta-
bles each of which has 10 to 20 attributes and some
relations have more than 5 million tuples. For such
databases, the traditional database design methods,
typically based on object modeling techniques or nor-
malizing relations, have limitations. This is because
they are mainly concerned with the semantic integrity
of the database structure and usually do not consider
the performance of query processing at all.

The databases in digital libraries are query inten-
sive and evaluating user queries can be very inefficient
even using good query optimization strategies. Con-
sider, for example, a query including a join of two
relations. If the relations have a large number of tu-
ples, the join will be time-consuming. One solution
to this problem is to precompute some queries, and
then store and index the answers. These answers are
called materialized views. At the time of processing a
user query, we rewrite the query to use some of the
materialized views so that some or even all of the join
operations are eliminated.

There are two main issues in performance tuning
using materialized views: 1) to identify a set of views
to materialize and 2) to translate user queries against
the original database to ones that use the materialized
views. We have developed a general approach based
on these steps for relational databases [6]. Briefly, we
first analyze frequent user queries and identify query
patterns in them. We then select materialized views
based on the frequencies and complexity of query pat-
terns. At runtime, query patterns in a user query are
identified and the query is translated to an equivalent
one using a translation table that contains the infor-
mation about the materialized views. The resulting
query involves fewer joins and hence exhibits better
performance.

Selection of materialized views requires a careful
analysis of user queries, their frequencies and com-
plexity. In our approach, we only consider relational
algebra queries. Intuitively, these queries correspond
to simple SQL queries of the form “Select ... From



... Where”, which frequently occur in database ap-
plications. In the following, we describe the design of
materialized views.

A query pattern is the natural join of relations that
are connected through join attributes. In our model
query patterns involving more than one relation are
candidates for materialized views. To select material-
ized views from query patterns, we collect user queries
through operational analysis, identify their query pat-
terns, and compute the frequency for each query pat-
tern. We select query patterns with highest frequen-
cies as materialized views.

Once we have designed the materialized views, we
use them to rewrite user queries at runtime. We de-
scribe the query translation problem as follows. Sup-
pose D is the original database schema (a set of re-
lations) and V' a set of materialized views. When a
user query () formulated over D is requested, it has to
be rewritten to another (equivalent) query @' utiliz-
ing the materialized views in V so that it involves the
least number of joins. Note that when we generalize
the problem to include D and V as a part of the input
[16], the new problem is exactly the minimum cover
problem which is known to be NP-complete. In our
case the query () is the only input to deal with, which
permits an efficient solution to our problem.

During database design and maintenance, con-
ducted off-line, we analyze and collect user query pat-
terns, and select materialized views as introduced be-
fore. Then we generate a look-up table T'. The look-
up table stores the query patterns and the optimal
translation rules for the patterns. Specifically the ta-
ble includes the following information: 1) the query
pattern, 2) the relations in the query pattern, and 3)
the translation rules using the materialized views.

Consider ADL as an example. Part of the ADL
database contains named geographic features and
the administrative area information about those fea-
tures — e.g. the airport in Santa Barbara County.
Named geographic features are stored in the re-
lation Features with their feature identifiers and
spatial footprints.  Administrative area informa-
tion is stored in corresponding relations such as
States, Counties, Countries, etc; as a result of the
database design process. Each named geographic fea-
ture is related to its administrative area through a
unique identifier. Several relations are used to store
the relationship, e.g. Features_Counties associates
feature identifiers with county identifiers. The fol-
lowing shows the look-up table for the ADL database
(we use F for Features, C for Counties, FC for
Features_Counties):

Pattern | Relations | Translation Rules |
F, C F,C
P and FC FC

} — County_View

Here p; = {Features, Counties, Features_Counties}
is a query pattern. County View is a ma-
terialized view and is defined as Features X
Features_Counties X Counties, where X is a join
operation. The translation rule in the table for p;
means that we can use County_View to replace the
join of three relations in p;, hence eliminating the join
operations in it.

