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Abstract

This paperpresentsa methodfor combiningmultipledoc-
umentobject locators tunedto different object character-
istics,with the goal of achieving location performanceex-
celling that of any individual locator. Themethodincludes
(i) a schemefor consistentrepresentationof locatoroutputs
regardlessof output levels, (ii) the notion of objectcorre-
spondenceandtheir applicationsto determiningwhatdeci-
sionsto combine, (iii) a mechanismfor representingknowl-
edge of locators and its usefor dynamiclocator selection,
(iv) functionsfor combiningcon�dencevaluesof objects.
Resultsfrom experimentsin postaladdressblock location
using three locators and 1,100 envelopeimages are pre-
sented.

1 Intr oduction

Documentobjectlocation,visually �nding theobjectof in-
terestin a documentimage,is a signi�cant problemin doc-
umentimageanalysis.Traditionalapproachesusea single
locationmethodthatis expectedto locateasmany aspossi-
ble instancesof theobjectclassof interest.However, if the
objectsin theclasspossessdiversevisualcharacteristics,it
is dif�cult for thesinglelocatorto handlethewidevariation.
To overcomesuchproblems,a complicatedobjectmodelis
oftenemployed.

An alternative approachis to combinedecisionsfrom
multiple locators,eachof which is suitableonly for objects
with certainvisual characteristics.Ratherthanrelying on
onecomplex locator, this approachusesa collectionof rel-
atively simple yet complementarylocators. The utility of
this approachdependson accurateinterpretationandeffec-
tive combinationof the multiple locationresultsavailable.
This paperpresentsa methodfor combiningthe resultsof
multiple documentobject locators,whereeachis tunedto
differentobjectcharacteristics.Theobjectiveof thecombi-
nationis to provide integratedlocationperformancethat is
betterthanthatof any individual locator.

A few addressblock locationsystemsattemptto com-
binemultiple objectlocationresults. Jelineket al. [4] use

red,green,andbluecolorchannelsof processingwhosedes-
tinationaddresscandidatelistsarecombinedinto a �nal list
of top tencandidates.Palumboetal. [8] usefour segmenta-
tion methodswhoseresultsareprocessedindependentlyto
derive four differentsetsof rankedcandidateblocks. Only
the top choicesfrom eachrankingarecomparedto deter-
minethecandidatemostlikely to bethedestinationaddress.
Lii et al. [5] employs � ve segmentationmethodsresulting
in � ve independentranking results. This systemcollects
from the initial rankingsthosecandidatesshowing the ad-
dresssyntaxandreranksthem.Theseapproacheshave lim-
ited combinationcapabilityin thatonly the top choicesare
combinedandthesamerankingmethodis usedon all seg-
mentationresults. No clear guidelinesas to rerankingof
candidateshasbeensuggestedeither. Researchin classi�er
combinationfor patternrecognitionproblemsis relatedto
documentobject locatorcombination. Much researchhas
beendoneon combiningclassi�ers[2, 3, 10]. We elaborate
ondifferencesbetweenclassi�ercombinationandobjectlo-
catorcombinationin Section2.4.

This paperis organizedasfollows. Section2 presents
theproposedmethod.Section3 describesexperimentalre-
sultsfrom combiningthreelocatorsfor postaladdressblock
location.Finally, Section4 givesconclusionsanddiscusses
futureresearchdirections.

2 ProposedMethod

2.1 ProblemDe�nition

We de�ne a true objectasanobjectbelongingto the class
of interest,i.e., anobjectwe want to locate.Givena docu-
mentimage,a locatoroutputsa setof documentobjectsas
subimagesor regions,asthecandidatesfor the trueobject.
Wehavemultiplesuchsets,eachoutputby oneof themulti-
ple locatorsavailable.Theproblemis to generatea new set
of objectsthat arethe candidatesfor the true object. Each
objectin thenew set(i) is anobjectoutputby at leastoneof
thelocatorsand(ii) is assignedacon�dencevaluesuchthat
thecon�dencevalueassignedto thetrueobjectis ascloseto
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Figure1: Componentsof proposedmethod

thehighest(of all con�dencevaluesassigned)aspossible.
A perfectsolutionwould assignthe highestcon�dence

valueto the trueobject,if it wereoutputasa candidateby
at leastonelocator. We considera locatorcombinationas
successfulif its locationperformanceis superiorto that of
any locatorused.We assumethat: (i) only onetrueobject
exists in any input image,and(ii) knowledge of the previ-
ousperformanceof thelocatorsona reasonablylargesetof
imagesis available.

