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Abstract

This paper presentsa methodfor combiningmultiple doc-
umentobjectlocators tunedto different object character

istics, with the goal of achieving location performancesx-

celling that of anyindividual locator. Themethodincludes
(i) a schemefor consistentepresentatiorof locator outputs
regardlessof outputlevels, (ii) the notion of objectcorre-

spondencandtheir applicationsto determiningwhatdeci-
sionsto combine (iii) a metanismfor representingknowl-
edce of locators and its usefor dynamiclocator selection,
(iv) functionsfor combiningcon dencevaluesof objects.
Resultsfrom experimentsin postaladdressblodck location
using three locators and 1,100 ervelopeimages are pre-
sented.

1 Intr oduction

Documenibjectlocation,visually nding the objectof in-
terestin adocumenimage,is a signi cant problemin doc-
umentimageanalysis. Traditionalapproachesisea single
locationmethodthatis expectedo locateasmary aspossi-
ble instance®f the objectclassof interest.However, if the
objectsin the classpossessliversevisual characteristicsit
is dif cult for thesinglelocatorto handlethewide variation.
To overcomesuchproblemsa complicatedbbjectmodelis
oftenemployed.

An alternatve approachis to combinedecisionsfrom
multiple locators,eachof which is suitableonly for objects
with certainvisual characteristics.Ratherthanrelying on
onecomple locator, this approactusesa collectionof rel-
atively simple yet complementaryocators. The utility of
this approactdepend®n accuratenterpretatiorandeffec-
tive combinationof the multiple locationresultsavailable.
This paperpresentsaa methodfor combiningthe resultsof
multiple documentobjectlocators,whereeachis tunedto
differentobjectcharacteristicsThe objective of the combi-
nationis to provide integratedlocationperformancehatis
betterthanthatof ary individuallocator

A few addresdlock location systemsattemptto com-
bine multiple objectlocationresults. Jelineket al. [4] use

red,greenandbluecolorchannel®f processingvhosedes-
tinationaddressandidatdists arecombinednto a nal list
of toptencandidatesPalumboetal. [8] usefour sggmenta-
tion methodswhoseresultsare processeddependentiyo
derive four differentsetsof ranked candidateblocks. Only
the top choicesfrom eachranking are comparedo deter
minethecandidatenostlikely to bethedestinatioraddress.
Lii etal. [5] employs ve sggmentatiormethodsresulting
in ve independentanking results. This systemcollects
from the initial rankingsthosecandidateshawving the ad-
dresssyntaxandrerankshem. Theseapproachebkave lim-
ited combinationcapabilityin thatonly the top choicesare
combinedandthe samerankingmethodis usedon all sey-
mentationresults. No clear guidelinesasto rerankingof
candidatefiasbeensuggestee@ither Researclin classi er
combinationfor patternrecognitionproblemsis relatedto
documentobjectlocator combination. Much researcthas
beendoneon combiningclassi ers|[2, 3, 10]. We elaborate
ondifferencedetweerclassi ercombinatiorandobjectlo-
catorcombinationin Section2.4.

This paperis organizedasfollows. Section2 presents
the proposednethod. Section3 describesxperimentalre-
sultsfrom combiningthreelocatorsfor postaladdresdlock
location. Finally, Section4 givesconclusionsanddiscusses
futureresearchdirections.

2 ProposedMethod

2.1 ProblemDe nition

We de ne atrue objectasan objectbelongingto the class
of interest,i.e., anobjectwe wantto locate. Givena docu-
mentimage,a locatoroutputsa setof documenibbjectsas
subimage®r regions,asthe candidatedor the true object.
We have multiple suchsets eachoutputby oneof themulti-

ple locatorsavailable. The problemis to generatea new set
of objectsthatarethe candidatedor the true object. Each
objectin thenew set(i) is anobjectoutputby at leastoneof

thelocatorsand(ii) is assigned con dencevaluesuchthat
thecon dencevalueassignedo thetrueobjectis ascloseto
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Figurel: Component®f proposednethod

thehighest(of all con dencevaluesassignedaspossible.

