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Abstract
In this paper, we propose an &cient solution to the problem
of nearest neighbor query processing in decluste red spatial
data. Recently a branch-and-bound nearest neighbor finding
(BB-NNF) algorithm has been designed to process nearest
neighbor queries in R-trees. However, this algorithm is
strictly serial (branch-and-bound
oriented) and its performance degrades if applied to a parallel environment,
since it does not exploit any kind of parallelization.
We
develop an eEicient query processing strategy tir parallel
nearest neighbor finding (P-NNF), assuming a shared
nothing multi-processor architecture, where the processors i
communicate via a network. In our method, the relevant :
sites are activated simultaneously.
In order to achieve
this goal, statistical information is used. The dTiciency
mcasurc is the response time of a given query. E2cperimental
results, based on real-life and synthetic datasets, show
that the proposed method outperforms the branch-andbound method by factors.
We focus on Zd space but
generalizations to higher dimensions are straightforward.
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Introduction

Spatial data management is an active area of research
over the past ten years [SameSO, Laur92, Guti94].
Research interests focused mainly on the design of
robust and efEcient spatial data structures [Gutt84,
Henr89, Guen89, BeckSO, Kame94], the invention of
new spatial data models [Laur92], the construction
of effective query languages pgen94] and the query
processing and optimization of spatial queries [Aref93,
Brin93, Papn96a].
Although nearest neighbor queries are very fiequent, research on R-trees focused mainly on range
queries page93, Kame93, &I941 and spatial join queries
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[Brin93, LoRa94, Belu95]. Recently a branch-andbound algorithm based on I&trees has been developed,
in order to answer efficiently nearest neighbor queries
[Rous95]. In this paper, we show that this algorithm is
not suitable for parallel environments and we propose an
efficient strategy (Parallel Nearest Neighbor Finding)
to process nearest neighbor queries in declustered spatial data, organized in distributed R-trees.
Data declustering is a technique used to achieve
parallelization in parallel and distributed databases
pald91, DeWi92] and a lot of work has been performed
on the area.
From the access method point of
view, research performed on data declustering includes:
pa1911 where a cartesian product file is declustered
into a set of disks using error correcting codes, pa1931
where a cartesian product fle is partitioned using the
Hilbert space filling curve, [Ciac96], [Zhou94] where new
declustering techniques for grid file parallclizatiou are
proposed, and [Koud96] where an &tree is declustered
in a multi-processor multi-disk architecture.
From another point of view, we distinguish previous
work iu two different declustering strategies:
l

l

multi-disk declustering Fal91, Gme92, Fa193] where
the dataset is partitioned into sets and each set of
objects is stored in a different disk device. Usually
the disks are attached to a single processor, and
multi-processor multi-disk declustering [Iioud96]
where each set of objects is assigned to a different
processor which manages his own disk device(s).

In this paper, we focus on multi-processor multi-disk
architectures and we study the processing of nearest
neighbor queries iu declustered l&trees, assuming an
environment such as iu boud96]. More details about
the data organization iu such an environment nre
presented in a subsequent section.
A very important research direction is the cst,iniation
of t,he performance and the selectivity of a query.
In other words, given a query, the problem is to
estimate the response time (performance) (and the
fraction of the objects that fulfil tile query versus

the total nun1ber of objects (selectivity).
Of course,
we want this information available prior to query
processing, so that the query optimizer will determine
an efficient access plan. We show how we can estimate
the performance of nearest neighbor queries based on
statistical information.
Then, we use this estimation
in order to proceed with the parallel processing of the
query in declustered data efficiently.
The rest of the work is organized as follows. In the
next section we present the appropriate background
on the R-tree family of spatial data structures and
on declustering spatial data.
Section 3 describes
shortly the branch-and-bound algorithm of [Rous95]
and presents the proposed method for parallelizing
nearest neighbor query processing in detail. In Section 4
we give the experimental results and finally iti Section 5
we conclude the paper and motivate for future research
on the area.

