BoostedDetectionof Objects and Attrib utes

Abstract

We presenta new framewvork for detectionof objectandat-

tributesin images basedon boostedcombinationof prim-

itive classifies. Theframavork directly minimizesthe de-

tectionerror by learning a setof simple computationally
efficient threshold-basedietectos. We apply this frame-
work to sggmentationof humanskin and detectionof faces
in images. We showthat despiteits simplicity the method
performson par with more comple traditional modelsin

detectionaccuracy while outperformingthemin scalabil-
ity. Thiscanbe especiallybeneficialin applicationsof the
frameworkto real-timedetectiorntasks.

1. Intr oduction

Statistical models for detectionof objects and their at-
tributes in images have been popular for a number of
years. Different modelsof varying degreesof comple-
ity have beenproposedand utilized in taskssuchas edge
and color detection[1, 2, 3, 4, 5], andfacedetectionand
recognition[67, 8, 9], to namegustafew. A commorthread
of theseapproacheis thattheirimprovedperformanceisu-
ally cameatthecostof high computationahndalgorithmic
complity. Similarly, computationallysimplertechniques
oftenrequiredlarge amountsof datato compensatéor the
weaknessegsf the model. Examplesof thesetrendsmay be
seenin, for instancefacedetectorof Rowley etal. [8] and
skin modelsof JonesandRehg[5].

Recentdevelopmentsn the theory of machinelearning
andappliedstatisticshave shavn thatsimple combinations
of weakmodels(learnersclassifiersregressorsinay have
asurprisinglyeffective combinedperformanceTechniques
suchasbagging andboosting10] have proved both practi-
cally andtheoreticallythat particularchoicesof combining
simplestatisticallearneramay significantlyreducenot only
the training error but also the more elusive generalization
error.

In this paperwe shav how one suchtechniquecan be
utilized for the task of objectdetection. We first describe
a generaltheoryof boosting,motivatedby a numberof its
appealingheoreticaproperties We thenproposeaboosted
useof simplethresholdingclassifiersthat leadsto compu-
tationally simple yet highly accuratedetectorsof objects
andtheir attributesin images.Finally, we demonstrat¢he
utility of our approachby constructingsimple boostedde-

tectorsfor the problemsof color-basedmagesegmentation
andfacedetection.

2. BoostedCombination of Classifiers

Boosting(c.f.[10]) is alearningtechniquavhichhascaught
attentionin the statisticaland machinelearningcommuni-
ties. The Boostingalgorithmworks by sequentiallytrain-
ing a seriesof weaklearnerawvhich arethencombinedinto
asinglestrongclassifier Eachweaklearner(classifier)at-
temptsto minimizeclassificatiorerroronaparticulardistri-
bution of thetraining data.Freudand Schapirg10] proved
that the boostedcombinationof classifiersnot only mini-
mizesthe empiricalclassificatiorerror (“error on the train-
ing set”) but alsoleadsto a minimized boundon the true
Bayesiarerror (“error on thetestset?) Variousclassifiers
of differentcompleity suchasnaive Bayes,decisiontrees
andBayesiametworks,have beenusedn placeof theweak
learnerandhave all leadto significantlyimproved(boosted
final classificationperformancein a numberof empirical
studies.

Considerasupervisedinaryclassificatiorproblemwith
trainingdatagivenby S = {(z1,91), --., (Tm,Ym)}, Where
x; is thefeaturevectorandy; is its label,y; € {—1,+1}.
Thegoalof thelearningalgorithmis to solve for aclassifier
h: X — Y thatminimizesthe generalizatiorerror

€gen = Prp[h(z) # y],

where D is the distribution of the data(z,y). However,
directminimizationof €., is impossibleandoneattempts
to minimizethe empiricalerror

€emp = Prf)[h(x) 7£ y] = ZLO—I(wiayi)

where D now denotesthe empirical distribution on the
training setand Ly_1 (x,y) is the 0 — 1 classificationloss
;yh(z) > 0

definedas
0
Lo = { 1 ,yh(z) <0

Neverthelessminimization of the empirical error remains
a difficult task. Schapireand Freud[10] insteadsuggest
minimizationof anupperboundon the classificatior) — 1
loss

Lo—1(z,y) < Lab = exp(—yh(z))



This taskbecomedeasibleandcanbe accomplishedising
the Adaboostalgorithm:

ADABOOST

1. Given § = {(xhyl):'":(xN:yN)}; Yi €
{-1,+1} initialize

D, (i) = 1/N.
2. Fork=1,...,.K

(a) Train classifier hy using data S and dis-
tribution Dy,.

