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ABSTRACT

Spatialdatabaseshaveenormousnumberof applications,
especially inmobileandwirelesscommunications.Range queries
are one ofthe bestavailable toolstoretrieve  useful
informationfromthesedatabases.Range queryusuallyreturns
large results. These results are neither communication
effectivenorinformative. Finding spatial datathatfitbestfor
theintended  useisthemainchallenge of  allspatialsearch
engines.Result of searchforspatialdatais alist of allitems
indicatedasrelevantby thealgorithm usedinthesearch
engine.Depending onthetypeofinputtothesystem,various
techniques canbe usedforranking the results.In orderto
addresstheseproblems,weproposeanideaof r-treebased
searchingandranking.Suchan r-tree basedsearching& ranking
reducesthecosts of communication,increasesthe Usefulness,
and also provides interactive exploration.
Proposedsystemdefinesthatthehandhelddevicequerywill be
providedeffectively andnontrivialalgorithm found good results
approximately.
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1. INTRODUCTION

Now aday’sspatialdatabaseshavealargenumberof
applicationsespecially inthefieldofmobileandwireless
communications andembedded systems. These
revolutionsaremainly relatedwiththechangesinthe internet.One
ofthe mainapplications is, people can trace
theirlocationviamobile phonesor PDAs.Handhelddeviceslike
sensorsandsatellites collectahugeamountof spatial
data.Butthesedeviceshave facedanumberof
problemsrelatedwiththebandwidthand computing power.Range
queriesare themaintoolstoretrieve informationfrom
thesespatialdatabases.Howeverresults

shouldbelightandusabletothe  enduser.Itisachallenging,  but
aninterestingtask.Similarchallengeshave beenfacedby large
relational databases and OLAP [1] data  warehouses
whileprocessinglargequeries. Allof these processing
requirementswillfinally befocusedononegoaltoprovide
light,usablerepresentations ~ ofthequery  results,suchthatan
interactivequery processispossible.Thatisineachpossible stage
ofa long-running query evaluation concise representation[2]
ofthe final queryresults should be returned.

Theapproximaterepresentation  of  joinqueriesinarelational
databasecanbeconsideredasarandom sampleofthefinal query
results.Forthiscase randomsamplingisnotagood solution,the
goaliscompletely different.Here lightrefers to thefactthatsize
ofthequery resultsshouldbeassmallas possible.Mobile
computingandembeddedsystemshavevery limitedclient-
serverbandwidth. Thislimitationleadstothe
preventionofcommunicationofqueryresultswithalarge
size.ThesituationsaresameforapplicationswithPCsover
thelnternet. Among  differentchoicesin  order tochoosethe
serviceofaproductresponsetimeisacriticalfactor.Butlong
responsetimemaybe a burdentothe users.

Thecomputationalandmemory resourcesareoftenlimitedin
clientdevices.Thisleadstotheinefficiencyinprocessing
largequery results. Theseare thesituationsinthecaseof
computing andembeddedsystems.The large query results
oftencreatealargecomputationalandl/O burdenonthe
server.Inordertospeedup query processing variousefficient
indexingstructuresareadoptedby thedatabaseindexing
community,butthequery processingoverheadismoredueto
theresultsize. Theprocessing costontheservercanbe reduced by
the small representation of the whole query results. The
compressiontechnique ~ solves  the  problem of
largequeryresults,butitcannotaddresstheproblem of
resourcelimitation.Usabilityreferstothe amount of meaningful
knowledge, which a user can derive from the queryresults.

Largequery resultsoftencreateaninformationoverloading
problem.Itresultsmore harmthangoodtousers.As an
example,supposeausertypesaqueryinordertofindthe

goodrestaurantsinhis/herlocality.Inordertochoose agood

alternative,thequeryresultsarenotapt. Thesmallscreenofa
handhelddevicemay displaythelargeresultsinan overlapping
fashion. So itis verydifficult to differentiate
betweentheseresults. Theusability — canbeactually — improved
byrepresentingtheresultsinsomespecificsize. Theusability
featureleadslighttoanotherimportantquality knownas
interactiveness.It has more importance thanthe usability.

Interactivenessreferstothecapability thattheusercanrefine
thequery resultsandprovidefeedbacktotheserver.This property
hasmoreimportanceinthecaseof processinglarge query
results. Thishelpsuserstogodeeperintospecific
regionsofalargequery region.Intheabovementioned
example,the user canfurtherrefine the querytofind outareas
withhighconcentrationof restaurants,morespecifically
ChineseVsIndianrestaurants. Theusercanfurtherrefine
theirqueryresults.
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1.1 ProblemDefinition

Itintroducestheconcept ~ of  documentsearchingandranking
basedonconciserangequery results,whereconcise collectively
representsthelight,usable,andinteractive
requirements.Here,apointset canberepresented usinga
collectionofboundingboxesandtheassociatedcount ofthese
point setsas aconcise representationentireset.The usercan
specifythesize of query accordingtothebandwidthand/or
computing powerof themobiledevice,andcanretrievethe query
resultsinaconciseform satisfyinghis/herconstraints. At,the same
time user canalsofix the informationloss and
enquireforaconciserepresentationwithaminimum size.The
methodsterm frequency andinversedocumentfrequency are
usedtosearchandrank concise range queryas textandspatial
relevance.

