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Abstract

In this paper, we develop a general framework for approx-
imate nearest neighbor queries. We categorize the current
approaches for nearest neighbor query processing based on
either their ability to reduce the data set that needs to be
examined, or their ability to reduce the representation size
of each data object. We first propose modifications to well-
known techniques to support the progressive processing of
approximate nearest neighbor queries. A user may therefore
stop the retrieval process once enough information has been
returned. We then develop a new technique based on clus-
tering that merges the benefits of the two general classes of
approaches. Our cluster-based approach allows a user to
progressively explore the approximate results with increas-
ing accuracy. We propose a new metric for evaluation of
approximate nearest neighbor searching techniques. Using
both the proposed and the traditional metrics, we analyze
and compare several techniques with a detailed performance
evaluation. We demonstrate the feasibility and efficiency of
approximate nearest neighbor searching. We perform exper-
iments on several real data sets and establish the superior-
ity of the proposed cluster-based technique over the existing
techniques for approximate nearest neighbor searching.

1 Introduction

With the rapid deployment of different types of informa-
tion in large-scale applications, both the dimensionality and
the amount of data that needs to be processed are increasing
rapidly. The general approach in most modern applications
is to generate feature vectors that represent the original data
objects. A similarity query is defined as finding the most
similar data objects in the data set to a given query object.
For example, in image databases a possible similarity query
is to find the images most similar to a given image. The
images are represented as � dimensional feature vectors and
the similarity between the images is defined by a distance
function, e.g., Euclidean distance, between the correspond-
ing feature vectors. The � -nearest neighbor, ��� NN, problem
is defined as finding the � most similar feature vectors to a

�
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query point � . A closely related query is the 	 -range query
where all feature vectors that are within 	 neighborhood of
the query point � are retrieved.

In typical applications, the amount of data is very
large [3]. Traditional techniques until recently focused on
getting exact results for queries, where exactness is defined
in terms of the feature vectors and a distance function be-
tween them. However, exact results are very difficult to ob-
tain in typical multimedia applications and leads to signif-
icant inefficiencies in the system. Besides, in these appli-
cations, the meaning of “exact” is highly subjective. Be-
cause of the nature of multimedia applications it is usually
not very meaningful to pursue exact answers in such applica-
tions. With the usage of the internet, information may be ob-
tained from several incomplete and inaccurate data resources
and searching over these resources may give useful but some-
times imprecise information. It is typically the case that the
data itself is an approximate representation of real world en-
tities. The generation of feature vectors from the original ob-
jects may itself be based on different heuristics. Besides, the
semantics of queries are also not as strict as the exact queries
used in relational databases. For example, a query asking the
closest 5 Italian restaurants to a moving car may easily miss
the 3rd closest and include the 6th closest, and still satisfy the
driver. The definition of “exact” is subjective and depends on
the way the feature vectors are created and the distance func-
tion defined between the feature vectors. It is not possible
to come up with a feature vector extraction method and a
distance criterion which is universally accepted. This is not
the case even with human perception, i.e., the definition of
the similarity may differ depending on the viewers' expecta-
tions. One user may choose the third best result over the first
or the second one, based on his/her similarity expectation. In
several cases, close approximations may be good enough for
human perception. Obviously, this does not mean that the
feature vectors are useless, it tells us that we need to be care-
ful when using feature vectors. They model the real data, but
not always with 
��
��� accuracy.

In this paper, we develop a general framework for approx-
imate nearest neighbor (NN) queries. We first categorize the
current approaches based on either their ability to reduce the
data set that needs to be examined, or their ability to re-
duce the representation size of each data object. In many



high dimensional search applications, a user can be satisfied
with approximate, or incomplete results (a particular query
is leading to an uninteresting data set). We therefore propose
modifications to well-known techniques to support the pro-
gressive processing of approximate nearest neighbor (NN)
queries. A user may therefore stop the retrieval process once
enough information has been returned. This can be quite
beneficial since obtaining exact results may take a long time,
and in fact may be unnecessary. We then develop a new tech-
nique based on clustering that merges the benefits of the two
general classes of approaches. Our cluster-based approach
allows a user to progressively retrieve the approximate re-
sults with increasing accuracy.

In the next section, we discuss the main metrics for eval-
uating approximate nearest neighbor queries. Section 3 dis-
cusses the categorization of the current approaches. In Sec-
tion 4, we develop simple progressive approximation tech-
niques. In Section 5, we propose a cluster-based integrated
approach. Section 6 includes a detailed performance analy-
sis that demonstrates the advantages of the proposed cluster-
based integrated technique. Section 7 concludes the paper
with a discussion.

