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Abstract

Various techniques have been developed for differ-
ent query types in content-based image retrieval (CBIR)
systems such as sampling queries, constrained sampling
queries, multiple constrained sampling queries, k-NN
queries, constrained k-NN queries, and multiple localized
k-NN queries. In this paper, we propose a generalized query
model suitable for expressing queries of different types,
and investigate efficient processing techniques for this new
framework. We develop new storage and query processing
techniques to exploit sequential access and leverage inter-
query concurrency to share computation. Our experimen-
tal results, based on the Corel dataset, indicates that the
proposed optimization can significantly reduce average re-
sponse time in a multiuser environment.

1. Introduction

Content-based image retrieval (CBIR) has received a
great deal of attention with many systems implemented
[2]. There are two general types of search in CBIR: tar-
get search and category search. The goal of target search is
to find a specific (target) image (e.g., a registered logo). The
goal of category search is to retrieve a particular semantic
class or genre of images (e.g., skyscrapers). To support tar-
get search and category search, many techniques have been
developed for different types of queries such as sampling
queries, constrained sampling queries, multiple constrained
sampling queries, k-NN queries, constrained k-NN queries,
and multiple localized k-NN queries [3, 4, 5, 6].

Although there have been many research efforts in sup-
porting concurrent queries in traditional databases, continu-
ous web queries, continuous streaming queries, and spatio-
temporal queries, those approaches cannot be directly ap-
plied to CBIR systems due to the special characteristics of
CBIR queries. In this paper, we therefore propose a general-
ized approach for processing these different types of queries

in a unified framework. Our contributions include new stor-
age designs and query processing techniques to leverage
sequential data access and I/O sharing among concurrent
queries. Thus, the original problems addressed in this pa-
pers are twofold:

1. a generalized model for various types of CBIR queries,
and

2. techniques for efficient support of concurrent queries
in a multiuser environment.

To the best of our knowledge, these practical issues
in CBIR applications have not been studied in the litera-
ture, and there is no commercial CBIR systems support-
ing large number of concurrent users. Our experimental
results, based on the Corel dataset, confirm that existing
query processing techniques aimed at reducing the cost of
individual query independently, are not scalable to support
a multiuser environment. The performance study indicates
that the proposed framework can significantly improve av-
erage response time in a multiuser environment. With the
growing interest in Internet-scale image search applications,
our framework offers an effective solution to the scalability
problem.

2. The Proposed Framework

In this section, we discuss the proposed framework. As
illustrated in Figure 1, this framework has a four-layer struc-
ture constituted by the interface layer, search algorithm
layer, query processing layer and indexing layer from top to
bottom. This framework is designed to be generic enough
to accommodate different target search and category search
algorithms, query types, query optimization techniques, in-
dex structures and index tuning techniques. In the inter-
face layer, a user can mark returned images as positive or
negative, or give relevance values for the next round of re-
trieval. The search algorithm layer, connecting the inter-
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Figure 1. The proposed framework overview

face layer and query processing layer, chooses the appropri-
ate search algorithm based on the user’s goal (target search
or category search). The query processing layer, includ-
ing generic query model, query processing algorithms for
different query types, and query optimization, aims to effi-
ciently evaluate the queries involved in the chosen search
algorithm. The indexing layer is responsible for decid-
ing appropriate index structures and tuning those structures.
Specifically, we will discuss in detail our query model, in-
dexing tuning and query optimization techniques.

2.1. Generic Query Model

In our query model, a user query is defined as

Q =
{
Qi | i ∈ {1, . . . n}},

where Qi is a subquery and n is the user specified number
of subqueries. Then a subquery Qi is defined as

Qi = 〈nQi , PQi , WQi , DQi , SQi , kQi〉,
where nQi denotes the number of query points in Qi, PQi

the set of nQi query points in Qi, SQi the subspace to
retrieve data points, WQi the set of weights associated
with PQi , DQi the distance function, and kQi the num-
ber of data points to be retrieved in this subquery. Now
we illustrate how to use this model to represent the most
typical queries (i.e., sampling queries, constrained sam-
pling queries, multiple constrained sampling queries, k-NN
queries, constrained k-NN queries, and multiple localized
k-NN queries). If a query is a sampling query, we set
n = 1, nQi = 0, SQi = S (i.e., the whole search space) and

kQi = k. If a query is a constrained sampling query, we set
n = 1, nQi = 0 and kQi = k, which signify that this query
is to randomly retrieve k points in SQ1 . If a query is a multi-
ple constrained sampling query, we set n ≥ 1, nQi = 0 and
kQi = k/n. If a query is a k-NN query with single-point
movement techniques, we set n = 1, nQi = 1, SQi = S and
kQi = k; if a query is a k-NN query with multiple-point
movement techniques, we set n = 1, nQi ≥ 1, SQi = S

and kQi = k. If a query is a constrained k-NN query, we
set n = 1, nQi = 1 and kQi = k. If a query is a mul-
tiple localized k-NN query, we set n ≥ 1, nQi = 1 and
kQi = k/n.