When a user query arrives, the system first checks
if it contains any known query patterns. If a pat-
tern is found, the entry in table T is used to identify
the optimal rewriting rule(s) for the query. Other-
wise, no rewriting occurs. As an example, suppose
the query Q: “Find all airports in the county Santa
Barbara” is requested. The query is to find all named
geographic features about airports whose administra-
tive area is “Santa Barbara”. Thus the query in-
volves the selections on the natural join of three rela-
tions {Features, Counties, Features_Counties}. To
rewrite the query using materialized views, the rule of
pattern p; in the above table is applied and the joins in
Q are completely eliminated. Using the indexes on the
materialized view, the query is answered efficiently.

We applied the materialized view approach to part
of the ADL schema with 10 relations. Some of these
relations have about 6 million records. Virtually all
attributes are indexed. In our experiments, we de-
fined two materialized views and measured the evalu-
ation time of queries against the original relations and
against the materialized views. The results show dra-
matic improvements in performance. We studied the
following queries in our experiments:

(21 : Find all airports in Santa Barbara county.

()2 : Find all vegetation in the country Chad.

(s : Find all vegetation in the U.S.

Each of the above queries involves joining three re-
lations, two of which are very large. The original
database as well as the materialized views are main-
tained in Sybase. The space for the materialized views
is roughly 1.5 times that of the original database. In
Sybase, query results may be stored in the buffers
which can be used for subsequent queries. We measure
the performance of queries under both buffered (exe-
cuting the same query consecutively) and unbuffered
(clearing the buffer before executing the query) sit-
uations. Each query is executed ten times, and the
averages and standard deviations are shown in Fig-
ure 4. These results indicate that the space overhead



Buffered (ms) | Unbuffered (ms)
(avgtstddev) (avgtstddev)
Q1 771.20 £ 1.99 | 33671.20 & 96.51
@1 after rewriting | 151.80 + 1.47 | 4130.00 + 66.30
Speedup 5.08 8.15
Q2 99.40 + 3.23 878.60 £ 122.32
Q2 after rewriting | 2.40 + 1.20 40.00 + 0.00
Speedup 41.42 21.97
Qs 93.00 + 1.34 662.80 + 5.96
Q@3 after rewriting 2.40 + 1.20 51.50 + 28.32
Speedup 38.75 12.87

Figure 4: Performance of Query Evaluation

for maintaining materialized views as well as the com-
putational overhead for rewriting queries are offset by
the significant performance improvements.

4 Indexing Multidimensional Data

In the previous section, we examined different
strategies for the potential reduction of query over-
heads by the selection of appropriate materialized
views of the database and query-rewriting techniques.
In this section, we explain our strategies for effi-
ciently locating data items that satisfy the rewritten
query. The data is multidimensional in nature and
falls into two specific categories — spatial data and
image data. Spatial data is characterized by low di-
mensionality. Common queries on such data are “re-
trieve all data items contained or intersecting a user-
specified query box” (range/intersection queries) and
“retrieve data items that have specific attributes” (ex-
act match query). Image objects are characterized by
high-dimensional feature vectors and queries retrieve
images similar to user-specified patterns (similarity
queries). In [23], we show that the time complexity
of range queries on n d-dimensional objects (d > 1)
using simple tree structures is O(n'~1/?). In contrast,
for 1-dimensional data, range queries can be answered
in logarithmic time. Given this inherent complexity
of multidimensional indexing, we adopt the following
two approaches to efficiently support arbitrary queries
on multidimensional data. First, we explore the im-
pact of parallelism on query processing in multidimen-
sional index structures. Next, we devise new indexing
strategies to improve the performance of queries on
low dimensional data. Finally, for high dimensional
data we note that the query overheads increase with
the dimensionality of the data [9]. Hence we exam-
ine several techniques to reduce the dimensionality of
such data.

4.1 Parallelism in Indexing

Parallelism can take advantage of the need for
searching multiple portions in a multidimensional in-
dex for range and intersection queries. To illustrate
this situation, consider the following example. Fig-
ure 5 shows a set of 2-dimensional data objects and an
R* tree [2] indexing these data objects. The dashed
box in the figure represents an arbitrary range query.
Note that no data objects are contained in the query
box and hence the query result is empty. However,
the query is processed in the R* tree from the root
to the leaves, searching in all nodes that intersect the
query box. Consequently, all the nodes of the tree are
searched despite an empty query result.

