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Abstract
Spatial joins are one of the most importaot operations for combining spatial objects of several relations. IO this paper, spatial join
processing is studied in detail for extended spatial objects in twodimensionai
data space. We present an approach for spatial join
processing that is based on three steps. First, a spatial join is performed on the minimum bounding rectangles of the objects returning a set of candidates. Various approaches for accelerating this
step of join processing have been examined at the last year’s conference [BKS 93a]. In this paper, we focus on the problem how to
compute the answers from the set of candidates which is handled by
the foliowing
two steps. First of all, sophisticated approximations
are used to identify answers as well as to filter out false hits from
the set of candidates. For this purpose, we investigate various types
of conservative and progressive approximations.
In the last step, the
exact geometry of the remaioing candidates has to be tested against
the join predicate. The time required for computing spatial joio
predicates can essentially be reduced when objects are adequately
organized in main memory. IO our approach, objects are fiist decomposed into simple components which are exclusively organized
by a main-memory
resident spatial data structure. Overall, we
present a complete approach of spatial join processing on complex
spatial objects. The performance of the individual
steps of our approach is evaluated with data sets from real cartographic applications. The results show that our approach reduces the total execution time of the spatial join by factors.
1 Introduction
Recently, spatial database systems have become more and more important for public administration,
science aod business. Several
spatial database systems (spatial DBSS), particularly
designed for
organizing spatial data of a geographic information
system (GIS ),
have been developed for applications such as cartography, environmental science and geography. For these applications, the data volume is extremely high, the spatial objects show a very complex
stiucture and the computation of spatial operators is time-intensive.
Therefore, the requirements on a spatial DBS are particularly
related to efficient query processing.
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from simple types. In analogy to relational DBSS, a collection of
spatial objects defined on the same attributes is called a spatial relation. For example, the spatial relation Cities (CName, Postal
Code, Population,
CRegion) contains the geometric attribute CRegion that describes the border of the city using a two-dimensional
polygon. A spatial query is related to the geometric attribute of the
spatial object. A typical spatial query is the window query where
the response set consists of all objects whose geometric component
overlaps with a given rectilinear query rectangle.
In contrast to a window query, the spatial join is defined on two
or more relations. The spatial join computes a subset of the Cartesian product. It combines spatial objects from these relations according to their geometric attributes, i.e. these attributes have to fulfii a spatial predicate. For example, consider the spatial relation
Forests (Id, Name, FRegion) where the geometric attribute FRegion represents the borders of forests. The query “fiid all forests
which are in a city” is an example of a spatial join on the relations
Forests and Cities. Here, the spatial predicate is whether a forest intersects a city. Since spatial joins frequently occur in a spatial DBS,
their importance is comparable to the one of traditional joins in a relational DBS.
In this paper, we investigate spatial join processing for two sets
of two-dimensional
spatial objects whose geometry corresponds to
polygonal areas. The geometry is assumed to be in vector representation, i.e. it is given as a sequence of two-dimensional
points. We
assume that the corresponding spatial operator tests polygonal areas
for intersection. For other predicates, e.g. inclusion, a similar approach can be used as presented for intersection. IO particular, our
emphasis is put on non-simple objects whose description consists
of hundreds of points. Then, for the spatial join, some of the most
expensive operations are to transfer large spatial objects from disk
into main memory and to compute the join predicate of spatial objects. In order to improve the performance of these operations, we
propose to process a spatial join in three steps. Each step uses a different representation of the objects.
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A spatial object consists of (at least) one spatial attribute that describes the geometry of the object. This attribute contains two- or
three-dimensional
data of a common type such as points, lines, rectangles, polygons, surfaces and even more complex types composed
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polygon with holes consists of an outer polygon and an arbitrary
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example, the geometry of the spatial objects from the relation Forest can be well described using polygons with holes, The “holes”
might represent areas such as lakes.
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Spatial objects extilbit a high complexity with respect to the following parameters [BHKS 93]: 1.) their number of points (vertices), 2.)-their extension, 3.) their shape, and 4.) their distribution in
data space. As a consequence of the complexity of the objects, geometric operations, e.g. the test whether two objects intersect, become very expensive.

of the objects in main memory.

Although join processing has been studied in the literature extensively, see [ME 92] for a survey, the spatial join has attracted much
less attention. Because almost all approaches for performing traditionrd joins cannot efficiently
be applied to spatial j oins, previous
approaches are based on new join algorithms that exploit spatial access methods. Most previous work on spatial joins was done under
the assumption that spatial objects are simple. Orenstein [Ore 86]
has proposed spatial join processing for objects that can be constructed as a union of cells in a two-dmensional
grid. Our discussion of spatial joins [BKS 93a] was restricted to rectilinear rectangles. This work yields the basic building block for the fiist of the
above mentioned three steps. Giinther [Giin 93] has presented a
general model for estimating the cost of spatial joins. The work of
Blankenagel and Giiting [BG 90] is an exception because they provide an algorithm for a spatial j oirr on two sets, where the one contains polygonal
areas and the other consists of two-dimensional
points. Their approach is based on techniques from the area of computational geometry.

2.2 Spatial

Algorithms
for supporting spatial joins on simple objects can be
used as an implementation
for the frrst step of the spatial join on
more complex objects. However, the authors are not aware of a
complete approach for spatial join processing including the computation of the response set from the candidate set. In particular, thk
computation may determine the response time of spatial joins. In
this paper, we address the problem how to improve the computation
of the response set.
The paper is organized as follows. In section 2, we motivate and
introduce multi-step processing and present the basic steps of the
spatial join processor. In section 3, several approximations
are introduced for performing the fiiter steps of a spatial join. The part of
the query processor dealing with the exact geometry is presented in
section 4. The total performance
improvements
are discussed in
section 5. Section 6 concludes the paper and gives an outlook to future work.

The most important spatial join is the intersection join where 9 is
intersection. In this paper, our discussion is restricted to the intersection join. However, many of the results can easily be tmnsferred
to spatial joins using other spatial predicates. For an intersection
join, non-spatial attributes are not relevant and therefore, they are

2.3 A first approach

for spatial join processing

Despite of the importance of spatird joins,
have so far focussed on the investigation

Due to extremely large data volumes and also due to the high complexity of objects and queries, spatial DBSS impose stringent requirements on their query processing. Spatial queries, such as point
queries, window queries, nearest neighbor queries, and spatial
joins, are the basic operations in a spatial DBS. In pmticular, they
serve as building blocks for more complex and application-defined
operations! e.g. for tie map overlay in a geo~aphic
irrformation
system (GIS). Therefore, an efficient
implementation
of spatial
queries is an important requirement for good overall performance
of a spatial DBS and of applications based on it.
In this section, the basic ideas of our approach are presented.
First, we briefly introduce spatial objects and spatial joins. Then, a
first approach for spatial join processing is discussed and its most
expensive operations are identiled.
Eventually, we outline the architecture of our spatial query processor that is based on multi-step
query processing.

of spatial

A relational &join of two relations A and Bon columns i and j,
denoted by A~B,
combines those tuples where the i-th column of
A and thej-th column of B futilll the predicate El. The most important join is the equijoin where 8 is equality. A join AQB is called
sparial join if the i-th cohunn of A and the j-th column of B are spatial attributes and if 0 is a spatial predicate [Gun 93]. Hence, the
spatial join computes a subset of the C~tesian product of relations
A and B. For example, instances of spatial attributes can be line segments representing rivers, railway tracks and highways or polygons
representing a part of the surface of the earth. Spatial predicates
may be intersection, containment or other proximity predicates.

not considered anymore in the remainder of the paper. The relations
are given as two sets A = {al,...,aJ
and B = {bl,...,b~
of spatial
objects where n and m refer to the number of objects in relation A
and 1?,respectively.

