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Abstract

This paper presentsa framavork for fusing together
global andlocal informationin imagesto form a powerful
objectdetectionsystemWe begin by describingtwo detec-
tion algorithms.The r stalgorithmusesindependentom-
ponentanalysis (ICA) to derive an image representation
that captuesglobal informationin theinputdata. Thesec-
ond algorithm usesa part-basedrepresentatiorthat relies
onlocal propertiesof the data. Thestrengthsof the two de-
tectionalgorithmsare thencombinedo form a more pow-
erful detector Theapproad is evaluatedon a databaseof
real-worldimagescontainingsideviews of cars. Thecom-
bined detectorgivesdistinctly superior performancethan
ead of theindividual detectos, achieving a high detection
accuracyof 94%on this dif cult testset.

1 Intr oduction

Objectdetectionin imagesis animportantproblemthat
hasrecentlygaineda lot of attentionin the vision commu-
nity. Themainchallengen objectdetectionarisesfrom the
widerangeof variationsacrosdifferentimagingconditions
andacrosdifferentobjectsin the objectcategory of inter
est. To be successfulany approactto the problemmustbe
ableto generalizeover thesevariations.

Most approacheshat have beenproposedor the prob-
lemrely on someunderlyingfeaturerepresentatioto facil-
itate this generalization.The featurerepresentatiocanbe
eitherthe raw pixel-basedepresentationgr a higherlevel
representationbtainedby applyingsometransformationo
the raw imagedata. Differentrepresentationsapturedif-
ferentkinds of informationin the data. In particular some
representationsaptureglobalinformationin imageswhile
otherscapturelocal properties. Although both approaches
work well to a certainextent,eachis limited by thefactthat
it ignoresotherinformationthatmayalsobeimportant.

In this paper we presentan approachthat allows both
global andlocal informationto be fusedtogether In par
ticular, we describetwo detectionalgorithms,onethatuses
globalinformationin imagesandanothethatreliesonlocal
information,andshav how thesetwo kinds of information
canbe melgedtogetherto form a more powerful detection
system.As atestbedfor our approachwe choosea dif -
cult testsetof real-world imagesthatcontainsideviews of

carsagpinstvaried naturalbackgrounds.Our experiments
on this testsetshav that combininginformationfrom the
two detectoroutperformseachof themindividually.

We presenbur rst detectionalgorithm,which captures
global propertiesof the datausingindependentomponent
analysis(ICA), in Section2. Section3 describeghe sec-
onddetectionalgorithm,which usesa part-basedepresen-
tationto capturdocalpropertieof thedata.ln Sectiord we
presentour approachfor fusing the two kinds of informa-
tion. Section5 presentour experimentalresults,followed
by conclusionsn Section6.

2 ICA-BasedApproach: Global Information

In this approach,we use ICA to extract a set of in-
dependentomponentdrom somesampleobjectimages.
Theseindependentomponent@reusedasa basisto form
arepresentatiofor images.Boostingis thenusedto learn
anobject/non-objectlassi er basedon this representation,
andthe learnedclassi er is usedto develop a detectorfor
theobjectclass.

2.1 Representationusing ICA

ICA canbe viewed as an extensionof Principal Com-
ponentAnalysis(PCA). PCA reliesonly on the secondor-
der propertiesof the data,thusignoring muchof theinfor-
mationthat may be containedn higherorderrelationships
amongthe imagepixels. ICA separatesigherorder mo-
mentsof theinputin additionto secondbrdermoments.

The idea behindusing ICA is to nd a setof statisti-
cally independentsource” imagesfor a setof objectim-
ages.Thisis doneusingthefollowing model:

1)
where representsheobsenedimages, the(unknown)
independensourcesand the (unknavn) mixing matrix.

