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Abstract:
The managementof spatial data in applications such as graphics and image processing,geographyas
weil as computeraided design (CAD) imposesstringentnew requirementson spatial databasesystems,
in particular on efficient query processingof complex spatial objects. In this paper, we proposea twolevel, multi-representationqueryprocessingtechniquewhich consistsof a filter and a refinementlevel.
The efficiency of spatial query processingis improved considerablyusing the foilowing two design
paradigms: first, divide and conquer, i.e. decompositionof complex spatial objectsinto more simple
spatial components such as convex polygons, triangles or trapezoids, and second, application of
efficient and robust spatial accessmethodstor simple spatial objects.The most powerful ingredient in
our approachis the object decomposition.Applied to the refinement level of the query processor,it
substitutes complex computational geometry algorithms by simple and fast algorithms tor simple
components.In this paper, we presenttour different decompositiontechniques tor polygonal objects.
The secondpart of the paperconsistsof an empirical performancecomparisonusing real and synthetic
data. The tour types of decompositiontechniquesare comparedto each other and with the traditional
approachwith respectto the performanceof spatial query processing.This comparisonpoints out that
our approachusing object decompositionis superiorto traditional query processingstrategies.
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lntroduction

The demand für using databasesystemsin applicationareassuchas graphicsand image processing,computer
aided design (CAD) as weIl as geography and cartography is considerably increasing. The imponant
characteristic of these applications is the occurance of spatial objects. The managementof spatial objects
imposes stringentnew requirementson spatial databasesystems.One of the most challanging requirementsis
efficient query processingof complexspatial objects.
The typical object type that occursin the abovementionedapplicationsaretwo- or three-dimensionalspatial
objects.Points, lines, or rectanglesare known as simple spatial objects,becausetheir complete descriptionis
given by only a small number of parameters.Semantically complex objects with an application specific
complexity, such as contour lines, limits of lots, and contours of CAD objects have the shape of simple
polygons. Complexity propertiesof suchpolygonal objects, suchas the shape,the number of vertices, or the
smoothnessof the contour are difficult to predict. Additionally, as a generalproperty of polygons, holes have
to be takeninto accountfür a generalhandling of objects ocCurringin geographicinformation systems,e.g. to
model areasof land containing lake areas.In orderto supportthe above type of spatial applications,the ability
to manage simple polygons is fundamental to a spatial databasesystem. In this paper, we would like to
presentand to evaluatea query processorbasedon spatial accessmethods(see für example [NHS 84], [See
90]) and computational geometrytechniques[PS 85].
In the next chapterwe introduce a query processingmechanismusing a fIlter technique based on spatial
accessmethods. The basic ingredient für achieving performance improvements in this query processing
mechanismis the introduction of redundancy[are 89]. This is the subject of chapter 3. A special type of
introducing redundancyin object representationis the socalledstructural decomposition.Chapter 4 describes
four different structural decomposition techniques für SPHs. In chapter 5 we describe the processing of
spatial queriesbasedon object decompositionin more algorithmic detail. Chapter6 containsa comparisonof
the different structural decomposition techniques with respect to their performance within spatial query
processing.The paperconcludeswith a summarythat points out the main contributions and gives an outlook
to future activities.
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Query processing using filter techniques

In this chapter, we will introduce a special type of polygonal objects and a query processingmechanismfoT
managinglarge setsof suchobjects.

2.1 Spatial objects and spatial queries
The types of spatial objects we consideris the class of .):.imple
g..olygonswith holes (SPH, see figure 1). A
polygon is called simple if there is no pair of nonconsecutiveedgessharing a point. An SPH is a simple
polygon wheresimple polygonal holes may be cut out from the enclosurepolygon. From our experience,the
classof SPHis adequatefor GIS applications(see [Bur 87]) and most 2D CAD/CAM applications.

Figure1:

simplepolygon

simple polygon with holes

Queries in spatial applicationsgenerallyfeier to spatial and nonspatialdata. Spatial data can be classifiedinto
geometricaland topological aspectswhereasnonspatialdata is given by alphanumericaldata relatedto spatial
entities. Geometric data describesproperties such as the spatiallocation, size, and shapeof spatial objects.
Topological data describesproperties such as connectivity, adjacencyand inclusion modelling relationships
betweengeometric data. By the war, it is not necessaryto storetopological data explicitely, becauseit can be
derived from geometricdata by formulating suitable queryconditions. Most spatial query conditions describe
such topological aspectsbetweenstored objects and the query object. Additionally, spatial queries not only
retrieve data, hut also may construct new objects. Usually these objects are displayed and not necessarlly
stored in the database.
From the literature no standardset of geometricqueriesfulfIlling all requirementsof spatial applicationsis
known [SV 89]. Thus it is necessaryto provide a small set of basic spatial queries which are efficiently
supported by the databasesystem. Application specific queries, e.g. in [Oos 90], typically using more
complex query conditions, can be decomposedinto a sequenceof suchbasic spatial queries.We presentthe
following setofbasic spatial queries:
.PointQuery:
Given a pointpe E2,[md all SPHsin the database
wherepe SPH.
.WindowQuery:
Givenarectilinearwindoww ~ E2,[md an SPHsin the database
wherew n SPH* 0.
.RegionQuery:
Givenan SPH* ~ E2,[md an SPHsin thedatabase
whereSPH*n SPH* 0.
.EnclosureQuery:
Givenan SPH* ~ E2,find all SPHsin thedatabase
whereSPH* ;2 SPH.
.ContainmentQuery:
Givenan SPH* ~ E2,[md an SPHsin thedatabase
whereSPH* ~ SPH.
.IntersectionQuery:
Givenan SPH* ~ E2,computethe intersectionof SPH* with an SPHsin the database.

As an example considerthe following query: Given an areaboundedby two latitudes and two meridians.Find
the most populated city within this area and the state,this city belangs to. This query can be evaluatedby
initia1ly enforcing a window query yielding the set of all cities lying within the specified area. After
computationally detennining the most populated Olle a point/enclosurequery fmds out the unique state to
which this city belangs.
2.2

Query processing supported by access rnethods and cornputational

geornetry

A typical property of spatial queriesis their restriction to a specific spatiallocation in data space.Only that
location and some lirnited neighbouring area is essential für the evaluation of most spatial queries. The
window query is a typical example für sucha query (seefigure 2).