2.2 Solution Formulation

Threelevelsin classi�eroutputinformationareidenti�ed in
[10], which canalsobe appliedto locatoroutputs;(i) ab-
stract level: a locatoroutputsa uniqueobject,with no fur-
ther information; (ii) rank level: a locatoroutputsa setof
ranked objects;(iii) measurementlevel: a locatoroutputs
a setof objects,eachaccompaniedby a measurementvalue
indicatingthecon�denceof thelocator. Wedonotplaceany
restrictiononthelocatoroutputlevel,but attemptto develop
a methodfor combininglocationresultsat any information
level.

Figure1 showsthecomponentsof theproposedmethod.
Let � be the input image, �������������	��
 be the objectloca-
tors,and
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bethenumberof locatorsavailable.Theoutput
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 given � is representedby
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knowledgeof locatorsextractedfrom thepreviousbehavior
of locatorsona setof trainingimagesis usedby 1 .

2.3 Objective Con�dence

Representinglocationresultsat differentinformationlevels
in a consistentform is requiredfor meaningfulintegration.
We computeprobabilisticobjectivecon�denceasopposed
to subjectivemeasurementsor ranks:
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 probabilisticallyinterpretsoutputsfrom ��
 .

Measurement Level Measurementvalues can indicate
distances,similarities, or beliefs. Even measurementsof
the sameattribute cannotbe combineddirectly becauseof
different ranges,scales,and distributions. Measurements
from differentlocatorsneedto beconvertedinto a uniform
representation. We evaluatethe probabilistic con�dence
they indicate. This conceptis usedin [3] for combining
measurement-level classi�ers.Theevaluationfunctionesti-
matestheprobabilitythatanobjectfrom �


 with measure-
mentvalue # is thetrueobject:
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In a trainingrun,we countthefrequency of # beingas-
signedto anobject(
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) andthatof anobjectwith # being
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lation is linear, but the linearity is hardly satis�ed for real
training data. When the dependentvariableis binary, the
responsefunctionis oftensigmoidalasin theform:
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Rank Level A rank-level objectlocatorassignsa rankto
eachobjectoutputasa candidatefor the true object. Two
identicalranksfrom two differentlocatorsdo not necessar-
ily meanthesamelevel of con�dence.Rankvaluesarecon-
vertedto objective con�dencevalues,usinga functionesti-
matingtheprobabilitythatanobjectfrom � 
 atrank � is the
trueobject:
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In atrainingrun,wecountthefrequency of therank � be-
ingassignedto anobject(
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) andthefrequency of anobject
at rank � beingthetrueobject(
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). As ranksaredis-
crete,no modelingof the relationbetweenthe frequencies
is necessary, andwecomputetheobjectivecon�dencevalue
of � simply as H
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. Thusrankswith only
relative interpretationareconvertedto objective con�dence
valueswith thesameprobabilisticinterpretationasthecase
of measurement-level locators.

Abstract Level An abstract-level locator has full con�-
dencein a uniqueobject. This is equivalent to assigning
the highestmeasurementvalue to the object in caseof a
measurement-level locator, andto rankingit �rst in caseof
arank-level locator, with thenumberof objectsbeingonein
bothcases.Therefore,anobjectivecon�dencevaluecanbe
de�ned naturallyfor a locatorof this typebasedon its per-
formance,which is theprobabilitythatanobjectfrom ��
 is
thetrueobject:
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 directly de-
pendson theappropriatenessof thetrainingimagesetused.

2.4 Object Correspondence

Decision combinationusually meanscombining multiple
decisionson a singlesetof entities. For example,in clas-
si�er combination,multiple decisionson a singleclassare
combinedto derive a consensusdecisionon that class. It
is differentfrom objectlocatorcombination,wheremultiple
decisionson a singleentity (objectin this case)arenot im-
mediatelyavailable. Instead,multiple decisionson similar
objectsareavailable,becauseeachlocatormakesdecisions
onits own setof objectsgeneratedby its segmentationalgo-
rithm. Figure2 illustratesthisdifference.