Theproceduradescribedn [2] is usedto nd theunmixing
matrix . Thisis thenusedto obtainthe unmixedsources

, Which are an estimateof the original sources under
somepermutatior(detailsareomitteddueto lack of space):

)
In our experiments,we appliedthis techniqueto 200 car
imageswhereeachimageis of size . Someof the
independentomponentbtainedare shovn in Figure 1.
Theseform a setof independenbasisimages,andcanbe
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Figure 1. Left: Examplesof the independentompo-
nentsobtainedusingthe ICA approachthis representation
capturegylobalinformation. Right: Examplesof the parts

obtainedusingthe part-base@pproachthis representation
capturedocalinformation.
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viewedasproviding a setof statisticallyindependenimage
featuresEachimageis representeth termsof this basisas
a featurevector containingthe normalizeddot productsof
theimagewith eachof theindependentomponentsSince
thisrepresentationequiresoperatingontheentireimage.,it
canbeviewedascapturingglobalinformationin theimage.

2.2 Classi cation using Boosting

Boostingis atechniquefor combiningweaklearnersto
form astrongclassi er. It hasheenusedsuccessfullyn var
ious problemsin vision, includingimageretrieval [6], face
detection[7] andimagesegmentation5]. In all theseap-
proachesanimageis representedsa setof somefeatures.
Eachfeature(with anassociatethreshold)s thentreatedas
abaseclassi er, andboostingis performedo learna strong
classi erasanensemblef thesebaseclassi ers.

In our method,each trainingimage(andlater
each window in thetestimages)s representeds
afeaturevectorobtainedfrom the independentomponent
basis(asdescribedabove). Boostingis thenperformedover
thesefeaturesWe usethe AdaBoostalgorithmdescribedn
[4]. At eachiteration,we modeleachfeatureasamixtureof
two gaussianswith a gaussiarcorrespondingo eachclass
(objectvs. non-object). Basedon the currentweight over
thedata,the optimalthresholds computedthefeatureand
thislearnedthresholdarethenusedto classifythedata. The
featurethatgivesminimumeclassi cationerroronthetrain-
ing set,alongwith the correspondinghreshold,is chosen
is asthe baseclassi er for that particulariteration. A nal
classier isthenlearnedasacombinationof thesebase
classi ers,weightedandthresholdedppropriately:

sgn sgn 3)

whereeach denotesafeatureof theinput , thecorre-
spondinglearnedthreshold, theweightassignedo this
featureby the boostingalgorithm,and theoverall thresh-
old. (Again, detailsare omitteddueto lack of space;the
approachs similarto thatin [5].) In additionto the binary
classi cationgivenby thethresholdeaombinationtheab-
solutevalue (without the threshold)canbe usedto give an
activationor con dencevalue:

sgn (4)

The actiation valuesare usedto form a classi er activa-
tion mapthatallows the learnedclassi er to be usedasan
effective detectorthis stepis discussedn Section4.1.

3 Part-BasedApproach: Local Information

In this sectionwe describeanobjectdetectionalgorithm
thatusesa part-basedepresentationOnly a brief overview
is givenhere;adetaileddescriptioncanbefoundin [1].

3.1 Representationusing Parts

A vocahulary of partsis rst constructecautomatically
from a set of sampleobjectimages. This is doneby us-
ing aninterestoperatorto selectpointsin theimagesbased
on local signalbehaior; smallimagepatchesarethenex-
tractedaroundtheseinterestpointsto form the partvocab-
ulary. Someof the partsobtainedareshovn in Figurel.

This part vocalulary is then usedto represenimages.
Given a new image, we determinewhich of the vocahu-
lary partsarepresenin it. Thisis doneby nding interest
pointsin theimageto focusattentionon the interestingre-
gions,andthencomparingocal patchesaroundthesepoints
to partsin the vocalulary. Vocahulary partsthat are suf-
ciently similar to suchinterestpatchesareconsideredo be
presenin theimage. The partsthusdetectedn theimage,
togetherwith spatialrelationsamongthem,are usedasbi-
naryfeatureso form arepresentatiofor theimage. Since
this representatiomequiresonly local operatorsjt canbe
viewedascapturinglocal informationin theimage.