2-dimensional rectangle data
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Figure 5: 2-dimensional data; R*-tree for the data

In this context, let us illustrate how parallelism can
help. Using the techniques proposed in [22], we parti-
tion the R* tree into two components, each assigned to
a separate processor. These techniques estimate the
prozimity (likelihood of being retrieved in the same
query) of every pair of nodes and assign nodes with
high proximity to different processors [15]. This en-
sures that most queries can be processed in parallel.
Figure 6 shows such a partitioned R* tree.

Partitioned R* tree

Processor/disk 2

Query Processor/disk 1

Figure 6: Parallel processing of queries in an R*-tree

Using these ideas, we parallelized two index struc-
tures — the R* tree [2] and the LIB structure [21]. We
chose the R* tree because it is a versatile multidimen-
sional index that caters to arbitrary data. We selected
the LIB structure because it maintains multiple index
components that can be searched in parallel. These
components are formed by first decomposing the data



into multiple levels based on their spatial nesting and
then creating a separate index for each level. We eval-
uated the performance of the parallelized structures
on the Gazetteer and Catalog data of the Alexandria
Digital Library. In our experiments, both structures
registered a speed-up of 3 on 5 processors. Besides, our
parallelizing techniques can also be applied to other in-
dex structures like BANG files [10] and BV-trees [11]
to improve their query performance.

4.2 Indexing Low Dimensionality Data

In this subsection, we examine different ways of
structuring multidimensional data to support efficient
location of data using different types of queries. As
part of this study, we are developing a new, general-
ized implementation of BANG indexing [10]. BANG
indexing was originally developed as a first step in a
research effort to overcome the problem of indexing
rules in large-scale deductive database systems. Over
the years, it evolved into an efficient multidimensional
index [11] with broad applicability to different types
of data. In its current form, BANG indexing combines
the indexing of points (n-tuples) and spatial objects
(n-dimensional bounding boxes) through a dual re-
cursive partitioning of an n-dimensional space. In the
original implementation [10], which was restricted to
point indexing, this partitioning was represented by a
balanced, multiply-branched index tree structure sim-
ilar to a B-tree. Such an index organization exhibited
an important feature of multidimensional indexing: it
is not necessary to represent the whole data space in
the index, if the data is not uniformly distributed.
Unless the query distribution coincides with the data
distribution, the average path length traversed to an-
swer an exact match query will be less than the height
of the index tree. This advantage is reinforced by the
extremely compact index - typically 1%-2% of the size
of the data set for 1K index and data pages - due to
the (on average) very short index entries. This leads
to high fan-out ratios and consequent faster access.

In all practical cases encountered, the original in-
dex design displayed the characteristics of a B-tree for
single access and update. However, such performance
could not be guaranteed, and pathological cases could
be devised which would give much worse and uncon-
trolled performance. The new version preserves all the
principles of BANG indexing, but is implemented as
a BV-tree [11]. The properties of this structure make
it possible to guarantee logarithmic single-entry ac-
cess and update, and a minimum 33% index and data
node occupancy, for both point and spatial object in-
dexing. We believe that this is the first time that
such a combination of properties has been achieved

in a dynamic indexing method. (The average index
and data node occupancy is approximately 69%, as
in a B-tree). With this development, we are carrying
out a new comparative performance study, specifically
against R* trees [2] and Oracle’s SDO.

In addition, we are incorporating a new technique
to improve the performance of conventional index
structures for different types of queries on spatial data.
Spatial data usually consists of rectangles and points
in 2 or 3 dimensions and is non-uniform, i.e., data ob-
jects vary in their sizes (areas). Conventional index
structures are not well suited to index them for two
reasons. First, index entries for non-uniform data are
more likely to overlap than for uniform data. This
effect is more pronounced for nested data, where one
rectangle encloses several others. Such overlapping in-
dex entries may lead to multiple search paths during
queries. Second, clustering of non-uniform data in an
index is likely to include more dead space (part of the
dataspace that is not covered by any data object) than
clustering of uniform data. Indexing such dead space
implies accessing irrelevant parts of the tree that may
not contribute to the result of the query in any way.
To reduce the effect of these two anomalies in current
index structures, we proposed a promotion strategy
in [21]. This is explained using the following example.
Consider the non-uniform data of Figure 7. The data
object A contains data object B and overlaps with
data objects C, D and E as shown in Figure 7(a). As-
suming a node capacity of 3, an R* tree organizes the
data as shown in Figure 7(b). Note that overlapping
index entries (e.g. entries g and h corresponding to
dashed boxes in the figure) and indexing dead space
(e.g. the dotted region k) are inevitable in most in-
dex structures.? This is a consequence of maintaining
all the data objects at the same level (leaf level) in
the index hierarchy. Based on this observation, the
promotion strategy reorganizes the same set of data
objects as in Figure 7(c). Here object A, due to its
large extent, is stored at the root level and all oth-
ers are stored at the leaf level (with ¢ and h as the
corresponding index entries). This index organization
solves both the problems of non-uniformity — (1) it re-
duces the overlaps in index entries, and (2) it reduces
the dead space that is indexed (region k is excluded).

