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Abstract

Thereliabledetectionof anobjectof interestin aninputimagewith arbitrary
backgrouncclutter andocclusionhasto a large extent remainedan elusie goal
in computervision. Traditionalmodel-basedpproachesreinappropriatefor a
multi-classobjectdetectiortaskprimarily dueto dif culties in modelingarbitrary
objectclasseslinsteadwe developadetectiorframenork whosecorecomponent
is a nearesineighborsearchover object parts. The performanceof the overall
systemis critically dependenvnthedistancaneasureisedn thenearesheighbor
search.

A distancemeasurghatminimizesthe mis-classi cationrisk for the 1-nearest
neighborsearchcanbe shovn to be the probability thata pair of input measure-
mentsbelongto differentclasses.This pair-wise probability is not in generala
metric distancemeasure.Furthermore|t canout-performarny metric distance,
approachingventhe Bayesoptimal performance.

In practice,we seeka modelfor the optimal distancemeasurghat combines
the discriminatve powersof moreelementarydistancemeasuregassociatedvith
a collectionof simplefeaturespaceghatareeasyandef cient to implement;in
ourwork, we usehistogramsof variousfeaturetypeslik e color, texture andlocal
shapeproperties.We usea linearlogistic modelcombiningsuchelementarydis-
tancemeasurethatis supportedy obsenationsof actualdatafor arepresentatie
discriminationtask. For performingef cient nearesheighborsearchover large
training sets,the linearmodelwasextendedo discretizeddistancaneasuresghat
combinesdistancemeasuresassociatedvith discriminatorsorganizedin a tree-
like structure. The discretemodelwas combinedwith the continuousmodelto
yield a hierarchicaddistancemodelthatis bothfastandaccurate.

Finally, the nearesteighborsearchover object partswas integratedinto a
wholeobjectdetectionsystemandevaluatedagainstothanindoordetectiorntask
aswell asafacerecognitiontaskyielding promisingresults.
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Chapter 1

Intr oduction

The reliable detectionof an object of interestin an input imagewith arbitrary
backgrounclutterandocclusionhasto alarge extentremainedanelusive goalin
computewisionsincethebeginning. In the mostcommonformulationof a multi-
classobjectdetectiontask,we would lik e to detectthe presencer absencef an
objectof interestin aninputimage,givena prior training set(2D or 3D data)for
the objectsof interest. Thefactorsthatconfoundreliabledetectionincludeback-
groundclutter, occlusionof the objectsof interestandthe variability in viewing
conditions.Figure 1.1 shavs examplesof the kind of objectsthatwe would like
to detectaswell asexamplesof clutterthatwe would lik e the detectionrschemdo
berobustagainst.

Previous approache$o objectdetectioncanbe groupedundervariouscrite-
ria. For our purposeswe shall make the distinction betweenmodel-basedr
generatre-basedapproache®n the one hand (Roberts,1965; Chin and Dyer,
1986; Kane et al., 1991; Arman and Aggarwal, 1993b; Huttenlocherand UlI-
man, 1990) and exemplarbasedor appearance-basepproache®n the other
hand(Mel, 1997;MuraseandNayar 1997;Nayaretal., 1996;ShapiroandCosta,
1995; Selingerand Nelson,2001; Nelsonand Selinger 1998; Worthingtonand
Hancock,2000;Schiele,1997;Huangetal., 1999). Broadly speakingjn thefor-
mer classof approachesa modelfor eachobjectof interestis assumedhatcan
generateew imagesof the objectsby varying the parametersf the model. An
extremeexampleis a 3D CAD modelfor eachobjectof interest(ArmanandAg-
garvnal, 1993a)alongwith amodel-independeninagingprocesgparametrizedby



Figure 1.1: Sampleobjectclasseqtop row) alongwith samplescenegmiddle
row) with oneof the objectsof interestunderclutterandocclusion. The bottom
row shovs moresamplescenegor onethe objects.

viewing andlighting conditions.New views of the objectaregeneratedby spec-
ifying parametergor the viewing andlighting conditions. As anotherexample,
theclassof facescanbemodeledquitewell by alow-dimensionalinearsubspace
in imagespacg Turk andPentland,1991). New views of afacearegeneratedby
linearly combiningthe basisvectorsspanningthe subspace As a last example,
objectscanbe modeledusinga linear combinationof views (Ullman and Basri,
1991)wherethe modelis a setof prototypeimagesfor the objectalongwith the
locationsfor asetof featuresn the prototypeviews. Thelocationsof thefeatures
in novel views of the objectcanbe obtainedby linearly combiningthe locations
of thefeaturedn the prototypeviews.

Themaindif culty in suchgeneratre approachess the developmenif good
generatre modelsandtheir estimationfrom training data. This is especiallya
problemfor agenerabbjectdetectiontaskin whichwe areinterestedn detecting



anarbitrarysetof objects.Eachobjectof interestmight requirea differentgener
ative model,eachof which needdo beestimatedFor example,it is reasonabléo
expectthatthe classof chairsmight requirea differenttype of generatre model
thantheclassof cars.Furthermoreit is not clearthatall objectsof interestcanbe
easilymodeledwith somegeneratre model.

Exemplarbasedpproachesntheotherhandavoid theneedfor explicit mod-
els of objects.Instead a training setof imagesundervariousviewing directions
andsceneillumination is acquiredfor eachobjectof interest. Perhapghe sim-
plestexemplarbasedapproachs to usethetrainingimagesastemplateghatare
matchedagainstheinputimage.Theobjectclasslabelof thetrainingimagethat
bestmatchegheinputimageis reported.In otherwords,theinputimageis clas-
si ed by anearesnheighborsearcramongthetrainingimageswherethedistance
betweenthe templateand the input imageis basedon somefeaturespacelike
color, texture or shapeor moregenerallya combinationof elementaryfeatures.
Unlike generatre approachesvheredifferentobjectclassesnightin generalre-
quire different generatre models,exemplarbasedapproachesan be typically
applieduniformly to all objectsof interest.

1.1 NearestNeighbor Framework

Nearesheighborsearchs oneof thesimplestformsof anexemplarbasednethod
(Dasarathy1991). Formally, we aregivenatrainingsetS = f(X1;Y1); (X2;¥2);
15 (Xn;Yn)g wherethe x; aretraining imagesandy; are correspondinglass
labels. We are also given a distancemeasured(x; x9 thatis usedto nd the
nearesheighborin S of aninputimage. The one nearesheighborrule reports
theclasslabely; of thetrainingimagex; thatis the nearesteighborof the input
image. Thusthe classi cationperformancef the nearesneighborrule is solely
determinedy thetraining setS andthe distancemeasurel. More generallythe
nearesheighborrule candependntheK nearesheighbors.

Most work on nearestneighborsearchassumesa x ed distancemeasure.
However, it is easyto shav that the choicefor a distancemeasurecansigni -
cantly affect the classi cation performanceof the nearesineighborrule. More
recentwork (Shortand Fukanaga;1981; Fukanagaand Flick, 1984; Hastieand
Tibshirani, 1996; Blanzieri and Ricci, 1999; Friedman,1994) hasbegun to ex-
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ploit thegainin classi cationperformanceossibleby usinggooddistancemea-
sures. The optimal distancemeasuredependn the task at hand. In the case
of objectdetectionthe searchfor an optimal distancemeasures confoundedy

the factthat we might wantto usea combinationof featuresto discriminateob-

jects,sincein a multi-classobjectdetectiontask,no onefeaturetype will likely

besuitablefor discriminatingall objectsfrom eachother Insteadjt is morelikely

thatdifferentfeaturetypesand/ortheir combinationsarerequiredfor discriminat-
ing differentpairsof objectclassedrom eachother For example,two different
objectclassesA andB may be distinguishedoy color alone,while classA and
yet anotherobjectclassC maybeof the samecolor but canbe distinguishedoy

shapepropertieslt is not cleara priori how to constructa singleoptimaldistance
measurdetweerimageswhentherepresentationsesa combinationof different
featuredik e color andshape.Furthermoredifferentfeaturesnay have differing

discriminatve powersanda gooddistancaneasureshouldtake into accountsuch
differences.

What should the optimal distance measure be ? Intuitively a distancemea-
surethatignoresvariationswithin the sameclass(for example,variationsdueto

lighting andviewing conditions)while enhancingariationsbetweerimagesrom

differentclasseshouldbeidealfor usein anearesheighborsearch Objectvely,

the optimal distancemeasue shouldbe the onethat maximizeghe classi cation
performanceof the nearestneighborrule. We will shav in the next chapterthat
a distancemeasurdhat directly optimizesthe classi cation performancecanbe
expresseaimply in termsof the oddsratio thata pair of imagesx andx®belong
to thesameclass:

p(y 6 y°j x; x9
p(y = y0j X; x9
wherey andy®arethe correspondinglasslabels. Clearly, this distancemeasure
satis estheintuitive requirementhat pairsof imagesfrom the sameobjectclass
shouldbe closeto eachothercomparedvith pairsof imagesrom differentobject
classes.

Thustheproblemof nding theoptimaldistancemeasureeduceso theprob-
lem of modelingandestimatingthe probability distribution thata pair of images
belongto the sameclassor to differentclasses.This pairwise “discriminative”

d(x;x9 log

(1.1)
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distribution ply 6 y°j x;x9 canin principle be computedfrom a generatie

modelp(xjy) for eachclass.Soin principle, the problemcanfurther be reduced
to rst estimatingthe generatre modelsfor eachclass. However, we are then

facedwith all thepitfalls of modelingandestimatinggeneratie modelsdiscussed
above.

In our work instead,we proposeto modeland estimatethe pair-wise distri-
bution directly. The basicintuition for why this directapproachshouldbe more
feasiblein practiceis thatthe pairwiselik elihooddependsnly on the discrimi-
native featuresvhereasestimatinga generatre model rst requiresmodelingthe
role of all featuregrrespectve of their discriminatve value.

How do we model the pair-wisedistrib ution directly ? In generalfor anarbi-
trary multi-classdetectiontask,the optimal distancemeasureannotbe expected
to assumary particularparametrianodel. Any choicefor modelingthedistance
measureshouldbe dictatedby what the datasuggestdor a particulardetection
taskaswell asotherfactorslik e easeof implementatiorandanalyzability

Our basicapproachwill be to modelthe optimal distancemeasurdoy com-
bining more “elementary”distancemeasures.An elementarydistancemeasure
is de ned on simplefeaturespacedik e color, local shapepropertiesor texture.
Our motivationfor basingour approacton combiningsuchelementarydistance
measuress primarily theeaseof implementatiorfor suchanapproactsincethere
areplenty of choicesfor suchsimplefeaturespacegshat have beenwell-studied
in thelliteraturethatareeasyandef cient to implementin practice.For example,
we canconsidersimple histogramsof featuresfor which onechoicefor the ele-
mentarydistancemeasurés the 2 distance Othersimplefeaturespacesnclude
edgemapswith theHausdorf distancaneasurgéHuttenlocheetal., 1993),shape
contets (Belongieet al., 2002), or normalizedpixel intensitieswith the simple
euclideardistancemeasuréNayaretal., 1996).

In general,eachof the simplefeaturespacedy itself cannotbe expectedto
be sufcient at the discriminationtask at hand. Thuswe seekto combinethe
discriminatve powersof a setof suchsimplefeaturespacesn our model. The
ideal setof featurespacego useis thatwhich complementgachotherwell for
thediscriminationtaskat hand.



How shouldthe elementarydistancemeasuresbe combined? We canmotivate
ouranswetothisquestiorby rst takingalook atsomeactualdatafrom anindoor
discriminationtaskthatwe areinterestedn. In thisthesiswe will usehistograms
of variousfeatureslike color, local shapepropertiesand texture as the simple
featurespaceghat we would like to combinein our model. Histogramswere
chosersincethey canbeef ciently computedrom aninputimageandarestable
representationwith respecto afair amountof distortionsin viewing conditions.
SeeChaptel6 for details.

The distribution p(y 6 y° | x;x9 thatwe wish to modelis a function of
pairsof images.Figurel.2(a)shows thedistribution of distancesn alocal shape
histogramfeaturespacebetweenmagesof objectpartssampledrom acollection
of 15 objectsand randomly sampledimage patchesof backgroundclutter (see
Chapter7 for a descriptionof theseobjects,and Chapter6 for how objectsare
decomposedhto parts). The elementarydistancemeasurechosenis the simple
L, distancaneasureSeex 3.2for thedistribution of distancesn the otherfeature
spaceshatwe use,namelycolor andtexture.

As canbe seenfrom the gure, the distancescoreshetweerimagesfalls into
two distributionsdependingon whetherthe pair of imagescomefrom the same
objectpartclassor from differentclassegincluding clutter). The distancescore
in this featurespacecanbe roughly dividedinto threeintervals alongthe x-axis.
It canbeclaimedwith highcon dencethatif apairof imageshasadistancescore
thatfallsin eitherof thetwo extremeintervals,thentheimagescomefrom either
the sameclass(in the caseof the left-mostinterval) or from differentclassegin
the caseof the right-mostintenval). For the middle intenal, the within-classor
out-of-classmembershigs moreuncertain.

Figure 1.2(b) plots the empirically determinedog oddsratio (1.1) which is
thetransformof the pairwisedistributionp(y 6 y°j x; x9 thatwe wishto model.
As illustratedin Figure 1.2(c), the uncertainmiddle interval of the log oddsra-
tio plot canbe well-modeledasa linear function of the distancescore. Similar
obsenationshold true for eachof the otherfeaturespaceshatwe use(color and
texture), seex 3.2. Theseobsenationsare usedto justify approximatinghe op-
timal distancemeasuredy linearly combiningthe elementarydistancemeasures
associateavith the simplefeaturespaceghatwe usein our work. SeeChaptel3.

It will turn outthatthe optimal coefcients in the linearcombinationof such



°
=

= intra-class
extra-class o [oYo)

o o
q =

o
S
Log odds ratio

o
&

Probability density

0.2- 2
0.1~ -4
o . . ‘\_‘; . L . . 6 L )
0 1 2 3 4 5 6 7 9 10 0 1 3 5 6 7
Distance between image patches Distance between image patches
8-
Q@
6r ]
4
o 2
I S ot
o @
g =
o =]
g g o
2+
4t
R . . . . . , 6 . . . . .
0 1 2 3 4 5 6 7 0 1 2 3 4 5 6 7
Distance between image patches Distance between image patches

Figurel.2: (a) Distribution of distancesn alocal shapehistogranfeaturespacebetween
imagesf objectpartsfrom acollectionof 15 objectsdescribedn Chapter7 andrandomly
sampledmagepatchesf backgrounctlutter Thedistancescoredall into two distribu-
tionslabeled‘intra-class”and"extra-class”. Thedistancescorecanbe split roughlyinto
threeintenvals along the x-axis: the middle intenal is whereuncertaintyis greatestas
to which distribution the distancescorecomesfrom. (b) plot of thelog oddsratio (1.1).
Note thatthe plot is quite linearin the middle uncertainintenal. (c) a linearmodel ts
themiddleintenal quitewell. (d) a discretizatiorof the distancenmeasurehatis induced
by a simplediscriminatorthatusesathreshold onthedistancescore.



elementarydistancemeasureganbeinterpretedasindicatingthe discriminative
power of eachelementarydistancemeasureSeeChapterd.

The needfor a hierarchical distance measue. We have thusfar describeda
continuoudinear modelfor the optimal distancemeasureAlthoughwe nd that
in practicethis continuousnodelis accuratatretrieving thenearesheighborit is
expensveto useatrun-timewhensearchingveralargetrainingset. Any kind of
ef cient nearesneighborsearchimplicitly requiresa discretedistancemeasure.
Consequentlyve will investigatethe constructionof discretedistancemeasures
thatareappropriatdor ef ciently performingthe nearesheighborsearchfor our
discriminationtasks.

Although we canshaow that, in theory the optimal distancemeasurecan be
replacedby usingonly a discretedistancemeasurewithout sacri cing the clas-
si cation performancgseeChapter3), in practicewe nd thatdiscretedistance
measuresre only usefulfor coarse discriminationamongobjectclasses.Thus
in practice,discretedistancemeasuresre mostusefulfor reportinga small set
of candidateneighborspneof whichis likely to be the optimal nearesheighbor
Ontheotherhand,we shov how the nearesheighborsearchcanbeimplemented
efciently by usingadiscretedistancemeasurgéhatcombineslementangdiscrete
distancemeasuresssociatedvith discriminatoss in a tree-like structure,where
eachof the discriminatorgs constructedn simplefeaturespacesik e color, tex-
tureor local shapepropertiesTheelementaryiscretedistancaneasurewill turn
out to be discretizationsof the sameelementarydistancemeasure®ver simple
featurespacesisedin the continuoudinear model,andwherethe discretization
is inducedby discriminators.Returningto our one-dimensionagxamplefeature
spacein Figure 1.2, we canconstructa simple discriminatorthat thresholdghe
distancebetweena pair of images. The optimal thresholdwill be suchthatim-
agepairswith distancescoreghatfall belown the thresholdmostlikely belongto
the sameclass,otherwisethey mostlikely belongto differentclasses.The cor
respondingdiscretizeddistancemeasureassociatedvith sucha discriminatoris
shavn in Figure1.2(d). Again, just asin the casefor continuousdistancemea-
sures,we will considera linear modelfor combiningthe discretedistancemea-
sures.

Comparedwith the discretemodel, the continuousmodelis more expensve
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to useat run-timefor searchingover a large training setbut alsomore accurate
asnotedabove. Thusboth distancemodelsare problematicto usein anef cient
aswell asaccuratenearesineighborsearchfor differentreasonswhen eachis
usedin isolation. Instead,our strategy will be to combinethe complementary
aspectof thetwo modelsto createa distancemeasue that is bothaccurateand
efcient to computeat run-time The basicideawill beto rst usethe discrete
modelto efciently searchfor a smalllist of candidateneighborswhich is then
further prunedusing the ner discriminatve power of the continuousdistance
measurgseex 3.3).

How do we estimatethe distancemeasute from training data ? A linearcom-
binationmodelfor thedistanceaneasuregitherdiscreteor continuousjmpliesan
exponentialfamily for the pairwise discriminatie distribution p(y 6 y°j x; x9
in (1.1). Thuswe seekto estimatethe optimal modelfor the distribution from
the family of exponentialmodelsgiventhe training data. We usethe maximum
likelihoodframenork (seeChapter) for estimatinghe parametersf the optimal
exponentialmodel.

1.2 Sketchof our DetectionScheme

We have thusfar discusseanly theissueof utilizing anoptimaldistancaneasure
for nearesheighborsearcHor objectdetection.n practice thereareseveralother
issueghatneedto beaddressewhenusinga nearesheighborsearchframevork
in the context of anoverall schemédor objectdetection.Sincethe mainfocusof
this thesisis on developingan optimal distancemeasurdor objectdetectionfor
therestof the objectdetectionsystemwe will seekthe simplestimplementation
that we canget away with, but yet which is sufcient and realisticenoughfor
evaluatingthe distancemeasureghatwe develop.

Figure 1.3 outlinesour overall schemefor objectdetection. In general,we
might use attentionalmechanismsr interestoperators(Grimsonet al., 1994;
Burt, 1988; Abbott and Zheng, 1995; Westliuset al., 1996; Grove and Fisher
1996; Stoughand Brodley, 2001; Culhaneand Tsotsos,1992; Itti et al., 1998;
Balujaand Pomerleau1997; Tomasiand Shi, 1994; Ruzonand Tomasi, 1999;
MikolajczykandSchmid,2002)to focuson only thelocationsin theinputimage
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thatarelik ely to correspondo anobjectof interest.However, suchtechniquesre
beyond the scopeof this thesiswhosemain focusis on usingthe nearesneigh-
bor framework for objectdetection.Instead we usea simple stratgy wherewe
sub-sampldocationsin theimageat variouspositionsandscalesandclassifythe
sub-imageat eachlocation. Sucha “brute” force approachhasbeenusedin the
literaturewith reasonableun-timeperformanc€Rowley etal., 1998;Schneider
man, 2000; Viola andJones 2001). Clearly, any attentionalmechanisnwill be
complementaryo sucha naive approachandcanonly improve run-time perfor
mance.

In practice,the objectsthat we areinterestedn detectingcanbe of varying
sizesand shapes.The naive approachof performinga nearesineighborsearch
at eachlocation over a training setwith whole objectviews will resultin poor
performancesinceno singlechoicefor the sizeandshapeof the supportwindow
to be usedwhen performingthe nearesineighborsearchcan be expectedto be
optimalfor all objects.A singlechoicefor the supportwindow will typically be
eithertoo smallfor someobjects,in which casesomediscriminative information
will likely belost, or will betoo largein which casethe objectcanbeconfounded
with backgroundlutter.

The solutionthatwe pursueis to nd a decompositiorof objecttrainingim-
agesn termsof parts,eachof which hasa supportwindow with the samesizeand
shapeThenearesheighborsearchs thenperformedover partsratherthanwhole
objectviews. A decompositionnto partsis alsousefulfor robustnessgainsipar
tial occlusionwhichis expectedo affect only somebut not all of the parts.Since
differentpartswill in generahave differentdiscriminatve powers,andwe would
liketo useasfew partsaspossiblefor run-timeef ciency, animportantissuethat
we needo dealwith is thatof nding agooddecompositiorof trainingviewsinto
afew parts.SeeChapter6 for details.

Our detectionschemds composedf the following steps(detailedin Chap-
ter6):

Aninputimageis rst pre-processeib extractthevarioushistogramgcolor,
shapetexture)at eachlocation.

Thesub-imageateverylocationis labeledby thenearesheighborpartclas-
si er with afew numberof partsfrom the training datathat are nearesto

12



Extract Features

Input Image
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Verify Object Presence

l NN Part Search

-

Figurel.3: Outlineof ourapproachTheinputimageis pre-processetb extractfeatures
at variouslocationssub-sample@crossthe image. In our work, we extract color, local
shapeandtexture histogramsNext the nearesheighbomartclassi eris runateachloca-
tion. As outlinedin Figure3.3,theNN searchrst usegheefcient but coarsediscretized
distancaneasurdo returnasmalllist of candidateneighbordor eachiocation. Thislist is
thenprunedby the moreaccuratecontinuousdistancemeasure Note thatin theillustra-
tion, only afew partsdetectedareshavn. Also notethatneighboringocationscangive
multiple part detectionghat overlap. Eachpartis usedto generatea hypothesidor an
objectof interestatthatlocation. Thelocationsof the otherparts(shavn by thetriangles)
in the hypothesizedwbjectclassis searchedor the correspondingart expectedat those
locations. Possibleocclusionsof partsare handledby rejectingoutliers. The scoresfor
all suchnon-outlierpartsareaccumulate@ndthresholdedo give anobjectdetection.In

theillustration, parthypothesethatcouldnot beveri ed areshavn in red.
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thesub-image Thedistancaneasuraisedis the hierarchicadistancemea-
surediscussedbove. Part labelscorrespondingo cluttertraining samples
areignoredin subsequerprocessing.

Eachpartlabelatalocationis usedto generatehypothesigor thepresence
of anobjectviewedunderconditionsclosesto a trainingimagecontaining
the part. A “score” for the hypothesigs computedby rst predictingthe
locationsof all otherpartsbelongingto the sametrainingimageandaccu-
mulatingthe scoreqthe nearesheighborsimilarity) of all the parts.

Finally, thevariousobjecthypotheseateachlocationareprunedby thresh-
oldingtheirscoresafterwhichlocalnon-maximakuppressiois performed
resultingin non-overlappinghypothesesTheoperatingcharacteristi¢char
acterizedby the falsepositve and detectionrates)of the whole detection
schemes determinedby the thresholdusedfor the pruning. Thusthe -
nal outputconsistsof oneor morenon-overlappinglocationsin theimage
labeledwith anobjectof interest.

1.3 Outline of the Thesis

We concludethis chaptemwith anoutline of therestof thethesis.

Chapter 2 discusse# detailthe nearesheighborframevork. We rst derive
the optimal nearesneighbordistancemeasureghat maximizesthe classi cation
performancein termsof the probability distribution thata pair of imagesbelong
to the sameclass. We thenshov how preciselythe optimal distancemeasuras
differentfrom themorefamiliar metricdistancaneasurethatarecommonlyused
in the literature. We also comparethe classi cation performanceof the optimal
distancemeasurewith the Bayesoptimal risk aswell asthe bestperformance
possiblefor any metricdistance Finally, we surwey relatedwork in theliterature
on nding optimaldistancemeasure$or nearesheighborsearch.

Chapter 3 discussebhow we modelandestimatdaheoptimaldistancemeasure
in practice. We rst amguefor the advantage®f directly modelingthe pairwise
distribution ratherthan the alternatve approachof rst estimatinga generatre
modelfor eachclassandthenderving thepairwisedistribution. Wethenconsider
alinearmodelfor theoptimaldistanceneasuréhatcombineslementarylistance

14



measuregctingon simplefeaturespacesDiscreteandcontinuoudinear models
arethenconsideredn detailaswell astheirusein ahierarchicadistancemeasure
thatis bothef cient andaccurate.