2 Basic Ideas of Spatial Query Processing

2.1 The geometry

join

The spatial join is one of the most frequently used operations in a
spatial DBS. The ~rformance
of a spatial DBS is likely to be affected more by a spatial join rather than by window queries because
a spatial join has to access objects several times. Its execution time
is generally superlinear in the number of objects.

objects

In the following,
the geometry of a spatial object is assumed to be
described by a sequence of two-dimensional
points. It is obvious
that this representation allows to model points, line segments and
polygons directly. In this paper, our emphasis is put on extended
spatial objects, especially on polygons and polygons with holes. A
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most research efforts
of natural joins and

equijo~s. u~ofinately)
host
~ methods designed for processing relational (1-joim cannot be used for spatial joins without modifications. Hashed-based joins are not appropriate for performing
spatial joins since spatial objects which fnlfiil the join predicate are
not in a common hash bucket in general. Sort-merge joins can be
applied to spatial joins, but this requires a one-dimensional
ordering
of the two-dimensional
objects. Orenstein [Ore 86] has proposed to
sort objects using a space-filling
curve. However, hii approach was
restricted to simple objects and hence, it can only be m-risidered for
computing a candidate set i.e. a superset of the response set. Only
the approach of nested loops can be used without any modifications
for both relational and spatial joins. Nested loops will serve as an
initial starting point. The nested loops approach is given as follows:
ALGORITHM
Nested-Loops;
RS :=0;
FORi:=l
TOn DO
obj_A:=
Fetch(A,i);
FOR j :=1 TO m DO
obj_B := Fetch(B,j);
IF obj_A n obj_B # 0
RS := RS u {(obj_A,

(* initialize the response set*)
(* outer loop*)
(* reading the i-tb object of A *)
(* inner loop*)
(* reading the j-th object of B *)
THEN
(* test the join predicate *)
obj_B));
(* insert pair in the response set*)

END Nested-Loops;

This simple algorithm illustrates the most expensive operations of
spatial join processing. First, the transfer of an object from disk into
main memory can be a very expensive operation when the object is
large. In particular, large spatial objects might prevent keeping the
relation B resident in main memory, although m (the number of elements in B) may be rather small. In the worst case, an element of
B has to be read n times. Second, the test of the join predicate can
be very expensive. In particuku, this can become the bottleneck if
the description of the objects consists of a large number of points.
Third, as it is true for all nested loops, the number of loops is very
high. In the following
subsection, we briefly outline the basic idea
of our approach for reducing the cost of spatird join processing.
2.4

Multi-step

processing

H-

s

MBR-join

according
to [BKS 93a]

of spatial joins

Our goal is the design of a multi-step query processor that improves
the performance of spatial join processing. In former publications
([KBS 93], [BHKS 93]), we presented a sparial query processor for
spatial queries such as the point and the window query. This spatial
query processor is based on a multi-step-procedure.
Its main goal is
to accelerate expensive steps by preceding filter steps which reduce
the number of spatial objects investigated in an expensive step. This
multi-step-procedure
can be extended to spatial join processing.

A spatial join is abstractly executed as a sequence of steps. First,
spatial access methods (SAMS) are used for restricting the search
space. SAMS traditionally
organize minimum bounding rectangles
(A4BRs) as geometric keys. Thus, a SAM is not able to yield the exact result of the join, but a ser ofcandidafe
pairs that contains all
answers and additionally pairs of objects that do not fulflll the join
predicate. In the next step, these candidate pairs are examined using
a geometric jilter. The geometric falter investigates accurate approximations of the objects in the set of candidates, i.e. pairs of approximations
are tested for the join predicate. As a result, three
classes of answers are identified: hits fuWing
the join predicate,
false hits not fulfilling
the join predicate and remaining pairs of
candidates possibly fulfilling
the join predicate. The third step operates on the exact geometry of the objects. The remaining candidate pairs have to be investigated whether they fulfiil the join predicate or not. This expensive step is handled by the exact geometry
processor and can be improved by using efllcient computational geometry algorithms. This multi-step approach to spatial join processing is illustrated in figure 1.

=225Ez6 ‘“’’S’’’*”’*’
Figure 1: Spatial join processor

ter) is to identify hits as well as false hks in the candidate set without investigating the exact representation of the objects. For spatial
joins, several approaches are discussed and compared in full detail
in section 3. The third step requires processing the exact geometry
of the remaining objects in the candidate set. In order to perform the
test against the join predicate efficiently,
appropriate representations of spatial objects in main memory are presented and discussed
in section 4.
Note that the sets of candidates ae not stored as intermediate results. Instead, a computed pair of candidates (or a small set of them)
is immediately
given as input to the subsequent step. In consequence, no additional cost arises for handling these candidates.

As described above, the first step computes the spatial join for the
minimum bounding rectangles (MBRs) of the objects in relations A
and B: This operation is called the MBR-join. The execution time of
the MBR-join
is less than the one of the original joitr for the following reasons. First, instead of fetching the exact representation of a
complex spatial object, only its MBR has to be read from disk. Second, testing the MBRs against the join predicate is much cheaper
than testing the exact objects. However, due to the high number of
loops, the nested loops approach is still very inefficient for processing MBR-joins.
For efficiently
scaling down the search space, spatial access methods are used wlich are readily available in most
spatial DBSS. We showed that the R*-free [BKSS 90] - one of the
most efficient members of the R-tree family [Gut 84] - can also be
exploited for performing spatial joins efficiently
[BKS 93a]. In an
experimental performance comparison using real cartographic data,
the number of page accesses required for performing the spatial join
was shown to be close to optimal. Moreover, due to the sophisticated techniques of restricting the search space and due to spatial
sorting, the number of tests of MBRs against the join predicate
could be kept very low, see [BKS 93a]. Obviously, instead of R*trees, any other spatial access methods such as R+-trees [SRF 87]
or approaches based on space fdhng curves [Fal 88, Jag 90b] might
be considered for implementing
the MBR-join.