Based on this simple idea, we devised different crite-
ria for data object promotion [21]. In our experiments
with the Gazetteer and Catalog data of the Alexandria
Digital Library, these strategies yielded a performance
enhancement of upto 45% for the R*-tree.

2Structures such as Rt-trees take explicit actions to remove
such overlaps.
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Figure 7: (a): Example of Non-uniform data; (b): R*
tree; (¢): Promotion-based R* tree

4.3 Reducing Image Data Dimensionality

In the previous subsections, we addressed how data
items can be efficiently located using their geograph-
ical extents. However, some data items, for example
images, are more likely to be located by their content.
In the content-based retrieval approach, features are
extracted from each image and the characteristics of
each image are encoded as an mn-dimensional feature
vector. The features are chosen so that proximity in
the n-dimensional space reflects similarity of images.
To effectively capture this similarity, a large value of
n is usually selected. However this leads to a problem
known as the “dimensionality curse”: the larger the
dimension n, the more difficult to index, and retrieve
these feature vectors. For a small number of images, a
sequential browsing of images using their feature vec-
tors may suffice. However, for large image databases
such as in ADL, the problem of efficient browsing and
retrieval of images has to be addressed. Multidimen-
sional search structures like the R* tree [2] do not scale
with the dimensionality of data [9] and hence are not
directly helpful. Our approach to solving this problem
[25] is to first reduce the dimensionality of the image
data and then use multidimensional index structures
to support efficient retrieval.

To reduce the dimensionality of the feature vector
data, we consider two different techniques based on
the Discrete Fourier Transform (DFT) and the Singu-
lar Value Decomposition (SVD) in [25]. These tech-
niques have been used to reduce the dimensionality of
information in several other projects [9]. Both these
methods have their relative merits and demerits. SVD
is computationally expensive, requiring O(mn?) time
to process m n-dimensional feature vectors. By us-
ing Fast Fourier Transform techniques, the DFT can
be calculated in O(mnlogn) time. Moreover, adding
new vectors into the database requires the SVD to be
recalculated, whereas the DFT needs to be computed
only for newly inserted vectors, saving much recalcu-
lation effort.

To compare whether truncated SVD components or
DFT coefficients provide better retrieval performance,
we simulate a series of queries on a collection of tex-

tures from the Brodatz album [4]. This collection has
1856 feature vectors, each representing an image. Ev-
ery vector is processed at the time of insertion into
the database with SVD or DFT. Given a set of m n-
dimensional vectors, SVD orients the dimensions such
that they are arranged in decreasing order of the vari-
ance of the m vectors. Hence after SVD, the m vectors
are spread out most widely along the first dimension,
then along the second and so on. Likewise, we com-
pute the DFT of each n-dimensional feature vector
transforming it into a sequence of n complex values.

After transformation, we reduce the feature vectors
from n-dimensional space to k-dimensional space. In
SVD processing, truncation is performed by picking
the first few components (which SVD ensures to be
the largest singular values). For the DFT, we can
truncate by retaining the first few Fourier coefficients
as shown in [9]. This approach works well when the
data is very smooth and dominated by low-order coef-
ficients, however as our experiments on texture image
data indicates, better results can be obtained by tak-
ing the first few dominant Fourier coefficients [25].

