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Abstract

This paper presentsa framework for fusing together
global and local informationin imagesto form a powerful
objectdetectionsystem.We begin by describingtwo detec-
tion algorithms.The�r st algorithmusesindependentcom-
ponentanalysis(ICA) to derive an image representation
thatcapturesglobal informationin theinputdata.Thesec-
ond algorithm usesa part-basedrepresentationthat relies
on local propertiesof thedata.Thestrengthsof thetwode-
tectionalgorithmsare thencombinedto form a more pow-
erful detector. Theapproach is evaluatedon a databaseof
real-world imagescontainingsideviewsof cars. Thecom-
bined detectorgivesdistinctly superior performancethan
each of theindividual detectors,achievinga high detection
accuracyof 94%on thisdif�cult testset.

1 Intr oduction

Objectdetectionin imagesis an importantproblemthat
hasrecentlygaineda lot of attentionin thevision commu-
nity. Themainchallengein objectdetectionarisesfrom the
widerangeof variationsacrossdifferentimagingconditions
andacrossdifferentobjectsin theobjectcategory of inter-
est.To besuccessful,any approachto theproblemmustbe
ableto generalizeover thesevariations.

Most approachesthat have beenproposedfor the prob-
lemrely onsomeunderlyingfeaturerepresentationto facil-
itate this generalization.The featurerepresentationcanbe
eitherthe raw pixel-basedrepresentation,or a higherlevel
representationobtainedby applyingsometransformationto
the raw imagedata. Differentrepresentationscapturedif-
ferentkindsof informationin thedata. In particular, some
representationscaptureglobalinformationin images,while
otherscapturelocal properties.Althoughboth approaches
work well to acertainextent,eachis limited by thefactthat
it ignoresotherinformationthatmayalsobeimportant.

In this paper, we presentan approachthat allows both
global and local informationto be fusedtogether. In par-
ticular, we describetwo detectionalgorithms,onethatuses
globalinformationin imagesandanotherthatreliesonlocal
information,andshow how thesetwo kindsof information
canbemergedtogetherto form a morepowerful detection
system.As a testbedfor our approach,we choosea dif�-
cult testsetof real-world imagesthatcontainsideviews of

carsagainstvariednaturalbackgrounds.Our experiments
on this testsetshow that combininginformationfrom the
two detectorsoutperformseachof themindividually.

We presentour �rst detectionalgorithm,which captures
globalpropertiesof thedatausingindependentcomponent
analysis(ICA), in Section2. Section3 describesthe sec-
onddetectionalgorithm,which usesa part-basedrepresen-
tationto capturelocalpropertiesof thedata.In Section4 we
presentour approachfor fusing the two kinds of informa-
tion. Section5 presentsour experimentalresults,followed
by conclusionsin Section6.

2 ICA-BasedApproach: Global Inf ormation

In this approach,we use ICA to extract a set of in-
dependentcomponentsfrom somesampleobject images.
Theseindependentcomponentsareusedasa basisto form
a representationfor images.Boostingis thenusedto learn
anobject/non-objectclassi�er basedon this representation,
andthe learnedclassi�er is usedto develop a detectorfor
theobjectclass.

2.1 Representationusing ICA

ICA canbe viewed as an extensionof PrincipalCom-
ponentAnalysis(PCA). PCA reliesonly on thesecondor-
derpropertiesof thedata,thusignoringmuchof the infor-
mationthatmaybecontainedin higherorderrelationships
amongthe imagepixels. ICA separateshigherordermo-
mentsof theinput in additionto secondordermoments.

The idea behindusing ICA is to �nd a set of statisti-
cally independent“source” imagesfor a setof object im-
ages.This is doneusingthefollowing model:
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Theproceduredescribedin [2] is usedto �nd theunmixing
matrix � . This is thenusedto obtaintheunmixedsources
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somepermutation(detailsareomitteddueto lackof space):
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In our experiments,we appliedthis techniqueto 200 car
images,whereeachimageis of size ����������� . Someof the
independentcomponentsobtainedare shown in Figure 1.
Theseform a setof independentbasisimages,andcanbe
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Figure 1. Left: Examplesof the independentcompo-
nentsobtainedusingtheICA approach;this representation
capturesglobal information. Right: Examplesof theparts
obtainedusingthepart-basedapproach;this representation
captureslocal information.

viewedasproviding asetof statisticallyindependentimage
features.Eachimageis representedin termsof thisbasisas
a featurevectorcontainingthe normalizeddot productsof
theimagewith eachof theindependentcomponents.Since
this representationrequiresoperatingontheentireimage,it
canbeviewedascapturingglobalinformationin theimage.