3.2 Classi cation using SNoW

Basedon the above part-basedeaturerepresentatiorna
classi erto classify imagesasobjector non-object
is learnedusingthe SNoW learningarchitecturg¢3]. SNoW
is afeature-etient variationof thewinnow learningalgo-
rithm, andis thereforeuseful in this caseasthe potential
numberof partandrelationfeaturess very large. SNoW
learnsa linearthresholdfunctionfor eachclassin the clas-
si cation task(in this case,objectand non-object). Given
aninput , theclassier predictsthe classaccordingto
thefollowing function:

sgn

5
where and aretheweightsandthreshold)fthefur(lc)-
tion correspondingo the positive (object) class,and
and thosecorrespondingo the negative (non-object)
class. (Note: the features herearedifferentfrom Sec-
tion 2.2;they arebinaryfeaturesndicatingthe presencer
absencef avocalulary part,or of aspatialrelationbetween
two suchparts.)Whenappliedto aninput vector thelinear
thresholdfunction correspondingo the positive classcan
beusedto give anactivationor con dencevalue:

if
it (6)



Again, theseactivationsare usedto form an activation
mapfor detectionthis stepis describedn Section4.1.

4 Fusionof Global and Local Information

The detectionalgorithmdescribedn Section2 usespri-
marily globalinformationin imageswhereaghealgorithm
of Section3 reliesprimarily onlocal information. This sec-
tion presentanapproackor fusingtogetherthe globalin-
formationfrom the rst methodandthe local information
from the secondo form a morepowerful detectionsystem.
We malke useof the con dence of eachschemewhich is
thenusedto make the combineddecision. The activations
of eachof thesemethodsare treatedastheir con dencein
the classi er output. We rst describehow the activations
producedy eachclassi er areusedto form a classi er ac-
tivation mapfor detection.We thendiscusshow theactiva-
tion mapsproducedrom the two individual classi ersare
meigedtogetherto combineinformationfrom both.

4.1 Classier Activation Map

Givenaclassi er thatcanclassifyanimageasposi-
tive (object)or negative (non-objectbasedn someactiva-
tion value it producesgdetectionn animageproceeddy
shifting a window over the imageand applying
theclassi erto eachsuchwindow . Theactivationvalues

producedby the classi er at the variouswindow lo-
cationsyield a classi er activationmap[1]. This maphas
high valuesat locationswherethe classi er hashigh con -
dencein its positive classi cation. Thealgorithmdescribed
in [1] is usedto analyzethis mapfor activation peaks giv-
ing accuratdocalizationof objectsandpreventingmultiple
detectiongorrepondingo a singleobjectin theimage.

4.2 Fusionof Classi er Activation Maps

Givenatestimage thelCA-basecclassi er
anactivationmapbasednits activations
basedclassier producesanactivationmapbasedn its
activations .! Eachmap capturesnformation basedon
the correspondinglassi er, which in turn capturesinfor-
mation basedon the representatiolit uses. Eachof these
mapscanbe usedto performdetectionasdescribedabore.

To combineinformationfrom the two detectorsthe ac-
tivations and from thetwo classi ersarecombined
via afunction to obtainanew activation f,geq Thisal-
lows the two original activation mapsto be megedinto a
new activationmap,in which the activation for ary image
window is givenby

fused (7)
Differentchoicesfor the function above combinethe
two kindsof informationin differentways.To nd aneffec-

produces
, While thepart-

1In theimplementationthemapswereobtainedby shifting a
window in stepsof 4 pixelsin the horizontaldirectionand?2 pixelsin the
verticaldirection.

tive combinationwe learn automaticallyfrom the train-
ing images. Eachtraining image is representedy the
2-elementvector . Thesetraining vectors,
alongwith the correspondingpositive (object) or negative
(non-object)abelsof theimagesarethenfed asinputto a
supervisedearningalgorithmto learna functionthatgives
goodclassi cationaccurag onthetrainingset.

In our implementation, is learnedasa function of the
individual activationsby a simpleperceptron Experiments
were performedwith both linear and quadraticfunctions.
(Notethatalinearlearningalgorithmcanbeusedto learna
higherdegreepolynomialby addinghigherordertermsand
thenlearningthecoefcients of theseermsasalinearfunc-
tionin thenew space.Wefoundthataquadratidunctionof
theindividual activationsgiveshigh classi cationaccurag
onthetrainingset;thisis usedin the nal implementation.

