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Abstract

Space-partitioning trees, like the disk-based trie,
quadtree, kd-tree and their variants, are a family of ac-
cessmethodsthat index multi-dimensionalobjects. In the
caseof indexingnon-zero extentobjects,e.g., line segments
and rectangles,space-partitioningtreesmayreplicateob-
jects over multiple spacepartitions, e.g., PMR quadtree,
expandedMX-CIF quadtree, andextendedkd-tree. Asa re-
sult, theanswerto a queryover theseindexesmayinclude
duplicatesthat needto be eliminated,i.e., thesameobject
maybereportedmore thanonce. In this paper, wepropose
generic duplicateelimination techniquesfor the class of
space-partitioningtreesin thecontextof SP-GiST; anexten-
sible indexing framework for realizing space-partitioning
trees. The proposedtechniquesare embeddedinside the
INDEX-SCANoperator. Therefore, duplicatecopiesof the
sameobject do not propagate in the query plan, and the
elimination processis transparent to the end-users. Two
casesfor the index structures are considered basedon
whetheror not the objects' coordinatesare stored inside
theindex tree. Thetheoreticalandexperimentalanalysisil-
lustratethat theproposedtechniquesachievesavingsin the
storage requirements,I/O operations,and processingtime
whencomparedto addinga separateduplicateelimination
operator in thequeryplan.

1 Intr oduction

Space-partitioningtreesarea family of accessmethods
that index multi-dimensionalobjects,e.g., disk-basedtrie
variants[2, 8, 13], quadtreevariants[12, 14, 16, 19, 23],
andkd-treevariants[6, 7, 17, 20]. Space-partitioningtrees
areusedassupportingstructuresin avarietyof applications
suchasGIS, datamining, andCAD/CAM applications.In
thecaseof indexing non-zeroextentobjects,e.g.,line seg-
ments,and rectangles,space-partitioningtreesmay repli-
catetheindexedobjectsovermultiplespacepartitions,e.g.,
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thePMRquadtree[19], expandedMX-CIF quadtree[1, 21],
RR quadtrees[22], andextendedkd-tree[17]. As a result,
theanswerto aqueryovertheseindexesmayincludedupli-
catesthat needto be eliminated,i.e., the sameobjectmay
bereportedmorethanonce. For example,in Figure1, we
illustrate indexing two line segments,L1 and L2, using a
PMR quadtree.Eachobject is attachedto all spaceparti-
tions it intersectswith. Givenan intersectionqueryQ, we
want to reportall objectsthat intersectwith Q. This will
resultin reportingL1 four timesbecauseQ intersectswith
partitions1, 9, 10, and11. Moreover, L2 will be reported
twicebecauseQ intersectswith partitions7, and12.

Eliminatingtheduplicatesof anobjectcanbeperformed
by usingthetraditionaldatabaseduplicateeliminationtech-
niquesi.e., adding the DISTINCT operatorto the query
plan.However, thisapproachis notef�cient for thefollow-
ing reasons.First, removing the duplicatesresultingfrom
theunderlyingaccessmethodsshouldbetransparentto the
end-users.End-usersdo not have to beawareof which ac-
cessmethodis usedto answerthequeryandwhetheror not
thisaccessmethodgeneratesduplicates.Second,theuseof
a separateoperatorto eliminatetheduplicatesis anexpen-
siveoperationasit involvesanadditionalsortingor hashing
phasein the queryplan. This overheadcanbe reducedor
completelyavoidedif theseduplicatesareeliminatedat the
INDEX-SCAN operator.

In this paper, we proposegenericduplicateelimination
techniquesfor the classof space-partitioningtreesin the
context of SP-GiST[3, 4]. SP-GiSTis anextensibleindex-
ing framework for realizingtheclassof space-partitioning
treesinsidedatabaseengines[11]. Theproposedduplicate
elimination techniquesare embeddedinside the SP-GiST
INDEX-SCAN operator. They ensurethat the INDEX-
SCAN operatorreportseachobject that satis�es a given
query only onceindependentof how many times the ob-
ject is replicatedinside the index. We considertwo cases
for theindex structuresbasedonwhetheror not theobjects'
coordinatesare storedinside the index tree. For indexes
thatstoretheobjects'coordinates,we proposea technique,
termedConsistencyReference, that computesa point CR
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Figure 1. PMR quadtree

for eachobject satisfyingthe user's query. The object is
reportedonly whenthe partition beingprocessedcontains
CR. For indexesthatdo not storetheobjects'coordinates,
we usehashingtechniquesinsidethe INDEX-SCAN oper-
atorto eliminatetheduplicatesasearlyaspossible,i.e.,be-
fore retrieving theobjects'coordinatesto avoid performing
I/O operations.The theoreticalandexperimentalanalysis
illustratethattheproposedapproachachievessavingsin the
storagerequirements,I/O operations,andprocessingtime
comparedto thestand-aloneDISTINCT operatorapproach.

The contributionsof the paperare summarizedas fol-
lows:

1. We presentgenericduplicateelimination techniques
for the class of space-partitioningtrees. The pro-
posedtechniquesare embeddedinside the INDEX-
SCAN operatorinsteadof usingan expensive stand-
aloneDISTINCT operator.