2.2 Classi�cation usingBoosting
Boostingis a techniquefor combiningweaklearnersto

form astrongclassi�er. It hasbeenusedsuccessfullyin var-
iousproblemsin vision, includingimageretrieval [6], face
detection[7] andimagesegmentation[5]. In all theseap-
proaches,animageis representedasasetof somefeatures.
Eachfeature(with anassociatedthreshold)is thentreatedas
abaseclassi�er, andboostingis performedto learnastrong
classi�er asanensembleof thesebaseclassi�ers.

In our method,each ����������� training image(andlater
each

�����������
window in thetestimages)is representedas

a featurevectorobtainedfrom the independentcomponent
basis(asdescribedabove). Boostingis thenperformedover
thesefeatures.WeusetheAdaBoostalgorithmdescribedin
[4]. At eachiteration,wemodeleachfeatureasamixtureof
two gaussians,with a gaussiancorrespondingto eachclass
(objectvs. non-object).Basedon the currentweight over
thedata,theoptimalthresholdis computed;thefeatureand
this learnedthresholdarethenusedto classifythedata.The
featurethatgivesminimumclassi�cationerroron thetrain-
ing set,alongwith the correspondingthreshold,is chosen
is asthebaseclassi�er for thatparticulariteration. A �nal
classi�er ��� is thenlearnedasa combinationof thesebase
classi�ers,weightedandthresholdedappropriately:
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whereeach+

(

denotesa featureof theinput  , /

(

thecorre-
spondinglearnedthreshold,

*

(

theweightassignedto this
featureby theboostingalgorithm,and / theoverall thresh-
old. (Again, detailsareomitteddue to lack of space;the
approachis similar to that in [5].) In additionto thebinary
classi�cationgivenby thethresholdedcombination,theab-
solutevalue(without the threshold)canbeusedto give an
activationor con�dencevalue:
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The activation valuesareusedto form a classi�er activa-
tion mapthatallows the learnedclassi�er to beusedasan
effectivedetector;thisstepis discussedin Section4.1.

3 Part-BasedApproach: Local Inf ormation
In thissectionwedescribeanobjectdetectionalgorithm

thatusesapart-basedrepresentation.Only abrief overview
is givenhere;adetaileddescriptioncanbefoundin [1].

3.1 RepresentationusingParts
A vocabulary of partsis �rst constructedautomatically

from a set of sampleobject images. This is doneby us-
ing aninterestoperatorto selectpointsin theimagesbased
on local signalbehavior; small imagepatchesarethenex-
tractedaroundtheseinterestpointsto form thepartvocab-
ulary. Someof thepartsobtainedareshown in Figure1.

This part vocabulary is then usedto representimages.
Given a new image,we determinewhich of the vocabu-
lary partsarepresentin it. This is doneby �nding interest
pointsin the imageto focusattentionon the interestingre-
gions,andthencomparinglocalpatchesaroundthesepoints
to partsin the vocabulary. Vocabulary partsthat aresuf�-
ciently similar to suchinterestpatchesareconsideredto be
presentin the image.Thepartsthusdetectedin the image,
togetherwith spatialrelationsamongthem,areusedasbi-
naryfeaturesto form a representationfor the image.Since
this representationrequiresonly local operators,it canbe
viewedascapturinglocal informationin theimage.