A linearmodelfor the distancemeasurempliesan exponentiaimodelfor the
pairwise distribution, the estimationof which is consideredinderthe maximum
likelihoodframework in Chapter 4. We thennotetherelationshipwith the max-
imum entropy frameavork that givesus an alternatve view of our approach.We
re-examinea natural selectionschemeunderthe maximumentrogy framework
that hasbeenproposedn the literaturein a differentcontext (Zhu et al., 1998)
and shaw that, althoughthey look very different, the maximumentropy selec-
tion procedurds the sameasthe selectionproceduraunderthe maximumlik eli-
hoodframewvork. We alsodiscusssimilaritiesbetweerour work andthe boosting
framavork.

In Chapter 5, we discusgheconstructiorof candidatealiscriminatorgequired
for the maximumlik elihood selectionschemepresentedn Chapter 4 for dis-
cretedistancemeasuresWe rst presentverygenerabhpproachor constructing
discriminatorsthat is simple to implementand applicableto ary featurespace
equippedwith an arbitrary distancemeasure the nearesprototypediscrimina-
tor. To generatesuchdiscriminatorsef ciently, we develop a simple sampling
stratgy with provableperformancegyuaranteest-or linearfeaturespacegfor ex-
ample,normalizedpixel intensities) we proposeanotherapproactor generating
gooddiscriminatorghatcanbe posedasoptimizinganobjective functionencod-
ing variouscriteriafor gooddiscrimination. The optimizationcanbe performed
by iteratively solvingtwo associate@igenproblems.

Chapter 6 dealswith thetrainingphasedor thenearesheighborclassi er. We
rst discusghe choiceof featuretypesthatwill be used.We discusgheef cient
constructiorof histogram®f variousfeaturetypes(color, contour texture). Next,
we discussthe decompositiorof eachtraining imageinto a few spatially non-
overlappingdiscriminatve parts. The chapteralsodiscussefiow discriminators
thatareusedto form thediscretedistancemeasureanbeorganizedn atree-like
structurefor run-timeef ciency. Thechapterconcludesy describingn detailthe
completeobjectdetectionsystenthatwe have implementedo testour approach.

Chapter 7 reportsresultson two detectiontasks: anindoortaskanda face
recognitiontask. The chapterincludesa detailedempiricalanalysisof the vari-
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ous parameterandissuesthat affect classi cation performancevhenusingthe
proposedierarchicaddistancemeasure.

Chapter 8 concludeswith a discussioron possibledirectionsfor future re-
search.
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Chapter 2

Optimal NN DistanceMeasure

In this chapterwe presentour approachfor nding gooddistancemeasureshat
maximizetheclassi cationperformancer equivalentlyminimizethemis-classi cation
risk for thenearesheighborsearch Theoptimaldistancaneasurehatminimizes
therisk is the pairwise distribution thatindicateshow likely two imagescome
from the sameor differentobjectclassesin generalthis distancemeasuras not
ametricdistancavhichis themostpopulardistancaneasureassumedh theliter-
ature.Wewill investigatepreciselywhereandhow themetricaxiomsareviolated.
Next, we will studythenearesnheighborclassi cationperformanceindertheop-
timal distancemeasur@andcomparat with theperformancef metricdistancess
well asthe Bayesoptimalclassi cationperformanceWe concludethechaptetby
suneying prior work on optimaldistancemeasure$or nearesheighborsearch.

2.1 The Setting

We assumeahatwe have atrainingsetS,, = f(Xq;y1); (X2;¥2);::: ; (Xn; Yn)g of
sizen whereeachtuple (x;;y;) is chosen.i.d. from someunknowvn distribution
overX Y whereX isthespaceof all imagemeasurementsndY is somedis-
crete nite setof classlabels.A measuremens therepresentationf theimagein
termsof asetof featuredik e color, shapeor texture. We arealsogivenadistance
measurad : X X ! IR betweenary two imagemeasurementslhe distance
measures assumedo be symmetricandhasthefollowing qualitativeinterpreta-
tion: for threeimagesx; x% x% if d(x; x9 < d(x; x%, thenxis consideredo be
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“closer” to x thanx® In a nearesnheighborsearchonly suchrelative valuesof
thedistancaneasurareof interestandthuswe do notimposeary restrictionson
adistancemeasuretherthansymmetry In particular we do notassumeametric
distance(for de nition seediscussiorbelaw), in contrastwith mostwork in the
literature(Dasarathy1991).

Whengivena new inputimagex 2 X, the 1-neaestneighborrule reports
the classlabel y° associatedvith the trainingimagex® 2 S, thatis closestto x
accordingo thedistancemeasural. Let L (y; y9) besomelossfunctionthatgives
thelossincurredby theNN ruleif y is thetrueclasslabelof x ratherthany® Let
p(x; y) bethejoint distribution overimagemeasurementsndclasslabels.Given
thatx®2 S, isthenearesneighborto inputx, we canthende ne the conditional
risk r (x; x9 to bethe conditionalexpectationoverthelossfunctionL asfollows:

r(x; x9 Byl (¥; Y9

L(y; Y9p(y; y%i x; x9
%’

L(y; y9p(y j x)p(y°j x9 (2.1)
yiy©

wherethelastequatiorfollows from thei.i.d. assumption.
Then-sampleNN risk R(n) is de ned as:

R(n) Exyyisa [L (Y3 Y] (2.2)

wherethe expectationis taken over all inputsx aswell asall training setsS,, of

sizen. Notethatx?is thenearesheighborof x in S, andthereforex®is afunction

of x, howeverx®doesvary with S,. Dueto thei.i.d. assumptiongivena nearest
neighborx® thecorrespondinglassiabely®is dependentnly onx® Thuswecan

expressthe NN risk in termsof the conditionalrisk r (x; x% asfollows:

R(N) = Exx,[r(x;x9] (2.3)

whereX,, is the setof only thetrainingmeasurements; from S,,, excludingthe
correspondinglasslabelsy;. Thelarge sampleor asymptotiaisk is de ned as:

R lim R(n) (2.4)
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2.2 Optimal 1-NN DistanceMeasure

Considera 0-1 lossfunctiongivenby L(y;y9 = 1if y 6 y%andL(y;y) = 0
otherwise. Thenthe conditionalrisk r(x; x% measureshe probability of mis-
classifyingx if x%is assignedsits nearesheighborwhile therisk R(n) measures
theaverageamis-classi cationerrorof theNN rulefor atrainingsetof sizen. It can
beveri ed thatfor the0-1 loss,theconditionalrisk (2.1) reducego thefollowing:

r(x; x%

p(y j X)p(y°j x9)
y6yO°

p(y 6 y9x; x9 (2.5)

Therisk r(x;x9 = p(y 6 yjx;x9 de ned on ary two measurements and x°
canbethoughtof asa“discriminative” measurdetweerthetwo imagemeasure-
ments,sinceit indicatesthe probability that the two measurementsomesfrom
thesameobjectclassor not.

For a giventraining setsizeof n, therisk R(n) depend®only on the distance
measureal usedfor the nearesnheighborsearch.Thus,it is naturalto askfor the
distancemeasurghat minimizesthe risk. The discriminative distribution p(y 6
yyx; x9 canitself be thoughtof asa distancemeasurdor which two imagesare
“closer” to eachotherif they arebothlikely to comefrom the sameclassrather
thanfrom differentclasses.We canin fact easilyshowv that this discriminatve
distributionwhenconsideredsadistancemeasureaninimizesthe NN risk.

For a given input x andtraining setS,, usingd p( j ;) asthedis-
tancemeasuregivesthe training examplex® that minimizesthe conditionalrisk
r(x;x% = p(y 8 yyx; x9 overthetrainingsetS, sinceby constructiorthe dis-
tancemeasureusedis also the conditionalrisk andthus nding x° 2 S, that
minimizesthe distancemeasurealso minimizesthe conditionalrisk. Sincethe
conditionalrisk r (x; x9 is minimizedfor ary inputx by thechoserdistancemea-
sure,the unconditionalrisk R(n) is also minimized. We have thus showvn the
following:

Theorem 1 Thedistancemeasue d(x; X%  p(y 6 yJyx; x% minimizesthe risk
R(n) for anyn.

Note thatthe above resultremainstrue evenif we transformthe discrimina-
tive distribution by any monotonicallystrictly increasingunctionf . Thisis true
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becausaisingd f (p(j; )) asthedistancemeasuraeturnsthe samenearest
neighboraswhenusingd  p(j; ). We will usethis factlaterwhenmodeling
theoptimaldistancaneasure(seex 3.2).

2.2.1 The Pair-WiseDistrib ution is not a Metric Distance

Most previouswork in the literature(Dasarathy1991)wasinterestedn nding
anoptimal metricdistance.A distancemeasurel(x; x9 is a metric distancef it
satis espositivity: d(x;x% 0 with equalityiff x = x% symmetry:d(x; x9 =
d(x% x) andthe triangleinequality: d(x; x9 + d(x%x%  d(x; x%. In general,
thereis no reasonto expectthat the pair-wise distribution is a metric distance.
Neverthelessit is instructive to seewhich of theconditionsabove arenotsatis ed
by the pair-wise likelihoodwhenconsideredasa distancemeasure Typically, it
is assumedhatthe mostcommonreasorthata distancaneasures non-metricis
becausét violatesthetriangleinequality Surprisingly thisis notthe casefor the
pairwisedistribution.

As before,let p(x; y) bethedistributionover X Y underwhich measure-
mentsx andcorrespondinglasslabelsy aredrawvn i.i.d. An expressionfor the
pairwise distribution thatis equialentto the onein (2.5) but is morecorvenient
for the presendiscussioris givenby:

X
ply 8 ¥°ix;x) = pypx)(L p(yix)) (2.6)
y
Positivity. It caneasilybe shavn that positivity is not satis ed by the pairwise
distribution in general.As a simplecounterexample,let p(yjx) = 15Yj beuni-
formly distributedoverall clasdabelsfor all x 2 X (jYjisthenumberof classes).
Thenp(y 6 yyx;x% = 1 15Y]j> Oevenwhenx = x°
More generallywhenx = x° p(y 6 yjx; x9 = 0iff x belongsto oneof the
classesvith completecertainty i.e. p(yjx) = 1 for somey andp(y9yx) = 0O for
08 y. Theif partisimmediatefrom ther.h.s.of (2.6). For thecorverse we have
y POYIX)( p(yjx)) = O, fromwhichp(yjx)(1 p(yjx)) = 0for eachy since
eachtermin the sumis non-n@ative. Thuseitherp(yjx) = 0 or p(yjx) = 1 for
eachy. Finally, since | p(yjx) = 1, we have thedesiredresult.In otherwords,
lackof positivity for any measurement is dueto lack of completecertaintyabout
its classmembershipvhichwill bethe casein mostrealtasks.
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Lack of positivity leadsto thethe mostimportantdifferencebetweerthe pair-
wisedistributionandarny metricdistancaneasurethenearesheighborof agiven
measurement over the whole spaceX underthe pairwise distribution distance
measuragneednotbex itself. This propertywill turnoutto bethereasorwhy the
optimaldistancaneasur@ut-performsany metricdistancaneasuren generalas
discussedhn the next subsection.

SymmetryNext, symmetryis satis ed sincethe orderof thetwo measurements
andx®in thepairwisedistributionis immaterial.

Triangle Inequality Lastly, it might seemthatthe triangleinequalitywill not be
satis ed by the pairwise distribution distancemeasuren generafor anarbitrary
distribution p(x; y). Surprisingly thisis notthe caseaswe shaw next.

Sincep is a probability measureand thus takes valuesin [0; 1], p(yjx)

p(yix)(1  p(yjx®) aswell as(1  p(yjx®)  plyix)(X  p(yjx%). Using
thesetwo relations,

plyix)(X  p(yix9) + p(yixd@  p(yjx®)
plyix)(L  p(yix®D@  plyix9) + plyixIplyix)(1  plyjx®)
= pyix)(X  p(yjx°))

Summingovery onbothsidesandusing(2.6)yieldsthedesiredriangleinequality
for the pairwiselik elihood.

Symmetryandthe triangleinequalityimpliesthatif x°is closeto bothx and
x% thenx and x® shouldalso be closeto eachother This propertyis useful
for someapplicationdik e ef cient imageretrieval (Bermanand Shapiro,1997;
Barrosetal., 1996).

Finally, we notethat Jacobset al. (2000) have investigatedhe propertiesof
robust distancemeasuresisedin computervision. They shav that mostrobust
distancemeasureslo not satisfythe metricaxioms- in particularthe trianglein-
equality Howeverthey werenotconcernedvith theissueof whetherthedistance
measurausedis optimalasis the casein ourwork.

2.2.2 Classi cation Performance Comparison

As mentionedbefore, most of the work in the literature hasassumedh metric
distance.An importantquestionis if the pair-wise distribution distancemeasure
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can outperformary metric distancein the limit asthe size of the training set
growstoin nity . It wasshavnin (Cover andHart, 1967)thattheasymptotiaisk

for any metricdistances at mosttwice the Bayesoptimalrisk. Givenaninputx,

the Bayesoptimal decisionassigns< to the classy that maximizesthe posterior
p(yjx). Of course,n generalthe posteriordistribution is not known in practice,
buttheBayegiskindicategheoptimalperformancehatary classi ercanhopeto

achiere. Denotingthe Bayesoptimalrisk by R®, (Cover andHart, 1967)shoved
thefollowing whenthe distancaneasuraisedis arny metric:

RE RM 2REB

whereRM is theasymptoticrisk de ned in (2.4) for the nearesheighborrule us-
ing any metric distance.Sincethe classof metric distancemeasuress a subset
of theclassof all distancemeasuresandsincethe pair-wise distribution distance
measurg(y 6 y°j x; x% minimizestherisk over all distancemeasuregseethe-
orem1 whereno restrictionson the distancemeasuresveremade),we conclude
thatnometricdistancecanoutperfornthepair-wisedistributiondistancaneasure.
On the otherhandwe give an examplewherethe pair-wise distribution distance
measureutperformsany metric,in factit achievesthe Bayesoptimalrisk for the
example.
Example. We usethe sameexamplepresentedn (Cover and Hart, 1967) for
which the NN asymptoticrisk aswell asthe Bayesoptimal risk can be easily
determined.The measurements arereal-valuedandcomefrom two classes/;
andy, with triangulardensitiesp(xjy1) = 2X, p(xjy2) = 2(1 x) respectiely
with priorsp(y:1) = p(y.) = 1=2. For thesedensitiesandpriors,the densityon x
(p(x)) is uniformon[0; 1]. SeeFigure2.1.

The pair-wise distribution for two measurements; x°is thengivenby:

ply 8 y°ix;x=x(1 x)+ (@ x)x° (2.7)

Let S, be atraining setof sizen. For two measurementss; andx, from the
training set, the conditionsunderwhich anothermeasurement is closerto x;
thanit is to x, whenusingthe pairwise distribution asthe distancemeasurds
givenby:

X1 x)+ (@ x)x1 < X1 x2)+ (1 x)xz

=) (X1 x2)(1 2%) < O
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p(yax) = 2(1  x) /| p(y2ix) = 2x

0 X 1

Figure2.1: A two classexamplefrom (Cover andHart, 1967),thatwe reusefor
illustratingthe classi cationperformancef nearesnheighborperformancainder
variousdistancemeasures.Note thatat x = 0 and 1, the classmembershigs
completelycertain.
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Thuswhen0 x < 1=2, the smallerof x; and X, is closerto x, whereador
1=2 < x 1, thegreaterof x; andx; is closerto x. Thusgivenatrainingsetof

sizen with measurements , = fxy;::: ; X, g, thenearesheighborx? in X, for
aquerypointx is givenby therule:
(

min Xi;X; 2 X, ifx< 1=2
|

SO

max x;;X; 2 X, ifx 1=2
|

It canbe seenthatsincethe densityfor x is uniformon|[0; 1], in thelimit asn !
1 min x;;%; 2 X,, convergesto 0 with probability one. Similarly, max x;; X; 2
Xn clon/ergesto 1 with probabilityone. This exampleillustratesaclailmwe made
in the previous subsectionnamelythe lack of positvity for the pairwise dis-
tribution implies thatin generalthe nearesineighborfor a measurememnt over
the whole spaceX neednot bex itself. In this example,only 0 and 1 aretheir
own nearestineighbors. Note that 0 and 1 have completecertaintyasto their
classmembershipMore generally for a discriminationtaskwith morethantwo
classesthe nearesneighborof aninput measuremenwill be the measurement
from thetraining setwhoseclassmemberships mostcertain.

With thesedlimits, we have from (2.7):

X if x < 1=2

< ifx 1= = minfx;1 xg

ply& yixx)=
The expressionon the right handside above canalsobe shavn to be the condi-
tional Bayesrisk for a giveninput x. The Bayesdecisionassignsx to the class
that minimizesthe mis-classi cationprobability. In otherwords,it assignsx to
theclassy thatminimizesl p(yjx). It canbeveri ed thattheBayesriskincurred
is indeedtheright handsideof theequationaborve.
Thetotalrisk R usingthepairwisedistributionasdistancaneasurdgor equi-
alentlythe Bayesrisk for this example)is givenby:
Z, 1
RE=R= minfx;1 xgdx= >
0 4
Ontheotherhand,usingany metricasadistancemeasurethenearesheighborx®
canbeshovnto corvergeto x asn ! 1 underquite generalconditions(Cover
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andHart,1967).Thusfrom (2.7),whichis alsotheexpressiorfor therisk incurred

whenx'is thenearesheighborof x, theconditionalrisk incurredfor agiveninput

X whenusingary distancemetricis 2x(1  x) in thelimit asn ! 1 . Thetotal

asymptotiaisk RM for any metricis thengivenby:
Z 1

RM = 2x(1 x)dx=
0

Wl

ThusRB = R < RM for thisexample.

In summaryfor this examplethe pairwise distribution distancemeasureut-
performsarny metric distancemeasuren the large samplelimit andfurthermore
attainstheleastpossiblerisk thatcanbe achievedby ary classi cationprocedure,
namelythe Bayesoptimalrisk RB . Thereasonwhy the pairwisedistribution dis-
tancewasableto outperformarny metric distancemeasurevaspreciselybecause
of its lack of positwity. In theexample therewasatleastonemeasuremern(D and
1 in this example)for which therewascompletecertaintyasto which classit be-
longsto andthe nearesheighborunderthe optimal distancemeasureypproaches
oneof thesetwo measurements the large samplelimit. As expressedn (2.6),
the mis-classi cationrisk canbe seento be proportionalto the classlabeluncer
tainty of thenearesheighbomx®aswell astheuncertaintyof thequeryx. Sincethe
gueryis given,theonly stratgy for reducingtherisk is to choosethe the nearest
neighbowith theleastclasslabeluncertaintywhichis preciselywhatthe optimal
distancemeasuraloes.Any metric distancemeasureon the otherhandreturnsa
nearesheighborx®thatapproachethe queryx in the large samplelimit, whose
classlabeluncertaintyis thusgivenandcannotbereduced.

In generalthereneednot be ary measuremenwith completeclasslabel cer
tainty for a giventask. Thusthe asymptoticrisk attainedby usingthe optimal
distancemeasurecan be anywherebetweenthe Bayesoptimal risk andthe risk
obtainedusinga metricdistancej.e.:

RE R RM

In practice we will have to estimatethe optimal distancemeasurdrom train-
ing data. Beforetaking up this issue,we rst surwey previous work on nding
gooddistancemeasure$or the nearesheighborrule.
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2.3 Prior Work

Our surwey can be consideredo be quite comprehensie sincelittle work has
beendoneon nding gooddistancemeasuresomparedvith otheraspect®f the
nearesteighborrule. Most work to datehasfocusedon nding good metric
distancameasuresTypically, the metric distanceassumeds euclidearfor which
alineartransformthat optimizessomecriterionis found. In our case we cannot
assumehatthemeasuremeni@reembeddedh any metricspacegspeciallysince
animagemay be representedisingmeasurementBom differentfeaturespaces
(color, shapetexture)thatcannotbe combinedusinga commonmetric distance
measure.

Shortand Fukunaga(1981) nd a metric distancemeasurehat reduceshe
discrepang betweerthe nite sampleNN risk (2.2)andtheasymptotiaisk (2.4).
The distancemeasurds approximatedoy a local metric thatis estimatedrrom
thetraining datafor every querypoint. Sinceestimatinga local metric anav for
every querypoint is expensve, in subsequenwork (FukanagaandFlick, 1984)
theauthorgoresente@ globally optimalquadratianetricthatminimizesthesame
errorcriteriaabove.

Hastieand Tibshirani(1996)also nd alocal metric for a givenquerypoint.
Theirapproachdraws inspirationfrom thetraditionalwork on lineardiscriminant
analysis(LDA) but appliedlocally. Thelocal metricis derived from local esti-
matesof thewithin classandbetweerclassscattemmatricegustasfor LDA. The
local metricemphasizebetweenclassvariationswhile suppressingvithin class
variations.

Friedman(1994)estimategshe relevanceof eachcomponenbf the measure-
mentor linear combinationsof the componentgor ary given classi cationtask.
Therelevanceis estimatedocally for eachquerypointusinga tree-structurede-
cursive partitioningtechnique. The relevanceof a componentis proportionalto
how usefulthe components for discriminatingclasses.Essentiallythe method
nds alocally adaptednetricfor eachquerypoint.

Mel (1997) approacheshe objectdetectiontask using the nearesineighbor
framavork just aswe do. Objectviews arerepresentedh termsof color, shape
andtexture histogramswhich is the samebasicrepresentatiothat we will also
usein our work (seeChapter6 for details). The authordeterminesa weighted
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L, distancemeasureusingthe intuitive heuristicthat the optimal metric should
clusterobjectviews from the sameclasswhile separatingviews from different
classesHowever, themetricis determinedisinganintuitive but ad-hocobjectve
function that encodeghe heuristicabore. The objectve function is optimized
for the optimalweightsfor the L ; distancemeasuraisinggradientdescent.The
weightedL ; metricfoundis globalwith nolocal adaptatiorto a querypoint.

BlanzieriandRicci (1999)proposeto usethe samepair-wisedistribution dis-
tancemeasureaswe do. However, they justify usingthe pairwise distribution
asa simpleralternatve comparedvith estimatingthe distancemeasuren Short
andFukunagas (1981)work. The authorsdo not seemto have realizedthatthe
pairwise distribution measuraes in factthe optimalmeasureo use.Furthermore
in their work, the pairwise distribution distancemeasurds constructedoy rst
estimatinga generatre model p(xjy) for eachclassfrom the training dataand
thenusing(2.5)to expresshe pair-wisedistribution distancaneasuren termsof
the posteriorsp(yjx) (which canbe obtainedfrom the generatre modelsp(xjy)
andthepriorsp(y) usingBayesrule).

Lastly, we surwey work doneon the so-calledCanonicalDistanceMeasures
(CDM) (BaxterandBartlett,1998;Minka, 2000). The motivationfor this work
isto nd adistancemeasurdor usein anearesteighborrule thatminimizesthe
mis-classi cationrisk over a distribution of classi cation tasksratherthanjusta
singletask. For example,the measuremerdgpaceamight bethe heightof a person,
andtwo classi cationtasksmight thenbethe genderandethnicity of the person.

Similarin spiritto theargumentwe madefor theorem(1), theoptimaldistance
measuregcalledthe CDM in (Baxterand Bartlett, 1998), that nds the nearest
neighborthatgivesthe leastmis-classi cationrisk whenusingthe nearesheigh-
bor rule wasshown to bethe expectedisk overall classi cationtasks:

d(x; X9 = Er [L(F (x); F (x9)]

whereeachf givestheclasslabelfor aninput measuremerfbr a giventask,and
L is alossfunction.

We are not wholly corvinced of the needfor a distancemeasurehatis op-
timal over a distribution of classi cation tasks. Certainly at run-time, we will
know which particularclassi cationtaskthatwe needto tackle. Thus,attraining
time, if we hadestimatedheoptimaldistanceneasurdor eachclassi cationtask
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and usetheseindividually tailored distancemeasurest run-time, the resulting
averageclassi cation performanceover all taskswill be betterthanthe average
classi cationperformancef the CDM. Neverthelessfor a singletask,the CDM
framawvork is relatedto our work asfollows.

In the original formulation, the classi ersf areassumedo be perfect,that
is, they give the true classlabel for eachinput measurementMore recently this
requirementasbeenrelaxed andgeneralizedguchthatthe classi erscangive a
distribution over classlabelsfor eachinput measurement.

If we assumehat we have only one classi cation task, then underthe 0-1
lossfunction, the above generalizatiorto the CDM framavork canbe shovn to
givethe pair-wisedistribution (2.6)—whichis theoptimal distancemeasuren our
work— asalsothe optimal distancemeasuren the CDM framework, see(Baxter
andBartlett,1998;Minka, 2000).However, justasin (BlanzieriandRicci, 1999)
discussedhbove, this pairwise distribution is still determinedn (Minka, 2000)
by rst estimatinga generatre modelp(yjx) for eachclass.