2 Approximation Quality Metrics

For similarity queries, the quality of the result set is tradi-
tionally measured by a combination of two important quality
metrics: recall and precision [16]. They can be described
as completeness of retrieval and purity of retrieval, respec-
tively. Recall is a measure of how well the retrieval finds
all relevant objects even to the extent that it includes some
irrelevant objects. Precision is a measure of how well such
a system finds only relevant objects even to the extent that
it skips some relevant objects. The irrelevant objects in the
result set are called false hits and the relevant objects that are
not in the result set are false dismissals. For approximate � -
nearest neighbor searching, the number of false hits and the
number of false dismissals become the same value. Since the
result set size is always � , if the approximation causes some
false dismissals, these dismissals are replaced by false hits.
Computing the number of false hits, or dismissals, is enough
to capture the traditional error metric, which we will refer
to as � . We use the metric � as one of our metrics in the
evaluation of the proposed techniques.
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Figure 1. 2-NN query on q

However, the number of false hits and dismissals does not
capture important information about the quality of the ap-

proximations. In Figure 1(a), the two nearest neighbors of
the query point � are asked. The points � and � are the two
closest points according to the Euclidean distance. However,
the points � and � are also very close to the query point and
the user may potentially be interested or satisfied with them
being the answer. On the other hand, the points � and � are
far away from � and there is much less chance that the user
is interested in those points. Suppose there are two approx-
imation techniques, one returns ���	� ��
 and the other returns
���
����
 as the result of � -NN query on � . If the traditional er-
ror metric of the number of false hits is used, both techniques
have the same number of false hits, i.e., 2, which is the worst
possible error. Therefore, with this metric both techniques
have the same error and it is not possible to differentiate the
qualities of these two different answer sets. The points � and
� in Figure 1(a) are not only the third and the fourth closest
points to the query, they are also spatially close enough to
be of interest to the user. It is also important to note that the
rankings of the points in terms of closeness to the query does
not capture any information regarding the quality of approx-
imation. For example, points � and � in Figure 1(b) are not
of that much interest even though in this case, they are also
the third and the fourth closest points to � . The quality/error
metric should give a higher error to ��������
 in Figure 1(b) than
it gives to ����� ��
 in Figure 1(a). Especially when dealing with
approximate similarity-based retrieval, it is important to de-
velop a new metric which also takes into account the quality
of the answers with respect to closeness to the query object.

We now introduce an alternative error metric which is
particularly useful for approximate � -NN searching. Sup-
pose the approximate ��� NN algorithm returns the result set
�����������	������������ 	
 and the real result set computed by the un-
derlying distance function �"! is �$#�����#��	���������%#& 	
 . We define
the error metric ' as the relative approximation error, given
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3 Approaches for Approximate Nearest
Neighbor Queries

In this section, we classify the general approaches that
can be used to solve the approximate searching problem and
develop various techniques as examples of these classes.

Consider a data set with B objects, each represented by
a � dimensional feature vector. In typical applications, both
the dimensionality � and the number of data objects B are
large. Problems such as the curse of dimensionality in high
dimensions and scalability problems for very large data sets
can partially be offset by structures that support approxi-
mate searching. An approximate searching technique should
maximize the accuracy and minimize the cost of processing
queries, which are usually dominated by the number of I/O
operations. Thus, an effective approximate searching tech-



nique should organize the data such that acceptable accuracy
is achieved and at the same time the number of pages re-
trieved as a result of a query is minimized.

Naively, a nearest neighbor query could be answered by
examining the entire representative of every data object. Two
general classes of possible approaches for the approximate
searching problem naturally arise:

� Retrieved set reduction: the data is organized such that
only a small subset of the data objects are examined to
answer a nearest neighbor query.

� Representative size reduction: the representatives of the
data set are organized such that only a partial represen-
tation (e.g., 2 out of � dimensions) of each object is
examined.

The retrieved set reduction approach is important es-
pecially for scalability in large data sets. An approximate
NN search technique which retrieves the feature vectors
related to a subset of the data set clearly outperforms a
technique that retrieves the feature vectors for the entire data
set. Similarly, the representative size reduction approach
is crucial for high dimensional data. Considering all the
dimensions at the same time dramatically degrades the
efficiency of high dimensional query processing. We briefly
discuss some possible techniques that are based on these
two basic ideas.

