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Abstract

We developa multi-classobjectdetectiorframeavork whose
core componenis a neakest neighborseach over object
part classesTheperformanceof the overall systenmis crit-

ically dependenbn the distancemeasue usedin the near

estneighborsearh. A distancemeasue that minimizeghe
mis-classi cationrisk for the 1-nearestneighborseach can
be shownto be the probability that a pair of input image
measuementsbelongto different classes.In practice we
modelthe optimal distancemeasue using a linear logis-
tic modelthat combineghe discriminativepowels of more
elementarydistancemeasuesassociatedvith a collection
of simpleto constructfeature spacedike color, texture and
local shapeproperties. Furthermoe, in order to perform
searh over large training setsef ciently, the sameframe-
work wasextendedo nd hammingdistancemeasuesas-
sociatedwith simplediscriminatoss. By combiningthis dis-
cretedistancemodelwith the continuousmodel,we obtain
a hierarchical distancemodelthat is both fast and accu-
rate Finally, the neaestneighborsearch over objectpart

classeswas integrated into a whole object detectionsys-
temandevaluatedagainstanindoor detectiortaskyielding
goodresults.

1 Intr oduction

The reliable detectionof an object of interestin an input
imagewith arbitrary backgrounctlutter and occlusionhas
to a large extentremainedan elusive goalin computervi-
sion sincethe beginning. In a multi-classobjectdetection
task,we would lik e to detectthe presencer absencef an
objectof interestin an input image,given a prior training
set(2D or 3D data)for the objectsof interest. The factors
that confoundreliable detectioninclude backgroundclut-
ter, occlusionof the objectsof interestandthevariability in
viewing conditions. SeeFiguresl and?2 for the objectsof
interestandsampleestimagesfor anindoordetectiortask.
Previous approacheso objectdetectioncanbe grouped
undertwo maincatayories:(a) exemplarbasedand(b) non-
exemplarbasedapproaches.Broadly speaking,the latter
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Figurel: The15 objectsof interestfor theindoordetectiorntask.

setof approachesanbe characterizedby the assumptions
they make aboutthe objectsbeing detected. For exam-
ple, in model-basear generatie approache$r], a model
for eachobjectof interestis assumedwhile for invariant-
basedapproachefl 5], geometricor texture basedfeatures
are assumedo exist for eachobjectthat are invariantto
lighting or viewpoint changes.The maindif culty in such
non-exemplarbasedpproaches thedevelopmenbof good
modelsor invariantsandtheir estimatiorfrom trainingdata.
This is especiallya problemfor a generalobjectdetection
taskin which we areinterestedn detectinganarbitraryset
of objects.Eachobjectof interestmightin generalrequire
differentmodelingassumptions.

ExemplarbasedapproacheflO, 11, 12, 16] ontheother
handavoid makingassumptiongboutthe objectsof inter-
estandinsteadrepresenthemby a training setof images
of the objectsundervariousviewing conditionsandscene
illumination. At run-time,a nearesneighbor(NN) search
is performedover the training setand the object classla-
bel of the exemplarthat bestmatchesthe input imageis
reported. The classi cation performanceof the NN rule is
crucially dependenbn the distancemeasuraisedfor nd-
ing the nearesheighbor Consequentlyit is naturalto ask
the following questions:(a) What is the optimal distance
measurdor NN search? and(b) How do we modelthe op-
timal distancemeasuren practice? Furthermorefor run-
time performancewne will alsobe interestedn the follow-
ing: (c) How dowe performef cient NN search?

The restof the paperaddresseshesequestionsas fol-
lows: In x 2, we derive the optimal distancemeasurehat



Figure2: Sampletestimagesfor the indoor detectiontask. White empty squaresndicatecorrectdetectionsby our systemdescribed

in x 5.3, while squaresvith a crossindicatefalsepositives.

minimizesthe NN mis-classi cationrisk. We thenpresent
asimplelinearlogistic modelin x 3 thatdirectly modelthe

optimal distancemeasuran termsof moreelementarydis-

tancemeasuresle ned over simplefeaturespacedik e his-

togramsof color, shapeandtexture. We extendthis model
in x 4 to learnweightedhammingdistancemeasures®sso-
ciatedwith a setof discriminators.Thisis usedin a heirar

chicaldistancemeasurdor objectdetectiorthatis bothfast
andaccuratén practice. Section5 describeghe detailsof

a practicalsystemfor objectdetectionunderocclusionand

clutterwhosecorecomponenis thenearesheighborsearch
over objectpartclassesFinally, we evaluateour detection
schemen anindoordetectiontaskin x 6.