We arguein the next chapterthatif the generatre modelsp(yjx) canbe es-
timatedreliably, thenwe are betteroff usingthe Bayesoptimal decisionrule to
assignan input measurement to the classwith the highestposteriorp(yjx). If
the generatre modelsare learnedusing an unbiasedestimatoy then asymptoti-
cally asthe numberof sampledn the training setincreasesye will achiee the
Bayesoptimalrisk. Thus,thereis no advantagein usinga 1-NN decisionrule.
In fact,non-parametricecisionruleslik e the nearesneighborrule areusedpre-
ciselywhenwe cannothopeto reliably estimategeneratire modelsfor eachclass.
This is certainlythe casefor objectdetectiontaskswhereit is not obviouswhata
goodgeneratre modelwould be for anarbitraryobjectclass,muchlessobvious
whetherwe will beableto reliably estimatethe modelfrom trainingdata.
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Chapter 3

Modeling the Optimal Distance
Measure

Unlikepreviousapproachesyewill directlymodelandestimatehepairwisedis-

tribution from training data,usinga simple additive logistic model. The logistic

modellinearly combineselementarydistancemeasuresgachof whichis de ned

over simple featurespacedik e color, texture and local shapeproperties. Two

typesof distancemodelsareinvestigated:discreteand continuousmodels. Dis-

cretedistancemodelscombinediscretizedelementarydistancemeasureshatare
associateavith discriminatorsconstructedn simplefeaturespacesEventhough
we shav the someavhat surprisingresultthat thereexists discretedistancemea-
suresthatgive the sameperformanceasthe optimal distancemeasurein practice
the linear discretemodelwill only be good enoughfor performingcoarsedis-

crimination. On the otherhand,they alsopermitanimplementatiorthatleadsto

ef cient neareasheighborsearch.In comparisoncontinuousdistancenodelare
typically moreaccuratein practicebut more expensve whenusedfor searching
overalargetrainingset. Thusthetwo modelscomplemeneachother We usethis

factto develop a hierarchicaldistancemeasurevhich combinesthe two models
to yield anearesheighborsearchthatis bothef cient aswell asaccurate.
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3.1 Our Approach

As notedat the endof the lastchapter oneapproacho estimatingthe pairwise
distribution p(y 6 yJx; x9 isto rst estimatea generatie modelp(xjy) for each
classandthenuse(2.5). Instead,in our approachwe directly estimatethe pair-
wisedistribution p(y 6 yJx; x9 from trainingdata.We will arguethatthis direct
approachis more appropriateand stablefor the object detectiontask thanthe
indirectapproactwherethe generatre modelsp(xjy) are rst estimated.
Specifyinga generatre model p(xjy) might requiremary more parameters

thanis requiredfor specifyingthe pairwisedistribution distancemeasurghatwe
are ultimately after The classicexampleis the two classcasey 2 f+1; 1g,
wherethe generatie modelfor eachclassis assumedo be Gaussiamp(xjy) =
N (x; y; ) parametrizecdby a mean , for eachclassanda covariancematrix

that is the samefor both classes. Supposethe measurements lie in ann
dimensionalectorspacethenwe requireO(n?) parameterso specifythe mean
andcovariance However, it canbe shavn thatonly O(n) parameterss sufcient
to specifythe pairwise distribution distancemeasure For two classesthe pair
wisedistribution distancemeasuras givenby:

ply  yix%x) = ply = +1jx)p(y°=  1jx)+ ply = 1jx)p(y°= +1jx9
(3.1)

againunderthei.i.d assumptionThe posteriorg(yjx) areexpressedn termsof
thegeneratre modelsasfollows:

p(xjy=+1)p(y = +1)

ply = +1jx)

p(x)
_ 1
~ 1+ aexp( ITx+ b
l = l( +1 1)
b= T, 'y L ta
q = PY= 1
p(y = +1)
ply= 1jx) = 1 ply=+1jx)

In theabove, the hyperplanel, known asthe Fisherdiscriminant(Bishop,1995;
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Dudaetal.,2001),andthusalsothepair-wisedistributiondistanceneasureneeds
only O(n) parameterso specify

In general,given a limited amountof training data,the estimationof model
parametergrom the datais more well-conditioned the fewer the parametersn
the model(Bishop,1995). For a morein-depthagumentfor directly estimating
parameter$or adiscriminatve taskratherthan rst estimatinggeneratre models
asanintermediatestep,see(Vapnik,1999).Below we corroboratehis claim with
asimplesyntheticexperiment.

We considertwo classesvith equalprior, eachof which have Gaussiardistri-
butionswith the sameunit covariancede ned overavectorspace.Thedimension
n of thethevectorspacenvasvariedfrom 5to 100in stepsof 5 in theexperiments
below. In eachcasethe meansf thetwo Gaussiansvereseparatetby two units.
A trial experimentconsistedf atraining setof 20 sampledrom eachof the two
classesndatestingsetof 500samplesTheresultsreportedbelov wereaveraged
over 20 suchtrials.

For eachdimensionn of the measuremenspace,the maximumlikelihood
estimatedor the two meansandthe commoncovarianceof the Gaussiardistri-
butionsfor the two classesvere estimated.As mentionedbefore, this required
the estimationof O(n?) parametersThe resultingestimatedyeneratie models
for the two classesvereusedto classifythe testingsetusingthe Bayesdecision
rule. For comparisonwe alsoestimatedhe maximumlik elihoodparametersor
the optimal NN distancemeasurg3.1) directly from the training data. This re-
quiredthe estimationof only O(n?) parametersTheresultingestimatediistance
measuravasthenusedto classifythetestingsetusingthe NN rule.

Figure 3.1 compareghe performancdor the generatre versusthe directap-
proachasthedimensionof themeasuremergpaces varied.As canbe seenpoth
approacheperformquiteabit worsethanthegroundtruth performancelueto the
very limited numberof training examples.However, asthe dimensionincreases
thedirectapproachyuickly outperformghe generatre approach.

In the caseof anobjectdetectiontask,theabove considerationareevenmore
pertinent. Typically, for a generalobjectdetectiontaskwe caneasilythink of a
few featureghatmight be sufcient for discriminationwhile thesesamefeatures
may not be sufcient for specifyinga generatre modelfor any classof objects.
For example,carsandhumansmay be sufciently discriminatedrom eachother
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Figure 3.1: Comparisonof the generatie vs. discriminatve approachin a synthetic
experiment.Seetext for details.
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by the presencer absencef wheelsor legs. However, wheelsandlegsaloneare
notsufcient for specifyinga generatre modelfor carsandhumangsespectrely.
More generally we have the further dif culty of beingunableto easilycomeup
with ageneratre modelfor anarbitraryobjectclassin the rst place.In theworst
caseeachnew objectof interestmight requirea differentgeneratre model. On
theotherhand thesamefew featuregsaybasedn color, shapeandtexture)might
besufcient for discriminatingall objectclasse®f interestfrom eachother

3.2 Modeling the Optimal DistanceMeasure

Keepingin mind the agumentsin the previous section,we now discussour ap-
proachfor directly modelingthe pair-wise distribution p(y 6 yyx; x%9. A prob-
ability measurds constrainedo lie between0 and 1 on the real line. Instead
of working with the pair-wise distribution directly, we will instead nd it more
corvenientto work with a transformof the distribution thatis unconstraineen
therealline. Recallfrom theoreml thatwe canuseary monotonicallystrictly
increasingransformwithout changinghe nearesheighborreturned.

The particulartransformof the distancemeasureghatwe will useis the logit
transform(HastieandTibshirani,1990;McCullaghandNelder 1989):

p(y 6 y°j x; x9)
p(y = y°j X; x9
As desiredthelogit transformis unconstrainedntherealline 1 < H(x;x9 <

1 , andwill thusbe easierto work with. Inverting the transform,the pairwise
distribution andits inversecanbe expressedn termsof H as:

Hx:x% log

o 105
ply 6 yix;x9) = T+ G0 (3.2)
. 1
Py =yixX) = TG (3.3)

We now discusshow we modelthedistancemeasureH (x; x%. Chapter will
discusgheestimationof the modelfrom trainingdata.

For a generalobjectdetectiontaskwith an arbitrary collection of objectsof
interest,thereis no prior expectationthat the optimal distancemeasurewill as-
sumeary particularform. Differentdiscriminationtasksmay requiredifferent
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models. On the other hand,whatever modelwe considershouldbe feasibleto
implementin practice. One simple approachthat we adoptin this thesisis to
approximatehe optimal distancemeasurdy combiningmore“elementary”dis-
tancemeasureseachof which is de ned over simple featurespacedik e color,
local shapeor texture. Oneadwantageof adoptingsuchan approachs the ease
with which suchsimplefeaturespaceg€anbeimplementedn practice alongwith
the variety of simplefeaturespaceghat we canchoosefrom. For example,we
canconsidersimplehistogram=f featuresaswe do in this thesis,for which one
choicefor theelementarydistancemeasurés the ? distanceor we couldusethe
simplerL ; distanceaswe do in this thesis. Othersimplefeaturespacesnclude
edgemapswith theHausdorf distancaneasurgHuttenlocheetal., 1993),shape
contets (Belongieet al., 2002), or normalizedpixel intensitieswith the simple
euclideardistancemeasuréNayaretal., 1996).

We seekto combinea setof simplefeaturespacesinceno onefeaturespace
canbeexpectedo besufcient for anarbitrarydiscriminationtask. Theideal set
of featurespacesvill complementachotherfor the discriminationtaskat hand.
Givena setof featurespacesye next turn to the issueof whatis anappropriate
modelfor combiningtheelementaryistancaneasureassociatewith thefeature
spaces.

In general,the appropriatemodelwill dependon the discriminationtask at
handaswell asthe choicefor thefeaturespacesn whichimagesarerepresented.
Thuswe next motivatetheappropriatanodelthatwe useby rst lookingatactual
datafor thediscriminationtaskat hand.

In ourthesiswe will usehistogramf variousfeaturedik e color, local shape
propertiesandtexture asthe simplefeaturespaceshatwe would like to combine
in our model. Histogramswere chosensincethey canbe efciently computed
from aninputimageandarestablerepresentationwith respecto a fair amount
of distortionsin viewing conditions.SeeChapter6 for details.

We wishto modelthelogit transformH (x; x9 (3.2) or thelog oddsratiowhich
is afunctionof pairsof images.To getanideafor whatshouldbe anappropriate
modelfor combiningelementarygistanceneasureassociateith simplefeature
spaceswe plot in Figure 3.2 the distribution of distancescoresin suchfeature
spacedetweenmagesof objectpartsfrom a collectionof 15 objectsof interest
from anindoordetectiortaskdescribedn Chapter7 andrandomlysampledmage
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patchesrom backgroundlutter Thefeaturespacesonsideredrehistogramsof
color, texture andlocal shapeproperties.The elementarydistancemeasuraised
in thesefeaturespacess thel ; distance.

As canbe seenfrom theleft columnin the gure, thedistancescoreshetween
imagesfall into oneof two overlappingdistributionsthatdependon whetherthe
pair of imagescamefrom the sameobjectpartclassor from differentclassegin-
cluding clutter). The distancescorecan be divided roughly into threeintervals
alongthe x-axis. Themiddleinterval is wheredistancescoresarehardesto clas-
sify asto whetherthey comefrom imagesbelongingto the sameobjectpartclass
or to differentclasses.

Theright columnof the gure plotstheempiricallydeterminedog oddsratio
(H (x; x9). As canbeseerfrom theplots,in theuncertaimmiddleinterval for each
featurespace the log oddsratio is closeto linear asa function of the distance
score. Thusat leastfor this intenal, we are justi ed in usinga linear model.
Modelingthisregionis whatis mostimportantfor adiscriminationtaskcompared
with modelingthe other regions where one can be sure of the within-classor
without-clasamembershipf a distancescorewith high con dence.Thusalinear
modelcanaffordto t theseouterregionspoorlycomparedvith tting themiddle
region. It remaingto be shovn however thatthe estimationprocedureghatwe use
for learningsucha linear model from training datadoesin fact t the middle
region atthe expenseof the outerregions. SeeChapter.

The above obsenationshold for eachof the featurespaceghatwe usein our
work. We canthusbe justi ed in approximatingthe optimal distancemeasure
with a multi-dimensionalmodelthat linearly combineshe elementarydistance
measuref all of thefeaturespaceshatis used.More formally, we areassuming
anadditive logistic modelfor the pairwise distribution p(y 6 y°j x; x9. Before
proceedinghowever, it should be emphasizedhat the obserationsthat led to
the consideratiorof alinear modelin our caseneednot be valid moregenerally
whendifferentfeaturespacesandor their associatedlistancemeasuresreused
or whenthediscriminationtaskis different. Theusefulnes®f suchalinearmodel
for arbitrary choicesof discriminationtasksandor featurespacesemainsto be
seen.

More generally let C be a possiblylarge collection of elementarydistance
measuregssociateavith simplefeaturespacesWe wishto selectK elementary
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Figure3.2: Theleft columnplotsthe distribution of distancesn varioushistogramfea-
ture spaceghat we usein our work, betweenpairs of imagesof objectpartsfrom 15
objectsdescribedn Chapter7 and randomlysampledimagepatchesrom background
clutter Thedistancescoredfall into two distributions dependingon whetherthe pair of
imagescomefrom thesamepartclassor not. Thedistancescorecanbe split roughlyinto
threeintenals alongthe x-axis. The middleintenal is whereuncertaintyis greatesasto
which of the two distributionsthe distancescorecomes. Theright columnplotsthelog
oddsratio (3.2). Notethelinearity of the middleintenal.
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distancemeasuresly, 2 C from the collectionthat bestapproximatehe optimal
distancaneasuraisingthefollowing linearmodel:

Hxx)  HAXx) o+ X G (X; X9 (3.4)
k
In practice,the choicefor K will be basedon run-time performanceconsidera-
tions.

For agivenchoiceof K elementandistancemeasurefrom Cthecorrespond-
ing linearmodelfor H impliesa conditionalexponentialmodelfor the pairwise
distribution. To seethis moreclearly, we canrewrite the expressionsn (3.3) as
follows:

. g )
Py 8 YixiX) = T (3.5)
1 .
— 0 XO)eH(x,xo)-z (3.6)
. 1
ply = y°ix;x9) = 1+ Hx9 (3.7)
1 Oy
= Z00° H(ox9=2 (3.8)
(3.9

whereZ (x; x9 = e HOx922 4 H(xx9=2 j5 3 normalizingconstantgiven a pair
of imagesx andx® ThuswhenH is approximatedy alinearmodelH, we get

Oysvvy K-

3.3 Discreteand Continuous DistanceModels

We now considerthe typesof elementarydistancemeasureshatwill be consid-
eredin our work. Examplesof elementarydistancemeasureincludethe simple
Euclideandistancemeasuren a featurespacefor pixel intensitiesin animage,
the 2 distance(Schiele,1997; Presset al., 1992) betweenhistogramsof fea-
turetypeslik e color, shapeor texture,the Hausdorf distancgHuttenlocheetal.,
1993) betweenedgemaps,etc. All of the above elementarydistancemeasures
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arecontinuousthe resultingmodelfor the optimal distancemeasuras thusalso
continuous.

We will seein Chapter7 thatthe useof the continuousdistancemodelin a
nearesheighborsearcheadsto gooddetectionperformance However, continu-
ousdistancemeasuresanonly be usedto searchover a training setin a brute-
force manner Sucha searchis prohibitive for large training sets. Thuswe seek
alternatve distancamodelsthatcanbeusedfor ef cient NN search.

ThebasicideabehindmostpreviousattemptgBeisandLowe, 1997;P. Indyk,
1998)atef cient NN searchis to (possiblyrecursvely) partition themeasurement
spaceX . For example,in Kd-trees(Beis and Lowe, 1997), eachnode of the
treerecursvely partitionsX basedon the componenif the measurementith
maximumvarianceoverthetrainingset.However, Kd-treesarenotappropriaten
our casesincethe imagemeasuremenwill be composedf measurementsom
differentfeaturetypeslike color, texture andshape. It doesnot make senseto
comparevarianceof measurementsom differentfeaturespacessrequiredfor
theconstructiorof Kd-trees.

In (P. Indyk, 1998),thespaceof measuremenis partitionedby acollectionof
randomhashfunctions.Our strateyy is similar in spirit, but insteadusesa collec-
tion of discriminatorseachof whichis constructedn somesimplefeaturespace.
Furthermorethechoiceof discriminatorss notrandombut is tunedto the partic-
ulardiscriminationtaskathand.As we shallshow later, asetof discriminatorsan
be associatedvith a hammingdistancemeasure.Thusa setof discrimintorsin-
ducesadiscretedistancemodelfor the optimaldistancemeasureSuchadiscrete
distancemodelcanbe usedto implementan ef cient nearesheighborsearchby
combiningtheassociatediscriminatorsn atree-like structureasdiscussedbelon
andin detailin Chapter6.

In practice the discretedistancemodel,thoughef cient, will notbeasaccu-
rate asthe continuousmodel. The continuousdistancemodelon the otherhand
will beexpensveto usefor performinga nearesheighborsearchwhenthetrain-
ing setsizeis large. We thus seeka distancemeasurehatis both accurateand
efcient to computeat run-time. Our stratgy will be to combinethe bestof
both modelswhile overcomingthe shortcoming®f both at the sametime asfol-
lows. We rst usethediscretedistancanodelfor performinga coarsebut ef cient
nearesheighborsearchto returna smalllist of candidateneighborgor aninput
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measurementatherthanjust the nearesineighbor This smalllist of candidate
neighborgs thenfurtherprunedio nd thenearesheighborby usingthemoreac-

curatebut expensveto usecontinuougdistancanodel. We will call thiscombined
modelthe hierarchical distancemodel SeeFigure3.3.

3.3.1 DiscreteDistanceModel

In the restof the chaptey we discussin more detail the discretelinear distance
model. We rst make the somavhat surprisingobsenation that there exists a
discretedistancemeasurehat givesthe sameclassi cation performanceasthe
optimal distancemeasure However, the functionalform of this discretedistance
measureneednotin generalbe linear We thendiscussa practicallinear model
thatcombineslementarydiscretizeddistancemeasuregassociatedavith discrim-
inators,eachof which acton simplefeaturespaces.

Whatis the bestpossiblediscrete distancemeasue that maximizeghe clas-
si cation performanceor a giventraining set? We caneasilyshav thatfor a
giventraining set,the optimal distancemeasurecanbe replacedby a discretized
distancemeasurghat hasthe sameclassi cation performance For ary distance
measuréd andtrainingsetS,, thediscretedistancemeasure— whichwe denote
asHY — that hasthe sameclassi cation performanceasH canbe constructed
from H asfollows. Givena distancemeasureH , the Voronoi diagramis a par
tition of theimagespaceX suchthatthe closesttraining measuremento each

X 2 XjunderH isx;. LetX = X1[ Xo[ i Xn; X\ X = ;i 6 ) be
the Voronoi diagraminducedin measuremengpaceX by the distancemeasure
H (x; x% andthetrainingmeasurementsx;; X,;::: ; X,g. We now de ne thedis-

cretedistancemeasureH ¢ thathasthe sameclassi cation performanceasH by
discretizingH asfollows:

HAxxY  Hxi;xp); if x2 X;;x%2 X

In words, the discretedistancemeasureassigngo ary giventwo measurements,
the distancebetweerthetraining measurementassociateavith the Voronoipar
titions containingthe given two measurementsThusit canbe veri ed that by
constructionH ¢ assignghe samenearesheighborfrom thetrainingsetto anin-
putmeasuremerdsdoestheoriginal distanceneasured . Sincethesamenearest
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Figure 3.3: Our stratgy for ef cient andaccuratenearesineighborsearch. An
inputmeasuremens matchedagainseachtrainingmeasurementsingthecoarse
but ef cient discreteapproximationto the optimal distancemeasureyielding a
small list of candidateneighbors. Thesecandidateneighborsare thensearched
for the closestneighborusingthe moreaccuratebut expensve to usecontinuous
modelfor the optimal distancemeasure On the left is shovn anactualexample
from our experimentgseeChapter7). We only shav thenearesheighbordor the
sub-imagdrom theinputthatis circled.
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neighboris returnedwhenusing eitherof the distancemeasured andH ¢, they
bothhave the sameclassi cationperformancdor the giventraining set.

Theabove constructionis obviously not usefulin practicesincethe construc-
tion of H 9 requiresknowledgeof the optimaldistancemeasureH . Thuswe seek
a practicalmodelfor discretedistancemeasuresOur approachapproximateshe
optimal distancemeasureby linearly combininga setof elementarydiscretized
distancemeasureassociateavith discriminatorsactingon variousfeaturespaces
(color, shapetexture)asdetailedbelon. Eventhoughthe above constructiorfor
H 9 wasonly of theoreticalinterest,we will reusethe ideabehindthe construc-
tion whenassociatinglistancaneasuresvith discriminatorsaasdetailediater We
choosdo useelementaryistanceneasureassociateavith discriminatorsothat
we cancomposesuchelementarndistancemeasures atree-like structurefor ef-

cient run-time nearesineighborsearchto be usedin our hierarchicaldistance
model(seex 3.3). In Chapter6, we discussthe detailsfor implementingsucha
tree-like structure.

Any discriminatorcanbe characterizetby the partitionin measuremergpace
thatit induces.For example,a simplediscriminatormight testwhetherthe aver
ageintensityor someothersimplestatisticof theinputimagecrossesthreshold,
in which casethe the measuremergpaces split into two parts. A decisiontree,
ontheotherhand,partitionsthe measuremergpaceanto mary parts,whereeach
partcorrespondso aleafnodeof thedecisiontree. Anothertypeof discriminator
which we usein our work dueto its easeof implementationrandwide applica-
bility is the nearesprototypediscriminator(seeChapters). A nearesprototype
discriminatoris speci ed by the numberandlocationsof a setof prototypesin
somegiven featurespace. The partitioninducedis the Voronoi diagramassoci-
atedwith the setof prototypesvhereeachpartitioncontainsmeasuremenis the
given featurespacethatis closestto one of the prototypes. SeeFigure 3.4 for
examplesof nearesprototypediscriminators.

A “good” discriminatorinducesa partitionthatis alignedwell with the class
boundariesi.e. ideally two measurementsom the sameclasswill likely be con-
tainedwithin the samepartition while two measurementom differentclasses
will likely bein differentpartitions(seeFigure3.4). It is easyto constructa dis-
tancemeasureassociateavith a discriminatorthatshareshe sameproperty The
distancemeasureés adiscretizationnducedby thediscriminatorof theunderlying
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Image Spac

Figure3.4: Discriminatorsarecharacterizedy the partitionsinducedby themin
imagespace.Shavn herearethreeclasse®f objectsandtwo simplediscrimina-
tors, the oneon the left partitionsthe imagespacento threepartswhile the one
ontheright partitionstheimagespacento two parts.Theimagespaceas denoted
by anellipse. Thediscriminatorontheleft is goodwith respecto thethreeobject
classessincedifferentobjectclassesare moreor lesscontainedn differentpar
titions, while the discriminatoron the right confusegwo of the objectclassesn
the samepartition. Eachdiscriminatorcanbe associatedvith anelementarydis-
cretizeddistancaneasurendicatingwhethera pair of imagesbelongto thesame
partitionor not. Suchelementarydistancemeasuresorrespondingo a setof sim-
ple discriminatorsarecombinedo approximatehe optimal distancemeasurdor
thenearesheighborsearch.
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distancemeasureof the featurespacein which the discriminatoris constructed.
Suchadiscretedistancemeasuravill inheritthe“goodness’of thediscriminator

i.e. two measurementilling in the samepartitioninducedby the discriminator
will have alower distancescorethanif they fall in differentpartitions.

TheVoronoiconstructiorusedabove for nding thediscretedistancemeasure
H 9 thathasthe sameclassi cation performancesthe optimal distancemeasure
illustratedhow a distanceameasuréd anda setof trainingmeasurementsiduces
a partition of image spaceand an associatedliscretizeddistancemeasureH 9.
Theideabehindthis constructiorcanalsobeusedto nd thediscretizeddistance
measuressociatedvith a discriminatorasfollows.

Theideabehindthe constructiorfor H 9 from H is to designa discretizedis-
tancemeasurdahatis smallestfor two measurements the samepartition com-
paredwith two measuremenis differentpartitions.We canapplythe sameidea
for associatinga distancemeasurewith a discriminator The distancemeasure
thatwe seekshouldbedesignedsuchthattwo measuremenis the samepartition
inducedby the discriminatoris givena lower distancescorecomparedwith two
measurementhatfall in differentpartitions.A simpledistancaneasurehatsat-
is es theabove requirementanbe designedasfollows. Let the discriminatorh
inducethepartitionX = X[ X[ :::[ Xp; Xi\ X; =51 6 j.Oninputx, let
h(x) denotethe partition X; thatx falls under Thediscretizeddistancemeasure
associateavith discriminatorh, denotedoy [h(x) = h(x9], is de ned by:

1 if h(x) = h(x9
+1 otherwise

[h(x) = h(x9)]

Note thatthe above distancemeasuras just oneof mary suchdistancemea-
suresthat canbe used. All thatis requiredis for the distancemeasurdo assign
alower distancescorebetweenwo measurementisom the samepartition com-
paredwith two measurementsom differentpartitions. Theabove functionis the
simplestsuchdistancemeasure.