A perfectsolutionwould assignthe highestcon dence
valueto the true object,if it wereoutputasa candidateby
at leastonelocator We considera locatorcombinationas
successfulf its locationperformances superiorto that of
ary locatorused. We assumehat: (i) only onetrue object
existsin ary inputimage,and (ii) knowledg of the previ-
ousperformancef thelocatorson areasonablyarge setof
imageds available

2.2 Solution Formulation

Threelevelsin classi er outputinformationareidenti ed in
[10], which canalsobe appliedto locator outputs;(i) ab-
stract level alocatoroutputsa uniqueobject,with no fur-
therinformation; (ii) ranklevel a locatoroutputsa setof
ranked objects; (iii) measuementlevel: a locator outputs
a setof objects,eachaccompaniethy a measurementalue
indicatingthecon denceof thelocator We donotplaceary
restrictiononthelocatoroutputlevel, but attemptto develop
amethodfor combininglocationresultsat arny information
level.

Figurel shovsthecomponentsf theproposednethod.
Let betheinputimage, be the objectloca-
tors,and bethenumberof locatorsavailable. The output

of  given isrepresentetly

if abstractevel

if ranklevel

if measuremeriéevel
where isthe  candidateobjectgeneratedy

is 'smeasurementaluefor ,and isthenumberof

objectsgeneratecdby . The entire locator combination
processs representetly atransform:

where is the numberof objectsafter combination, is
the objectin orderof descendingon denceassigned
by ,and is ‘'scondencein .Thus .
No new objectis generatedy but someobjectscanbe
eliminatedby . So . Also, for ary object

, thereexistsatleastone  suchthat . A priori
knowledgeof locatorsextractedfrom the previousbehaior
of locatorson a setof trainingimagess usedby

2.3 Objective Con dence

Representindgpcationresultsat differentinformationlevels
in a consistenform is requiredfor meaningfulintegration.
We computeprobabilisticobjectivecon denceas opposed
to subjectve measurements ranks:

where  is the objectve con dence value for The

transform probabilisticallyinterpretsoutputsfrom

Measurement Level Measurementvalues can indicate
distancessimilarities, or beliefs. Even measurementsf
the sameattribute cannotbe combineddirectly becausef
differentranges,scales,and distributions. Measurements
from differentlocatorsneedto be corvertedinto a uniform
representation. We evaluatethe probabilistic con dence
they indicate. This conceptis usedin [3] for combining
measurement-el classi ers. The evaluationfunctionesti-
matesthe probabilitythatanobjectfrom  with measure-
mentvalue isthetrueobject:

is true object

In atraining run, we countthe frequeng of
signedto anobject( ) andthatof anobjectwith  being
the true object( ). We estimate by modeling
therelationbetween and . The simplestre-
lation is linear, but the linearity is hardly satis ed for real
training data. Whenthe dependentariableis binary, the
responsdunctionis oftensigmoidalasin theform:

beingas-

calledlogistic responsdunctions,where and arein-
dependentand dependentrandomvariables, respectiely.
Letting , we lin-
earizeit into by logit transformation
. The regressioncoefcients can be
estimatedusingtheweightedeastsquaesmethod[6].



Rank Level A rank-level objectlocatorassignsarankto

eachobjectoutputasa candidatefor the true object. Two

identicalranksfrom two differentlocatorsdo not necessar
ily meanthe samdevel of con dence.Rankvaluesarecon-
vertedto objective con dencevalues,usinga function esti-
matingtheprobabilitythatanobjectfrom  atrank isthe
trueobject:

is trueobject

In atrainingrun,we countthefrequengy of therank be-
ing assignedo anobject( ) andthefrequeng of anobject
atrank beingthetrue object( ). Asranksaredis-
crete,no modelingof the relationbetweenthe frequencies
is necessaryandwe computetheobjective con dencevalue
of simplyas . Thusrankswith only
relative interpretatiorare corvertedto objective con dence
valueswith the sameprobabilisticinterpretatiorasthe case
of measurement-el locators.