2

Background

2.1 R-trees
The R-tree [Gutt84] is a hierarchical, height balanced
data structure (all kaf nodes appear at the same
level), designed for use in secondary storage, and it
is a generalization of the B+-tree for multidimensional
spaces. The structure handles objects by means of
their conservative approximation. The niost simple and
wide1.y used conservative approximation of an object’s
shape is the Minimum Bounding Rectangle (MBR).
Each node of the tree corresponds to exactly one
disk page. Internal nodes contain entries of the forn1
(R,child-ptr),
where R is the MBR that encloses all the
MBRs of its descendants, and child-p27 is the pointer to
the specific child node. Leaf nodes contain entries of the
where R is the MBR of the object,
form (R,object-ptr)
and object-ptr is the pointer to the objects detailed
description. Since MBRs of internal nodes are allowed
to overlap, we may have to follow nlultiple paths from
root to leaves when answering a query. This inefficiency
triggered the design of the Rt-tree [Se11871which does
not permit overlapping MBRs of the nodes.
One of the most important factors that affects
the overall structure Performance is the node split
strategy used. In [Gutt84] three split policies has been
reported, namely exponential, quadra.tic and linear.
More sophisticated policies that reduce the overlap of
MBRs have been reported in [BeckSO] (the R*-tree) and
in FLtme94] (the Hilbert R-tree). Finally, some R-tree
variants have been reported to support a static or a
nearly static database. If the objects composing the
da&pace are lmown in advance, we can apply several
packing techniques, based on the spatial proximity of
the objects, in order to design a more efficient data
structure
Packing techniques have been reported in
[R01~85, Kame93].
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In this paper, we base our work on the packed R
tree of Kxmel and FUoutsos Fame93]. In this vari,ant,
the Hilbert value of each data object is calculated and
the whole dataset is sorted. Next, the leaf level of t.he
tree is formulated by taking consecut.ivc ol,jccts (with
respect to the Hilbert order) and storing them in one
data page. The same process is repeated for the upper
levels of t,he str11ctnre. The derived R-t,ree has Eitt,le
overlap and square-like MBRs, both being reasonable
properties of a “good” R-tree pame93, Fal94. Theo96].
2.2

Declustered

Data

Here, we review the R-tree declustering strateg:y of
[Eioud96] iti a multi-processor multi-disk environment.
The system architecture is conlposed of a master pro
cessor (primary site) and a number of slave proces,sors
(secondary sites). All sites communicate via <anethcrnet network. The allocation of pages t,o sites is cxe:fnlly
performed, in order to achieve efficiency in range query
processing. The leaves and the corresponding data. objects are stored in the secondary sites, whereas the upper
tree levels are maintained in the prim<ary site. Since, the
upper levels occupy rclativcly little space, they can be
kept in main memory.
Given that the dataset is lmown in advance, Ko.udas
et. al. suggest sorting the data with respect to the
Hilbert values of the MBRs’ centroid. Then, the leaf
tree level is formed, and the assignment of leaves to sites
is performed m a round-robin manner. This 1nethod
guarantees that leaves that contain objects close in
the address space will be assigned to different sites,
thus incrensing the parallelization during range query
processing. Iu Figure 1 we present a way to declustcr
an R-tree 3 in sites, one primary and two secondary.

Figure 1: Declustering an R-tree over three sites.
This architecture is very robust with very good
performance in range query processing. Also, since it
is based on the shared nothing model it scales better
to large number of sites than shared disk nntl shred
nicmory do. We base our work in this Carchitecture

in order to study parallelization in nearest neighbor
queries. Other architectures and network topologies
could also be considered equally well.
3

Processing

Nearest

Neighbor

Queries

3.1 The Branch-and-Bound
(BB-NNF)
Method
ln this subsection, we review the branch-and-bound
algorithm reported in [Rous95], for answering nearest
neighbor queries in R-trees. ln order to find the nearest
neighbor of a query point, the algorithm starts form the
root of the R-tree and proceeds downwards. The key
idea of the algorithm is that many branches of the tree
can be discarded according to some basic rules.
Two basic distances are defined in n-d space, between a point P with co-ordinates (pi ,p2, .. ..p.,) and
a rectangle R with (bottom-left and top-right) corners
having coordinates (sr , ~2, .. . . s,) and (tr ,t2, . .. . tn) respectively. These distances correspond to an optimistic
and a pessimistic approach for the nearest object distance respectively. Two definitions ([Rous95]) follow:
Definition

1

The distance

Figure 2: MINDIST
(solid lines) and MINMAXDIST
(dotted lines) between a point P and two rectangles RI
and R2.
used br pruning the search in the R-tree follow. Note
that these rules are applied for Ic = 1 (i.e. only one
nearest neighbor is required).
Rule 1

MINDIST(P,

R) of a point

P from

a

rtxtangle R, ia defined (ISfollows:
MINDIST(P,

e

R) =

If an MBR

R has MINDIST(P,R)

greater

than the

MIIVMAXDIST(P,
R’) of another MBR R’, then it
is discarded because it mnnot enclose the nearest neighbor of P.