(b) Choose
1 1 1-— €L
= —=In
Ok 2 €L

where ¢, = Prp, [hi () # vi-
(c) Update

Dk+1 ('L) x Dy, (Z) exp(—akyihk (.’E,))

3. The final hypothesis is

K
H(z) = sign (Z akhk(x)> .
k=1

Adaboostalgorithm startsby assigningequalweightto
all training examples. In eachiteration, the weight of the
misclassifiedsamplesis increasedand the weight of cor-
rectly classifiedsampless decreasedin otherwords,each
successie classifierfocuseson samplesiot learnedby the
previousmodels.Theweightingfactoron dataat stepk de-
pendsontheexpectederrore, 1 madeby thepreviousclas-
sifier. After K iterationsthefinal classifieris constructeds
a linear combinationof individual K models. The weight
givento eachclassifierin thecombinatioris proportionalto
theempiricalerrorthe classifiermakeson thetraining set.

As mentionedbefore, the Adaboostalgorithm can be
shavn to minimize a boundon the empiricalerror. If the
weights (o) are chosenin the way describedabove, the
trainingerroris boundedoy

I1 2V —en)] 1)
k

Onecannotethat,if eachof theindividual weakclassifiers

performsat leastslightly betterthanthe random,the train-
ing errordecreaseexponentially Schapireetal. [10] have
alsoshawn thatthe generalizatiorerrorof thefinal hypoth-
esiSe e, IS boundeddy

€gen < Prb(yzakhk(a?) <6)+0 <\/Ni02>

for ary positve # and d (the VC-dimension of h.)
y > aghg(z) canbe viewed asthe mamin of point (z,y)
and Adaboostindeed maximizesthe magin of the com-
bined classifier Empirically it hasbeenshownn that Ad-
aboosts ableto generalizevell for any reasonablés.

We next shav how boostingcan be usedto construct
highly accurateyet simpledetectorsof objectsandtheir at-
tributesin images. We employ simple thresholdingfunc-
tions as the weak classifiershy. Training of eachweak
classifiernow reducego optimal selectionof its threshold.
We demonstratéhe utility of the boostingapproactontwo
commoncomputerisiontasks:color-basedmagesegmen-
tationandfacedetection.

2.1 BoostedSkin Color Segmentation

Sgymentationof imagesinto skin color regions and non-
skin color regionsis a commonpracticalproblemin com-
puter vision. Skin seggmentationis often the first stepin
solving more complex vision problems. For example,one
canuseskincolor-basedmagesegmentatiorio localizedif-
ferentbody partsandthenusemorecomplec algorithmsin
justthoseportionof theimagego doimprovedtracking,de-
tectionof handsandfaces.However, becausenostof this
taskrelieson the performancef the basiccolor basedsey-
mentatiortechniquejt becomesmperatize thatthemethod
adopteds accurate.At the sametime, it is alsonecessary
to have a computationallyefficient techniqueasonecannot
afford a high overheadrom the basicsggmentation.

A numberof skin detectiontechniqueshave beensug-
gestedn literature(c.f.[1, 2, 3,4, 5]). Amongthemostsuc-
cessfularelearning-basedtatisticaltechniquesln general
thetechniqguesanbedividedinto two categories:paramet-
ric, suchas Gaussiansnixtures,andnon-parametricsuch
ashistograms.Gaussiamixture methodq1, 2] work well
for smalleramountsof training data(providedthey aresuf-
ficient to learnthe parametersput do not shov goodgen-
eralization. Moreover, complex Gaussiamrmodelsrequire
overheadin floating computationswhich can make them
impracticalfor implementatioron, for instance handheld
devices. Histogram-basetechniqueg5] exhibit very good
performancebut they requirelargeamountf trainingdata
andfine bin size.

