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Abstract

Wedevelopa multi-classobjectdetectionframeworkwhose
core componentis a nearest neighborsearch over object
part classes.Theperformanceof theoverall systemis crit-
ically dependenton thedistancemeasure usedin thenear-
estneighborsearch. A distancemeasure thatminimizesthe
mis-classi�cationrisk for the1-nearestneighborsearchcan
be shownto be the probability that a pair of input image
measurementsbelongto different classes.In practice, we
modelthe optimal distancemeasure using a linear logis-
tic modelthat combinesthediscriminativepowers of more
elementarydistancemeasuresassociatedwith a collection
of simpleto constructfeature spaceslike color, texture and
local shapeproperties. Furthermore, in order to perform
search over large training setsef�ciently, the sameframe-
work wasextendedto �nd hammingdistancemeasuresas-
sociatedwith simplediscriminators. Bycombiningthisdis-
cretedistancemodelwith thecontinuousmodel,weobtain
a hierarchical distancemodelthat is both fast and accu-
rate. Finally, thenearestneighborsearch over objectpart
classeswas integrated into a whole object detectionsys-
temandevaluatedagainstanindoordetectiontaskyielding
goodresults.

1 Intr oduction

The reliable detectionof an object of interestin an input
imagewith arbitrarybackgroundclutter andocclusionhas
to a large extent remainedan elusive goal in computervi-
sion sincethe beginning. In a multi-classobjectdetection
task,we would like to detectthepresenceor absenceof an
objectof interestin an input image,given a prior training
set(2D or 3D data)for theobjectsof interest.The factors
that confoundreliable detectioninclude backgroundclut-
ter, occlusionof theobjectsof interestandthevariability in
viewing conditions.SeeFigures1 and2 for theobjectsof
interestandsampletestimagesfor anindoordetectiontask.

Previousapproachesto objectdetectioncanbegrouped
undertwo maincategories:(a)exemplarbasedand(b) non-
exemplarbasedapproaches.Broadly speaking,the latter

Figure1: The15 objectsof interestfor theindoordetectiontask.

setof approachescanbe characterizedby theassumptions
they make about the objectsbeing detected. For exam-
ple, in model-basedor generative approaches[7], a model
for eachobjectof interestis assumed,while for invariant-
basedapproaches[15], geometricor texturebasedfeatures
are assumedto exist for eachobject that are invariant to
lighting or viewpoint changes.Themaindif�culty in such
non-exemplarbasedapproachesis thedevelopmentof good
modelsor invariantsandtheirestimationfrom trainingdata.
This is especiallya problemfor a generalobjectdetection
taskin which we areinterestedin detectinganarbitraryset
of objects.Eachobjectof interestmight in generalrequire
differentmodelingassumptions.

Exemplar-basedapproaches[10, 11, 12, 16] ontheother
handavoid makingassumptionsabouttheobjectsof inter-
estandinsteadrepresentthemby a training setof images
of the objectsundervariousviewing conditionsandscene
illumination. At run-time,a nearestneighbor(NN) search
is performedover the training setand the object classla-
bel of the exemplarthat bestmatchesthe input imageis
reported.Theclassi�cationperformanceof theNN rule is
crucially dependenton thedistancemeasureusedfor �nd-
ing thenearestneighbor. Consequently, it is naturalto ask
the following questions:(a) What is the optimal distance
measurefor NN search? and(b) How dowemodeltheop-
timal distancemeasurein practice? Furthermore,for run-
time performancewe will alsobe interestedin the follow-
ing: (c) How dowe performef�cient NN search?

The restof the paperaddressesthesequestionsas fol-
lows: In x 2, we derive the optimal distancemeasurethat



Figure2: Sampletest imagesfor the indoor detectiontask. White emptysquaresindicatecorrectdetectionsby our systemdescribed
in x 5.3,while squareswith a crossindicatefalsepositives.

minimizestheNN mis-classi�cationrisk. We thenpresent
a simplelinearlogistic modelin x 3 thatdirectly modelthe
optimaldistancemeasurein termsof moreelementarydis-
tancemeasuresde�ned oversimplefeaturespaceslike his-
togramsof color, shapeandtexture. We extendthis model
in x 4 to learnweightedhammingdistancemeasuresasso-
ciatedwith a setof discriminators.This is usedin a heirar-
chicaldistancemeasurefor objectdetectionthatis bothfast
andaccuratein practice.Section5 describesthedetailsof
a practicalsystemfor objectdetectionunderocclusionand
clutterwhosecorecomponentis thenearestneighborsearch
over objectpartclasses.Finally, we evaluateour detection
schemein anindoordetectiontaskin x 6.