Abstract Level An abstract-leel locator hasfull con -
dencein a uniqueobject. This is equivalentto assigning
the highestmeasurementalue to the objectin caseof a
measurement-el locator andto rankingit rst in caseof
arank-levellocator with thenumberof objectsbeingonein
bothcasesThereforeanobjectve con dencevaluecanbe
de ned naturallyfor a locatorof this type basedon its per
formancewhichis theprobabilitythatanobjectfrom  is
thetrueobject:

is trueobject notreject

In atrainingrun, we countthefrequeng of anobjectbe-
ing output( ) andthefrequeng of it beingthetrueobject
( ). We computethe objective con dencevaluefor

as . Theaccurag of directly de-
pendsontheappropriatenessf 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 consensuslecisionon that class. It
is differentfrom objectlocatorcombinationwheremultiple
decisionson a singleentity (objectin this case)arenot im-
mediatelyavailable. Instead multiple decisionson similar
objectsareavailable,becauseachlocatormakesdecisions
onits own setof objectsgeneratedy its segmentatioralgo-
rithm. Figure2 illustratesthis difference.

Thuswe needa methodof determiningwvhethertwo ob-
jectsfrom differentlocatorscorrespondo eachotheror are
actuallyasingleobject. Two objectsthatexactly correspond
areequivalent Givena collectionof objectsrepresentety

's, we shouldsolve the correspondencgroblemfor each
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Figure?2: Differencebetweerclassi er combinatiorandlo-
catorcombination:(a) all rank-level decisionson oneclass
set;(b) eachrank-level decisionon a distinctobjectset.
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Figure3: Computingcorrespondencdegree:areaof ,
and are20, 19, and 16, respectiely; the correspon-
dencedgyreeis

pair of objects , Where , and

. Thisis representedly thetransform:

which enableaisto determinewvhatdecisiongo combine.

We rst measurdhe degreeof correspondencbetween
two objects. Giventwo objectsfrom differentlocators,we
rst measurdhe areaof overlapping(sharedyegion. This
areaneeddo benormalizedsoasto beusableasa degreeof
overlap. Let and be the setsof pixelscontainedn

and |, respectiely. In addition,let be the
areaoccupiedby and bethatoccupied
by . We usethemeasure:

whichis theratio of the overlappingregion to thetotal area
occupiedby thetwo objects.Figure3 shavs anexampleof
computingtheratio. If thevalueof isl, and
areequivalent

We usethe degreeof correspondencbetweentwo ob-
jectsto determinewhetherthey corresponar not. Thedeci-
sionmethodappliesa thresholdon correspondenceegrees.
Given and  with thecorrespondenceegree ,
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thedecisiorruleis

and correspond if
donotcorrespond otherwise
where is thethresholdvaluefor thepair and .
To determinethe thresholdvalue , we collect all
pairsof objects,onefrom andthe otherfrom , that

haveanon-zeracorrespondenadegree.For all suchpairsof
objectsthatarisefrom anexperimentakun on a setof train-
ing imageswe determinemanuallywhetherthetwo objects
constitutinga pair areactuallya singleobjector not. An op-
timal thresholdthat minimizesthe numberof wrong corre-

spondencéecision®nthistrainingdatacanbedetermined.

The resultsof correspondencdecisionsarerepresentetéh

correspondenceetsde nedas
and correspond

During con dencevaluecombinationthesesetsareusecdto

selectgroupsof objectswherecon dencevaluesof objects
in agrouparecombined.

2.5 Dynamic Locator Relevance

Staticlocatorrelevanceis the locatorreliability de ned as
thesuccessateexcludingrejectsin atrainingrun. Dynamic
locator relevanceis determinedbasedon inputimagechar

acteristicaswell aspreviousperformancen atrainingim-

ageset. We useimagesetpartitioningto computedynamic
relevance. Trainingimagesare partitionedby mutually ex-

clusive conditionscomputablefrom the images. The rele-

vanceof alocatoris computedor eachpartitionseparately
Givenanew inputimage,we determinewhich partitionthe

image belongsto using the sameconditions,then usethe

relevanceof that partition asthe relevanceof the locatorto

theimage.This processs shavn in Figure4.

