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Abstract

K-Nearest Neighbor (k-NN) queries are used in GIS
and CAD/CAM applications to find the k spatial ob-
jects closest to some given query points. Most previous
k-NN research has assumed that the spatial databases
to be queried are local, and that the query processing al-
gorithms have direct access to their spatial indices; e.g.,
R-trees. Clearly, this assumption does not hold when
k-NN queries are directed at remote spatial databases
that operate autonomously. While it is possible to repli-
cate some or all the spatial objects from the remote
databases in a local database and build a separate in-
dex structure for them, such an alternative is infeasible
when the database is huge, or there are large number
of spatial databases to be queried. In this paper, we
propose a k-NN query processing algorithm that uses
one or more window queries to retrieve the nearest
neighbors of a given query point. We also propose two
different methods to estimate the ranges to be used by
the window queries. Each range estimation method re-
quires different statistical knowledge about the spatial
databases. Our experiments on the TIGER data allow
us to study the behavior of the proposed algorithm using
different range estimation methods. Apart from not re-
quiring direct access to the spatial indices, the window
queries used in the proposed algorithm can be easily
supported by non-spatial database systems containing
spatial objects.

∗This work is funded by the SingAREN Project M48020004

1 Introduction

1.1 Motivation

The Nearest Neighbor (NN) queries in spatial
databases refer to finding the spatial objects nearest to
some given query points. NN queries are used in a wide
range of applications, such as Geographic Informa-
tion Systems (GIS), Computer Aided Design (CAD),
computational biology, decision support, and pattern
recognition [27]. NN queries in spatial databases can
be classified into five major categories: simple k-NN
queries [2, 6, 8, 9, 17, 21, 22, 26], approximate k-NN
queries [3, 10, 14], reverse NN queries [20, 28], con-
strained k-NN queries [13], and k-NN join queries [16].
In this paper, we focus on simple k-NN queries. Given
a set of spatial objects denoted by S, and a distance
function d, a simple k-NN query for a query point q is
to find the k objects in S with smallest d(q, o), where
o ∈ S . The query result can be represented as

NN(q, k, S) = {o1, . . . , ok},

where d(q, oi) � d(q, o′) ∀i, 1 � i � k, oi ∈ S and
∀o′ ∈ S − {o1, . . . , ok}.

With the rapid growth of the World Wide Web
(WWW), large volume of spatial data are now avail-
able for access on the Web. For example, the Clear-
inghouse sponsored by the Federal Geographic Data
Committee (FGDC) is a collection of over 250 servers
that provides geospatial data on the Web [12]. While
some spatial data on the Web are stored in databases
managed by spatial database systems, a large propor-
tion of these data may still be stored in data files, or
SQL databases. The storage methods used affect the
way the spatial data can be queried. For example, for
spatial data stored in SQL databases, it is clearly not
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possible to adopt a k-NN query algorithm that requires
the use of a spatial index such as R-tree. Moreover,
to query spatial data on the Web, it is often neces-
sary to use some Web-based query interfaces such as
HTML forms. The Web-based query interfaces, unlike
spatial query languages, can only support very simple
spatial queries but not the complex ones including the
k-NN queries. Hence, in our research on evaluating k-
NN queries against remote spatial databases, we only
assume that the Web-based query interfaces support
window queries. A window query retrieves spatial ob-
jects within a given bounding rectangle also known as
the window. Window queries are relatively simple, and
can be easily supported by most Web-based query in-
terfaces.

In a literature survey, we found that almost all exist-
ing k-NN query algorithms require direct access to the
spatial indices. Therefore, they cannot be directly ap-
plied to remote spatial databases that do not support
remote index accesses. One may consider creating a
new local spatial index for all the data downloaded
from a remote spatial database and directly apply-
ing the existing algorithms. Such a strategy, however,
does not scale well for large numbers of remote spatial
databases and for remote spatial databases containing
large amount of data. It also violates the local auton-
omy of these databases. In other words, new strategies
for k-NN query evaluation are required.

1.2 Objectives and Contributions

The main objective of this research is to develop an
algorithm to evaluate k-NN queries on remote spatial
databases efficiently using window queries. When the
window used is just right, one expects exactly k nearest
spatial objects to be returned by the window query.
When the window used is loose, more than the required
k nearest neighbors will be returned. On the other
hand, when the window is tight, fewer than k nearest
neighbors will be returned.