2. We implement the proposedtechniquesinside the
PostgreSQLversionof SP-GiST. The theoreticaland
experimentalanalysisillustrate the ef�ciency of the
proposedtechniqueswith respectto storagerequire-
ments,I/O operations,andprocessingtime compared
to thestand-aloneDISTINCT operatorapproach.

Therestof thepaperproceedsasfollows. In Section2,
we presenttherelatedwork. In Section3, we overview the
SP-GiSTframework. The proposedduplicateelimination
techniquesarepresentedin Section4. Section5 describes
theimplementationinsideSP-GiST. Thetheoreticalandex-
perimentalanalysisarepresentedin Sections6 and7, re-
spectively. Section8 containsconcludingremarks.

2 RelatedWork

Duplicateeliminationin databasesis usuallyperformed
by addingaseparateDISTINCT operatorto thequeryplan.
Several techniqueshave beenproposedto realizetheDIS-
TINCT operator[10, 18]. Typically, a non-blockinghash-
ing techniqueis usedwhentheexpectednumberof distinct
tuplescan�t into mainmemory. Otherwise,a blockingdu-
plicateeliminationtechniqueis used.Duplicateelimination
is known to beanexpensiveoperationasit involvesanad-
ditional sortingor hashingphase.Therefore,several tech-

niqueshavebeenproposedto eliminateduplicatesmoreef-
�ciently in the context of spatialdata. In [9], an on-line
techniquehasbeenproposedto eliminateduplicatesover
spatialjoin operations.The techniquecomputesa unique
pointx for eachpair of joinedspatialobjects.A joinedpair
is reportedfrom the JOIN operatoronly whenx is inside
the spacepartition beingprocessed.The techniqueavoids
addinga separateDISTINCT operatorover the JOIN op-
eratorin thequeryplan. However, the techniqueproposed
in [9] is limited to spatialjoin operations.In contrast,our
proposedtechniquescanbeusedto handleduplicateelimi-
nationover any spatialoperationbecausethey arebuilt in-
sidetheINDEX-SCAN operator. For example,if thespatial
join is built ontopof theproposedINDEX-SCAN operator,
thenthe JOIN operatordoesnot needto handlethe dupli-
catesbecauseeachobjectwill be reportedonly oncefrom
the INDEX-SCAN operator. Another techniquefor elim-
inating duplicatesin spatialdatabaseshasbeenproposed
in [5], . The techniquemaintainsa datastructure,active
border, that representstheborderbetweenthespaceparti-
tionsthathave beenprocessedandthosethathave not. An
objectis reportedonly whenall thepartitionsthat intersect
with the object have beenprocessed,i.e., coveredby the
activeborder. Thetechniqueproposedin [5] is analgorith-
mic approachthatcanbeusedto traverseor retrieveobjects
from theindex tree.However, thetechniqueis notpractical
to be implementedasanoperatorinsidea databaseengine
becauseof its complexity.

3 SP-GiST

SP-GiST[3, 4, 11, 15] is anextensibleindexing frame-
work that broadensthe classof supportedindexes to in-
cludea wide variety of space-partitioningtrees,e.g.,disk-
basedtrie variants,quadtreevariants,andkd-trees.Space-
partitioning treesdiffer from eachother in variousways.
For example,treestructuresmay or may not supportnode
shrinkingwhereemptypartitionsinsideeachnodecanbe
omitted. Other variationsinclude the bucket size of leaf
nodes,thesupportfor variousdatatypes,andthesplittingof
nodes(whento triggerasplit andhow nodesplitting is per-
formed). As an extensibleindexing framework, SP-GiST
allowsdevelopersto instantiateavarietyof index structures
in anef�cient way throughpluggablemodulesandwithout
modifying thedatabaseengine.

SP-GiST provides a set of internal methodsthat are
commonfor all space-partitioningtrees,e.g., the Insert(),
Search(), andDelete()methods.The internalmethodsare
the coreof SP-GiST. To handlethe differencesamongthe
variousSP-GiST-basedindexes,SP-GiSTprovidesa setof
interfaceparametersandasetof externalmethodinterfaces
(for thedevelopers).

Theinterfaceparametersinclude:

� NodePredicate: speci�es thepredicatetype at the in-
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PMR quadtree kd-tree
PathShrink= LeafShrink,NodeShrink= Flase PathShrink= NeverShrink,NodeShrink= False
BucketSize= B BucketSize= 1

P ar ameter s NoOfSpacePartitions= 4 NoOfSpacePartitions= 2
NodePredicate= Quadrant(x1, y1, x2, y2) NodePredicate= “left”, “right”, or blank
KeyType= Line Segment KeyType= Point

If (insertedline segmentintersectsE.quadrant) If (level is oddAND q.x satis®esE.p.x)
Consistent(E,q,level) ReturnTrue OR (level is evenAND q.y satis®esE.p.y)

ElseReturnFalse ReturnTrue,ElseReturnFalse

Decomposethespaceinto four equalpartitions Puttheold point in achild nodewith
Distributetheline segmentsin Paccordingto predicate“blank”

PickSplit(P,level) their intersectionwith thenew partitions Putthenew point in achild nodewith
ReturnFalse predicate“left” or “right”

ReturnFalse

Table 1. Instantiations of the PMR quadtree and kd­tree using SP­GiST.

dex nodes.
� KeyType: speci�es the data type stored at the leaf

nodes.
� NumberofSpacePartitions: speci�esthenumberof dis-

joint partitionsproducedateachdecomposition.
� PathShrink:speci�eshow theindex treecanshrink.
� NodeShrink: speci�es whetherthe empty partitions

shouldbekeptin theindex treeor not.
� BucketSize: speci�es the maximum numberof data

itemsa datanodecanhold.
� ObjectReplication:speci�eswhetheror not the index

allowsreplicatinganobjectovermultiplepartitions.
� MaintainCoordinates:speci�eswhetheror not thein-

dex storestheobjects'coordinates.