Thusweneeda methodof determiningwhethertwo ob-
jectsfrom differentlocatorscorrespondto eachotheror are
actuallyasingleobject.Two objectsthatexactlycorrespond
areequivalent. Givena collectionof objectsrepresentedby
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 's, we shouldsolve thecorrespondenceproblemfor each
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Figure2: Differencebetweenclassi�er combinationandlo-
catorcombination:(a) all rank-level decisionson oneclass
set;(b) eachrank-level decisiononadistinctobjectset.
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whichenablesusto determinewhatdecisionsto combine.
We �rst measurethedegreeof correspondencebetween

two objects.Given two objectsfrom differentlocators,we
�rst measuretheareaof overlapping(shared)region. This
areaneedsto benormalizedsoasto beusableasadegreeof
overlap.Let "
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which is theratio of theoverlappingregion to thetotal area
occupiedby thetwo objects.Figure3 showsanexampleof
computingtheratio. If thevalueof *
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We usethe degreeof correspondencebetweentwo ob-

jectsto determinewhetherthey correspondor not. Thedeci-
sionmethodappliesa thresholdoncorrespondencedegrees.
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pairsof objects,onefrom � 
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, that
haveanon-zerocorrespondencedegree.Forall suchpairsof
objectsthatarisefrom anexperimentalrunonasetof train-
ing images,wedeterminemanuallywhetherthetwo objects
constitutingapairareactuallyasingleobjector not. An op-
timal thresholdthatminimizesthenumberof wrongcorre-
spondencedecisionsonthistrainingdatacanbedetermined.
The resultsof correspondencedecisionsarerepresentedin
correspondencesetsde�ned as
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Duringcon�dencevaluecombination,thesesetsareusedto
selectgroupsof objectswherecon�dencevaluesof objects
in a grouparecombined.

2.5 Dynamic Locator Relevance

Static locatorrelevanceis the locatorreliability de�ned as
thesuccessrateexcludingrejectsin atrainingrun. Dynamic
locator relevanceis determinedbasedon input imagechar-
acteristicsaswell aspreviousperformanceonatrainingim-
ageset.We useimagesetpartitioningto computedynamic
relevance.Training imagesarepartitionedby mutuallyex-
clusive conditionscomputablefrom the images. The rele-
vanceof a locatoris computedfor eachpartitionseparately.
Givena new input image,we determinewhich partitionthe
imagebelongsto using the sameconditions,thenusethe
relevanceof thatpartitionastherelevanceof the locatorto
theimage.Thisprocessis shown in Figure4.

Wecanuseagreementsamongtop-rankedobjectstopar-
tition training images. Locatorstend to agreeon top ob-
jectsfor simpleinput images,but tendto disagreefor com-
plex input images.Thustheextentof top objectagreement
can indicate input imagecomplexity. Given a collection
of locationresultsfrom multiple locators,we comparethe
top-choiceobjectsto decidewhich of themagree. Agree-
ment in this senseis the sameascorrespondence.For
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dif-
ferent typesof top objectagreement.Calling thesetypes
as agreementclasses, we determinelocator performance
separatelyfor each agreementclass. For example, for
threelocators �����	��
 , and ��� . thereare � ve agreement
classes�
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differentdynamicrelevancevalues.
It is usefulto beableto predictaheadof time themost

effective locatorfor processinganinput image.If suchpre-
dictionwerepossible,wewouldsimplyapplythechosenlo-
catorto theinput image.Usingdynamiclocatorrelevance,
we canattemptthis dif�cult taskof dynamiclocator selec-
tion. We �rst determinethe partition the input imagebe-
longsto, andusethe dynamiclocatorrelevancevaluesfor
that partition to orderthe top choicesof the locators.This
way, differentlocatorpreferencesareselecteddynamically
accordingto theinput image.

2.6 Con�dence ValueCombination

Correspondencesetsplayavital roleheresincethey indicate
which objectscanbetreatedlike oneobjectfor thepurpose
of decisioncombination.Con�dencevaluesof correspond-
ing objectscanbecombinedto generatean integratedcon-
�dence value.This taskis representedby thetransform:
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HighestCon�dence Whenlocatorsarehighly specialized
for a particulartypeof images,it is worthwhileto focuson
the best-casebehavior of locators.For mostimages,if we
know that thereis at leastone locator that performswell,
we cantry to take thedecisionof that locator. Thehighest
con�dencemethodachievesthis goalby selectingthehigh-
est one amongthe con�dencevaluesgiven to a group of
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WeightedCon�dence Summation A commonmethodof
informationintegration is linear combinationwhich is the
sum of certainvaluesmultiplied by weights. amountsto
multiplying thecon�dencevaluesto becombinedby appro-
priateweightsandsummingthemto computethecombined
con�dencevalue,which takestheform:
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valuesareobjectivecon�dencevalues,meaning
that they alreadyhave differencesin locator performance
incorporatedin them. Thuswe can let all the weightsbe
1. Intuitively, it gives the highestcon�dence to the ob-
ject that collectively acquiredthe largestamountof con�-
dence.Alternatively, wecanusethecorrespondencedegrees
asweightsof con�dencevaluesto be combinedby letting
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Herewe usethe correspondencedegreeas
the extent to which oneobject in�uences the otherduring
combination.