3.2 Classi�cation usingSNoW
Basedon theabove part-basedfeaturerepresentation,a

classi�er to classify �9���:�;��� imagesasobjector non-object
is learnedusingtheSNoWlearningarchitecture[3]. SNoW
is a feature-ef�cient variationof thewinnow learningalgo-
rithm, and is thereforeuseful in this caseas the potential
numberof part andrelationfeaturesis very large. SNoW
learnsa linearthresholdfunctionfor eachclassin theclas-
si�cation task(in this case,objectandnon-object).Given
an input  , theclassi�er �=< predictstheclassaccordingto
thefollowing function:
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aretheweightsandthresholdof thefunc-
tion correspondingto the positive (object) class,and
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thosecorrespondingto the negative (non-object)
class. (Note: the features+

(

herearedifferent from Sec-
tion 2.2; they arebinaryfeaturesindicatingthepresenceor
absenceof avocabularypart,or of aspatialrelationbetween
two suchparts.)Whenappliedto aninput vector, thelinear
thresholdfunction correspondingto the positive classcan
beusedto giveanactivationor con�dencevalue:
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Again, theseactivationsareusedto form an activation
mapfor detection;this stepis describedin Section4.1.

4 Fusionof Global and Local Inf ormation

Thedetectionalgorithmdescribedin Section2 usespri-
marily globalinformationin images,whereasthealgorithm
of Section3 reliesprimarily on local information.Thissec-
tion presentsanapproachfor fusingtogethertheglobal in-
formationfrom the �rst methodandthe local information
from thesecondto form a morepowerful detectionsystem.
We make useof the con�denceof eachschemewhich is
thenusedto make thecombineddecision.The activations
of eachof thesemethodsaretreatedastheir con�dencein
the classi�er output. We �rst describehow the activations
producedby eachclassi�er areusedto form a classi�er ac-
tivationmapfor detection.We thendiscusshow theactiva-
tion mapsproducedfrom the two individual classi�ersare
mergedtogetherto combineinformationfrom both.

4.1 Classi�er Activation Map

Given a classi�er � that canclassifyan imageasposi-
tive (object)or negative (non-object)basedonsomeactiva-
tion value 5 it produces,detectionin animageproceedsby
shifting a �������0��� window over the imageandapplying
theclassi�er to eachsuchwindow

*

. Theactivationvalues
5

�

*

" producedby the classi�er at the variouswindow lo-
cationsyield a classi�er activation map[1]. This maphas
high valuesat locationswheretheclassi�er hashigh con�-
dencein its positiveclassi�cation.Thealgorithmdescribed
in [1] is usedto analyzethis mapfor activationpeaks,giv-
ing accuratelocalizationof objectsandpreventingmultiple
detectionscorrepondingto asingleobjectin theimage.

4.2 Fusion of Classi�er Activation Maps

Givenatestimage,theICA-basedclassi�er �L� produces
anactivationmapbasedonits activations5

� , while thepart-
basedclassi�er �=< producesanactivationmapbasedon its
activations 5

< .1 Eachmapcapturesinformationbasedon
the correspondingclassi�er, which in turn capturesinfor-
mationbasedon the representationit uses. Eachof these
mapscanbeusedto performdetectionasdescribedabove.

To combineinformationfrom the two detectors,theac-
tivations 5

� and 5

< from the two classi�ersarecombined
via a function M to obtaina new activation 5

fused. This al-
lows the two original activation mapsto be mergedinto a
new activationmap,in which the activation for any image
window

*

is givenby
5
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Differentchoicesfor the function M above combinethe
two kindsof informationin differentways.To �nd aneffec-

1In theimplementation,themapswereobtainedby shiftinga QSRPR.T:UPR

window in stepsof 4 pixels in thehorizontaldirectionand2 pixels in the
verticaldirection.

tive combination,we learn M automaticallyfrom the train-
ing images. Eachtraining image  is representedby the
2-elementvector �

5

�N�! �"PO

5

<��! �"C" . Thesetraining vectors,
alongwith the correspondingpositive (object)or negative
(non-object)labelsof theimages,arethenfed asinput to a
supervisedlearningalgorithmto learna functionthatgives
goodclassi�cationaccuracy on thetrainingset.