The SP-GiSTexternal methodsinclude the PickSplit()
methodthat speci�es how the spaceis decomposedand
how thedataitemsaredistributedover thenew partitions.
PickSplit() is invokedby theinternalmethodInsert()when
a node is full and splitting is needed. Another exter-
nal methodis Consistent()that speci�es how to navigate
throughtheindex tree.Consistent()is invokedby theinter-
nal methodsInsert()andSearch() to guidethetreenaviga-
tion.

In Table 1, we illustrate the instantiationof the PMR
quadtreeandkd-treeusingSP-GiST. Notice that from the
developer'spointof view, codingof theexternalmethodsin
Table1 is all whatthedeveloperneedsto provide.

We realized the SP-GiST framework [3, 4] inside
PostgreSQLto include the family of space-partitioning
trees[11]. The proposedduplicateeliminationtechniques
are implementedinside the PostgreSQLversion of SP-
GiST.

4 Duplicate Elimination in Space-
partitioning Trees

Duplicatesmay occur in space-partitioningtrees that
have the following two properties: (1) they index non-

zeroextent objects,and(2) they replicatethe indexed ob-
jects over multiple spacepartitions. Examplesof such
treesincludethePMRquadtree[19], theexpandedMX-CIF
quadtree[1, 21], theRRquadtree[22], andtheextendedkd-
tree[17]. Otherindex structuressuchasthekd-tree,point
quadtree,andtrie do not generateduplicatesbecausethey
index zero-extentobjects,e.g.,points,andcharacters.

Space-partitioningtreesthat have the problemof gen-
eratingduplicatesmay or may not storethe objects' coor-
dinatesinside the index tree. For example,if the indexed
objectsarepolygons,thenstoringthe objects'coordinates
insidetheindex canbeexpensive. In thiscase,only theob-
jects' identi�ers arestoredinsidetheindex, andtheobjects'
coordinatesarestoredin a separatetable. In Section4.1,
weconsidertheproblemof duplicateeliminationin indexes
thatstoretheobjects'coordinates.In Section4.2,we con-
siderthecomplementarycase.

4.1 Duplicate Elimination in Coordinate main­
tained Indexes

Coordinate-maintainedindexes have the property that
the objects' coordinatescanbe retrieved without perform-
ing any extra I/O operations.We make useof this property
to designaduplicateeliminationtechnique,termedConsis-
tencyReference, that requiresneitherextra spacenor extra
I/O operations.Consistency Referenceis basedon theidea
of reportinganobjectat a certainpoint that is computedat
thequeryrun-time[5, 9]. Consistency Referenceis embed-
dedinsidetheSP-GiSTINDEX-SCAN operator.

Consistency Referencecomputes,at thequeryrun-time,
a zero-extent object, e.g., Point, called CR, for each
databaseobjectO satisfyinga givenqueryQ. CR is com-
putedeachtime O is encountered,i.e., if O is encountered
m times, then CR will be computedm times. O will
be reportedfrom the INDEX-SCAN operatorto the next
operatorin thequerypipelineonly whenthespacepartition
being processedcontainsCR. Since CR is a zero-extent
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DB ObjectType O QueryType Q Operator CRDe®nition
Line segment Line segment Intersection CR= f point P : P 2 O and P 2 Qg

Window Intersection CR= f point P 2 O0 : P:x � P 0:x 8 P 0 2 O0g;
whereO0 is theintersectedline segmentbetweenO andQ

Contains
Point Containedin CR= f point P : P = Qg

Rectangle Line segment Intersect CR= f point P 2 O0 : P:x � P 0:x 8 P 0 2 O0g;
whereO0 is theintersectedline segmentbetweenO andQ

Containedin
Window Intersect CR= f point P 2 O0 : P:x � P 0:x and P:y � P 0:y 8 P 0 2 O0g;

whereO0 is theintersectedrectanglebetweenO andQ
Contains
Containedin

Point Containedin CR= f point P : P = Qg

Table 2. Computing CR for various data types and quer y operator s

Consistency Reference Stand-aloneDISTINCT operatorapproach
Storage No storageis required A hashtableis usedto storetheidenti®erof eachreportedobject

Scalability Thetechniquescaleswith theincrease If thesizeof thehashtableexceedsthemainmemory,
of thesizeof theoutputrelation thena blockingduplicateeliminationtechniquewill beused

I/O Operations No I/O operationsarerequired If ablockingtechniqueis used,thenI/O operationsare
performed

Table 3. A comparison between the Consistenc y Reference technique and the stand­alone DISTINCT
operator appr oach.

object, then it is guaranteedthat CR belongsto only one
spacepartition.Hence,O will bereportedonce.

