
BoostedDetectionof Objects and Attrib utes

Abstract

We presenta new framework for detectionof objectandat-
tributesin imagesbasedon boostedcombinationof prim-
itive classifiers. Theframework directly minimizesthe de-
tectionerror by learning a setof simple, computationally
efficient threshold-baseddetectors. We apply this frame-
work to segmentationof humanskinanddetectionof faces
in images. We showthat despiteits simplicity the method
performson par with more complex traditional modelsin
detectionaccuracy while outperformingthemin scalabil-
ity. Thiscanbeespeciallybeneficialin applicationsof the
framework to real-timedetectiontasks.

1. Intr oduction
Statistical models for detectionof objects and their at-
tributes in imageshave been popular for a number of
years. Different modelsof varying degreesof complex-
ity have beenproposedandutilized in taskssuchasedge
andcolor detection[1, 2, 3, 4, 5], and facedetectionand
recognition[6, 7, 8, 9], to namejustafew. A commonthread
of theseapproachesis thattheir improvedperformanceusu-
ally cameat thecostof highcomputationalandalgorithmic
complexity. Similarly, computationallysimplertechniques
oftenrequiredlargeamountsof datato compensatefor the
weaknessesof themodel.Examplesof thesetrendsmaybe
seenin, for instance,facedetectorsof Rowley etal. [8] and
skinmodelsof JonesandRehg[5].

Recentdevelopmentsin the theoryof machinelearning
andappliedstatisticshave shown thatsimplecombinations
of weakmodels(learners,classifiers,regressors)mayhave
asurprisinglyeffectivecombinedperformance.Techniques
suchasbagging andboosting[10] have provedbothpracti-
cally andtheoreticallythatparticularchoicesof combining
simplestatisticallearnersmaysignificantlyreducenot only
the training error but also the moreelusive generalization
error.

In this paperwe show how onesuchtechniquecanbe
utilized for the taskof objectdetection. We first describe
a generaltheoryof boosting,motivatedby a numberof its
appealingtheoreticalproperties.Wethenproposeaboosted
useof simplethresholdingclassifiersthat leadsto compu-
tationally simple yet highly accuratedetectorsof objects
andtheir attributesin images.Finally, we demonstratethe
utility of our approachby constructingsimpleboostedde-

tectorsfor theproblemsof color-basedimagesegmentation
andfacedetection.

2. BoostedCombination of Classifiers
Boosting(c.f. [10]) is alearningtechniquewhichhascaught
attentionin the statisticalandmachinelearningcommuni-
ties. The Boostingalgorithmworks by sequentiallytrain-
ing a seriesof weaklearnerswhich arethencombinedinto
a singlestrongclassifier. Eachweaklearner(classifier)at-
temptsto minimizeclassificationerroronaparticulardistri-
bution of thetrainingdata.FreudandSchapire[10] proved
that the boostedcombinationof classifiersnot only mini-
mizestheempiricalclassificationerror(“error on thetrain-
ing set”) but also leadsto a minimizedboundon the true
Bayesianerror (“error on the testset.”) Variousclassifiers
of differentcomplexity suchasnaive Bayes,decisiontrees
andBayesiannetworks,havebeenusedin placeof theweak
learnerandhaveall leadto significantlyimproved(boosted)
final classificationperformancein a numberof empirical
studies.

Considerasupervisedbinaryclassificationproblemwith
trainingdatagivenby
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This taskbecomesfeasibleandcanbeaccomplishedusing
theAdaboostalgorithm:

ADABOOST

1. Given
� � �<�_� 	 ��
 	 ����������������`'�@
�`a����b*
��c ��#%$���&'$��

initialize> 	d��e]�I��$gf4hi�
2. For j ��$����������@k

(a) Train classifier
(�l

using data
�

and dis-
tribution > l .

(b) Choose m l � $n�o�prq $^# 0 l0 lts
where 0 l �vu!w 7yx[8 (�l �����z�a9�"
��{; .