We would alsolik e to notethe relationshipbetweenthe elementarydistance
measuresisedin the discretedistancemodel and thoseusedin the continuous
distancanodel. The elementaryistancaneasuresisedin thediscretemodelare
discretizationsnducedby discriminatorsof the sameelementarydistancemea-
suresusedfor the continuousdistancemodel. Differentdiscriminatorsinduce
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differentdiscretization®f the sameelementarydistancemeasureObviously, the
discretizationsnducedby gooddiscriminatorswill be betterelementarydistance
measuresomparedvith poordiscriminators.

In generalwe canassumehatwe have a possiblylarge collectionof discrim-
inatorsH = fhy;hy;:::g, eachof whichis constructedn somesimplefeature
spacelik e color, shapeor texture. Correspondindgo H, we have the collection
of elementarydistancemeasure€ = f[h(x) = h(x9] j h 2 Hg. TheK best
discriminatorshy 2 H;k = 1;::: ;K arechosenwhosecorrespondinglemen-
tary distancemeasuref dy 2 Cgivethebestlineardiscretizecapproximatiorto
H (3.4):

X
H (x; X9 ot kG (X; X9 (3.10)
k=1
X
= ot k[h(x) = h(x9] (3.11)
k=1

Onecanthink of the setof partitionlabelsf hy(x)g outputby eachof the dis-
criminatorsonameasuremernt asa“code” for x. Viewedin thislight, theabove
linearapproximatiorcanbethoughtof asa weightedhammingdistancemeasure
betweerthe“codes”f h,(x)g andf h,(x%g for two measurements andx® Thus
we seektheK discriminatorsandcombiningcoefcients thatgive the bestham-
ming distancemeasuren “code” spacej.e. separatemeasurementisom differ-
entclassesasmuchaspossiblein codespacewhile clusteringmeasurements
thesameclass,seeFigure3.5.

In the next chaptey we discussthe selectionof the bestK elementarydis-
tancemeasuregrom C aswell asestimatingthe bestcorrespondinggcombining
coefcients underthe maximumlik elihoodframework for exponentiaimodels.

44



[] Ij/\
[ [@@ooooo @]Code
L] hk

hy h,

Code Space

Figure 3.5: lllustration of the “code” spaceinducedby a setof discriminators.At the

top is the encodingof aninputimageby a setof discriminatorsfhy; hy;::: ;hk g. As

explainedin Figure3.4,eachsuchdiscriminatoris characterizethy the partitionin image
spacehatit inducesshovn hereabore eachdiscriminatorwith theimagespacedenoted
by anellipse. Thepartitionin whichtheinputimagefalls underis markedbya for each
discriminator The partition canalsobe thoughtof asthe label givento theinputimage
by the discriminator The resultingsetof partition labelsover all discriminatorscanbe

thoughtof asa codefor theinputimage.Ourgoalisto nd asetof gooddiscriminators
andcorrespondingveightssuchthatin the correspondingodespacethe hammingdis-

tancemeasurelustersgogethelimagesrom the sameobjectclasswhile separatingway

asmuchaspossibleimagesfrom differentobjectclasses.Shovn above is a codespace
with sucha“good” hammingdistancaneasure.
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Chapter 4

Estimating the Optimal Distance
Measure

In the last chaptey we presented linear modelfor the optimal distancemea-
surefor nearesheighborsearchthatcombineslementarydistancemeasuresAs
noted,this modelimplies a conditionalexponentialmodelfor the pair-wise dis-
tribution (3.9). In this chapteywe rst dealwith the issueof estimatingthe pa-
rameterdn the linear modelfor a given setof elementarydistancemeasure®y
emplgying the maximumlik elihoodestimationframework for exponentialmod-
els. We alsodiscussthe maximumlik elihood selectioncriterion for the optimal
setof elementarydistancemeasureshemseles,givena large collectionof such
elementandistancemeasuresWe thendiscusghe maximumentrogy framevork
thatis thedual of the maximumlik elihoodframevork andshow thata naturalse-
lectioncriterionunderthis framevork thatwasproposedn theliteratureis equi-
alentto themaximumlik elihoodcriterion. Finally, we describeherelationshipof
ourwork with boosting(FreundandShapire, 1997;SchapireandSinger 1999).

4.1 Maximum Lik elihood Estimation

In the previous chapter we had presentedwo typesof linear models: discrete
andcontinuous.In both casesthe modelcombinesa setof elementarydistance
measuresln the caseof the continuougnodel,the elementandistancaneasures
actuponsimple featurespacelik e color, local shapepropertiesandtexture. In
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the caseof the discretemodel, the elementarydistancemeasuresre associated
with discriminatorsconstructedn varioussimplefeaturespaces.Thesedistance
measureare discretizationsnducedby the discriminatorsof the sameelemen-
tary distancemeasuresisedfor the continuousdistancemodel. The estimation
framework that we presentbelown requiresasinput only a collectionof elemen-
tary distancemeasuregjiscreteor continuous.Eventhoughthe basicestimation
framework is the samefor both casesfor concretenessf presentationye will
assumea collectionof discretizedelementarydistancemeasures.This will also
allow usto explore issuesthat are speci ¢ to the discretedistancemodel. We
will in any casepointoutattheappropriatglaceshow the presentatiomelow is
essentiallythe samefor a collectionof continuougdistancaneasureaswell.

Thusfor concretenessye will assumethat we are given a collectionC =
f[h(x) = h(x9] j h 2 Hg of elementarydistancemeasuresssociateavith a
large nite setof candidatediscriminatorsH = fhy; h,;:::hyg, eachof whichis
constructedn somesimplefeaturespace Recallfrom (3.3.1)that[h(x) = h(x9]
denotedhedistancemeasureassociatedavith the discriminatorh. Thenext chap-
ter will discusshow we cangeneratesucha collectionof simple discriminators
basedn variousfeaturespacesWe wish to chooseK N discriminatordrom
this collectionthat givesthe bestdiscreteapproximatiorto the distancemeasure
H. In practice K will belimited for exampleby run-timeperformanceonsider
ations.

How goodis an approximationto the distancemeasue? Sincethe distance
measured is relatedto the pairwisedistributionp(y 8 yjx; x9 throughthelogit
transform(3.2),thetaskof nding thebestapproximatiorreducedo modelingthe
distributionusingthebestK discriminators We will usethemaximumlik elihood
framewnork (Dudaetal., 2001;Bishop,1995)for nding thebestdiscriminators.

Firstweintroducesomeusefulnotation.If y; andy; aretheclassabelsof two
measurements; andx; respectrely, thenlety; bea binaryvariabletakingthe
value 1ify; = y; and+1 otherwise.Usingthe binary variabley; we canre-
write thetwo pair-wisedistributionsin equation3.3) morecompactlyasfollows:

1
1+ e Vi H(Xixj)

plYi § XisXj) = (4.1)

In thefollowing we will denotethelinearapproximation(3.4)toH by ¥ andthe
correspondin@pproximatiorto the pairwise distribution by p.
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We seekthe bestapproximationp to the pairwise distribution from a setof
trainingdata.However, thetrainingdatathatwe will bepresentedvith in ourtask
isasetof measurementndassociatedlasdabelsS = f(X1;y1);:::; (XN YN)O.
For estimatingp, we needa training setwhich consistsf pairsof measurements
(xi;X;) associateavith thelabely; indicatingwhetherthe pair comesfrom the
sameclass(y; = 1)ornot(y; = +1). We caneasilycreatesuchatrainingset
from the giventraining setS. Onesuchsetwhich we denoteby S? considersall
possiblepairsof trainingmeasurementsom S:

S f((xi;x)y)iys = 1 ifyi=yjelse+ 1 i;j=1:::;Ng (4.2

However, thisleadsto anew trainingsetof sizeN 2 which canbe computationally
expensveto usefor training. In practice we samplesomemanageablaumberof
pairsinsteadof all possiblepairsof trainingmeasurementseeChapter6).

Let h = fhg;:::;hkg beourcurrentselectionof discriminatorsfrom the
collectionH, wherefor compactnesi the notationbelow, hg 1isthetrivial
discriminatorthat correspondgo the biasandis always assumedo be chosen.
As describedn the last chaptey eachsuchdiscriminatorhy is associatedvith a
discretizedelementarydistancemeasurghy(x;) = hy(x;)] thattakesthe value

1if a pair of imagesx; andx; falls underthe samepartition of measurement
spaceinducedby hy, andtakesthevalue+1 otherwise.Let = f ¢;:::; kg
be our currentchoicefor the combiningcoefcients in the linear approximation
to H. Thecurrentchoicefor h and determines particulardistributionp. The
log-likelihoodl( ; hjS?) indicateshow well thecurrentchoicefor h and model
thetrainingdataS? andis de ned as:

. 1 X .
I( ;hjS%) ISP log B(y; J xi;Xj) (4.3)
i5j
Substitutingthe linearapproximation(3.4),the abose expandso:
X
IS = gy log(te e v )

L I

1 N X §

= ISP log 1+ exp kYii [k(Xi) = he(x;)]

i;j k=0
(4.4)
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4.1.1 Estimating the Continuous Model

Theestimatiorfor alinearcontinuouslistancemodelis exactlythesameasabove
with [he(Xi) = hy(X;)] replaceddy di(Xi;Xj) 2 CwhereCis now acollectionof
elementarycontinuouslistancemeasures:

I
X X

. 1
I( ;djS?) = =7 log 1+ exp kYi dk(Xi; %) (4.5)
1517 k=0
whered = fdy;::: ;dk gisthecurrentchoiceof elementaryistancaneasures.

Eachchoicefor the setof discriminatorsh canbeassociatedvith a scorethat
indicateshow well h modelsthe training data. Underthe maximumlik elihood
estimationframawork, the scorefor h is the maximumlik elihoodof the dataat-
tainedby h overall choicesof . Overloadingthe notation,we denotethe score
for h by I1(hjS?):

I(hjS?) maxl( ;hjS? (4.6)
2IRK

We cannow statethe maximumlik elihoodcriterionfor choosingthe bestK dis-
criminators:
Criterion ML . ChooseheK discriminatoisfromthecollectionH thatmaximize
I(hjS?):

hM argmax|(h j S?)
hH ;jhj=K

argmax max|( ;hjS? (4.7)
hH jjhj=K 2IRX

wheej j denoteghesizeof a set.
In theremainderof the section we considervariousissueghatareimportant
in practice:(a) optimization,(b) interpreting  and(c) regularization.

4.1.2 Optimization

Notethatthe above selectioncriterioninvolvestwo typesof optimization.Oneis
anoptimizationover a discretespaceH for the bestdiscriminators.The otheris
anoptimizationover a continuousspaceR® for thecombiningcoefcients  for
eachchoiceof discriminatorsh in thediscreteoptimizationabove. We discusghe
practicalissuesnvolvedin thesetwo typesof optimization.
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Optimization over Discriminators

For thediscreteoptimization,searchindor thebestkK discriminatorgromthecol-
lectionH in abrute-forcemannemwill in generabe computationallyprohibitive.
The brute-forceapproachin which every choiceof K discriminatorsis evalu-
atedtakesO(jH j¥) evaluations.Insteadwe proposea simple sequentiabreedy
schemehattakesO(K jH j). At the startof eachiterationof the greedyscheme,
we have a setof discriminatorsh® = fhy;:::;hg; k < K thatwereselectedn
the previous iterations. We choosethe discriminatorh,,; 2 H thatalongwith
the previously chosendiscriminatorsh maximizesthe lik elihood scoreof the
data. More precisely letting h*** = h¥ [ fhy.1 g, we choosethe discriminator
hes1 2 H thatmaximizesthescorel (hk*1jS?) de nedin (4.6).

Herefor simplicity, we have assumedhatthecollectionH of discriminatorss
x edover all iterations.In Chapter6 we discusshow to composediscriminators
in a tree-like structurefor ef cient run-time performance.We will seethatthis
will leadto choosingdiscriminatordrom a collectionH ¢ thatcanvary with each
iterationin thegreedyscheme.

Optimization over

The continuousoptimizationfor the optimalcombiningcoefcients  for agiven
selectionof discriminatorsh, on the otherhand,leadsto a corvex optimization
problem. This fact is well-known in the literature (Della Pietraet al., 1997,
Schapireand Singer 1999; Lebanonand Lafferty, 2001), but for completeness
andbetterinsightwe prove the corvexity resultfor our task. Usingthe expanded
form (4.4) for the likelihoodl, maximizingthe likelihoodof the datafor a x ed
h amountgto minimizing the following costfunction (for corveniencewe have
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droppedthe normalizingterm JS% whichis constanfor a giventrainingset):

X 3o
In( ) log(1 + e Yi F(xixi)) (4.8)
M I
X X
= log 1+ exp kYij [k (Xi) = he(x;)] (4.9)
i K 1
X X B
= log 1+ exp KUl (4.10)
i k
(4.11)

wherewe have usedthenotationu}} yi [hk(Xi) = hg(x;)] for compactness.
The rst derwative of this costfunctionis givenby:

a N
@ ¢ Yi A0 7))

where (x) = 1=(1+ e *) is thesigmoidfunction. It canbeveri ed that (x) =
(xX)(1  (x)). Thus {x) > Osince (x) hasrangein (0;1)for 1 <x< 1.
We thengetthefollowing for the Hessian:

@‘] _X\I r, s O
@@, , "o

(4.12)
i5j
wherewe have usedthe notation A y; B(xi;x;)). Sinceeach ? > 0as
shavn above, the Hessiarof J is seento be positive de nite asfollows: for any
, we have:
X X X
@) _ 0"y

'@@s ’ !

rs i r;s

r
j

s
j

su

— 0 2
- ij U” ) > 0
i

whereu (Ui ;i ;ui*j(). ThusJ iscorvexin  whoseminimumcanbefound
using well-establishedterative techniquedike Newton's method(Presset al.,
1992).
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4.1.3 Interpreting

Givenachoiceof K discriminatorswe might expectthatif a discriminatorh;, is
“better” thananotheriscriminatorhs atthe discriminationtask,thenthe optimal
valuefor the correspondingcombiningcoefcient , shouldbe higherthan g,
or in otherwords, | indicatesthe relative utility of the discriminatorh, at the
discriminationtask. In this section,we give someanalyticaljusti cation for this
intuition. We will seethatthe bestchoicefor theK discriminatorsarethosethat
best‘complement’eachotherin a sensehatwill be madeprecisebelow.

With respecto a givendiscriminatorh, anda x ed pair of trainingmeasure-
mentsx; andx; , we usethefollowing notationsn whatfollows:

X
z = Vi [he (i) = he (x;)]
ré k
i = kYi [(Xi) = hi(xj)]
zZj =z +
gi (zj) = |>((39 1+e
J( W) = g (z)

ij
where ;r 6 k arethe optimalvaluesminimizing the costfunctionJ in (4.11)
andwheregj (z; ) correspondso onetermin the costfunctionJ with all of the
r except  setto its optimalvalue.Also, J hasbeenre-writtenasa function of
only .
We would liketo nd aclosedform expressiorfor the optimal valueof each
k- As it standsthisis not possiblewith the costfunctionJ. Insteadwewill nd
aclosedform expressiorto a quadraticapproximatiorto J .
Considerthe quadraticapproximatiorto eachtermgj (zi‘j’ + ) aboutzi?:

2
G (zi) = 6(@)+ 9(z)+ 590?25)

2
g (z) i ( Zi?)+§ ()1 (7))

whereasin x 4.1.2, () is the sigmoidfunction. The approximatiorto the cost
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functiond is then:

X
J( W= i (zj)

ij

Minimizing the quadraticapproximation]' for theoptimalvaluefor by setting
thederivativeto O, we get:

X
( yi [hi(xi) = he(x)] ( Z)) (4.13)
ij X
+ . ( _' (vi (i) = he(x)D? ( )@ ( Z])) = 0 (4.14)
X" X
=) ( up (z0)+ ( z)a (7)) = 0(415)

ij ij
whereasin X4.1.2,Uij Vi [hk(Xi) = hk(Xj )]
We introducesomefurthernotation:

X
(AR ( zi?)>0
ui'><=+1
W, = ( zi?)>0
uj = 1
W = (zZ)a (z))>0

Thetermzi? dependsmlyontheotherdiscrimirgtorshr;r 6 k andcanberewrit-
tenaszd = y; FHi(xi;X;) whereHy(xi; ;) s r[hr(Xi) = he(x;)] is the
distancemeasureusingall discriminatorsexcepthy. With this rewrite, zi‘j’ can
be seerasmeasuringnow well the otherdiscriminatorshave classi edthe pair x;
andx; , largervaluesindicatingbetterclassi cation. Theterm ( zi‘j’) canthenbe
thoughtof asa weightassociatedvith the pair x; andx; thatindicateshow well
the otherdiscriminatorshave classi ed the pair. Pairs that are incorrectly clas-
si ed by the linear combinationof the other discriminatorsare associatedvith
a large weight. Note that sincethe sigmoidis boundedaborve by 1, it doesnot
over-penalizeincorrectclassi cations. Next, the term u;; indicateswhetherthe
discriminatorhy classi esa pair of measurements; andx; correctly(u; = +1)
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orincorrectly(u; = 1). ThusW, denotegshe total weightassociatedvith all
pairsthatarecorrectlyclassi edby hy, andsimilarly W, denoteghetotal weight
associatedvith all pairsthat areincorrectly classi ed by h,. W? on the other
handis independentf hy andis thusaconstant.

Continuingwith theminimizationof | in (4.15),we get:

W, Wi+ w2 =0
(W W)
Wy

wherewe have denotedhe optimumto the quadraticapproximatiorby *, to dis-
tinguishit from the the true optimum |, obtainedby minimizing the true cost
functionJ (4.11). Substitutingthis optimumbackinto the quadraticapproxima-
tion J', we get:

W, W, )2
JCo = %

whereJ? is the costdueto all thediscriminatorsexcepthy.

Thusunderthe quadraticapproximationjntuitively speaking,f' is minimized
by a choicefor the discriminatorhy thatcorrectlyclassi espairsassociateavith
large weightswhile affording to incorrectly classify pairs associatedvith low
weights. In this sensethe bestchoicefor hy is that which “complementsthe
otherdiscriminatorsthe most. Sincethe optimal valuefor | is proportionalto
thedifferencew,” W, in thetotalweightassociatewvith pairsthathy correctly
classi esandthetotal weightassociatedavith pairsthathy incorrectlyclassi es,
we canthink of *, asmeasurindhow well hy correctlyclassi esthosepairsthat
werenotclassi edwell enoughby the otherdiscriminators.

4.1.4 Regularization

Maximumlik elihoodestimationcansuffer from over-training (Dudaetal., 2001,
Bishop,1995;LebanomandLafferty, 2001;ChenandRosenfeld2000).As shavn
in the lastsection,in our casethis meanshe optimal estimatefor ary of the
canbeoverly con dent aboutthe discriminatve power of the correspondinglis-
criminatorhy if its valueis largein magnitude The standardapproacho dealing
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with over-trainingis to usepriorson the possiblevaluesfor the parameterseing
optimized.Thisleadsto the maximuma posterioriestimation(MAP) framavork.
UnderMAP, thelikelihood(4.4)is replacedy:

1 X X
I( ;hjS? s l0gflyi ixiix)+ logad k) (4.16)
i k
whereq is theprior distribution overthe parameter .

Whatshouldbe an appropriatechoicefor the prior gc? The prior shouldpe-
nalizelarge valuesof , sinceasdiscussedbove, large valueslikely indicate
over-con denceaboutthe discriminatve power of the correspondingliscrimina-
tor hx. Otherthanthat, we would like to presere the corvexity of the resulting
optimization problemjust as was the casefor the ML framewvork (seex 4.1.2
above). A simpleprior thatsatis esboththeseconstraintss the Gaussian:

2
27

k

a() e

wherethe choicefor the variance  limits the effective rangeof the parameter

k. It canbe seenthatthe costfunction that needsto be minimized underthe
MAP framenork is simply the costfunctionJ (4.11)for the ML framework plus
aquadraticermdueto the priorson

X 20 X2
Jn( ) log(1+ e Yi A(xixi)y 4 2—" (4.17)
[H] k

N

Thisnew costfunctionis alsocorvex aswasthecasefor theML frameavork asthe
Hessiarof J is still positive de nite sincethe contribution of thequadratidermis
only anadditionalpositive quantityl= 2 alongthediagonalof the Hessian(4.12)
underthe ML framework.

4.2 Maximum Entropy Formulation

In this sectionwe considernalternatve formulationfor estimatinghepairwise
distribution p(y; J Xi; X;) thatis dualto the maximumlik elihoodframework dis-
cussedn the previoussection.The mainreasonwe considerthe dualframevork
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is to presennew insightsinto the estimationproblem.We alsoconsidera natural
criterionfor selectingthe bestdiscriminatordor modelingthe pairwise distribu-
tion underthis framewnork. This criterion hasbeenpreviously usedin the vision
literaturefor texture synthesigZhu et al., 1998). We areinterestedn knowing
therelationshipbetweerthis criterionandthe maximumlik elihoodcriterionpre-
sentedn theprevioussectionin thehopeof usingthe superioronein practice.On
the surface,thetwo criterialook quitedifferent. Neverthelesswe prove thatthey
arein factthe samecriterionseenfrom differentperspecties.

For a x edpair of measurements; andx;, lety; beasamplefrom the pair-
wise distribution p(y; j Xi;X;). Recallthaty; = 1if x; andx; belongto the
sameclassandy; = +1 otherwise. For a givendiscriminatorh, the function
f(yi; xi; X)) = Vi [h(Xi) = h(x;)] canbe consideredhsatestasto whetherthe
discriminatorh “classi es” the pair of measurements; andx; correctly That
is, f (yj;Xxi;X;) = +1 if eitherthe pair belongsto the sameclass(i.e., y; =

1) while alsofalling in the samepartitioninducedby the discriminatorh (i.e.,
[h(xi) = h(xj)] = 1) orif thepair belongsto differentclassegi.e.,y; = +1)
while alsofalling in differentpartitions(i.e., [n(xi) = h(x;)] = +1). Ontheother
hand,f (y;j;Xi;%;) = 1 indicatesthatthe discriminatorh did not classifythe
pair of measurementsorrectly

The averageclassi cation performanceof a discriminatorh is the expected
valueof f . If the expectedvalueis +1, we have perfectclassi cation,if it is O
the performancas random,andif it is 1, theclassi cationis alwayswrong. In
practice we do notknow thetrue pairwisedistribution, but the expectedvalueof
theclassi cationperformanceanbe estimatedrom atraining set. Formally, we
de ne theempiricalperformancéf i as:

X
% f (i 5 %ii %)
ISY
((xixj)syij )2S2

We seekto estimatethe true pairwise distribution p(y; j Xi;%;) from the
spaceof all probability measuresWhatshouldthe constraintde?

Supposeve aregivenK discriminatorshy;k = 1;::: ;K for eachof which
we candeterminehe empiricalperformancef i, from thetrainingdata.Clearly,
onesetof constrainton theestimatedlistribution p(y; j Xi; X;) is thattheclassi-
cation performancef theK discriminatoraunderthe estimatds thesameasthe
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empiricalperformancdt i, determinedrom the training data(ignoring noisein
theestimates)However, we still only have a nite numberK of suchconstraints
andthustheoptimalchoicefor the estimateof thedistributionfrom anin nite set
of possibleprobability measuress still ill-de ned. Clearly we needsomeother
criterionthatis not datadriven. The maximumentropy (ME) principle (Jaynes,
1957; Della Pietraet al., 1997) stateshat we shouldchoosethe probability dis-
tribution that satis es the given constraints but otherwiseshouldbe the “least
committed”probability distribution.

Intuitively, theleastcommittedprobabilitydistributionwhenthereareno con-
straintsis the uniform probability distribution. As we addconstraintsywe would
like to keepthedistribution as“close” to uniform aspossiblewnhile satisfyingthe
givenconstraintsMore generallywe mightlik e to beascloseto a prior distribu-
tion g thatmaynotbeuniformandwhichis taskdependenibut dataindependent.
For our task,the “closeness’or distancebetweenwo conditionalpair-wise dis-
tributions p(y;; j Xi;X;) andqg(y; j Xi;X;) canbe measuredy the following
conditionalKullback-Leibler(KL) divergence(DellaPietraetal., 1997):

1 X X L p(y; J Xi;Xj)
5% pP(yi J Xi;X;)log oy %%

(xi;xj)2S2yj 2f 1;+1g

D(p;q) =

whichis non-ngative andO iff p= q.
LetM bethespaceof all possibleconditionalpairwisedistributionsp(y;; j Xi; X;).
De ne thefeasiblesetF M as:

F fp2 M jEpffi] = Hyi forall kg (4.18)

whereE,[ ] denotesxpectationunderthelik elihoodp. Then,the ME framevork
requiresthe solutionto the following problem: minimize D (p; qy) subjectto p 2

F anda x edprior measuray. In ourtask,we assumea uniform prior for gp. In
this caseit canbe shavn (Della Pietraet al., 1997; Lebanonand Lafferty, 2001)
that by settingup an appropriateLagrangianthe optimal pair-wise distribution
whichwe denoteby pye takestheform of thelogistic function:

1
i) (X %)) = P 4.19
where | isthesetof Lagrangemultipliers,onefor eachof theconstraints [f ] =

i
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The ME solutionpwe (Yi J (Xi; Xj)) takesthe sameform asthe exponential
model(4.1)in the previous section.In factit is known (Della Pietraetal., 1997)
thatthe ME solutionis dualto the maximumlik elihood(ML) exponentialmodel.
We discusghis duality in moredetail below.