Retrieved Set Reduction: Instead of accessing/retrieving
the entire data set, the search technique focuses on a portion
of the data set, ideally on the most relevant data to the
given query. One effective and well-known solution is to
index the multi-dimensional data. There have been several
approaches to index a multi-dimensional data set using a
multi-dimensional tree structure [9]. The goal of all these
index structures is to reduce the size of the data set which
is retrieved as a result of a query. Instead of B objects,
the query retrieves a subset of size � . For example, during
an exact � -NN algorithm [15], the tree, which consists of
minimum bounding rectangles (MBR), is traversed and the
amount of data retrieved is reduced by pruning some of
the MBRs if they are guaranteed not to have the closest
data point(s). The retrieved set includes the query result
set and may include some irrelevant objects. In the context
of approximate searching mechanism a natural question
arises: Is it possible to achieve faster response time if we
allow some false dismissals? Recently, various approaches
in different domains have developed effective algorithms
for approximate searching [2, 10, 5, 17, 6]. Most of these
techniques specifically focus on 	 -NN queries. The 	 -NN
is defined as finding a neighbor of the query point within
a factor of � 
�� 	7
 of the distance to the true NN. In [5],
an algorithm was proposed in which the error bound 	 can
be exceeded with a certain probability � using some prior

information on the distance distribution of the query point.
In [10], a locality sensitive hashing structure is created
by a randomized procedure and the � 
�� 	7
 -approximate
NN point is found with a constant probability. Hashing is
used to reduce the retrieved set size, again at the expense
of false dismissals. The disadvantage of this approach,
however, is that 	 needs to be known in advance, and some
preprocessing, which is exponential in 
�� 	 , is needed.

Representative Size Reduction: Multi-dimensional
index trees are very effective in low dimensions. However
as dimensionality increases, query performance degrades
significantly [18, 4]. Therefore, considering all the dimen-
sions at the same time dramatically degrades the efficiency
of high dimensional query processing. Working on the
reduced feature-vector set is an effective approach to this
problem. A typical example for representative size reduction
is the dimensionality reduction approach. In general, high
dimensional data is first reduced to lower dimensions and
the search is conducted in the lower dimensional space [1].
The most common approaches found in the literature for
dimensionality reduction are linear-algebraic methods such
as the Karhunen-Loeve Transformation (KLT) [11], or
applications of mathematical transforms such as the Discrete
Fourier Transform (DFT) or Wavelet Transform (DWT). As
the transformations are known to be distance preserving,
the general approach is to transform the high dimensional
feature vectors and lower dimensional vectors are created by
taking the first few leading coefficients of the transformed
vectors. The general idea of these techniques depends on
the observation that by using these transformations, a small
subset of dimensions keeps a high portion of the information
about the feature vectors. VA-files [18] are an effective
representative size reduction approach for high dimensional
NN searching. The VA-file is basically a sequential list of
approximations of feature vectors, based on quantization
of the original feature vectors. Therefore, the total size of
the feature-vector set is reduced by a significant amount.
Recently, we proposed VA � -file [8] which is an extension to
the original VA-file to handle non-uniform and clustered data
sets. Weber and Bohm [17] have stated that the performance
of previous approaches for approximate NN-search, with
reasonable approximation errors, is close to linear. They
proposed an approximate � � NN searching technique based
on VA-files. To overcome the I/O bottleneck their technique
omits the second step of the exact NN search algorithm on a
VA-file. Significant speedups are achieved by approximate
NN searching on VA-files. This technique is also applicable
to VA � -files.

4 Simple Progressive Approximation Ap-
proaches

In this section, we develop two simple approximate � -NN
techniques that are instances of retrieved set reduction and



representative size reduction approaches. These approaches
modify the well-known techniques and adapt them to
support the progressive retrieval of approximate information
based on NN queries.

Sequential Scan with Retrieved Set Reduction: An
obvious and simple way of implementing the retrieved set
reduction is to sequentially scan a portion of the data set.
The basic idea is to access only a portion of the data set and
answer the query based on the portion that is read. Since
sequential scan is known to be an alternative to several
indexing techniques for high dimensional data sets [18, 4],
it is natural to start the discussion of approximating � � NN
queries with sequential scan. This simple idea can be
summarized as follows. The data set is stored in the storage
without any particular index structure. When a query is
issued, the data is scanned sequentially starting from the first
page. The data pages are read in the order they are stored
and � NNs can be computed within the portion of the data
set that is read so far. The search can be interactive, and
it can be stopped any time, and the answer is based on the
portion of the retrieved data set.