2 Optimal NN DistanceMeasure

We assume that we have a training set S, =
f(X1;y1); (X2:Y2); 11 5 (Xn; Yn)g whereeachtuple(x;; yi)
is choseni.i.d. from someunknowvn distribution p(x; y)

overX Y whereX isthespaceof imagemeasurements

andY is somediscretesetof objectclasslabels. A mea-
surements therepresentationf theimagein termsof a set
of featuredik e color, shapeor texture. We arealsogivena
distancameasural : X X ! IR betweerary two image
measurements.

On input measuremernt 2 X, the 1-nearestneighbor
rule reportsthe classlabel y° associatedvith the training
imagex®2 S, thatis closestto x accordingto thedistance
measural. Then-sampleNN mis-classi cationrisk R(n)
isde nedas:

R(n) E(xy)ss. [L(Y; Y] 1)
whereL is the0-1 lossgivenby L(y;y% = 1ify 6 y®and
0 otherwise. Note thatthe risk is averagedover all inputs

x aswell asall training setsof sizen. Thelarge sampleor
asymptoticrisk is thende ned asR nIlilm R(n).
Conditioningoninput x, therisk canbere-writtenas:

Exx o [r(X; XO)]
EyyolL (y; y9ix; x9
= p(y 6 yix;x9 @)

wherer (x; x9 is the conditionalrisk on aninputx andX
is the set of training measurements; from S,. For ary
giventraining setsizeof n, therisk R(n) dependnly on
thedistancemeasural usedfor thenearesheighborsearch.
Thus,it is naturalto askfor the distancemeasurghatmini-
mizestherisk.

Sincethe conditionalrisk r (Xi; Xj) = p(yi & Y;jjXi;X;)
is itselfameasurele ned overary two inputmeasurements
Xi;Xj 2 X, we canconsiderusingit asa candidatedis-
tancemeasure. Under this distancemeasurefwo images
are“closer” to eachotherif they areboth likely to come
from the sameclass. Thusintuitively at least,the condi-
tional risk seemdik e a gooddistancemeasureo use. We
canin facteasilyshow thatthis distancemeasureninimizes
theNN risk.

For a giveninput x andtraining setS,, usingr( ; ) as
thedistancanmeasurgivesthetrainingexamplex°thatmin-
imizes the conditionalrisk over the training setS,, since
by constructiorthe distancemeasureusedis alsothe con-
ditional risk andthus nding x° 2 S, that minimizesthe
distancemeasuralsominimizestheconditionalrisk. Since
theconditionalrisk r (x; x% is minimizedfor any inputx by
thechoserdistancemeasuretheunconditionakisk R(n) is
alsominimized. We have thusshavn the following :

R(n)
r(x; x9

Theorem1 The distance measue d(x;;X;)
p(yi 8 y;jxi;Xj) minimizes the risk R(n) for any
n.



We now list a few importantpropertiesof the optimal
distancemeasuravithout proof, for detailssee[1]:
The optimal distancemeasure is not a metric distance
In particularit doesnot satisfythe axiomof self-similarity:
d(xi; x;j) 0 with equalityiff x; = x;. Lack of self-
similarity is a direct consequencef the lack of complete
certaintyfor the classmembershigor ary given measure-
mentaswill bethe casefor mostrealtasks.Someavhatsur
prisingly however, the optimal distancemeasuredoessat-
isfy thetriangleinequalitywhichis usefulfor someapplica-
tionslike ef cient imageretrieval [3]. Most prior work [8]
ontheotherhandhave studiedtheuseof optimalmetricdis-
tancemeasure@rimarily dueto strongasymptoticresults
for classi cationperformancédor ary metricdistance.
Classi cation performance. It canbe shovn thatthe mis-
classi cationrisk R (in thelimit astrainingsetsizen! 1)
for the 1-NN rule whenusingthe optimal distancemeasure
is no worsethanthe risk RM whenusingary metric dis-
tancemeasureandin generakcanbebetter In fact,depend-
ing onthetask,therisk canapproacleventhebayesoptimal
risk RB:

RE. R RM (3)

wherethelower boundis tight.