In our experiments, we measured the quality of the
two transformations by evaluating the recall and preci-
sion [24] for different types of queries on the reduced-
dimension data. Suppose a user issues a similarity
query and retrieves m images from the database. The
number of relevant images stored in the database is
n; of these only k are returned from the query. Re-
call is defined as k/n, the proportion of the number
of relevant results retrieved to the number of relevant
results stored in the database. Precision is defined as
k/m, the proportion of the number of relevant results
retrieved to the number of images retrieved.

In arange query, the user specifies a reference image
I and a radius R. Using the feature vector for I, the
range query retrieves all other images lying in a neigh-
borhood of radius R about I. Alternatively, a nearest-
neighbor query retrieves the M images closest to the
reference image I. As explained in [25], range queries
provide 100% recall, while in nearest-neighbor queries
recall and precision are the same. In our experiments,
we performed range and nearest-neighbor queries on
each feature vector in the database, for varying values
for radius R and number of nearest-neighbors M on
the truncated feature space. We then evaluated the
average precision and average recall of each similarity
query at different values of R and M (Tables 1-2).
We have found that, in general, SVD provides supe-
rior precision and recall. However, for 10-20 nearest-
neighbors, we note that the performance of DFT is
very close to that of SVD.



Ave No. | _Ave Retrieved | Ave Precision

| Radius

Relevant [ DFT | SVD DEFT | SVD
1.0 1.45 5.72 5.66 0.2531 0.2559
1.5 4.83 13.99 12.72 0.3455 0.3798
2.0 10.22 27.63 23.59 0.3700 0.4332
2.5 18.70 49.75 40.73 0.3758 0.4591
3.0 31.56 84.24 67.08 0.3746 0.4704

Table 1: Range Queries using 7 components

Num | Ave No. Relevant | Ave Recall |
Neighbors [ DFT | SVD | _DFT | _SvD |
1 0.32 0.50 | 0.5124 | 0.5038
5 2.62 3.256 | 0.7089 | 0.7112
10 6.16 7.03 | 0.7767 | 0.7931
15 9.85 12.566 | 0.8066 | 0.8376
20 12.22 15.05 | 0.7690 | 0.7978
30 17.19 93.257 | 0.7379 | 0.7858

Table 2: Nearest-Neighbor with 7 components

This range of 10-20 nearest-neighbors is significant.
In querying an image database, we seek to retrieve
only those images that are closest to the specifica-
tion. Due to the difficulty of formulating an exact
query, we often must resort to browsing a database,
to gain familiarity with its contents as well as to ex-
plore related material. When browsing, though, we
are limited by the number of images that can be dis-
played and viewed on screen. In browsing a database
we want to retrieve a limited number of the most ac-
curate images. It is in this setting that DFT compares
favorably with SVD.

Thus, by choosing the dominant Fourier coefficients
in the DFT-processed vectors as the components in the
reduced dimensional space, we obtain nearly the preci-
sion and recall performance of SVD while still retain-
ing the computational advantages of DFT. Once the
high dimensional image data is reduced to low dimen-
sional data, they can be indexed using conventional
multidimensional index structures to support the ef-
ficient location of relevant images that are similar to
user-specified query patterns.

5 Secondary and Tertiary Storage
Once the requested items are identified through the
processes described in the earlier sections, they need
to be retrieved from the database. In this section we
discuss the problem of efficient retrieval of large data
items. As seen in Subsection 4.3, content based re-
trieval is a useful tool for browsing image databases
such as within ADL. In Subsection 5.1 we describe
some of the disk placement techniques that we have
developed to improve the browsing performance. The
volume of data stored in a library cannot economically
be stored on magnetic disks. For such data volume,
tertiary storage is the only feasible storage medium.
The slow speed and high latency of tertiary storage
become bottlenecks and limit the performance of the
library. In Subsection 5.2 we discuss the problem of

tertiary storage in the context of digital libraries and
present some possible solutions.

5.1 Placement of Multidimensional Data

The library should not only provide access to the
holdings but also provide the means for users to
browse the contents of the library. Browsing is use-
ful in locating items of interest in situations where
users are not sure which items match their interests
and would like to navigate through a set of items to
determine those that are of interest. Since most items
viewed during browsing may not be of interest to the
user it is not necessary to transmit the complete item,
which would consume large amounts of system re-
sources. For browsing purposes, the user is not shown
the complete item, rather a summary is presented to
enable the user to evaluate the suitability of the item.
When items of interest are identified, the user may
wish to see these items in greater detail. It is there-
fore important to provide the ability to browse items
and view them at multiple levels of detail or resolu-
tion.