Figure
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2: Zooming infO a query window
Obviously, objects (SPHs) lying close togetherin dataspaceare often accessedjointly by a window query.
The sameholds für the other basic queriesdefmed above. Therefore a physical clustering of spatial objects
wirb respectto their spatiallocation is essentialfür providing efficient locality basedquery processing.This
type of spatial clustering is supponedby spatial accessmethods(SAM), introduced below. In the absenceof
such a spatial clustering no spatial locality can be exploited by a query processing algorithm Every single
stored object has to be evaluated againstthe query condition leading to poor performance that is funher
decreasingwith an inceasing number of stored objects and an increasing object complexity. Therefore, Olle
essentialingredientof an efficient query processingwithin a spatialdatabasesystemis spatial clustering of the
objects.
In the past few years many spatial accessmethodswere developedwhich provide the organizationof large
setsof simple spatial objects on secondarystorage.The most simple class of spatial objectsrnanagedby such
accessmethods are (multidimensional) point objects. The grid file [NHS 84], PLOP-hashing [KS 88], the
BANG file [Fre 87], and the buddy tree [SK 90] are weIl known representativesof this class of access
methods.A surveycan be found in [SK 90]. There are three basic techniquesfür extendingmultidimensional
point accessmethods (PAMs) to multidimensional spatial accessmethods (SAMs) für rectangles [SK 88]:
clipping, overlappingregions andtransformation.
Another imponant characteristicof a SAM is the type of spatial objects it is ahle to handle directly, i.e. the
type of objectswhich are exactlyrepresented.All spatial accessmethodsproposedup to now, are restrictedto
the storageof simply shapedobjects suchas cells of a fixed grid (grid cells für shon) rOM 86], rectilinear
rectangles (with their sides parallel to the axis, rectanglesfür shon) [Gut 84], [NHS 84], [SK 88], [SK 90],
[BKSS 90], spheres[Oos 90] or convex cells (convex polygons) [Gue 89].
However, no spatial accessmethodsis available für more complex spatial objectsand panicularly is not für
the class of SPH. In order to provide an efficient accessmethod für complex spatial objects, a 'brote force'
approachwas applied up to now. Any spatialobject is placed within a rectilinear rectangle or convex polygon
of minimum shape forrning a container für that object, yielding a socalled conservative approximation. A
simple spatial object is called a containeriff any point inside the contour of the complex spatial object is also
containedin the containerobject. Thosecontainersare selectedaccordingto their suitability to be handled by
Olleof the spatial accessmethodsmentionedabove.
As simple containers just provide conservative approximations, query processing on complex spatial
objectshas to procede in a two-step manner.The fIrst step, the socalledfilter step,reducesthe entire set of
objectsto a subsetof candidatesusing their spatiallocation. The filter step is basedon spatial accessmethods
managing container objectsusing the following propeny: if the containerdoes not fulfill the query condition,
so does not the object itself. However, becausecontainerobjects provide no exact representation,this filter
step does not exactly evaluate the query, hut only yields a set of candidates,which may fulfill the query
condition. Therefore,thesecandidateshave to be exarninedin a secondstep,called refinementstep.This step
applies complex algorithmsknown from the field of computationalgeometryto the original spatialobjectsand
detectsexactlythoseobjects finally fulfilling the querycondition.
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Considerthe following Point Query as an example für this kind of queryprocessing.Two objects remainto
be examinedin the refmementstep, bur only Olleof themfulfills the query condition (figure 3).

Figure 3: Example for the Point Query
At fIrst glance, this brote force approachof coupling a spatial accessmethod and computational geometry
algorithms, seemsto be a good method of query processing.However, more detailed considerationsreveal
the main disadvantagesof this approach:in the case of a bad approximationof an object by its container,a
large number of 'false drop' candidates,i.e. objects not fulfilling the query condition, have to be refmed. On
the other hand, the refinementof Ollesingle object is very costly particularly if the object complexity is high,
becausecomplex and time-consurningcomputational geometry algorithms have to be applied. We have to
considerthesetwo aspectswhentuning the performanceof spatial queryprocessing.
In the next sectionwe will exarnineboth stepsof query processingin more detail to showpossibleways of
performanceimprovements.

2.3

Performance improvements of query processing

The filter step
The perfonnance of the filter step considerablydependson the quality of the spatial object approximationby
the containerused für fIltering issues.The approximationquality is defmed as the amountof areacoveredby
the container hut not by the object itself. As containers,e.g. minimal bounding boxes, are simple spatial
objects, they cannot exactly representcomplex spatial objects without introducing additionally coveredarea.
Minimizing the amountof that area will direcdy (proportionally) improve the fIlter step. Also more complex
containers may yield a retter approximation.The only requirementto the container type is the ability to be
efficiently managedby a SAM. Particularly für rectanglesthere are very efficient accessmethods,e.g. the R*tree [BKSS 90]. Therefore, we propose recti1inearpolygons as a particular type of container. They can be
fonned by a set of recti1inearboxes, at the expenseof introducing redundancyin object representation.Using
a number of containersto representOlle objectis the basic idea of redundantobjectrepresentation.For SAMs
somelimited amountof redundancyleadsto better queryperfonnance,as we will seein chapter6.
The refinement step
The perfonnance of the refmement step depends on the number of refmed objects as weIl as on their
complexity. Minimizing the number of objects to be refmed is the task of the filter step. Therefore, object
complexity is the issue to be examined hefe. The more complex the spatial objects are, the more time
consumingare the computational geometry algorithmsneededfür query evaluation. A simplification of the
refined objectswith respectto their complexity may lead to a bettel overall perfonnanceof the refinementstep
evenif a limited amountof redundancyhasto be handled.
Summarizing, the mall goals in performance improvement of filter based query processing are the
following:
1. Improvementof the accuracyof the fIlter stepto minimize the numberof candidates.
2. Improvement of the refmement step by using objects considerably simpler than the original SPHs to
speedup computationalgeometryalgorithms.

3.
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The above considerationsshow, that für improving the performanceof spatial query processing,we have to
give up using Olle single container für every complex spatial object. Therefore, Dur objective is to represent
the SPHs within the spatial accessmethods using a number of containersinducing redundancy in object
representation.
A more detailed considerationof different types of redundantrepresentationsof SPHs is subjectof the next
chapter.

