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Abstract. With the current information explosion on the Web, numerous applications
require access to a collection of diﬀerent but related pieces of distributed geospatial
data. In this paper, we focus on one set of such applications that requires eﬃcient
support of spatial operations (speciﬁcally, spatial join) on distributed non-database
sources. The main challenge with this environment is that remote sources are usually
read-only and/or do not support spatial queries. Moreover, several of these Web-based
applications can tolerate either some level of inaccuracy or progressively ﬁltered (or
polished) results. Therefore, conventional distributed spatial join strategies are not
applicable or eﬃcient in this environment. To address these challenges, we ﬁrst break
down the process of distributed spatial join operation into three steps: 1) local to
remote transfer, 2) remote spatial selection, and 3) local reﬁnement. Then, for each
step, we propose and study alternative techniques and by varying their combinations,
we generate several query plans. Each plan strives to strike a compromise between
eﬃciency and accuracy. Since the techniques proposed for the ﬁrst step have signiﬁcant
impact on the overall performance of the query, we specially focus our attention on this
step. We propose two heuristics for the ﬁrst step to reduce either the number of selection
queries or the area covered by each selection query. Within a realistic experimental
setup, we show that one heuristic is more appropriate with fast networks and a powerful
local server, while the other one is superior in the opposite situation. Our experiments
also show that both heuristics outperform approaches based on transmitting either the
actual spatial objects or their bounding boxes. Note that the intention of this paper is
not to propose a query optimizer to choose one plan over the others. Instead, it serves
as a ﬁrst step towards the design of such an optimizer by concentrating on the design
and evaluation of several alternative plans within a realistic experimental setup.
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1. Introduction
Due to the recent proliferation of the World Wide Web, numerous data-intensive
applications can obtain their required information from publicly available web
sources. Many of these sources contain geospatial information. For example, detailed satellite images can be obtained from www.terraserver.com; maps from
www.mapquest.com; airport information from www.airbroker.se; geolocated points
of interest from www.nima.mil ; international yellow pages that contain addresses
of companies and government agencies from www.infospace.com; etc. The number of these types of sites, the quality, and detail of the information available
are continually growing all around the globe. The challenge is how to eﬃciently
and accurately integrate the related information retrieved from these diﬀerent
sources and present them to an end-user in a uniﬁed manner.
One of the requirements for this Web-based geo-integration is the eﬃcient
support of spatial operations on distributed non-database sources. For example,
to support a query such as “Find all the restaurants in the city of Torrance with
more than two AMC theaters within their 2 mile distance”, one need to eﬃciently
support the distance spatial operation across three diﬀerent information sources
such as: 1) Yahoo movies for theaters’ addresses, 2) Cuisine Net for restaurants’
addresses, and 3) Etak Geocoder for address to coordinate transformations.
To support these distributed geo-spatial queries, we focus on an architecture
where a Web mediator such as TSIMMIS (Hammer et al 1995), Information
Manifold (Kirk et al 1995), The Internet Softbot (Etzioni et al 1994), InfoSleuth
(Bayardo et al 1996), Infomaster (Genesereth et al 1997), DISCO (Thomasic et
al 1997), HERMES (Adali et al 1997) or Ariadne (Knoblock et al 1998), is connected to both a local database system with spatial query capabilities (e.g., Informix Universal Server), and remote sources containing geospatial information.
In this paper, we discuss and evaluate diﬀerent ways of supporting distributed
spatial queries within this architecture by conducting several experiments in a
realistic setup.
We focus on two types of spatial join queries. This is because spatial join is
one of the most frequently used operations for combining spatial objects. It is
also the most expensive operation, since it combines spatial objects of several
relations, in contrast to window queries that can be based on a single relation.
Spatial join is the operator that combines spatial objects from multiple data sets
according to their geometric attributes, i.e., these attributes have to satisfy a
spatial predicate (e.g., intersect or contain). The response set is a subset of the
Cartesian product of two or more relations.
Numerous eﬃcient algorithms for (distributed) spatial join have been proposed in the literature (Kim et al 1995, Bhowmicket al 1998, Bronkhoﬀ et al
1996, Huang b et al 1997, Patel et al 1996, Papadias et al 1999, Koudas et al
1997, Aref et al 1996). However, there is one major distinction between our assumed web applications and traditional database applications; and one major
diﬀerence between web architecture and the conventional architectures, which
render the conventional approaches either not applicable or not eﬃcient. Let us
consider each distinction in turn.
The users of web applications are more tolerant to inaccuracy and in that
sense the applications are closer to information retrieval applications rather than
traditional database applications. For these types of applications, it becomes
more critical to obtain results faster as opposed to 100% accurate. We propose
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a series of approaches that take advantage of this fact in order to generate a
superset of results very eﬃciently and then clean it up progressively.
Within the web architecture, the client does not have full control on the
remote servers. In particular, it only has read access rights and cannot access
the internal structures of a spatial index on the remote servers. In addition, it
may need to read some of the spatial data into the local server at the time of
query processing. Hence, it may not even assume the existence of a spatial index
structure in the local site. While these restrictions render almost all of the approaches based on semi-joins and spatial-index joins (Arge et al 2000, Bronkhoﬀ
et al 1993, Bronkhoﬀ et al 1996, Huang a et al 1997, Huang b et al 1997, Martynov
1995, Rotem 1991) impractical, it also results into three more challenges. First,
the join operation should be translated to a series of spatial window queries
(i.e., selections) on the remote site(s). Several of the conventional approaches
(e.g., (Papadias et al 1995)) propose techniques to estimate polygon objects
with bounding boxes (i.e., Minimum Bounding Rectangles, MBR). While performing selections based on MBRs in the remote site(s) decreases the complexity
of the window queries, we show that a more eﬀective approach is to reduce the
number of window queries by “merging” the nearby polygons. Our proposed
Dynamic-MBR technique with its merge heuristics are devised particularly to
address this challenge. Second, the remote site may not have support for spatial queries. In this case, the spatial window query should be converted to a
conjunction of regular predicates on coordinates of MBR’s corners. Third, with
the MBRs constructed to address either of the two above mentioned challenges,
several false hits will be generated at the remote site. Since we do not have full
access to the remote site, the false hits must be transfered back to the local site
to be either displayed and/or eliminated after reﬁnement. Hence, it seems like
that the approach which results into fewer false hits will be the more eﬃcient
one considering the response time. However, we show that again the dominant
factor is the remote processing time. Therefore, a grid based approach (such as
Fixed-BR), which results in a better approximation of the polygons and hence
less false hits, is not superior to Dynamic-MBR that is less accurate but results
in less number of remote window queries.
In brief, our approach consists of three steps to perform a distributed spatial join operation. The ﬁrst step is termed Local to Remote Transfer, in which
representations of the query objects are computed and transferred to the remote site. Here, there is a trade-oﬀ between the complexity and the number
of the transferred objects and the number of generated false hits. We propose
Dynamic-MBR and one of the variations of Fixed-BR termed Fixed-MBR, as
alternative data representations for local to remote data transfer and investigate
their performances as compared to No-MBR and Fixed-BR. With No-MBR, the
polygon representations of data objects are transferred. While with Fixed-BR,
an approximation of objects by bounding rectangles resulted from a ﬁxed partitioning of space is utilized. Finally, with Dynamic-MBR, dynamically generated minimum bounding rectangles of the objects are used as their approximate
representations. We also propose two heuristics for Dynamic-MBR, MinimumCentroidDistance and Minimum-WastedArea, that allow for merging of MBRs
in order to reduce the number of transferred representations, while minimizing
the number of false hits at the remote site. During the second step, termed Spatial Selection, a window selection operation is performed at the remote site to
identify a set of candidate objects. The trade-oﬀ here is between the remote processing cost and the size of the data transferred back to the local site. Finally,
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Fig. 1. Sample application and architecture