Probabilistic Con�dence Estimation Wecanstatistically
estimatethevaluesof thecon�dencecombinationfunction
using training data, insteadof using a predeterminedfor-
mula.Givenalist of con�dencevaluesof correspondingob-
jects,we estimatetheprobability that theobjectis the true
object. Supposethat
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model:
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The regressioncoef�cients need to be computedfor
eachpossiblecombinationof more than one locator, be-
causethe in�uence of a locator on the �nal con�dence
varies dependingon which combinationit is a member
of. For instance,if we have three locators � � �	� 
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. Theappropriatecoef�cient setis se-
lectedby which locatorsproducedobjectscorrespondingto
theobjectfor whichwewantto computethenew con�dence
value.

Fuzzy Integral The classof nonlinearfunctionalscalled
fuzzy integralsoffers a meansto combineinformationby
taking into considerationthe reliability of the information
sources.It was�rst developedin [9] andhasbeenusedfor
informationfusion [1]. To usefuzzy integrals,we �rst de-
terminewhat the fuzzy densitieswill be. For locatorcom-
bination,locatorsareinformationsourcesandthedynamic
locator relevancevaluescan be usedas the fuzzy density
valuesfor individual sources.The con�dencevaluespro-
videdby locatorsareconsideredasmeasurementsprovided
by informationsources.
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amountsto looking for the agreement,in that it takes the
smallerof the safestdecisionfrom andthe reliability of a
setof sources.Themaximumoperationchoosesthebestof
theseagreementvalues.Intuitively, if thebestcon�denceis
known to be from a highly reliablesource,it is likely that
the con�dencewill be accepted.However, if it is from a
marginally reliablesource,it is possiblefor a lower con�-
dencefrom a morereliablesourceto beaccepted.

3 Experimental Results

3.1 Multiple Locator Algorithm for Address
Block Location

The addressblock locationproblemis de�ned as follows.
Given an input imageof a mail piece,determinethe posi-
tion of thedestinationaddressblock in termsof pixel coor-
dinates.Theoutputcanbe a uniqueblock, a setof ranked
candidateblocks,or asetof candidateblockswith measure-
mentvalues,dependingon thetypeof thelocatorused.Re-
gardlessof thelocatortype,aperfectsolutionwouldalways
output the addressblock as the top choice. A goodsolu-
tion to addressblock locationis signi�cant to postaladdress
interpretation.

Figure5 illustratesthe �o w of the multiple locatoral-
gorithm for addressblock location. A mail pieceimageis
input to the preprocessingalgorithmto produceconnected
componentsas input to multiple locators. Preprocessing
consistsof imagebinarizationby anadaptiveglobalthresh-
olding method[7] and connectedcomponentdetectionby
a typical two-passmethodbasedon anequivalencetableto
resolvecon�icts in labels.

A distinct imagefeatureis the printing methodof the
destinationaddress. There can be locatorsdesignedfor
machine-printedaddressesand handwrittenaddresses,re-
spectively, and ones not aimed at a particular printing
method. We usethreelocators,a machine-printedaddress
block locator (ML), a handwrittenaddressblock locator
(HL), anda clustering-basedlocator(CL). Thelocatorout-
putsareat themeasurementlevel, abstractlevel, ranklevel,
respectively. Given a setof locatoroutputs,the algorithm
evaluatestheobjective con�dencevaluesfor all candidates
in theset,so thatwe have uniform representationsof loca-
tion resultsfrom multiple locators.