We canuseagreementamongop-rankedobjectsto par
tition training images. Locatorstend to agreeon top ob-
jectsfor simpleinputimages put tendto disagredor com-
plex inputimages.Thusthe extent of top objectagreement
can indicate input image compl«ity. Given a collection
of locationresultsfrom multiple locators,we comparethe
top-choiceobjectsto decidewhich of themagree. Agree-
mentin this senseis the sameas correspondencefFor
locators,possiblekinds of agreemenéare: none,two,
and all of themagree(s). Thereare dif-
ferenttypesof top objectagreement.Calling thesetypes
as agreementclasses we determinelocator performance
separatelyfor each agreementclass. For example, for

threelocators ,and . thereare ve agreement
classes
and differentdynamicrelevancevalues.

It is usefulto be ableto predictaheadof time the most
effective locatorfor processin@ninputimage.If suchpre-
dictionwerepossiblewe would simply applythechosero-
catorto the inputimage. Using dynamiclocatorrelevance,
we canattemptthis dif cult taskof dynamiclocator selec-
tion. We rst determinethe partition the input imagebe-
longsto, and usethe dynamiclocatorrelevancevaluesfor
that partitionto orderthe top choicesof the locators. This
way, differentlocatorpreferencesire selecteddynamically
accordingo theinputimage.

2.6 Con dence Value Combination

Correspondencgetplayavital role heresincethey indicate

which objectscanbetreatedik e oneobjectfor the purpose
of decisioncombination.Con dencevaluesof correspond-
ing objectscanbe combinedto generatean integratedcon-

dence value.Thistaskis representetly thetransform:

andthecon dencecombinatiorfunctionis

where isthenew con dencevaluefor  and

is thenumberof objectscorrespondingo . Thiscompu-
tationis repeatedor every candidateobjectandthe objects
are sortedin descendingorder of to generatethe nal
output.

HighestCon dence Whenlocatorsarehighly specialized
for a particulartype of imagesijt is worthwhileto focuson
the best-casdehaior of locators. For mostimages,if we
know that thereis at leastone locatorthat performswell,
we cantry to take the decisionof thatlocator The highest
con dencemethodachieresthis goal by selectingthe high-
estone amongthe con dence valuesgiven to a group of



correspondingbjectsasthe nal con dencevaluefor the
objects:

WeightedCon dence Summation A commonmethodof
informationintegrationis linear combinationwhich is the
sum of certainvaluesmultiplied by weights. amountsto
multiplying thecon dencevaluesto becombinedby appro-
priateweightsandsummingthemto computethecombined
con dencevalue,whichtakestheform:

where  istheweightof

The  valuesareobjectve con dencevaluesmeaning
that they alreadyhave differencesin locator performance
incorporatedn them. Thuswe canlet all the weightsbe
1. Intuitively, it givesthe highestcon denceto the ob-
ject that collectively acquiredthe largestamountof con -
dence Alternatively, we canusethecorrespondencagegrees
asweightsof con dencevaluesto be combinedby letting

Herewe usethe correspondencdegreeas

the extentto which one objectin uencesthe otherduring
combination.

Probabilistic Con dence Estimation We canstatistically
estimatethe valuesof the con dencecombinationfunction
usingtraining data, insteadof using a predeterminedor-
mula. Givenalist of con dencevaluesof correspondingb-
jects,we estimatethe probability thatthe objectis the true
object. Supposeahat arethe
con dencevaluesfor theobjectscorrespondingo . From
thetrainingdata,we countthe numberof timesthelocators

output objectscorrespondingo oneobject,
with con dencevalues . We alsocounthow
marytimes isthetrueobject.Callingtheformerquantity
as andthe latter as ,
we computethe probability:

is trueobject

which we can estimateby a multiple logistic regression
model:

We use the obsered data consisting of tuples
,  Wwhere are
the con dencevaluesfor  objectsoutputby locators

correspondingo an object and — is
the the approximatedprobability that the combinationof

con dence values indicatesa true object.
Thecon dencecombinatiorfunctionthenbecomes

The regressioncoefcients needto 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 threelocators , and

, we should compute the coefcients for combina-
tions , and .
Whenwe use locatorsthe numberof coefcient setsre-
quiredis . Theappropriatecoefcient setis se-
lectedby which locatorsproducedbjectscorrespondingo
theobjectfor whichwe wantto computehenew con dence
value.