the third step is termed Local Refinement, in which a reﬁnement operation is
performed on the candidate objects at the local site to eliminate the false hits
and produce the ﬁnal set of results. We propose three alternative methods to execute the reﬁnement step: local spatial join, pipelined refinement, and statistical
refinement depending on whether the user is interested in a slow and exact or
fast but approximate response to the query.
The remainder of this paper is organized as follows. In Section 2, we present
overviews of some target applications that can beneﬁt from Web-based geointegration, the assumed architecture, the diﬀerent types of spatial join queries
considered in this paper, and diﬀerent query processing strategies. Section 3
proposes three techniques to transfer data between servers, and Section 4 shows
how to simulate spatial joins as window selections and ﬁlter steps. In Section
5 we explain how to eliminate false hits and produce the ﬁnal set of results.
Section 6 contains our experimental results. Section 7 discusses the related work
in this area. Finally, Section 8 concludes the paper and provides an overview of
our future plans.

2. Overview
The spatial join of two relations R and S, denoted by R iθj S, contains those
tuples in the Cartesian product R × S where the ith column of R and the jth
column of S are of some spatial data type, and θ is a binary spatial operator
(e.g., intersection, equality (equijoin), topological (overlap), directional (north)).
One target application for spatial join is Web-based spatial data integration systems. Distributed geographic information systems (Wang et al 1999) and
TheaterLoc (Barish et al 2000) are examples of such applications. Distributed
geographic information systems usually store digital maps and aerial images and
provide functions for retrieving and manipulating data. A distributed GIS consists of autonomous sites connected with a network. TheaterLoc is an information integration client/server application that allows users to retrieve information
about theaters and restaurants for diﬀerent cities. The goal of these applications
is to integrate the spatial data from existing Web sites and to provide transparent and eﬃcient access in which a user can access data stored at remote Web
GIS systems as though all the data and functions reside on a local site.
In this paper, we assume that the underlying architecture, Figure 1b, consists
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Query Processing Phases
1:
2:
3:
4:
5:

Local : Local To Remote Transfer { Polygon | Fixed-BR | Dynamic-MBR}
Remote: Spatial Selection { Window-Selection | Aggregate-Window-Selection }
Remote: [Remote Filter]
Remote: Send to Local (Intermediate-Results)
Local : Refinement { Spatial-Join | Iterative-Refinement | Statistical-Refinement }
Fig. 2. The phases of alternative query processing strategies

of an Information mediator, which has access to a local database server and
other remote information sources. The mediator has full control over the local
database and can perform spatial operations. On the other hand, the mediator
has only read access to the remote servers and therefore can only perform window
selections.
For the purpose of illustration, we use two example queries throughout the paper. The ﬁrst query (SQ-1 ), a Point-Poly query, is between a point and a polygon
data sets: “Find all zip codes with more than X number of Chinese restaurants”.
The table containing the information about the zip codes and their respective
coordinates/regions are obtained from the Web sources and stored/cached in the
mediator, while information about the restaurants reside on the remote servers.
The second query example (SQ-2), a Poly-Poly query, is between two polygon
data sets: “Find all telephone area codes with population more than Y, given the
population of their overlapping zip codes”. In this case either data set can be
cached in the local database to perform the spatial join.
In a single server environment, both data sets of a spatial join reside on the
same system and the query response time depends only on the cost of the spatial
join, which depends on the size of the data sets and the complexity of the spatial
predicate. However, in a distributed environment with restricted access to the
remote servers, performing spatial join queries must be simulated by spatial select
operations after transferring whole/partial data sets from the local to the remote
server. In addition, the query response time is a function of size and complexity
of the data transferred between the servers. Our approach to perform spatial
join in such environments consists of three steps: a) local to remote transfer, in
which a representation of the query objects is selected and transferred to the
remote server, b) spatial selection, which selects the set of candidate objects to
be transferred to the local server, and c) local reﬁnement, in which the candidate
objects are reﬁned to produce the ﬁnal set of results.
Three query processing strategies that diﬀer in the way they ﬁlter the false
hits and whether the user is interested in exact but slow or approximate and fast
response can be utilized. The strategies are as follows:
Strategy-1 First, transfer the query objects to the remote site. Second, perform
window selection at the remote site. Third, apply remote ﬁlter. Finally, transfer
the candidate objects back to the local server for reﬁnement.
Strategy-2 First, transfer the query objects to the remote site. Second, perform
window selection at the remote site. Finally, transfer the candidate objects
back to the local server for reﬁnement. Note that no ﬁltering is used with this
method.
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Fig. 3. Local to remote transfer methods

Strategy-3 First, transfer the query objects to the remote site. Second, perform
aggregate window selection at the remote site. Finally, perform statistical reﬁnement. This plan could be used to speed up query processing and provides
approximate answers to the queries.
Figure 2 provides the pseudo-code to execute the three strategies, where
“[...]” is an optional phase, and “|” is used as an “OR” operator. We describe
each phase of the above strategies in Sections 3, 4 and 5 and focus on the eﬀect
of our proposed algorithms on the ﬁrst phase of the above strategies (i.e., local
to remote transfer) in our experiments.