Object representation based on redundancy
The basic idea of any redundancybasedobject representationis to improve query perfonnance by shifting
time requirementsfrom queryprocessingto updateand restructuringoperations.Retrieval operationstypically
occur considerablymore ortenthan updateoperations,e.g. insertions.Thus it is worth to invest more time in
preprocessingwhich is saved in a manyfold way in query processing.Specifically, we will generatea new
type of object representationin preprocessingwhich is time saving in query processing.In more detail, the
preprocessingstep calculatesa redundantobject representationgiven by a decompositioninto less complex
components.This leadsto a betterfIlter approximationand more efficient computationalgeometryalgorithrns
within the refmementstep.
In the following, we will presentdifferent types of redundantobject representationsfür the class of SPHs
known from the literature [are 89].
Minimum bounding boxes (no redundancy):
The object managementusing olle object container in the filter step, coupled with a refinement step on the
original complex object representationis a widely used traditional method (see [Gut 84]). This approachis
called 'identity' representation from now on. Without introducing redundancy this is the only approach
managing complex spatial objectsby SAMs preservingspatia1locationand exploiting spatial clustering.The
disadvantagesof this approach,leadingto a bad queryperformance,have beenoutlined before.
Redundancy induced by teils of a fixed grid:
In the quad tree I z-value ([Sam 84], [are 89] approacha containertor a spatial object is fonned by exactly
those cells of a fixed grid which have a common intersectionwith the object. As a cell of a fixed grid can be
efficiently represented by a bitstring, i.e. a z-value, representing the recursive grid partitioning of the
dataspace,those cells can be efficiently stored using an olle-dimensional accessmethod, e.g. a B-tree.
Inducing redundancyis intended by forming a smaller and more complex containerand therefore increasing
the performanceof the fIlter step. As the object complexity generallyis not decreasedusing this approach,the
refmementstepis not improved.
Redundancy induced by grid and object structure:
A further approachis taken by grid basedmethodswhich are not restrictedto a predefinedgrid resolution, hut
taking account of the object location and stmcture. Similiar to the edge-quadtree[Sam 84], an object is
partitioned into grid cells, socalled base grid cells. A base cell is the largest cell formed by recursive grid
partitioning containing parts of the object which fu1fil1a predefmablecomplexity condition. Therefore, no
minimum cell resolution can be guaranteed.The resolution depends on the shape of the object. Thus the
partitioning processcan typically producecells of very small area.The refinementstep,however, contrary to
original grid cell methods using a fIXed grid resolution, is tuned by the occurrenceof very simple objects
representedby eachgrid celloThe amountofredundancy, however, in this method essentiallydependson the
object structure,e.g. the distanceof two vertices, and can arbitrarily grow.
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Redundancy induced by structural decomposition:
The usageof grid cells representingspatialobjectshas its origin in the lack of suitablespatial accessmethods
tor higher dimensional dataspace.Grid cells representedby bit strings form a transformation to a onedimensionallinearly ordered dataspace.However, grid cells are bound to a fIXed partitioning schemeand
therefore provide no location independentobject approximationas minimum bounding boxes do. Therefore
the most promising approach introducing redundancy to object representation methods is a structural
decompositionof complex spatial objects into simpler components.The term 'structural' expressesthat the
decomposition is oriented on the boundary of the polygonal object. Simi1ar to the original bounding box
approach,the componentsare managedby a SAM by placing them into containers,e.g. minimum bounding
boxes. Structural decompositionsprovide a high degreeof choices tor componenttypes and decomposition
algorithrns. Typical object types tor componentsare convex polygons, trapezoids,triangles and rectangles.
Choosing a proper decompositionalgorithrn will improve both, the filter step and the refinement step. The
filter stepperformancewill benefit from a retter overall object approximationby a containerapproximationof
eachsingle component.However, the problem of multiple representationof one and the same object induced
by redundancy hag to be regarded.Additionally, the refinement step will be improved by simpler objects,
which can be processedrasterby computationalgeometryalgorithms.
In the next chapter,we presenttour different decompositiontechniquestor SPHs.The different redundant
representationstor an SPH produced by these decompositionalgorithrns will be compared within a spatial
query processorwith respectto their queryperformancein chapter6.

4.

Structural

decomposition techniques

The goal of the following sectionsis to examinedifferent structural decompositiontechniqueswith respectto
their performance für spatial query processing. At first, a catalogue of important properties is introduced
wh ich allows to distinguish and classify the different types of decomposition algorithms für polygonal
objects. Then we will describefour different algorithrnsin moredetail.

4.1

Properties of structural

decomposition techniques

The basicpropertiesof a structural decompositionmethodcan be divided into thosedescribingqualitative and
those describing quantitative aspects of the method. Qualitative aspects are the type of generated
decomposition components and the distinction between partitioning or covering of spatial objects. A
decompositionis called a partition iff all componentsare pairwise disjoint. Otherwise, it is called a covering.
The application of specific techniques from the field of computational geometry (plane sweep, divide and
conquer,etc.) is anotherqualitative aspectof a decompositiontechnique.
Quantativeaspectsarethe number of generatedcomponentswith respectto the complexity of the objectand
the quality of containerapproximationof thesecomponents.The time neededto decomposeone object and to
applycomputationalgeometryalgorithrnsto the decompositioncomponentsis a further quantitativeaspectof a
decompositiontechnique.
Abstracting from the specific propertiesmentionedabove,decompositiontechniquescan be classified with
respectto the complexity and the number of generateddecompositioncomponents.However, decomposing
into very simple componentswill lead to a high numberof componentsand vice versa.
The basic idea of comparing different decomposition techniques (see chapter 6) is to experimentally
evaluate which grade of object decompositionleadsto bestperformancein spatial query processing.What is
an adequate type of object components with respect to complexity of components and the amount of

redundancy?
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Therefore, we selectedand implementedfour different decompositionalgorithrnswhich will be explained
in detail in the next chapter.
Most decompositiontechniquesknown from the field of computational geometry have been developed
under requirementsdifferent from the applicationof efficient (spatial) query processing.In order to achieve
bestquery performance,it is necessaryto take into accounta numberof requirementsof object representation.
The algorithrnsproposedin computationalgeometry([CD 85], [KeSa 85]) are mostly optimal wirb respectto
one of those properties, e.g. minimal number of components,hut totally ignore other aspects,e.g. the TUn
time. Therefore, it was necessaryto develop particular decompositionalgorithms für query processing of
complex spatia!objects.The most importantrequirementsare:
Low number of components
Increasing redundancyinduced by a high number of componentsaffects the performanceof the filter
stepwhich has to managea significantly larger number of containers.Therefore, anotherimportantgoal
is to rninirnize the numberof generatedcomponents.
Good run time perfonnance
Whenevera new object is insertedinto the database,a decompositionof that object must be perfromed.
Therefore, algorithms optimal in the number of componentswhich requires an exponential nm time,
e.g. proposedin [PS 85] or other papers,are quite unacceptable.Thus decompositionalgorithms with a
ron time of low orderhave to be provided.
Good containerapproximation
As outlined in chapter2, the evaluationof a spatial query consistsof the fIlter and the refinementstep.
The fIlter step,basedon a object containerrepresentation,yields the set of candidatesto be exarninedin
the refmementstep.Therefore, it is of crucial importancefür the fIlter stepto rninimize the 'deadspace'
betweena spatial object and its containerand thus to reducethe number of componentspassingthe filter
step. For achieving a good container approximation, object decomposition techniques rollst supply
componentsthat can be weIl approximatedby containers,e.g. minimum bounding boxes.
Small amountof storage
Until now, we only focussed on efficient processing of spatial queries. Nevertheless, limiting the
amountof additional storagerequired fOTthe redundantobject representationis importantas weIl.
Easeof implementation
The integration of object decompositiontechniquesinto a real spatial databasesystemdemandsin the
developementof robustalgorithms, easyto implementandmaintain.
Obviously, there are many different criteria influencing the quality of a decompositionmethod. Without further
examinationthe importance of any of thesecriteria is not foreseeable.Therfore, we performed an empirical
comparison(chapter6) to evaluatewhich methodachievesbestqueryperformance.
In the next sections, we will introduce foul selected decomposition methods. We will give abrief
algorithmic descriptionand try to depict particular propertieswith respectto the criteria outlined above. One
important premise foTthe developementof the algorithrnswas to use minimum bounding boxes as containers
foTthe components.