3 Exploiting

Approximations

for Spatial Joins

A spatial access method organizes the spatial objects according to
a geometric key. The minimum bounding rectangle (MBR) is the
most popular geometric key. Using the MBR, the complexity of an
object is reduced to four parameters where the most important features of the object (position and extension) are maintained. A further important advantage of the MBR is the fast execution of spatial
operations like the point-in-MBR
test or the test for intersection.
Consequently, the MBR is widely used. Testing the MBRs of the
objects against the spatial query condition, we obtain candidates
possibly fulfdling
the query (see figure 1). This set of candidates is
the starting point for the following
investigations.
Using MBRs provides a fast but inaccurate falter for the set of answers. The larger the area of the MBR differs from the area of the
original object, the more inaccurate is the geometric filtering, i.e.
the candidate set includes a lot of false hits. In order to quantify this
statement, we experimentally
investigate the quality of MBR-approximations using real cartography data.

3.1 Evaluation

of MBR-approximation

In order to get expressive and realistic results on the suitability of
the MBR-appmximation
for supporting point queries (not for join
processing),
we investigated
various
real spatial
data sets
[BKS 93b]. In the following,
we restiict our experiments to two

As a result of the MBR-join,
we obtain a set of candidate pairs,
candidate set for short. The goal of the second step (geometric fd-
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representative spatial relations with different resolutions. The first
relation Europe depicts the counties of the European Community in
1989. The second relation is BW representing some municipalities

test series

of Baden-Wiirttemberg, a state in Germany. Figure 2 depicts the
analyzed spatial relations and lists some characteristics. ma, mi
denote the average, the miniium
and the maximum numand m-

Europe A

1858

1273

585

Europe B

4816

3203

1613

ber of vertices occurring

in the relation,

# intersecting

2253

BWA

respectively.
t

MBRs

II

BWB

2562

# hits

1504
I

# objects

‘rein

mO

1684

810

84

4

869

BW

374

527

6

2087

3.2 Reducing

Figure 2: The analysed spatial relations
In the literature,
proximations.
In
accuracy of the
racy of the ffiter

I

joins

the number

of false hits

In order to identify more false hits, we examine approximations
which describe the objects better than the MBR. Approximations
of
objects which are used for geometric ffltering should be simple to
provide a fast fiiter (simplicity
criterion)
and they should have a
good accuracy (quality criterion).

several alternatives are proposed to evaluate apour application, we are interested in measuring the
geometric filter. For polygonal objects, the accustep is increased by decreasing the deviation of the

approximation
from the original object. IU the following,
we cdl
the dtiference between the area of an object and the area of its approximation~alse
area. For comparability,
we normalixe the false
‘mea to the area of the approximated object (normalizedfalse
area).
Table 1 shows impressively
that real cartography objects are only
roughly approximated by MBRs. 0 is the average of the normalized false areas; min and max denote the minimum and maximum
values occurring in the spatird relation, respectively.

Table 1: False area of the MBR normalized

878

Table 2 demonstrates that about one thiid of the object pairs computed by the MBR-join
are false hits, i.e. although the MBRs of the
objects intersect, the objects themselves do not intersect. The reason for the high number of false hits is the rough approximation
of
MBRs which leads to high values for the normalized false area.
Consequently, there is a great @ential
to improve the processing
of spatial joins by using approximations
in the geometric filter
which approximate the spatial objects more exactly than the MBR.
In the next subsection, we present a detailed investigation
of such
approximations
for intersection joins.

%a

Europe

749
I

Table 2: Test data for approximation

relation

# false hits

The MBR is a conservative approximation.
An approximation
is
called conservative iff each point inside the contour of the original

object is also in the conservative approximation. The basic idea is
to perform the test for the query condition on conservative approximations with a better accuracy than the MBR. This is expected to
be much cheaper than performing the tests on the exact objects. If
the test fails, the candidate is a false hit. Otherwise, the candidate
remains in the candidate set and it has to be investigated in the following steps. A detailed investigation
of this effect for performing
point queries has been presented in [BKS 93 b].
Conservative
approximations
can be grouped into convex and
concave approximations.
Due to the simplicity criterion, we restrict
our considerations
to the class of convex approximations.
First,
computational
geometry algorithms for concave polygons are considerably more complicated
and time intensive than for convex
polygons. Second, eftlcient algorithms for computing a conservative approximation
are well-researched.

to the object area

Performing a point query, the fraction of false hits is proportional
to the normalized false area of the MBR. In other words, the higher
the normalized false area of the MBR is, the more often the exact
object representation
is unnecessarily loaded into main memory
and tested with costly computational
geomeby algorithms.

Approximations
In order to improve the processing of spatial joins, we investigate
five convex conservative approximations.
Let n denotes the number
of vertices of a spatial object.

Contrarily to point queries, we cannot postulate a direct dependency of normalized false area and number of false hits for spatial
joins because spatial objects are tested against each other in pairs.
Therefore, the ratio of candidates, false hds and hits is determined
by empirical tests with real cartography data. As basic data to investigate the spatial join, we use the spatial relations from figure 2. In
order to obtain suitable test series, we pursue two strategies: Pwforming strategy A, the original relation (Europe and B W, respectively) is taken as first relation of the join. The second relation is
generated by shifting the objects of the fust relation in x- and y-direction. The test series generated following
strategy A are called
Europe A and BWA. The other strategy B generates two spatial relations per test series randomly shifting and rotating the objects of
the original relation. Additionally,
the polygons are scaled in such
away that the sum of the object areas is equal to the area of the data

Rotated minimum
bounding
rectangle
(RMBR):
The rotated
MBR (RMBR for short) is an MBR where additionally
a rotation is
allowed. It is computed by a simple 0(n2)-algorithm.
Five parameters are necessary to store the RMBR.
Convex hull (CH): An obvious and popular approximation
for
simple polygons is the convex hull. The construction of the convex
hull is one of the best understood problems in computational
geometry. Graham’s simple scan-algorithm
[PS 85] requires O(n log n)
time for the computation of a convex hull. The storage requirement
for the convex hull is determined by the form and complexity of the
object geometry; it varies from object to object.
Minimum
bounding
m-corner
(m-C): To obtain a predefine
constant storage requirement,
it is possible to compute the minimum bonnding m-comer starting from the convex hull of the polygon. For the f~st time, an algorithm to construct the m-C-approximation was proposed by Dori and Ben-B assat [DB 83] which has a
time complexity of O(n log n).

space. con~~
to s~ategy A> an object of a relation generated bY
strategy B may intersect other objects of the same relation. The test
series generated following
strategy B are called Europe B and
BW B. Table 2 depicts the characteristics of the four test series.
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to identify considerable y more false hits by additional approximations. This expectation is confiimed by our test results depicted in
table 3.

Minimum
bounding
circle (MBC):
The circle needs three describing parameters for specifying the center of the circle and the
radius. In our tests, we used a randomized algorithm with an expected linear complexity [Wel 91 ].
Minimum
bounding ellipse (MBE): Two-dimensional ellipses are
determined by 5 parameters. We computed the MBE by a randomized algorithm [Wel91 ] which has an expected linear complexity.
Figure 3 visualizes the selected approximations using Great Britain as an example. These approximations differ especially in their
accuracy and number of parameters which is given in brackets. The
convex hull has the highest storage requirement (and the best accuracy) and the circle the lowest storage requirement.

test series

II

Percentage of ident~led
MBE

MBC

RMBR

false hits using

5-c

4-C

I

CH

Europe A

17.9

42.1

35.7

50.9

66.3

80.7

Europe B

19.2

44.0

45.2

58.6

69.1

82.8

BWA

17.6

43.7

45.3

59.1

70.2

82.1

BW B

16.2

44.1

37.2

52.4

64.7

79.7

Table 3: False bits identified

by approximations

The columns give the percentage of identified false hits when the
specified approximation
is used in the geometric falter after first
performing the MBR-join.
The results demonstrate that a high percentage of false hits can be identitled
by using these approximations. For example, the 5-C detects 68% of the false hits. Thus, only
32% of the non-intersecting
nbjeets whose MBRs intersect, must be
transferred into main memory and investigated in the exact geometry test.