3. Step 1: Local to Remote Transfer
The ﬁrst step in simulating a spatial join query in a distributed environment
is termed Local to Remote Transfer. This is a very critical step since as shown
in Section 6, it has signiﬁcant impact on the overall performance of the three
query processing strategies mentioned in the previous section. In this section, we
review two methods, No-MBR and Fixed-BR, and propose two new methods,
Fixed-MBR and Dynamic-MBR, to transfer data sets between the local and
remote servers, where MBR stands for minimum bounding rectangle. With NoMBR, the entire data sets are sent to the remote server while with Fixed-BR,
Fixed-MBR and Dynamic-MBR methods, only approximations of the objects
are transmitted to the remote server.

3.1. No-MBR
Both query examples Point-Poly and Poly-Poly described in Section 2 assume
that the local database contains the polygon data set. No-MBR is a straight-
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forward method to perform a spatial join between the local and remote server
where it transmits a subset of the local database in its entirety to the remote
site. That is, the coordinates of the polygon representations of all objects at the
local database (large data) are transferred to the remote server. Subsequently,
polygon intersection with points/polygons is performed at the remote server as
shown in Figure 3-(No-MBR). Even though this method is simple, the data set
(polygons) may be too many and its processing too complex. Hence, both the
transmission cost of the data between the two servers and the remote query processing cost may be high. Moreover, No-MBR is not applicable to the remote
servers that do not support spatial operations. On the other hand, since NoMBR utilizes the exact representation of the local data set, the returned data
set from the remote server will contain no irrelevant data (i.e., false hits). Hence
no reﬁnement operation is required and the results are 100% accurate.

3.2. Fixed-BR
Fixed-BR transmits the bounding rectangles of the polygons as their approximation to the remote server. The bounding rectangles approximate the polygons
by the union of the partitions of a pre-speciﬁed ﬁxed grid in which they lay (see
Figure 3-(Fixed-BR)). This produces some false hits, a subset of the results of
the query that satisfy the join operation for the approximate data set but not
for the original data set. Therefore, a reﬁnement step is required to ﬁlter out the
false hits. This step must be performed at the local server after receiving the
false hits (more on this in Section 5).
The Fixed-BR method aﬀects the overall query response time in four stages:
1. Reduces the transmission time from the local server to the remote server by
transmitting the approximation rectangles (i.e., MBR) instead of the actual
polygons.
2. Reduces the query processing time in the remote server by reducing the complexity of the query since simple rectangles are used instead of complex polygons.
3. Increases the time to transmit the results from the remote server to the local
server because of the generated false hits in the result set.
4. Depending on the application, may increase the overall response time by incurring an overhead for reﬁning the results to ﬁlter out the false hits.
The number of the partitions used to decompose the globe into grids aﬀects
the precision of the approximation of the objects, which in turn would impact the
number of false hits produced at the remote server. Figure 4a shows a polygon
object represented by two grids with diﬀerent sizes. The smaller the size of
the grids, the more accurately the object is approximated. Moreover, when the
network is slow, the saving obtained by stage 1 may be surpassed by the overhead
incurred by stage 3. This is because the false hits may introduce larger volume of
data than the amount of data saved by the Fixed-BR approximation technique.
Our experiments (see Section 6) show that Fixed-BR has a better performance
over No-MBR only when stage 4 (i.e., reﬁnement step) can be avoided.
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Fig. 4. Mesh partitions for Fixed-BR and heuristics for Dynamic-MBR

3.3. Fixed-MBR
When the size of the grids in Fixed-BR becomes very small as compared to
the size of the objects, the Fixed-BR approximation method becomes similar to
MBR (or Fixed-MBR), that is when the polygons are approximated with their
exact minimum bounding rectangles. The advantages of Fixed-MBR over FixedBR are: a) fewer number of false hits are generated by Fixed-MBR since the
area covered by Fixed-MBR is always less than or equal to the area covered by
Fixed-BR for any polygon, and b) there is no need for a pre-speciﬁed ﬁxed-grid
partitioning of the space.

3.4. Dynamic-MBR
Dynamic-MBR is similar to Fixed-BR as it also approximates the polygons with
their bounding rectangles, but diﬀers from Fixed-BR since it does not restrict
the approximations to pre-speciﬁed mesh of bounding rectangles. As a result, it
incurs an extra overhead to compute the minimum bounding rectangles for each
polygon at the query time. However, our experiments show that this overhead
(as well as the overhead for merging close polygons) is negligible as compared to
the overall query response time. After Dynamic-MBR computed the minimum
bounding rectangles of the polygons, it merges the bounding rectangles of the
close polygons to reduce the number of window queries (i.e., remote spatial
selections). As a result of merging the polygons, a wasted area is generated (see
Figure 3-(Dynamic-MBR)). This results in even more false hits in the result set
as compared to Fixed-MBR. Hence, local reﬁnement is required to ﬁlter out the
false hits. There is a trade-oﬀ between the number of polygons merged together
and the number of false hits generated as a result of merging: the more polygons
merged, the more wasted area in the search space and hence the more false hits
are generated. We propose two heuristics to decide when to merge the polygons.
The Dynamic-MBR method merges two minimum bounding rectangles, MBR1
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and MBR2, into one bounding rectangle that contains both of them, NewMBR,
when they meet the conditions required by one or both of the following two
heuristics:
Minimum-CentroidDistance: The distance between the centroids of MBR1
and MBR2 to the summation of the radii of their minimum bounding circles
(MBC ) is less than Threshold1 (see Figure 4b):
Distance(Centroid(M BR1),Centroid(M BR2))
Radius(M BC(M BR1))+Radius(M BC(M BR2))

< T hreshold1
This heuristic tends to merge polygons when they are close.
Minimum-WastedArea: The ratio of the area in the new bounding rectangles
that was not covered by MBR1 and MBR2 (i.e., wasted area) to the total area
of the new bounding rectangle is less than threshold2 (see Figure 4c):
Area(N ewM BR)−Area(M BR1)−Area(M BR2)
Area(N ewM BR)