4.2

Decomposition into convex polygons

As geometric algorithms for the type of convexpolygons are more efficient than those for arbitrary SPHs,we
consideras a fll'St approachthe decompositionof an SPH into a set of convex polygons. The basic idea is to
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transformthe original SPH into a simpler bur equivalentgeometricobject and then decomposethis new object
with an appropriatealgorithm. This idea leadsto the following two stepalgorithrn [DHH 90]:
Step 1: Transfonn the original SPH P into a polygon P' describingthe sameinfInite set of points as P hut
containing no holes. This polygon P' is simple with the exception that edges rnay overlap. From
now on, thosepolygons are called simple*.
Step 2: Decomposethe simple* polygon P' into a set of convexpolygons.
Within the following algorithm the two techniques,transformation(step 1) and divide and conquer (step 2),
from the field of computationalgeometryare applied (see[PS 85]).
Step 1: Hole integration
The objective of the first step is to integrate all holes of the given SPH P into the enclosurepolygon of P
without changingthe infinite set of points describedby the object. This will be achievedby sending out hole
integrationrays from the holes of the SPHtowardsthe enclosurepolygonuntil an holes are removed from the
original SPH. For a successfulltermination of the hole integrationstep it is necessaryto define an integration
order on the holes. This will be achievedby building up the convexhull over an the holes of the polygon and
sending out integration rays flom the holes having points on this hull towards the enclosurepolygon. Thus, a
subsetof the holes are integratedinto the enclosurepolygon and the algorithrncontinues with building up the
convex hüll of the remaining holes and so on until no more holes are left. At the end of step 1 a simple*
polygon is produced describingthe same(infinite) set ofpoints asthe original SPH.
An imponant feature of the algorithm is that the integrationrays, ie. an new segments,should be parallel
to Olle axis of the coordinate system whenever possible. This is due to the fact that an decomposition
componentsgeneratedby step2 of the algorithm will be approximatedby rectilinear rectangles.Figure 4 gives
an example ofthe effect of step1.

Figure4: Example for the hole integration step
Step 2: Decomposition of the simple. Polygon
After removing the holes using step 1, the task of step2 is to perform the actual decompositionof the objectp'
into convex componets.As mentionedbefore, the only difference betweensimple polygons and simple*
polygons is the existence of overlappingedges.Therefore, most algorithrns tor the decompositionof simple
polygons into convex parts (see [CD 85]) can also be applied to simple* polygons with only slight
modifications. How can we decomposea simple polygon into convex parts? The vertices of a given simple
polygon which displayareflex angle, called notches,will play the crucial role in the following, becausethe
result objects (convex polygons) must not contain suchvertices.So the basic idea of step2 is to remove each
notch by means of simple line segmentsdrawn from the notch. As in step 1, line segmentsshould be parallel
to Olle axis whenever possible. The algorithm uses the technique of divide and conquer because after
removing Olle notch from the original polygon it will be applied to both produced result componentsin the
sameway until no more notchesremain and a set of convex componentsis achieved.Applying step1 and 2 to
the original SPH gives the result set of convexcomponents.Figure 5 showsthe effect of steD2.
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Figure5: Exarnpleforthe convex decompositionofthe simple* polygon
We can sumrnarizethe propeIties of the presenteddecompositionalgorithm: it is easyto implement, has a
good run time performance (Q(n log2 n), where n is the number of veItices) and the number of produced
componentsin the worst caseis twice the optimum number of convexcomponents(see [DHH 90]).

4.3

Decomposition into trapezoids

The second partitioning method we take into considerationis the decomposition of an SPH into a set of
trapezoidsintroduced by Asano/Asano [AA 83]. The componentsproduced by this algorithm are formed as
trapezoidscontaining two horizontal sides.This propertyprovides a good container approximationby means
of rectilinear rectangles.The algorithmusesthe plane sweeptechniqueknown from the field of computational
geometry. The basic idea is, to send out for each vertex Olle or two horizontal rays into the interior of the
polygon to the fIrst edgeencountered.In the following we give abrief description.
As mentioned before the algorithm uses the plane sweeptechnique, i.e. the vertices will be passedand
handled with increasing y-coordinates,for example.Thus, the entire algorithm consistsof two steps:
Step 1: Sorting the verticesof the given SPH(enclosurepolygon and holes) builds up the eventpoint list,
i.e. a sorted list of all the points which haveto betreatedby the algorithm.
Step 2: Processingthe event point list by switching from Olle event point (vertex) to the next sending out
partition rays (eventpoint scheduling).Within this process, each ray and its successorform Olle
trapezoid!.Thus, the set of componentobjectsis gradually generated.
Applying step 1 and step 2 to the original SPH producesthe resulting set of trapezoids. Figure 6 shows an
exampleof the effect of the algorithm.

s:
..

---o-~,~.

Figure 6: Decompositionof an SPHinto a set of trapezoids
Summarizing,the main properties of the presenteddecompositiontechniqueare: It is very easyto implement
and hag a good mn time performance of Q(n log n) (where n is the number of vertices). The number of
produced componentsis three times the optimum number of componentsin the worst case, hut it is quite
better tor most SPHs [AA 83].