2 Optimal NN DistanceMeasure

We assume that we have a training set Sn =
f (x1; y1); (x2; y2); : : : ; (xn ; yn )g whereeachtuple(x i ; yi )
is choseni.i.d. from someunknown distribution p(x; y)
over X � Y whereX is thespaceof imagemeasurements
andY is somediscretesetof objectclasslabels. A mea-
surementis therepresentationof theimagein termsof aset
of featureslike color, shapeor texture. We arealsogivena
distancemeasured : X � X ! IR betweenany two image
measurements.

On input measurementx 2 X , the 1-nearestneighbor
rule reportsthe classlabel y0 associatedwith the training
imagex0 2 Sn thatis closestto x accordingto thedistance
measured. Then-sampleNN mis-classi�cationrisk R(n)
is de�ned as:

R(n) � E(x;y ) ;Sn [L (y; y0)] (1)

whereL is the0-1 lossgivenby L(y; y0) = 1 if y 6= y0 and
0 otherwise.Note that the risk is averagedover all inputs

x aswell asall trainingsetsof sizen. Thelargesampleor
asymptoticrisk is thende�ned asR � lim

n !1
R(n).

Conditioningon input x, therisk canbere-writtenas:

R(n) � Ex;X n [r (x; x0)]

r (x; x0) � Ey ;y 0[L (y; y0)jx; x0]

= p(y 6= y0jx; x0) (2)

wherer (x; x0) is theconditionalrisk on aninput x andX n

is the set of training measurementsx i from Sn . For any
giventrainingsetsizeof n, therisk R(n) dependsonly on
thedistancemeasured usedfor thenearestneighborsearch.
Thus,it is naturalto askfor thedistancemeasurethatmini-
mizestherisk.

Sincetheconditionalrisk r (x i ; x j ) = p(yi 6= yj jx i ; x j )
is itself ameasurede�nedoverany two inputmeasurements
x i ; x j 2 X , we canconsiderusing it as a candidatedis-
tancemeasure.Under this distancemeasure,two images
are “closer” to eachother if they are both likely to come
from the sameclass. Thus intuitively at least,the condi-
tional risk seemslike a gooddistancemeasureto use. We
canin facteasilyshow thatthisdistancemeasureminimizes
theNN risk.

For a given input x andtraining setSn , usingr (�; �) as
thedistancemeasuregivesthetrainingexamplex0 thatmin-
imizes the conditionalrisk over the training set Sn since
by constructionthe distancemeasureusedis alsothe con-
ditional risk andthus �nding x0 2 Sn that minimizesthe
distancemeasurealsominimizestheconditionalrisk. Since
theconditionalrisk r (x; x0) is minimizedfor any inputx by
thechosendistancemeasure,theunconditionalrisk R(n) is
alsominimized.We have thusshown thefollowing :

Theorem1 The distance measure d(x i ; x j ) �
p(yi 6= yj jx i ; x j ) minimizes the risk R(n) for any
n.



We now list a few importantpropertiesof the optimal
distancemeasurewithoutproof, for detailssee[1]:
The optimal distancemeasure is not a metric distance.
In particularit doesnot satisfytheaxiomof self-similarity:
d(x i ; x j ) � 0 with equality if f x i = x j . Lack of self-
similarity is a direct consequenceof the lack of complete
certaintyfor theclassmembershipfor any givenmeasure-
mentaswill bethecasefor mostrealtasks.Somewhatsur-
prisingly however, the optimal distancemeasuredoessat-
isfy thetriangleinequalitywhichis usefulfor someapplica-
tionslike ef�cient imageretrieval [3]. Most prior work [8]
ontheotherhandhavestudiedtheuseof optimalmetricdis-
tancemeasuresprimarily due to strongasymptoticresults
for classi�cationperformancefor any metricdistance.
Classi�cation performance. It canbeshown thatthemis-
classi�cationriskR (in thelimit astrainingsetsizen ! 1 )
for the1-NN rulewhenusingtheoptimaldistancemeasure
is no worsethan the risk RM whenusingany metric dis-
tancemeasureandin generalcanbebetter. In fact,depend-
ingonthetask,theriskcanapproacheventhebayesoptimal
risk RB :

RB � R � RM (3)

wherethelowerboundis tight.