3 Modeling the Optimal Distance

Underthei.i.d. assumptiorthe optimal distancemeasure
p(yi 6 yjjxi;X;) canbe expressedn termsof generatie
modelsp(xjy) for eachclassasfollows:

p(yixj))  (4)

X
plyi € yj jXi;Xj) = p(yixi)(1

y

Thus one approach6] is to rst estimatea generatie
model p(xjy) for eachclassfrom training dataand then
constructheoptimaldistancemeasuraisingtheexpression
above. The Achilles' heelof suchan approacthis the need
to reliably estimategeneratre modelsfrom data.We argue
thatsuchanapproachs awedontwo countsespeciallyfor
amulti-classobjectdetectiontask. First, if we canestimate
generatie modelsreliably from data,thenwe shouldget
betterclassi cationperformanceausingthe Bayes'decision
rule directly (seethe inequality 3). More likely, estimat-
ing generatie modelsfrom datamay not be reliable since
a good modelmay requirethe estimationof mary param-
eters,eventhoughmostof which may be irrelevantto the
taskof discriminatingoneobjectfrom another Secondlyin
thecontet of amulti-classobjectdetectiorsystemgcoming
up with a generatie modelis likely to bedif cult in prac-
tice sinceit entailsmakingmodelingassumptionsvhichare

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

notobviousfor anarbitrarycollectionof objectsof interest.
In fact,thereasorfor adoptingthe nearesheighborframe-
work is to avoid makingary assumptionsiboutthe objects
of interest.

Our approachinsteadwill beto modelthe optimal dis-
tancedirectly in termsof more elementarydistancemea-
suresde ned on simple to constructfeature spaceslike
color, texture andlocal shapeproperties.Several discrimi-
native simplefeaturedor objectshave beenwell-studiedin
the literature. Examplesof featurespacesnclude normal-
ized pixel intensities[11], edgemaps[9] and shapecon-
texts [5]. Eachof thesefeaturespacesare associateavith
elementandistancemeasure$or comparingtwo measure-
ments,examplesinclude Euclideandistancethe 2 or L
distancefor histogramsand the Hausdorf distancemea-
sure[9]. Our motivationfor usingsuchsimplefeaturesare
becauséhey areeasyandef cient toimplement.Thusfrom
apracticalpoint of view, we seekto modelthe optimaldis-
tancemeasurdoy combiningsuchelementaryistancanea-
suresde ned over simplefeaturespaces.

For simplicitly of implementationwe considera linear
logistic modelfor combiningthe elementandistancemea-
suredfor approximatinghe optimaldistanceneasureFor-
mally, let C = fd;;dy;:::;dyg bea possiblylarge col-
lection of elementarydistancemeasureseachof which is
associateavith somesimplefeaturespace.We wish to se-
lectK elementaryistancemeasuresly 2 Cfrom this col-
lectionthat bestapproximatethe optimal distancemeasure
usingthefollowing linearlogistic model:

pyi & yjiXi;Xj) X .
log—0———+———= + de (Xi; X; 5
9oy =vix)  ° k KAk (xi;x)  (5)
where = f g;:::; kgisasetof linearcombiningco-
ef cients.

Lety; beabinaryvariabletakingthevalue 1ify; =
y; and+1 otherwise.Thenit canbe seenthatby inverting
thetransformabove we get:

!
P(Yij JXi5 X)) kYij Ak (Xi;X;) (6)
k=0
where (u) = 1=(1 + e ) is the sigmoid function and
wherefor compactnessf notationwe have assumedhein-
clusionof aconstandistancemeasural, 1 correspond-
ingto o.