Figure 3: Different
Approximation

quality

approximations

of the different

In figure 5, we depict the dependency between MBR-based false
area and identified false hits for the Europe B test series and for various approximatinns.
Considering in figure 5 the MBR, the MBC,
the RMBR, the 4-C, and the object itself, we recognize that the dependency is almost linear. However, the deviation of the 5-C, MBE,
and the convex hull demonstrates that not only the false are% but
also the adaptability to the object is an important property of an approximation
for identifying
non-intersecting
objects.

of an o=

approximations

For defining a quality measure for approximations,
we have to consider the false area, If the approximation
is stored additionally
to
the MBR, we use the iUBR-ba$edfdse
area as a measure for the approximation
quality. That means, we fiist compute the intersection
I of the approximation and the MBR and then the false area between
the object and the intersection 1. This is necessary because the MBR
is tested fwst and the approximation
may cover parts of the data
space which are not covered by the MBR. In figure 4, the average
approxiznation
quality is presented for different approximations
and the spatial relations BW and Europe. For comparability,
the
MBR-based false areas are normalized to the object areas.

100%
Identified
false hits

+b#
%Ject
–

CH

80%

5-c~
80’%0

X4

4-P

RMBR
~

MBE

40%
MBC
A
MBR

0’70

I I I I
0.0

I I I I

I I I I

I I I I

I 10 I

0.2
0.4
0.6
0.8
1.0
MBR-based false area (normalized to object area)

Figure 5: Dependency between MBR-based false area and
percentage of identified false hits

❑

Europe

Figure 4: MBR-based

❑

BW

Because of its good approximation
quality, the convex hull shows
the best results. But its number nf vertices varies extremely and its
average storage requirements are by factors higher then the requirements of the other approximations.
Therefore, convex hulls are not
suitable to be stored in the data pages of a spatial access method
which needs high numbers of entries within its data pages in order
to achieve a good query performance. Overall, the 5-corner is a
good compromise: it needs much less storage, but it has a very good
approximation quality and detects about two thirds of the non-interseeting object pairs delivered from the MBR-join.
The investigation in section 3.4 demonstrates the gains obtained by using the
RMBR and the 5-C.

‘

false area normalized

to the object area

The results show that the more parameters are available for the representation of an additional approximation,
the better is its approximation quality. The area of the 5-corner is nearly as accurate as the
area of the convex hull. The storage requirements of convex hulls
vary extremely, in our comparisons between 4 and 80 parameters.
The convex hull needs on the avaage 26 parameters for Europe and
46 for BW whereas the 5-comer requires only 10 parameters. The
MBR-based frdse area of a RMBR is also considerably less than the
one of the MBR requiring only one additional parameter.
As mentioned before, if conservative approximations
of two objeets do not intersect, it follows that also the objeets do not intersect.
For spatial joins we expect -in correspondence to the point query -
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3.3 Identifying

hits

in geometric

It maybe intuitively
clear that it is more expensive to compute progressive approximations
thatr conservative ones. This holds especially true if a maximttm
enclosed approximation
is computed.
Therefore, we investigate the two simplest progressive approximations: the maximum enclosed circle and the rectilinear maximum
errclosed rectangle.

fiitering

In the previous subsection, we strived for reducing the number of
false hits. As depicted in table 2, the number of hits clearly exceeds
the number of false hits. After avoiding a large percentage of false
hits, the ratio false hits to hits approaches 1 to 5. Therefore, it is not
reasonable to invest more time in identifying
further false hits. Instead, we examine techniques which identify intersecting objects
(hits) without inspecting the exact geometry. In this subsection, two
techniques are presented: 1.) the false-area test and 2.) progressive
approximations.
The false-area

Maximum
enclosed circle (MEC): Itcan be computed for a simple polygon by using the voronoi diagram of its edges. One of the
nodes of the diagram is the center of the MEC.

Maximum enclosed rectangle (MER): In order to simplify the
computation of an enclosed rectangle, we restricted the investigation to rectangles which fulfiil
the following
two properties:
1.) they intersect the longest enclosed horizontal connection starting in a vertex of the polygon and 2.) the x- and the y-coordinates
of the rectangles are x- and y-coordinates of vertices of the polygon.
This type of enclosed rectangles is called maximum enclosed rectangle in the remainder of the paper.

test

We call the difference between the area of an object obj and the area
of its conservative
approximation
the false area (denoted by
For two intersecting polygonal objects Objl and Objz
the ollowing property holds:

~aA~~ob~)).

Appr(objl)
n Apprfobjz)
objl n objz # 0

> faAPPkobjl)

+faApp&0bj2)

Flgttre 7 depicts a Bavarian
an MEC and an MER.

To say it in words, if the area of the intersection of the approximations is larger than the sum of the false areas of the objects, it follows that the objects intersect. This property can be exploited for
processing spatial joins if the false area is stored additionally
to the

region (Oberpfalz)

approximated

by

approximation
for each object. This requires only one additional
parameter. Now, the most interesting question is how many hits can
be identified by the false-area test. Table 4 gives the percentage of
identified hits its our experiments for various approximations.
Due to its bad approximation
quality, the false-area test does not
pay off for the MBR: almost no hit can be identified. Performing the
test with the 5-corner - our favorite approximation
from the last
subsection - identifies about 6% of the hits. These results motivate
to look for a test which identifies more hits than the false-area test.
For such a test, we allow a higher number of parameters.
Percentage of identified hks
using the false-area test with

test series

RMBR

MBR

4-c

5-c

CH

Europe A

0.1

0.4

3.8

8.1

12.5

Europe B

0.1

0.3

1.9

5.2

8.8

BWA

o

0.9

2.6

6.0

10.3

BW B

o

0.3

1.7

5.3

8.8

Table 4 Hits identiled
Progressive

Figttr~ 7: MEC-
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object
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In addition to conservative approximations
which were discussed
before, we will now consider another type of approximations.
For
identifying
MS progressive approximations
are adequate. A polygonal object is progressively approximated if tie point set of the approximation
is a subset of the point set of the object. Figure 6 depicts examples of conservative and progressive approximations.
When the low-cost test for progressive approximations
is successful, we obtain a definite answeq only a failed operation triggers the
costlier operation on the exact object description. For the intersection join this implies that if two progressive approximations
intasect, it follows that the objects intersect.