De�nition (ConsistencyReference CR): For a non-
zero extent objectO that satis�es a givenqueryQ, CR is
a zero-extentobject that belongsto O and participatesin
makingO satisfyQ.

According to the de�nition, the CR of an object O
againstqueryQ hasto satisfytwo conditions: (1) CR be-
longsto O, and(2) CR participatesin makingO satis�es
Q. Thesetwo conditionsensurethatCR belongsto a space
partitionthatwill beprocessedby Q. ThereforeO will not
be missed.The exact criterion for computingCR depends
on thedatatypeof thedatabaseobjects,e.g.,LineSegment,
or Rectangle, andthe type of the query, e.g., intersection,
overlapping, or containmentquery. This criterion is pro-
videdby thedeveloperof theindex structure.

In Figure 2, we illustrate an example for the Consis-
tency Referencetechnique. We consideran intersection
queryQ over a PMR quadtreethat indexesline segments.
The criterion for computing CR for a line segment O
satisfyingQ canbede�ned asfollows:

CR = f point P 2 O0 : P:x � P 0:x 8 P0 2 O0g; where

O0 is theintersectedline segmentbetweenO andQ.

The criterion selectsthe point with the largestX-axis
valueon theintersectedline segmentbetweenO andQ.

Thespacepartitionsin Figure2 areprocessedclock-wise
in thefollowing order:1, 9, 10,11,12,and7. Partitions6,
8, 3, and 4 are skippedbecausethey do not intersectQ.
Whenwe processpartition1, we �nd thatL3 doesnot sat-
isfy Q, therefore,L3 will beskipped.However, L1 satis�es
Q, therefore,we computetheCR point for L1, i.e.,L1-CR.
SinceL1-CR is outsidepartition1, thenpartition1 will not
reportL1. Similarly, partitions9 and11 will not reportL1

for the samereason. L1 will be reportedonly when par-
tition 10 is processed.Whenwe processpartition 12, we
�nd that theCR point of L2, i.e., L2-CR, belongsto parti-
tion 12. Therefore,partition12 reportsL2. Whenpartition
7 is processed,L3 andL4 will beskippedbecausethey do
not intersectwith Q, andL2 will not be reportedbecause
L2-CR is outsidepartition7.

In Table2, we presentcriteriafor computingtheCR un-
dervariousobjectsdatatypesandquerypredicates.These
criteriaarenotuniqueandothercriteriacanbeusedaslong
asthey satisfythede�nition above.

In Table 3, we compare the Consistency Reference
techniqueagainstthe stand-aloneDISTINCT operatorap-
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Figure 2. Example of the Consis­
tenc y Reference technique

proach. Consistency Referencedoesnot requireany extra
storagebecauseCR is computedfor eachobjectsatisfying
thequeryon the�y , i.e.,whentheobjectis encounteredby
the searchalgorithm. As a result,Consistency Reference
doesnotperformany I/O operations.Ontheotherhand,the
stand-aloneDISTINCT operatorapproachmaintainsahash
tableto storea copy of eachreportedobject. If thesizeof
themaintainedhashtableexceedstheavailablemainmem-
ory, thenablockingduplicateeliminationtechniqueis used
thatrequiresperformingdisk I/O operations.

4.2 Duplicate Elimination in Non­coordinate­
maintained Indexes

Non-coordinate-maintainedindexes are indexes that
storeonly theobjects' identi�ers insidethe index. Theob-
jects' coordinatesare storedin a separatetable. Hence,
each retrieval of an object's coordinatesrequires per-
forming at least one I/O operation. Applying the Con-
sistency Reference technique over the non-coordinate-
maintained indexes is very expensive becauseConsis-
tency Referenceretrieves the coordinatesof an object at
eachtime this objectis encounteredduringthesearch.

Our proposedduplicateelimination techniquefor non-
coordinate-maintainedindexes is basedon hashingtech-
niques. Hashing techniquesare well known techniques
for eliminating duplicatesin databasemanagementsys-
tems [18]. Our approach,termedEmbeddedHashing is
basedonembeddinghashingtechniquesinsidetheINDEX-
SCAN operator, which hastwo advantages:(1) it achieves
transparency to theend-user, and(2) it savesI/O operations
becauseour approachretrievesthecoordinatesof eachob-
ject encounteredduring the searchonly onceindependent
of how many timestheobjectis replicatedinsidetheindex.

EmbeddedHashingperforms in the sameway as the
standardhashingtechniquesfor eliminatingduplicatesex-
ceptthat it works insidethe INDEX-SCAN operator. Em-
beddedHashingstorestheidenti�ers of theobjectsencoun-

teredduring thesearchin a hashtableto avoid processing
the sameobjectmultiple times. Whenan objectO is en-
countered,we searchfor O in thehashtable.If O is found,
then O is skippedbecauseit hasbeenalreadyprocessed.
Otherwise,we performan I/O operation(s)to retrieve O's
coordinatesandcheckwhetheror not O satis�esthequery.
If O satis�es the query, then O will be reported. Other-
wise,O will be skipped. In both cases,O's identi�er will
bestoredin thehashtable.