We would like to propose the use of statistical knowl-
edge about the remote databases to derive the window
queries. The windows used in the window queries can
be obtained by different range estimation methods. We
would also like to evaluate the performance of our pro-
posed k-NN algorithm using different range estimation
methods.

The main contributions of this paper can be summa-
rized as follows. First, it presents a generic k-NN query
processing algorithm that can accommodate different
range estimation methods. Second, we have developed
two range estimation methods; namely, the density-
based method and the bucket-based method. Each

method requires a different type of summary knowl-
edge about the remote spatial database and it allows
us to derive the window queries. Lastly, the paper
describes a series of experiments conducted to evaluate
the performance of our proposed k-NN algorithm using
the two range estimation methods. To compare them,
we have adopted several performance metrics, such as
the iteration, efficiency and accuracy.

Apart from assuming that the remote spatial
databases support window queries, we have also as-
sumed that the statistical knowledge about each spa-
tial database can be made available. This assumption
requires cooperation from the spatial database own-
ers. While the assumption may not always hold, we
still adopt it for this preliminary work on k-NN queries
on remote spatial databases. We also believe that our
proposed methods can be further extended to handle
cases where such statistical knowledge cannot be pro-
vided by the database owners. For example, we can
adopt sampling to collect remote database information.
Nevertheless, these extensions of our range estimation
methods are beyond the scope of this paper. For sim-
plicity, we have also assumed that the spatial objects
are points in 2-D space. With some modifications, our
methods should be able to handle more complex spa-
tial objects and spatial objects in a higher dimensional
space.

1.3 Outline of the Paper

The remaining sections of this paper are organized
as follows. In Section 2, related work is presented. In
Section 3, we present a generic k-NN query process-
ing algorithm that can accommodate different range
estimation methods. In Section 4, two methods for
range estimation are proposed. Section 5 describes our
performance experiments and presents the results. Fi-
nally, we conclude the paper and highlight our future
research directions in Section 6.

2 Related Work

In this section, we survey existing research on k-NN
query algorithms. Since our work involves simple k-NN
queries, we have only examined work related to simple
k-NN queries [2, 6, 8, 9, 17, 21, 22, 26]. Algorithms for
simple k-NN queries may be divided into three major
groups: partition-based algorithms, graph-based algo-
rithms, and range-based algorithms.
Partition-based algorithms partition the space con-

taining spatial objects recursively to create spatial in-
dices such as quadtrees, K-D trees, and R-trees. The
algorithms retrieve the k nearest neighbors from the
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spatial indices by pruning away nodes that cannot lead
to the k nearest neighbors. In addition, cost models for
these algorithms are presented in [5, 25]. For example,
Roussopoulos et al. [26] proposed an algorithm using
the R*-tree [4] for simple 1-NN queries and the algo-
rithm can be generalized to handle k nearest neighbors.
The algorithm was further extended to reduce more
unnecessary disk accesses by Hjaltason and Samet [17].
On the whole, the above partition-based algorithms can
be very efficient but they cannot be adopted for query-
ing remote spatial databases on the Web. As integral
components of spatial database systems, spatial indices
are usually not available to non-local applications. The
partition-based algorithms are also not applicable to
spatial data managed by non-spatial database systems.

Graph-based algorithms pre-calculate the nearest
neighbors of spatial objects and create new index struc-
tures for the pre-calculated nearest neighbor informa-
tion for efficient search [5]. Examples of such algo-
rithms include the RNG* algorithm [2] and the algo-
rithms using Voronoi diagrams [7, 11]. For example,
one can first derive the Voronoi diagram for a given
set of spatial points followed by indexing the cells in
the Voronoi diagram. Given a query point q, finding
the nearest neighbor can be simplified to finding the
Voronoi cell that contains q. Although graph-based
algorithms are very efficient and can be extended to
support k-NN queries, they again requires some spa-
tial index to be maintained for the collection of cells.
The index may also occupy much storage space. Hence,
these algorithms are not feasible in the Web environ-
ment.