(c) Update> l�| 	 ��e]�I} > l �_e6�[X4Y[Z?�]# m l 
�� (�l �����=���4�
3. The final hypothesis is~ �_���C�v�Nez�������El�� 	 m l ( l ���
�6�"�

Adaboostalgorithmstartsby assigningequalweight to
all training examples. In eachiteration, the weight of the
misclassifiedsamplesis increasedand the weight of cor-
rectly classifiedsamplesis decreased.In otherwords,each
successive classifierfocuseson samplesnot learnedby the
previousmodels.Theweightingfactorondataatstep j de-
pendsontheexpectederror 0 l J 	 madeby thepreviousclas-
sifier. After

k
iterationsthefinal classifieris constructedas

a linear combinationof individual
k

models. The weight
givento eachclassifierin thecombinationis proportionalto
theempiricalerrortheclassifiermakeson thetrainingset.

As mentionedbefore, the Adaboostalgorithm can be
shown to minimize a boundon the empiricalerror. If the
weights(

m l
) are chosenin the way describedabove, the

trainingerroris boundedby� l�� n�� 0 l �]$�# 0 l �=� (1)

Onecannotethat,if eachof theindividualweakclassifiers

performsat leastslightly betterthantherandom,the train-
ing errordecreasesexponentially. Schapireet al. [10] have
alsoshown thatthegeneralizationerrorof thefinal hypoth-
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and Adaboostindeedmaximizesthe margin of the com-
bined classifier. Empirically it hasbeenshown that Ad-
aboostis ableto generalizewell for any reasonable

k
.

We next show how boostingcan be usedto construct
highly accurateyet simpledetectorsof objectsandtheir at-
tributesin images. We employ simple thresholdingfunc-
tions as the weak classifiers

(�l
. Training of eachweak

classifiernow reducesto optimalselectionof its threshold.
We demonstratetheutility of theboostingapproachon two
commoncomputervisiontasks:color-basedimagesegmen-
tationandfacedetection.

2.1 BoostedSkin Color Segmentation

Segmentationof imagesinto skin color regions and non-
skin color regionsis a commonpracticalproblemin com-
puter vision. Skin segmentationis often the first step in
solving morecomplex vision problems.For example,one
canuseskincolor-basedimagesegmentationto localizedif-
ferentbodypartsandthenusemorecomplex algorithmsin
justthoseportionof theimagesto doimprovedtracking,de-
tectionof handsandfaces.However, becausemostof this
taskrelieson theperformanceof thebasiccolor basedseg-
mentationtechnique,it becomesimperativethatthemethod
adoptedis accurate.At the sametime, it is alsonecessary
to havea computationallyefficient techniqueasonecannot
afford a highoverheadfrom thebasicsegmentation.

A numberof skin detectiontechniqueshave beensug-
gestedin literature(c.f. [1, 2, 3,4, 5]). Amongthemostsuc-
cessfularelearning-basedstatisticaltechniques.In general
thetechniquescanbedividedinto two categories:paramet-
ric, suchasGaussiansmixtures,andnon-parametric,such
ashistograms.Gaussianmixturemethods[1, 2] work well
for smalleramountsof trainingdata(providedthey aresuf-
ficient to learnthe parameters)but do not show goodgen-
eralization. Moreover, complex Gaussianmodelsrequire
overheadin floating computationswhich can make them
impracticalfor implementationon, for instance,handheld
devices.Histogram-basedtechniques[5] exhibit very good
performance,but they requirelargeamountsof trainingdata
andfine bin size.

Boosting provides an alternative to thesemethodsby
reducingboth the memoryandthe computationalrequire-
ments. By optimally combininga setof simpleskin color
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classifiers,boostedskin detectoroptimizesskin detection
rate on the training set of imagesand, at the sametime,
generalizeswell to unseendata.