Considerthefamily of conditionalexponentialprobability distributions:

Q  p2M joplyiJ(xi;xi))/ aolyy j(xi;x))e « kit 2 R

(4.20)
where as before ¢ is a prior measure. The exponentialmodel (4.1) consid-
eredin the previous sectionis a specialcasewherethe prior ¢ is uniform. Let
B(Yi | Xi;X;) be the empirical distribution determinedby the training set S?;
p(Yi J Xi; ;) simplytakesthevaluelif ((x;;X;);V;) 2 S? and0 otherwise.The
log-likelihoodL of aprobabilitymeasureg with respecto theempiricaldistribu-
tion pis de ned as:

L(p;p) D(p;p)

It canbeveri ed thatwhengq, is uniformandp 2 Q, theabove de nition reduces
tothelikelihoodde nedin (4.4). It hasbeenshavn (DellaPietraetal., 1997)that
theprobabilitydistributionpy. thatmaximizeghelik elihoodovertheexponential
family Q is thesameaspye . Thusthetwo optimizationproblemsaredualto each
other

4.2.1 ME SelectionCriterion

We next considerthe problemof selectinggood discriminatorsunderthe ME
framework just aswe did for the ML framework in x 4.1. As in the casefor
the ML framework, we assumehatwe aregivena large but nite collectionH
of discriminatorsWe wishto chooseK N discriminatorgrom this collection
thatis in somesensé‘optimal” underthe ME framevork. We will reexaminea
selectionschemaunderthe ME framework thathasbeenrecentlyproposedZhu
etal., 1998). We will thenshow thatdespitethe very differentappearancef this
selectioncriterion from the ML selectioncriterion, they arein fact equivalent.
Thusfrom a practicalpoint of view, thereis no gainin consideringhe ME selec-
tion criterion, althoughit doesbring new perspectie to theissueof selectingthe
bestdiscriminators.

58



Zhuetal. (1998)proposedhe useof whatthey calledthe mini-maxentrogpy
criterion. The context of their work wasthe selectionof goodfeaturedor texture
synthesisln their formulation,the criterionassumes uniform prior modelfor gy
andchooseghe K featuressuchthatthe resultingmaximumentrogy probability
distribution pye hasminimumentrogy over all choicesof K features.This crite-
rion might seemlessintuitiveat rst thanthe ML criterionpresentedn the previ-
oussection.It is basednthenotionthattheentropy of theprobabilitydistribution
determinedy agivenchoiceof K discriminatorsndicateshow “informative” the
discriminatorsarein specifyingthe pairwise distribution, the discriminatorsbe-
ing moreinformative the lower the entrogy. Thusthe mini-maxentrofy criterion
choosegheK mostinformative discriminators.Sinceminimizing the entrogy of
a distribution p is the sameasmaximizingthe KL divergenceD (p; ) whereg
is setto the uniform distribution, the original mini-max entrogy criterion canbe
generalizedor arbitrarypriorsq, andformally statedasfollows:

Criterion ME. For a xed choiceof K discriminatosh  fhg;:::;hxg H,

let p (h) be the maximumentropy probability measue with constaints deter

minedbythecorrespondindestingfunctions 1;::: ;fx,i.e. p (h) = argmin D (p; ).
p2F

ChoosdheK discriminatoisfor which D (p (h); p) is maximunoverall choices
of K discriminatoisfromH.

As before,we areassuminghatthetrivial discriminatorhg 1is always
chosen.

At rst readingtheME criterionlooksquitedifferentfrom theML criterionof
the previous section.Neverthelessye shav next thatdueto the duality between
the ME andML framawork, thesetwo seeminglydifferentcriteriaarein factthe
samewhenthe ML criterion is appliedto the exponentialfamily Q. First, we
generalizeand restatethe ML criterion from the previous sectionfor arbitrary
priors:

Criterion ML (restated)For a xed choiceofK discriminatosh  fhg;:::;hkg
H, let p (h) be the probability measue that maximizeghe likelihoodp (h) =

argmaxL (p; p). ChooseheK discriminatosfor which L (p;p (h)) is maximum
P2Q
overall choicesof K discriminatossfromH.

It canbeveri ed thatthis reducego the samecriterionpresentedh the previ-
oussectionif we assumethe prior ¢y to be uniform.
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Theorem 2 A setof K discriminatoss optimizesthe ME criterion iff they also
optimizethe ML criterion for the exponentiafamily.

Proof. We rst statean analogueof the Pythagoreartheoremfor the KL diver-
gence (DellaPietraetal., 1997):

D(p;g) = D(p;p)+ D(p;Qq); forallp2 F;q2 Q

whereQ is theclosureof Q andwhereby the duality theorem(Della Pietraetal.,
1997):

pu = argminD (p;p) = p = argminD (p;0) = Pue
p2Q p2F
We setp = p, theempiricaldistribution from thetrainingsetS?, andg= ¢ a
prior measureboth of which are x edfor a givenlearningtaskandthusD (p; go)
is constant. Also sincethe log-likelihoodis givenby L(p;p) = D(p;p), we
have:

L(p;p) = D(p; o) + const

Thus choosingthe K discriminatorsthat maximizethe likelihood L (p;p ) also
maximizethe KL distanceD (p ; ) andvice-versa. In otherwords,the K dis-
criminatorsthat optimize the ML criterion also optimize the ME criterion and
vice-versa

Figure(4.1) is a cartoonillustration of the proof. For clarity of presentation,
we assumea collectionof discriminatorsH = fhy; h,g containingjust two dis-
criminators. We seekthe bestlinear modelto the optimal distancemeasureH
basedon just onediscriminator eitherh; or h,. Correspondingo eachdiscrim-
inatorh;, the gure shavs thefeasibleset(4.18)F; inducedby h; underthe ME
framavork aswell asthe one-dimensionatxponentialfamily (4.20)Q; underthe
ML framework. Notethatthetwo feasiblesetsintersectat the empiricaldistribu-
tion p, while thetwo exponentiaffamiliesinterseciat the prior modelq.

The setsQ; andF; intersectat the uniquedistribution p; asrequiredby the
duality theorem(Della Pietraet al., 1997). The threepointsp, p, andg, form
the trianglein the analogueof the Pythagoreanheoremabove. ML likelihood
is relatedto the KL divergencebetweenp, andp, while the relative entrofy is
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Figure4.1: lllustratingthe proof of theorem2. Seetext for details.
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relatedto the KL divergencebetweenp;, andg,. Changingthe discriminatorh;
change®nly p;, thuskeepingthe oppositeleg of the triangleconstant.Sincethe
sumof the othertwo legs equalsthe leg oppositep, , maximizingthe likelihood
is equivalentto minimizing therelative entrogy. Thusin the gure, bothselection
criteriaunderthe two framevorks would choosehe distancenodelbasedon the
discriminatorh;.

In closingit shouldbe emphasizedhatthe equivalencebetweenthe two cri-
teriais not solely causedy the duality betweerthe ML andME frameworks. To
seethis, supposave modi ed ourselectiorcriteriasuchthatwe couldalsochoose
the bestprior modelsg, from somecollectionin additionto choosinghe bestset
of discriminators.For suchselectioncriteria, all thelegs of the trianglecannow
vary andthusthereis no guaranteehat maximizingthelikelihoodwill necessar
ily minimizetheentrogy simultaneouslyeventhoughthe duality betweerthetwo
framavorksof coursestill holds.

4.3 Connectionswith Boosting

The distancemeasureh(x;; x;)  [h(xi;) = h(x;)] correspondingo a discrim-
inator h canalsobe thoughtof asa binary classi er on pairs of measurements
(for corveniencewe have alusedthe notationh to indicateboth a discriminator
which actson ameasuremerdnda classi er thatactson a pair of measurements,
the correctinterpretationshouldbe clearfrom the contet). A pair of measure-
mentsis classi ed with thelabelh(x;; x;) = 1 if bothbelongto the samepar
tition inducedby the discriminatorh, otherwisethey areclassi ed with the label
h(xi; x;) = +1. A goodclassi eris onethatwill morelikely output 1 for apair
of imagesthat belongto the sameclass,while +1 is morelikely to be outputif
they belongto differentclasses.

ConsideK suchbinaryclassi ershy;k = 0;::: ;K thatwewishto combine
usingalinearcombination:

X
F(Xi;xj) = kh(xi; ;)
k=0

Usingthis combinationa pair of measurements classi edwith sign(F (x;; X;)).
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Let S? f((xi; Xj);Yij )9 be a training set on pairs of measurementas be-
fore (4.2). Theerrorof the co)r?binedzlassi er onthetrainingsetis givenby:
E [sign(F (xi;x;)) 6 vl
((xix})yyj )2S?

wherefor apredicate ,[ Jis1if istrue,else0. Wewishto nd theclassi ers
hy andcorrespondingombiningcoefcients  thatminimizethetrainingerror
E. However, E is a discretefunction andthushardto work with. The boosting
framework (FreundandShapire 1997; SchapireandSinger 1999)usesinsteada
continuousupperboundthatis easierto work with. Theexponentialcostfunction
is commonlyusedto boundthe discretetraining errorabove. Usingthe exponen-
tial costfunction,it canbeeasilyveri ed that:

[sign(F (xi;x;)) 6 y; 1< e Yi Flxixi)

Thus we can replacethe discretetraining error E with the continuousupper
bound:

X
E < e Vi F(xixj)
((xixj)yij )2S2
J>< I}
- e k kYih(xixp)
((xixj)syij )2S2

In boosting this upperboundis minimizedwith respecto thechoiceof classi ers
hy andthe corresponding .

Comparingthe upperboundabove with the costfunctionJ, we seethatthe
only differenceis the costfunction: the upperboundusesthe exponentialcost
functionwhereaghe maximumlik elihoodframework resultsin thelog costfunc-
tion. Thelog costfunctionis betterbehared comparedwvith the exponentialcost
function as it doesnot over-penalizebad classi cations. In fact, more recent
work (Masonet al., 2000) usesarbitrary cost functionsincluding the log cost
function for the upperboundabove. The criterion for choosingone costfunc-
tion over anotheris basedon which one gives a tighter upperbound. On the
otherhand,in our case,the ML framework givesrise to a particularcostfunc-
tion that also happendo be a good choiceunderthe boostingframewvork. Fur
thermore,the ML framewnork can be generalizedo avoid over- tting by regu-
larization (seex 4.1.4),whereaghereis no known regularizationframenork in
boosting(however, see(LebanomandLafferty, 2001)).
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Ignoringthe choiceof costfunctionsandtheissueof regularizationhowever,
from a computationapoint of view thereis no essentiadifferencebetweerthe
boostingframevork andthe ML framework. In fact,it hasbeenrecentlyshavn
that the ML framework for exponentialmodelscan be preciselyrelatedto the
boostingramewvork by specifyingaparticularclassof constraintsn themaximum
entropy formulationthatis thedualof themaximumlik elihoodproblem(Lebanon
andLafferty, 2001).

However, from a conceptualiiewpoint, for our taskwe amguethatthe nearest
neighborframeavork is morenaturalthanthe boostingframework. In theboosting
framavork, the basic primitives are the simple (or “weak”) classi ers that are
combined.In the developmentabove, the simpleor baseclassi ersacton pairs
of measurementsutputtinga labelindicatingwhetherthey arein the sameclass
or not, while typically onethinks of a classi er asactingon one measurement
and outputtinga classlabel. Furthermorewe are ableto interpretthe distance
measurgh(x;) = h(x;)] for eachdiscriminatorh asa pairwise classi er only
becaus®f our choiceof simpledistancemeasureghatgive binaryvaluest+1 and

1 for a pair of inputmeasurementst is not clearwhethemmoregeneraklasses
of elementaryistancaneasurethatneednotbebinarycanalsobeinterpretecas
pairwiseclassi ers.

Ontheotherhand,the nearesheighborframevork naturallyleadsto the con-
siderationof optimal distancemeasureghat are obviously de ned on pairs of
measurementdt wasonly afterwe assumea particulardiscretemodelinduced
by discriminatordor the optimaldistancemeasureaswell asusingthe maximum
likelihoodframenork for estimatinghe parametersf suchamodel,thatwe were
ableto drawv the connectiorto boosting.The connectiorwould not have resulted
hadwe eitherchoserno modeldistancemeasureslifferently (for examplewith a
continuousmodel) or useda differentparameteestimationframeavork. Viewed
in thislight, for ourtaskthe consideratiorof distancaneasuress motivatedfrom
rst principlesin a nearestneighborframenork, whereascastingthe taskin a
boostingframework is only coincidentaland contingentupon particularchoices

madeduring modelingandestimation.
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Chapter 5

Generating Candidate
Discriminators

Thelastchapterassumeda collectionof candidatediscriminatorsH from which
K jH | discriminatorswere chosenin a greedymannerunderthe maximum
likelihoodestimationframework. In this chapteywe discusghedetailsfor gener
atingsucha collectionof discriminators.

We presenttwo approacheso generatingdiscriminators. The rst onepre-
sentedin x 5.1is a generalapproachthat can generatecandidatediscriminators
usingary featurespacdik e color, shapeor texturein which somedistancemea-
surecanbede ned. The approachs moreappropriateor coarsediscrimination
tasksfor which grossfeaturedifferencesaresufcient for discriminatingdifferent
classeof objectsof interest. However, this approachs computationallyexpen-
sive primarily becausdhe searchspaceis discrete. The secondapproachpre-
sentedn x 5.2generatesliscriminatorsn linearfeaturespacesfor examplepixel
intensitiesn awindow for which thedistancemeasurdetweertwo pointsin this
featurespacas givenby the Euclideardistance Theapproachakesadwantageof
the linearity of the featurespaceto generataliscriminatoran a computationally
efcient manner Both approachesave beenimplementedandtestedin Chap-
ter7.
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5.1 NearestPrototype Discriminator

As discussedn x 3.3.1,discriminatorscanbe characterizedby the partitionthey

inducein imagespace. This relationshipbetweendiscriminatorsand partitions
works both ways. Given a partition, we canassociatea discriminatorwith the
partition. Thediscriminatorclassi estwo measurementssbelongingto thesame
classf they fall in thesamepartition,otherwisethey areclassi edasbelongingto

differentclasses.Thusoneapproacho generatingliscriminatords to nd ways
of partitioning the image space,where eachsuchpartitioning correspondgo a

discriminator

Perhapshe simplestmeansof creatingpartitionsis to specifythelocationsof
somenumberof prototypesin somefeaturespacewith a distancemeasure.An
exampleof a distancemeasurds the 2 distancefor histogramgSchiele,1997;
Pressetal., 1992). The Voronoidiagraminducedby the prototypesandthe dis-
tancemeasuren the featurespaces a partition of imagespace.We call the dis-
criminatorassociateavith theVoronoidiagramaneaestprototypediscriminator,
whichwe rst introducedn Chapter3. The constructiorof the nearesprototype
discriminatoris similarin spirit to vectorquantizationn signalprocessindGer
shoandGray, 1992).

Sinceanearesprototypediscriminatoris completelyspeci ed by the number
andlocationsof a setof prototypesn somefeaturespacewe next discusshow
the prototypesaregenerated.

Let usassumewve areinterestedn constructinga nearesprototypediscrimi-
natorwith r prototypesn somefeaturespace For acontinuoudeaturespacethe
setof locationsfor ary oneof the prototypess in nite, thusthe setof candidate
nearesprototypediscriminatorsH is alsoin nite. Recallfrom x 4.1 thatunder
ourgreedyschemewe seekthebestdiscriminatorfrom asetof candidateliscrim-
inatorsthatminimizesthe costfunctionJ (4.11).However, if the setof candidate
discriminatorss continuousthenef ciently searchingor the bestdiscriminator
from sucha setmay not be feasibleor maybedif cult in generalsincethe pos-
sibility for performingan ef cient searchin a continuousspacewill dependon
the distancemeasurausedwhich may be nonlinearand alsothe parametrization
usedfor measurementi the featurespace.For example,if the featurespaceis
histogramsversomefeature thenthe parameterarepositive realvalues onefor
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eachbin of thehistogranrepresentatiorgndwhichareconstrainedo sumto one.

A possibledistancemeasuravould be the nonlinear ? distance(Schiele,1997;

Pressetal., 1992).Searchindor thebestdiscriminatorundersucha parametriza-
tion is madedif cult dueto the hugespaceof parameterspnefor eachbin, and

is further complicatedby the nonlineardistancemeasure For example,common

searchtechniqueghat utilize someform of gradientdescenbver the parameter
spacearesusceptibléo gettingtrappedn local minima.

To overcomesuchissuesandachiese the widestpossibleapplicability for our
approachwe will adopta simple-mindedapproachn whichwe sampleadiscrete
numberof possibleprototypelocationsfrom the featurespaceratherthansearch
throughall possibldocationsin the continuoudeaturespace This givesriseto a

nite setH of candidatenearesprototypediscriminators.

The simplestapproachs to samplethe parametespaceof measurements
thefeaturespacgfor example realvaluesfor eachbin for histogramsuniformly.
Anotherapproachs to samplethe sametraining setS thatis usedto estimate
the optimal distancemeasuraunderthe maximumlik elihood frameavork. For r
prototypesthesetH of all possiblenearesprototypediscriminatorsvhereeach
prototypeis choserfrom thetrainingsetS hassizejH jriSi. Exhaustvely search-
ing sucha setfor the bestdiscriminator(thatwhich minimizesJ (4.11))will not
scalewell if thesizejSj of thetrainingsetis large.

Insteadwe will usea simplesamplingtechniquehattradesoff the quality of
thediscriminatorfoundfor a speed-upn the searchprocessRatherthanexhaus-
tively searchingpver all nearesprototypediscriminatorghatarepossiblefrom a
trainingset,wewill insteadbesatis edwith adiscriminatorthatis amongthetop
percentileof discriminatoraminimizing the costfunctionJ. More precisely say
wewantto nd adiscriminatorthatis in thetop s percentilethatis if we rankall
thediscriminatorsaccordingto how muchthe costfunctionJ is minimized,then
we wantto nd adiscriminatorsuchthatno morethans percentof all possible
discriminatorshave alower costJ thanthe selecteddiscriminator We canshowv
that with high con dencewe can nd adiscriminatorin the top s percentileby
uniformly samplingthe nite setof all possiblediscriminatorsH a x ednumber
of timesn thatis independenodf the sizeof thetrainingsetjSj andthe numberof
prototypes required.Ourapproachs similarin spirit to theRANSAC algorithm
for therobustestimationof modelparametergFischlerandBolles,1981).
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ForO< < 1,wewouldliketo nd thenumberof samples suchthatthere
exists at leastone discriminatorthat is in the top s percentilewith probability
at leastl (in otherwords,with con dence ). Sinceeachsampleis dravn
uniformly from the setof all discriminatorsthe probability that a given sample
doesnotfall in any x edfractions of the setof all discriminatorss1 s. This
is trueirrespectve of which fractions is chosen.In particular it is true whenthe
top s percentileis chosen.Sinceeachsampleis chosenndependentlyrom each
other if n samplesaredrawvn, the probability that noneof themfall in the top
s percentileis (1 s)" < e ". Thusthe probability that at leastone of then
samplegloesfall in thetops percentiles greatethanl e *". Thus,atleastone
of thesampless in thetop s percentilewith probabilityl ifl1 e "> 1
Thus:

S log(1=)
S

For example,for s = 0:1% we needn > 46 samplego meeta con dencelevel
of 99% for s = 0:01%we needn > 460samplego meeta con dencelevel of
99% The above analysisfor our samplingstratey is similar in spirit to thatfor
theRANSAC algorithm(FischlerandBolles,1981).

Notethatasstatedbefore,we have shavn thatthe numberof samples that
meeta particularcon dence neitherdependsn the size of the training setjSj
nor the numberof prototypesr. However, the evaluationof the costfunction J
for eachdiscriminatorthatis sampleddoesdependnthetrainingsetsizeandthe
numberof prototypes.

5.2 Candidate Discriminators in a Linear Feature
Space

The lastsectionpresentedn approachor constructingcandidatediscriminators
in afeaturespacewith anarbitraryparametrizatiomnddistancemeasureEvenif
thefeaturespacds continuouswe notedthatit might bedif cult to usecontinu-
ousoptimizationstratgiesto nd the bestdiscriminatorthat minimizesthe cost
functionJ.
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In this section,we will considerlinear featurespacesfor examplepixel in-
tensitiesn asub-windav of theimage ,wherethe distancebetweertwo measure-
mentsin thisfeaturespaceas theweightedeuclideardistance Insteadof sampling
prototypeghatarerestrictedto thetraining setasin thelastsectionwhich results
in the consideratiorof only a discretesetof candidatediscriminatorswe will in-
steadconstruct‘good” candidatediscriminatorswherethe searchfor suchgood
discriminatorss doneoverthewholecontinuoudeaturespace Thisglobalsearch
is madepossibledueto thelinearity of the featurespace.

Therewill be one suchcandidatediscriminatorconstructedor eachlinear
featurespace.Thesediscriminatorswill bethe setof candidate$d for thegreedy
selectionschemepresentedn x 4.1.2. A discriminatoris consideredgood” if it
satis esthefollowing criteriathatarerelevantto thetaskat hand:

I. Assumethata setof discriminatorshasalreadybeenselectedy the max-
imum likelihood greedyschemedetailedin x 4.1.2. We wantto choosea
new discriminatorthat we would like to addto this set. A gooddiscrimi-
natorshouldfocuson classifyingpairsof training measurementhat have
beendif cult to classifyusingthe previous discriminatorsselectedoy the

greedyschemesofar. For a givensetof discriminatorsf hg;::: ; hgg, the
probability thata pair of measurements; andx; is mis-classi edis given
by:

X
wi 1 oply; jxisxp) = (Vi khe(Xi) = he(x))  (5.1)
k
Thusin termsof the probability of mis-classi cationw;; , we wantto nd a
discriminatorin thefeaturespacehatfocusesn classifyingpairsfor which
w; is high.

Il. As muchaspossible pairsof training measurementsom the sameobject
class(i.e.,y; = 1) shouldbe putin the samepartition inducedby the
discriminator while pairs of training measurementgom differentobject
classegi.e.,yj = +1) shouldbeputin differentpartitions.

lll. A gooddiscriminatorinducesa partition suchthat the training measure-
mentsin the differentpartitionsareseparateavell, while trainingmeasure-
mentsin the samepatrtition are tightly clustered. This shouldmake the
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discriminatormore robust at run-timein decidingwhich partition a mea-
surementalls underif thetrainingsetis representate of datato be seenat
run-time.

The rst two criteriadealonly with thetrainingset,while thelastoneis aheuristic
criterionfor nding adiscriminatorthatgeneralizesvell to future unseerdata.
Ourapproacho nding adiscriminatorwhich satis esthe above criteriawill

be to encodethemin an objective functionthatcanbe thoughtof asanunsuper
vised generalizatiorof the well known Fisherquotient(Fukunaga,1990). This
objectie functionis minimizedto nd alineardiscriminant,i.e. a hyperplane
in thelinearfeaturespaceor which the projectionsof trainingmeasurementsn
the hyperplaneare maximally separatednto two groups,while also satisfying
the othercriteriaabove. Thelineardiscriminantalongwith an optimal threshold
will form the desiredcandidatediscriminatorfor the linear featurespaceunder
consideration.Unlike the traditional formulation of the Fishercriterion, we use
a purely pair-wise formulation,which allows usto easilybiasthe optimizationto
focuson the pairsof trainingimagesthatare currentlyhardto classifyusingthe
discriminantdearnedsofar (criterion(l) above).

Formulating the Objective Function

For concretenesielow, we assumean examplefeaturespacelRmz of pixel inten-
sitiesin asub-windav of sizem  m in aninputimage.We would liketo nd a
discriminant in this featurespacehatsatis esthethreecriteriadiscussedbore.
Oneof thecriteria(lll) isto nd adiscriminantthatpartitionstrainingmeasure-
mentsinto two well-separatedjroups,eachof which is tightly clustered. The
rationalefor this criterionis that sucha discriminantcanbe expectedto reliably
determinghepartitionthatunseenmagesof objectsof interestbelongto, assum-
ing thatthe training datais representatie of all the imagesof objectsof interest
thatwill beencountereatrun-time.In otherwords,we wantto maximize:

across-partitiorseparation
within-partitionseparation

If we know the optimal partition that satis es the above criteria, then the
optimal discriminantcan be found by optimizing the Fisherdiscriminantquo-
tient (Fukunaga,1990). Let v; bethe representationf trainingimagex; in the
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continuoudeaturespacegi.e.,v; 2 IR™ in theexampleabove). For agivenparti-
tion of thetrainingdata,the Fisherquotientis usuallyformulatedin theliterature
in termsof the rst andsecondrderstatisticsof the trainingdataasfollows:
F() = jjm+2 m ijz
24

wherem™; m arethemeansf theprojectionsontothediscriminant of thev;'s
in thetwo partitions,andsimilarly *;  arethecorrespondingariancesin our
formulationhowever, we will insteadusea purely pairwise formulationthatwill
allow usto easilyincorporatethe othertwo criteriadiscussedbove. We denote
a partition of the trainingimagesby indicatorvariabless = fs;;:::;s,g where
eachs; 2 f 1;+1gindicateshepartitionthatv; belongsto in thefeaturespace.
Thepairwise formulationof the Fisherquotientthatwe useis thengivenby:

Fsl) = pull SSKEEX)

' i (1+ SiSj)K (Xi;Xj) (52)

whereK (xi;%;)  IT(vi vj)T(vi v;)listheseparatioralongthediscriminant
hyperplanel betweertrainingimagesx; andx;. Notethat,asrequiredtheterm
(1 sisj)=2 2 f0;1gis anindicatorfunctionthatdenotesvhenx; andx; arein
differentpartitions,while (1+ s;s;)=2 2 f0; 1g denotesvhenx; andx; arein the
samepartition.