< T hreshold2
This heuristic tends to merge polygons when the new bounding rectangle does
not introduce large area as compared to the original polygons.
Similar to Fixed-BR, Dynamic-MBR also aﬀects the overall query response
time in four stages. In stage 1, in addition to the reduction obtained from approximating polygons by rectangles, it also reduces the size of the data to be
transmitted by reducing the number of polygons as a result of merging. In stage
2, in addition to reducing the complexity by using simple rectangles, it reduces
the number of window queries as a result of merging polygons together. Stages 3
and 4 are identical to Fixed-BR. Our experiments (see Section 6) show that the
impact of reducing the number of window queries is greater than the impact of
reducing the queries’ complexity by using rectangles.
The two proposed heuristics have diﬀerent impacts on the four stages of
overall query response time. Minimum-CentroidDistance is more concerned with
stages 1 and 2 by trying to increase the probability of merging polygons and
hence reducing the number of both transmitted MBRs (i.e., stage 1) and window
selection queries (i.e., stage 2). Instead, Minimum-WastedArea is more focused
on stages 3 and 4 by striving to reduce the wasted areas and hence decreasing
the number of false hits. Therefore, for an environment with fast network and
powerful local server, Minimum-CentroidDistance should potentially outperform
Minimum-WastedArea. Our experiments in Section 6 conﬁrm this intuition.

4. Step 2: Spatial Selection
This section focuses on the second step in simulating a spatial join query in the
Web environment, which is termed spatial selection. Spatial selection retrieves
from a dataset the entries that satisfy some spatial predicate with respect to a
reference object. Spatial selection operation is usually processed in two steps,
termed window selection and filter steps that are discussed in details in Sections
4.1 and 4.2 respectively.

4.1. Window Selection Step
The most common type of spatial selections are window selections, where the
reference object deﬁnes a window in the workspace. In the window selection step,
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all the objects at the remote server that intersects with the query objects at the
local server are found. This would generate a list of candidate join pairs and
eliminates objects that could not possibly satisfy the query. At this step, a spatial
predicate is performed on the representation of the query objects by their exact
geometry (polygons), or their spatial approximations (BR, or MBR). Besides
the traditional window selection method, we propose another spatial selection
method called aggregate window selection. With aggregate window selection we
only collect statistical information about the objects within the window instead
of their exact information. Subsequently, statistical refinement could be used to
get the ﬁnal query answer. This type of operation is useful when the user is
interested in approximate answers to the query and desires faster query response
time.
For example, with a Point-Poly query as in SQ-1 described in Section 2, using the traditional window selection operation we ﬁnd all the Chinese restaurants
inside the query window and then maintain their location coordinates. Subsequently, these location coordinates are examined against the exact representation
of the query object to eliminate the false hits. On the other hand, with the aggregate window selection, only the total number of the restaurants is computed.
Consequently, by using the exact and the approximate representations of the
query object we could approximately compute the probability that this zip code
area has more than X Chinese restaurants. Statistical refinement is explained in
details in Section 5.3.

4.2. Filter Step
The second step of spatial selection is the ﬁlter step, in which the candidate join
pairs are examined under the predicate of the query. Thus, some data items from
the list of candidates generated by the window selection step can be discarded.
Filter step can be executed at the remote server and candidate data sets can be
transmitted to the local server for the ﬁnal reﬁnement. An alternative approach
is to send the data set generated after the window selection to the local server to
perform ﬁltering and reﬁnement in a single step at the local server. The tradeoﬀ
here is between the cost of extra transfer operations, for the data that was not
ﬁltered, and the cost of extra operations required to perform the ﬁlter remotely.
Note that depending on the functionality of the remote server we may or may
not be able to perform the ﬁlter step remotely.
Both query types Point-Poly and Poly-Poly discussed in Section 2 have an
auditing/ﬁltering aspect. For example, with a Point-Poly query as in SQ-1, if
a polygon, BR or MBR, is identiﬁed within the window selection step that has
less than X number of Chinese restaurants, it is guaranteed that it will not
appear in the ﬁnal result. Similarly, with a Poly-Poly query as in SQ-2, if a
polygon, BR or MBR, is found after the window selection step such that the
total population of all the overlapping zip codes for this area code is less than Y,
it is guaranteed that the population of the area code cannot be more than Y. It
is important to note the diﬀerence between the ﬁlter and reﬁnement steps. The
ﬁlter step can be performed using a regular non-spatial predicate and is aimed
to discard the polygons’ MBRs that do not satisfy the query predicate before
sending their contained points to the local server. While the reﬁnement step that
requires spatial functionality will discard the false hits that are resulted due to
the utilization of objects’ approximations such as BR or MBR. For example,
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with the Point-Poly query as in SQ-1, the ﬁlter step discards the polygons that
have less than X number of Chinese restaurants in their BR or MBR, while the
reﬁnement step eliminates those restaurants that are outside the polygons that
passed the ﬁlter step, but are inside their BRs or MBRs.
Choosing whether to perform the remote ﬁlter step or not depends on:
–
–
–
–
–

The functionality provided at the remote server.
The size of the data set generated from the window selection step.
The CPU load and the power of the local and remote servers.
The workload and the available bandwidth of the network.
The tradeoﬀ between the cost of remote processing and transmitting the data.

5. Step 3: Reﬁnement
The ﬁnal step of simulating a distributed spatial join query is the refinement
step that must be executed at the local site since there is no write access to the
remote site. This operation eliminates all the false hits that were produced from
the window selection at the remote server. We propose three alternative methods to execute the reﬁnement operation: local spatial join, pipelined refinement,
statistical refinement.