Representative Size Reduction with KLT Sub-vectors:
We now illustrate how distance preserving transformation
and dimensionality reduction techniques can be adapted for
progressive approximate � -NN searching. Distance pre-
serving transformations, e.g., KLT, are especially suitable
for interactive approximate searching. However, instead of
retrieving each of the feature vectors at once with all its di-
mensions, a better strategy is to split the feature vectors into
blocks and perform multiple passes on each feature vector
by retrieving the blocks in the order of importance. This
helps to gather more useful information, i.e., the important
dimensions of each feature vector, in earlier steps and gather
less important information later in the search, if necessary.
Instead of waiting for a whole pass on all feature vectors, the
system can provide the user an accurate approximate result
that is obtained from the first set of dimensions which have
a high amount of energy.

Our approach for feature-vector set organization based on
distance preserving transformations works as follows. The �
dimensional feature vectors, where � is usually high in typi-
cal applications, are transformed using the Karhunen-Loeve
transformation (KLT) and a new set of � dimensional vec-
tors is created. This set is used as the new set of feature
vectors. We use KLT, because it is known to have the max-
imum energy compaction property for any given data set.
That means, among all the transform-based dimensionality
reduction techniques, KLT is the best in accumulating the
data energy into a fixed number of dimensions. Each fea-
ture vector is divided into � fixed sub-vectors, each with #��
number of dimensions, where

���
��� � #�� ; � . The corre-

sponding sub-vectors of all feature vectors are stored consec-

utively and therefore the sub-vectors of each feature vector
are stored separately. Without loss of generality let # � ; 
 ,
for �	��
�� � , and therefore � ; � for simplicity. In this
case, the values of first dimension of each vector are stored
together consecutively on secondary storage, and second di-
mension values are stored together, and so on.

When a query is issued, in the first step, only the pages
that contain the first dimensions of all vectors are read from
storage and the first dimensions are considered for similar-
ity. Then, the other dimensions are read and the similarity
computation is made based on all dimensions that have been
read. Partial results are stored in memory to be used for the
consecutive steps. If the user stops the search anytime, the
query is answered based on the results that are found up to
that point. Later in the paper, we will evaluate the perfor-
mance of this simple approach and compare it with the other
approaches.

5 An Integrated Approach for Approximate
Nearest Neighbor Searching

Both retrieved data set and representative size reductions
have strong motivations and need to be considered. There-
fore, it is important to develop techniques that combine the
advantages of both retrieved set and representative size re-
ductions. In this section, we propose a new technique that
effectively combines the two class of approaches into a sin-
gle framework, i.e., by reducing the size of the retrieved set
and feature vector sizes for efficient approximate searching.
The retrieved portion of data is reduced by the help of a clus-
tering technique, which is an adaptation of K-means cluster-
ing [13], and the feature vectors within a cluster are orga-
nized to support interactive approximate searching.

First, a dimensionality reduction, from � to # , is per-
formed on each data point in the data set. The dimension-
ality reduction is done as described earlier, i.e., by taking the
first # dimensions in the KLT domain. The value of # can
be determined based on a statistical analysis of the data. As
a simple characterization, we let # to be the minimum num-
ber of dimensions that keeps the total average energy above
a certain threshold, say 
��
� . In our analysis, we establish
that the first few dimensions, usually � to 
�� dimensions, in
the KLT domain store a high amount of the energy (see [7]
for an analysis of several real data sets).

After dimensionality reduction, a modified K-means clus-
tering algorithm is used in the low dimensional domain.
The original K-means algorithm [13] iteratively constructs a
number of clusters with a representative for each cluster such
that the error in representation is minimized. The details of
the algorithm is in Figure 2. By close inspection, it can be
observed that the total within-cluster scatter monotonically
decreases, and hence the algorithm always converges. This
K-means algorithm has found applications in many different
disciplines: unsupervised learning in pattern recognition, un-
supervised image segmentation, and vector quantizer design
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Figure 2. K-means algorithm

in signal compression [12].
The modification we introduce in the above algorithm is

that we limit the size of each cluster from both above and
below. If the size goes above the upper threshold, the clus-
ter is split into two. If the size goes down below the lower
threshold, then the cluster centroid is erased from the list of
centroids. To split a cluster, we first duplicate the cluster cen-
troid, and then perturb the exact copies randomly. It is known
that K-means algorithm is sensitive to initialization. Since
we have this splitting mechanism, instead of starting from
cluster centroids chosen by some pre-processing scheme, we
start by a single cluster, and the algorithm automatically cre-
ates new clusters until the population of each cluster is be-
low the threshold. As we will demonstrate later, by hav-
ing a lower threshold for cluster size, several queries can be
answered by retrieving only a very small number of clus-
ters. Also, by limiting the cluster sizes from above, we avoid
extremely unbalanced distribution of data over the clusters.
Although the minimum and maximum cluster sizes are not
dominant factors in the performance of our technique, rea-
sonable values need to be set for the design purposes. For
� -NN queries, � is expected to be less than a given num-
ber, say � � � , because of the expectations and readability of
a query result. In typical applications, � may be taken to be
between 
 and 
 � � . Practically, minimum cluster size can
have a value comparable to the expected values of � in the
application, e.g., 
�� , � � , etc. The maximum cluster size can
be picked as a function of the minimum cluster size, e.g., 
��
to � � times the minimum cluster size. One can also pick an
initially huge maximum cluster size, and decrease it grad-
ually “on the fly”, i.e., while the algorithm is executed, so
as to keep the number of clusters in reasonable bounds. We
adopted the latter approach throughout this work.