In practice we will have to determinéboththe optimalpartition(i.e.,asetting
for s that optimizeseq (5.2)) aswell asthe optimal discriminanthyperplanel.
Thisis anunsupervisedixeddiscrete-continuousptimizationproblem(discrete
in s and continuousin ). We derive aniterative solutionfor this optimization
problemin the next subsection.Oncethe hyperplanel is found, we canform a
linear discriminanth(x) = sgr(ITv ) where is the optimal thresholdthat
separatethetwo partitions.

With the pairwise formulation,it is now a simplematterto encodethe other
two criteria(l,Il) into the optimization.

We canconstrainthe optimizationof eq (5.2) suchthat training objectsthat
belongto the sameobjectclassareencouragedo bein the samepartition (crite-
ria (11)). Thisis donesimply by usingthe sameindicatorvariablefor all training
imagesbelongingto the sameobjectclass;.e. all trainingexamplesxy, thathave
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the sameclasslabely; will usethe sameindicatorvariables;. Thusary assign-
mentto the indicatorvariableswill putall trainingimagesfrom the sameobject
classin the samepatrtition.

We can encodecriteria (1) by biasingthe optimizationto focus on pairs of
training imagesthat have beenhardto classify with the currentsetof discrimi-
nantsthathave beenlearnedsofar. Let usassumehatk discriminatorshave been
learnedso far andlet w;; be the correspondingprobability of mis-classi cation
of a pair of imagesx; andx; by thek discriminators,asde ned in (5.1). The
pairwise formulation of the Fisherquotienteq (5.2) canreadily bias the opti-
mizationto focuson the hardto classifypairsof imagespy weightingeachterm
in theFisherquotientby thecorrespondingrobability of mis-classi cation.Thus
hardetrto classifypairsof trainingimageswill have acorrespondinglyargerin u-
enceontheoptimizationof thequotient. Themodi ed expressiorfor thequotient
is:

P
o i (I sis)wy K(xi;x;)

Flsl) = i (L+ sisp)wij K (Xi; ;)

(5.3)

Iterati ve Optimization

In practice,direct optimizationof F is hardsinceit is a discrete-continuousp-
timization problem. To make the optimizationfeasible we relaxthe discreteop-
timization over s to a continuousoptimizationproblem. This approximationis
similar in spirit to the normalized-cuapproachfor sggmentation(Shi and Ma-
lik, 2000). With this relaxation,we proposean iterative maximizationscheme,
by alternatingoetweermaximizingF with respecto s keepingl x edandmax-
imizing F with respecto | keepings x ed. We show belown that eachof these
sub-problems$eadsto a correspondingeneralizeakigervalueproblem.
First,considermaximizingF keeping x ed.De ne amatrix W with entries:

o X X
Wi j) Wik K (Xk; 5 Xk; )
i Kk

wherek; rangesover all the indicesof trainingimagesthatbelongto classi and
similarly for k; (the notationtakesinto accountthe factthatindicatorvariables
are sharedamongtraining imagesfrom the sameclass,i.e. criteria (Il) above).
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Let 1 beavectorof 1'swith thesamenumberof componentass. ThenF canbe
simpli ed asfollows:

1T™W1 s'Ws

F(s
(s) 1TW1+ sTWs

Let D be a diagonalmatrix with D = Diag(W1). Sinceeachcomponenbf s
takesvaluesin f 1;+1g, the following equivalencecanbeveried: 1TW1 =
s" D's. Substitutingabove, we get:

s'"(D W)s

SO TWE (5.4)

F(s)
As mentionedbefore, insteadof solving for the hard discreteoptimization
problem,we solve for an approximatecontinuousproblem. Speci cally, instead
of assuminghattheindicatorvariablescantake ononly binaryvaluesf 1;+1g,
we let themtake on valuesin the continuousinterval [ 1;+1]. In otherwords,
we make “soft” insteadof hard assignments.For continuousvaluesof s, F is
maximizedwhens is setto theeigervectorcorrespondingo thelargesteigervalue
of thegeneralizecigervalueproblem(D W)s= (D + W)s.
Next, we maximizeF with respectto | while keepings x ed. De ne the
matrices:

X X )
A (1 sis) Wi (Vi Vig)(Vie Vi)
ij Ki:Kj
X 5 )
B (I+ss) Wik (Vg Vig)(Vie Vi)
ihj ki K;

with k; andk; de ned asbefore.With thesede nitions, F canbesimpli ed to:

ITAI

F0 ITBI

Onceagain,F is maximizedwhenl is setto the eigervectorcorrespondingo the
largesteigervalueof the generalizecigervalueproblemAl = B I.

Figure5.1summarizegheiteratve schemeWe alternatebetweermaximizing

F w.rt. s andl by solving for the correspondingeigervector problems,until

convergence Althoughtheiterationis guaranteedo increasé= monotonicallyit

(5.5)
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cangetstuckin alocal minimum. Hence,in our experimentswe rst nd thek
mostsigni cant principalcomponentsf all thevectorsv; for somek thatis x ed
apriori, theninitialize | to eachof theseprincipalcomponentsindoptimizeusing
theiterative schemgust describecandchoosehehyperplanel amongthemthat
maximizesF . Notethatthe optimalpartitions is not requiredfor therestof the
scheme.

Letuy;::: ;ux bethe rst k PCAcomponent®f the setof featurevectorsv;
correspondingdo trainingimagesx;.

dofori=1;::::k

. Setl = u;.
. lterate between the two eigen-problems
(D W)s= (D+W)s and Al= Bl until corvergenceto
Si, |i-
. SetF; = F(Si;li).

Outputl; correspondingo maxF;.

Figure5.1: Pseudo-codéor nding optimaldiscriminants

Figure 5.2 is an illustration of the above iterative algorithm on a synthetic
examplein a continuous2D featurespace.Therearetwo training examplesfor
every class(connectedy adashedine for eachclass).Bothtrainingexamplesn
eachclasssharethe sameindicatorvariablein theiteration. The algorithmcon-
vergesto agooddiscriminant(approximatelyhorizontal)in afew iterations,even
thoughtheinitializationwasfarfrom theoptimalsolution.Also, the nal partition
found(denotedby and )isconsistentith whatonewould expecttheoptimal
partitionto be. Notethatthevariationwithin classegapproximatelhalongthever-
tical direction)is on averagemorethanvariationacrosslassegmostlyalongthe
horizontaldirection). Thus,if we hadnotspeci edthe classmembershif train-
ing examplesthroughsharedndicatorvariables the optimal discriminantfound
would bealmostorthogonato theoneshavnin the gure sincethatwould bethe
directionthatmaximizesthe Fisherquotient.
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Figure5.2: Syntheticexamplein a continuous2D featurespaceillustrating the itera-
tive algorithmfor nding optimal discriminants.The numbersin the gure referto the
iterationnumber The nal partitionfoundis denotecoy  and
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Choosing . Findingthe optimalthreshold is a one-dimensiongbroblemalong
thediscriminanthyperplanel, for whichwe usea simplebrute-forcesearch.The
optimalvaluefor is thatwhich minimizesthetotal costfunctionJ (4.11). The
totalcostasafunctionof change®nlywhen crossesvectorv; projectedonto
I. Accordingly, we determine asfollows: sortthe projectionsontothe optimal
| of all thev;'s, nd thetotal costJ for eachvalueof thataremid-points(for
robustnessat run-time) betweensuccessie sortedprojections,and choosethe
thatgivesthe minimum.
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Chapter 6

Implementation

In this chaptemwe will discussseveralissueghatareimportantfor a practicaland
ef cient implementatiorof our approachlin x 6.1 we discusghe variousfeature
spaceshatwe usein ourwork. In x 6.2 we describeheneedfor decomposingn
objectview in termsof a setof parts.We presenbur approackHor selectinga set
of suchpartsthataregoodfor the discriminationtaskat hand.We notedin x 3.3
thateventhougha discretemodelto the optimaldistancemeasurawill in practice
belessaccuratehana continuousnodel,the discretedistancemodelcanstill be
usefulin practiceif it permitsthe possibility of ef ciently narroving down the
setof possibleneighborsto aninput measurementThis setcanthenfurther be
prunedby the moreaccuratecontinuousdistancemodel.In x 6.3 we discusshow
to composehediscriminatorghatareusedin formingthediscretedistanceanodel
in atree-like structurefor ef cient run-timeperformanceFinally x 6.4 describes
in detailtheoverallschemdor detectingobjectsof interestin aninputimage.The
schemerst detectscandidatepartsat variouslocationsin the inputimageusing
the nearesneighborclassi er, thenaccumulatesupportfor eachcandidatepart
from otherpartsthatare consistentvith the candidatepart,and nally performs
local non-maximalksuppression.

6.1 Feature Spaces

As discussedn x 3.2,in our work we approximatehe optimal distancemeasure
by alinearcombinatiorof elementargontinuousor discretizedlistancaneasures
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in simple featurespacedasedon color, shapeandtexture. In this section,we
describehedetailsof thetypesof featurespaceshatwe usein our experiments.
Thehistogramof variousimagefeaturetypesis awidely usedfeaturespacen
computervision (Schiele,1997;Swain andBallard,1991; WorthingtonandHan-
cock,2000;Schneidermar000;de Bonetetal., 1998;Comaniciuet al., 2000).
In our work, we considerthe histogramof continuousfeaturetypes. Eachsuch
featuretype canbe multi-dimensional.For example,color is typically expressed
in termsof threebands(red, greenandblue, or equivalently hue,saturationrand
value).Formally, ahistograms adiscretizatiorof aprobabilitydensityp(f jx) for
afeaturetypef in animagex. In thesimplestsuchdiscretizationgachdimension
of thefeaturetypef isdiscretizednto a x ednumberof bins. For example,in our
work we chooseo discretizethe color of a pixel into 8 levelsfor eachof thethree
color bands- red, greenandblue. The histogramis thenconstructedy nding
thefrequeny countof the pixelsin theinputimagewith afeaturevaluethatfalls
in eachbin. In our work, we usea 32 32 pixel window of support,centered
aroundthe point of interestin theinputimagefor constructinghe histogram.
Two obsenedhistogramsC; andC, of thesamefeaturetype canbecompared
usingvariousdistancemeasurestor example the ? distances de ned by:

(Cu(b  Cy(b)?

X
(CiC) = C.(B + C(b)

b2 bins

whereb runs over the setof binsin a histogramfor the particularfeaturetype
underconsideration.Anotherdistancemeasuras the simpleL ; distance.Both
the above distancemeasureganbe relatedto the KL distancemeasurebetween
two distributions. The 2 is a quadraticapproximatiorto the KL distancewhile
thel ; is anupperboundfor theKL distancgCover, 1991). Yetanotherdistance
measurdetweertwo obsenedhistogramss theintersectiondistancgSwain and

Ballard,1991):
\ X
(C;Cy) = minf Cy(b); C2(b)g

b2 bins
For a performanceeomparisorof someof thesedistancemeasuressee(Schiele,
1997).1n our work, we usethesimpleL ; distanceor run-timeef ciency.
Histogramsare popularin the computervision literaturesincethey aretyp-
ically efcient to createfrom an input imageaswell as beingrobust to a fair
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amountof geometrictransformationgSchiele,1997; Swain and Ballard, 1991,
Comaniciuet al., 2000). On the down side, histogramsasedon a singlefeature
typecannotbeexpectedo bediscriminatve enoughfor all objectsof interest.Re-
cently, multi-dimensionahistogramsave beenshavn to be highly discriminative
(Schiele,1997; RaoandBallard, 1995). However, they typically requirea large
supportwindow for reliable estimation(the “curse of dimensionality”(Schiele,
1997; Dudaet al., 2001; Bishop, 1995)) and are expensve to computeat run-
time.

In our work, for run-time ef ciency considerationsywe consideronly very
low-dimensional(1- or 2-dimensional)histograms. As notedabove, eachsuch
low-dimensionahistogramwill in generalbe insufcient for the discrimination
taskat hand. Our approachgetsaroundthis short-comingoy combiningthe dis-
criminative power of several suchlow-dimensionahistograms.More precisely
underthe nearesineighborframewvork, we assumea linear combinationmodel
for the optimal distancemeasurdn termsof a setof elementarydistancemea-
sures,eachof which is de ned on histogramsconstructedn a particularlow-
dimensionafeaturespace.

In our work, we alsoutilize the spatiallocation of the featureto furtherim-
prove thediscriminatve power of low-dimensionafeaturespacesTypically, the
spatiallocationof thefeaturein the supportwindow is ignoredwhenconstructing
ahistogram.We encodecrudespatialinformationby discretizingthe spatialloca-
tion. In otherwords,thehistogramhatwe useis adiscretizatiorof the probability
densityp(f ; Ijx) overthejoint spaceof boththe featuretypef andits locationl
(speci ed by the coordinate®f the pixelsin the supportwindow) with respecto
thecenterof the supportwindow aroundthe point of interestin aninputimagex.
Thisis similarin spirit to thework onshapecontext (Belongieetal., 2002).1n our
work, we choosea 2 2 discretizationof the spatiallocations,centeredaround
thepoint of interestin theinputimage.

We concludethis sectionby listing all of the speci c featuretypesthatwe use
in ourwork. Thefeaturetypesbelongto the following threecateyories:

Color Threesingledimensionalfeaturespacesare considerectcorrespondindo
thered,greenandblue bands.Eachbandis rst normalizedby theaverage
valuein the supportwindow. Eachbandis thendiscretizednto 8 bins.
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Texture A simplecharacterizatiof textureis in termsof the Gaussiarderiva-
tive Iter response$Schiele,1997; Viola, 1995; Greensparet al., 1994).
Speci cally, we rst corvolve theimagewith the Gaussiarderivative ker-
nelsgy; g, alongthetwo coordinateaxes. We usethe Dericheimplementa-
tion for the corvolution (Deriche,1992)with the width of the Gaussiarset
to = 20 pixels. EachGaussiardervative givesus a singledimensional
featurespace Additionally, we usethemagnitudeof thederivative g7 + g.
For characterizingexturesin anef cient aswell asrotation-irvariantman-
ner, see(Greensparetal., 1994).

Local Shape Lastly, we considehistogram®f local shapepropertiesFirst,con-
toursare detectedby usingthe Canry edgedetectorfollowed by contour
growing usinghysteresigCanry, 1986). Two typesof local shapeproper
tiesareconsideredThesimplestis the orientationof theedgegonthecon-
tours)that falls within the supportwindow. The orientationis discretized
into 6 directions,30 apart. We also estimatethe local curvatureat each
edgepoint that fall within the supportwindow. A simple estimatecanbe
obtainedateachedgepointthatis notattheboundaryof a contourfrom the
orientationsat the edgeandits two neighboran the contourcontainingthe
edge.This estimatds discretizednto 6 levels.

6.2 Decompositioninto Parts

An importantissuein constructingthe featurespacegescribedn the previous
sectionis the optimal sizeandshapéor the supportwindow. Ideally, the support
window shouldcover the whole of the object. Sinceat run-timethe objectof in-

terestis not known, we will thenneedto choosean optimal sizefor the support
window thatcanbe usedfor all objectsof interest.Sincedifferentobjectswill in

generahave differentshapesandthusdifferentoptimalsizesfor the supportwin-

dows, choosingonesizeto t all cannotbe expectedto performwell in practice.
Any onechoicefor the sizewill likely betoo small for someobjectsor too big

for otherobjectsfor which someof the backgroundwill be consideredlongwith

theobjectof interest.Also differentobjectswill have differentshapesndthusno

oneshapéfor the supportwindow will beoptimal.
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One approachto overcomingthe above shortcomingis to decomposesach
objectof interestinto a setof partssuchthateachparthasa supportwindow that
is entirely or mostly containedwithin the objectof interest. The supportwindow
for eachpartneednot be aslarge aswhenonly one supportwindow is usedfor
the whole object. Furthermorewith suchanapproachgvennon-cowvex objects
can be reasonablycoveredwith a setof parts,seeFigure 6.2 for an example.
Decomposingnobjectinto partsandusingboththe partmatchingscoresaswell
astheirspatialcon gurationfor objectdetectiorhasbeenquitewell-studiedn the
literature(Weberetal.,2000;Burl etal., 1998;Leungetal., 1995;Schneiderman,
2000;Viola, 1995).

Another importantreasonfor using a part decompositions to enableob-
ject detectionthatis robustto detectionfailure or partial occlusion. A detection
schemehatdoesnot dependon the detectionof all the parts,but insteadrequires
the detectionof only somefraction s of the partswill be robustif the detection
failureor partialocclusiononly affectsatmostl s fractionof the parts.We will
describesucha scheman moredetailin x 6.4.

In the restof the sectionwe discusssereralimportantissuesthatarisewhen
decomposingnobjecttrainingimageinto parts.

6.2.1 Part Classes

Insteadof performinga nearesheighborsearchoverwholeobjecttrainingviews,
we performa nearesineighborsearchover object part training views. We rst
de ne our notionof apart class Conceptuallya partclasscorrespondso image
measuremensf somesurfacepatchof anobjectof interesttakenunderdiffering
viewpointsandlighting conditions just asin the casefor whole objectclasses.

For our purposestraining imagesfor a part classare obtainedas follows.
Firstwe assume sampleview of the partclassis given,which we referto asthe
“center” view (seeFigure6.1). This view correspondso somesurfacepatchof
anobjectof interestandis selectedrom atrainingview of thewholeobject. The
next subsectiowill detailhow suchviews for eachpartclassareselected.

We sampleadditionaltraining views of this surfacepatchasfollows. We can
easily samplenew training views undersmall translationsyotationsor scalings
from the original wholeobjectview from whichthe centerview wasselected For
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translationswe extract4 new training views thatare 4 pixelsfrom the center
view alongeithercoordinateaxis. For rotationsandscalingswe rst createnew
imageviews by geometricallytransformingthe original objectimageview under
a setof rotationsandscalingswith linearinterpolationsof pixel valuesandthen
samplenew training imagesfor the part from the transformedocationsof the
centerview. We considerrotationsof 10 andscalevariationsof 0:9 and 1:1.
SeeFigure 6.1 for an exampleof a “center” training view of a part classalong
with correspondingdraining views obtainedunderthe transformationsliscussed
above.

Ideally, we would alsolik eto samplerainingimagesof apartunderviewpoint
changesn depth.In principle,we couldextractthemfrom additionalobjectviews
aroundthe objectview containingthe “center” view of the part. However, unlike
the casefor rotations,translationsand scalings,we cannoteasily determinethe
expectedlocation of the part view underviewpoint changes. One way around
this dif culty would to searchadditionalimagesfor partsthataremost“similar”
to the centerview of the part. This requiresa distancemeasureanda threshold.
Theoptimaldistancemeasuras of courseonethatignoreswithin partvariations.
However, we arethenfacedwith a chicken-and-gg problem. Furthermorepart
views maynot be detectablalueto self-occlusiormandmodelingerrors.

We getaroundthesedif culties by adoptingthe following simple approach.
We selecta setof parts(the selectioncriteriais discussedn the next section)and
modelvariationsin translation,rotation and scaleas discussedbove, indepen-
dentlyfor eachwhole objecttrainingview. For neighboringwvhole objecttraining
views, it is possiblethatthe sameunderlyingsurfacepatchis representedy dif-
ferentpartclasseselectedn eachof thewholeobjecttrainingviews. If we hada
reliablemeansof detectingsuchcorrespondingart classeswe would of course
wantto groupall the parttrainingviews in all thosepartclassesstrainingviews
for a single part class. Instead,we avoid this correspondencproblemwhich is
dif cult to performin practice,by letting eachunderlyingsurface patchto be
representedy a redundannumberof partclassespnefor eachtrainingview in
which the surfacepatchis visible. The down-sideto this simpleapproachs the
extra storagespaceaequiredfor theredundang andthe factthatviewpoint varia-
tionsin depthfor a surfacepatcharenot takeninto accountwhenestimatingthe
optimaldistancemeasurdor the nearesheighborrule.
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6.2.2 Part Selection

For run-timeconsiderationst is desirableéo decomposanobjectview into only
a few parts. Onecriterion for choosinga particularpart shouldbe its discrimi-
native power. Let S, bethetraining setfor somepartclassz. The training set
is choserasdescribedn the previous subsectionLet S, be arandomsampleof
training views of partsthatdo not belongto the sameobjectclassasz. Thena
naturalmeasurdor the discriminative power of a partview is thelog-likelihood
I(S;; S;) thataview from S, andS, belongto differentclasses:

1 X
1S:0iS;

1(S;;S,) logp(y; = 1jz;7) (6.1)

2i257,2)2S;

We modelthepairwisedistributionp(y; j z; z;) usingalinearcontinuousnodel
for its logit transform,i.e. we usethe continuoudinearmodelfor theoptimaldis-
tancemeasuréd (z; z;) (seex 3.2). A globalcontinuoudinearmodelof H(z;; z;)
is estimatedinderthe maximumlik elihoodframework (seex 4.1) from arandom
trainingsampleof partclassesgrom all whole objecttrainingviews.

Two part classeghat are very discriminatve but whoseunderlying surface
patchesoverlapon the objectwill be redundantor the discriminationtask. Thus
a secondcriterionthatwe usefor selectinggoodpartsis to choosepartsthatare
“non-overlapping”.In additionto thefactthatsuchpartswill have discriminative
powersthatarenotredundantsuchapartselectiorschemewill leadto adetection
schemethat is more robust to occlusion. In our work, we selectpartsat two
differentscales(see6.2), the original scaleof the training imagesand a lower
resolutionscalethatis 1=2 the original scale. The non-overlappingconditionis
imposedonly within eachscale hotacrossscales.Thisis becauséwo partsfrom
the samelocation but at differentscalescan have non-redundantiscriminatve
power.

We usea greedyschemdor selectinga setof partsfrom awhole objecttrain-
ing view thatsatis estheabove two criteriaattwo differentscalesFirst, for each
scale,the setof all possiblepartsthatarevalid candidatesre constructedrom
the objecttraining view, sub-sampleavery 4 pixels alongboth coordinateaxes.
A partis avalid candidatdor theselectiorschemef morethan80%of its support
coverstheobjectview ratherthanthe backgroundFor the purposeof determining
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thevalid candidateparts,thetrainingimagesare manuallysegmentednto object
andbackground.

Eachof thesecandidatepartsin both scalesare scoredby the log-likelihood
scorede ned in (6.1). At eachiteration,we selectthe part that hasthe highest
scoreacrossothscalesandwhich do not “overlap”with the partsselectedn the
previous iterations. We considertwo partsas “overlapping”eachotherif their
supportsntersectoy morethan50% In our work, we selectup to 10 suchnon-
overlappingparts. SeeFigure 6.2 for the nal setof partsselectedfor sample
trainingimages.

6.3 Efcient Compositionof Discriminators

As discussedh x 3.3.1,we have choserto discretizetheoptimaldistancaneasure
usinga linearcombinationof distancemeasuresissociatedavith the partitionsin
imagespaceanducedby simplediscriminators As mentionedn thatsection this
choicepermitsthe possibility of coarse but ef cient, nearesneighborsearchat
run-timethatyieldsa smalllist of candidateneighborghatcanbe furtherpruned
by the more accurate put computationallyexpensve, continuousmodelfor the
optimal distancemeasure Ef cient searchs possibleif we selectdiscriminators
suchthatthey canbeorganizednto anef cient tree-like structure.In this section,
we detailour approactor composingliscriminatordn suchastructure.

6.3.1 Alternating Trees

For composinghediscriminatorsgnto anef cient structurewe adapthework on
“alternatingtrees”(FreundandMason,1999)whichis ageneralizatiomf decision
treeg(seeFig. (6.3)). Thisis alsosimilarin spiritto “option trees”(Buntine,1993).
The salientfeaturethatdistinguishelternatingtreesfrom regular decisiontrees
is thata nodein analternatingtree canhave multiple decisionnodesaschildren.
Theterm“alternating”refersto alternatingevelsof two typesof nodes:

Partition Nodes: which indicatesthe subsetof the image spaceU X that
reacheshenodeafterpassinghroughthe sequencef discriminatomodes
from the root to the partition node. We canthink of the restof theimage
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spaceX U asthesubsebfimagespacehatthepartitionnode“abstains”
from.