Continuingwith theexamplein Figure2, andassuming
thatonly theobjects'identi�ers arestoredinsidetheindex,
theprocessingof Q is asfollows. Theprocessingof parti-
tion 1 will reportL1 asit satis�esQ but notL3. Then,both
L1 and L3 will be insertedinto the hashtable. The pro-
cessingof partitions9, 10, and11 will not checkL1 again
becauseL1 is alreadyin thehashtable. Theprocessingof
partition 12 will reportL2 becauseL2 is not encountered
before. Then,L2 will be insertedinto the hashtable. Fi-
nally, theprocessingof partition7 will not checkL2 or L3

againbecausebothobjectsarealreadyin thehashtable.L4

will bechecked,but it will not bereportedbecauseit does
not satisfyQ. Then,L4 will beinsertedinto thehashtable.

If the sizeof the hashtableexceedsthe availablemain
memory, we usea blockinghashingtechnique.In the �rst
phaseof the technique,we storethe identi�ers of the en-
counteredobjectsduring the searchin the hashtable. In
the secondphase,we eliminate the duplicates,and then
retrieve the coordinatesof eachof the remainingobjects
to check them againstthe query. Since we retrieve the
objects' coordinatesafter eliminatingthe duplicates,then,
EmbeddedHashingguaranteesthatthecoordinatesof each
encounteredobjectareretrieved only onceindependentof
how many timestheobjectis replicatedinsidetheindex.

In Table4, we compareEmbeddedHashingagainstthe
stand-aloneDISTINCT operatorapproach. In Embed-
dedHashing, the hashtable storesthe identi�ers of the
encounteredobjectswhetheror not they satisfythe query.
Whereas,the hash table maintainedby a separateDIS-
TINCT operatorstoresonly the identi�ers of the objects
that satisfy the query. In both techniques,the sizeof the
hashtablemayexceedtheavailablemainmemory. There-
fore, both techniquesmay use a blocking hashingtech-
niquefor eliminating the duplicates.The main advantage
of EmbeddedHashingover thestand-aloneDISTINCT op-
eratorapproachis in thesavingsof theI/O operations.Em-
beddedHashingretrievesthe coordinatesof eachencoun-
teredobject,whetheror not it satis�esthequery, only once.
Whereas,thestand-aloneDISTINCT operatorapproachre-
trievesthecoordinatesof eachencounteredobject,whether
or not it satis�esthequery, every time this objectappears.
The reasonis that in the latter case,the INDEX-SCAN
operatordoesnot keeptrack of which objectsarealready
processed.Thus,eachtime an object is encountered,the
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EmbeddedHashing Stand-aloneDISTINCT operatorapproach
A hashtableis usedto storetheidenti®ersof A hashtableis usedto storetheidenti®ersof the

Storage theencounteredobjectsincludingobjectsthat objectsreportedfrom theINDEX-SCAN operator.
donot satisfythequery

If thesizeof thehashtableexceedsthemain If thesizeof thehashtableexceedsthemainmemory,
Scalability memorythenablockingduplicateelimination thenablockingduplicateeliminationtechnique

techniquewill beused will beused

PerformsoneI/O operationfor eachencountered PerformsoneI/O operationfor eachappearanceof an
I/O Operations objectindependentof theobjects'replication. encounteredobject.This is thecasewhetherthehash

This is thecasewhetherthehashtableresides tableresidesin memoryor ablockingtechniqueis used
in memoryor a blockingtechniqueis used

Table 4. A comparison between the Embed ded Hashing technique and the stand­alone DISTINCT
operator appr oach.

INDEX-SCAN operatorretrievesthecoordinatesof thisob-
ject andchecksthemagainstthequery. The I/O saving of
EmbeddedHashingcanbesigni�cant if theobjects' repli-
cationfactorover thespacepartitionsis large.

5 Implementation Inside SP-GiST

We implementtheproposedduplicateeliminationtech-
niquesinsidethePostgreSQLversionof SP-GiST[11]. The
Consistency Referencetechniqueis implementedaspartof
the SP-GiSTexternalmethodsbecauseit requiresthat the
developerde�nes andcodesthe criteria for computingthe
CR objects(Section5.1). The EmbeddedHashingtech-
niqueis implementedaspartof theSP-GiSTinternalmeth-
odsbecausethey arecommonfor all SP-GiSTindex struc-
tures(Section5.2).

5.1 Coordinate­maintainedIndexes

To implementthe Consistency Referencetechniquein-
sideSP-GiST, we extendtheSP-GiSTexternalmethodsto
include two more functions: ConsistencyReference()and
ReportUnique(). Thedeveloperof an index structurewill
provide thesefunctionsamongthe index's external meth-
ods.

ConsistencyReference(Op,E, Q) takesthreearguments,
where Op is the operatortype, e.g., intersection, over-
lapping, or containment, E is the operator's left argument
which is a databaseobject,andQ is theoperator's right ar-
gumentwhich is the operatorpredicate.Basedon the op-
erator'stypeandarguments,Consistency Reference()com-
putesandreturnstheCR referenceof E. ReportUnique(P,
CR) takes two arguments,whereP is the partition begin
processed,and CR is the E's CR computedby Consis-
tency Reference().ReportUnique(P, CR) returnsTrue if
CRbelongsto P, andFalseotherwise.