Range-based algorithms refer to using range queries
to retrieve k nearest neighbors. Lang et al. [21] pro-
posed an algorithm for transforming a k-NN query into
at most two range queries. The first range query is ob-
tained by estimating the required range using sampled
spatial data and fractal dimensionality [23] of spatial
objects. If the k nearest neighbors are found, the goal
is achieved. Otherwise, the second range estimation is
needed. The second range is defined as the distance
between the query point and the kth nearest neighbor
within the index leaf nodes accessed during the first
range query. This method, however, still need to access
the underlying spatial index. Papadopoulos et al. [24]
presented alternatives in answering k-NN queries by
using range queries in a parallel environment (i.e., spa-
tial objects are stored in a spatial index and the whole
index is distributed over a number of servers). Their
work, motivated by [26] and to exploit parallelization
as much as possible, also assumes that the spatial in-
dex is accessible. Ciaccia et al. [9] employed the rel-
ative distance distributions of several “witnesses” se-

lected in some way among spatial objects to estimate
the range. Yu et al. [22] transformed k-NN queries to
one-dimensional range queries by partitioning spatial
objects, selecting a reference point for each partition,
and using B+-tree to index distance between spatial
objects and their corresponding reference point. Both
Ciaccia’s and Yu’s methods approximate the range by
employing some sampled spatial objects. However, de-
termining the sample size and selecting samples of spa-
tial objects properly are still a challenge, and improper
sampling will result in too much inaccuracy in estimat-
ing the data distribution, and/or storage overhead.

Compared with the above three types of k-NN algo-
rithms, our proposed solution does not rely on access to
the spatial index of the databases. Our density-based
method derives some statistical knowledge about the
distribution density of a set of spatial objects. The
storage requirement of the statistical knowledge re-
quired is much smaller than that of the spatial indices
used in the above k-NN algorithms. In [1, 18, 19, 29],
various two-dimensional histograms have been pro-
posed to estimate the selectivity of range queries. Our
bucket-based range estimation method is very much
inspired by their work.

3 k-NN Query Algorithm based on
Range Estimation

In this section, we will outline our proposed algo-
rithm for k-NN queries. Unlike the other algorithms,
our algorithm transforms a k-NN query into one or
more window queries without using any spatial in-
dex. The window used in a window query can be
represented by [(xl, yl), (xu, yu)], where (xl, yl) and
(xu, yu) refer to its lower-left and upper-right corners
respectively. Given a set of spatial objects denoted by
S and a window w, a window query about w refers to
finding all spatial objects in S located in w [15]. The
window query result can be represented as{

o ∈ S | (xl ≤ o.x ≤ xu) ∧ (yl ≤ o.y ≤ yu)
}
.

Ideally, we would like to retrieve exactly k nearest
neighbors for a given query point by retrieving all spa-
tial objects within a circle with the query point as the
center and the distance between the query point and
the kth nearest neighbors as the radius. Since our spa-
tial databases are assumed to support window queries
but not circle queries, we approximate a circle query by
defining a window query with a window that inscribes
the circle as illustrated in Figure 1.

Our proposed k-NN query algorithm is shown in Fig-
ure 2. This algorithm is designed to be generic enough
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Figure 1. Example of Window Query

to accommodate different range estimation methods.
At line 1, the ESTIRANGE1 function first estimates the
range (or radius) of the circle query to retrieve the
k nearest neighbors of a given query point. The al-
gorithm then derives the window query from the es-
timated range and evaluates the window query. The
window query result is inserted into rlist at line 3. At
line 4, we create an empty priority queue nnqueue of
size k to maintain the k nearest neighbors. Only those
spatial objects with a distance from q that is not larger
than range are inserted into nnqueue from lines 6 to
12. For example, in Figure 1, p4 will not be inserted
into nnqueue because it is not within the circle with
the query point as the center and r as the range. At
line 13, count represents the number of nearest neigh-
bors retrieved so far. If count is larger than or equal to
k, all the k nearest neighbors would have been found
and stored in nnqueue. Otherwise, more nearest neigh-
bors have to be obtained by expanding the range. The
expanded range can be computed from the current win-
dow and count using the ESTIRANGE2 function at line
14. With a revised range, a new window query is eval-
uated against the spatial database. The whole process
ends when all the k nearest neighbors are found.