3 Modeling the Optimal Distance

Under the i.i.d. assumptionthe optimal distancemeasure
p(yi 6= yj jx i ; x j ) canbe expressedin termsof generative
modelsp(xjy) for eachclassasfollows: 1

p(yi 6= yj j x i ; x j ) =
X

y

p(yjx i )(1 � p(yjx j )) (4)

Thus one approach[6] is to �rst estimatea generative
model p(xjy) for eachclassfrom training dataand then
constructtheoptimaldistancemeasureusingtheexpression
above. TheAchilles' heelof suchan approachis theneed
to reliably estimategenerativemodelsfrom data.We argue
thatsuchanapproachis �a wedontwo countsespeciallyfor
amulti-classobjectdetectiontask.First, if wecanestimate
generative modelsreliably from data,then we shouldget
betterclassi�cationperformanceusingtheBayes'decision
rule directly (seethe inequality 3). More likely, estimat-
ing generative modelsfrom datamay not be reliablesince
a goodmodelmay requirethe estimationof many param-
eters,even thoughmostof which may be irrelevant to the
taskof discriminatingoneobjectfrom another. Secondly, in
thecontext of amulti-classobjectdetectionsystem,coming
up with a generative modelis likely to bedif�cult in prac-
ticesinceit entailsmakingmodelingassumptionswhichare

1The posteriorsp(yjx) areobtainedfrom p(xjy) andthe priors p(y)
usingBayesrule

notobviousfor anarbitrarycollectionof objectsof interest.
In fact,thereasonfor adoptingthenearestneighborframe-
work is to avoid makingany assumptionsabouttheobjects
of interest.

Our approachinsteadwill be to modelthe optimal dis-
tancedirectly in termsof more elementarydistancemea-
suresde�ned on simple to constructfeaturespaceslike
color, textureandlocal shapeproperties.Severaldiscrimi-
nativesimplefeaturesfor objectshavebeenwell-studiedin
the literature. Examplesof featurespacesincludenormal-
ized pixel intensities[11], edgemaps[9] and shapecon-
texts [5]. Eachof thesefeaturespacesareassociatedwith
elementarydistancemeasuresfor comparingtwo measure-
ments,examplesincludeEuclideandistance,the � 2 or L 1

distancefor histogramsand the Hausdorff distancemea-
sure[9]. Our motivationfor usingsuchsimplefeaturesare
becausethey areeasyandef�cient to implement.Thusfrom
a practicalpoint of view, we seekto modeltheoptimaldis-
tancemeasureby combiningsuchelementarydistancemea-
suresde�ned oversimplefeaturespaces.

For simplicitly of implementation,we considera linear
logistic modelfor combiningtheelementarydistancemea-
suresfor approximatingtheoptimaldistancemeasure.For-
mally, let C = f d1; d2; : : : ; dN g be a possiblylarge col-
lection of elementarydistancemeasures,eachof which is
associatedwith somesimplefeaturespace.We wish to se-
lect K elementarydistancemeasuresdk 2 Cfrom this col-
lectionthatbestapproximatetheoptimaldistancemeasure
usingthefollowing linearlogisticmodel:

log
p(yi 6= yj jx i ; x j )
p(yi = yj jx i ; x j )

� � 0 +
KX

k

� k dk (x i ; x j ) (5)

where� = f � 0; : : : ; � K g is a setof linearcombiningco-
ef�cients.

Let yij bea binaryvariabletakingthevalue� 1 if yi =
yj and+1 otherwise.Thenit canbeseenthatby inverting
thetransformabovewe get:

p(yij jx i ; x j ) � �

 
KX

k=0

� k yij dk (x i ; x j )

!

(6)

where� (u) = 1=(1 + e� u ) is the sigmoid function and
wherefor compactnessof notationwehaveassumedthein-
clusionof a constantdistancemeasured0 � 1 correspond-
ing to � 0.