5.1. Local Spatial Join
With this method, the candidate set of objects is joined with the exact representations of the query objects using traditional spatial join operator Rl iθj Rr
where Rl is the query objects relation and Rr is the candidate set of objects
relation. For example, with query example 1 described in Section 2, Rl would
contain the zip codes and their respective coordinates and Rr would contain the
restaurants’ names and their coordinates (locations).
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5.2. Pipelined Reﬁnement
With this method, instead of executing spatial join operator, we reﬁne the candidate objects by evaluating the predicate of the query as each (or a block of)
candidate object becomes available. For example, for the same previous query,
we return Rr tuples to the local server in a pipelined manner and for each tuple (or a group of tuples) we examine if the coordinates of the restaurant falls
inside the query zip code area. Note that we do not have to construct Rr in
its entirety before performing the pipelined reﬁnement. Each candidate object
from the window selection could be transferred to the local site immediately to
perform the pipelined reﬁnement without ﬁrst waiting to identify all candidate
objects.

5.3. Statistical Reﬁnement
This type of reﬁnement is useful when the user is interested in approximate
instead of exact answers to the query. This is the case when we use aggregate
window selection at the remote site. For example, with query example SQ-1
in Section 2, Rl would contain zip codes and their respective coordinates and
Rr would only contain the number of the restaurants inside the query window
instead of the names or the coordinates (locations) of the restaurants. Consequently, we employ statistical reﬁnement that could estimate the number of
restaurants in a zip code area based on the areas of the original zip code and its
approximation (that was used for window selection). For example, suppose that
the area of zip code Z1 is A1, and its Fixed-BR approximated area is A2 and the
total number of restaurants inside Fixed-BR is N. Thus, we could estimate the
number of restaurants inside Z1 as N*A1/A2, assuming that the restaurants are
uniformly distributed in the space. In other cases (e.g., Poly-Poly queries), the
processing cost can be reduced as well if the user is not concerned with the accuracy of the results. For example, consider the spatial query example 2 discussed
in Section 2 with changing the relation “less” to “roughly less”. In this case,
some of the zip codes will be fully contained inside the query area codes, while
others will be partially included. Given a uniform distribution of the population
within n zip codes, and each zip code (Zi ) with a population density of Zpd
i , then
the population of an area code (PACj ) is computed as:
n
P ACj = i=1 Ziarea × Zipd
area
where Zi
is the area of Zi that is included in the area code region. For
those zip codes that are partially included in an area code, polygon intersection
algorithm must be invoked to compute their intersection area. However, instead
of computing the exact area of the intersection, the area can be approximated by
bounding the intersection region using MBR or minimum bounding circle MBC.
Consequently, the population of an area code (PACj ) could be approximately
computed as:
n
P ACj = i=1 Zib−area × Zipd
where Zib−area is the area of MBR (or MBC ) of that portion of Zi that is included
in the area code region.
Figure 5 shows a sample query that utilizes objects’ approximations to estimate the total population of zipcode areas. It shows how to calculate the population of a sub-area of the zipcode “91101” that is included inside the query
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window using three diﬀerent methods. In the ﬁrst method, it computes the population using exact polygon areas. While in the second and third methods, it
computes the population using MBR and MBC approximations of the areas,
respectively.

6. Performance
As we argued in Section 2, the response time of a spatial join query depends on
the cost of the spatial join operation, which depends on the size of the data sets
and the complexity of the spatial predicate. However, in the web environment
the response time also depends on the speed of the network which connects the
local and remote servers, the processing and functionality power of the remote
servers, and the tolerance of the application towards inaccuracy. The behavior of
such system cannot be captured and analyzed accurately by analytical models or
simulations. Hence, we decided to implement a real experimental setup. To compare our alternative techniques we use query response time, both including and
excluding the local reﬁnement step, as our performance measure, and percentage
of false hits as our accuracy measure. We conducted four sets of experiments to
evaluate the performance and accuracy of distributed spatial joins on the Web
environment using our alternative query processing strategies:
1. The ﬁrst set of experiments evaluates the impact of number of partitions/grids
on Fixed-BR.
2. The second set of experiments studies the impact of diﬀerent threshold values
for the Minimum-CentroidDistance and Minimum-WastedArea heuristics on
Dynamic-MBR.
3. The third set of experiments compares No-MBR, Fixed-MBR and DynamicMBR. We use Fixed-MBR since it is similar to the optimum conﬁguration for
Fixed-BR (i.e., when the size of the grids are very small as compared to the
size of the objects).
4. Finally, we investigate the performance of the alternative techniques for remote
servers with no spatial support that can only support non-spatial predicates
such as “X between (x1,x2) and Y between (y1,y2)”.
In all the experiments, we assumed window selection with no ﬁltering for step
2 and local spatial join as the reﬁnement step (i.e., step 3) and report the results
for the Point-Poly queries.

6.1. Experimental Setup
Figure 1b depicts our experimental setup. It consists of two servers (sites), Local
and Remote, which are connected through a 100 mpbs LAN. The local server is
an IBM ZPro with two Pentium III Xeon processors, 768 MB RAM and 18 GB
SCSI disk running Windows 2000. The remote server is a SUN Ultra Enterprise
450 with two Sparc II processors, 1 GB RAM and 50 GB RAID system running
Solaris 2.6. Both systems run Informix Universal Server 9.2 with Geodetic Spatial
Datablade 2.12.TC1, which uses R-Tree access method for spatial indexing. The
Informix database server uses pipelined method to send the results of a query to
the client as they become available.
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We performed our experiments with a set of real data. The data contains
information about USA and includes 170,000 points (e.g., schools, hospitals, etc.)
stored in the remote server. It also includes 41000 polygons with an average of
16 vertices per polygon, stored in the local server, representing zip codes in the
USA. A Java program, as our client, uses JDBC to submit the queries to and
retrieves the results from both servers. The client has full access (read/write)
rights to the local site but only has read access to the remote site in order to
mimic a web source. We apply local reﬁnement step to eliminate the false hits
from the ﬁnal results. Similar to Informix, JDBC also uses pipelined method to
retrieve the results of a query from the database server as they become available.
Since both the database server and JDBC use pipelined method to send/retrieve
results of a query, it is not possible to separate the network transmission and
remote processing times. But because of the very fast network we used in our
experiments and considering the size of the queries and results, the network
transmission time is negligible as compared to the remote processing time.

6.2. Results
We used the following query for all the experiments: “Find all points that are
inside a set of n randomly selected polygons”. We run the experiments with n=5,
20, 100, 250 and 500 polygons. We selected the polygons from randomly selected
regions with areas equal to four times than the total average area of n polygons.
Consequently, some of the selected polygons are expected to be close enough
to satisfy either of the heuristics of Dynamic-MBR and merge together. This
is done to observe the impact of Dynamic-MBR in merging the polygons. Note
that when the polygons are far enough from each other that the heuristics cannot
reduce the number of polygons by merging them, the results for Dynamic-MBR
will be similar to Fixed-MBR.