In practice,we needto estimatethe bestmodelfor the
optimal distancemeasurerom training data. We canuse
the maximumlik elihood framework for the estimationas
follows. As before,let S = f(x1;y1);:::; (XN ;YN )Q be
thetraining setof imagemeasurementandcorresponding
clasdabels.Letd = fdy;::: ;dk gbeaparticularselection
of elementaryistancaneasurefrom C. Thelog-likelihood



I( ;djS) for a particularmodel for the optimal distance
measurdhatis parametrizedby andd giventhetraining
dataS isde ned as:

I( ;djS) log p(yij jxi;Xj) (7)

ij

For a given choicefor d, the optimal value for the com-
biningcoefcients underthemaximumlik elihoodframe-
work is that which maximizesthe likelihood. Substituting
themodel(6), maximizingthelik elihoodabose amountgo
minimizing the following costfunction:

Ja( ) log 1+ e « Widxix) (g)

ij

This costfunctionis corvex [1] andcanbe optimizedusing
standardterative techniquedik e Newton's method[14].
Finally, the bestchoicefor d is the onethat maximizes
thelikelihoodor equivalentlyminimizesJq overall choices
of K distancemeasure$rom the collectionC. The brute-
forcesearchoverall choicess clearlyinfeasiblewhenK is
large. Insteadwe adopta simple greedystratey in which
at eachiterationk we choosethe bestdy 2 C thatalong
with the distancemeasured d;;::: ;d« 19 chosenin the
previousiterationsminimizesthe costfunction.

4 Efcient NN Search

In practice givenaninputmeasurement we needo search
thetrainingsetS ef ciently for thenearesheighbox® The
basicideabehindmost previous attempts[4, 13] to make
NN searchef cient is to (possiblyrecursvely) partition the
measuremergpaceX . For example,in Kd-trees[4], each
nodeof thetreerecursvely partitionsX basednthecom-
ponentof the measurementith maximumvariance.How-
ever, Kd-treesarenot appropriatdn our casesincetheim-
agemeasuremenwill be composemf measurementsom
differentfeaturetypeslik e color, textureandshape It does
notmake senseo comparevariance®f measuremenfsom
differentfeaturespacesasrequiredfor the constructionof
Kd-trees.

In [13], the spaceof measurementis partitionedby a
collectionof randomhashfunctions.Our strateyy is similar
in spirit, butinsteadusesa collectionof discriminatoreach
of which s constructedn somesimplefeaturespace.Fur
thermore,the choiceof discriminatorsis not random. As
we shall see,our motivation for usingsucha schemes so
thatwe canre-usethe frameawork presentedbove for nd-
ing a continuousmodelfor the optimal distancemeasurdo
also constructa distancemeasureor performingef cient
NN search.

Figure 3: The partition of imagespaceinducedby discrimina-
tors. Threeclasseof objectsare shavn within the imagespace
(depictedasan ellipse). The particulartype of discriminatorsil-
lustratedhere are the nearesiprototypediscriminatorsdescribed
in x 4.2 constructedn somefeaturespace.The discriminatoron
theleft is a neares-prototypediscriminator the prototypesare
marked by 's. Thediscriminatoron the right has3 prototypes.
The partition boundariesn eachcaseis given by the voronoi di-
agraminducedby the prototypeswhich are at the centerof each
cell.

Any discriminatorcanbe characterizedby the partition
in measuremengpaceX thatit induces. For example,a
simplediscriminatormight testwhetherthe averageinten-
sity or someothersimplestatisticof theinputimagecrosses
athresholdijn which casethethe measuremergpaceX is
splitinto two parts. A decisiontree on the otherhandpar
titions the measuremergpacento mary parts,whereeach
partcorrespondto aleaf nodeof thedecisiontree. Another
type of discriminatorwhich we usein our work dueto its
easeof implementatiorandwide applicability is the near
estprototypediscriminatorthatis describedaterin x 4.2.
Figure3 illustratesthe partitioninducedby discriminators.

Formally, let the discriminatorh induce the partition
X = X[ Xo[ 1::[ Xn; X5\ X = 551 6 j. Oninputx, let
h(x) denotethe partitionX; thatx fallsunder Givena set
of suchdiscriminatord h1; hy;::: ; hg g, aninputmeasure-
mentx hasa “code” fhy(x); ha(X);::: ;hk (X)g in terms
of the partitionsthat x falls underfor eachdiscriminator
h. Thusasetof discriminatorgartitionsthe measurement
spaceX , whereeachpartitioncorrespond# auniquecode.