4.4

Triangulation

The basic concept of decomposition of arbitrary SPHs is generating a low number of simple object
components which support fast query processing. Triangles are very simple objects with a fixed length
description and are easy to handle with computational geometry algorithms. The triangulation algorithm
introduced hefe guaranteesthe generationof a minimum number of triangles für a given SPH where the
triangles introduce no new vertices.The algorithm works in a three stepmanner:
In some casesdegeneratedtrapezoids,i.e. triangles with Ollehorizontal side may be produced.
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Step 1:
Triangulatethe SPHusing the Delaunaytriangulation [Dei 34]. The Delaunaytriangulationworks on the setof
vertices of the SPH and generatesa triangulation of its convex hüll, see figure 7a/b. It fulfills the socalled
Lawson criterion which guaranteeshomogenoustriangles in the sensethat the deviation of the angles of a
triangle is small. Thus the degenerationof the shapeof the triangles is restricted. The resulting component
triangles may be completelyinside the SPH or may be completelyoutsideof the SPH or may have intersection
points with edgesof the SPH. Figure 7anb depicts that the Delaunay triangulation does not necessaryrepregentthe original SPH, i.e. this only happensif the SPHis convex and hagno holes.

Figure 7:

a) SampIe SPH
(19 vertices)

b) Delaunay
Triangulation
(27 Triangles)

c) Provisional
Triangulation
(50 Triangles)

d)Final

Triangulation
(17 Triangles)

Step 2:
In the second step aplane sweepalgorithm [KHS 90] is applied which detectsall intersectionsof the set of
triangles with the edges of the SPH. The intersections are removed by decomposing a triangle with
intersectionpoints into a setof subtriangleswhere no more intersectionsoccur, seefigure 7c. The numberof
the additionally generatedtriangles dependson the number of intersections.At this point, the algorithm does
not restrict to the vertices of the SPH hut hasintroduced new vertices, socalled 'StelleTpoints'.
Step 3: In the third step an Steiner points are completely removed by examining each set of Steiner points
lying on an edge of the SPH and merging an triangles belonging to these Steiner points info a single triangle.
Figure 7d depicts the final solution restricting to the vertices ofthe original SPH.
The properties of the triangulation introduced above can be surnmarlzed as follows: A minimum number of
triangles is guaranteed from the algorithm. There are no new vertices generated. The run time performance is
Q«n+k) log(n+k)), see [KHS 90], where n is the number of vertices and k is the number of intersections of
the triangles from step 1 with the edges of the SPH. Generally, there is no guarantee für triangles to contain
horizontal or vertical edges, which are essential für the quality of a container approximation.

4.5

Heterogeneous decomposition

The idea of this decomposition technique is to represent an SPH by components even more simple than
arbitrary triangles or trapezoids. Wirb respect to a container approximation by its bounding box, the most
simple type of component is a (rectilinear) rectangle. As this type of components is insufficient für the
representation of arbitrary SPHs, i.e. an arbitrary SPH can not be exactly represented by a set of rectangles, it
is necessary to use further types of components. Therefore, the decomposition

technique is called

heterogeneous. With respect to a good approximation of the components by bounding boxes, we choose
rectilinear

rectangles and rectilinear

triangles, i.e. triangles with two edges parallel to the axes, as

decomposition components. To provide a unique representation of the area covered by an arbitrary SPH, an
additional type of components managing notches, i.e. a particular shape property of polygonal objects
described before, is necessary. This type of component is called a peak. Particularly für real applications this
type of component turns out to occur only in exceptional cases. Therefore, a more detailed description of
peaks is ignored in this paper. Figure 8 shows an example für a heterogeneous decomposition of a polygonal
object.
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Figure 8: Decornpositionof an objectinto a set of rectilineartriangles and rectangles
The complete algorithm foT decomposing an SPH into the three types of components mentioned above
consistsof 3 steps:
step 1:

Remove the peaks representingthem by means of peak components.This step builds up a new

step 2:

SPH without peaks.
Remove an non rectilinear edgesof the SPH by using rectilinear triangles.Thus, a set of rectilinear

polygons is generated.
step 3: Decomposean rectilinearpolygonsinto rectilinearrectangles.
Figure 9 depicts snapshotsof the result of the algorithm (step 1-3) für a sarnplepolygon. Additionally let us
mention that the decompositionprocesscan as weil be performed by aplane sweeptype algorithm. However,
this algorithm is considerablymore complicated,andtherefore it is not presentedhefe.
Slep1

Figure 9: Heterogeneousdecompositionin a 3 stepalgorithm
Olle important property of this heterogeneousdecompositiontechniqueis that the generatedcomponentsare
very simple. Therefore, we expectthat they can be processedvery fast by geometric algorithrns. However,
this is enforced by a larger number of componentsthan in other decompositionmethods(twice the numberof
componentsin practice). As the algorithmic complexity stronglydependson the structureand on the shapeof
the decomposed object, an exact run time investigation of the above algorithm cannot be performed
analytically.

5.

Query processing based on object decomposition

The objective of this chapteris to describein more algorithmic detail the processingof different spatialqueries
based on a decomposedobject representation.In particular we will take a closer look at the insert operation,
the point query and the window query. Theseoperationswill be analyzedwith respectto their performancein
chapter6. The algorithmsdescribedbelow are not restrictedto a specific decompositiontechnique, hut hold
fot any redundantspatial objectrepresentation.

5.1 Insert operation
The task of the insert operationis to add a new spatial object, i.e. an SPH, to an existing setof spatial objects,
managedby a given accessmethod.This operationconsistsof three steps.

12
Within the fugt step, the new object is decomposed into a set of simpler components (e.g. convex
polygons, triangles) by applying one of the decomposition algorithms introduced in the previous section.
Then, in step two, the minimum bounding box, i.e. the container object, tor each of those componentsis
generated.Furthermore,a unique identifier (a surrogate)tor the original SPH is determinedand assignedto
a1lof its components.This identifier representsthe correspondencebetweenthe original spatial object and its
decompositioncomponents.Thus, the recordsdescribingthe componentsconsistof three parts: the minimum
bounding box of the component,the representationof the decompositioncomponent,and the objectidentifier.
In a last step, a11theserecords belonging to the original SPH are inserted into the databaseusing the insert
algorithm ofthe SAM.
The result of the insertion operationis a new data fIle which now containsthe componentsof the inserted
SPH. The componentsrefering to theoriginal SPHare labeled by their unique identifier.
As expected, it tums out that the insertion cost using object decomposition is higher than using no
decomposition. However, the decomposed representationof spatial objects may improve spatial query
processingby an orderof magnitudeaswe will seein chapter6.