6.2.1. Impact of Grid Size on Fixed-BR
The average size of the polygons in the local database is 0.25×0.1 degrees. We
varied the grid size (X-axis) of Figure 6 for Fixed-BR from 0.001◦ to 1◦ . The
ﬁgure illustrates the impact of grid size in query response time for the scenario
where the remote server searches for points inside 100 polygons. The Y-axis of
Figure 6a is the percentage of increase in query response time over No-MBR
as the baseline. As shown in the ﬁgure, Fixed-BR without the reﬁnement step
marginally outperforms No-MBR when the grid size is small relative to the polygons’ average size. The overall response time (i.e., including the reﬁnement step)
is between 20% to 30% slower, which is because of the overhead of the local
reﬁnement. By increasing the grid size, the response time of Fixed-BR without
reﬁnement becomes worse, up to 10% slower than No-MBR, and the response
time with reﬁnement becomes up to 50% slower than No-MBR. This is because
by using larger grid size, more false hits are generated that must be transmitted
and reﬁned. As a result, the savings described in items “1” and “2” of Section
3.2 become less signiﬁcant as compared to overheads introduced by items “3”
and “4”. In other words, reducing the complexity of the queries by using FixedBR has less impact on the response time (both with and without reﬁnement) as
compared to the impact of the increase in number of false hits. This becomes
worse when: 1) the polygons are far from each other, since in this case even more
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false hits are generated and 2) when the network is slow, because saving of time
in item “1” becomes even less important as compared to the overhead of item
“3”. As we increase the grid size from 0.001◦ to 1◦ , the percentage of false hits
also increases from 30% to 115%. Note that when the polygons are close to each
other, Fixed-BR of neighboring polygons may overlap and hence the points in the
overlap areas are selected and transmitted only once. Instead, for far polygons
the possibility of overlaps is less, resulting in coverage of larger area and generation of even more false hits. Figure 9a shows the percentage of the false hits for
the Fixed-MBR method, that performs similar to the optimum conﬁguration of
Fixed-BR, for 5 to 500 polygons. Our experiments show between 22% to 30%
false hits for Fixed-MBR. We conclude that Fixed-MBR, and hence Fixed-BR,
behave inferior to No-MBR especially when 100% accuracy is required and/or
in an environment with a slow network.

6.2.2. Impact of Heuristics on Dynamic-MBR
Impact of Minimum-CentroidDistance Heuristic: In order to study the
impact of the Minimum-CentroidDistance heuristic on Dynamic-MBR, we varied
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the value of threshold1 from 0.2 to 1.3. These values for threshold1 are selected
in order to merge polygons that are fairly close and avoid merging polygons that
are far from each other to avoid generating large number of false hits. Figure
7a shows the performance of the Dynamic-MBR method for diﬀerent values of
threshold1 where the remote server searches for points inside 100 polygons. As
shown in the ﬁgure, Dynamic-MBR with threshold1 can substantially reduce the
response time without the reﬁnement step, between 27% to 37%, as compared to
No-MBR. For certain values of threshold1, it even outperforms No-MBR considering the total response time with reﬁnement. The reason is that Dynamic-MBR
with threshold1 reduces the number of polygons that are to be transmitted to
the remote server, between 30% to 36.2%, which signiﬁcantly reduces the number
of the window queries in the remote server. As shown in the ﬁgure, DynamicMBR has a better performance as compared to Fixed-MBR. Figure 9a shows
the percentage of the false hits for Dynamic-MBR with threshold1=1.1 for 5
to 500 polygons. As shown in the ﬁgure, Dynamic-MBR with threshold1 gen-
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erates between 38% to 60% false hits, which is more than that of Fixed-MBR.
This is because by merging polygons the approximation area of Dynamic-MBR
increases as compared to Fixed-MBR. Our experiments suggest that 1.1 is the
optimum value for threshold1 for our data set, since it provides the best decrease
in response time while shows only 8% more false hits than the least percentage
of false hits incurred by other values of threshold1.
We conclude that even though Dynamic-MBR generates a large amount of
false hits, it is still highly superior to No-MBR when the false hits are tolerable (i.e., Dynamic-MBR without reﬁnement step). In addition, depending
on the environment and the nature of the data, with ﬁnely tuned parameters,
Dynamic-MBR can even outperform No-MBR when 100% accuracy is necessary
(i.e., Dynamic-MBR with reﬁnement step). This shows that not only the saving
in processing time of the queries, as a result of reducing the number of remote
window queries, is much more than the overhead of transferring false hits, but
also it may surpass the total overhead including the reﬁnement step. The advantage of Dynamic-MBR with the Minimum-CentroidDistance heuristic may
become less magniﬁed when the network is very slow. This is because with slow
networks, the overhead of transferring large amount of false hits may become
more signiﬁcant as compared to the saving in query processing time. It is important to note that if the remote server has no spatial support, then Dynamic-MBR
will be the superior choice (more on this in Section 6.2.4).