The proposed integrated algorithm for approximate � -
nearest neighbor searching works as follows: Given a query,
transform it using KLT and use the # most significant di-
mensions, and find which cluster the point falls into. Then
read from disk the first # -KLT-dimensions of all the points
that fall into that cluster. Sort these points in # -dimensional
domain based on their distance from the query point. The
first � points after the sorting would be the first level ap-

proximation of the answer set. There are two directions for
progressive refinement of the query here. In the first direc-
tion, more dimensions of the points in the cluster could be
read from disk. This would certainly improve the distance
calculations, and hence the accuracy. The second orthogonal
direction is to read neighboring points that fall in other clus-
ters. The best clusters to read are heuristically those whose
centroids are closest to the query point in the # -dimensional
design domain. The closest one is already read in the base
layer. Reading the next best cluster also improves the ac-
curacy, since now there are more candidate points to choose
from.

5x24 5x325x165x8

4x324x8 4x16 4x24

3x8 3x16 3x24 3x32

2x8 2x16 2x24 2x32

1x321x241x161x8

the 5 best clusters
25-32 of points in
KLT dimensions 

KLT dimensions 
1-24 of points in
the 5th best cluster

KLT dimensions 
1-24 of points in
the 4 best clusters

the 3 best clusters
17-24 of points in
KLT dimensions 

1-16 of points in
the 2nd best cluster

KLT dimensions 

KLT dimensions 
1-16 of points in
the 3rd best cluster

KLT dimensions 

the best cluster
9-16 of points in

Read first 8 KLT dimensions of
all points in the best cluster

Figure 3. A chosen progressive refinement path

One can follow any path in this progressive refinement
framework. Figure 3 illustrates an example of steps of the
algorithm for a high dimensional data set, where # is taken
to be 
 . The �+LNM progressive refinement structure can be
summarized as follows: We read 8, 16, 24, or 32 dimensions
in the first refinement direction, and we read 1, 2, 3, 4, or 5
best clusters in the second refinement direction. An impor-
tant detail is, however, that we have to read new dimensions
of every point read so far, and when reading new clusters,
we have to read up to the dimensionality reached so far. A
node in the graph represents the stage where the correspond-
ing clusters and dimensions are considered for approximate
result. Since the design of the pages is not changed during
the search, reaching a node by any path leads to the same
portion of the data to be considered. Therefore, any path to a
certain node results in the same number of page accesses and
the same approximate result set. Any path in this framework
can be used as an approximate � -NN algorithm. However,
the chosen path may be important because the intermediate
steps of various paths through the same node have different
average time-accuracy tradeoffs. It is possible to choose the
best path by a pre-analysis of the performance of each pos-
sible path as we will discuss in the performance evaluation
section. Once a path is chosen at design time, the same path
can be used for all � -NN queries. The bottom-left node in
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Figure 4. Time-accuracy trade-off achieved by approximate search techniques

Figure 3 represents a possible initial step of the algorithm.
The top-right node illustrates the case where ��� dimensions
of � best clusters are taken into consideration for computing
the answer to the � -NN query.

6 Analysis and Performance Evaluation of
Approximate Nearest Neighbor Techniques

In this section, we perform a detailed performance anal-
ysis of the proposed and current state-of-the-art techniques.
We first describe the performance evaluation setup and the
data sets. We then briefly evaluate the performance of some
of the basic techniques, i.e., partial sequential scan, KLT,
VA-file, and VA � -file. The feasibility and efficiency of ap-
proximate � -NN searching can be observed even by these
simple techniques, such as KLT-based approximate � -NN
searching. Finally, we analyze the performance of the pro-
posed cluster-based integrated approach and compare it with
the current best approach for several data sets. We demon-
strate how the proposed clustering based approach leads to
very significant improvements over the existing techniques
and maintains its superiority as data set size increases.