2. LIMITATIONS OFOTHER
TECHNIQUES

Themainobjectiveistorangeconcisequeryfrom theuserto
maximizetheefficiencyothandheldsystems&toimprove the
documentsearching and ranking efficiencies.Inthe
existingsystem constrainrange ofqueries were extractedfrom
databaseusingsql ~ queryprocessing.Itis  verytimeconsuming
andalsonotmuchefficient. Theinformationloss isalsohigh.
Proposedsystemdefinesthatthehandhelddevicequerywill be
providedeffectively andnontrivialalgorithm found good results
approximately.

3. QUERYPROCESSINGWITH
R-TREES

During the answering ofconciserange query,spatialindexing
techniqueswereadoptedby thedatabaseserverinorderto evaluate
the query.R-treeprovides suchanindexing
mechanismwhileevaluating the queryresults.Itmainly
followstheideaof bounding boxes.Boundingboxes collectively
containall the points inside the query region. There is a count
associated with each of these bounding boxes, indicatesthe
number of points  associated ~ with  that
boundingbox.Thengrouptheseidentifiedboundingboxes
intothespecifiedsizeinordertoobtaintheconciserange
results. Whileansweringaquery,theR-treebased
indexingwillsignificantlysavetheCPUandl/Ocost.Sothe
conciserange query  willoverridethetraditionaltechniquesin
many aspects.Itnotonlyimprovestheefficiency butalso solves
the problems ofusabilityandbandwidth.

query

R-treeisthemostwidely usedspatialindexstructure [3].The R-
tree [4]has the following structure.Suppose B be the disk
blocksize.Thenfirstformsaminimum boundingrectangle
(MBR)by groupingBpointsintheconsidering area;these
groupedpointswillbestoredataleaf ontheR-tree.Further
grouping of MBRshasbeenappliedateachleveluntilthere
existsonlyone.EachnodeuintheR-treeisassociatedwith the

MBRenclosing  allthepointsstoredbelow,denotedby =~ MBR
(u).Eachinternal node stores the MBRs of allits children.
TheR-treecanbeusedtoprocessthestandardrangequery as

follows.Initially ~ startsfrom theroot oftheR-tree,andthen
checktheMBRofeachofitschildren. Thenfindsthe nodes whose
MBR intersects or falls inside thequeryregion by recursively
visiting the node. Simply returnall the points storedthatare
inside thequeryregionwhenwe reacha leaf.

InR-treeMBRsareagoodrepresentationofthequery results
anditalwaystries togroupclose objectstogetherwiththese MBRs.

MBRs donotconstitute a  goodconcise  representation
ofthequery result,sincetheprimarygoaloftheR-treeisfast
queryprocessing.

4. PROPOSED SYSTEM

ARCHITECTURE

Proposedsystemdefinesthatthehandhelddevicequerywill
beprovidedeffectively  andnontrivialalgorithm  foundgood
results approximately. This technique is proposed on real
worlddatainparticularrange onspatialarea.Efficient
documentsearching andrankingareappliedonthe concise range
query.Creates R-tree structure torange user query,
clusteringquery resultsbasedontheuserquerywithspatial
relevance’s. Filteredtext datawillbe filledonspace-curve using
Hilbertcurvespace-filling [S]methodand user constrained
queryresulted usingBFSsearchalgorithm.

Thesystem createsanr-treestructuretorangeuserquery,
clusteringquery resultsbasedontheuserquerywithspatial
relevance. It follows some nontrivial algorithms to find a
good approximate result which minimizes the information
loss.The systemisverymuch efficientandit demonstrates on
realworlddata.

Document

Geographical

repository searching

R-Tree
creation

Spatial dataand
query processing

Search engine results

Figure 1: Systemarchitecture

Figurelshowsthe proposed systemarchitecture.Inthis
systemwecancreateanR-treebasedonthe concise query
range.Thenthe documentsearching andranking methodsare
appliedonthisrangequery results. Weusemethodsterm
frequencyand inversedocument frequency for search and
rankquery astextandspatialrelevance. Termfrequency
meansrelevantwordsareretrievedfromthedatabasebased
onuserquery.

Thesystemmainly  includesthefollowingfunctional  units:
loading documents,geographicsearching,R-Treecreation,
spatial data and queryprocessing,searchengine results.

A. Loading Documents

This unitisactually forloading the input data set.Loading
documentswithbothspatialand textual data to be used for
search  engines.Thesedata’sincludesthedocumentsetof some
spatialareas.Thesedata arestoredinsome spatial data
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stores.Spatial databasearethecollectionof geometry
informationsuchaspolygonsandlines.Theuser’sneedwillbetaken
asinput.Forexample,if the userwantsthespatial specifications
suchas the hotels within3km.The collected spatial data
areprovidedas aninput.