Impact of Minimum-WastedArea Heuristic: We varied the value of Threshold2 from 0.1 to 0.4 to study the impact of the Minimum-WastedArea heuristic
on the performance and accuracy of Dynamic-MBR. Similar to threshold1, these
values for threshold2 are selected to merge close polygons in order to avoid generating large number of false hits. Figure 7b shows the percentage of reduction
in response time, with and without reﬁnement, for Dynamic-MBR with threshold2 as compared to No-MBR for 100 polygons. As depicted in the ﬁgure, when
we increase the value of threshold2, the decrease in response time without the
reﬁnement step steadily increases, from 18.9% to 29.3%. This is because the
higher the value, the more polygons are merged together and hence the less the
number of window queries. Our experiments show that threshold2=0.2 provides
the best performance for total response time. The reason is that the overhead
associated with processing time of local reﬁnement of false hits with threshold2
greater than 0.2 surpasses the gain obtained from reducing the number of selection queries. As shown in the ﬁgure, Dynamic-MBR with threshold2 always
outperforms the Fixed-MBR method. Figure 9a depicts the accuracy of DynamicMBR with threshold2=0.2 for 5 to 500 polygons. The ﬁgure shows that the false
hits generated by Dynamic-MBR with threshold2, 29% to 36%, is always less
than that of threshold1 but more than that of Fixed-MBR. The trend observed
for other values of threshold2 is similar to this ﬁgure.
We conclude that Dynamic-MBR with Minimum-WastedArea, similar to
Minimum-CentroidDistance, is always superior to No-MBR when the application
can tolerate false hits. By selecting appropriate values for threshold2, DynamicMBR with threshold2 outperforms No-MBR even in total response time. The
advantages gained by Dynamic-MBR with Minimum-WastedArea become more
magniﬁed when network is slow due to the reduction in the number of the false
hits.
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6.2.3. Comparison Among Alternative Approximation Techniques
Figure 8 compares the percentage of decrease in response time, both with and
without reﬁnement step, for Fixed-MBR and Dynamic-MBRs with threshold1=1.1
and threshold2=0.2, over No-MBR. We selected Fixed-MBR since its performance is similar to the optimum conﬁguration of Fixed-BR. We varied the number of polygons from 5 to 500 in the X-axis. As illustrated in Figure 8a, when
100% accuracy is required (i.e., response time with reﬁnement), Fixed-MBR is
always inferior to No-MBR but Dynamic-MBRs show superiority over No-MBR
for larger values of n. In addition, the impact of threshold1 for Dynamic-MBR always outperforms threshold2. However, when accuracy is tolerable (i.e., response
time without reﬁnement), as depicted in Figure 8b, Dynamic-MBRs always show
superiority over No-MBR, with threshold1 always outperforming threshold2. In
this case Fixed-MBR performs very similar to No-MBR.
Figure 9 depicts the tradeoﬀs between percentage of false hits and number
of transmitted polygons when we transmit n=5 to 500 polygons to the remote
server. As shown in Figure 9a, Dynamic-MBR with Minimum-CentroidDistance
always generates more false hits and Fixed-MBR generates the least number of
false hits.
By comparing the results of our experiments we conclude that:
– The saving in query processing time by reducing the complexity of the queries
in the remote server when we simply approximate complex polygons with
rectangles (i.e., Fixed-MBR), will eventually become ineﬀective because of
two factors: a) overhead of transmitting the false hits, and b) The overhead
associated with ﬁltering out the false hits, which is more important than the
transmission cost specially when the network is fast. As shown in Figure 8a,
even though Fixed-MBR reduces the complexity of the queries, it is always
between 29% to 36% slower than No-MBR.
– The impact of reducing the number of the window queries by merging polygons (i.e., Dynamic-MBRs) on query processing time is higher than only reducing the complexity of the queries (i.e., Fixed-BR). As shown in Figure
9, even though Dynamic-MBR with the Minimum-CentroidDistance heuristic always generates more false hits than the other methods (between 10%
to 26% more than threshold2 and 16% to 29% more than Fixed-MBR), it
always outperforms Dynamic-MBR with Minimum-WastedArea and FixedMBR in terms of eﬃciency, both with and without reﬁnement (Figure 8). The
reason is that Fixed-MBR is not aimed to merge the polygons, and DynamicMBR with Minimum-CentroidDistance always merges more polygons than
Minimum-WastedArea (between 5% to 11% more).
– When the existence of the false hits in the result set is not critical for an
application, the Dynamic-MBR methods are the preferred techniques. With
ﬁne tuning the parameters of these methods depending on the network’s speed
and distribution of the polygons and points, the Dynamic-MBR methods can
replace No-MBR even for applications with 100% accuracy requirements.
– Depending on the environment, either the Minimum-CentroidDistance or MinimumWastedArea heuristic can be selected for Dynamic-MBR. Dynamic-MBR with
Minimum-WastedArea may show better performance when the network is very
slow and the results are not pipelined to the client, which causes the overhead
of transmitting more false hits surpasses its saving in processing time. In other
situations, Dynamic-MBR with Minimum-CentroidDistance is the preferred
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technique since it provides better response time for both with and without
reﬁnement cases.

6.2.4. Remote Servers with No Spatial Support
We run the experiments described in the above sections for scenarios where the
remote server can only support non-spatial predicates such as ”X between (x1,x2)
and Y between (y1,y2)”. Note that in this case No-MBR method is not applicable. Figure 10a shows the response time for Fixed-MBR as well as Dynamic-MBR
with threshold1=1.1 and threshold2=0.2. As shown in the ﬁgure, the response
time of diﬀerent methods increases linearly. In addition, even though the response times of all the methods are substantially more as compared to the cases
that the remote server supports spatial operations, but Dynamic-MBR still shows
improvement over Fixed-MBR. The improvement of Dynamic-MBR with threshold1 as compared to Fixed-MBR in this case is only 6% to 27%, as opposed to
7% to 41% for the case with spatial support. Even though the percentage of false
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hits for diﬀerent methods is identical to the case with spatial support, DynamicMBR with threshold1 and threshold2 show similar performances which makes
threshold2 a better candidate for approximation.
Figure 10b shows the percentage of increase in response time for DynamicMBR when the remote server does not support spatial functionality over NoMBR and Dynamic-MBR for the same set of data when the remote server supports spatial functionality. As depicted in the ﬁgure, lack of spatial support in
the remote server dramatically increases the response time.