In practice,we needto estimatethe bestmodel for the
optimal distancemeasurefrom training data. We canuse
the maximumlikelihood framework for the estimationas
follows. As before,let S = f (x1; y1); : : : ; (xN ; yN )g be
the trainingsetof imagemeasurementsandcorresponding
classlabels.Letd = f d0; : : : ; dK g beaparticularselection
of elementarydistancemeasuresfromC. Thelog-likelihood



l (� ; djS) for a particularmodel for the optimal distance
measurethatis parametrizedby � andd giventhetraining
dataS is de�ned as:

l (� ; djS) �
NX

i;j

logp(yij jx i ; x j ) (7)

For a given choicefor d, the optimal value for the com-
biningcoef�cients � underthemaximumlikelihoodframe-
work is thatwhich maximizesthe likelihood. Substituting
themodel(6), maximizingthelikelihoodaboveamountsto
minimizing thefollowing costfunction:

Jd (� ) �
NX

i;j

log
�

1 + e�
�

k � k y ij dk (x i ;x j )
�

(8)

Thiscostfunctionis convex [1] andcanbeoptimizedusing
standarditerative techniqueslikeNewton'smethod[14].

Finally, thebestchoicefor d is theonethatmaximizes
thelikelihoodor equivalentlyminimizesJd overall choices
of K distancemeasuresfrom the collectionC. The brute-
forcesearchoverall choicesis clearlyinfeasiblewhenK is
large. Insteadwe adopta simplegreedystrategy in which
at eachiterationk we choosethe bestdk 2 C that along
with the distancemeasuresf d1; : : : ; dk � 1g chosenin the
previousiterationsminimizesthecostfunction.

4 Ef�cient NN Search

In practice,givenaninputmeasurementx weneedto search
thetrainingsetS ef�ciently for thenearestneighborx0. The
basicideabehindmostprevious attempts[4, 13] to make
NN searchef�cient is to (possiblyrecursively) partition the
measurementspaceX . For example,in Kd-trees[4], each
nodeof thetreerecursively partitionsX basedon thecom-
ponentof themeasurementwith maximumvariance.How-
ever, Kd-treesarenot appropriatein our casesincethe im-
agemeasurementwill becomposedof measurementsfrom
differentfeaturetypeslike color, textureandshape.It does
notmakesenseto comparevariancesof measurementsfrom
differentfeaturespacesasrequiredfor the constructionof
Kd-trees.

In [13], the spaceof measurementsis partitionedby a
collectionof randomhashfunctions.Ourstrategy is similar
in spirit, but insteadusesacollectionof discriminatorseach
of which is constructedin somesimplefeaturespace.Fur-
thermore,the choiceof discriminatorsis not random. As
we shall see,our motivation for usingsucha schemeis so
thatwe canre-usetheframework presentedabove for �nd-
ing acontinuousmodelfor theoptimaldistancemeasureto
alsoconstructa distancemeasurefor performingef�cient
NN search.
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Figure3: The partition of imagespaceinducedby discrimina-
tors. Threeclassesof objectsareshown within the imagespace
(depictedasan ellipse). The particulartype of discriminatorsil-
lustratedhereare the nearestprototypediscriminatorsdescribed
in x 4.2 constructedin somefeaturespace.Thediscriminatoron
the left is a nearest2-prototypediscriminator, the prototypesare
marked by � 's. The discriminatoron the right has3 prototypes.
Thepartition boundariesin eachcaseis given by thevoronoidi-
agraminducedby the prototypeswhich areat the centerof each
cell.

Any discriminatorcanbe characterizedby thepartition
in measurementspaceX that it induces. For example,a
simplediscriminatormight testwhethertheaverageinten-
sity or someothersimplestatisticof theinputimagecrosses
a threshold,in which casethethemeasurementspaceX is
split into two parts.A decisiontreeon theotherhandpar-
titions themeasurementspaceinto many parts,whereeach
partcorrespondsto aleafnodeof thedecisiontree.Another
type of discriminatorwhich we usein our work dueto its
easeof implementationandwide applicability is the near-
estprototypediscriminatorthat is describedlater in x 4.2.
Figure3 illustratesthepartitioninducedby discriminators.

Formally, let the discriminatorh induce the partition
X = X 1[ X 2[ : : :[ X n ; X i \ X j = ; ; i 6= j . Oninputx, let
h(x) denotethepartitionX i thatx falls under. Givena set
of suchdiscriminatorsf h1; h2; : : : ; hK g, aninputmeasure-
mentx hasa “code” f h1(x); h2(x); : : : ; hK (x)g in terms
of the partitionsthat x falls underfor eachdiscriminator
hk . Thusasetof discriminatorspartitionsthemeasurement
spaceX , whereeachpartitioncorrespondsto auniquecode.