In our generic model, we consider various query re-
finement models, multiple subqueries and various types of
queries. SQi is also included to account for the dynamic
change of the search space, which may be reduced after
each feedback iteration [3, 5]. Therefore, our query model
is so generic that it can be used to express all typical queries
that we have known in CBIR systems.

2.2. Index Tuning and Query Optimization Tech-
niques

To achieve efficient query evaluation and support concur-
rent queries in our framework, we propose three techniques;
namely, indexing tuning, group access and individual query
optimization. We discuss these schemes as follows:

Index Tuning: Tuning the index structures is particu-
larly reasonable for CBIR systems where the image sets are
fairly static. Since the disk pages allocated to sibling nodes
are often not physically consecutive (typically a disk page
contains only one node), a query may incur a large num-
ber of random accesses even for each feedback iteration.
To reduce the number of disk random accesses, we use the
Hilbert curve [1] for disk page allocation. The advantage
of this data placement scheme is that nodes that are close
together in the multidimensional space are usually close to
each other in physical storage, allowing us to retrieve neigh-
boring nodes using sequential access. Specifically, we cre-
ate a tuned index structure as follows: we traverse the non-
tuned index structure in a breadth-first fashion, and then cre-
ate a tuned index structure with the disk page allocation al-
most following the traversal order except for the children
nodes in the same node. For the children nodes in the same
node, we allocate them to the disk in the order of the Hilbert
curve values of their centers.

Group Access: In a multiuser environment, concurrent
queries might have their relevant nodes overlapping each
other. Even answering a single query may involve multiple
sub-queries. For these cases, we can save disk activities by
performing group access. That is, instead of retrieving disk
pages for each of the queries independently, we allow them
to share disk accesses and reduce the number of expensive
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Figure 2. k-NN queries
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Figure 3. Constrained k-NN
queries

1 2 3 4 5 6 7 8 9 10
0

20

40

60

80

100

120

140

160

180

number of queries (thousands)

ti
m

e 
(s

ec
o

n
d

)

without query optimization

with query optimization

Figure 4. Multiple localized
k-NN queries

disk seeks at the cost a few extra cheap page transfer.
Individual Query Optimization: Again, disk pages al-

located to sibling nodes in the tuned index structure are
physically consecutive. Therefore, the number of expen-
sive disk seeks are expected to be reduced significantly for
answering queries when our group access algorithm is em-
ployed. In addition, for the subsequent k-NN queries in the
same search, we exploit the information generated during
the previous k-NN queries to further reduce the disk I/O
cost and CPU cost. Answering constrained k-NN queries is
similar to answering k-NN queries except that we need to
prune the nodes which are outside of SQ1 . For multiple lo-
calized k-NN queries, each localized k-NN is performed on
the related leaf node and its sibling leaf nodes. Our group
access algorithm can be employed as well to take advantage
of disk access locality and sharing.

3. Experiments

In this section, We evaluate the effectiveness of the pro-
posed query optimization techniques described in Section
2.2. We compare the performance of the proposed tech-
niques with all the optimization features (denoted as QOP)
with that of similar techniques with none of the optimization
features (denoted as QNO). Our dataset consists of more
than 68,040 images from the Corel library, and 37 visual im-
age features were used. All experiments were performed on
a 2.5-GHz Pentium IV-based computer with 1GB of RAM.
The node size of the index structures was set to 4KB, and
the first two levels of the index structures resided in mem-
ory. In this study, k was set to 50, all queries were randomly
generated, and relevance feedback was simulated. The re-
sults are averaged over 100 runs.

Figures 2 to 4 show the effect of increasing the number
of concurrent queries from 1000 to 10000 for three types of
queries (i.e., k-NN queries, constrained k-NN queries, and
multiple localized k-NN queries), respectively. The exper-
imental results for constrained sampling queries and mul-

tiple constrained sampling queries share the similar effect,
and are omitted. Clearly, the total processing time increases
as the number of concurrent queries increases. All three fig-
ures indicate that QOP significantly outperforms QNO, and
the performance gap widens with the increases in the num-
ber of queries. Specifically, for k-NN queries (see Figure 2),
QOP performs up to 6 times faster compared to QNO. The
relatively larger savings in this case are due to the fact that
k-NN queries can benefit much from information gener-
ated during the previous iterations. For constrained k-NN
queries (see Figure 3), QOP performs up to 5 times faster;
for multiple localized k-NN queries (see Figure 4), it per-
forms up to 3 times faster.

The experimental results shows that QNO is not scal-
able since its query processing time increases rapidly as
the number of concurrent queries increases, while QOP ex-
hibits a very slow increasing rate. The performance dif-
ference between QNO and QOP comfirms that leveraging
computation sharing in inter-query concurrency can sub-
stantially improve performance and enhance system scal-
ability to support a large user community.
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