Figure 6: Conservative

and MER-approx”tiations

For evaluating the accuracy of progressive approximations,
we use
as a measure the area of the approximation
normalized to the area
of the corresponding polygon. In order to get a flavor of both presented approximations
for real geographic data, we computed the
normalized approximation
areas for the relations Europe and BW.
Figure 8 depicts the results. The experiments show that on the average 42~o of the area of a polygon is covered by the enclosed circle
and 44?10 by the enclosed rectangle. With respect to the three and
four parameters for representing the MEC and MER, respectively,
these values are pleasantly high.

I

MEC

Figure 8: Approximation

quality

MER
of the progressive

I
approximations

As mentioned before, if the progressive approximations
of two objects intersect, it follows that the objects intersec~ too. Considering
the processing of spatial joins, the main question is for the number
of identified hits. Table 5 shows the results of our tests. The results
demonstrate that atmost 3270 of the hits are
in the column ‘MEC’
identified by the MEC-approximation
without accessing the exact
gmmetry.
The MER-approximation
even allows to fmd around
35% of the hits. These percentages are considerably higher than
those gaitted by the false-area test which ident~les only about 6%
using the 5-corner. Storing three or four additional parameters instead of one, the number of identified hits increases by a factor of 5
to 6. Because of the higher number of identified
hits, the MER
seems to be the more suitable progressive approximation,
although
it needs one parameter more than the MEC.

progressive

Further experiments demonstrate that a combination
of progressive approximations
and the false-area test does practically not improve the rate of identified hits. Therefore, it is-not reas~nable to
use the false-area test in addition to progressive approximations,

approximations
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I

II
test series

I

Percentage of identified

II

MEC

11

defined by the wmmon MBR of the approximations
contained in
the associated page. The higher the area of a page region, the worse
is the performance of the R*-tree because it is more likely that a
query has to access the corresponding page.

hits using
M13R

I
I

I

Europe A

II

31.4

]

36.2

I

Europe B

II

31.8

I

35.3

BWA

31.6

34.3

BWB

32.6

33.6

Table 5: Identified

hits by progressive

3.4 The organization

Therefore, we observe two contrary effects: approach 1 needs
less storage than approach 2, but causes a higher area extension. In
order to investigate these impacts, we compared the two approaches
with real test data. Each spatial relation consists of about 130,(XX3
objects. These relations were alreedy used in [BKS 93a]. We assume that each description of an object stored in an R*-tree needs
16 Byte for the MBR, 16 Byte for the MER, 20 and 40 Byte for the
RMBR and the 5-C, respectively, and 32 Byte for additionrd information. Page sizes of 2 and 4 KB and an LRU-buffer
of 128 KB
were used. We tested point queries, window queries, and intersectionjoins. The window queries were performed with quadratic windows which have an x-extension of 1% and 5% compared to the xextension of the data space. A join computes about 86,000 pairs of
intersecting MBRs. Figure 10 depicts the percentage of page accesses required by approach 2 in comparison to approach 1. If the
bar in the diagram is less than llX)%, approach 2 is superior to approach 1. Otherwise, approach 1 is superior.

I

approximations

of approximations

in SAMS

The last sections have demonstrated the potentials induced by using
conservative approximations with a high approximation
quality and
by using progressive approximations,
In this section, we discuss the
organization
of such approximations
io a spatial access method

(SAM).
For selective spatird queries, we need a conservative approximation as a geometric key allowing to identify a superset of the response set and not a subset. Therefore, a progressive approximation
can only be stored additionally
to a conservative approximation.

point queries window q. (1%) window q. (5%)

u
&
&
u
❑ approach 2 (page size 2 KB) ■ approach 2 (page size 4KB)

Our approach is to manage the geometric key in the R*-tree, a
spatird access method originality designed for rectilinear boxes. In
several performance analyses and comparisons, the R*-tree has
proven its robustness and efficiency. In principle, there are two appealing approaches to managing conservative approximations
(e.g.
the 5-comer) in the R*-tree
1.) Store the conservative
stead of the MBR.
2.) Store the conservative

approximation
approximation

as a geometric
in addition

Figure 10 I/O-cost

~
MBC:

.-

~
A
.!x-extension
Figure 9: Example

I
~
G
$
g
L

of approach 2 compared

to approach 1

Figure 10 shows only slight differences
between the two approaches with small advantages for approach 1. For an interpretation of tbe results, we have rdso to consider the CPU-cost. The cost
for immediately testing a conservative approximation
such as the 5C against a query condition is much higher than for testing the
MBR fiist and then the approximation.
One number illustmtes this
effecc for the intersection join we have to test the approximation
using approach 1 about 30 times as often than using approach 2.
Additionally,
approach 2 is easier to implement and applicable to
almost all SAMS. Therefore, it is reasonable to store the conservative approximation
in addition to the MBR.

key irs-

to the MBR.

Both approaches require more storage for the approximations;
if we
store the approximation
in addition to the MBR, we need 4 parameters more than in the first approach. The increased storage requirements decrease the capacity of a data page in the R*-tree, and hence
worsen its performance. Following
the frost approach (approximation instead of MBR), there is an additional impact Except for the
convex hull, alI of the investigated approximations
have a higher xand y-extension than the MBR-approximation.
This yields a higher
urea extension which is computed by the product of the x-extension
and the y-extension. An example is depicted in figure 9.
MBR:

join

%140
120
100
80
60
40
20
n

A conservative approximation
such as the 5-wrner can be organized by SAMS using the approximation
as geometric key. Some
data structures have been designed for special types of approximations. Examples are the cell tne [Giin 89] and the polyhedra-tree
[Jag 90s] for convex polygons. From our point of view, these stmctures are rather complex such that the processing of queries and updates is very CPU-time intensive. Such access methods have to organize complex objects in their directory. This is more difficult
than organizing simple rectangles.

3.5 The performance

impact

of approximations

Using the same data as in the experiment before and the results
from the two preceding subsections, we investigated the change of
the total performance of the intersection join storing conservative
and progressive approximations
in addition to the MBR. Figure 11
depicts the results of our experiments when the MER is used as a
progressive approximation
and the RMBR or the 5-C is used as a

area extension =
x-extension .
y-extension

conservative approximation
additionally
to the MBR. The value
‘loss’ corresponds to the additional page accesses of the MBR-join
which are caused by the higher storage requirements. The ‘gain’ is
computed under the very cautious assumption that each pair of objects which is identified by the geometric fiiter as a hit or a false hit,
saves the cost of one page access. The ‘total’ value shows the total
performance gain using the suggested approximations
for the intersection join. The results of figure 11 demonstrate the great performance gains which can be achieved by using adequate approximations. These gains are considerably higher then the addkional cost
for the MBR-join.

for the area extension of an approximation

To get a flavor which area extensions occur in real applications, we
computed the area extensions of the real data presented in the
former subsections. The experiments show that on the average the
area extension of the 5-C is about 21 Yo higher than the area extension of the MBR. The results for the 4-C, the RMBR, and the MBE
are 44%, 51 Yo, and 2290, respectively. The area extension determines the size of the corresponding page region. A page region is
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page
accesses

page size: 2 KB

If no pair of edges intersects, we have to perform the second step
which tests whether objl contains obj2 or vice versa.

page size: 4 KB

■
❑
❑

30000
20000

This polygon-in-polygon
test can be performed by two point-inpolygon tests. Without preprocessing, such a test needs O(nl) and
0(n2) time, respectively [PS 85]. The MBR-approxirnation
accelerates the polygon-in-polygon
test Only if the MBR of a polygon
objl is contained in the MBR of the other polygon obj2, objl can be
contained by obj2. Otherwise, we need no point-in-polygon
test.
For our test data, such MBR-pretests
omit between ~s~o and 93%
of the point-in-polygon
tests.

loss
gain
total

10000

Nevertheless, the quadratic cost of the intersection testis not acceptable for real geographic database applications. Therefore, more
sophisticated algorithms are absolutely necessary to perform the
exact investigation
on the object geometry. In the following,
we
discuss two approaches: a plane-sweep algorithm and an algorithm
based on object decomposition.