Fuzzy Integral The classof nonlinearfunctionalscalled
fuzzy integrals offers a meansto combineinformation by
taking into consideratiorthe reliability of the information
sourceslt was rst developedin [9] andhasbeenusedfor
informationfusion[1]. To usefuzzy integrals,we rst de-
terminewhatthe fuzzy densitieswill be. For locatorcom-
bination,locatorsareinformationsourcesandthe dynamic
locator relevancevaluescan be usedas the fuzzy density
valuesfor individual sources. The con dencevaluespro-
videdby locatorsareconsiderecasmeasurementsrovided
by informationsources.

For anobject  for which we wantto combinecon-
dence values,let  bethe setof locatorsthat generated
objectscorrespondingo . Thatis,

for some

We sortthelocatorsin ~ sothatthecon dencevaluesthey
generatedor their correspondingbjectsarein descending
order:

suchthat . We alsode ne a subset
consistingof agivennumberof rst elementf this set:

Usingthe abore de nitions, we apply the fuzzy integral to
computethe nal con dencefor theobject  as

where
tors
This functionlooks for the bestagreemenbetweerthe
reliability of a setof sourceq ) andthe bestsecurity
decisionthe setprovides( ). The minimum operation

is thedynamicrelevanceof thesubsebf loca-



amountsto looking for the agreementin that it takesthe
smallerof the safestdecisionfrom andthe reliability of a
setof sourcesThe maximumoperationchooseshe bestof
theseagreementalues.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
mauginally reliablesource,it is possiblefor a lower con -
dencefrom amorereliablesourceto beaccepted.

3 Experimental Results

3.1 Multiple Locator Algorithm for Address
Block Location

The addresshlock location problemis de ned asfollows.
Given an input imageof a mail piece,determinethe posi-
tion of the destinatioraddresslockin termsof pixel coor
dinates. The outputcanbe a uniqueblock, a setof ranked
candidatéblocks,or a setof candidatélockswith measure-
mentvaluesdependingnthetype of thelocatorused.Re-
gardles®f thelocatortype,aperfectsolutionwould always
outputthe addreslock asthe top choice. A good solu-
tion to addresblocklocationis signi cant to postaladdress
interpretation.

Figure5 illustratesthe o w of the multiple locatoral-
gorithmfor addresdlock location. A mail pieceimageis
input to the preprocessinglgorithmto produceconnected
componentsas input to multiple locators. Preprocessing
consistf imagebinarizationby anadaptve globalthresh-
olding method[7] and connecteccomponenidetectionby
atypical two-pasamethodbasedon an equivalencetableto
resole con icts in labels.

A distinctimagefeatureis the printing methodof the
destinationaddress. There can be locators designedfor
machine-printechddressesind handwrittenaddresseste-
spectvely, and ones not aimed at a particular printing
method. We usethreelocators,a machine-printechddress
block locator (ML), a handwrittenaddressblock locator
(HL), anda clustering-basetbcator(CL). Thelocatorout-
putsareatthe measuremerével, abstractevel, ranklevel,
respectiely. Given a setof locatoroutputs,the algorithm
evaluateghe objective con dencevaluesfor all candidates
in the set,sothatwe have uniform representationsf loca-
tion resultsfrom multiple locators.