ConsistencyReference()andReportUnique()arecalled
from the internal function Search() only whenthe index's

interfaceparametersObjectReplication= True and Main-
tainCoordinates= True(Referto Section3). That is, these
functionsareusedonly for indexesthat storethe objects'
coordinatesandallow objectsto be replicatedover multi-
ple spacepartitions. Search() is modi�ed to call Consis-
tencyReference()andReportUnique()asfollows. Whena
leaf objectO is encountered,Search() passesO to function
Consistent()to decidewhetheror not O satis�esthequery.
If O doesnot satisfy the query, then O will be skipped.
Otherwise,Search() calls ConsistencyReference() to get
O's CR, andthencalls ReportUnique() to checkwhether
or not O's CR belongsto the partition being processed.
If ReportUnique() returnsTrue, thenSearch() will report
O. Otherwise,O will be skipped. Notice that, Consis-
tencyReference()andReportUnique()arecalledonly for
leafobjectsthatsatisfythequery.

For indexesthathave eitherObjectReplicationor Main-
tainCoordinates set to False, only the prototype de�ni-
tion of ConsistencyReference() and ReportUnique() is
required among the index's external methods because
Search() will not call themin the�rst place.

5.2 Non­coordinate­maintainedIndexes

Unliketheimplementationof theConsistencyReference
technique,EmbeddedHashingis fully implementedinside
theSP-GiSTcore,i.e., the internalmethods.Therefore,no
extracodingis requiredfrom theindex developerside.

The EmbeddedHashingtechniqueis implementedin-
sidethe Search() internalmethod. The non-blockingEm-
beddedHashingis implementedinsideSearch() asfollows.
Search() maintainsa hashtable. Whenever a leaf objectO
is encountered,Search() looksfor O's identi�er in thehash
table. If O's identi�er is found,thenO is skippedbecause
O is alreadyprocessed.Otherwise,Search() retrievesO's
coordinatesandpassesO to Consistent()to decidewhether
or not O satis�es the query. In both cases,Search() adds
O's identi�er to thehashtable.
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Parameter De®nition
R Theunderlyingrelation
M Thememorysizein blocks
B Thememoryblocksize
N Thenumberof bucketsin thehashtable

� (R) Thenumberof distinctobjectsin R that
satisfythequery

" (R) Thenumberof distinctencounteredobjects
in R thatdonotsatisfythequery

� Theaveragenumberof objectreplications
encounteredduringthesearch

Table 5. The analysis parameter s

TheblockingEmbeddedHashingis implementedinside
Search() asfollows. Whenever a leaf objectO is encoun-
tered,Search() insertsO'sidenti�er into thehashtablewith-
out checkingfor duplicates.After insertingall theencoun-
tered leaf objectsinto the hashtable, Search() scansthe
hashtablebucketby bucket to eliminatetheduplicates.Af-
ter eliminating the duplicatesof a given bucket, Search()
retrievesthe coordinatesof eachobject in that bucket and
passesthe object to Consistent()to decidewhetheror not
theobjectsatis�esthequery. If theobjectsatis�esthequery,
thentheobjectwill bereported.Otherwise,theobjectwill
beskipped.

Search() usesEmbeddedHashingonly whentheindex's
interfaceparametersObjectReplication= True and Main-
tainCoordinates= False(Referto Section3). That is, Em-
beddedHashingis usedonly for indexesthat do not store
the objects'coordinatesandallow objectsto be replicated
over multiple spacepartitions. Deciding whethera non-
blocking or blocking hashingwill be usedis basedon the
samestatisticsthat the query optimizer usesif a separate
DISTINCT operatoris usedin thequeryplan.

6 Theoretical Analysis

In thissection,weanalyzetheoreticallytheproposeddu-
plicateeliminationtechniques.For eachtechnique,weana-
lyze thememoryrequirements(in blocks),andthedisk I/O
operations.TheCPUprocessingtimeis consideredonly for
techniquesin which no I/O operationsareperformed.The
parametersusedin theanalysisaresummarizedin Table5.

We compare the Consistency Reference technique
againstthe stand-aloneDISTINCT operatorapproachin
Table 6. Consistency Referenceis only a memory-based
technique, i.e., it has no disk-basedanalysis. Consis-
tency Referencedoesnotrequireany extrastorageanddoes
not performany I/O operations.In Consistency Reference,
eachtimeanobjectis encountered,thetechniquechecksthe
objectagainstthequery, andif theobjectsatis�esthequery,
thentheobject'sCR is computed.Thenumberof theseen-
countersis [� (R) + "(R)] � � . Checkinganobjectagainst
the query and computingthe object's CR are assumedto

takeO(1) processingtime. Therefore,theoverallCPUpro-
cessingtime is [� (R) + "(R)] � � .

Thememory-basedstand-aloneDISTINCT operatorap-
proachmaintainsa hashtableof size� (R)=B blocks. The
techniquedoesnotperformany I/O operations.In this tech-
nique,theINDEX-SCAN operatorcheckstheencountered
objectsagainstthe query[� (R) + "(R)] � � times. Then,
theINDEX-SCAN operatorreports� � � (R) objectsto the
DISTINCT operator. TheDISTINCT operatorsearchesfor
eachof the � � � (R) objectsin a hashtablebucket of av-
eragesize� (R)=N . Therefore,theoverallCPUprocessing
time is [� (R) + "(R)] � � + [� � � 2(R)]=N .