0
‘ RMBR ‘ 5-C

‘ RMBR ‘

Figure 11: Change of performance
3.6

5-C

‘

using approximations

Summary

For processing spatial joins, we can summarize that the MBR-filtering can be substantially
improved by storing other approximations additionally
to the MBR. According to our results, we propose
to use the following
two techniques: 1.) the 5-corner approximation
and 2.) the MER-approximation.
For these techniques, the diagram
in figure 12 shows the division of the intersecting MBRs into hits
and false hits for the test series BW A. For the other test series, we
have obtained similar results. Altogether, for test series BW A we
can identify 46’%oof all intersecting pairs of MBRs as hits or false
hits. The remaining pairs are candidates for the exaet investigation.
In the next section, several techniques are considered for improving
the final step of the spatial join processor.

4.1

identified: 46%

not identified: 540/.
(exact investigation neeassary)

■ identtiiedfalse hfis(5-cornertest) ❑
❑ identt@dh,s(MER-test)
❑
Figure 12: Identified

4 Investigation

and non-identified

Plane-sweep

algorithm

Algorithms
from the area of computational
geometry are propsed
to overcome the time bottleneck of operations on the exact object
geometiy.
Different
specialized data structures and techniques,
such as plane sweep or divide-and-conquer,
are used to design efficient rdgorithms for the different spatial queries and operations. For
intersection problems the plane-sweep technique is a widely used
method [PS 85]. Shames and Hoey [SH 76] presented a planesweep algorithm for detecting an intersection in a set of line segments in O(rI log n) where n is the number of line segments. This
algorithm can be easily modified for detecting an intersection between the edges of two polygons in the same worst case time complexity where n = nl + n2 (nl and n2 denote the number of edges of
the two polygons).

non-kientiiedfalsetrk
non-identiierthils

hits and false hits of BWA

of the Exact Geometry

Geometric faltering is basal on the approximations
of objects. It
identifies hits, false hits and candidates that may fulfill the query
condition. The exact geometry processor tests whether a candidate
actually fulfllls the query condition or not. This step is very time
consuming and dominates spatial indexing and geometiic faltering
in many applications [BZ 91]. In this section, we propose methods
for reducing the effort for testing the exact geometry. For the intwsection join that means to improve the test of intersection.
In the exact geometry processor, we start off with a set of object
pairs which may intersect. The straightforward
approach to compute whether the exact geometry of a pair of simple polygons
(objl)obj2) intersects or not, consists of two steps: in the first step,
we search for a pair of edges (edgeic objl, edgej~ obj2) which intersect. If an intersecting pair of edges exists, then the objects intersect, too. A brute force approach for the fust step is to test each edge
of objl against each edge of obj2 which needs O(nl +z2) time where
nl and nz denote the number of edges of objl and obj2, respectively.
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The basic idea is to sort the vertices of both polygons in a preprocessing step according to their x-coordinates. Then a vertical line
(sweep line) sweeps the data space from left to right. The sweep line
stops at every vertex (event point), where the status of the planesweep is updated. Thk sweep line status stores the edges which intersect the sweep lime and is reeorded in a dynamic data structure
(e.g. AVL-tree).
The edges in the sweep line status are sorted according to their y-coordinate at the sweep lie pmition. For every
event point, the correspmding
edges are inserted into or deleted
from the sweep line status. While the insert operation is performed,
the considered edge is tested for intersection with its new neighbors
in the sweep line status. For a delete operation the former neighhors
of the edge are tested for intersection. If an intersection between
two edges from different polygons is detected, the algorithm stops
successfully. Otherwise (no intersection exists), the algorithm runs
until the last vertex is processed. In consequence, the plane-sweep
algorithm is - just as the quadratic algorithm - more expensive for
identifying
false hits than for identifying
hits. Figure 13 depicts an
example for the plane-sweep algorithm.
sweep line status before reaching v:
ell e29 eh e5
then ez ts dkleted:
test of el with ek. no intersection
then

e3 k

inserted:

ell e31 e4 e5
test of e3 with el: no intersection
test of e3 with e+. intersection
algorithm stops successfully

Figure 13: Example

for the plane-sweep

algorithm

We only have to check edges in the plane-sweep algorithm which
intersect the intersection rectangle of the MBRs of the two polygons. In figure 13 for example, the edges el and es do not need to
be processed by the plane sweep because they cannot intersect an
edge of the other polygon. By a linear scan through each of the two

polygons, we can exclude all edges not intersecting this rectangle.
This technique is called restricting the search space.
4.2

Object representation
and TR*-trees

searching for a point query, but - due to the overlap within its directory - the search is not restricted to one path and thus logarithmic
search time cannot be guaranteed. In the worst case, O(n) time is
necessary for a point query, where n denotes the number of trapezoids.

by decomposition

Object representation

The main characteristic
of the structure of the TR*-tree is its
small maximum
number of entries per node which reduces the
number of main memory operations. The best performance is obtained by a TR*-tree with a maximum node capacity M of 3 to 5.

Another technique for improving the exact geometry processing is
based on the following
paradigm. In order to support query intensive applications, time and storage is invested in the representation
of the spatial objects in order to shift time requirements from query
processing to update aod restructuring operations. Due to the complexity of the objects and due to the selectivity of spatial queries a
decomposition
representation of the objects is suitable for spatial
query processing [KHS 91 ]. For example, spatial objects can be decomposed into simpler components
such as convex polygons
[KHS 91], triangles [PS 85], or trapezoids [AA 83] (see figure 14).
Such a decomposition
approach consists of a single preproeasing
step at object insertion time. This preprocessing simplifies spatial
query processing because the decomposition substitutes the execution of one complex computational
geometry algorithm by multiple
executions of fast algorithms applied to simple components. Thus,
performing a query on a single complex object is replaced by performing

The object representation

using trapezoids

and TR*-trees

needs

more storage than a representation of an object by point lists. First,
the storage of the trapezoids is costlier and second, the directory of
the TR*-tree needs additional storage.
Figure 15 depicts the different levels of a TR*-tree
the trapezoids describing the state of Bavaria.

lid
1s1
root level

the query on a set of simple objects [KHS 91].

le} rel 2

that organizes

level 3

level 4

convex polygons

Figure 15: TR*-tree

representation

of Bavaria

Intersection test
Figure 14: Three decomposition

techniques-for

simple polygons

Using two TR*-tree representations, the intersection test between
two spatial objects determines whether there exists a pair of ittterseding trapezoids or not. The basic idea for such a testis to use the
property that the rectangle of an entry in a non-leaf node forms the
MBR of the trapezoids in the corresponding subtree. If the rectangles of two entries ER and Es do not have a common intersection,
traps) of intersecting trapezoids where
there will be no pair (trapR,
trap~ is in the subtree of ER and traps is in the subtree of Es Otherwise, there might be a pair of intersecting trapezoids in the corresponding subtrees. This property guides the search through the two
TR*-trees (compare [BKS 93a]), When an intersecting pair of trapezoids is found, the algorithm stops successfully. Itt the worst case,
the TR*-intersection
test requires O(nl.nz) time where nl and nz denote the number of @apezoids of the involved objects.