In our implementation,boostedskin detectorclassifies
eachimagepixel aseitherskin or non-skin. The detector
consistsof a numberof weak,threshold-baseddetectors:(�l  ����4�_��� �A�@�N�I����ez�<�I�_�\ �¡=¢�#£�<��¤¥�
Here,
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denotestheimagepixel,
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is thedecisionthreshold,
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selectsthecolor componentof thepixel, for instance�¦ §��¨©�2ª��@«¬�
. Therefore,eachthresholddetectortakes

one color componentof the pixel as its input, compares
it againstthreshold

�
andlabelsit asthe skin or non-skin.

Optimal choiceof
�
, or learningof weakclassifiersin the

boostingframework, correspondsto the threshold
�<­

and
component

��­
thatyield thelowestmisclassificationrateon

thetrainingsetof pixels.
In this work we assumediscrete-valuedcolor compo-

nents,hencea fixedsetof possiblethresholds,
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, suf-
fices.For instance,

®
canbe255or someotherinteger. For

a ¯ componentcolor space( ¯ ��°
for RGB, for instance)

the spaceof all possiblethresholdfunctionshas
®%±

ele-
ments.However, sinceour methodis treatingcomponents
independentlyof eachother, theeffective spacereducesto¯ ® . The boostedcolor detectoralgorithmis now simply
theADABOOSTalgorithmof Section2 with thefollowing
trainingstep:

SKINBOOST

2(a) Select a threshold function among ¯ ® possi-
ble functions which minimizes1the classifica-
tion error on the training set,
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is ‘skin’ or ’non-skin’.

Theupperlimit on thenumberof weakclassifiers
k

is ap-
proachedwhenthetrainingerrorfalls to zeroor wheneach
subsequentweakdetectorfailsto yield furtherimprovement
( 0 l � M �¼» ).

1It canbeeasilyshown thattheerrorof thisclassifieris lessthan ½�¾4¿ ,
providedwealsoallow negatingtheoutputof thethresholdfunction.This
meansthatoneeffectively needsto doublethenumberof weakdetectors
to À�Á!ÂÄÃÆÅ , correspondingto Ç=È�É�Ê and Ë\Ç=È�É�Ê .

Boostedskin detector
~ �_���

obtainedin this fashionre-
lies on the superpositionof weightedthresholdingfunc-
tions. An exampleof the complex thresholdfunctionsis
shown in Figure1. Notethat thefinal boosteddetectoris a
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Figure1: Boostedcolordetector. Shown arelinearcombinaitons
of weakdetectors(thresholdingfunctions)assignedto R,G,andB
channels,respectively. FinaldetectorÌ*Í{Î[Ï is aweightedandthen
thresholdedcombinationof thethree(R,G,B)functions.Horizon-
tal axiscorrespondsto intensitiesin thethreechannels.

thresholdedlinearcombinationof thethreefunctions.This
superposition,in turn, resultsin adaptivepartitioning of
color spaceinto regionsassignedto oneof thetwo classes,
skinandnon-skin.

Even though the classifiersat eachstep of this algo-
rithm are trivial and the optimization/learningcan be ac-
complishedby a simple exhaustive search,the combined
performanceof theboostedmodelis very good.Moreover,
detectionprocesssimply involvesevaluationof

h
thresh-

old functionswhich canbe efficiently implementedusing¯ lookup tables. In the next sectionwe presentresultsof
skin color segmentationusingour classificationtechnique.
We alsoincludea comparisonwith boththeGaussianmix-
turesandthehistogrammodelsin two differentcolorspace.