For the purposes of ADL, which is designed to han-
dle mostly image data, the technique of wavelet de-
composition [5] has been proposed for generating mul-
tiresolution images. Using this technique, an image is
decomposed into a low resolution copy or icon and
several coefficients. The icon is the lowest resolution
copy available. Higher resolution copies can be pro-
gressively reconstructed from the icon and other coef-
ficients. The original image can be reconstructed from
the icon and all the coefficients. In order to improve
the I/O performance of browsing, we have investi-
gated efficient placement techniques on magnetic disks
[20]. The latency of disk access is reduced by fetch-
ing data in parallel from multiple disks. The study
focuses on browsing access patterns when images are
retrieved by similarity matching, where similarity is
based on the content of the images. Two orthogonal
declustering schemes have been evaluated. The first
scheme declusters the image icons based on their sim-
ilarity. Since similar images are likely to be accessed
together, it would be beneficial to place them on dif-
ferent disks and access them in parallel. The second
scheme declusters the coefficients of each image across
disks since the coefficients will be accessed together
when the image is reconstructed to obtain a higher
resolution copy.

The various strategies were extensively tested us-
ing simulation as well as experiments with real disks.
It was found that declustering the thumbnails based
upon image content was always beneficial. The gains
of coefficient declustering were, however, not as con-
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Figure 8: Comparison of declustering strategies

sistent. In Figure 8 we present some representative
results of tests conducted with real disks. The x-axis
gives the number of concurrent users and the y-axis
gives the ratio of the average access time for a random
policy to the average access time for the other place-
ment strategies. A higher ratio indicates better per-
formance of the strategy as compared to the random
strategy. All strategies shown use the same decluster-
ing strategy for the thumbnails, however they differ
in the declustering strategy for the coefficients of each
image. The Interleaved and Zonal strategies declus-
ter image coefficients across all disks whereas the Sep-
arated strategy places the non-thumbnail coefficients
together on a designated disk and the Bundled strat-
egy placed the thumbnail and all other coefficients on
the same disk. The experiments were repeated sev-
eral times and 95% confidence intervals were gener-
ated based upon the results, as shown in Figure 8.
From the figure it is clear that when only 1 or 2 con-
current users are present, the strategies that declus-
ter the coeflicients perform better than those that do
not decluster. As the number of concurrent users in-
creases to 3 or more, both policies that decluster the
coefficients, Interleaved and Zonal, are outperformed
by the policies that do not decluster coefficients. In
general the study concludes that although it is always
beneficial to decluster similar images, declustering the
coefficients of a single image may or may not be ad-
vantageous. In particular, coefficient declustering is
good in a single user system, but as the number of
concurrent users increases, coefficient declustering be-
comes harmful. This work can be extended for brows-
ing data that is resident on tertiary storage and other
non-image data types where access is based on more
general relationships between items.

5.2 Managing Tertiary Storage

Libraries need to store and make available very
large amounts of data. The cost and volume of mag-
netic disks makes them prohibitive for such purposes.
Currently and in the foreseeable future, tertiary stor-
age is the only economically viable solution to stor-
ing large amounts of data. This requires a revision of
the role of tertiary storage, magnetic tapes in partic-
ular, which have traditionally been used for backup
purposes. When data is stored on tertiary devices, ef-
ficient I/O becomes a major problem due to the high
latency of these devices. The high latency comes from
two factors. Firstly, tertiary storage is more economi-
cal than secondary storage because a small number of
expensive drives are shared among large numbers of
removable media. This implies that in order to access
data, it is first necessary to load the medium hold-
ing the data onto the drive as opposed to secondary
storage where a small number of platters are always
“loaded” on the disk drive. A typical load time for
tape drives or optical jukeboxes is a few tens of sec-
onds, whereas the typical access time for magnetic
disks is a few hundreds of milliseconds. The second
factor contributing to the slow speed of tertiary de-
vices is the sequential access nature of magnetic tape,
which is currently the dominant tertiary storage tech-
nology. It can take up to a few minutes to seek to the
desired location on a tape. Further details about ter-
tiary storage technology and recent work on current
issues in tertiary storage can be found in [19].