In the following,
we assume that an object is decomposed into trapezoids. The main advantage of trapezoids is that single trapemids
as well as sets of trapezoids can accurately be approximated
by
MBRs.

The success of the decomposition
approach depends on the ability
to quickly narrow down the set of components that are affected by
spatial queries and operations. h order to decide which components
are relevant for a particular geometric test, we need an efficient data
structure that organizes the components of one object with respect
to their location.
We use a spatial access method for organizing the components.
For this approach, we started our investigations
with the R*-tree.
However, the R*-tree was designed as a spatial access method for
secondary storage. Therefore, we developed the TR*-tree [SK 91 ]
which is designed to reduce main memory operations and to store
the components of one decomposed object.

4.3 Performance

comparison

For evaluating the three presented approaches, we need a measure
of cost. However, the more sophisticated an algorithm is, the more
difficult is it to fmd a representative and reproducible cost measure.
We decided to count the geometric operations in the algorithms.
For this approach, two aspects must be observed: First, we have to
assign fair weights to the operations. The other aspect is that some
parts of the algorithm may not be taken into consideration because
not all operations are counted (and weighted).

The data structure and the algorithms of the R*-tree and the TR*tree are rather simikm A non-leaf node of a TR*-tree contains entries of the form (rect, rej where re~is the address of a child node
and rect is the minimum bounding rectangle of all trapezoids stored
in this child node. A leaf node contains trapezoids (trap) as entries.
The TR*-tree is persistently
stored on secondary storage and is
completely transferred into main memory when the complete polygon is required for a geometric operation. In particular, it is not required to build up the TR*-tree in main memory or to convert its
pointers.

The first step is to determine which operations should be taken
into account. For the quadratic intersection, this is an easy task, because for the fiist step only edge intersection tests and for the pointin-polygon tests only intersection tests between edges of the polygon and auxiliary
horizontal
lines occur (edge-line intersection
test). In the plane-sweep algorithm, two other important operations
occuc 1.) In order to determine the position of a new edge in the
sweep line status, we must compute the y-coordinate of the new
edge at plane-sweep position and compare it to the correspondingly

The height of a TR*-tree grows logarithmically
in the number of
objects. TR*-trees have to allow overlap in their non-leaf nodes, i.e.
rectangles of different entries may have a common intersection. For
real geometric objects, the TR*-tree permits nearly logarithmic
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computed y-coordinates of the other edges stored in this status (posifiors test). 2.) When the restriction of the search space is applied,
a further important operation is the test whether an edge intersects
the intersection
rectangle of the MBRs of the tested polygons
(edge-rectangle
intersection test). Because the sorting of the vertices according to their x-coordinates can be done in a preprocessing
step for each polygon, we neglected the cost for this sorting. Contrarily, the TR*-approach
is based on two different operations: the
rectangle intersection test and the trapezoid intersection test.

sion. The f~st observation for the plane-sweep algorithm is that the
cost for determining
a non-intersection
is nearly the same as the
cost for determining
an intersection. This effect results fmm the
fact that we restrict the search space. W&out
restricting the search
space, the identification
of a false hit is costlier by a factor of about
2.3. In our test relations, the average number of edges per polygon
is 84 for Europe A and 527 for B WA. The higher number of edges
in BWA causes considerably higher cost for processing one object
pair in B W A than one in Europe A. The dependence between the
number of edges and the cost of the plane-sweep algorithm is represented in the upper diagram of figore 16. This diagram depicts the
cost to determine a false hit between two polygons in the BWA test
series depending on the number of edges of both polygons. The dia~am demonstrates the strong dependency between the cost and
the number of edges.

Neither for the plane-sweep algorithm nor for the TR*-approach,
we consider the cost for preprocessing. However, the preprocessing
cost of the TR*-approach
is considerably higher than the preprocessing cost of the plane-sweep algorithm.
In consequence, the
TR*-approach
does not pay off for performing a low number of intersection tests.
In order to determine weights for these operations, we measured
the time required for performing
them on an HP720-workstation.
Table 6 depicts the obtained weights. For the plane-sweep algorithm (without sorting of the vertices according to their x-coordinates) the four counted o~rations
need about 909Z0of the total computing time; for the other approaches, the time represented by the
counted tests is even higher.

cost
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The TR*-tree rdgoritbm behaves quite different. The most important observation is the low dependency between the average mnnber of edges and the cost of the algorithm. According to table 7 the
cost per object pair differs only by a factor of 1.35 between BW A
and Europe A. This ratio is smaller than the ratio of the average
heights of the TR*-trees which is 7“6/5,0 = 1.52. Considering the
lower diagmm of figure 16, we see that for an individual
pair of
polygons other properties (presumably their overlap) influence the
performance of the TR*-tree algorithm. In teat series B W A with
527 edges per polygon, the algorithm needs on the average 33.2
rectangle-intersection-tests
and 2.2 trapezoid-intersection-tests
for
identifying
a hit. These are pleasantly small numbers which explain
the extremely good performance of the TR*-tree approach. In our
experiments,
we achieve high performance improvements
by at
least one order of magnitude compared to the plane-sweep algorithm. Therefore, the TR*-tree algorithm is from our point of view
the best choice, even for objects with a lower complexity.

4,557,686

51.6

algorithms

.4,’
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cost
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0.9
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For our comparison, we selected the test series from section 3 as
test data. After performing
the geometric falter with the 5-cornertest and the MEC-test, we obtain a set of candidate pairs which are
transferred into main memory. In table 7, we present the cost of the
three investigated algorithms for the Europe A and the BWA test series. In this table, we present the results of the plane-sweep with restricting the search space because this version saves about 40~o of
the cost compared to the version without restricting
the search
space. The TR*-tree algorithm is performed with a maximum node
capacity of 3 entries. For the test series Europe B and BW B, we obtain similar results.

test
series

.

I

36
intersection

.
~
.

o
position

plane-sweep
(with restricting
the search spwe)

Another interesting result is that the TR*-tree algorithm has the
best performance with a maximum node capacity(M)
of 3. If higher
node capacities are used, the number of rectangle intersection tests
as well as the number of trapezoid intersection tests is increasing.