Ipj - rj I2

j=l

0

Rule 2
If an actual distance d firn
P to a given object, is
greater than the MINMAXDIST(P,R)
of P tc an
MBR R, then d is replaced with MINMAXDIST(P,
R)
0
becauseR contains an object which is closer to P.

where:
Pj < sj
Pj > tj

otherwise

Definition

since it guarantees that the nearest neighbor of P lies in
a distance 5 MINMAXDIST.
The above definitions
are shown graphically in Figure 2. The three basic rules

Rule 3
If d is the current

2

The distance MINMAXDIST(P,
R) of a point P from
a rectangle R, is defined as follows:
MINMAXDIST(P,

R) =

- rmt/2 + C IPj - rMj12)
l$jjn
J#k

l<*n(lPk

- -

where?
rmk

TMj

=

=

Sk,

pk 5

tkr

otherwise
2

9

Sj !

pj

tj,

otherwise
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Clearly, MINDIST
is the optimistic metric, since it
is the minimum possible distance that the nearest neighbor of P can reside in the corresponding page. On the
other hand, MINMAXDIST
is the pessimistic metric,

minimum distance, then all MBRs
Rj with MINDIST(P,
Rj) > d are discarded, because
cl
tiey cannot enclose the nearest neighbor of P.

Upon visiting an internal node of the tree, Rules 1
and 2 are used in csder to discard irrelevant branches.
Then, a branch is chosen according to a priority order.
Roussopoulos et al. suggest that when the overlap is
little, the MINDIST
order should be used since it
would discard more candidates. This is also verifiecl in
the experimental results of their work. Therefore, the
branch which corresponds to the minimum MIMDIST
among all node entries is chosen. Upon returning from
the processing of the subtree, Rule 3 is applied in order
to discard other candidates (if there are any).
In order to process general Ic nearest neighbor queries,
an ordered sequence of the current Ic most promising
answers needs to be maintained and the pruning of
the MBRs is performed with respect to the furthest
distance. h MBR is discarded if its MINDIST
from
the query point is greater than the nct,ual distance from

the query point to its ff-th nearest neighbor.
3.2

Performance

Estimation

In this subsection we show how we can estimate the
number of leaf accesses involved due to the processing
of a /z nearest neighbor query. In papa96b] we gave
average upper and lower bounds in the number of leaf
accesses for 1 nearest neighbor queries only, assuming
that the query points are allowed to ‘land” on actual
data points only. In this paper, the query model differs
and assumes a uniform distribution of the query points
over the whole address space. The latter model, even
if it does not reflect reality always, it is used by many
researchers in the access methods area Fal94, Kame94,
Theo96]. Here we try to estimate this number as precisely as possible, using statistical information that we
assume are available. The estimation of the number
of leaf accesses is based on the following basic observation to which we have come up after conducting a series
of experiments. The analytical derivation of a closed
formed fbrmula in order to verify the validity of this observation is an issue for further research.

a,

(a) Long Beach (LD)
53.145 Road Scgmcnts Centroids

Figure 3: Measured (solid lines) and Estimated (dashed
lines) number of leaf accesses versus the mrmbcr k of
requested nearest neighbors.
be adjusted by the statistical module. In our framework
we used the values 61 = 10 and kz = 500.
The graphs of Figure 3 show the measured and
estimated number of leaf accesses versus the number
k of nearest neighbors. We have used real-life data
from the TIGER project pigcr94] (LB set) and the
Sequoia 21100benchmark [Ston93] (CP set). Also, we
have used synthetic datasets based on uniform (SU set)
and ;sipfian (SZ set) distributions. For each graph 100
nearest neighbor queries were generated uniformly over
the dataspace and the average number of leaf accesses
was calculated. It is evident t,hat the approximation
is reasona’bly accurate (the maximum and mean errors
are nround 20% and 10% respectively) and therefore it
can be used for estimation purposes. We also studied
a regression based approximation using several sample
values of k (ICI, k2, ... . k,). Although a more accurate
estimation was obtained, the practical impact on the
performance of the proposed algorithm (subsection 3.3)
was negligible.