Depending on the number of window queries re-
quired to retrieve all k nearest neighbors, this generic
k-NN algorithm may involve one or more iteration.
We say that a range estimation method is loose
when the range given by the ESTIRANGE1 function is
large enough to cover all the k nearest neighbors, and
ESTIRANGE2 is not required at all. On the other hand,
we say that a range estimation method is tight when
the ESTIRANGE1 function may return less than k near-
est neighbors. Hence, the ESTIRANGE2 function may
be invoked to derive the revised range(s) to be used in
the second or further window queries.

KNNQUERY(k, q)

Input:
required number of nearest neighbors k
query point q

Output:
k nearest neighbors nnqueue

01 range ← ESTIRANGE1(k, q)
02 window ← [(xq − range, yq − range), (xq +
range, yq + range)]
03 rlist ← WINDOWQUERY(window)
04 nnqueue ← NEWPRIORITYQUEUE(k)
05 count ← 0
06 for each object in rlist do
07 distance ← DIST(object, q)
08 if distance ≤ range then
09 ENQUEUE(nnqueue, (object, distance))
10 count ← count+ 1
11 endif
12 enddo
13 while count < k do
14 range ←ESTIRANGE2(k, q, window, count)
15 window ← [(xq − range, yq − range), (xq +
range, yq + range)]
16 rlist ← WINDOWQUERY(window)
17 count ← 0
18 for each object in rlist do
19 distance ← DIST(object, q)
20 if distance ≤ range then
21 ENQUEUE(nnqueue,(object,distance))
22 count ← count+ 1
23 endif
24 enddo
25 enddo
26 return nnqueue

Figure 2. k-NN Query Algorithm

4 Range Estimation Methods

In this section, we will present two different range
estimation methods; namely, density-based and bucket-
based methods. The first method yields tight ranges,
and the second one yields loose ranges.

4.1 Density-Based Method

Density-based range estimation method is based on
uniform distribution assumption. This method re-
quires only a very simple piece of statistical knowl-
edge about a spatial database; i.e., the density of
the database. Given a database of spatial objects,
we define the minimum bounding box (MBB) of the
database as the minimum rectangle containing all the
spatial objects. The density of the database, de-
noted by D(MBB), is defined as N

Area(MBB) where
N is the total number of spatial objects. Given k
and a query point q, the density-based range esti-
mation method computes the first range estimate by
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ESTIRANGE1(k, q)

Input:
required number of nearest neighbors k
query point q

Output:
estimated range r

01 r ←
√

k
πD(MBB)

02 return r

ESTIRANGE2(k, q, window, count)

Input:
required number of nearest neighbors k
query point q
previous window window
the number of nearest neighbors retrieved so far count

Output:
estimated range r

01 if count == 0 then
02 r ← 2× (window.xu−window.xl)

2
03 else
04 D(window)←

count
(window.xu−window.xl)×(window.yu−window.yl)

05 r ←
√

k
πD(window)

06 endif
07 return r

Figure 3. Density-based Range Estimation
Method

r =
√

kArea(MBB)
πN =

√
k

πD(MBB) . The corresponding
ESTIRANGE1 function is shown in Figure 3. Given the
range, the window used in the first window query is
[(xq − r, yq − r), (xq + r, yq + r)].

The above range estimate is not loose, and the cor-
responding window query may return less than k near-
est neighbors. When that happens, further refinement
on the range estimate is required. If the first window
query does not return any spatial objects, we simply
double the original range r. Otherwise, we compute
the density of spatial objects within the window and
derive the next range estimate by the new density infor-
mation. Let D(window) be the density of the window
used in the last window query, the new range estimate
is derived by

√
k

πD(window) . The corresponding range
estimation function ESTIRANGE2 is shown in Figure 3.

The above density-based range estimation method
demonstrates some important features. Firstly, the
space required to store the density information takes
only several bytes. Thus, the space complexity is O(1).
Secondly, every time a new range estimate is required;
it is derived from the density of the window used in
the previous window query. This range estimation

method further guarantees that the estimated range
increases monotonically. The upper bound on the num-
ber of times the range estimation functions are called
(or number of window queries) for a k-NN query can
be determined using the following theorem.