5.2 Point query
The result of a point query consistsof all storedspatial objectscontaining a given querypoint. As describedin
chapter1 the processingof any spatial queryconsistsof two steps:The filter stepand the refmementstep.
The filter step of a point query asked on a decomposedobject representationusing a SAM yields all those
componentswhose bounding box contains the query point. They are supplied by evaluating a point query
againstthe SAM. The refinement step sequentiallyexaminesthese candidatesperforming a computational
geometry algorithm on the exact componentrepresentation('point-in-object' test). If this test yields 'true', the
identifier of that componentrecord is addedto the result. After examinationof all candidaterecordsthe query
is finished.

5.3

Window query

The window query yields a11the spatial objects intersecting a given query window. Similarily to the point
query the filter step of a window query is based on the SAM: A window query is perfonned on the fIle of
componentsyielding a11those componentswhose bounding box intersects the query window. Within the
refmement step the exact representationof all these candidatesis tested againstthe query window, i.e. a
computational geometry algorithrnis perfonned on the exactrepresentationof eachcomponent.If there is an
intersection,the object identifier of a componentrecord is addedto the result. Contrary to the point querythe
described algorithm of query processinghag to deal with object redundancy. In general, there may be a
number of different componentslabeled with the same identifier and thereforerefering to the same spatial
object intersectingthe query window (seefigure 10).

In such a case. the same identifier. i.e. the same spatial object. is handled more than once by the time
consumingrefinementalgorithm. To avoid a multiple refinementof the sameobjectand a duplicatedoutput of

6.

~

13
objects we proposethe following strategy.We use a Olledimensionalmain memory searchstructure,e.g. an
AVL-tree or a olle-dimensional hashing scheme,to managethe resulting object identifiers. Wheneverthe
identifier of an object is addedto the result, it is also insertedinto this searchstructure.Then, before applying
the refinement stepto a filtered object,the correspondingobject identifier is retrievedin the searchstruCture.If
it occurs in the searchstructure,an unnecessaryrefinement stepis prevented.B y means of this techniquewe
avoid duplicatesin the result and do not perform redundantrefmementoperations.

Performance comparison of decomposition techniques
After presenting different stmctural decompositiontechniquesas weIl as query processingalgorithms using
thesetechniques,it is the mall goal of this chapterto comparethe different techniquesto eachotherandto the
original, undecomposedrepresentation.Thus, we can analysewhether it is worth it to decomposecomplex
spatial objects and which decompositiontechniqueis bestsuitable.We will presentaseries of testswhich we
ran with Modula-2 implementationson SUN 3/60 workstations under UNIX. The mall questionwe want to
answeris whether decompositiontechniqueslead to better query performanceand which techniqueachieves
bestperformance improvementsin spatial query processing.The comparisonconsistsof two parts: Part Olle
(section 6.2) compares the different decompositions among themselves with respect to their number of
producedcomponents,their quality of containerapproximationand their amountof storage.Then in part two
of the test (section 6.3) the different decomposition techniques are investigated with respect to query
processingtime.

6.1 Selection of test data
One basic problem of an empirical performancecomparisonsis the selectionof an appropriatestandardizedset
of test data. The bestchoice is to exarninedata files used daily in real applications.Thus, we tried to provide
large sets of spatial data, e.g. digitized maps used in existing geographicinformation systems.Additionally,
large sets of synthetic data, i.e. polygons, were generatedby a tool in order to facilitate testing the query
processingsystemunder a wide range of varying data.To describethe test fIles used für the comparison,it is
necessaryto provide a set of parameterswhich characterizessingle polygons and setsof polygons. For single
polygons we choose the number of vertices, the number of holes, the size and the shape complexity as
parameters.The shape complexity is characterizedby the class the polygon is a member of, i.e. convex,
starshaped,simple polygons and simple polygons wirb holes (SPH) (see [PS 85]). For sets of polygons, the
number of polygons, their cover, and their distribution in data space are additional paramters to be
investigated.The cover of a set of objectsis the sUfi of the size of the objectsrelative to the size of the data
space.In particular, we selectedthe following files für Oufcomparison.

Name

Num. of

Objects

Cover

0.27

Dislrib.

europe

471

sph_85_1

1000

1.00

uniform

sph_85_10

1000

10.00

uniform

star-ZO_l

1000

1.00

1000

10.00

Num. of

Vertices

Num. of
Holes

Shape

0.02

SPH

2.OC

SPH
SPHstarshaped~shaped

uniform

95.1
85.0
85.0
20.0

O.OC

uniform

20.0

O.OC

real

2.OC

Table 1: The testfiles
The fIrst fIle ('europe') consists of 471 polygons representingthe counties of the EuropeanCommunity, see
table 12,In addition to the examinationof this real datafIle we generatedtwo pairs of test files by a tool, each

.2 We thankfully

acknowledgereceiving this data file from the 'Statistical Office of the European Communities'
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of them consisting of 1000 polygons. The 'sph_85' files contain SPHs, whereasthe 'star_20' files contain
simple starshapedpolygons without holes. We selected different covers für the fIles, cover 1 and 10, to
simulate different degreesof object overlap, e.g. occurring in multi attribute maps. The objects of the four
synthetic files are distributed uniformly in dataspacedue to the fact that the performanceof the R*-tree which
is used as a SAM für the bounding boxesis independentof the data distribution [BKSS 90].

6.2 Comparison of decomposition techniques with respect to structural properties

Within the fIrst part of the comparisonwe examinedthe different decompositiontechniquesof chapter4 withrespec
to the number of generatedcomponents,the quality of container approximation and the amount of
storage.Table 2 containsthe testresults für the files presentedin section6.1.