If the sizeof the hashtableexceedsthe availablemain
memory, thena disk-basedblocking hashingtechniqueis
used. The blocking techniqueusesthe entire memoryto
processthehashtablebuckets.Thesizeof thehashtableis
[� � � (R)]=B blocks.Thetablewill bewritten to andthen
readfrom the disk to eliminatethe duplicates.Therefore,
thetotalnumberof I/O operationsis 2 � [� � � (R)]=B.

To summarizethe resultspresentedin Table6, Consis-
tency Referenceinvolvesneitherstorageoverheadnor I/O
operationsandits CPUprocessingtime is lessthanthatof
the stand-aloneDISTINCT operatorapproach.Hence,in-
dependentlyfrom the objectsdistribution and the replica-
tion factor� , theConsistency Referencetechniqueoutper-
formsthestand-aloneDISTINCT operatorapproach.

The comparisonbetweenthe EmbeddedHashingtech-
niqueandthestand-aloneDISTINCT operatorapproachfor
non-coordinate-maintainedindexesis presentedin Table7.
Both techniquesmay usea blocking hashingtechniqueif
thehashtablecannot�t entirelyintomemory. Thememory-
basedversionof EmbeddedHashingstoresin thehashtable
the identi�er of eachencounteredobject including objects
that do not satisfy the query. Hence,the sizeof the hash
tableis [� (R) + "(R)]=B. EmbeddedHashingretrievesthe
coordinatesof eachof the encounteredobjectsonly once.
Assumingthateachretrieval requiresoneI/O, thenthe to-
tal numberof I/O operationsperformedby thetechniqueis
� (R) + "(R). On theotherhand,thememory-basedstand-
aloneDISTINCT operatorapproachstoresin thehashtable
the identi�ers of theobjectsthat satisfythe query. Hence,
the size of the hashtable is � (R)=B. In the stand-alone
DISTINCT operatorapproach,the INDEX-SCAN opera-
tor retrievesthecoordinatesof anobjecteachtime theob-
ject appears.Therefore,the numberof I/O operationsis
[� (R) + "(R)] � � .

With respectto the disk-basedprocessing,both tech-
niqueswill usetheentirememoryto processthehashtable
buckets. In EmbeddedHashing,the sizeof the hashtable
to bewrittento andreadfrom thedisk is [� (R) + "(R)] � � .
After eliminating the duplicatesfrom the hashtable,Em-
beddedHashingretrievesthecoordinatesof eachof there-
mainingobjectsto checkthemagainstthequerywhich re-
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Consistency Reference Stand-aloneDISTINCT operator
Memory-based Memory-based Disk-based

Memory
requirements 0 � (R)=B M

Disk I/O 0 0 [2 � � � � (R)]=B

CPUtime [� (R) + "(R)] � � [� (R) + "(R)] � � + [� � � 2(R)]=N

Table 6. Anal ysis of the coor dinate­maintained duplicate elimination techniques

EmbeddedHashing Stand-aloneDISTINCT operator
Memory-based Disk-based Memory-based Disk-based

Memory
requirements [� (R) + "(R)]=B M � (R)=B M

Disk I/O � (R) + "(R) [� (R) + "(R)]� [� (R) + "(R)] � � [� (R) + "(R)] � � +
[(2 � � )=B + 1] [2 � � � � (R)]=B

Table 7. Anal ysis of the non­coor dinate­maintained duplicate elimination techniques

quires[� (R) + "(R)] I/O operations.Therefore,the total
numberof I/O operationsis [(� (R) + "(R)) � � � 2]=B +
[� (R)+ "(R)] = [� (R)+ "(R)]� [(2� � )=B+ 1]. In thestand-
alone DISTINCT operatortechnique,the INDEX-SCAN
operatorretrieves the coordinatesof an object eachtime
theobjectis encounteredwhich requires[� (R) + "(R)] � �
I/O operations.Then,the INDEX-SCAN operatorreports
� � � (R) objectsto the DISTINCT operatorwhich stores
theseobjectsin thehashtable.Thehashtablewill bewrit-
tento andthenreadfrom thedisk. Therefore,thetotalnum-
berof I/O operationsis [� (R)+ "(R)] � � + [2� � � � (R)]=B.

It is worth noting that EmbeddedHashingmay usethe
disk-basedversionwhile thestand-aloneDISTINCT oper-
ator techniqueusesthe memory-basedversion. The rea-
son is that the size of the hashtable maintainedby Em-
beddedHashingis larger thanthat of the other technique.
However, as illustratedin Table7, the numberof I/O op-
erationsperformedby the disk-basedEmbeddedHashing
is lessthanthenumberof I/O operationsperformedby the
memory-basedversionof thestand-aloneDISTINCT oper-
atortechnique,assumingthat(2 � � )=B + 1 < � .

To summarizethe resultspresentedin Table7, Embed-
dedHashingrequireslargerhashtablethanthestand-alone
DISTINCT operatortechnique. However, the numberof
I/O operationsperformedby EmbeddedHashingis around
factorof � lessthanthatperformedby thestand-aloneDIS-
TINCT operatortechnique.