Boosting provides an alternatie to thesemethodsby
reducingboth the memoryandthe computationarequire-
ments. By optimally combininga setof simpleskin color



classifiers,boostedskin detectoroptimizesskin detection
rate on the training set of imagesand, at the sametime,
generalizesvell to unseerdata.

In our implementation boostedskin detectorclassifies
eachimagepixel aseitherskin or non-skin. The detector
consistf anumberof weak,threshold-basedetectors:

hy € {t(x|0,c) = sign(z(®) — 0)}

Here,x denotegheimagepixel, § is thedecisionthreshold,
andc selectghe color componenbf the pixel, for instance
¢ € {R,G,B}. Therefore,eachthresholddetectortakes
one color componentof the pixel asits input, compares
it againstthresholdd andlabelsit asthe skin or non-skin.
Optimal choiceof 8, or learningof weak classifiersin the
boostingframeawork, correspondgo the thresholdé* and
component* thatyield thelowestmisclassificatiomateon
thetrainingsetof pixels.

In this work we assumediscrete-alued color compo-
nents,hencea fixed setof possiblethresholds], .., @, suf-
fices.Forinstance() canbe 2550r someotherinteger. For
aC componentolor space(C' = 3 for RGB, for instance)
the spaceof all possiblethresholdfunctionshas Q¢ ele-
ments. However, sinceour methodis treatingcomponents
independenthof eachother, the effective spacereducedo
CQ. The boostedcolor detectoralgorithmis now simply
the ADABOOST algorithmof Section2 with thefollowing
training step:

SKINBOOST

2(a) Select athreshold function among C'@) possi-
ble functions which minimizes!the classifica-
tion error on the training set, hy = t(6;,c}),
such that

(67> ci) = argmin > De(i) [t(xil6,¢) # ui]

where y; is ‘skin’ or 'non-skin’.

Theupperlimit onthe numberof weakclassifiersK is ap-
proachedvhenthetrainingerrorfalls to zeroor wheneach
subsequenveakdetectoifailsto yield furtherimprovement
(e = 0.5).

1t canbeeasilyshavn thatthe errorof this classifieris lessthan50%,
providedwe alsoallow negatingthe outputof the thresholdfunction. This
meanghat one effectively needsto doublethe numberof weakdetectors
to2 x Q = C, correspondingo ¢(z) and—#(x).

Boostedskin detectorH (z) obtainedin this fashionre-
lies on the superpositionof weightedthresholdingfunc-
tions. An exampleof the complex thresholdfunctionsis
shavn in Figurel. Notethatthefinal boosteddetectoris a

Figurel: Boostedcolor detector Shavn arelinearcombinaitons
of weakdetectorgthresholdingunctions)assignedo R, G, andB
channelsrespectrely. Final detectorH (z) is aweightedandthen
thresholdedombinationof thethree(R,G,B)functions.Horizon-
tal axiscorrespond$o intensitiesn thethreechannels.

thresholdedinear combinationof the threefunctions. This
superposition,in turn, resultsin adaptive partitioning of
color spacento regionsassignedo 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 exhaustve search,the combined
performancef the boostednodelis very good. Moreover,
detectionprocesssimply involvesevaluationof N thresh-
old functionswhich can be efficiently implementedusing
C lookuptables. In the next sectionwe presentresultsof
skin color segmentationusingour classificationtechnique.
We alsoincludea comparisorwith boththe Gaussiamix-
turesandthe histogrammodelsin two differentcolor space.

2.2 BoostedFaceDetection

Facedetectioris anothelimportantbasictaskoftenencoun-
teredin computervision. A numberof applicationshave
beendevelopedthat require recognitionof humanfaces.
Even thoughfacedetectionis a difficult task and various
methodsthat have beenusedare often complex, we shav
how a simple boostedalgorithmcanbe usedto accurately



andefficiently solve this detectiontask.