Giventwo measurementsx i andx j , a distancemeasure
betweenthecorrespondingcodesis givenby thehamming
distance.Moregenerally, weconsideraweightedhamming
distance:

H (x i ; x j ) = � 0 +
X

k

� k [hk (x i ) = hk (x j )]

where[hk (x i ) = hk (x j )] is theone-dimensionalhamming
distancefor eachdiscriminatorde�ned by:

[hk (x i ) = hk (x j )] �
�

� 1 if hk (x i ) = hk (x j )
+1 otherwise



A goodhammingdistancemeasurecanbe usedto ef�-
cientlysearchover thetrainingsetasfollows. As notedbe-
fore, mostapproachesfor performingef�cient NN search
works by effectively partitioning the imagemeasurement
spaceX . In our scheme,the set of chosendiscrimina-
torsf h1; : : : ; hK g partitionsX whereeachpartitioncorre-
spondsto auniquecodein termsof thesetof discriminator
outputs. The ideal codeis that for which separatesmea-
surementsfrom different classesinto different partitions.
To accessthesepartitionsef�ciently , we usea hash-table
whereon input x, the hashfunction accessesthe bucket
correspondingto thecodef h1(x); h2(x); : : : ; hK (x)g. At
trainingtime, in eachbucket we storeall thetrainingmea-
surementsthat mapsto the bucket, which are returnedat
run-time.

We now describehow to constructoptimal hamming
distance. The optimal distancemeasureis the one that
minimizes the mis-classi�cation risk. Thus we can use
the maximum likelihood framework presentedin x 3 for
�nding the hammingdistancemeasurethat best approx-
imatesthe optimal NN distancemeasure. Formally, let
H = f h1; h2; : : : g be a (possiblylarge) collectionof dis-
criminators.For easeof implementation,eachof thesedis-
criminatorsare constructedin somesimple featurespace
like color, shapeor textureasdescribedin moredetail later
in x 4.2. Correspondingto H , we have thecollectionof el-
ementaryone-dimensionalhammingdistancemeasures(4)
C= f [h(x i ) = h(x j )] j h 2 Hg. Similar to thecasefor es-
timatingthebestcontinuousmodelfor theoptimaldistance
measurein x 3, we selectthe bestK bestdiscriminators
hk 2 H in a greedymannerthat givesthe hammingdis-
tancethat bestapproximatethe optimal distancemeasure.
The correspondingcost function to be minimized is then
givenby:

J �
NX

i;j

log
�

1 + e�
�

k � k y ij [h k (x i )= h k (x j )]
�

(9)

(comparewith (8)).

4.1 Hierar chical DistanceMeasure

Although the hammingdistancemeasurecan be usedfor
ef�cient NN search,it cannotbeexpectedto beaccuratein
termsof returningthetruenearestneighborsinceit is adis-
cretizeddistancemeasure.To overcomethis shortcoming,
we proposethe useof a simpleheirarchicaldistancemea-
surethatcombinesthesearchef�ciency whenusingthedis-
cretehammingdistancewith theaccuracy of thecontinuous
distancemeasuredescribedin x 3. Theschemeis explained
in Figure4.

Coarse but Efficient NN search
using discrete distance model

Accurate but Expensive NN search
using continuous distance model

Input Image

Candidate Neighbours

Nearest Neighbour

Figure 4: Our schemefor ef�cient and accuratenearest
neighborsearch.An input measurementis matchedagainst
thetrainingsetusingthecoarsebut ef�cient hammingdis-
tancemeasurediscussedin x 4, yielding a small list of can-
didatenearestneighbors,ratherthanjust thenearestneigh-
bor. Thesecandidateneighborsare then searchedfor the
closestneighborusingthemoreaccuratecontinuousmodel
for the optimal distancemeasurediscussedin x 3. On the
left is shown an actualexamplefrom our experimentsre-
ported in x 6). The nearestneighborsshown are for the
patchfrom theinput thatis circled.

4.2 Constructing CandidateDiscriminators

We concludethis sectionby specifyinghow we generate
the collectionof discriminatorsH from which the bestK
discriminatorshk are chosen. For easeof implementa-
tion andwide applicability, the type of discriminatorswe
choosearewhat we call the nearestprototypediscrimina-
torsconstructedin simplefeaturespaceslike color, texture
andshape.Sucha discriminatoris completelyspeci�edby
a setof prototypesin somefeaturespace. Figure3 illus-
tratessuchdiscriminators.The imagespaceis partitioned
by the setof prototypeswhereeachpartition corresponds
to the subsetof the imagespacethat is closestto one of
the prototypes. The distanceusedfor the constructionis
any elementarydistancemeasureassociatedwith the fea-
turespace.Suchdiscriminatorsaresimilarin spirit to vector
quantizationin signalprocessingandhavebeenusedearlier
for objectdetectionin [2].