Thenew activationmapthusobtainedcontainsinforma-
tion from both detectors. The sameinferencealgorithm
usedon the earlieractivation mapscannow be appliedto
this new mapto form a betterdetectiorhypothesisTheap-
proachdescribecherecanbe usedto combineinformation
from ary setof detectorghatrely on classi erswhich can
give activationvaluesto produceactivationmaps;by learn-
ing a simplefunction over theseactiations,the individual
mapscanbe meigedinto a nev mapthatallows betterin-
ferencefor objectdetection.

5 Experimental Results

We evaluatedour approachon the car image database
usedin [1]. The databaseontains1000 training images
(500 positive and 500 negative), and 170 testimagescon-
taining 200 carsin all. Theimagesin this databaseareall
natural; they aretaken from differentsourcesandinclude
imageswith occlusionandclutteredbackgroundsTheeval-
uationschemeusedfor evaluatingdetectionsascorrector
falseis the sameasthatusedby [1].

Figure 2 shaws the resultsof the three approachesn
this testset. The performanceof our ICA-basedapproach
is comparabldo thatof the part-base@pproachHowever,
whenthe strengthf thetwo approachearecombinedus-
ing our fusionmethod the performancef theresultingde-
tectorsurpassesachof theindividual detectors.

For eachof the threemethods the point at which that
methodgiveshighestrecall (togethemwith highestprecision
atthatrecall) is shovn in Tablel. The combineddetector
givesdistinctly higheraccurag thanthe individual detec-
torsin termsof both recall and precision. Figure 3 shavs
samplef the outputof our detector

6 Conclusions

We arguedthatbothglobalandlocal informationareim-
portantfor the objectdetectiontask. We describedwo de-
tection algorithms- one that usesglobal information via



Figure 3. Examplesof testimagesonwhich our combineddetectorachieved perfectdetectiorresults.Note thatthewindows are
drawn atthe exactlocationsoutputby the detector Multiple detectiongorrespondingo a singleobjectarenot allowed.

Performance of Detectors
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0.1, —— Part-Based (Local Information)
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Figure 2. Performanceof the differentmethodson the
car image test set containing200 cars. Recall measures
the numberof correctdetectiongelative to the total num-
berof positves(here,200)in thedatabase{  precision
measurethe numberof falsedetectionselative to thetotal
numberof detectiongmadeby the system.Differentpoints
onthecurwe areobtainedby varyinganactiationthreshold
parametelin the classi er activation map. The combined
detectorachievesdistinctly superiomperformancehaneach
of the two individual detectors. (Important: note that the
X-axisrangeis [0, 0.5] for clarity.)

an ICA-basedrepresentationand anotherthat useslocal
information via a part-basedepresentation and shoved
how afunctionthatcombineghetwo kinds of information
in an effective way canautomaticallybe learnedfrom the
trainingimages.We shaved that combiningthe two kinds
of information gives distinctly superiorperformancehan
theindividual detectorsThe combineddetectionalgorithm
achievesahigh detectioraccurag of 94%onadif cult test
setof real-world imagesof cars.

Ourapproactshavsthata powerful objectdetectiorsys-
temcanbebuilt by fusingdifferentkinds of informationin
images.Our framewvork caneasilybe extendedto combine
informationfrom severaldifferentdetectorsTheadwantage
of thisapproachis thatit canbe usedto look at several dif-
ferentaspectof theinput datain parallel,andthe outputs
of theindividual detectorganthenbecombinedn asimple
stepto form a highly accuratadetectionsystem.

Detection|No. of correct| Recall| No. of false | Precision
method |detections — |detections S
ICA-based 184 92.0% 139 56.97%
Part-based 180 90.0% 97 64.98%
Combined 188 94.0% 61 75.50%

Table 1. For eachdetectionmethod,the point at which
highestrecallis achieved (and highestprecisionat thatre-
call) is shavn. The combineddetectorgiveshigheraccu-
ragy thanthe individual detectorsin termsof both recall
andprecision.
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