Giventwo measurements; andx;, a distancemeasure
betweerthe correspondingodesis given by the hamming
distance More generallywe consideraweightedhamming
distance:

HXi;xj)= ot k[hk(Xi) = he(xj)]
k

where[hk (x;) = hk(x;)] is the one-dimensionahamming
distancefor eachdiscriminatorde ned by:

[hi(xi) = hi(xj)] +:|:_L " hkg'zlh)erzwr]sz(xj)



A goodhammingdistancemeasurecanbe usedto ef -
ciently searchoverthetrainingsetasfollows. As notedbe-
fore, mostapproachesor performingefcient NN search
works by effectively partitioning the image measurement
spaceX . In our scheme,the set of chosendiscrimina-
torsfhy;::: ;hg gpartitionsX whereeachpartitioncorre-
spondgo auniquecodein termsof the setof discriminator
outputs. The ideal codeis that for which separatesnea-
surementdrom different classesinto different partitions.
To accesghesepartitionsef ciently, we usea hash-table
whereon input X, the hashfunction accesseshe bucket
correspondindo thecodef h1(x); ha(x);::: ; hg (X)g. At
trainingtime, in eachbucket we storeall the training mea-
surementghat 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 cationrisk. Thus we can use
the maximum likelihood framework presentedn x 3 for

nding the hammingdistancemeasurethat best approx-
imatesthe optimal NN distancemeasure. Formally, let
H = fhi;hy;:::gbea (possiblylarge) collectionof dis-
criminators.For easeof implementationeachof thesedis-
criminatorsare constructedn somesimple featurespace
like color, shapeor texture asdescribedn moredetaillater
in x 4.2. Correspondingo H, we have the collectionof el-
ementaryone-dimensionahammingdistancemeasure$4)
C= f[h(xi) = h(xj)] j h 2 Hg. Similarto the casefor es-
timatingthe bestcontinuouanodelfor the optimaldistance
measurdan x 3, we selectthe bestK bestdiscriminators
hy 2 H in a greedymannerthat givesthe hammingdis-
tancethat bestapproximatethe optimal distancemeasure.
The correspondingcost function to be minimized is then
givenby:

X
J log 1+e «

ihj

kYii [k (xi)= hk(xj)] (9)

(comparewith (8)).

4.1 Hierarchical DistanceMeasure

Although the hammingdistancemeasurecan be usedfor
efcient NN searchjt cannotbe expectedio be accuraten
termsof returningthetruenearesheighborsinceit is adis-
cretizeddistancemeasure.To overcomethis shortcoming,
we proposethe useof a simple heirarchicaldistancemea-
surethatcombineghesearchef ciency whenusingthedis-
cretehammingdistancewith theaccurag of thecontinuous
distancameasuralescribedn x 3. Theschemas explained
in Figure4.

Input Imag

i

Coarse but Efficient NN search
using discrete distance model

H

Candidate Neighbou

Accurate but Expensive NN searc
using continuous distance model

I

Nearest Neighbour

Figure 4: Our schemefor efcient and accuratenearest
neighborsearch An input measuremeris matchedagainst
thetraining setusingthe coarsebut ef cient hammingdis-

tancemeasurealiscussedn x 4, yielding a smalllist of can-

didatenearesheighborsratherthanjust the nearesheigh-

bor. Thesecandidateneighborsarethen searchedor the

closestneighborusingthe moreaccuratecontinuousmodel

for the optimal distancemeasurealiscussedn x 3. Onthe

left is shawvn an actualexamplefrom our experimentsre-

portedin x 6). The nearesteighborsshavn are for the

patchfrom theinputthatis circled.