Noticethat, in thecasewhereno duplicatesarepresent,
i.e.,eachobjectis encounteredonly onceduringthesearch,
thecostof theabovetechniquescanbeeasilyderivedbyset-
ting thereplicationfactor(� ) to 1. In this case,theConsis-
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Figure 3. Coor dinate­maintained inde xes:
Stora ge requirements

tency Referencetechniquestill outperformsthestand-alone
techniquewith respectto memory, disk, andCPU require-
ments.For thehashingtechniques,if thesearchresultscan
�t intomemory, thenthestand-aloneoperatorispreferredas
it requireslessmemory. Otherwise,theEmbeddedHashing
techniqueis preferredasit requireslessI/Os.

7 Experimental Analysis

In thissection,westudyexperimentallytheperformance
of theproposedduplicateeliminationtechniquesagainstthe
stand-aloneDISTINCT operatorapproach.We performthe
experimentsfrom within the PostgreSQLversion of SP-
GiST [11]. We considertwo typesof queries: an inter-
sectionquery(�nd all objectsthat intersectthequerybox),
anda containmentquery(�nd all objectsthatarecontained
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Figure 4. Coor dinate­maintained inde xes: Ex­
ecution time
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Figure 5. Non­coor dinate­maintained in­
dexes: Stora ge requirements

insidethequerybox). Both querieshave thesamecoordi-
nates,i.e.,thesamequerybox. Weruntheexperimentsover
aPMRquadtreethatindexesline segmentsandanextended
kd-treethat indexesrectangles.The resultsfrom both in-
dexesshow similar behavior. We presentonly the results
obtainedfrom thePMR quadtreebecauseof thespacelim-
itations. The generatedline segmentsare uniformly dis-
tributedover the two dimensionalspace. Half of the line
segmentsarevery small in length,andhence,their replica-
tion factor is very small, while the otherhalf are large in
length,andhence,their replicationfactoris relatively large.

Figures 3 and 4 depict the performanceof the Con-
sistency Referencetechniqueagainstthe stand-aloneDIS-
TINCT operatorapproach. Figure 3 illustratesthat Con-
sistency Referencedoesnot requireany additionalstorage,
whereasthe stand-aloneDISTINCT operatorapproachre-
quiresan additionalstorageto maintaina hashtable. The
�gure illustratesthat the intersectionquery requiresmore
storagebecauseits answersetis largerthanthatof thecon-
tainmentquery. With respectto theexecutiontime,Figure4
illustratesthatConsistency Referencerequiresaround50%
of the time taken by the stand-aloneDISTINCT operator
approach.The reasonis that Consistency Referencesaves
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Figure 6. Non­coor dinate­maintained in­
dexes: I/O Requests
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Figure 7. Non­coor dinate­maintained in­
dexes: Execution time

themanipulationtime of thehashtable,e.g.,insertionand
searchingtimes.

To measurethe performancein the caseof the non-
coordinate-maintainedindexes, we store the objects' co-
ordinatesin a separatetable outsidethe index tree. Any
coordinateretrieval operationis countedas one I/O re-
quest. Figures 5, 6, and 7 depict the performanceof
theduplicateeliminationtechniquesof thenon-coordinate-
maintainedindexes. Figure5 illustratesthat the proposed
hashingtechniquerequiresmore storagethan the stand-
aloneDISTINCT operatorapproach.This is becauseEm-
beddedHashingstoresall encounteredobjects including
objectsthatdonotsatisfythequery. In EmbeddedHashing,
theintersectionandcontainmentquerieshavethesamestor-
ageoverheadbecausethe requiredstoragedependson the
encounteredobjectsnotontheobjectsthatsatisfythequery.
In Figure 6, we presentthe numberof I/O requestsper-
formed by eachtechnique. The stand-aloneDISTINCT
operatorapproachperformsmuch more I/O requestsbe-
causeit retrievesthecoordinatesof theencounteredobjects
eachtime an objectappears,whereasEmbeddedHashing
retrieves the coordinatesof eachencounteredobject only
once. The intersectionand containmentqueriesrequire
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the samenumberof I/O requestsbecausethis numberde-
pendson the encounteredobjectsnot on the objectsthat
satisfythequery. In Figure7, wepresenttheexecutiontime
takenby eachtechnique.The�gure illustratesthatEmbed-
dedHashingrequireslessexecutiontime sinceit performs
lessI/O operations.

8 Conclusion

We presentedgenericduplicateelimination techniques
for the classof spacepartitioning treesin the context of
SP-GiST. Theproposedtechniquesareimplementedinside
theSP-GiSTINDEX-SCAN operator. Hence,we avoid us-
ing an expensive stand-aloneDISTINCT operatorin the
queryplan. We consideredtwo casesfor the index struc-
turesbasedon whetheror not the objects' coordinatesare
stored inside the index tree. We proposedthe Consis-
tency Referencetechniqueto eliminate duplicatesin in-
dexes that storethe objects' coordinatesand the Embed-
dedHashingtechniqueto eliminateduplicatesin indexes
that do not store the objects' coordinates. The theoreti-
calandexperimentalanalysisillustratetheef�ciency of the
proposedtechniqueswith respectto storagerequirements,
I/O operations,andprocessingtime comparedto addinga
separateduplicateeliminationoperatorin thequeryplan.
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