Sincetwo setsof candidateblocks output by two dif-
ferentlocatorsusually have very few casesof equialent
blocks, we needto determineif a block in one setcorre-
spondsto ary block in the otherset. Using the uniformly
representebbcatoroutputsandthecorrespondenagecision
resultsthealgorithmcombineghecon dencevaluesof cor-
respondingblocksto derive a nal setof candidateblocks
with combinedcon dencevalues.

Mail piece image
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address block locator address block locator locator
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Figure5: Multiple locatoralgorithmfor addres®lockloca-
tion

3.2 TestResultsand Analysis

Most mail piecesusedin our experimentsvereprovidedby

SeoulMail Centerin Seoul,Korea,whereall mail pieces
cominginto andgoingout of Seoulareprocessedby auto-
matic sorting facilities. We gatheredanothergroup of en-
velopeslocally. This collectionincludesseveral kinds of

ervelopes:oneswith a destinatioraddresghatis handwrit-
ten in Korean,machine-printedn Korean,handwrittenin

English,andmachine-printedn English. It addsvarietyto

ourimagedatabase.

All the ervelopesthat we collectedwere scannedas
gray-level imagesat 100 pixels perinch. We have a total
of 1,100imagesin the databasedivided into two equal-
sizedhalves of 550 images. We conducttwo separatex-
periments:oneusingthe rst half for trainingandthe sec-
ond half for testing, and the other switching the training
setandthe testingset. The purposeof training is to ex-
tractknowledgeof locatorsin the form of a numberof pa-
rametersusedfor combininglocationresults. Training re-
sultsinclude objective con dencefunctionsor values,cor-
respondencéhresholdsdynamiclocatorrelevancevalues,
andfunctionsfor probabilisticcon denceestimation.

Testresultsin termsof locationperformancés shavn in
Tablel. Thecombinationis successfulor all ve combina-



Tablel: Testresultsin termsof locationperformance

Table2: Testresultsin termsof combinatiorperformance

tion methodsanddynamicselection becauséhe combined
location performances betterthan ary individual locator
performanceThefourth row of eachexperimentshavsthe
theoetically highestocationperformanceve expectfrom a
locatorcombination.Thereareconsiderablémprovements
in locationperformancelueto combinatioraswe canseeby
verticallycomparinghelocationperformanceguresin Ta-
ble 1. Thisis mainly becausehe individual locatorperfor
mancearerelatively poor, yet the locatorsare highly com-
plementary

It is importantto distinguishthe combinationperfor
mancefrom the location performancémprovementdueto
combination.Thecombinatiorperformances shovnin Ta-
ble 2. For measuringhe combinationperformancethe ba-
sisis the numberimagesfor which at leastone candidate,
amongall candidate$rom ML, HL, andCL, is thetrueob-
ject, which is 468in both experiments. Thosearethe im-
agesfor which we canexpectto improve the location per
formanceby combination For all thecombinatiormethods,
the combinationperformanceat top two choicesis signi -
cantly higherthanthatat the top choice. This shavs thatin
mostcases combinatiomrmethodfails to locatethetrue ob-
jectasthetop choice,it locateghetrue objectasthesecond
choice.

Focusingon thetop-choicecombinatiorperformancen

% correct % correct
Exp. Locator/ (of all testimages) Exp. Combinatiormethod | (of 468testimages)
Combinatiormethod intop choice(s) intop choice(s)
1 2 3 1 2 3
ML 41.3| 415 Highestcon dence 90.0| 97.2
HL 59.1 Con dencesummation | 89.3 | 96.6
CL 52.0| 53.6 1 | Weight.conf. summation| 89.3 | 96.8
ML orHL orCL 849 85.1 Proh conf. estimation 90.2 | 97.6
Highestcon dence 76.5| 82.7| 85.1 Fuzzyintegral 84.8| 94.7| 99.8
1 Con dencesummation | 76.0 | 82.2 | 85.1 Dynamicselection 84.8| 92.5| 99.8
Weight. conf. summation| 76.0 | 82.4 | 85.1 Highestcon dence 88.0| 97.2| 99.8
Proh conf. estimation 76.7| 83.1| 85.1 Con dencesummation | 90.2 | 97.2| 99.8
Fuzzyintegral 72.2| 80.5| 84.9 2 | Weight.conf.summation| 90.2 | 97.6 | 99.8
Dynamicselection 72.2| 78.7 | 84.9 Proh conf. estimation 88.2| 97.6| 99.8
ML 38.7 | 38.9 Fuzzyintegral 84.8| 94.7| 99.4
HL 60.7 Dynamicselection 84.4| 93.6| 99.8
CL 51.8| 52.9| 53.1
ML or HL orCL 84.9| 85.1
Highestcon dence 749 82.7| 84.9
2 Con dencesummation | 76.7 | 82.7 | 84.9 Table 2, we infer that: (i) highestcon dence,con dence