In theoriginal presentationf alternatingreesin (FreundandMason,1999),
thesewerecalled“predictornodes” but we preferthemoreinstructveterm
of “partition nodes”for our task.

Discriminator Nodes: arechildrenof partitionnodesandthatcorrespondo dis-
criminatorsthatpartitionthe subsebf imagespaceassociateavith the par
entpartitionnode.

Theroot nodeof thewholealternatingtreeis a partitionnodeassociateavith
theentireimagespaceX . A partitionnodecanhave amultiple numberof discrim-
inatorsaschildren. In turn, a discriminatornodehaspartition nodesaschildren,
eachof which correspond$o oneof the subset®f theimagespacan thepartition
inducedby the parentdiscriminatomode.

Thepossibility of partitioningthe subsebf imagespaceassociatedavith each
partitionnodeby a possiblymultiple numberof discriminatorgyivesthe alternat-
ing treemore e xibility andredundang comparedwith standarddecisiontrees.
The standarddecisiontreeis recoveredif the alternatingtree is constrainedo
have at mostonediscriminatornodeasa child for eachpartition nodein thetree
andcollapsingeachpartition nodewith its solediscriminatorchild (if any). The
redundang in the alternatingtreeleadsto morerobustnesst run-timecompared
with decisiontreessincean input leadsto multiple pathsfrom the root to leaf
nodesunlike in decisiontreeswhereonly one pathis possible. An error at arny
point alongthe single pathof a standarddecisiontree leadsto the wrong result,
whereasan alternatingtree canrecover from a few errorsdueto its relianceon
multiple paths.

6.3.2 Treesandthe Linear DistanceModel

In x 3.3.1we discussea discretemodelfor theoptimaldistanceneasuren terms
of elementarydistancemeasuregorrespondingo simple discriminators(3.11).
On rst thought,it might not seenthatwe canincorporatehe simplediscrimina-
torscomposedn an alternatingtreeinto a linear modelsincethe discriminators
in atreehave dependenciesn eachother However, recallthatthe only manner
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in which adiscriminatorhy, entersinto thelinearmodel(3.11)is throughtheele-
mentarydistancemeasurgh, (x) = h,(x9] associateavith the partitionof image
spaceinducedby the discriminatorh,. The binary distancemeasurandicates
whethertwo imagex; x°belongto the samepartitioninducedoy hy (i.e. [h(x) =
h«(x9] = 1) or belongto differentpartitions(i.e. [n,(x) = h(x9] = +1).

In analternatingtree,a discriminatorh, only partitionsthe subsef images
U thatreachests parentpartition node. Clearly, the distancemeasurdhy(x) =
hc(x9] can be de ned as beforeif its domainis restrictedto pairs of images
(x;x9 2 U U. Ourapproachto incorporatingdiscriminatorsin an alternat-
ing treeis to extendthe domainfor the distancemeasurgh, (x) = h(x9] to all
of theimagespaceX X.

Accordinglyconsidethecasevheneitheror bothof x andx®belongto X U,
thatis the imagesbelongto the subsetof imagespacethat the discriminatorh
“abstains”from. First, let bothx;x°2 X  U. How should[h,(x) = h(x9]
bede ned ? As far asthe discriminatorhy is concernedpoth x andx° cannot
bediscriminatedoy hy, thuswe shouldlet [h(x) = h(x9] = 1. Ontheother
hand,if oneof theimagemeasurementiselongto U while the otherbelongsto
X U, thenthe pair canbe consideredo be discriminatedby hy, andthuswe
shouldlet [h(x) = h(x9] = +1. PutanothewayletU = fUy;::: ; U,g bethe
partitioninducedby h, onU, thenthe above extensionof [hy(x) = hy(x9] to all
imagespaceds the sameasde ning a distancemeasuren the extendedpartition
X = fX U;Uq;:::; Ugoverthewholemeasuremergpace.

6.3.3 Building the Tree

We end this sectionby describinghow an alternatingtree of discriminatorsis
built at trainingtime. Recallfrom x 4.1 thatwe wantto selectK discriminators
in a greedymannerfrom a given collectionof candidatediscriminatorsH under
the maximumlik elihood framework, or more speci cally we wantto selectthe
K discriminatorshy 2 Ck = 1;::: ;K thatminimizethecostJ (4.11). Each
candidatediscriminatorin H is constructedn somefeaturespaceby either of
the proceduregthe nearesiprototypediscriminatoror sher like discriminator)
outlinedin Chaptels usingatrainingsets.
Theabovegreedyselectiorschemédor choosingliscriminatorgemaindargely
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unchangedh the context of building analternatingree,but with importantdiffer-
encesAt ary iterationof thegreedyschemelet usassumehatwe have built some
alternatingtreethat containsthe discriminatorsselectedsofar in the previousit-
erations.At thecurrentiteration,we have a choiceof addinga new discriminator
to anypartitionnodein thealternatingree(recallthatin analternatingree,apar
tition nodecanhave multiple discriminatornodes).The candidatediscriminators
availablefor eachpartitionnodeP; is constructedisingthe proceduresn Chap-
ter5 in variousfeaturespacesasbeforebut trainedon only the subsebf training
examplesS; S reachinghe partitionnodeP;.

The greedyschemdor building the alternatingtreeis outlinedin Figure6.4.
Thealternatingreeis initialized to a partitionnodethatcorrespondso thewhole
imagespaceX . At thestartof iterationk, let T bethealternatingreeconstructed
sofarin thepreviousiterations.As beforeletS; S denotethe subsebf train-
ing examplesthat reachthe partitionnodeP; in T, andlet H(S;) denotethe set
of candidataliscriminatorsavailableto partitionnodeP; usingthe proceduresor
constructingliscriminatorgn Chapter5 andthetrainingsetS;. At iterationk, we
choosethe discriminatorh  that minimizesthe obj%cti/e functionJ (4.11)from
amongthe setof all candidatediscriminatorsh 2, H(S;) over all choicesof
training setsS; associatedvith eachpartitionnodeP; in thetree. This discrimi-
natorh is addedo thetreeasa child of the partitionnodeP; for whichh came
from the correspondingetof candidatediscriminatorsH (S;). Notethatsincea
partitionnodeP; canhave multiple children,eachpartition nodewill participate
in all iterationsunlike the casefor a standardiecisiontreewhereonly thecurrent
leaf nodesareconsidered At theendof a x ed numberof iterations,we output
the nal alternatingreewith discriminatorshy alongwith the optimalcombining
coefcients .

6.4 Tying it all Together

In this nal section,we will walk throughour schemefor detectingobjectsof
interestin aninputimage.Figures6.5-6.6 arethe accompawing illustrationsfor
thefollowing discussion.

An objectof interestmight be presentat ary locationin theinputimage. At-
tentionalmechanismsr interestoperatordave beenusedin theliterature(Grim-
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sonetal.,1994;Burt, 1988;AbbottandZheng,1995;Westliusetal., 1996;Grove
andFisher 1996;StoughandBrodley, 2001;CulhaneandTsotsos1992;ltti etal.,
1998; Balujaand Pomerleau1997; Tomasiand Shi, 1994; Ruzonand Tomasi,
1999;Mik olajczykandSchmid,2002)for focusingonthoselocationsin theinput
imagethatmightcorrespondo anobjectof interest.Thesdocationsarethenfur-
theranalyzedor the possiblepresencer absencef an objectof interest. Such
techniquedor narraving down the setof all locationsto a manageabl@umber
is necessargincetypically the objectdetectionproceduresare computationally
expensve.

However, the stateof the art for suchattentionalmechanismseavesmuchto
bedesiredandis beyondthescopeof thisthesiswhosemainfocusis ontheprinci-
pledformulationandthevariousissuesnvolvedin developinganef cient nearest
neighborframenork for objectdetection.Insteadfor simplicity we adopta more
“brute-force” approachwherewe sub-samplall possiblelocationsin the input
imageandclassifythe sub-imageat eachlocation. Sucha bruteforce approach
hasbeensuccessfuh certainrestricteddomaindik efacedetectionRowley etal.,
1998; Schneidermar2000;Viola andJones2001). Goodrun-timeperformance
with currentcomputepower usingsucha brute-forcestratey is possiblewhen-
ever the detectionprocesdor anobjectof interestat eachlocationis reasonably
cheap. In our case,the hierarchicalnearestieighborsearchschemepresented
in x 3.3 leadsto suchanef cient objectdetectionscheme.Neverthelessary re-
liable attentionalmechanisntancomplemensucha nave brute-forceapproach
andwill only improvetherun-timeperformance.

Accordingly, for ourexperimentgeportedn thenext chaptemwe choseto sub-
sampldocationsin theinputimagealongbothcoordinateaxisevery 4 pixels. We
couldin principle alsochooseto samplerotationsin theimageplanealongwith
someamountof scaleateachsampledoositionbut insteadve employ analternate
stratgy, whichis to expandthetrainingsetby addingrotatedandscaledversions
of eachtrainingimage. Thuswe trade-of training time for improved run-time
performance.

In the restof the section,we describeeachstepin detail for detectingthe
presencer absencef anobjectof interest.

Pre-processing The variousfeaturesmentionedn x 6.1 are extractedfrom the
inputimage.Histogramsat eachof the sampledocations(alongbothcoor
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dinateaxesaswell asat two scales)areconstructedor eachfeaturetype.
We have chosento usehistogramsof variousfeaturetypespreciselybe-
causehey canbeconstructedit eachlocationof theinputimageef ciently
by makingonepassfrom left to right andfrom top to bottomfor eachscale
thatis sampled.Sucha schemads applicablefor ary desiredquantitylike
simplemomentsof featurevalues(averagesyariancesywheneerthequan-
tity is a function of only the featurevaluesbut not its positionin a sup-
portwindow. See(Viola andJones2001)for similar applicationsof such
a scheme.For completenessye describethe schemefor ef ciently con-
structinghistogramsn moredetailbelow.

Considera locationx in the inputimageat which we assumehatthe his-

togramC(x) for somefeaturetype hasalreadybeenconstructed.The his-

togramC(x + dx) for the samefeaturetype at ary of the neighboringpo-

sitionsx + X along either of the coordinateaxes can be computedby

updatingthe histogramat x with only featurevaluesfrom the appropriate
leadingandtrailing stripsat the borderof the supportwindow for the his-

togram,asillustratedin Figure6.5. Thuswith appropriatanitializations,

all the histogramscanbe ef ciently constructedn a singlesweepfrom left

to right, andtop to bottom.

NN Part Detection. Oncethehistogram$ave beenconstructedobjectpartsare
detectedat eachlocation by the hierarchicalnearestieighborsearchde-
scribedin x 3.3. As describedhere,the hierarchicalschemerst utilizes
a discretedistancemodelbasedon discriminatorsorganizedin a treelike
structure(seex 6.3). This discretedistancemodelis not very accuratein
practicebut is ef cient to compute thusit is usedto searchfor a shortlist
of K4 possibleneighborghatis furtherre ned in thenext stage Obviously
the longerthe list, the morelikely the true nearesieighboris within the
list. SeeChapter7 onhow classi cationperformancalepend®nK 4.

The next stagefurther prunesthis list of K 4 neighborsusingthe moreac-
curatebut expensve to computecontinuousdistancemodel. Onceagain,
we do not nd justthe nearesnheighborbut insteadreporta shorterlist of
K. < K4 nearestneighborsfor the next stepwhich accumulatescores
for whole objecthypothesidormedfrom eachof theK . parts. Figure6.6,
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stepl shavsthe rst 5 nearesheighbordoundby thehierarchicadistance
measureat afew sampldocationsin aninputimage.

Object Detection. Eachpartdetectedat eachlocationis usedto form a hypothe-
sisfor anobjecttrainingview thatis closesto the view of the objectin the
inputimage.A scoreis accumulatedor the hypothesisrom the scoresor
all the partsfrom the sameobjecttraining view asdescribedater. A part
detectionat a given location generates hypothesigor an objecttraining
view asfollows. Recallfrom x 6.2 thateachpartclassis formedfrom some
training view of anobjectof interest. Thusit is naturalto hypothesizehe
presencef the sameobjectviewed underconditionssimilar to that of the
training view from which the part classwasformed. If the hypothesids
true, thenthe otherpartsfrom the sametrainingview canalsobe expected
to befoundin theinputimagewhoselocationscanbe predictedfrom their
locationsin the training imageand the scaleandlocation of the detected
partthatgeneratedhe hypothesisseeFigure6.6, steps2 and3.

Thesepredictedocationsaresearchedor the otherpartsfrom thetraining
view. For robustnessagainssomeviewpointchangesaswell assomemod-
elingerrorin assumingigid objectclassesthepredictedpartsaresearched
in a smallwindow aroundthe correspondingredictediocations. The dis-
tancescoredrom thenearesneighborsearclof the predictedoartsthatare
found at the expectedlocationsare accumulatedo form the scorefor the
hypothesis.Crucially, for robustnessagainstocclusionand/orfalsenega-
tiveswhile nding the predictedparts,we only accumulatehe scoresof a
pre-determinediumberof thetopmostpartsranked by their scoresjnclud-
ing the scoreof the partsthatgeneratedhe hypothesisin our experiments
we have atotal of up to 10 partsfor eachtraining view of anobjectclass,
andwe choosdo scoreeachhypothesisvith the5 topmostpartsdetectedn
theinputimage. Thusour schemas robustto occlusionor falsenegatives
thataffectupto 5 parts.

Thresholding Thescoredor all the hypothesesarethresholdedseethe experi-
mentsin the Chapter7 for thedependencef theclassi cationperformance
on varying thresholds).Finally, non-maximalsuppressiotis performedto
removeary hypothesethathave lowerscoreghanary otherhypothesighat
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is spatiallyoverlapping.The spatialextent of an objectclasshypothesisn
the input imageis estimatedrrom the extent of the objectin the training
view correspondingo the hypothesisandthe locationandscaleof the hy-
pothesisin the inputimage. The nal outputcontainsoneor more object
classdetectionswith correspondingcores.
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Figure6.1: Exampleof a partclassformedfrom atrainingimage. A “center” view of

the partclassis selectedrom thetrainingimageasdetailedin 6.2.1. Additional training

views of the part classare sampledfrom the training imageby translating,scalingand
in-planerotationof the part. Viewpoint changeslueto rotationin deptharenot modeled
in a partclass.Instead the sameunderlyingsurfacepatchis redundantlyrepresentety

multiple partclassesn differenttrainingimages.Seethetext for details.
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Figure6.2: Optimalselectegartsfor sampletrainingimages.In our work, partscanbe
selectedat two differentscales.The left columnshaws partsselectedrom the original
scale,while the right column shavs parts selectedfrom 1=2 the original scale,back-

projectedo theoriginal scalefor easeof illustration.
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Figure6.3: AlternatingTrees.Thetreealternateetweerpartitionnodegellipses)and
discriminatornodes(boxes). Eachpartition nodeis associatedvith a subsetU of the
imagespacgmarkedby ) thatreacheghe nodethroughthe sequencef discriminator
nodesfrom the root to the node. Eachpartition node can have multiple discriminator
nodesaschildren,eachof which partitionsthe subsetU of imagespaceassociatedvith

its parentpartitionnode.
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Initialize:
l. Initialize thealternatingtree T with aroot partitionnode.

II. Let H(S;) denotethe setof candidatediscriminatorsconstructedrom the
trainingsetS; S thatreaches partitionnodeP; from theroot.

dofor K iterations

S
|. Find the discriminatorh 2, H(S;) that minimizesthe cost function
J (4.11).

[I. Add h tothealternatingtreeT asa child of the partition nodefor which
h 2 H(S).

Figure6.4: Pseudo-codéor building thealternatingtree.
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Figure6.5: Constructinghistogramsef ciently . Assumethatthe histogramC(x)
for somefeaturetype hasalreadybeenconstructedat locationx. The histogram
for C(x + dx) ataneighboringocationx + dx canbeefciently computedrom
C(x) andthehistogramsn theleadingstrip Siading@ndtrailing strip Syaiing.
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Figure 6.6: lllustration of our detectionschemeon an actualtestinput (seex 7.1).
Step(1): After pre-processinghe imageto extract histogramsof variousfeaturesthe
nearesneighborpartsfrom the training setaredeterminedat eachsampledocationus-
ing the hierarchicaldistancemeasurgx 3.3). Shavn herearethe top 5 partsfor a few
locations. Step(2): Eachpartforms an objecttraining view hypothesis.Step(3): The
locationsof the otherpartsin thetrainingview for eachhypothesiss determinedandthe
correspondingpartsare searchedn the inputimage. The hypothesiss scoredby accu-
mulatingthe NN scoresof thesepartsalongwith NN scorefor the part that generated
the hypothesis.Shavn hereare2 objectview hypothesesormedfrom partsdetectecht
two locations.In the actualsystemeachpartdetectedat eachlocationforms a hypothe-
sis, eachof whichis scored.Finally, objectdetectionsarereportedafterthresholdinghe
scoredor the hypothesesndperformingnon-maximakuppression.

97



Chapter 7

Experiments

Most of this chaptemwill be devotedto the investigationof the classi cationper
formanceof ourdetectionrschemédor acollectionof everydayobjectsin anindoor
ervironment. In addition,we will alsopresentesultson adif cult facerecogni-
tion task.

Section7.1 introducesthe indoor detectiontaskwherewe have a collection
of 15 objectsof interest. Recallfrom x 6.4 that we usea hierarchicalnearest
neighborsearchfor detectingpartsat eachsampledocationin aninput image,
in whichwe rst usea tree-baseaf cient but coarsediscretedistancemodelto
determinea shortlist of candidateneighborsthatis further prunedby the more
accuratebut expensve to computecontinuousdistancemodel. Before present-
ing resultson this hierarchicalschemewe rst reportperformancevhenwe use
only the continuoudistancemodeldiscussedh x 3.3. Sinceusingthecontinuous
modelaloneis moreaccuraten practicethis performancevill beusedasabench-
markto gaugethe performancef thefull hierarchicalscheme This sectionalso
presentghe relative discriminatve powers of the variousfeaturespacegcolor,
textureandlocal shapepndshovs how thediscriminatveinformationfrom these
featurespacesvhenusedtogethercomplemeneachotherto a substantiatlegree
comparedwith just usingeachfeaturespacein isolation. In x 7.3, we reportthe
signi cant increasan run-timeperformancehatis gainedwhenusingthe hierar
chicalschemewhile sacri cing little in detectionperformanceWe concludethe
chapterwith resultson a dif cult facedetectiontaskwith varyingfacial expres-
sions. This detectiontaskwill illustratethe useof linear discriminatorsthatare
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generatedisingtheunsupervisedrisherlik e criterionthatwaspresentedn x 5.2.
We will alsoreportthe performancevhena continuousdistancaneasurdearned
on onesetof trainingimagesis usedfor detectingfacesthatarenot represented
in thetrainingset. Such“transfer” of distancemeasuress usefulin practicewhen
the set of facesthat needsto be detectedat run-time neednot all be known at
trainingtime.

7.1 The Indoor DetectionTask

7.1.1 Training Set

Figure7.1 shavs a collectionof 15 objectsthatwe areinterestedn detectingin
imagegakenunderanindoorof ce setting.Trainingimagesor eachobjectwere
takenat two elevationsthatwere10 apartandwhich werecloseto the heightof
a personat a distanceof approximately7 ft from the object. At eachelevation,
trainingimagesweretakenoveral80 sweephorizontallyaroundtheobjectatin-
tenvalsof 20 . Only half the horizontalsweepwastaken sincemostof the objects
aresymmetricabouttheverticalaxis. Objectsweremanuallysegmentedrom the
backgroundn eachtrainingimage. Figure 7.2 shavs someof the training im-
agesfor oneof the objects.As describedn x 6.2.1,up to 10 discriminatve parts
are selectedn eachtraining image. Additional training views for the selected
partsaresampledsyntheticallyfrom theraw trainingimageatdifferentscalesand
rotations(seex 6.2.1). Furthermorethetrainingimagesweretakenunderillumi-
nationconditionsthatwerenaturalandkeptconstanfor anindoorsetting.Rather
than collecting more training imagesundervarying illumination conditions,we
choseto usethe normalizationproceduresiescribedn x 6.1 thatwerefound to
be sufcient in compensatindor the moderateamountof illumination variation
encounteredh typical indoorsettings.

7.1.2 TestingSet

We wantedto collecta large setof testingimageswith a large numberof back-
groundsaswell aswith a large numberof viewpoint changedor the objectsof
interest. Collecting testingdatasatisfyingboth criteria at the sametime would
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Figure7.1: The 15 objectsof interestfor theindoordetectiontask.
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Figure7.2: Sampletrainingviews for oneof the objects.
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be prohibitively expensve. Instead we collectedtwo setsof testingimages:one
setvariedthe viewpoint thatthe objectof interestwastakenundermorethanthe
backgroundwhile the othersetvariedthebackgroundnorethantheviewpoint of
theobjectsof interest.

The rst setwastakenusingatripod andcontaindmagesof objectsof interest
takenwith 3 differentbackgroundskor eachof the3 backgrounddmagesof each
objectof interestweretakenundervaryingviewpointsataroundhesamedistance
from the cameraaswasthe casewhenthe trainingimagesweretaken. This set
containedatotal of 315imageswith 21imagesfor eachobjectof interest.

The secondestsetwastaken with a hand-heldcameraand containsimages
with 15 differentbackgroundspnefor eachobjectof interest. This setcontains
a total of 60 imageswith 4 imagesfor eachobjectof interest. Thuswe have a
combinedtotal over both setsof 375testimageswith 25 imagesfor eachobject
of interest.

Figure7.3: Sampletestimagesfor theindoordetectiontask.
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See7.3for asampleof thetestimages.As seenfrom the sample thetestset
includesvariationsin scale elevationandviewpointfor the objectsof interest.

7.2 Continuous DistanceModel Performance

Recallfrom x 6.4 thatour schemerst nds asmall setof K. candidateobject
parts at eachsampledlocation in the input image through a nearesteighbor
searchover the training setusing somedistancemeasure.Eachof thesecandi-
datepartsat a givenlocationgeneratea hypothesigor anobjectat thatlocation,
for which scoresareaccumulatedrom all the partsbelongingto thatobjectfound
atthecorrespondingpcationsin theinputimagepredictedoy thehypothesisThe
scoredor eachhypothesisarethenthresholdedndthe surviving hypothesesire
reportedafter performinglocal non-maximakuppressiorseex 6.4 for details.

In this section,we investigatehe performancdor our schemewvhenonly the
continuouslinear model (x 3.3) for the optimal distancemeasurds usedin the
nearesheighborsearchor partsat eachlocation. As discussedn x 3.3, we nd
that the continuousmodelis more accuratehanthe discretemodelin practice,
albeitat moreexpensego computeat run-timecomparedvith the discretemodel.
For goodrun-timeperformanceswell asgooddetectionperformanceywe com-
binethe two modelsin a hierarchicalschemeasdetailedin x 3.3. Sincethe con-
tinuousmodelis moreaccuraten practice we will usethe performanceeported
in this sectionasabenchmarlagainstwhichthedetectiorperformancédor thefull
hierarchicalschemewill bejudgedin the next section.We will alsoempirically
evaluatetherelative discriminationpowersof thevariousfeaturetypes(color, tex-
ture andlocal shape)andshaw thatin practicethey complementachotherto a
substantiatiegreefor the detectiontaskat hand.

7.2.1 The Continuous Model Benchmark

The performanceof our detectionschemeoutlined above and detailedin x 6.4
depend®ntwo parametersfa) K . thenumberof nearesheighborpartsreported
ateachlocationand(b) thethreshold thatis usedafteraccumulatingscoresfor
eachhypothesigieneratedby the detectedparts.A givensettingfor theseparam-
eters(K¢; ) will giveriseto someperformancdor eachobjectof interestwhich
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canbeempiricallycharacterizetby the correctdetectiorratefor thatobjectalong

with the falsepositive rateover the setof 25 testimagesfor the objectdescribed
in X 7.1.2. An objectis consideredo be detectedn a testimageif our scheme
reportsa detectionof an objectwith the correctobjectlabel andfalls within a

32 32pixel neighborhoodf the actuallocationof the objectin the testimage

that was manuallylabeledbeforehand.Plotting the detectionvs. falsepositve

ratewhile varyingthetwo parametergivesusarecever operatingcharacteristic
(ROC) plot (Egan,1975;GreenandSwets,1966).

Eachobjectwill give usa correspondindrOC plot. Obviously, differentob-
jectswill in generalhave differentROC plots assomeobjectswill be harderto
detectthanothers. We summarizethe performanceof our detectionschemeby
plotting the averageROC curve over all objectsin Figure7.4 aswell asplotting
theindividual ROC plotsfor eachobjectin Figure7.5.

An objectiveunitfor thefalsepositiverateis thetotalnumberof falsepositives
overall testimagedividedby thetotalnumberof locationstestedoy thedetection
schemeverall testimages.We plot this unit alongthetop maigin in all the ROC
plotsreportechere.However, this unit canmake the ROC plot seentoo optimistic
(notethe scalefactorof 10 2 for the unit in the plots). In contrastwe alsouse
theaveragenumberof falsepositvespertestimage.This unitis plottedalongthe
bottommamgin in the ROC plots andis more subjectve sinceit dependson the
sizeof the eld of view thatthe inputimagecovers,unlike the casefor the unit
describedabore. Neverthelessye feel thatthe secondunit givesa moreintuitive
handleon thedetectionperformancef our scheme.