In our implementation,M is learnedasa functionof the
individual activationsby a simpleperceptron.Experiments
were performedwith both linear and quadraticfunctions.
(Notethata linearlearningalgorithmcanbeusedto learna
higherdegreepolynomialby addinghigherordertermsand
thenlearningthecoef�cients of thesetermsasalinearfunc-
tion in thenew space.)Wefoundthataquadraticfunctionof
theindividual activationsgiveshigh classi�cationaccuracy
on thetrainingset;this is usedin the�nal implementation.

Thenew activationmapthusobtainedcontainsinforma-
tion from both detectors. The sameinferencealgorithm
usedon the earlieractivation mapscannow be appliedto
thisnew mapto form abetterdetectionhypothesis.Theap-
proachdescribedherecanbeusedto combineinformation
from any setof detectorsthat rely on classi�erswhich can
giveactivationvaluesto produceactivationmaps;by learn-
ing a simplefunctionover theseactivations,the individual
mapscanbe mergedinto a new mapthat allows betterin-
ferencefor objectdetection.

5 Experimental Results

We evaluatedour approachon the car imagedatabase
usedin [1]. The databasecontains1000 training images
(500 positive and500 negative), and170 test imagescon-
taining200carsin all. The imagesin this databaseareall
natural; they are taken from differentsourcesand include
imageswith occlusionandclutteredbackgrounds.Theeval-
uationschemeusedfor evaluatingdetectionsascorrector
falseis thesameasthatusedby [1].

Figure 2 shows the resultsof the threeapproacheson
this testset. The performanceof our ICA-basedapproach
is comparableto thatof thepart-basedapproach.However,
whenthestrengthsof thetwo approachesarecombinedus-
ing our fusionmethod,theperformanceof theresultingde-
tectorsurpasseseachof theindividualdetectors.

For eachof the threemethods,the point at which that
methodgiveshighestrecall(togetherwith highestprecision
at that recall) is shown in Table1. The combineddetector
givesdistinctly higheraccuracy thanthe individual detec-
tors in termsof both recall andprecision. Figure3 shows
samplesof theoutputof ourdetector.

6 Conclusions

Wearguedthatbothglobalandlocal informationareim-
portantfor theobjectdetectiontask.We describedtwo de-
tection algorithms- one that usesglobal information via
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Figure 3. Examplesof testimagesonwhichourcombineddetectorachievedperfectdetectionresults.Notethatthewindowsare
drawn at theexact locationsoutputby thedetector. Multiple detectionscorrespondingto a singleobjectarenot allowed.
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Figure 2. Performanceof the differentmethodson the
car image test set containing200 cars. Recall measures
the numberof correctdetectionsrelative to the total num-
berof positives(here,200)in thedatabase;( VXW precision)
measuresthenumberof falsedetectionsrelative to thetotal
numberof detectionsmadeby thesystem.Differentpoints
onthecurveareobtainedby varyinganactivationthreshold
parameterin the classi�er activation map. The combined
detectorachievesdistinctlysuperiorperformancethaneach
of the two individual detectors.(Important: note that the
X-axis rangeis [0, 0.5] for clarity.)

an ICA-basedrepresentation,and anotherthat useslocal
information via a part-basedrepresentation- and showed
how a functionthatcombinesthetwo kindsof information
in an effective way canautomaticallybe learnedfrom the
training images.We showedthatcombiningthe two kinds
of information gives distinctly superiorperformancethan
theindividualdetectors.Thecombineddetectionalgorithm
achievesahighdetectionaccuracy of 94%onadif�cult test
setof real-world imagesof cars.

Ourapproachshowsthatapowerful objectdetectionsys-
temcanbebuilt by fusingdifferentkindsof informationin
images.Our framework caneasilybeextendedto combine
informationfrom severaldifferentdetectors.Theadvantage
of this approachis thatit canbeusedto look at severaldif-
ferentaspectsof the input datain parallel,andtheoutputs
of theindividualdetectorscanthenbecombinedin asimple
stepto form ahighly accuratedetectionsystem.

Detection No. of correct Recall No. of false Precision
method detections, Y Z

<S[\[

detections, ] Z

Z

?7^

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
highestrecall is achieved (andhighestprecisionat that re-
call) is shown. The combineddetectorgiveshigheraccu-
racy than the individual detectorsin termsof both recall
andprecision.
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