Basic Observation
If ihe query points follow a uniform distribution
cwe~
the dataspace, then the average number of R-tree kaf
accesses involved when we process a k nearest neighbor query, in an R-tree spatial data stmcture, using tie
branch-and-bound algorithm, grows almost hnearly un’th
0
respect ti k.

This property allow us to approximate the expected
number of leaf accesses using a linear equation of the
form:
F(k)

= a*k+b

(1)

where k is the number of nearest neighbors, F(k) the
cxpectcd number of leaf accesses, a tile slope of the
curve and b a constant.
The main problem is to
calculate a and b. We can base the calculation on
statistical information available. Let us assume that
we have the expected mimber of leaf accesses F(ki)
and F(k2) for kl and kz nearest neighbors, respectively.
Then it is clear that:
CL=

3.3

F(kz) - F(h)
k2 - k1
- a * k1

The Parallel
Nearest
(P-NNF)
Method

Definition

Neighbor

Finding

3

The $lASl1IST
distance between a query pint
an MBR R, is the distance from P tn the furthest
of R and qua/s:

and
b = F(kl)

6) &I m Irn 110 10 160 m an

(3)

Using sample values for ICI and k2 we cm measure the
values F(kl) and F(kz). From Equations (2) and (3) WC
obt.sin the Aues for a and b respectively. Substituting
in Equation (1) we have a formula to estimate the
expected number of leaf accesses. The values ICI aud
kg can be selected by the database administrator or can
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MAXDIST(P,

R) =

P and
vertex

where:

in the available secondary sites. In this step no data
pages are visited.
Step 2
Assume that the internal node we have reached iu
Step 1 contains E entries whereas each data page
contains 0 objects. Thus, from the latter internal
node we can access E * 0 objects. Without loss
of generality, suppose /C < E * 0. Then, it is
necessary to Forda distance d from the query point P
that will guarantee the containment of all relevant.
answers. These E MBRs are sorted with respect
to tile MAXDIST
from the query point and the
distance d is set to the MAXDIST
of the [$Ith MBR out of the E MBRs. A range query is
performed iu the R-tree, using the circle with center
P and radius d and a set of data page MBRs is
collected. If k > E * 0, then other internal nodes of
the last internal level are required in order to adjust
d properly. Again, no data pages are visited, because
the circular query stops at the last internal Rtree
level.

0

To distinguish between the three distances (MINDIST,
MINMAXDIST
and MAXDIST)
we present an example in Figure 4.

Figure 4: MINDIST
(solid lines), MINMAXDIST
(dotted lines) and MAXDIST
(dashed lines) between
a point P and two rectangles RI and R2.
The main goal of the proposed method is to determine the secondary sites that are going to be activated
simultaneously. The algorithm comprises of three different steps. First, we start at the primary site and we
traverse the R-tree with respect to the MINDIST
measure from the query point, until the final internal level of
the tree (the “father” level of the data pages) is reached.
In the second step, a radius d is determined which guarantees that all the qualifying objects (and other objects
as well) are falling in the circle with center the query
point and radius d. Then, a range query is performed
with respect to this circle and a set of data pages MI3R.s
is gathered, by inspecting the MBRs of the last internal
level. In the last step, the first F(h) data pages (with
respect to the MINDIST
metric) are visited and the
relevant answers are collected. ‘RI guarantee the avoidance of dismissals, the rest of the gathered MBRs must
be checked for relevance. Bellow we analyze each step
of the algorithm in detail:
Algorithm

Step 3
Assume that 121data page MBRs have been collccted from the previous step. In general, this number
is greater than the number of data pages we really
need in order to obtain the answer. Here, we use the
estimation for the expected number of leaf accesses
illustrated iu the previous subsection (see Equation
1). Therefore, from the M MBRs we choose the first
F(k) with respect to the MINDIST
metric. The
appropriate secondary sites are activated simultaneously, and the Ic most promising answers <arecollected. If after the collection of the answers there are
still MBRs, among the M, that may contain relcvant objects, we must process them also ‘. Therefore, the MINDIST
of the rest data page MBRs
are compared with the k-th nearest neighbor of P.
For simplicity, capacities of data pages and internal
pages are set to constant values 0 and I? respectively.
If E and 0 are not constant values, then the number of
objects that are contained in each data lxtge is recorded
in the father node. Therefore, we know how many
objects a data page contains, before visiting the lxtgc.