2.2 BoostedFaceDetection

Facedetectionis anotherimportantbasictaskoftenencoun-
teredin computervision. A numberof applicationshave
beendevelopedthat require recognitionof humanfaces.
Even thoughfacedetectionis a difficult task and various
methodsthat have beenusedareoften complex, we show
how a simpleboostedalgorithmcanbe usedto accurately
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andefficiently solve this detectiontask.
A numberof models,primarily statistical,haveexplored

variousways of modeling faces[6, 7, 8, 9]. Unlike the
taskof color-basedsegmentationwhichimposeslittle if any
spatialconstraintson themodel,detectionof facesalsore-
lieson spatialconstraints.To extendtheproposedboosting
framework to detectionof facesweconsiderasetof simple
weakclassifiersof thefollowing form:(�l  � �4�KÐ£� �A�@Ñz�I�v��ez�<�I� +  ÓÒÓ¢?#£�<� ¤ �Ð

now denotesa vectorizedimageof gray-scalepixel val-
uesand

+  ÓÒÓ¢
is its

ÑÆ#¦� (
component(pixel). Analogousto

the color detectiontask,eachthresholddetectortakesone
imagepixel asits input,comparesit againstthreshold

�
and

labelsit asthe“f ace”or “non-face”. Learningof theweak
classifiersnow correspondsto thethreshold

� ­
andpixel

Ñ ­
thatyield the lowestrateof erroron thetrainingsetof im-
ages.The restof the facedetectionalgorithmassumesthe
samegeneralform of ADABOOSTwheretheweakclassi-
fier learningstepbecomes

FACEBOOST
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is ‘face’ or ’non-face’.

Even thoughit seemstrivial for the taskof facedetec-
tion, experimentalresultsin the next sectionindicatethat
its performanceis betterthanthatof somecomplex classi-
fierssuchassupportvectormachines.

Boostedfacedetectionalgorithmselectsanoptimalsub-
setof imagepixels

��Ñ=­l �
andthresholds

���<­l �
corresponding

to thosepixelsthatbestdiscriminatefacesfrom non-faces,
while minimizing the detectionerror. Figure 2(a), shows
anexampleof anaveragefaceobtainedfrom trainingdata.
Figure2(b)showsa typical “f ace”imagesampledfrom the
function learnedusingboosting. Eachnon-whitelocation
correspondsto a pixel selectedby theboostingalgorithms.
Intensityof eachselectedpixel is in turn determinedby a
linearcombinationof thethresholdingfunctions.Similar to
thecaseof thecolor classifier, theselectedpixel mayhave
oneor moresuchthresholdingfunctionsthatspecifyranges

of intensitiesassociatedwith facesandnon-faces.Theex-
ampleimagesindicatesthatthepixelsselectedby thealgo-
rithm arethe oneswhich correspondto the importantfea-
turesof theface(eyes,mouth,noseandhair). This follows
our intuition andagreeswith theaveragefaceshown in Fig-
ure2(a).

(a) Average
face

(b) “Boosted
face”

Figure2: Pointson the “boostedface” align with mostdescrip-
tive featureson theaverageface.“Boostedface”wasobtainedby
samplingfrom thelearnedboostedthresholdmodel.

It is onceagainimportantto stressthat theboostedface
detectorselectsonly a subsetof all image pixels. This
clearly reducesthe computationalcomplexity of detection
becauseonly a small numberof pixels needsto be exam-
ined. Moreover, computationof thethresholdfunctioncan
beimplementedusinga fastlookuptable.

In the next sectionwe presentdetailsof the detection
experiments. We compareperformanceof the boosting
methodwith standardmethodslikeSVM andnearestneigh-
borclassifier.

3. Experiments
We conductedtwo seriesof experimentsto evaluatethe
power of our boosteddetectormodels.The first setof ex-
perimentsinvolved segmentationof imagesinto skin and
non-skincolor regions.Thesecondsetof experimentsdealt
with thefacedetection.

3.1. Skin Color Segmentation
Thealgorithmfrom Section2.1wasusedfor skincolorseg-
mentation.We havecomparedits performanceto two stan-
dardskin color modelsbasedon histogramsandGaussian
mixtures.