---

ioont

convex

Num. ofCompooents

471

22296

44332

44218

81338

Approximation

2.15

1.31

1.20

3.13

1.25

Amountof storage

1.00

2.15

2.77

2.63

3.73

europe

~trapezoids

trianglesI h~~

sph_85_1/10

ident

convex

Num. ofComponents

1000

51149

Approximation

1.72

1.31

1.10

3.13

1.15

Amountof storage

1.00

2.99

3.00

3.03

5.19

--

I trapezoids

83998

triangles heterogen
85004

trapezoids
niangles

star_20_1/10Num. ident

198305

heterogen

1000

7764

18958

17958

34429

Approximation

1.41

1.21

1.11

3.06

1.19

Amountof storage

1.00

2.06

2.79

2.64

3.67

ofComponenls

Table 2: Test resultsfür the structuralpropertiesof the decompositiontechniques
For the interpretationof the resultspresentedin table 2, we start with the analysisof the real data file 'europe'.
Considering the degree of redundancy, i.e. the number of components introduced by decomposition,
shows that the number of generatedcomponentsessentiallydependson the type of objectsstored in the file.
For the trapezoid and the triangle decompositionthe number of componentsis approximatelythe sameas the
number of vertices in the original object(see section4.3 and4.4). The convex decompositiongeneratesabout
half, the heterogeneousdecompositionabouttwice the numberof componentscomparedto the trapezoidand
triangle decomposition.The numberof convexcomponentsessentiallydependson the shape,i.e. the number
of notches,of the SPHs,whereasthe heterogeneousdecompositiongeneratesOlletriangle and olle rectangle
tor eachvertex of the SPH in most cases.
Consideringthe quality of containerapproximation,the bad value of 2.15 tor the identity (undecomposed)
representationis conspicuous.Within query processing,sucha bad value leadsto frequent application of the
refinement step, which is particularly time consuming due to the undecomposed representation. The
application of decompositiontechniquescausesmuch better approximationvalues within the range of 1.2 1.3 tor the convex, the trapezoidsand the heterogeneousdecomposition.This is causedby the applicationof
partition rays parallel to Olle axis of the coordinatesystem.Using the triangle decompositionleadsto values
largerthan 3, becauserectanglesareno propertype of containertor triangles.
The influence of the numberof componentsand the quality of containerapproximationon the performance
of spatial query procesingis evaluatedin the next section.
The reason tor the introduction of redundancyintroduced by structural decompositiontechniqueswas to
speed up spatial query processing.However, this type of object representationleads to a higher amount of
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(secondary)storagethan the identity representation.For real data, the convex representationneedstwice as
much, the trapezoid and triangle representationrequires almostthree times as much, and the heterogeneous
representationneedsalmostfour times as much storagespaceasthe identical representation.
Within the next section we will carefully evaluatethe performance of spatial query processingbased on
different decompositiontechniquesand we will compareit to the identity representation.

6.3

Comparison of decomposition techniques with respect to spatial query processing

In this part of the comparison,we would like to empirically evaluate which object representationtechnique
(undecomposed,convexpolygons,trapezoids,etc.) leadsto bestperformancein spatial queryprocessing.
As describedin section1 and in more detail in section5, spatial queryprocessingconsistsof two steps,the
filter stepand the refinementstep.According to this two phases,we evaluatedquery performanceof different
types of spatial objectdecompositionscomparingtheir resultsto the undecomposedobjectrepresentation.
The performance of the fIlter step is considerablydetermined by the performance of the SAM handling
bounding boxes. We used the to Dur knowledge best accessmethod handling bounding boxes, the R*-tree
[BKSS 90] with page capacity (directory and data)boundto 2K. The most time consumingoperationsduring
queries in the R*-tree are accessesto secondarystorageand comparisonswithin the directory and the data
pages.Thus, we countedthe number of page accessesand the number of comparisonsin directory as weil as
datapages and thenmultiplied them by typical time constants.
The refinement stepperformescomputationalgeometryalgorithmsfür those candidateobjectssupplied by
the fIlter step. In Dur bookkeepingof query time we include the time spent with the mall memory search
structure für object identifiers in the time für the refinementstep. This is due to the fact that decomposition
techniques simplify complex computational geometry algorithms by using a set of object components.
Therefore, we assign the task of handling this redundant object representation to the refinement step.
Consequently, the refmement performance is determined by the time spent für computational geometry
algorithms and, in case of redundantobject representations,the time needed für performing insenions and
searchoperations in the mall memory searchstructuremanagingthe identifieres of found objects. As these
performance parametersstrongly depend on the particular set of data, we explicitely measuredthem using
implementationsof the different decompositiontechniques.
Finally, we addedthe performanceparametersof the filter and the refinement stepto obtain a measurefür
the overall queryperformanceof redundantobjectrepresentationsfür different spatial queries.
The queries that we performed on the different object representationsare classified into point queries
(window query with zero extension)and window queries with different window sizesreferring to a varying
selectivity of spatial queries.The size of the query window was fixed to the values of 0.01%, 0.1%, 1%, and
10% of the data spacesize (which we considerfür typical within real applications).More complex queries,
e.g. region queriesusing SPH shapedquery regions,were not consideredin this test. Those queries typically
are evaluatedby performing a window query with a minimum bounding box of the query region foilowed by
more complex computational geometryalgorithrns on the objects supplied by the filter step of the window
query. Therefore,those algorithrnsare evenmore crucial in overall query processingand, in fact, additionally
favour object decompositiontechniques.
The query resultsare presentedin threefigures für eachof the data files introducedin the last section.The
figures depict the foilowing information: the horizontal axis representsthe size of the query window. The
number below the window size is the percentageof answerswith respectto the total number of objects.Let us
mention that a low percentageof answerscorrespondsto a high selectivity and vice versa. The venical axis
gives the time requirements für performing those queries of varying window sizes. The time is given in
microsecondsper found object. Every decompositiontechniqueis characterizedby its own curve carrying an
abbreviationof the name of the technique.The first figure correspondsto the time spentfür the filter step.The
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next Olle depicts the time needed für performing the computational geometry algorithms on the
object/componentrepresentationsand, in caseof redundantobjectrepresentations,the time spentfür the main
memory searchstructureavoiding duplicate refinementoperations.Finally, the rightmost figure representsthe
completeresult adding the results of the fust two figures and thereforecorrespondsto the overall query time
of spatial query processing.
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The overall query time clearly showsa strangdependanceon the size of the query window. Further important
criteria which influence the perfoffilance of different object representationsare the object complexity, i.e. the
number of vertices, and the cover of the objects.The mall resultsare:
.decomposition techniques clearly outperform (up to an order of magnitude) the undecomposed
representationfür point queriesand window querieswith small querywindows and thus high selectivity
.with decreasingqueryselectivity the perfoffilance of the undecomposedrepresentationimprovesrelative to
the performanceof decompositiontechniqueswith a break-evenpoint für a ratherlow ~electivity
.the performance of decompositiontechniquesfür window queries of low selectivity strongly dependson
the amountof redundancy
.the more complexthe objects,the more clearly appearsthe trendsoutlined above
Independentof the data file, point queriesand high selectivity window queriesare perfonned more efficiently
by any of the decomposedobject representationsthan by the undecomposedrepresentation.Particularly, the
real data file 'europe' (fig. 11) shows a significant gain of decomposedrepresentationsup to the factor 5 in
overall query time. As the first two figures, e.g. of the 'europe'-file (fig. 11.1 and 11.2), show, this
behaviour is due to the very expensiverefinement operationsfür the undecomposedobjects and to the fact,
that small query windows will profit from the selectivity of the spatial accessmethod, limiting the numberof
disk accessesand supplying a small amount of redundant components.Particularly, für the point query,
caused by the good container approximation of most decomposition methods, frequently no redundant
componentsare accessedat all. This trend obviously holds für any of the data files. The gain in efficiency of
object decompositionsdependson the complexity of the dataobjects.The higher the complexity of the objects
with respectto the number of vertices,the better is the perfonnance of object decompositionsrelative to the
identity representation.
Regarding low selectivity window queries, i.e. query windows of 5-10 % of the data space,this trend
tums around. Redundantobject representationsperfonn Würgefür large window queries depending on the
amount of redundancy.This is strongly causedby the large amountof componentswhich have to bemanaged
by the accessmethod. As queriesof small selectivity relate to large portions of the data, the total amountof
stored data essentiallydeterminesthe number of disk accessesnecessaryto answerthose queries.Typically,
the amount of stored data für object decompositionsis significantly higher than für an undecomposedobject
representation,as we see from section6.2, table 2. Therefore, für decomposedobject representationsthe time
spent with the accessmethod increaseswith a growing size of the query window, i.e. a shrinking selectivity
of the query (see first figures of the perfonnanceresults). The amountof redundancythat has to be handled
within the refinement step obviously increases,at the sametime. Therefore,eliminating redundancystrongly
determinesthe perfonnance of the refinement step of decomposedrepresentations.Contrarily, the average
time spentfür Olleexplicite object test of the undecomposedrepresentationdecreases,as the numberof cheap
object tests increases(i.e. the bounding box of an object is fully included in the query window and therefore
no further action is necessary).
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The influence of an increasing object complexity is reflected in an intensification of the basic trends. On
one hand, complex objectsrequire complexcomputationalgeometryalgorithmsin the caseof undecomposed
representation(seefig. 11.2,12.2, and 13.2), on the other hand, decompositionsof complex objects lack in a
further increase of redundancy(fig. 11.1, 12.1, and 13.1). Therefore, the performance of high selectivity
queries which strongly depend on efficient refmement operationswill decreasewirb an increasing object
complexity für the undecomposedobject representation.As low selectivity queries basically depend on the
number of disk accessesand the amount of redundancyto be handled, object decompositionswill degenerate
für very complex objects which enlargethe degreeofredundancy. (seefig. 11.3, 12.3, and 13.3)
The cover of the objects directly correspondsto the selectivity of a query of frxed size. When only the
cover of the objects increases (allother parameters remain fixed), the number of answers will grow.
Therefore,the undecomposedrepresentationneedsa higher numberof expensiverefinement operationswhich
can be considered as a penalty für the performance.However, object decompositions surfer in handling a
large amount ofredundancy in the caseoflow selectivity queries.(seefig. 12 and 14)
Summarizing over all shapesof objects,decompositiontechniquesgain by performing cheapcomputational
geometryalgorithms in the refinementstep.This advantageis strongly valid für high selectivity querieswhere
secondary storage accessesare not dominant. Low selectivity queries, however, supply a high amount of
redundancywhich must be accessedon secondarystorageand handled in main memory. These efforts rise
wirb an increasing size of query windows, i.e. decreasing selectivity. The degree of redundancy of a
decompositionmethod, i.e. the number of componentsfür originally one spatial object, is mainly reflected in
the performance of low selectivity queries. The performance of the different decompositiontechniquesis
similar für high selectivity queries. This is due to the fact, that computational geometry algorithms perform
very sirniliar für all decompositiontechniquesconsideredhefe. The undecomposedrepresentationperformes
Würgefür high selectivity queries. Depending on the decompositiontechnique and the particular type of
objects, a specific size of query window exists, where the performance curves of the undecomposed
representationand object decompositionsintersectin a break-evenpoint. Queries wirb higher selectivity are
more efficiently performed by the decomposedrepresentations,queries wirb lower selectivity are handled
rasterby the undecomposedrepresentation.
Among the decompositiontechniquesthe convex object decompositionmrns out to be the bestperforming
technique. It gains from a relatively small amount of redundancy(see section 6.2, table 2) and very cheap
computational geometryalgorithms, becausethe averagenumberof vertices is between4 and 5. The breakeven point of the performance curve, particularly für complex data (fig. 12.3) and real data (fig. 11.3),
correspondsto a considerablelarge query size, i.e. a considerablylow query selectivity. For most queriesand
arbitrary types of objects, the convex decompositiontechnique performes bettet than the undecomposed