4.2 Constructing Candidate Discriminators

We concludethis sectionby specifyinghow we generate
the collectionof discriminatorsH from which the bestK
discriminatorshy are chosen. For easeof implementa-
tion and wide applicability, the type of discriminatorswe
choosearewhat we call the nearesiprototypediscrimina-
tors constructedn simplefeaturespacedik e color, texture
andshape.Sucha discriminatoris completelyspeci ed by
a setof prototypesin somefeaturespace. Figure 3 illus-
tratessuchdiscriminators. The imagespaceis partitioned
by the setof prototypeswhereeachpartition corresponds
to the subsetof the image spacethat is closestto one of
the prototypes. The distanceusedfor the constructionis
ary elementarydistancemeasureassociatedvith the fea-
turespace Suchdiscriminatorsaresimilarin spiritto vector
guantizatiorin signalprocessingndhave beenusedearlier
for objectdetectionin [2].

In our work we usediscriminatorswith at most3 proto-
types. Ideally, we shouldconsiderall possiblenearespro-
totypediscriminatorsthat we can construct. However this
is infeasiblein practice.Insteadwe samplethe location of
the prototypesfrom actualtraining data. Sucha sampling
schemads sufcient sincewe do notrequiregreataccurag
for the resultinghammingdistancemeasuradueto the use
of thehierarchicaldistancemeasuraliscusse@bove.



5 Implementation

We have thusfar only discussedhe issueof usingthe opti-
mal distanceneasurdor nearesheighborsearcHor object
detection. In practice,there are several other issuesthat
needto be addressethenusinga nearesnheighborsearch
framaworkin thecontext of anoverallschemdor objectde-
tection. Sincethe mainfocusof this paperis on developing
andusinganoptimaldistancaneasurdor objectdetection,
for therestof the objectdetectionsystemwe will seekthe
simplestimplementatiorthatwe cangetaway with, but yet
which is sufcient andrealisticenoughfor evaluatingthe
distancaneasureshatwe develop.

Therestof the sectiondescribega) representingbjects
in termsof afew discriminative parts,(b) thefeaturespaces
we useto represenimagemeasurementand(c) thewhole
objectdetectionscheme.

5.1 Representationin terms of Parts

In practice,the objectsthat we are interestedn detecting
canbe of varying sizesandshapes.The naive approachof
performinga nearesneighborsearchat eachlocationover
a training setwith whole objectviews will resultin poor
performancesinceno singlechoicefor the size of the sup-
port window canbe expectedto be optimal for all objects.
Insteadwe represeneachobjecttraining view in termsof a
few discriminative parts,eachof which hasa supportwin-
dow of 32 32 pixelsin our work. The nearesineighbor
searchis thenperformecover part classegatherthanwhole
objectviews. Conceptuallya partclasscorresponds$o im-
age measurementsf somesurface patchof an object of
interest,taken underdiffering viewpointsandlighting con-
ditions,just asin the casefor whole objectclasses.

For run-timeconsiderationsye represena training ob-
jectview usingthe mostdiscriminative parts(10in our ex-
periments).Thediscriminative power of apartis de ned as
follows: let z beacandidatepartpatch,i.e.a32 32patch
from sometrainingview of anobjectandlet Z bearandom
sampleof part patcheghat do not belongto the sameob-
jectclassasz, aswell asrandompatchedrom background
clutterwhichfor thecurrentpurposes consideredpseudo-
class.Thena naturalmeasurdor the discriminative power
for partz is the log-likelihoodI(z; Z) thatz andary part
z°2 Z belongto differentclasses:

I(z;Z) logp(y 6 y9z;29) (10)

2027

wherey andy® are correspondingpart classlabels. Here
ply 6 yYz;z9 is the optimal distancemeasurefor part
classes. It is estimatedusing the maximum likelihood
frameawork presentedn x 3 usinga randomtraining sam-
ple of partpatchegrom all whole objecttrainingviews.

Figure5: Thetopdiscriminatie partpatcheselectedor sample
trainingimages.