We used various real-life data sets from different applica-
tion domains. The first data set, Color Histogram, is a 64-
dimensional color image histogram data set of size 12,000.
The vectors represent color histograms computed from a
commercial CD-ROM. The second data set, Stock Time-
series, is a time-series data set which contains 360 days stock
price movements of 2000 companies, i.e., 2000 data points
with dimensionality 360. The third data set, Satellite Image
Texture (Landsat), is of size 100,000 with 60-dimensional
vectors representing texture features of Landsat images [14].
This data set provides challenging problems in high dimen-
sional indexing and is widely used in high dimensional in-
dexing and similarity searching research [14, 10, 5].

For Color Histogram and Time-series data sets the page

capacity is assumed to be 240 floating-point numbers, i.e.,
approximate page size=1K. Since the size of the Landsat im-
age data set size is much larger, the page size is taken as
8KBytes in that case. We illustrate the results for 10-nearest-
neighbor queries for all data points in the data set, i.e., query
points=data points. The two types of metrics discussed be-
fore are used for performance evaluation:

1. Average number of pages accessed versus average num-
ber of false hits � (= false dismissals in this case).

2. Average number of pages accessed versus average ratio
of total distances ' (which is always � 
 ).

We note that with sequential search (of course with zero
false hits and '<; 
 ), one has to read around 534 pages, each
1K size, for the image color histogram data set and 3000
pages, each 1K size, for time-series data set. For Landsat
image data set it is 2930 pages, each 8K size.

We first evaluate the performance of the four simple
progressive approaches discussed earlier: partial sequen-
tial scan, KLT, VA-file, and VA � -file based approximate � -
NN searching. Using the two metrics discussed before, we
demonstrate the feasibility and efficiency of approximate � -
NN searching. The performance results establish that even
simple techniques, such as KLT, can be extended and adapted
for approximate searching in a very effective way. The tech-
niques discussed in this paper are interactive, i.e., the user is
able to stop the query anytime he/she thinks it is appropriate
and still gets a result with a certain error. Figure 4 illustrates
a clear demonstration of the time accuracy trade-off achieved
by all approximate NN approaches on 64-dimensional color
histogram data set. As the retrieved number of pages in-
creases, so does the quality of the approximation. It is im-
portant to adapt the approximation quality using the user as
the reference point. If the user wants to get more accurate
results, he/she can keep the query running until the desired
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Figure 5. Comparison of time-accuracy performances of Clustering and VA � -file on Color Histograms

result is obtained or no more data is available. Without wait-
ing for the end of the query, which typically takes a long
time, the user may also want to stop the search once he/she
understands that the data set most likely does not have the
desired answers. For each step of an interactive search, the
expected quality can be estimated by a pre-analysis of the
data set, as is done in this section.

The performance of the original VA-file approach is very
close to that of the simple KLT-based technique. The VA � -
file based approximation outperforms all the methods de-
scribed so far. As an example, for 64-dimensional color his-
togram data set, to reach '<; 

� 
 , the partial sequential scan
technique retrieves approximately M times as many pages as
the KLT-based technique retrieves, and the KLT-based tech-
nique retrieves ��� � times as many pages as the VA � -file tech-
nique does (Figure 4(a)). Similarly, by reading 
 � pages, the
KLT-based and the partial sequential scan techniques achieve
' ; 
 � ��� and ' ; �"� � , respectively, whereas the VA � -
file technique achieves ' ; 
 � � � . The performance behav-
ior of the techniques is similar for all data sets. Figure 4(b)
depicts the number of false hits in each of the approximate
techniques.

We implemented the proposed cluster-based technique
and analyzed the performance of � -NN queries. For clarity,
we illustrate the comparisons with the VA � -file based ap-
proximation technique since it outperformed all other meth-
ods. We summarize the results on three data sets, i.e., Color
Histogram, Stock Time-series and Landsat Image Texture.
First, we illustrate the detailed performance evaluation on
the image color histogram data set, then we summarize the
results for the stock time-series and Landsat image texture
feature data sets.

We start with the experiments on color histogram data.
As described before, first, a dimensionality reduction (from
64 to 8) is performed on each point in the data set using KLT.
We implemented the modified K-means clustering algorithm
to create the clusters and the corresponding cluster centroids.
4 different minimum cluster sizes are selected: 10, 20, 30,

and 40. The number of clusters corresponding to these four
scenarios are: � M , M�� , � M , and � M , respectively. Since the rep-
resentative dimensionality is 
 , the amount of storage these
representatives need is only � � ��� , �"� ��� � , �"� �
� , and �"� 
 ���
of the data set. Decreasing the representative dimensionality
or increasing the minimum cluster size results in less storage
needs for the representatives. This percentage is much less
for larger data sets or data sets with higher dimensionalities,
such as the Landsat image feature and the time-series data
sets that we use later in our performance evaluation. The
largest ratio for the additional storage needed for represen-
tatives is only � � ����� � of the entire time-series data set and
� � ������� of the Landsat image data set. Since the size of the
representative set is very small, the necessary processing on
the representatives is also negligible compared to the entire
data set.