In our work we usediscriminatorswith at most3 proto-
types.Ideally, we shouldconsiderall possiblenearestpro-
totypediscriminatorsthat we canconstruct.However this
is infeasiblein practice.Insteadwe samplethe locationof
the prototypesfrom actualtraining data. Sucha sampling
schemeis suf�cient sincewe do not requiregreataccuracy
for the resultinghammingdistancemeasuredueto theuse
of thehierarchicaldistancemeasurediscussedabove.



5 Implementation

We have thusfaronly discussedtheissueof usingtheopti-
maldistancemeasurefor nearestneighborsearchfor object
detection. In practice,thereare several other issuesthat
needto beaddressedwhenusinga nearestneighborsearch
framework in thecontext of anoverallschemefor objectde-
tection.Sincethemainfocusof this paperis ondeveloping
andusinganoptimaldistancemeasurefor objectdetection,
for therestof theobjectdetectionsystem,we will seekthe
simplestimplementationthatwecangetawaywith, but yet
which is suf�cient and realisticenoughfor evaluatingthe
distancemeasuresthatwe develop.

Therestof thesectiondescribes(a) representingobjects
in termsof a few discriminativeparts,(b) thefeaturespaces
we useto representimagemeasurementsand(c) thewhole
objectdetectionscheme.

5.1 Representationin terms of Parts

In practice,the objectsthat we are interestedin detecting
canbeof varyingsizesandshapes.Thenaive approachof
performinga nearestneighborsearchat eachlocationover
a training set with whole object views will result in poor
performancesinceno singlechoicefor thesizeof thesup-
port window canbeexpectedto beoptimal for all objects.
Insteadwerepresenteachobjecttrainingview in termsof a
few discriminative parts,eachof which hasa supportwin-
dow of 32 � 32 pixels in our work. The nearestneighbor
searchis thenperformedoverpart classesratherthanwhole
objectviews. Conceptually, a partclasscorrespondsto im-
agemeasurementsof somesurfacepatchof an object of
interest,takenunderdiffering viewpointsandlighting con-
ditions,just asin thecasefor wholeobjectclasses.

For run-timeconsiderations,we representa trainingob-
ject view usingthemostdiscriminativeparts(10 in our ex-
periments).Thediscriminativepowerof apartis de�ned as
follows: let z beacandidatepartpatch,i.e. a32� 32patch
from sometrainingview of anobjectandlet Z bearandom
sampleof part patchesthat do not belongto the sameob-
ject classasz, aswell asrandompatchesfrom background
clutterwhichfor thecurrentpurposeisconsideredapseudo-
class.Thena naturalmeasurefor thediscriminative power
for part z is the log-likelihoodl(z; Z ) that z andany part
z0 2 Z belongto differentclasses:

l (z; Z ) �
X

z02 Z

logp(y 6= y0jz; z0) (10)

wherey andy0 arecorrespondingpart classlabels. Here
p(y 6= y0jz; z0) is the optimal distancemeasurefor part
classes. It is estimatedusing the maximum likelihood
framework presentedin x 3 usinga randomtraining sam-
pleof partpatchesfrom all wholeobjecttrainingviews.

Figure5: Thetopdiscriminative partpatchesselectedfor sample
trainingimages.

Eachselectedpartpatchfrom anobjectview is a repre-
sentativeof somepartclass,thatmodelstheimageviewsof
theunderlyingsurfacepatchof theobject.We collectaddi-
tional trainingimagesfor eachpartclassasfollows. Train-
ing imagesundervariationsin translation,in-planerotation
andscalecanbe collectedfrom the original whole object
training view from which the part patchwaschosen.For
our experimentswe sampletranslationsof � 4 pixelsalong
bothaxis,rotationsof � 10� andscalevariationsof 0:9 and
1:1. Ideally, wewouldalsoliketo samplerotationsin depth.
However, thisrequires�nding partcorrespondencesin other
wholeobjecttrainingviews.Solvingsuchacorrespondence
problemis error-pronein practice.For simplicity of imple-
mentation,we modelpartsin differentwhole objectviews
independently. This implies that the sameunderlyingsur-
facepatchof anobjectmightberepresentedredundantlyby
partsin multiple wholeobjectviews.