Theorem 1 Let the MBB of a spatial database that
contains N spatial objects be [(xl, yl), (xu, yu)]. As-
sume that the query point q is inside the MBB. In or-
der to retrieve k nearest neighbors, the upper bound on
the number of times the range estimation functions are
called (denoted by Imax) for the density-based method
is

Imax =




⌈
ln rmax−ln r0

ln 2

⌉
+ 1 if k = 1;

⌈
ln rmax−ln r0

ln
√

4k
π(k−1)

⌉
+ 1 if k > 1.

where

r0 =

√
k(xu − xl)(yu − yl)

πN

and
rmax =

√
(xu − xl)2 + (yu − yl)2.

Proof:
According to the given conditions, the first range, de-
noted by r0, estimated by ESTIRANGE1 is

r0 =

√
k

πD(MBB)
=

√
k(xu − xl)(yu − yl)

πN
.

The function ESTIRANGE2 always returns a range
value (denoted by ri) that is larger than the previous
range (denoted by ri−1). That is,

ri =




2ri−1 if count = 0;

√
4k

π×countri−1 if 0 < count ≤ k − 1.

The maximum value for ri, denoted by
rmax, is the length of the MBB’s diagonal,√

(xu − xl)2 + (yu − yl)2. For any query point
inside the MBB, the window query with the range
rmax will retrieve all the spatial objects including the
k nearest neighbors.

There are two cases to be considered for calculating
Imax. Consider the first case when k = 1. The max-
imum number of calls to the range estimation func-
tions is achieved when the last window query retrieves
the nearest neighbor with a range not less than rmax

and the previous window queries retrieve none; i.e.,
count = 0. In other words, ESTIRANGE1 is called
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once, while ESTIRANGE2 is called Imax − 1 times with
count = 0. That is, Imax should be the smallest integer
such that

rmax ≤ 2Imax−1r0

Hence,

Imax =
⌈
ln rmax − ln r0

ln 2

⌉
+ 1, if k = 1.

Consider the second case when k > 1. To have
maximum number of calls to ESTIRANGE2, ri should
increase with the smallest rate. This is achieved when√

4k
π×count is as small as possible. In other words, the

value of count need to be k − 1. The range ri will
therefore increase at the smallest rate of

√
4k

π×(k−1) .
Then we can derive Imax as the smallest integer such

that:

rmax ≤
(√

4k
π(k − 1)

)Imax−1

r0

Hence,

Imax =




ln rmax − ln r0

ln
√

4k
π(k−1)


 + 1, if k > 1.

4.2 Bucket-Based Method

In the bucket-based range estimation method, we
use summary information about partitions or buckets
of spatial objects to estimate ranges. Buckets are cre-
ated by dividing the entire space into different groups
[1]. For each bucket, we maintain its minimum bound-
ing box (MBB) and the total number of spatial objects
inside the bucket.

In [1], Acharya et al. proposed four strategies to cre-
ate buckets. They are the Equi-Count, Equi-Area,Min-
Skew and Min-Overlap partitioning strategies. The
Equi-Count partitioning strategy creates buckets con-
taining roughly the same number of spatial objects.
The Equi-Area partitioning strategy creates buckets
with MBBs having the same area. The Min-Skew par-
titioning strategy divides spatial objects into buckets
such that each bucket contains uniformly distributed
spatial objects. The Min-Overlap partitioning strat-
egy is derived from R*-tree [4] and it creates buckets
that have minimal overlaps among them.

Our bucket-based range estimation method may
adopt any of the above partitioning strategies. In our
experiments, we have implemented the Equi-Area par-
titioning strategy. As shown in Figure 5, the range esti-
mation method first calculates the maximum distance

),( qq yx

B1

B3

B2

B4

MaxDist

q

Spatial Object

Query Point

Legend:

Bucket

Figure 4. Example of Bucket-based Range Es-
timation Method

between the query point and each bucket from lines 1
to 3. The maximum distance here is defined as the
farthest distance between the query point and the MBB
of the bucket. Afterwards, we sort the buckets by their
maximum distances in ascending order at line 4. From
lines 7 to 13, the method finds the first few buckets in
the ordered list that can return k or more spatial ob-
jects. For example, as shown in Figure 4, the buckets
are sorted by their maximum distance in the following
order: B4, B1, B2, B3. Suppose k is 4. B4 and B1
together return 7 spatial objects while B4 only returns
3. Hence, the estimated range is assigned the maxi-
mum distance between B1 and query point. It is quite
obvious the bucket-based range estimation method is
loose since it always provides an estimated range that
covers all the k nearest neighbors. The ESTIRANGE2
function is therefore not required.