Weight. conf. summation| 76.7 | 83.1 | 84.9 summation,weighted con dence summation,and proba-
Proh conf. estimation 7511 83.11| 84.9 bilistic con denceestimationhave similar levels of perfor
Fuzzyintegral 7221 805! 845 mance; (ii) fuzzy integral and dynamic selectionbehae
Dynamicselection 7181 79.6 | 84.9 verysimilarly andtheirperformancés someavhatlowerthan

thatof othermethodamainly dueto wrongagreementlass
decisionausingheuseof wrongsetof dynamicrelevance
values; (iii) using correspondenceegreesas weightsin
weightedcon dencesummationdoesnot improve the per
formanceover (unweightedon dencesummation(iv) the
simplestmethod,highestcon dence, hasthe performance
similarto thatof othermethodsimplying thatobjective con-
dencevaluesre ect locatorbehaior andareindeeduseful;
(v) probabilisticcon dence estimation,despiteadditional
trainingto determinghe estimatiorfunctions,is notclearly
betterthanothermethods.

Figure6 shavs anexampleof locatorcombinatiorfrom
Experimentl. ML andHL malke correcttop choiceswhich
arecorrespondingCombiningmlandhl (top choicesdrom
ML and HL) by ary methodproduceshigher con dence
valuethanthatfor c1, andall top choicesarecorrect.

4 Conclusions

We developeda methodof documenbbjectlocatorcombi-
nation. The methodreduceghe locatorcombinationprob-
lemto acon dencevaluecombinatiorproblem.In the pro-
cess,we developedand appliedthe conceptsof objective
con dence objectcorrespondencanddynamiclocatorrel-
evance.

We proposedour functionsfor con dencevalue com-
binationand onefor dynamiclocatorselection. From the
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c2: 0.0109

Figure6: Combinationexample

experimentatesultswe concludehattheselectiorof apar
ticular combinationrmethodis lesssigni cant thanaccurate
representatiomnd combinationframewnork. Also, combi-
nation performancds distinguishedfrom location perfor
mancemprovementdueto combination.

We developeda multiple locatoralgorithmfor address
block locationto testour method. The algorithmemploys
threelocators: a machine-printecaddresslock locator, a
handwrittenaddressblock locator and a clustering-based
locator Thelocatorsarerelatively simpleandbasedn dif-
ferentassumptionsn input mail pieceimages.Thecombi-
nationalgorithmis a directimplementatiorof the proposed
method.

We experimentedn addreslocklocationusingtheal-
gorithm. Two separatexperimentsbothwith atrainingand
testingsetsof 550 envelopeimageseach,were performed.
Location performanceof the combinationis shovn to be
betterthanary individual locator performancefor all ve
combinationmethodsand dynamicselection. When both

experimentsare taken into account,the combinationper
formance gures rangedfrom 84.4%to 90.2%considering
only thetop choice,andfrom 92.5%to 97.6%considering
top two choices. The experimentalresultsshov that com-
bining documenbbjectlocators whereeachlocatoris sim-
ple andtunedto differentobjectcharacteristicds a promis-
ing approacho documenbbjectlocation.
Futureresearclproblemsincludeextendingthe method
to case®f multipletrueobjectsandapplicationgo otherob-
jectlocationproblemssuchasfacelocation,vehiclelicense
platelocation,andhandlocation.
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