Eachselectedart patchfrom anobjectview is arepre-
sentatve of somepartclassthatmodelstheimageviews of
theunderlyingsurfacepatchof the object. We collectaddi-
tional trainingimagesfor eachpartclassasfollows. Train-
ing imagesundervariationsin translationjn-planerotation
and scalecan be collectedfrom the original whole object
training view from which the part patchwas chosen. For
our experimentsave sampletranslationof 4 pixelsalong
bothaxis,rotationsof 10 andscalevariationsof 0:9 and
1:1. Ideally, we would alsolik e to sampleotationsin depth.
However, thisrequiresnding partcorrespondenceés other
wholeobjecttrainingviews. Solvingsuchacorrespondence
problemis errorpronein practice.For simplicity of imple-
mentationwe modelpartsin differentwhole objectviews
independently This implies that the sameunderlyingsur
facepatchof anobjectmightberepresentededundanthyby
partsin multiple whole objectviews.

Figure 5 shows the discriminative part patchesselected
for sampletrainingimages.Oncethe partsareselectedor
all trainingviews andadditionaltrainingimagedor thecor
respondingpart classesare sampledas describedabore, a
new optimal distancemeasurgor NN searchis estimated
from thesepartclasses.

5.2 Feature Spaces

As discussedn x 3, we approximatethe optimal distance
measureby a linear combinationof elementarydistance
measurein simplefeaturespacesasedon color, shapeor
texture. We now describehe detailsof thetypesof feature
spaceshatwe usein our experiments.

Thehistogramof variousimagefeaturetypesis awidely
usedfeaturespacein computervision [16, 18, 17]. His-
togramsare popularin the computervision literaturesince
they areef cient to createfrom aninputimageby making
onesweepacrosgheimagefrom top to bottomandleft to
right, aswell asbeingrobustto a fair amountof geometric
transformation$16, 18].

For additional discriminative power, we also coarsely
discretizethe spatiallocation of the feature. This is simi-
lar in spirit to the work on shapecontext [5]. In ourwork,
wediscretizeeachcoordinateaxisinto two levelswithin the
32 32pixelwindow of supporf(thesizeof apart)centered
aroundthe point of interestin theinputimage.

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

Color Threesingledimensionafeaturespacesreconsid-
eredcorrespondingdo the red, greenand blue bands,
eachof whichis normalizedllumination invariance.

Texture Characterizedby Gaussianderivative lter re-
sponsed16] alongthe two coordinateaxis with the
width of the Gaussiarsetto = 2:0 pixels. Addi-
tionally, we alsousethe magnitudeof the derivative.
Again, theeachof thesebandsarenormalizedor illu-
minationinvariance.

Local Shape Two local shapepropertiesare constructed
from the contoursdetectedby the Canry edgedetec-
tor: (a) the orientationof the edgeghatfall within the
supportwindow and (b) the local curvaturealongthe
contourghatfall within the supportwindow.

Thuswe have atotal of 8 one-dimensiondeaturespaces
(3 for color, 3 for texture,and?2 for shape)which arecom-
bined to approximatethe optimal distancemeasure. The
elementarylistanceneasurehatwe usefor comparinghis-
togramsin eachfeaturespacads thelL ; norm.

5.3 DetectionSystem

Thedetectiorsystenthatwe have built hasanearesheigh-
bor searctoverpartclassessits corecomponentFigure6
walksthroughthe following stepsin our detectionpipeline
usingan actualtestinput (the stepnumberhereandin the
gure correspond):(1) After pre-processinghe imageto
extract histogramsof variousfeaturesthe NN partsfrom
the training set are determinedat eachsampledlocation
acrossthe imageand at two scalesusing the hierarchical
distancaneasurdx 4.1). Shovn herearethetop 5 partsfor
afew locations.(2) EachNN partdetectedormsanobject
view hypothesigorrespondindo thetrainingview thatthe
partcamefrom. (3) Thelocationsof the otherpartsin the
trainingview for eachhypothesiss determinedandthecor
respondingpartsaresearchedroundthe expectedocation

in theinputimage.The hypothesiss scoredby accumulat-
ing the NN scoreqdistancemeasurébetweertraining part
andinput patch)of thesepartsalongwith the NN scorefor

the part that generatedhe hypothesis. Shovn hereare 2

objectview hypothese$ormedfrom partsdetectedat two

locations. In the actualsystem,eachpart detectedat each
locationforms a hypothesisgachof which is scored. Fi-

nally, objectdetectionsare reportedafter thresholdingthe
scorewith a value for eachhypothesesnd performing
local non-maximakuppression.