In Figure7.4,theROC plotis representetly asetof ROC curves,onefor each
settingfor K, the numberof candidatepartsreturnedby the nearesmneighbor
searchusingthe continuousdistancemodel. Eachcurve is generatedy varying
thethreshold . As arepresentatie point, we geta detectionrate of 82%for a
falsepositive rateof 0:5 pertestimagecorrespondingo K . = 3.

Surprisingly the detectionperformancealoesnot vary muchwith the number
of neighborK . Thisinsensitvity canbe explainedasfollows. A givenwhole
objecttraining view is decomposednto a certainnumberof parts(up to 10 in
our experiments)as discussedn x 6.2. Considera testimagewhich contains
the objectat somelocationunderviewing conditionscloseto thatin the training
image. The location of the objectwill determinethe locationswherethe parts
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Figure 7.4: AverageROC plot for the indoor detectiontask using only the continuous
distanceanodel. Thex-axisis labeledusingtwo units,themoreobjectve unit shavn along
thetop mamgin is thefalsepositive rateperlocationtestedwhile the moresubjectve unit
shavn alongthe bottomis the false positive rate per testimage, where both units are
averagedover all testimages. The ROC is representedby a setof ROC curves,onefor
eachsettingfor thenumberof candidategartskK . thatis returnedby the nearesheighbor
searchusingthe continuousdistancemodel. The detectionperformancds surprisingly
guite insensitve to K. Seetext for discussion.The secondplot abore detailsthe top
left handcornerof the rst plot. The ROC curve correspondindo K. = 3is usedasa

referencdor comparisorpurposesn subsequemntlots.
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Figure 7.5: The individual ROC plots for eachobject. For clarity, the setof plotsis
brokeninto 3 graphswith 5 objectseach.The numberingor the objectsis the sameasin
Figure7.1.
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correspondingo thetrainingview will be expected.Any of theselocationsin the
testimagecantriggera hypothesidor the givenobjectunderconsiderationf the
correspondingartis reportedamongthetop K . neighborsatthoselocations.Put
anothemway, for the hypothesigo betriggered,only oneof thesepartsneedto be
reportedn thetop K ; neighborsatthecorrespondingxpectedocationin thetest
image. Thusthe hypothesiswill likely be triggeredwith high probability since
the probabilitythatall the partsfail to bereportedn thetop K ; neighborswill be
low.

To malke this intuition moreprecise assumehefollowing very simplemodel:
let the probabilitythata partfails to bereportedn thetop K . neighborsdep(K )
which we assumes the samefor all the parts. Obviously, this probability will
be somemonotonicallyincreasingfunction of K . sincethe setof partsreported
for ary valuefor K. = k is a subsebf the setof partsfor all valuesof K. > k.
Furthermore]et the probability of failure for the differentpartsbe independent
of eachother This assumptions not unrealisticif we assumehatthe partsare
non-overlapping. Underthis assumptionthe probability that the hypothesidor
the objectunderconsideratiorwill not betriggeredexponentiallydecreasewith
thenumberof parts. Thusfor alarge enoughnumberof parts,the hypothesiswill
likely betriggeredby atleastonepart. Notethatthe subsequenteri cation step
wherescoresareaccumulatedor the hypothesisloesnotdependnK ..

In Figure 7.6 we comparethe detectionperformancewhen using the opti-
mal estimatefor the continuougdistancemodelwith the performancevhenusing
a “naive” distancemodel where eachof the elementarydistancemeasuresre
equallyweighted.As arepresentatie point, we geta detectionrate of 76%for a
falsepositiverateof 0:5 pertestimagecorrespondingo K . = 3 for thenaive dis-
tancemeasureomparedvith a detectiorrateof 82%for the optimalestimateor
the continuousdistancemodel. Note thatthe comparisoris not an evaluationof
the distancemeasuredn isolation,ratherit is an evaluationof the distancemea-
suresin the context of the whole detectionscheme.Otherfactorslik e the parts
selectecandpartintegrationalsoin uence performanceWe reportthein uence
of someof thesefactorson detectionperformancéateron.

Figure 7.7 shavs someexamplesof correctdetectionat the representatie
point mentionedabove, whereasFigure 7.8 shovs examplesof false negatives.
Both setsof examplesalsoshav somefalsepositives.
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Figure 7.7: Examplesof correctdetectionscorrespondingo a thresholdthat gives an
averagefalsepositive rate of 0:5 pertestimage. Correctdetectionsareshavn asempty
white boxeswhile falsepositvesareshavn ascrossedoxes.

Finally, Figure 7.9 showns anecdotakesultson a few testimageswith more
thanoneobjectof interest.

In the remainderof the chapterwe will usethe ROC curve correspondindo
K. = 3asareferencdor comparisonn subsequergections.

7.2.2 The Relative Discriminati ve Powers of the Features

The previous subsectiorutilized all of the featuretypes(color, texture andlo-
cal shape)in the continuousdistancemodel. Here we systematicallycompare
therelative discriminative powersof the variousfeaturetypesby determiningthe
empiricaldetectionperformancavhenonly oneor two featuretypesareused.
Figure7.10shaws therelative performancef the variousfeaturetypeswhen
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usedin isolation. Note that eachfeaturetype is comprisedof more thanone
featurespacg3 for color, 3 for textureand2 for local shapeseex 6.1). All of the
featurespacesomprisinga givenfeaturetype areusedwhenthatfeaturetypeis
testedn isolation.

For referencewe alsoshav the performancevhenall threefeaturetypesare
used(calledthe“reference”’ROC curve correspondindo K. = 3in Figure7.4).
As canbeseenpothcolorandtexturearequitediscriminative ontheirown, while
local shapes theleastdiscriminatve. This neednotmeanthatlocal shapds nota
usefulfeaturetypein generakinceourimplementatiorfor extractinglocal shape
properties(local orientationand cunature)is quite simple and not very robust
(seex 6.1 for detailsof theimplementation)More robustimplementationsnd/or
moreglobalshapepropertiesshouldresultin betterdetectionperformance.

As arepresentatie point, correspondingo afalsepositive rateof 0:5 pertest
image, color gives a detectionrate of 5:7%, texture givesa rate of 12:1% and
shapegivesarateof 4:08% Thesedetectiorratesarehoweverfar lowerthanthe
82% detectionrate obtainedwhenusingall the featuretypestogether Thuswe
seethatthe variousfeaturetypescomplementachotherto a substantiablegree
whenusedtogether especiallyat operatingpoints with low falsepositive rates,
whichis preciselytheregion thatis usefulin practice.

Figure7.11shownstherelative performancevhenwe chooseall combinations
of only two featuretypestogether Onceagain,asshouldbe evident by study-
ing the ROC plot wherethe correspondindeaturetype hasbeendropped,both
colorandtexture have gooddiscriminative powers,while local shapehastheleast
discriminatve power.

7.2.3 Importance of HypothesisVeri cation

Oneinterestingquestions how importantis theaccumulatiorof scoredrom mul-
tiple partsfor detectinganobjectof interestwhichwe will call “part integration”
in the following, comparedvith just usingthe partsdirectly for detectingthe ob-
ject. We caneffectively testthis empiricallyby comparinghe performancevhen
partintegrationis enabledss whenit is disabled.By disabledwe meanthateach
hypothesiggenerateds scoredby only usingthe scoreof the partthatgenerated
the hypothesisand not the scoresof the otherpartspredictedby the hypothesis.
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Figure 7.12 shows the result of suchan experiment. As can be seen,partsby
themselesare quite capableof predictingthe presencef an objectin aninput
image. Neverthelesspartintegration provides quite a boostto the resultingde-
tectionperformance As a representatie point, without partintegrationwe geta
detectionrate of only 60% correspondingo a falsepositive rate of 0:5 pertest
image,comparedvith an82%detectiorratefor the samefalsepositive ratewhen
partintegrationis enabled.

7.3 Hierar chical DistanceMeasure Performance

In this section,we reportthe detectionperformancdor the full hierarchicaldis-
tancemeasureschemeRecallfrom x 3.3 thatin the hierarchicalschemeywe rst
useanefcient but coarsdree-basedliscretedistancemeasurdor the searching
for the nearesheighborpartsat eachsampledocation of the inputimage. We
searclfor theK 4 nearesheighbordhatarethenfurtherprunedby thecontinuous
distancemeasurehat is accuratebut expensve to compute,to yield K, < Ky
nearesteighbors. The resultingK ; partsare further processedy generating
objecthypothesisdrom theseparts, followed by accumulatingand thresholding
scoredor eachhypothesisasdetailedin x 6.4.

The detectionperformancavhenusingthe hierarchicaldistancemeasurale-
pendsontwo parameterassociateavith thediscretedistanceneasurein addition
totheparameter& . (numberof nearesheighborgeportedby thecontinuouslis-
tance)andthethreshold discussedn the previoussection.Thetwo parameters
for the discretedistancemeasureare: (a) K 4, the numberof nearesineighbors
reportedby thediscretedistancemeasureand(b) jTj, thesizeof thetreeT imple-
mentingthe discretedistancaneasurgseex 6.3).

Before exploring the detectionperformanceor the hierarchicalschemewe

rst reporttheperformancaevhenusingonly thediscretedistancanodelandcom-
pareit with the performancevhenusingonly the continuousistancemodelthat
wasstudiedin x 7.2. Figure7.13shavs thedetectionperformancdor thediscrete
distancemodelwith K4 = 3 andjTj = 80. This performancas comparedvith
thethereferenceROC curve from x 7.2.1for the continuoudistancemodelwith
K. = 3. As canbeseenthediscretedistancemodelperformspoorly whenused
in isolation. This is our main motivationfor combiningthe discretemodelwith

111



the continuousmodelto yield a hierarchicalschemehatis both ef cient aswell
asaccurate.

We will now explorethe detectiorperformancdor the hierarchicaschemeas
wevarybothK 4 andjTj. In practice we will choosehesettingsfor theseparam-
etershatwill satisfytheoperatingequiremen{characterizey thefalsepositive
anddetectionrate)thatis desiredfor the taskat hand. Figure 7.14(a)shows the
ROC plot whenwe vary K 4 while xing jTj = 80, whereag-igure7.14(b)shawvs
theROC plotwhenwevary|Tj while xing K4 = 3K, = 9.

Table7.15shavsthetime performanceorrespondingo Figure7.14(b)asjT]
varies.For eachvalueof | Tj, we quantifythetime performancdy takingtheratio
of the averagetime taken by the hierarchicalschemeover all testimagesandthe
time taken whenusingjust the continuousdistancemeasure We alsoreportthe
absolutdimetakenperimageonal:5 GHz CPUx86 machine.Theabsolutdime
taken whenusing just the continuousdistancemeasurevas around13 minutes
and 10 seconds.The ratio shouldbe consideredas the more usefulmeasureof
time performancesinceto a rst orderapproximationjt doesnot dependon the
absolutespeedf themachine.

As canbe seenwe getanorderof magnitudespeed-upvhenusingthe hier-
archicalschemewhile sacri cing only a little bit in detectionperformance.As
arepresentatie point, for K4 = 9;jTj = 80, we geta speed-upby a factor of
about20 correspondindo a detectionperformancecharacterizedby a detection
rate of 77% andfalsepositive rate of 0:5 pertestimage. On the otherhand,the
representatie pointmentionedn x 7.2.1whenusingonly thecontinuouglistance
measuras characterizedy a detectionrateof 82%andfalsepositive rateof 0:5
pertestimage.

7.4 EXxperimentson Faces

In this lastsection,we reportresultson a challengingfacerecognitiontask. The
domainof facerecognitiongivesus an opportunityfor illustrating the useof the
techniqueoutlinedin x 5.2 for generatingcandidatediscriminatorsusedto form
thediscretedistancaneasurebasedn a Fisherlik e criterion.

We chosea subsetof frontal faceimagesfrom the FERET (Phillips et al.,
1997)databaséhathadvaryingexpressiongndsomaeilluminationchangesSpecif-
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ically, we choseasubsetorrespondingo 200individuals,for eachof whichthere
were 3 imageswith varyingexpressiorandillumination, labeledas'fa’, 'fb' and
fc' in (Phillipsetal., 1997).Figure7.16shaovs a sampleof the selectedmages.

The selectedmageswerepre-processedsfollows. Eachof theimageswere
alignedusinga similarity transform(rotation,translationandscale)suchthatthe
locationsof the eyes,whosepositionsin the original imagewereprovidedin the
FERET databasefell on pre-speci edpixel locationsin the transformedmage.
Next, theimageswerecroppedwith acommonmaskto excludebackgroundand
hair. The non-maskd pixels were then histogramequalizedand the resulting
pixels werefurther processedo have zeromeanandunit variance.Figure7.17
shavs animagebeforeandafterpre-processing.

Two of the threeimagesfor eachindividual werechoserastrainingimages,
while theremainingmagewasusedasatestimage.Beforewe constructhehier
archicaldistancemeasurewe rst developandbenchmarka continuousdistance
measurehat we canuseto gaugethe performanceof the hierarchicaldistance
measurejustaswe did for theindoordiscriminationtaskin the previoussection.

7.4.1 ContinuousDistanceModel

Thereareseveralpossiblecontinuougdistancaneasurethatwe candevelop. Our
choicewill bedictatedoy simplicity of theresultingimplementationThesimplest
is to just usethe euclideardistancemeasuran the linear featurespaceof all the
non-maskdpixels. A morerobustversionwill beto rst projectthis spaceonto
the principal componentsising PCA thusignoring the dimensionsn the feature
spacdhatarelikely to correspondo noise(Turk andPentland1991;Nayaretal.,
1996).

The above PCA approachgivesus only one distancemeasuredor the whole
linear featurespace.All directionsin the PCA subspacehosenaregivenequal
weightin the euclideandistancemeasurdor that subspaceWe canhopeto get
morediscriminatve distancemeasures we combinemore elementarydistance
measuresall of which are de ned in the samefeaturespace. The elementary
distancemeasuresve chooseto usearedistancedetweerprojectionsof images
alongdifferentdirectionsin the featurespace.We thenlearna distancemeasure
thatlinearly combinessuchelementarydistancemeasuresTheresultingweights
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will indicatetherelative discriminatve powersof eachdirectionof projection.

What are gooddirectionsto project? Sincewe areinterestedn discriminat-
ing amongfaces,we canthink of nding directionswithin the subspacef the
linear featurespacein which facesvary. This subspacecan be expectedto be
mostimportantfor discriminationpurposesSuchasubspaceanbeconveniently
obtainedoy nding thePCAof all thedifferencedbetweerfaceimages.Suchaso-
calledimage differencespacehasbeenusedpreviously in theliterature(Moghad-
damandPentland,1998; Phillips, 1999). Note that this PCA decompositioris
differentfrom the PCA decompositiordescribedabove which wasfor the origi-
nalimagespace.

LetthePCAdecompositiomf theimagedifferencespacdeanN -dimensional
subspaceWe useeachof theN principalcomponentsf thethe PCA decomposi-
tion of imagedifferencespaceasdirectionsalongwhich we createtheelementary
distancaneasurethatwe canusein ourlinearmodelfor adiscriminatvedistance
measure We thenusethe maximumlik elihoodgreedyschemedevelopedin 4.1
to selectthe K < N mostdiscriminative elementarydistancemeasuregor our
linearmodel.

Figure7.18compareshe performancef our continuousdistancanodelwith
the baselinePCA algorithm describedearlier as we vary the numberof com-
ponentsK for eachalgorithm. In the caseof the baselinePCA algorithm, K
correspondso the numberof the mostsigni cant principal componentEhosen,
whereador the continuougdistancemeasureK is thenumberof elementandis-
tancemeasureshatwe choosdrom amongtheN = 200availabledistanceanea-
suresusingthe greedyselectionscheme As canbe seenthe continuoudlistance
model performsvery well in comparisorwith standard®CA while usingonly a
few components.

7.4.2 Hierarchical DistanceModel

Next, a hierarchicadistancaneasurevaslearnedor thefacediscriminationtask.

The discretecomponentfor the hierarchicaldistancemeasurewas constructed
from discriminatordearnedusingthe approachdetailedin x 5.2 for constructing
discriminatordn thelinearfeaturespace Herethe linearfeaturespaces formed

by thesetof all non-maskd pixels.
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Recallthatin this approachwe rst generateeandidatdinear discriminators
that satisfythe threecriteriagivenin x 5.2. Note thatin the rst iteration,since
thereis only asinglefeaturespacepnly asinglediscriminatoris generatedavhich
formstheroot of the alternatingtree (seex 6.3). However, in all subsequenter-
ationsmorethanone candidatadiscriminatorsare generatedpne eachfor every
partition nodein the tree, even thoughall of them are constructedn the same
linearfeaturespace.

We learnedan alternatingtree with 40 discriminatornodes.For the continu-
ouscomponenbf the hierarchicadistancemeasurave usedthedistancemeasure
developedin the previous sectionwith K = 30 components.The resultinghi-
erarchicaldistancemeasuregave a recognitionrate of 93% comparedvith arate
of 94%whenusingjust the continuousdistancemeasure On the otherhand,we
getarounda factorof 9 speed-upvhenusingthe hierarchicaldistancemeasure
comparedvith usingjust the continuoudistancemeasure.
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Figure7.8: Examplesf falsenegativescorrespondingo athresholdthatgivesanaver-
agefalsepositive rateof 0:5 pertestimage.Falsepositivesareshavn ascrossedoxes.
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Figure7.9: Anecdotalresultswith morethanoneobjectof interestpertestimage.Cor-
rectdetectionsareshavn asemptywhite boxeswhile falsepositvesareshavn ascrossed
boxes.
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Figure7.10: Detectionperformancevhenthefeaturespacesreusedin isolation.
For comparisonye alsoshav thereferencecurve from sectionx 7.2.1with K ; =
3thatutilizesall of thefeaturespaces.

118



False Positives per Location Analyze’dIO'3 )
108.0 0‘.1 0‘.3 O‘.4 O‘.5 O‘.7 0‘.8 0‘.9 11 12 13 15 16

90

80

7o) <
60F .

50f 2

Detection Rate

40f

30F ¢

20
— reference

g
I
108 no color

.‘ '=1s NO texture
| \\\\\ nq Shap‘e

0 1 1 1 1 1 1 1 1 1 T
0 2 4 6 8 10 12 14 16 18 20 22 24

False Positives per Image
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Figure7.12: Detectionperformancevhenpartintegrationis enabledss whenit is
disabled.Partintegrationprovidesquite a boostto the detectionperformance.

120



False Positives per Location Analyze’dIO'3 )
108.0 0;1 0‘.3 0‘.4 0{5 0;7 0;8 0;9 11 12 13 15 16

90r

80

70

50f

Detection Rate

40

30f

20

10b — Continuous Model IC<= 3
| Discrete Model Ié =3

I
O\ Il Il Il Il Il Il Il I I I I I
0 2 4 6 8 10 12 14 16 18 20 22 24

False Positives per Image
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distancanodelwith the performancevhenusingthediscretedistancanodel. Seetext for
details.
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Figure7.14:(a) DetectionperformanceagainswvvaryingK 4, thenumberof nearest
neighbourgeturnedby the tree-basedliscretedistancemeasure The sizeof the
treeis x edtojTj = 80. (b) DetectionperformanceagainsivaryingtreesizejT]j

while xing K4= 3K.= 9.
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#of NodesjTj || AbsoluteTime (sec)| Speed-up
20 34.9 22.5
40 36.9 21.3
60 38.4 20.5
80 39.3 20.0

Figure7.15: Time performanceorrespondingo Figure7.14(b)asjT]j varies.The
secondcolumnis theabsolutdime on a 1:5 GHz x86 machine.Thethird column
is the speed-upver the averagetime taken perimagewhenonly the continuous
distancemeasuras used.

Figure7.16: Sampldmagesrom the FERETdatabas¢hatwe usein our discrimination
task.

Figure7.17: A faceimagebeforeandafter pre-processingSeetext for details.
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Figure 7.18: Recognitionperformanceof our continuousdistancemodelasthe
numberK of elementarydistancemeasuresn the PCA differencespacethatis
chosenby the greedyselectionschemeis varied. For comparisonwe also plot
theperformancevith abaselined®?CA algorithmin theoriginal facespace For the
latterK is thenumberof the mostsigni cant PCA componentghosen.
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Chapter 8

Conclusion

In this thesis,we investigatedhe designandimplementationof good distance
measures$or a nearesteighborframeavork for objectdetection.We rst derved
the optimal distancemeasurdor the nearesneighborsearch.Unlike mostprevi-
ousapproachesye modeledheoptimaldistancaneasuralirectlyratherthan rst
estimatingintermediategeneratre models. We theninvestigatedmodelingthe
optimaldistancemeasurdy combiningelementarydistanceneasuresassociated
with simple featurespaces.A simple linear combinationmodelwas motivated
afterobservingactualdatafor arepresentatie discriminationtask.

For a givensetof elementarydistancemeasuresthe parameterén thelinear
distancanodelwereestimatedunderthe maximumlik elihoodframework. Also a
greedyschemewvaspresentedinderthe sameframeawork for selectinghe bestset
of elementarydistancemeasureghosenfrom a large collectionof suchdistance
measuresWe investigatedh selectionschemealreadyproposedn the literature
for the maximumentropy framevork which is dual to the ML framewvork and
shavedthatthetwo selectionschemesrein factthesame.

For performingef cient nearesneighborsearchover large training sets,we
also developeda discretedistancemeasurethat combinedelementarydistance
measureassociatedvith discriminatorsorganizedn atree-like structure.

Finally, the nearesheighborframevork describedabove wasintegratedinto
anobjectdetectionsystemandevaluatedin anindoor detectiontaskaswell asa
facerecognitiontask.
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Futur e Work

Local DistanceModels. In thework reportedso far, the variousdistancemodels
that we consideredvereall global models,thatis the distancescoreoutput by
thesemodelsdid not dependon wherein measuremenspacethey were used.
Clearly, the optimal distancemeasurecan vary from placeto place. Thusit is
naturalto think of adaptinga distancemodellocally. Onecanthenthink of two
approachefor estimatingocal distanceamodels.

In the rst approachye canestimatealocal distancemeasurdor eachquery
measurement/Ve canadoptthe samemaximumlik elihoodestimationframenork
that we developedfor global linear modelsto nd local distancemodelswith
the addedrestrictionthat only the subsetof the training datathatis “near” the
guerypointis usedin theestimation.This raisesa chicken-and-gg problemsince
we do not know whatis “near” andwhatis “far” from the querypoint until we
have estimatedthe local distancemodel. We can get aroundthis dif culty by

rst estimatinga global distancemodel,andthen nding thetraining datathatis
closesto the querypoint usingthis globalmodel. We caneventhink of iterating
this procedureby usingthe newly found local distancemodelto nd againthe
nearestrainingdatato thequerypointandusethis new trainingsubseto estimate
yet anotherlocal distancemodelthat hopefully shouldbe betterthanthe rst.
Sucha procedurewill be iterateduntil corvergence. Similar ideashave been
proposedn (Hastieand Tibshirani, 1996)for estimatinglocally optimal linear
discriminants.

Theobviousdravbackof suchanapproachs thatof poorrun-timeef ciency
sincea new local distancemeasurdiasto be estimatedor every nev querypoint.
Motivatedby the needto overcomesucha dravback, the secondapproachfor
estimatinglocal distancemodelswould be to adapta distancemodel for each
training point ratherthanthe querypoint. This canbe doneat trainingtime and
the estimateddistancemodelscan be storedfor useat run-time. Givena query
point, a nearesneighborsearchis performedover the training set,in which the
distancaneasuraisedbetweerthequeryandatrainingpointis thelocal distance
measure@stimatedattrainingtime for thattrainingpoint. While obviously solving
therun-timeef ciency issuefacedby the rst approachywe arenow facedwith the
problemof how to comparethe differentdistancescoresbetweenthe queryand
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thetraining pointssinceeachdistancescorewasdeterminedy usinga different
distancaneasurelntuitively, it is likely to bethecasethatthe“further” thequery
is from agiventraining point, thelessreliableis the correspondindocal distance
measuressociatewvith thetrainingpoint. Thuswe needto know the“con dence

region” for eachdistancemeasurdor suchan approacho work. Pursuingsuch
ideaswill beafuturegoalof ourwork.

BetterPart Integration. In our work, we have foundthataccumulatingscores
from variouspartsto verify a whole object hypothesiswas useful in boosting
the detectionperformance However, we gave equalweightto all the partscores
irrespectve of their relative discriminatve powers. Clearly we shouldbe ableto
do betterby weightinga partscorein proportionto its discriminatve power.

We have only addressed few issuesabove that we thoughtto be important.
Sincethemainfocusof thethesiswasonly on developinggooddistanceneasures
for nearesheighborsearchthereis clearlymoreroomfor improvementin almost
every aspecbf therestof the objectdetectionschemeoresentedn this thesis.
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