P-NNF

4

Step 1
Iet the fi nearest neighbors bc requested with
respect to a query point P. The R-tree is searched
top-down with respect to the MINDIST
metric.
This means that, in each node we take the branch
that corresponds to the MBR with the minimum
MINDIST
with respect to the query point P. The
search stops at the last internal level of the R;trce.
Keep in mind also, that all upper levels are stored at
the primary site, and all data pages are distributed

Experimental

Results

4.1 Preliminaries
We implemented the Hilbert-packed R-tree, the branchand-bound (BB-NNF) and the parallel nearest neighbor (P-NNF) algorithms in the C programming language under UNIX and simulate the parallel environment on a SUN Spare workstation with 4OMHz CPU
1 However, since the P-NNF
method performs R &bal
selection with respect to the MINDIST
rrdric,
this Lappens
rarely.
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different settings. In the fhst series of expcrinient.s, we
compare the P-NNF and BB-NNF methods using all
datasets. In Figure 6 we present the response t.imes
for the two methods nsing 5 secondary sites and high
network speed (10Mbps). Figure 7 shows t.he response
times for 10 secondary sites with netloud = 10 giving
an effective network speed of 1Mbps.
In the :second series of experiments, we WC sample
values for the number k of nearest neighbors and test
the changes in the response time with respect to the
number of secondary sites (Figure 8) and the ceective
network speed (Figure 9). Since the behavior of the
methods is similar for all datasets, iu the latter series of
experiments we use the LB set only,

clock. The &out of the tree is set to 50 and therefore,
each node contains 50 entries (E = 0 = 50).
The response time of a given query is given by the
following equation:
T response = Activation

+ Tprimary + ‘Secondary + Treau/ts

where Tnetivation is the time to transmit the appropriate
messages in order to activate the relevant secondary
sites, Tprimary is the time spend at the primary site,
T seCO,&,ryis the local processing time at each secondary
site and Tresults is the time required to transmit the
results back to the primary site.
The pure network speed, ArS,,,.,, is set to 10Mbps.
In order to investigate the behavior of the methods
under different network loads we make use of a variable
n.elload by which we divide .the pure network speed and
we get the effective net,work speed : hrS,f/ = s.
Due to the CSMA/CD protocol, many sites may try to
transmit simultaneously resulting iu a collision. The
net effect of the collisions is that there is a delay
in transmitting a frame from source to destination.
Therefore, the netload variable reflects exactly this
delay.
As mentioned earlier, the datasets used iu the
experimentation are real-life and synthetic points in the
2-d space. Equally well we could have used non-point
objects. The datasets are shown graphically in Figure
5.
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Figure 5: Datasets used for experimentation.
4.2 Experimentation
We conducted several series of experiments in order
to .test our proposed method and its behavior under
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Figure 8: BB-NNF
(black bars) and P-NNF (white
bars) response times (in msecs) versus the number of
secondary sites (netlood = 1).

the degree of parallelization
is a function of both the
values of k and the number of secondary sites. 011 the
other hand, the response time in the BB-NNF met,hod
remains const,ant. since the method does not exploit. <any
parallelization
(see Figure 8).
The network load has a very strong impact on the
performance of both methods as is shown in Figure 9. In
fact, under high network loads, the gain of P-NNF over
BB-NNF decreases. Furthermore, in extreme cases of
very low network speeds (e.g. NS,,,,
= 1 bit per msec)
the BB-NNF method is better than P-NNF. This is
au expected outcome, since the network usage time
outperforms by factors the local processing time at each
site and therefore, the benefits of parallel processing arc
no more existent. However, since fiber optics technology
is becoming more and more available, reaching speeds
of lOOOMbps, the use of P-NNF is recommended.
In Figures 8 and 9 WC give the response times of both
methods with and without the primary site cost, (i.e.
the cost for accessing internal nodes of the Rrtree). It is
clear that the primary site cost for the P-NNF method
is higher, due to the range query performed.
Since the
primary site stores only the upper R-tree levels, these
could be maintained
in main memory and t,herefore
the processing cost would be very small.
Therefore,
we illustrate both cases in order to globally study t,hc
performance of the methods.
4.4

Improvements

There are .several aspects that (are not taken into consideration in our study, and could improve further the
response t,ime of a nearest neighbor query:

k-100

t-10

Figure 9: BB-NNF
(black bars) and P-NNF (white
bars) response times (in ~nsecs)
versus netload (number
of secondary sites = 10).