B.Geographic Searching

Geographicalsearching includestextualandspatialrelevance
[6].Textuallyandspatially relevantdocumentswillbe
separatedbyquerykeywords. Thesystemactuallyperforms
thegeographicdocumentsearching  andranking based on
textualandspatial datarelevance.Itusesthemethodsterm
frequency  andinversedocumentfrequency  [7][8]tosearch
andrank queryas textandspatialrelevance.

Termfrequency (tf)meansrelevantwordsareretrievedfrom the
database based on user query.Inverse documentfrequency
(idf(w,D))measuresthespecificwordwinadocumentset D.

idf(w,D)=log(IDVI{ dId£Dtf(w,d)>0)

The context ofgeographic documentsearch,the idfofa word w,
denotedbyidf(w,D,S).
Textrelevance ofdocumentdtoqis definedas :

Bq(d)=2 (tf( w,d) .idf(w,D, S)).

Spatialrelevanceofadocumentd,denotedas@(d),depends on the
type  ofthe spatial relationships  defined between a
documentlocationL.danda spatialscope S.

Enclosedg(d)is settolifthe correspondinglocationif fully
enclosed bythe queryscope,

é(d)= 1,ifLd€S
0,otherwise.

Overlappingg(d)is settothe fractionofthe document
locationthatis covered bythe spatialscope,

¢(d)=Area(Ldn S)/Area(Ld).

Proximityg(d)is representedbythe inverseofthe distance
betweenthe center of LdandthatofS,

¢(d)F 1/dist(Ld, S),ifLd€S

0,otherwise.

C.R-TreeCreation

ThisunitcreatestheR-treestructurefor userqueriesand
results. Theuserspecifiedqueriesareextractedfrom theR- tree
structure. R-tree structure mainly focusestorange user
query,clusteringquery resultsbasedontheuserquerywith
spatialrelevance's.

D.SpatialData andQuery Processing
R-treebasedquery processingisadoptedhere. Thequery
regionfrom R-treecanbetakenasaninput. Thespatialdata
andqueries can beprocessed byusingrange queries.

E.SearchEngineResults

Anefficientindexing  forgeographic  documentsearchwillbe
specifiedforspatialqueries.Theresultsof ~ searchenginecan be
producedas  output. The queryresult size significantly
reducedasrequiredby the user.Thereducedsizesaves
communicationbandwidthandalsotheclient’smemory and
computationalresources,whichareof highestimportancefor
mobile devices.Althoughthe querysize has beenreduced,the
usability ofthequery resultshasbeenactually improved.By
usingtheR-tree-basedalgorithmsaconciserangequerycan
beprocessedmuchmoreefficiently thanevaluatingthequery
exactly, especiallyinterms ofl/Ocost.

S. RESULTS

We have implementedthe systemusing R-tree toindex allthe
points inthe data set. Then compareagainst k-means
clusteringalgorithm,andMinSkew  histogram  [9].Wefirst
obtainallthedatapointsinthe query regionviaR-tree,and
thenconducteitherof thetwomethodstoobtain
clusters/partitions.The CPU time of MinSkew is the lowest
(about  O.lsecond), duetothelow costofconstructingthe
histogram.However,ithasthehighest(worst)information loss
amongall approaches. The k-means  algorithm  incurs
highCPUtime(about84seconds)duetothedataretrieval

from theR-treeindexandtheclustering. Thus,k-meansisnot
efficientinterms  of CPU  time(alsotrue  forthe I/Ocost),
thoughthe informationloss is larger.The CPU andl/O costs
aremoderately lowinthecaseofR-treebasedindexing systems.

6. FUTURE WORK

Theconciserangequery isquiteageneralconcept. This
generalideacouldnaturally extendtodealwithfuzzinessin
data[10],[11],[ 12],uncertaintyandmovingobjects[ 13], [14],
[15],etc.However,thereexistmany problemswhile designing
efficientandeffectivequeryprocessing algorithms.

7. CONCLUSION

Anew concept ofranking&searchingofdocuments based on

the concise range queryresults has been proposed in this
paper,whichaddressesthefollowing  problemsof  traditional
searchengines.First,itreducesthequery resultsize significantly
asrequiredby theuser.Thereducedsizesaves
communicationbandwidthandalsotheclient’ smemory and
computationalresources,whichare of the highestimportance for
mobiledevices.Secondly,although thequerysizehas
beenreduced,theusability ofthequery resultshasbeen actually
improved.Theconciserepresentationoftheresults often  gives
the wuser more intuitive ideas and enables interactive
exploration of  the spatial database. Finally, wehave
designedR-tree  basedalgorithmssothata ~ concise  range
querycanbeprocessedmuchmoreefficientlythanevaluating  the
queryexactly,especiallyinterms of[/Ocost.
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