Figure5 shows the discriminative part patchesselected
for sampletraining images.Oncethepartsareselectedfor
all trainingviewsandadditionaltrainingimagesfor thecor-
respondingpart classesaresampledasdescribedabove, a
new optimal distancemeasurefor NN searchis estimated
from thesepartclasses.

5.2 FeatureSpaces

As discussedin x 3, we approximatethe optimal distance
measureby a linear combinationof elementarydistance
measuresin simplefeaturespacesbasedon color, shapeor
texture. We now describethedetailsof thetypesof feature
spacesthatwe usein ourexperiments.

Thehistogramof variousimagefeaturetypesis awidely
usedfeaturespacein computervision [16, 18, 17]. His-
togramsarepopularin thecomputervision literaturesince
they areef�cient to createfrom an input imageby making
onesweepacrossthe imagefrom top to bottomandleft to
right, aswell asbeingrobustto a fair amountof geometric
transformations[16, 18].

For additional discriminative power, we also coarsely
discretizethe spatiallocationof the feature. This is simi-
lar in spirit to thework on shapecontext [5]. In our work,
wediscretizeeachcoordinateaxisinto two levelswithin the
32� 32pixelwindow of support(thesizeof apart)centered
aroundthepoint of interestin theinput image.

We concludeby listing all of the speci�c featuretypes
thatwe usein our work:
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Figure6: OurDetectionScheme.Seetext for explanation.

Color Threesingledimensionalfeaturespacesareconsid-
eredcorrespondingto the red, greenandblue bands,
eachof which is normalizedillumination invariance.

Texture Characterizedby Gaussianderivative �lter re-
sponses[16] along the two coordinateaxis with the
width of the Gaussianset to � = 2:0 pixels. Addi-
tionally, we alsousethe magnitudeof the derivative.
Again,theeachof thesebandsarenormalizedfor illu-
minationinvariance.

Local Shape Two local shapepropertiesare constructed
from the contoursdetectedby the Canny edgedetec-
tor: (a) theorientationof theedgesthatfall within the
supportwindow and(b) the local curvaturealongthe
contoursthatfall within thesupportwindow.

Thuswehaveatotalof 8 one-dimensionalfeaturespaces
(3 for color, 3 for texture,and2 for shape)which arecom-
bined to approximatethe optimal distancemeasure.The
elementarydistancemeasurethatweusefor comparinghis-
togramsin eachfeaturespaceis theL 1 norm.

5.3 DetectionSystem

Thedetectionsystemthatwehavebuilt hasanearestneigh-
borsearchoverpartclassesasits corecomponent.Figure6
walksthroughthefollowing stepsin our detectionpipeline
usingan actualtestinput (thestepnumberhereandin the
�gure correspond):(1) After pre-processingthe imageto
extract histogramsof variousfeatures,the NN partsfrom
the training set are determinedat eachsampledlocation
acrossthe imageand at two scalesusing the hierarchical
distancemeasure(x 4.1). Shown herearethetop5 partsfor
a few locations.(2) EachNN partdetectedformsanobject
view hypothesiscorrespondingto thetrainingview thatthe
part camefrom. (3) The locationsof theotherpartsin the
trainingview for eachhypothesisis determinedandthecor-
respondingpartsaresearchedaroundtheexpectedlocation

in theinput image.Thehypothesisis scoredby accumulat-
ing theNN scores(distancemeasurebetweentrainingpart
andinput patch)of thesepartsalongwith theNN scorefor
the part that generatedthe hypothesis.Shown hereare 2
objectview hypothesesformedfrom partsdetectedat two
locations. In the actualsystem,eachpart detectedat each
locationforms a hypothesis,eachof which is scored. Fi-
nally, objectdetectionsarereportedafter thresholdingthe
scorewith a value � for eachhypothesesand performing
localnon-maximalsuppression.