6 Experiments

Thedetectiorschemavastestednacollectionof everyday
objectsof interestin anindoor ervironmentunderclutter
andocclusion.Figurel showvs 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
overa 180 sweephorizontallyaroundthe objectat inter

valsof 20 . As describedn x 5.1, up to 10 discriminatve
part patchesare selectedn eachtrainingimage,for each
of whichtrainingviewsfor the correspondingartclassare
sampledsyntheticallyfrom thewhole objecttrainingimage
at different scalesand rotations(seex 5.1). The training
imagesweretaken underillumination conditionsthatwere
naturalandkeptconstanfor anindoorsetting. Ratherthan
collectingmoretrainingimagesundervaryingillumination
conditionswe choseto rely onnormalizingthevariousfea-
ture spacesmsdescribedn x 5.2. Thiswasfoundto be suf-
cient in compensatindor the moderateamountof illumi-

nationvariationencountereth typicalindoorsettings.

Testingimageswere collectedundera large numberof
backgroundsvith varying viewpoint andscalechangedor
theobjectsof interestalongwith someocclusionandvaria-
tionsin lighting. 25imagesfor eachobjectof interestwere
takenfor atotal of 375testimages.Figure2 shavs sample
testimages.

For theindoor discriminationtask,a hammingdistance
measureisedin thehierarchicaldistancemeasurevascon-
structedwith 80 discriminatorsasdetailedin x 4. Thenum-
ber of nearestneighborsreturnedby the rst stageof the
hierarchicaldistancemeasurehat usesthis hammingdis-
tancewassetto 10.

Seex 5.3to review the detailsof our detectionscheme.
Figure 7 shows various ROC curves for the detection
schemeplotting the detectionperformancesthethreshold

usedfor pruning eachhypothesisscoreis varied. The
main ROC curve correspondso the casewhenwe usethe
hierarchicaldistancemeasurdor the NN partsearch.As a
representatie point, we geta detectionrate of 78% corre-
spondingo afalsepositive rateof 0:5 pertestimage.
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Figure7: ROC plotsfor the indoor detectiontask. Seetext for
explanation.

For comparison,we also showv the performancewhen
using just the more accuratecontinuousoptimal distance
model (which forms the secondstageof the hierarchical
distancemeasurejn anaive brute-forceNN searchoverthe
training set. As a representatie point, we get a detection
rateof 82% correspondingo afalsepositive rateof 0:5 per
testimage (comparewith the representatie point above).
As canbe seenthereis little degradationin detectionper
formancewhenusingthehierarchicaldistanceneasureOn
the hand,thereis an orderof magnitudedifferencein run-
time performanceOna 1.5 GHz CPUx86 machinejt took

40secondsvhenusingthehierarchicadistancemeasure
comparedwith morethan 13 minuteswhenusingjust the
continuousdistancemeasuregiving a speed-upf around
20. Theimplementatiorwasdonein OCAML, a high-level
functionallanguage.

Also shown in Figure 7 are the relative performance
of the variousfeaturetypeswhen usedin isolation. Note
that eachfeaturetype is comprisedof more thanone fea-
ture space(3 for color, 3 for texture and2 for local shape,
seex 5.2). All of the featurespacescomprisinga given
featuretype are usedwhen that featuretype is testedin
isolation. For our implementationof thesefeaturetypes,
bothcolorandtexturearequitediscriminative ontheir own,
while local shapeis the leastdiscriminative. However, all
of thesedetectionratesarefar lower thanthe rateobtained
whenusingall the featuretypestogether For a falseposi-
tiverateof 0:5 pertestimage,eachof thefeaturesn isola-
tion givesa detectionrate< 15% Thuswe seethatthe var-
ious featuretypescomplementieachotherto a substantial
degreewhen usedtogethey especiallyat operatingpoints
with low falsepositive rates,which is preciselythe region
thatis mostusefulin practice.

7 Conclusion

In this thesis,we dervedandmodeledthe optimal distance
measurefor usein a nearesteighborframework for ob-
jectdetection.The optimal distancemeasuravasmodeled
directly by a linear logistic modelthat combinedmore el-
ementarydistancemeasuresssociatedvith simplefeature
spaces.

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