(in 10-3 see)

One result is obvious: the quadratic algorithm is - as expected - extremely inferior to the other algorithms and needs no further discus-
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The cost of using TR*-trees

with different

node capacities is shown

3500
sec
3000

for test series BWA in figure 17. The fact that the number of trapezoid intersection tests is lowest for the smallest maximum node capacity can be expected. However, that also the number of rectattgle-

2500

intersection-tests is minimal, is a little bit surprising, because with
lower node capacities the heights of the TR*-trees are increasing
and the possibilities for an efficient space partitioning
are decreasing. But these effects are compensated by the lower search cost in
nodes with a very small capacity.
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6 Conclusions

max. capacities

In this paper, we investigated the problem of efficient spatiaf join
processing on two spatial relations. The spatial join is one of the
most important and time consuming operations in a spatial database
system. Therefore, an efficient execution is crucial to its overall
performance.
Our investigation
uses the intersection
predicate
which tests whether amobject of the one relation intersects an object
of the other relation. The presented results are obtained from experimental performance comparisons using real cartographic data. Due
to space limitations,
we restricted our presentation to a few of our
experiments. Without exceptions, other experiments ahowed simi-

In spite of the problems that occur when different types of algorithms are compared, we summarize that the naive quadratic approach is out of question and that the TR*-tree approach clearly
outperforms
the plane-sweep algorithm.
The TR*-tree achieves
high factors of performance improvement and additionally benefits
from its clear algorithmic concepts which simplify the implementation of this technique.

of the Total Performance

Gains

lar results and confirmed
cessing.

In this section, we summarize the impacts of the presented techniques with respect to the total execution time of an intersection
join. We tried to be as fair as possible, however, the reader should
be aware that the following results only give a tendency of the cost.

1 is the stsrdng point of our investigation.

to use our approach for spatial join pro-

Our basic idea for efficient spatial join processing is to use several filter steps. In a fiiter step, so-called candidates are computed,
i.e. pairs of spatial objects which may fulfill
the join predicate.
Moreover, a large number of the candidates can already be identified as answers (hits) or as false hits.

We join two spatial relations of real world objects each consisting of about 130,030 objects. As a result, 86,000 pairs of MBRs intersect. We assume that each description of an object stored in an
R*-tree needs 16 Byte for the MBR, 16 Byte for the MER, 40 Byte
for the 5-C, and 32 Byte for additional information.
Page size is
4 KB and an LRU-buffer
holds 32 pages of the R*-tree. The CPUtime spent in the second step for testing the intersection of two approximations
is neglected. Furthermore, we assume that each pair
of objects which is not identified by the geometric filter as a hit or
a false hit, causes the cost of one page access (= 10 msec) and that
the TR*-tree representation increases the access cost for an investigated object by a factor of 1.5. This is because the TR*-tree representation has a higher storage cost than a representation by simple
point lists. The cost for the exact investigation
of one object is
25 msec for the plane-sweep algorithm and 1 msec for the TR*-tree
algorithm. These numbers are averages obtained from our experiments in the previous section. Ftgure 18 depicts the results of our
investigation.
Vers;on

version 2

‘

■ # mtangle Mmectiontests ❑ #t~ezoidl.temctiontests

5 Comparison

‘

investigation
is practically negligeable but the cost for the object
access increases. Nevertheless, the total execution time is improved
by a factor of almost 2 compared to version 2, and by a factor of
more than 3 compared to version 1.

20000

0

version 1

■ exact interaectkmtest ❑ objectaccess ❑ MBR-join

I

40000

I

In the fsrst step, the spatial join is performed on the minimum
bounding rectangles (MBRs) of the objects. This operation is called
MBR-join.
The MBRs serve as a geometric key to support fast access to the objects using a spatial access method (SAM).
In
[BKS 93a], we have already proposed an efficient algorithm for
computing MBR-joins.
The second step of join processing is the geometric fiiter. The
geometric filter detects a high fraction of false hits using conservative approximations
in addition to the MBR. According to a detailed experimental investigation,
we recommend to use the minimum bounding 5-corner of objects as an additional approximation.
The 5-corner combines a high accuracy with a small storage overhead. In our experiments, about two thirds of the false hits in the
candidate set computed by the MBR-join
are identitled using the 5corner. In order to detect hits in the candidate set (still without accessing the exact geometry), we propose to use simple progressive
approximations,
e.g. enclosed circles and enclosed rectangles. A
common intersection of two progressive approximations
implies a
common intersection of the corresponding objeds. In our experiments, about one third of the hits are detected using the enclosed
approximation.
rectangle as a progressive
In the third step, the join predicate has to be checked for all remaining candidates using the exact geometry. A straightforward
and very inefficient
solution for the intersection test of polygonal
objects is an algorithm which basicaIly tests each pair of edges for
intersection. A more efficient approach is to use the plane-sweep
technique well-known
from the area of computational
geometry.

It uses no ad-

ditional approximations
and it uses the plane-sweep algorithm for
the exact intersection test. The figure demonstrates that the cost for
transferring the object into main memory (object access) and for the
time.
In
exact intersection
test dominates the total execution
version 2, the 5-C and the MER-approxitnation
are introduced.
These additional approximations considerably decrease the cost for
the object access and the cost for the exact test, but increase the cost
for the MBR-join.
However, the total execution time is roughly reduced by 40%. In version 3, the plane-sweep algorithm is replaced
by the TR*-tree algorithm. Now, the execution time for the exact
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We suggest a new approach for join processing which decomposes
polygonal objects into sets of trapezoids. For each object, a TR*tree - a main-memory
resident variant of the R*-tree - organizes the
corresponding trapezoids. In several experiments, we demonstrated
that the TR*-tree approach improves the computation
of the join
predicate by at least one order of magnitude in comparison to the
plane-sweep approach. This effect demonstrates the importance of
an adequate main memory representation of objects for database
systems. The more complex the object, the more significant is the
quality of the object representation.

[BZ 91]

Using additional conservative and progressive approximations
as
well as the TR*-tree approach, the total execution time of the spatial join is improved by a factor of more than 3 for our test data. Our
results showed that the MBR-join
does not much affect the total execution time of the spatial join. In particular, this can be observed
when the third step is performed using the plane-sweep approach.
One reason is that our approach for processing MBR-joins
is already very efficient. Due to our elaborated representation of objects
using TR*-trees in main memory, the time spent for testing the join
predicate also does not much influence the execution time anymore.

[Giin 89]

[DB 83]

[Fal 88]

[Giin 93]

[Gut 84]

[Jag 90a]

Since we reduced the consumption of CPU-time essentially, the
major cost factor io the final version of our join processor is the
time spent for fetching objects from disk into main memory. This
result demonstrates the necessity for supporting an efficient access
to complex spatial objects stored on secondary storage. Especially
for spatial and non-spatial joins performed on complex join attributes, this will bean important area for future work [BK 94].

[Jag 90b]

[KBS 93]

So far, we assume a conventional computer architecture. However, since the fast execution of spatial join processing is extremely
important, another task is to consider CPU- and I/O-paraUelism
in
future work.

[KHS 91]
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