We selecteda boostedskin detectorwith 16 threshold
levels in eachcolor channel. Comparablehistogramand
Gaussianmixturemodelshad16uniformbinsin eachchan-
nel and threemixture components,respectively. Finally,
weconsideredthreetypicalcolorspaces:RGB,normalized
RGB, andHSV. All modelsweretrainedandevaluatedon
thesamedatasetof 1200images.Groundtruth labelingof
all imagepixelsin thedatasetwasdonemanually.
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Method Err Det FalsePos
Boosting 11.52 89.58 12.63

Mixture of Gaussians 11.49 89.28 12.26
Histogram 12.45 91.37 16.27

Table1: Percentageerror, detectionrate,andfalsepositives
(perpixel) in RGB space.

Figure3.1 shows an exampleof the empiricalerror be-
havior on the training andthe testsetsduring training. As
expected,the test error continuedto decreaseeven when
thetrainingerrorbecamestationary, indicatinggoodgener-
alizationperformanceof themodel.

Figure3: Error of classificationon the training andtestsetsas
a function of the numberof weak detectors. Note that the test
errorcontinuesto decreaseevenwhenthetrainingerrorreachesa
plateau,asthenumberof weakdetectorsincreases.

Skin segmentationresultsaresummarizedin Tables3.1
through3.1. We observe that in eachcasethe boostedde-
tector comparesfavorably in error rate and falsepositive
rateto boththehistogrammethodandthemixtureof Gaus-
sian. This suggeststhat a simpleboosteddetectormay be
the desiredchoiceamongthe threemodelsgiven its low
computationalcomplexity andmemoryrequirements.

Finally, we appliedour boostedskin detectorto a num-
ber of arbitrary color imagesfrom the web. Figure 4(b)
illustratesvery goodskin segmentationresultsobtainedon

Method Err Det FalsePos
Boosting 10.95 90.77 12.69

Mixture of Gaussians 12.61 94.15 19.37
Histogram 12.45 91.81 16.71

Table2: Percentageerror, detectionrate,andfalsepositives
(perpixel) in normalizedRGBspace.

Method Err Det FalsePos
Boosting 9.51 93.20 12.27

Mixture of Gaussians 10.96 87.52 9.44
Histogram 12.71 91.40 16.82

Table3: Percentageerror, detectionrate,andfalsepositives
(perpixel) in HSV space.

oneof thoseimages.

3.2. FaceDetectionExperiment
We conducteda setof preliminaryexperimentsto evaluate
the boostedfacedetector. Our training setcontained1400
frontalfaceimagescroppedoutof imagesdownloadedfrom
theweb. Eachimagewasrescaledto a 16x16window and
normalizedfor intensity. We randomlychoseanother1400
imageswhich did not containany faces. Part of the data
wasusedfor trainingandtherestwasemployedfor testing
(five fold crossvalidationwasdoneto obtainconsistency in
theperformancemeasure.)

Table3.2outlinesclassificationperformancefor four dif-
ferentclassifiers:boostedfacedetector, supportvectorma-
chine (SVM) with a linear kernel function, SVM with an
RBF kernel,anda nearestneighborclassifier. It is evident
that theboosteddetectoroutperformstwo of theclassifiers
and performson par with the complex RBF SVM in the
numberof falsepositives. Althoughnearestneighborclas-
sifier gavethebestdetectionperformanceit alsohadavery
high falsepositive rate. Theerrorvariancein all caseswas
lessthat

$gÕ
, which indicatessignificanceof our results.

Figures 5(a) and 5(b) depict results of applying the
boostedfacedetectoron two arbitrarywebimagesselected
to containmultiple faces.

Again, the complexity of the boostedclassifieris less
than that of the most other classifiers. Note also that the

Method Detection FalsePositives
Boosting 95.13 9.87

SVM (linear) 85.33 33.71
SVM (RBF) 93.0 10.25

NearestNeighbor 96.61 35.04

Table4: Percentageerror in termsof percentageof faces
correctlydetectedandthepercentageof facesmisclassified.
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(a)Original

(b) Skincolor mask

Figure4: Detectionof skincolor in anarbitrarywebimageusing
theboostedskindetector.