The performance of the bucket-based range estima-
tion method is affected by the distribution of spatial
objects in the buckets and the number of buckets. If
the number of buckets is too small, it will likely over-
estimate the range leading to the retrieval of many un-
wanted spatial objects. While more buckets will yield
better performance, it will require more storage over-
head. Suppose we need 16 bytes to store both the
upper-right corner and lower-left corner of the MBB
of a bucket, and 4 bytes to store the number of spa-
tial objects within the bucket (i.e., bucket.count). The
storage space required to store all the bucket informa-
tion is 20NB , where NB is the total number of buckets.
Hence, the space complexity is O(NB).

Proceedings of the 14th International Conference on Scientific and Statistical Database Management (SSDBM’02) 
1099-3371/02 $17.00 © 2002 IEEE 



ESTIRANGE1(k, q)

Input:
required number of nearest neighbors k
query point q

Output:
the estimated range r

01 for each bucket in the BucketList do
02 bucket.maxdist ← MAXDIST(bucket, q)
03 enddo
04 BucketList.sort() // sort buckets by the
maximum distance to q
05 count ← 0
06 maxdist ← 0
07 for each bucket in the BucketList do
08 count ← count+ bucket.count
09 maxdist ← MAX(maxdist, bucket.maxdist)
10 if(count >= k) then
11 break
12 endif
13 enddo
14 return maxdist

Figure 5. Bucket-based Range Estimation
Method

5 Experiments

In our experiment, we used the NJ Road dataset
from TIGER [30]. This dataset contains the road data
for the state of New Jersey in the line segment for-
mat. In our experiments, we calculated the centroid of
each line segment, and randomly selected almost 5,000
points among all centroids. The selected centroids are
shown in Figure 6. The latitude and longitude of the
original centroids were shifted for the computational
convenience.

To measure the performances of our methods, we
adopted three measures; namely, iteration, average ac-
curacy, and average efficiency [31]. Iteration refers
to the number of window queries needed to obtain all
k nearest neighbors. Average accuracy refers to the
average ratio of the number of actual nearest neigh-
bors retrieved to k in each window query. Math-
ematically, accuracyavg =

∑ iteration
i=1 accuracyi

iteration , where
accuracyi = nni

k (nni denotes the number of actual
nearest neighbors retrieved in the ith window query).
Average efficiency is the average ratio of the number
of actual nearest neighbors retrieved to the number of
spatial objects retrieved in each window query. For-
mally, efficiencyavg =

∑ iteration
i=1 efficiencyi

iteration , where effi-
ciency i = nni

oi
(oi denotes the number of spatial objects

retrieved in the ith window query). For some window
queries that do not return any spatial objects, their ef-
ficiency is undefined and hence excluded from the com-
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Figure 6. NJ Road Dataset

Iteration k
1 5 10 15 20 25 50

minimum 1 1 1 1 1 1 1
maximum 8 7 7 6 6 6 5
upper bound 9 20 25 26 27 27 26

Table 1. Minimum, Maximum and Upper
Bounds on the number of Iterations for
Density-based Method

putation of the average efficiency measure. Ideally, all
the measures are 1. If a method requires fewer itera-
tions to retrieve k nearest neighbors and the average
accuracy and efficiency are high, this method is con-
sidered good.

In our experiments, we used different k values,
k ∈ {1, 5, 10, 15, 20, 25, 50}. We randomly selected 100
points in the space as query points. For each k, the
average of the three measures (i.e., iteration, average
accuracy and average efficiency) were taken for the
100 query points. In addition, for the bucket-based
method, we only calculated average efficiency. Other
measures are omitted since the method uses loose range
estimation (i.e., iteration = 1, and accuracyavg = 1).

Figures 7 to 9 depict the performance results of the
k-NN query algorithm using density-based and bucket-
based range estimation methods. For the bucket-based
method, we experimented with different bucket num-
bers; i.e., 64, 100, and 256.