# Clusters # Pages # False �� Dimensions accessed Hits� �
	 1.0000 4.8410 1.5669� �
� 2.0000 3.7195 1.3935
 �
� 3.0000 3.3420 1.3502� �
� 4.0000 3.1965 1.3333� �
� 5.0000 3.1365 1.3229� � ��� 2.0000 4.5020 1.3730� � ��� 4.0000 2.8320 1.1638� � ��� 6.0000 2.1190 1.1104� ����� 8.0000 1.7890 1.0885� ����� 10.0000 1.6335 1.0777��� � � 3.0000 4.4530 1.3415� � � � 6.0000 2.6035 1.1287� � ��� 9.0000 1.7110 1.0728� � ��� 12.0000 1.2375 1.0490� � � � 15.0000 0.9825 1.0380��� 
�� 4.0000 4.4450 1.3258� � 
�� 8.0000 2.5530 1.1112
 � 
�� 12.0000 1.6015 1.0536� � ��� 16.0000 1.0795 1.0305� � ��� 20.0000 0.7795 1.0200

Table 1. Time-accuracy performance achieved by
Clustering

We analyzed the performance by using the � L1M progres-
sive refinement discussed before. We read 8, 16, 24, or 32
dimensions in the first refinement direction, and we read 1,



2, 3, 4, or 5 best clusters in the second refinement direction.
The performance of the algorithm with minimum cluster

size 10 is presented in Table 1. The performance results are
very similar for other minimum cluster sizes (see [7]). The
path indicated by the rows with bold characters in Table 1,
i.e., the path 
 L 
 , 
 L 
�� , � L 
�� , � L 
 � , � L � M , M L � M ,
M L ��� , and �NL �
� , corresponds to the path illustrated in
Figure 3, and is actually the best path according to the error
measure ' . This path can be found by using dynamic pro-
gramming technique on possible paths in the progressive re-
finement framework. The goal is to achieve best accuracy by
retrieving minimal number of pages. The same performance
results, in comparison with those of the VA � -file based tech-
nique, are plotted in Figure 5.

As an illustrative example, by reading 
�� pages, the
cluster-based algorithm achieves an error of ' ; 
 � � � ,
where as the VA � -file technique reaches an error level of
' ; 
 � ��� . Similarly, to achieve the accuracy that the cluster-
ing based technique achieves reading 
�� pages, the VA � -file
technique reads about ��� pages. The cluster-based technique
achieves speedup from M to 
 � compared to the VA � -file
technique. As mentioned before, the size of the represen-
tatives is negligible compared to the size of the data set. The
overhead due to the representatives is very small: M , � , � , and

 additional page accesses for cluster sizes 
 � , � � , �
� and M
� ,
respectively.

Data Size(# of pages) � ����� ������� 
������
EXACT

� ����� ��� ��
 � � ��� � ��� � ���
SEQ. (partial) ��� ��� ��� ����� � �
	 � 	���� 	�	 � � � � ��	
SEQ. (partial) ��� ��� � ��
�� � � � � � � � 	�	 ��� � � � �

KLT �
� ��� ��� � ��� 
 � ��� � � 
�� ��� ��� � �
KLT ��� ��� � � 	�� � � ���
	�� ��� �
	���� 
 	

VA � -FILE ��� ��� ��� 30.67 62.73 96.94
VA � -FILE ��� ��� � 23.19 47.01 72.61
CLUSTER ��� ��� ��� ��� � � ����� ��� � � � � �
CLUSTER ��� ��� � � � 
 � ��� � 
 ��� 	 �
SEQ. (partial) ��� � ����� � � � � 	 � � � � � � 	�� ���

SEQ. (partial) ��� ��� � ��
 ��� � � � � � � � � ��	 � � ���
KLT ��� � � � � � � ������� ��� � � � � � �

KLT ��� ��� � � � � ��� � 
�� � 	�� ����� � ���
VA � -FILE ��� � 30.92 64.23 100.85

VA � -FILE ��� ��� � 23.23 48.65 77.92
CLUSTER ��� � ����� 
 � � � � ��	 � � � � �

CLUSTER ��� ��� � ��� � � � � � � � � 
 � � �

Table 2. Comparison of number of pages ac-
cessed for data sets with 1000, 2000, and 3000
objects for metrics ' and �

We also analyze the scalability of our techniques as the
data set size grows. We evaluate the performance of full and
partial sequential search, KLT-based dimensionality reduc-
tion, VA � -file, and clustering based technique by comparing
the number of pages accessed as the data set size grows. Ta-
ble 2 illustrates the comparison of five techniques in terms
of the number of page accesses in 10-NN queries on data
sets containing 1000, 2000, and 3000 data points, when D is

 � ��� and 

� 
 , and when the average number of false hits �
is 1 and 1.5. The VA � -file based approach achieves signifi-

cant speedup compared to the full and partial sequential scan,
and the KLT-based technique. The clustering based approach
achieves very high speedups compared to the other tech-
niques and scales much better as the data size grows. For the
data set with 
�� �
� data objects, our cluster-based technique
accesses �
� times less pages than sequential scan, ��� times
less than the partial sequential scan, �"� � times less than KLT-
based technique, and finally �"� � times less than the VA � -file
approach access for '<; 
 � ��� . As the data size increases, the
speedups achieved by our technique increases. For example,
for � � �
� data objects and ' ; 
 � ��� , our cluster-based tech-
nique achieves speedups � 

� 
 , M ��� � , 
�� � � , and �"� � compared
to full sequential scan, partial sequential scan, KLT-based,
and VA � -file based techniques, respectively. The speedups
are higher for the case ' ; 

� 
 (Table 2). We repeated the
similar experiments and got similar results for the metric � .

The performance improvements are more significant for
the 360-dimensional time-series data set. For example, to
achieve '<; 
 � 
 , our clustering based technique reads an av-
erage of M pages whereas VA � -file reads an average of more
than ��� pages. Similarly, for ' ; 
 � ��� , the clustering based
technique reads an average of ��� 
 pages, whereas VA � -file
reads an average of M � � � pages in each query. The speedup
achieved for ' ; 

� 
 is �"� � , and the speedup achieved for
' ; 
 � ��� is 
"� � . These speedups were less for the image
color histogram data set, i.e., �"� � and �"� 
 , respectively. (For
a detailed comparison see [7].)

We repeated the experiments for the Landsat image data
set which contains 100,000 60-dimensional texture feature
vectors. Since the data set size is much larger, the page size is
taken as 8KBytes. In general, the speedups that are achieved
for this data set are better than the color histogram data set
and comparable with the time-series data set. The results
show that our clustering based technique maintains its supe-
riority also for large data sets. Figure 6 illustrates a sample
performance comparison of the VA � -file and our clustering
based technique for both metrics. For example, to achieve
'<; 
 � 
 , our clustering based technique reads an average of
��� pages where VA-file reads an average � M � pages. Sim-
ilarly, for ' ; 

� � � , the clustering based technique reads
an average of ��
 pages, where VA-file reads average of � � �
pages in each query. The speedup achieved for ' ; 
 � ��� is
M , and the speedup achieved for '<; 

� 
 is �"� � .

7 Discussion

In this paper, we developed a general framework for ap-
proximate nearest neighbor queries. We first categorized the
current approaches into two classes: Retrieved Set Reduc-
tion based techniques, which reduce the data set that needs
to be examined, and Representative Size Reduction based
techniques, which reduce the representation of each data ob-
ject. We developed two simple progressive approximate � -
NN techniques that are instances of these classes, i.e., search-
ing with partial sequential scan and searching on sub-vectors
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Figure 6. Comparison of time-accuracy performances of Clustering and VA � -file on Landsat data

based on KLT. In both approaches, a user can stop the re-
trieval process once enough information has been retrieved.
We then proposed a new technique that effectively combines
the advantages of the two class of approaches into a single
framework, i.e., reducing the size of the retrieved set and
feature vector sizes for efficient approximate searching. The
retrieved portion of data is reduced by using clustering (an
adaptation of K-means clustering), and the feature vectors
within a cluster are organized to support efficient interac-
tive approximate searching. Our cluster-based approach al-
lows a user to progressively explore the approximate results
with increasing accuracy. By evaluating these approaches in
the context of several real data sets, we first demonstrated
the feasibility and efficiency of approximate nearest neigh-
bor searching by using the main metrics discussed in the pa-
per. We then showed the superiority of the proposed cluster-
based technique over the current best techniques for approx-
imate searching. We performed experiments on several real
data sets and obtained significant speed-ups by using the pro-
posed cluster-based technique over current approaches.
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