6 Experiments

Thedetectionschemewastestedonacollectionof everyday
objectsof interestin an indoor environmentunderclutter
andocclusion.Figure1 shows a collectionof 15 objectsof
interest.Trainingimagesfor eachobjectweretakenat two
elevationsthatwere10� apartandwhich werecloseto the
heightof a personat a distanceof approximately7 ft from
the object. At eachelevation, training imageswere taken
over a 180� sweephorizontallyaroundthe objectat inter-
valsof 20� . As describedin x 5.1, up to 10 discriminative
part patchesare selectedin eachtraining image,for each
of which trainingviewsfor thecorrespondingpartclassare
sampledsyntheticallyfrom thewholeobjecttrainingimage
at different scalesand rotations(seex 5.1). The training
imagesweretakenunderillumination conditionsthatwere
naturalandkeptconstantfor anindoorsetting.Ratherthan
collectingmoretrainingimagesundervaryingillumination
conditions,wechoseto rely onnormalizingthevariousfea-
turespacesasdescribedin x 5.2. This wasfoundto besuf-
�cient in compensatingfor themoderateamountof illumi-
nationvariationencounteredin typical indoorsettings.

Testingimageswerecollectedundera large numberof
backgroundswith varyingviewpoint andscalechangesfor
theobjectsof interestalongwith someocclusionandvaria-
tionsin lighting. 25 imagesfor eachobjectof interestwere
takenfor a total of 375testimages.Figure2 showssample
testimages.

For the indoordiscriminationtask,a hammingdistance
measureusedin thehierarchicaldistancemeasurewascon-
structedwith 80discriminatorsasdetailedin x 4. Thenum-
ber of nearestneighborsreturnedby the �rst stageof the
hierarchicaldistancemeasurethat usesthis hammingdis-
tancewassetto 10.

Seex 5.3 to review thedetailsof our detectionscheme.
Figure 7 shows various ROC curves for the detection
schemeplotting thedetectionperformanceasthethreshold
� usedfor pruning eachhypothesisscoreis varied. The
mainROC curve correspondsto thecasewhenwe usethe
hierarchicaldistancemeasurefor theNN partsearch.As a
representative point, we geta detectionrateof 78%corre-
spondingto a falsepositiverateof 0:5 pertestimage.
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Figure7: ROC plots for the indoor detectiontask. Seetext for
explanation.

For comparison,we also show the performancewhen
using just the more accuratecontinuousoptimal distance
model (which forms the secondstageof the hierarchical
distancemeasure)in anaivebrute-forceNN searchoverthe
training set. As a representative point, we get a detection
rateof 82%correspondingto a falsepositiverateof 0:5 per
test image(comparewith the representative point above).
As canbeseen,thereis little degradationin detectionper-
formancewhenusingthehierarchicaldistancemeasure.On
thehand,thereis an orderof magnitudedifferencein run-
timeperformance.Ona1:5 GHzCPUx86machine,it took
� 40secondswhenusingthehierarchicaldistancemeasure
comparedwith morethan13 minuteswhenusing just the
continuousdistancemeasure,giving a speed-upof around
20. Theimplementationwasdonein OCAML, a high-level
functionallanguage.

Also shown in Figure 7 are the relative performance
of the variousfeaturetypeswhenusedin isolation. Note
that eachfeaturetype is comprisedof morethanonefea-
turespace(3 for color, 3 for textureand2 for local shape,
seex 5.2). All of the featurespacescomprisinga given
featuretype are usedwhen that featuretype is testedin
isolation. For our implementationof thesefeaturetypes,
bothcolorandtexturearequitediscriminativeontheirown,
while local shapeis the leastdiscriminative. However, all
of thesedetectionratesarefar lower thantherateobtained
whenusingall the featuretypestogether. For a falseposi-
tive rateof 0:5 pertestimage,eachof thefeaturesin isola-
tion givesa detectionrate< 15%Thuswe seethatthevar-
ious featuretypescomplementeachother to a substantial
degreewhen usedtogether, especiallyat operatingpoints
with low falsepositive rates,which is preciselythe region
thatis mostusefulin practice.

7 Conclusion

In this thesis,we derivedandmodeledtheoptimaldistance
measurefor usein a nearestneighborframework for ob-
ject detection.Theoptimaldistancemeasurewasmodeled
directly by a linear logistic model that combinedmoreel-
ementarydistancemeasuresassociatedwith simplefeature
spaces.

In this paper, the distancemodelsthat we considered
were all global models,that is the distancescoreoutput
by thesemodelsdid not dependon wherein measurement
spacethey were used. One promisingavenuefor future
work is to investigateadaptingdistancemodelslocally, say
onefor eachpartclass,for betterperformance.
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