(a)

(b)

Figure5: Detectionof facesin arbitraryweb imagesusing the
boostedfacedetector.
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boostedclassifierfacilitatesefficient implementationof the
multiscalesearchbecausetheevaluationis limited to asub-
setof imagepixels.

4. Discussion

Wehaveshown in theprevioussectionsthatoptimalcombi-
nationof simpleclassifiers,determinedby boosting,evenin
abasicstatespace(e.g.,RGBor normalizedintensities)can
leadto detectorswhoseperformanceis comparableto that
of somecomplex classifiers.Onereasonfor this maylie in
thecomplexity of thestatespacepartitionsobtainedin this
fashion.Our framework allows multiple simpleclassifiers
to form complex partitionof thestatespace,adaptedto the
statisticsof thetrainingsetbut, also,with someguarantees
with respectto thetestset.Theseguaranteesindeedseemto
hold well for thesetof experimentswe conducted—forin-
stance,performanceof bothskinandfacedetectorsremains
high over relatively adverselighting conditionspresentin
arbitrarywebimages.Theuseof morecomplex statespaces
(“features”)mayslightly improvedetectionperformancein
termsof (generalized)detectionerror, but it comesatthead-
ditional costin computationalcomplexity. Thismayhinder
applicabilityof thesedetectorsin low-resourceapplications
(e.g.,handhelddevices.)

The inherentperformancescoreof the detectoris the
symmetrictotalclassificationerror, basedonthe G H�J 	 sym-
metric loss. As such,the scoreequallypenalizesall types
of errors(falseandtrue positivesandnegatives). We have
empiricallyshown that,in spiteof that,ourdetectorsexhibit
agoodfalsepositiveperformance,indicatingtheir optimal-
ity andgoodgeneralizationproperties.Unfortunately, ba-
sic formulationof theboostingtheorydoesnotallow oneto
immediatelyutilize non-symmetriclossfunctionsand,thus,
exhibit controlover individual error types.This is onerea-
sonfor thelackof ROCevaluation,commonlyseenin other
detectionstudies.

5. Previous Work

Boostingtheoryhasbegun to find its applicationin com-
putervision in recentyears.For instance,Viola et al. [11]
andPavlovic etal. [12] havebothusedboostingto combine
classifiersof differentcomplexity. Viola’swork focusedon
imagesearchin largedatabases.They usedcomplex filters
andboostingof asinglethresholdclassifierto generatedis-
criminative features.On theotherhand,in our framework
we allow multiple thresholdingfunctionsto generatemore
complex partitionsof the simplerstatespace.Pavlovic et
al. useddynamicBayesiannetworks for eventdetectionin
videoandemployedboostingto improvethisdetector’sper-
formance.Unlikeours,this approachesattemptedto utilize
complex baseclassifiersthatwerenotalwaysguaranteedto

performbetterthan
» M Õ , a constraintnecessaryfor boost-

ing.

6. Conclusionsand Futur eWork
We have presenteda statisticalframework for detectionof
objectsandattributesin imagesbasedon boostingof weak
classifiers[10]. By selectinga simplethresholdedfunction
astheweakclassifierwe have demonstratedhow to obtain
optimal detectorsof skin color and faces. Thesesimple
yethighly efficientclassifiersguaranteeminimizationof the
training error aswell asgoodgeneralizationperformance.
Our preliminary resultson two representative setsof web
imagessuggestthat detectionperformanceof the boosted
detectorsis onparwith thatof themorecomplex traditional
detectionmethodssuchashistograms,Gaussianmixtures,
andsupportvectormachines.However, our methodis of
lower complexity andtrivial to implementandexecute.As
such,theboosteddetectionmethodmayprove appropriate
for applicationsin real-timeand low-resourcecomputing
devices,suchashandhelds.

We plan to conduct further comparative tests of the
boosteddetectorsagainstotherstate-of-the-artmodels.Fur-
thermore,we will extendthe studyto includecomparison
with theweakdetectorsthatoperateon morecomplex fea-
tures,suchsummaryfeatureson imageneighborhoods.
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