Sincetwo setsof candidateblocks output by two dif-
ferent locatorsusually have very few casesof equivalent
blocks,we needto determineif a block in one set corre-
spondsto any block in the otherset. Using the uniformly
representedlocatoroutputsandthecorrespondencedecision
results,thealgorithmcombinesthecon�dencevaluesof cor-
respondingblocksto derive a �nal setof candidateblocks
with combinedcon�dencevalues.

value 1

value 2

value 3
...

confidence 1

confidence 2
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Preprocessing
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Figure5: Multiple locatoralgorithmfor addressblock loca-
tion

3.2 TestResultsand Analysis

Mostmail piecesusedin ourexperimentswereprovidedby
SeoulMail Centerin Seoul,Korea,whereall mail pieces
cominginto andgoingout of Seoulareprocessedby auto-
matic sortingfacilities. We gatheredanothergroupof en-
velopeslocally. This collection includesseveral kinds of
envelopes:oneswith a destinationaddressthatis handwrit-
ten in Korean,machine-printedin Korean,handwrittenin
English,andmachine-printedin English. It addsvariety to
our imagedatabase.

All the envelopesthat we collectedwere scannedas
gray-level imagesat 100 pixels per inch. We have a total
of 1,100 imagesin the database,divided into two equal-
sizedhalvesof 550 images. We conducttwo separateex-
periments:oneusingthe �rst half for trainingandthesec-
ond half for testing,and the other switching the training
set and the testingset. The purposeof training is to ex-
tractknowledgeof locatorsin the form of a numberof pa-
rametersusedfor combininglocationresults. Training re-
sultsincludeobjective con�dencefunctionsor values,cor-
respondencethresholds,dynamiclocator relevancevalues,
andfunctionsfor probabilisticcon�denceestimation.

Testresultsin termsof locationperformanceis shown in
Table1. Thecombinationis successfulfor all � vecombina-



Table1: Testresultsin termsof locationperformance

% correct
Exp. Locator/ (of all testimages)

Combinationmethod in top � choice(s)
1 2 3

ML 41.3 41.5
HL 59.1
CL 52.0 53.6
ML or HL or CL 84.9 85.1
Highestcon�dence 76.5 82.7 85.1

1 Con�dencesummation 76.0 82.2 85.1
Weight.conf. summation 76.0 82.4 85.1
Prob. conf. estimation 76.7 83.1 85.1
Fuzzyintegral 72.2 80.5 84.9
Dynamicselection 72.2 78.7 84.9
ML 38.7 38.9
HL 60.7
CL 51.8 52.9 53.1
ML or HL or CL 84.9 85.1
Highestcon�dence 74.9 82.7 84.9

2 Con�dencesummation 76.7 82.7 84.9
Weight.conf. summation 76.7 83.1 84.9
Prob. conf. estimation 75.1 83.1 84.9
Fuzzyintegral 72.2 80.5 84.5
Dynamicselection 71.8 79.6 84.9

tion methodsanddynamicselection,becausethecombined
locationperformanceis betterthan any individual locator
performance.Thefourth row of eachexperimentshows the
theoreticallyhighestlocationperformanceweexpectfrom a
locatorcombination.Thereareconsiderableimprovements
in locationperformanceduetocombinationaswecanseeby
verticallycomparingthelocationperformance�gures in Ta-
ble 1. This is mainly becausethe individual locatorperfor-
mancearerelatively poor, yet the locatorsarehighly com-
plementary.

It is important to distinguishthe combinationperfor-
mancefrom the locationperformanceimprovementdueto
combination.Thecombinationperformanceis shown in Ta-
ble 2. For measuringthecombinationperformance,theba-
sis is the numberimagesfor which at leastonecandidate,
amongall candidatesfrom ML, HL, andCL, is thetrueob-
ject, which is 468 in both experiments.Thosearethe im-
agesfor which we canexpectto improve the locationper-
formanceby combination.For all thecombinationmethods,
the combinationperformanceat top two choicesis signi�-
cantlyhigherthanthatat thetop choice.This shows thatin
mostcasesacombinationmethodfails to locatethetrueob-
jectasthetopchoice,it locatesthetrueobjectasthesecond
choice.