4.3

Interpretation

of results

The first observation
derived from Figures G and 7 is
that the P-NNF method is superior to t,he BB-NNF
method in a parallel euvironment.
The response time of
a nearest neighbor query is decreased drastically.
The
improvement,
reaches GO% for large values of k (e.g.
k = 400). However, in same cases, for small values of k
(e.g. k < 5) the cost at the primary site may dominate
‘and BB-NNF may be better. As an example, in Figure
G (a) for k = 1 BB-NNF performs by 15 msecs better
than P-NNF. The general observation obt.ained from
Figures G and 7 is that the performance gain of P-NNF
over BB-NNF increases as k increases.
In the P-NNF method, as the number of sxondary
sites increases, the response time decreases. However,
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Multi-page
requests:
The P-NNF method supports
multi-page
requests [Seeg93]. This means that if we
have to fetch a number of disk pages, the effective access time does not equal the number of pages multiplied
with a random access time but is far less. We can read
several pages together in a single pass, reducing t.hc total access time. Therefore, each secondary site could
exploit multi-page requests, since the data pages that.
will be fetched are known.
On the other hand, BBNNF can not take advantage of such a scheme since
the data pages are read one-by-one.
Multi-casting:
In the P-NNF method, the secondary
sites can be activated with a single message (multiThis is extremely useful in slow networks ,
casting).
since instead of sending .several messages we need to
*ml only one, saving bandwidth.
On the ot,her hand,
in BB-NNF we are forced to .activat,e the secondary
sit,es one at a time and therefore selective <activation is
the only aIternat,ive.

Compression:
sit,es, compression

During transmission of data between
could be applied in order to reduce

the size of information, and therefore the number of
packets, traveling through the network.

5

Conclusions

and Future

Work

l

In this paper, we studied the performance of nearest
neighbor queries in multi-disk multi-processor architectures. We assumed that data objects are stored in an
R-tree and the whole structure is distributed over a
number of servers, each with a single processor and a
single disk attached. The basic motivation behind this
work was the fhct that the branch-and-bound algorithm
of Roussopoulos et. al. pous95] is strictly serial and
therefore, cannot be applied directly in a parallel environment.
We used statistical information to estimate the
number of leaf accessesintroduced due to the processing
of a k nearest neighbor query and we used this
estimation in order to provide an efficient execution
strategy. Experimental results based on real-life and
synthetic datasets show that the proposed P-NNF
algorithm outperforms the branch-and-bound algorithm
by factors. The efficiency measure is the response
time of the query which contains communication cost
and local processing cost at each server. We tested
our method for light-loaded and heavy-loaded networks,
different number of servers, different data populations
and distributions and we observed that the response
time is decreased drnstically.
Although we focused on packed R-trees, the method
can equally well be applied in dynamic environments.
In such a~1 environment, packed R-trees are not recommended because the structure characteristics change
rapidly due to insertions and deletions. Instead, another
variant should be used (e.g. R*-tree peck90], dynamic Hilbert R-tree pame94]). As long as the number of
objects inserted or deleted is small, the statistical iuformation need not be updated. The renewal of statistical
data would be necessary after a large number of insertions/deletions.
We are currently working on a modified P-NNF
algorithm that uses more local criteria to visit a
data page and utilizes better the network under slow
transmission media. Future research may include:
0 analytical results on the performance of nearest
neighbor queries,
l

l

the testing of the algorithm
workstations,

l

in a real network of

the parallelization of other costly operations such as
spatial joins, closest pair queries and other proximity
queries that are not yet studied in the R-tree
context,

42

studying other declustering strategies, more suitable
for nearest neighbor queries, without degrading the
performance of range query processing,
studying nearest neighbor query performance in distributed environments, when the detailed description of each spatial object is large (hundred:; of
bytes).
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