7. Related Work
Algorithms for the spatial join operation can be categorized into two groups. The
ﬁrst group includes algorithms that utilize pre-constructed indices to improve
the performance of the spatial join operation. While, the second group includes
algorithms that assume no indices are available on the data sets. In general,
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our assumed architecture restricts access to the remote site, which renders the
techniques proposed in either category impractical. In addition, given our application, set of spatial objects needed for the join operation become available (or
maybe fetched) only at the time of query processing. Hence, we cannot assume
that we have access to intermediate nodes and levels of an index structure on
this data set. Other studies assume access to intermediate nodes and levels of an
index structure (e.g., R-Tree) to perform spatial join. The ﬁrst group (Koudas
et al 1996, Bhowmicket al 1998, Abel et al 1995, Huang b et al 1997, Bronkhoﬀ
et al 1996, Aref et al 1996, Zhou et al 1997, Papadopoulos et al 1999), use already existing access method (e.g., R-tree and R*-tree) or special data structures
to process spatial join. The justiﬁcation is that a spatial access method should
attempt to store objects, which are close together on a common page to pre-
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serve spatial locality. In addition, spatial access methods only manipulate the
approximation of objects as opposed to the exact representation.
A technique to decluster a spatial method on a shared-nothing multi-computer
architecture that uses R-tree as the underlying spatial access method was proposed in (Koudas et al 1996). The major goal of this technique is to ﬁnd the
optimal capacity of the leaf nodes of the R-tree. Koudas in (Koudas et al 1996)
focused on how this would optimize the response time on range queries while
ignoring join queries. In order to improve the eﬃciency of query operations such
as spatial join, Huang in (Huang b et al 1997) present a new R-tree based join
method “BFRJ” that synchronously traverses both relations’ R-trees in breadth
ﬁrst order while processing join computation one level at a time. An intermediate join index, which deploys global optimization strategies, is created at each
level and is stored in main memory or disk. However, Huang et. al assume that
the datasets are not distributed and reside on one server. In addition, Huang et.
al assume existence of R-tree indices for both relations. This is not true in our
environment since the local server (e.g., a Web mediator) does not have R-tree
index for the spatial data gathered from other Web servers, and even though
the remote server may have an R-tree index, the mediator does not have access
to its internal nodes. Brinkhoﬀ in (Bronkhoﬀ et al 1996) show how to process
spatial joins on a parallel hardware platform with shared virtual memory that
uses R-tree as the underlying spatial access method. The parallel approach of
join processing is based on the idea of partitioned parallelism, which requires
data replication and processor communication. Consequently, an appropriate
distribution of objects to processors becomes critical. In general, the studies in
(Koudas et al 1996, Bronkhoﬀ et al 1996, Huang b et al 1997), require that
the users have write access rights to all servers, which is not feasible within our
architecture. A new operator called Web join was introduced in (Bhowmicket
al 1998). It combines information from two Web tables, based on some criteria
and stores the information in a separate Web table to be used for future queries.
Its queries have graph like structure and it is used to match the portions of the
WWW satisfying a predicate. Web join assumes that the data sets on all servers
are described by a data model called Web Data Model. This assumption is too
general and may not be provided by all databases. Finally, Abel in (Abel et al
1995) propose a spatial join algorithm based on the concept of spatial semijoin
that eliminates objects prior to transmission in order to reduce both transfer and
local processing costs. Abel et. al use a B+ -tree to provide direct access to the
spatial objects based on locational keys generated from the objects’ MBRs. The
spatial objects are sorted in ascending sequence by the locational key values, and
spatial join between two relations is performed by a merge-like operation along
two sorted lists of locational keys. Abel et. al’s work also has several diﬀerences
with our techniques. First, it requires full control (i.e. read/write access) over
the remote server to perform normal join between locational keys using B+ -tree.
Second, it assumes the existence of spatial indices for the data sets (based on
sorted single dimensional objects). In addition, it exploits the indices to perform
the join operation by using the approximations of the spatial objects provided
access to the intermediate nodes of an index structure (e.g., B+ -tree).
The second group of studies (Patel et al 1996, Lo et al 1996, Koudas et al
1998) assume that no pre-computed index structures are available on the data
sets and hence, alternative spatial join algorithms (PBSM, SHJ,S3 J ) were proposed to divide the data space into partitions (regularly in PBSM, irregularly
in SHJ, hierarchically in S3 J) and proceed with joining partition pairs. These
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studies are orthogonal to our work. Even though we are focusing on data transfer
between local and remote site, however, once the intermediate results are transferred to the local server, we can use the techniques proposed by any of these
studies to perform the local join. In (Patel et al 1996), a generalization of the
sort merge join algorithm called partition based spatial merge join PBSM was
proposed. The algorithm computes the number of partitions into which the data
space is divided. Consequently, the corresponding partitions in diﬀerent data sets
are joined together using hash join. Spatial Hash Join (SHJ ) algorithm in (Lo et
al 1996) starts by computing the number of partitions into which the data space
should be divided. Subsequently, it uses nearest center heuristic, which depends
on the centers of the objects and the partitions, to assign spatial objects to the
partitions. Finally, SHJ joins the pairs of corresponding partitions. In contrast,
we propose to apply the heuristics dynamically to only those subsets of the data
that satisfy the query predicate. Size Separation Spatial Join S3 J (Koudas et
al 1998), imposes a hierarchical decomposition of the data space that partitions
spatial data sets by size. Since spatial objects may belong to more than one partition, both PBSM and SHJ introduce replication of the objects in partitions in
order to compute the join. In contrast to PBDM and SHJ, S3 J and our methods
require no replication of objects in the input data sets. The previous methods
do not study the applicability of their algorithms in a distributed environment,
and their data objects may belong to more than one partition. However, in our
method data sets reside on more than one server with restricted read/write accesses, and an object belongs to only one partition BR or MBR.

8. Conclusion
In web-based environments, access to remote servers is restricted, progressive
or inaccurate results can be tolerated, and existence of full spatial capabilities
(e.g., spatial index structures and operations) cannot be assumed. Therefore,
support for spatial joins in these environments becomes challenging. We proposed a three step simulation of spatial join on web-based environments. We
put together an experimental setup with real database servers to evaluate our
diﬀerent plans. We demonstrated that Dynamic-MBR, which dynamically approximates and merges polygons at the local site is the superior approach for
the ﬁrst step. We also proposed two alternative heuristics for Dynamic-MBR
and we showed that the Minimum-CentroidDistance heuristic results in more
merges while the Minimum-WastedArea heuristic results in less number of false
hits. Hence, in an environment with fast network and powerful local server that
can deal eﬃciently with false hits, Minimum-CentroidDistance is the superior
heuristic since it minimizes the remote query processing time.
We intend to extend this work in four ways. First, we plan to study the impact
of remote ﬁltering and aggregate window selection, as well as the statistical
reﬁnement process, in order to compare the three proposed query processing
strategies. Second, we plan to study other types of spatial queries (e.g., polypoly) and spatial operations (e.g., inside operation). Third, we are also looking
in to utilizing the semantics of the data in our proposed techniques. Finally, we
would like to utilize the lessons learned from the above mentioned experiments
to design a query optimizer for spatial joins on web sources.
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