Focusingon thetop-choicecombinationperformancein

Table2: Testresultsin termsof combinationperformance

% correct
Exp. Combinationmethod (of 468testimages)

in top � choice(s)
1 2 3

Highestcon�dence 90.0 97.2
Con�dencesummation 89.3 96.6

1 Weight.conf. summation 89.3 96.8
Prob. conf. estimation 90.2 97.6
Fuzzyintegral 84.8 94.7 99.8
Dynamicselection 84.8 92.5 99.8
Highestcon�dence 88.0 97.2 99.8
Con�dencesummation 90.2 97.2 99.8

2 Weight.conf. summation 90.2 97.6 99.8
Prob. conf. estimation 88.2 97.6 99.8
Fuzzyintegral 84.8 94.7 99.4
Dynamicselection 84.4 93.6 99.8

Table 2, we infer that: (i) highestcon�dence,con�dence
summation,weightedcon�dence summation,and proba-
bilistic con�denceestimationhave similar levelsof perfor-
mance; (ii) fuzzy integral and dynamic selectionbehave
verysimilarlyandtheirperformanceis somewhatlowerthan
thatof othermethodsmainly dueto wrongagreementclass
decisionscausingtheuseof wrongsetof dynamicrelevance
values; (iii) using correspondencedegreesas weights in
weightedcon�dencesummationdoesnot improve the per-
formanceover(unweighted)con�dencesummation;(iv) the
simplestmethod,highestcon�dence,hasthe performance
similarto thatof othermethods,implying thatobjectivecon-
�dencevaluesre�ect locatorbehavior andareindeeduseful;
(v) probabilisticcon�dence estimation,despiteadditional
trainingto determinetheestimationfunctions,is notclearly
betterthanothermethods.

Figure6 showsanexampleof locatorcombinationfrom
Experiment1. ML andHL make correcttop choiceswhich
arecorresponding.Combiningm1andh1 (topchoicesfrom
ML and HL) by any methodproduceshigher con�dence
valuethanthatfor c1 , andall topchoicesarecorrect.

4 Conclusions

We developeda methodof documentobjectlocatorcombi-
nation. Themethodreducesthe locatorcombinationprob-
lem to a con�dencevaluecombinationproblem.In thepro-
cess,we developedand appliedthe conceptsof objective
con�dence,objectcorrespondence,anddynamiclocatorrel-
evance.

We proposedfour functionsfor con�dencevaluecom-
binationandonefor dynamiclocatorselection. From the



(a)ML (b) HL

(c) CL

Block True object? Objective confidence Correspondence
m1 yes 0.7600 -> 0.8518 {m1,h1}
h1 yes 0.7167 {h1,m1}
c1 no 1 -> 0.5182 {c1}
c2 no 2 -> 0.0109 {c2}

Agreement class: ML and HL agree

Highest Confidence Weighted Probabil.
confidence summation confidence confidence

summation estimation
m1: 0.8518 m1: 1.5685 m1: 1.5352 m1: 0.8393
h1: 0.8518 h1: 1.5685 h1: 1.5289 h1: 0.8393
c1: 0.5182 c1: 0.5182 c1: 0.5182 c1: 0.5182
c2: 0.0109 c2: 0.0109 c2: 0.0109 c2: 0.0109

Fuzzy Dynamic
integral selection
m1: 0.8518 m1: 0.9500
h1: 0.8518 h1: 0.9500
c1: 0.0500 c1: 0.0500
c2: 0.0109

Figure6: Combinationexample

experimentalresults,weconcludethattheselectionof apar-
ticular combinationmethodis lesssigni�cant thanaccurate
representationand combinationframework. Also, combi-
nation performanceis distinguishedfrom location perfor-
manceimprovementdueto combination.

We developeda multiple locatoralgorithmfor address
block locationto testour method. The algorithmemploys
threelocators: a machine-printedaddressblock locator, a
handwrittenaddressblock locator, and a clustering-based
locator. Thelocatorsarerelatively simpleandbasedon dif-
ferentassumptionson inputmail pieceimages.Thecombi-
nationalgorithmis a direct implementationof theproposed
method.

Weexperimentedonaddressblock locationusingtheal-
gorithm.Two separateexperiments,bothwith atrainingand
testingsetsof 550 envelopeimageseach,wereperformed.
Location performanceof the combinationis shown to be
betterthanany individual locatorperformance,for all � ve
combinationmethodsand dynamicselection. When both

experimentsare taken into account,the combinationper-
formance�gures rangedfrom 84.4%to 90.2%considering
only the top choice,andfrom 92.5%to 97.6%considering
top two choices.The experimentalresultsshow that com-
biningdocumentobjectlocators,whereeachlocatoris sim-
pleandtunedto differentobjectcharacteristics,is apromis-
ing approachto documentobjectlocation.

Futureresearchproblemsincludeextendingthemethod
tocasesof multipletrueobjectsandapplicationstootherob-
ject locationproblemssuchasfacelocation,vehiclelicense
platelocation,andhandlocation.
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