As shown in Figure 7, the k-NN query algorithm
based on density-based range estimation method re-
quires fewer number of iterations (window queries) for
each k-NN query as k increases. When k = 1, an av-
erage of about 4.25 iterations (window queries) are re-
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Figure 7. Number of Iterations for Density-
based Range Estimation Method

quired. The number of window queries drops to about
3 when k = 50. This suggests that the density-based
method works better for larger k’s. In Table 1, the min-
imum and maximum numbers of iterations for each k
value are given. The maximum number of iterations
among all the k-NN queries ranges from 5 to 8. Us-
ing Theorem 1, we derived the upper bounds on the
number of iterations and show them in Table 1. It was
encouraging to see the maximum numbers of iterations
occurred during our experiments stayed well within the
upper-bounds.

Figure 8 shows the accuracy of k-NN query algo-
rithms based on density-based method. The average
accuracy ranges from 0.43 (when k = 1) to 0.58 (when
k = 50). Again, the density-based method delivers
better performance for larger k. To give an idea how
the density-based method performs in the first window
query, we also showed the average accuracy for the first
window query (accuracyfirst) in the figure. The figure
shows that the accuracy of the first window query is
about 0.2 lower than the average of all window queries.
On average, about 25% of the k-NN queries got the
nearest neighbors for k = 1. As k approaches 50, the
first window query returns on average more than 35%
of the nearest neighbors.

In Figure 9, we observe that both the density-based
and bucket-based methods improve their efficiency as
k increases. The figure also depicts that the density-
based method has a better efficiency. Efficiency is a
measurement of the proportion of nearest neighbors
in the spatial objects returned by the window query.
The figure suggests that the bucket-based method al-
ways over-estimates the ranges required to find nearest
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Figure 8. Accuracy for Density-based Range
Estimation Method

neighbors as it uses only one window query for each
k-NN query. On the other hand, the density-based
method usually gives much smaller ranges for the win-
dow queries. The figure, in some way, surprised us as
the efficiency of the density-based method was lower
than our original expectation. Due to its conservative
approach of increasing the window size, we expected
perfect efficiency (i.e., 1) for the density-based method
for its first few window queries. After a more detailed
investigation, we realized that the efficiency of some ini-
tial window queries of the density based method could
be zero as some window queries retrieved spatial ob-
jects (some may qualify as nearest neighbors) which are
not within their corresponding circular ranges. Since
the k-NN algorithm can only consider objects within
these circular ranges as nearest neighbors, such window
queries will have zero efficiencies. Since density-based
range estimation method only returns all the k nearest
neighbors in the last iteration, we also computed the ef-
ficiency of the last iteration (denoted by efficiency last)
for the density-based method as shown in Figure 9.
The efficiency of the last iteration (window query) for
the density-based method is clearly better than that of
bucket-based method although the gap between them
becomes closer as k increases.

6 Conclusions

In this paper, we describe a window query approach
to evaluate k-NN queries on remote spatial databases.
Our research has been motivated by the large amount
of spatial information on the Web and their limited
query interface. While most existing k-NN research as-
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sumes direct access to the indices of spatial databases,
we have adopted a less intrusive approach to evaluate
k-NN queries.

We have described a k-NN query algorithm that in-
corporates different range estimation methods for de-
termining the window queries to be used for the re-
mote databases. We have also proposed the density-
based and bucket-based range estimation methods, and
conducted experiments to evaluate their performance.
Our experiments have shown that the k-NN query al-
gorithm based on both range estimation methods im-
proves as k increases. While the density-based method
has better efficiency, it requires an average of 3 to 4
window queries to find all the nearest neighbors.

In the following, we outline two interesting topics
for future research. These include:

• Extending our range estimation methods with
sampling techniques. At present, our range esti-
mation methods depend on statistical knowledge
provided by the database owners. Although this is
less intrusive compared with the k-NN algorithms
using indices, it is still not good enough in the
realistic environment. We therefore plan to inves-
tigate how the statistical knowledge can be auto-
matically constructed using sampling techniques.

• Developing strategies to select the appropriate
range estimation methods for evaluating k-NN
queries. The density-based and bucket-based
methods are only the first two range estimation
methods proposed so far. We anticipate more
range estimation methods could be developed in
the future. It is therefore important to study how

the different methods should be chosen for a given
remote spatial database.
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