representation.
From Out tests we leamed, that an optimal decompositiontechnique is not obtained by minimizing the
complexity of the componentsdue to the penalty of a very large amountof redundancy(see 'heterogeneous
decomposition').It is desirableto find a decompositionmethod which restricts the computationaleffort für its
componentsand as weIl reducesthe numberof components.The performanceof suchan ideal decomposition
method within out test bed will correspond to a parallel to the axis representing query sizes, i.e. its
performancewill bethe samefür small and für large querywindows.

7

Conclusions

In this paper, we presenteda two-level, multi-representationquery processingtechnique fOTtwo-dimensional
polygonal objectsconsisting of a filter and a refinementstep.The efficiency of the spatial query processoris
gained by decompositionof complex spatial objects into simple spatial componentsand the application of
efficient and robust spatialaccessmethodsfOTsimple spatial objects.We introducedthree new decomposition
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techniquesfoTsimple polygons wirb holes. Within an extensiveperfonnancecornparison,we cornparedthese
techniques to each other, to another technique known frorn the literature and to the undecornposed
representationwirb respectto their perfonnancein spatial queryprocessing.The main resultsare:
.Decomposition techniquesgenerally perfonn extremelygood für high selectivity spatial queries and they
outperfonnthe traditional object representationup to one orderof magnitude.
.Decomposition is a proper representationschemeespecially für complex objects, i.e. polygonal objects
with an averagevertex number greaterthan 80.
.Decomposed representationslead to a very good query perfonnance specially für files with a high cover,
e.g. multi-Iayer maps.
.The convex decompositiontums out to be the bestcompromise betweensimple computational geometry
algorithrns and a moderatedegreeof redundancyandis the winner of an decompositiontechniques.
Summarizing, we can stare that query processingbased on object decompositionis a prornising approach
worth to be further researched.In Dur future work, we will extend the query processorby more complex
queries,e.g. enclosureand containmentqueries.Furthermore,we plan to integrate additional decomposition
techniquesand other spatial accessmethods,e.g. the cell tree [Olle 88] and the P-tree [KS 91], into Dur query
processorfür an even more extensivecomparison.
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