In contrast to other studies, we have explored the
problem of scheduling requests for more than one
medium [18]. Due to the great difference in speeds
between the processors and tertiary storage, we ex-
pect that request traffic will be bursty. Consequently,
we have studied the problem of scheduling bursty I/0
requests. Unlike other solutions which are applica-
ble only to disk technology or only to tape technol-
ogy, our results are more general and are applicable to
any removable medium technology. The study inves-
tigates only those schedules that service all requests
for the same medium consecutively once the medium
is loaded. These schedules are optimal if the switch
time is large compared to the average seek time. This
is true for optical and magneto-optical disks. For tapes
however, the seek time is usually large and can be
greater than the switch time. Therefore for tapes, the
results may not be optimal but from the experimental
results we observe that even for tapes these schedul-
ing policies achieve almost an order of magnitude im-
provement over first-come-first-serve scheduling poli-
cies. The criterion used to compare different schedules



is the average waiting time, W, for each request:

m i—1
W= [Ci+T-i-ni+n» P (1)
i=1 j=1

For the single drive case, Equation 1 gives the total
waiting time incurred by all requests for a given sched-
ule, where i represents the order in which the media
are loaded onto the drive. We see that the total time
can be viewed as a sum of the wait times for items
on each medium (m is the number of media for which
requests are made). In Equation 1, C; is the wait time
incurred by all requests on the ith medium after the
medium is loaded onto the drive, T'-i-n; represents the
wait time incurred by all requests on the ith medium
(n; is the number of requests for the ith medium) due
to the loading and ejecting of the earlier media (T is
the time required to load and eject a medium) and
n; E;:l P; represents the wait time for all requests
on the ith medium due to the processing of the re-
quests on the earlier media (P; is the time required
to service all the requests on the jth medium and to
rewind the medium if it is a tape). By observing the
common factor n; in the second and third terms and
also that the third term is the sum of i — 1 addends
and the second term has a factor of T'i, we can rewrite
the total waiting time as in Equation 2. The term Cj
is constant independent of the schedule and therefore
minimizing W is the same as minimizing the expres-
sion Y." (Z;;ll (P; +T)) which is very similar
to the expression for the minimization of the average
waiting time for weighted tasks on a single processor.

m i—1
w = Cz‘FTTLz—}—TLzZ(PJ—FT)
i=1 j=1
m i—1
= > [Ci+n> (P+T) (2)
i=1 j=1

Based on the above observations, we have developed
an optimal scheduling policy for single drives. The
policy, which we call OPT, schedules items in the or-
der of non-increasing ratios of number of requests to
the sum of the switch time and the processing time,
L.e. in non-increasing order of the ratio 745 for each
medium. Note that we do not restrict the order in
which the requests on any given medium are processed
— we only need to know the time required to process
all the items, P;. Therefore, any efficient scheduling
policy for a single medium may be used. For multiple
drives, the problem of finding an optimal solution is

shown to be NP-Complete by a simple reduction from
the Minimum Weighted Completion Time [12]. In the
absence of an efficient optimal solution, we have shown
that the policy that achieves optimal solutions for the
single drive case, OPT, is an effective heuristic for the
multiple drive case also. From experimental results
we show that O PT produces schedules that are within
1% of the optimal in all tests. It should be pointed
out that even though the schedules are simple, they
do require knowledge of the processing time for each
medium. In the absence of such information we pro-
pose a heuristic which schedules media based solely on
the number of requests for each medium. We evalu-
ated this simpler heuristic and found that it produces
schedules that are well within 1% of the optimal re-
sults.

6 Concluding Remarks

This paper has addressed the design of digital li-
braries from the viewpoints of a) location of possible
information sources for a user query, b) query opti-
mization once relevant sources have been identified,
¢) indexing of multidimensional data for supporting
efficient searches, and d) efficient retrieval of answers
from secondary and tertiary storage. The design of
a digital library requires the solution of a number of
scalability problems, and a final design needs to incor-
porate all these solutions. In this paper, we isolated
each of these problems and described preliminary solu-
tions. The embodiment of these solutions into a com-
prehensive test-bed is our future goal.
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