A numberof models primarily statistical have explored
variousways of modelingfaces[6, 7, 8, 9]. Unlike the
taskof color-basedsegmentatiorwhichimposedittle if any
spatialconstraintson the model,detectionof facesalsore-
lies on spatialconstraintsTo extendthe proposedoosting
frameawork to detectionof faceswe considera setof simple
weakclassifiersof thefollowing form:

hy € {t(X|€,l) = sign(X® — 0)}.

X now denotesa vectorizedimageof gray-scalepixel val-
uesand X is its I — th componen{pixel). Analogousto
the color detectiontask, eachthresholddetectortakesone
imagepixel asits input, comparedt againsthreshold and
labelsit asthe“face”or “non-face”. Learningof the weak
classifiersnow correspondso thethreshold?* andpixel [*

thatyield the lowestrateof erroron thetraining setof im-

ages.Therestof the facedetectionalgorithmassumeshe
samegeneralform of ADABOOST wheretheweakclassi-
fier learningstepbecomes

FACEBOOST

2(a) Select a threshold function which minimizes
the classification error on the training set,
hi, = t(65,1}), such that

(63.17) = argmin Y De(i) [HX16.1) # v,

where y; is ‘face’ or 'non-face’.

Eventhoughit seemdrivial for the task of facedetec-
tion, experimentalresultsin the next sectionindicatethat
its performancaes betterthanthatof somecomplex classi-
fierssuchassupportvectormachines.

Boostedfacedetectioralgorithmselectsanoptimalsub-
setof imagepixels{/; } andthresholdg{#;} corresponding
to thosepixelsthatbestdiscriminatefacesfrom non-faces,
while minimizing the detectionerror. Figure 2(a), shovs
anexampleof anaveragefaceobtainedfrom training data.
Figure2(b) showvs atypical “face”imagesampledrom the
function learnedusing boosting. Eachnon-whitelocation
correspondso a pixel selectedby the boostingalgorithms.
Intensity of eachselectedpixel is in turn determinecby a
linearcombinatiornof thethresholdingunctions.Similarto
the caseof the color classifier the selectechixel may have
oneor moresuchthresholdingunctionsthatspecifyranges

of intensitiesassociateavith facesandnon-faces.The ex-
ampleimagesindicatesthatthe pixels selectedy the algo-
rithm arethe oneswhich correspondo the importantfea-
turesof theface(eyes,mouth,noseandhair). This follows
ourintuition andagreeswith theaveragefaceshavnin Fig-
ure2(a).

e

[€)) Average (b) “Boosted

face face”

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

It is onceagainimportantto stresshatthe boostedface
detectorselectsonly a subsetof all image pixels. This
clearly reduceshe computationacomplexity of detection
becausenly a small numberof pixels needsto be exam-
ined. Moreover, computationof the thresholdfunction can
beimplementedisinga fastlookuptable.

In the next sectionwe presentdetails of the detection
experiments. We compareperformanceof the boosting
methodwith standardnethoddike SVM andnearesheigh-
bor classifier

3. Experiments

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

3.1 Skin Color Segmentation

Thealgorithmfrom Section2.1wasusedfor skincolor seg-
mentation.We have comparedts performanceo two stan-
dard skin color modelsbasedon histogramsand Gaussian
mixtures.

We selecteda boostedskin detectorwith 16 threshold
levels in eachcolor channel. Comparablenhistogramand
Gaussiamixturemodelshad16 uniformbinsin eachchan-
nel and three mixture componentsyespectiely. Finally,
we consideredhreetypical color spacesRGB, normalized
RGB, andHSV. All modelsweretrainedandevaluatedon
the samedatasebf 1200images.Groundtruth labelingof
all imagepixelsin thedatasetwasdonemanually



Method Err Det | FalsePos
Boosting 11.52| 89.58 12.63
Mixture of Gaussiang 11.49 | 89.28 12.26
Histogram 12.45| 91.37 16.27

Tablel: Percentagerror, detectiorrate,andfalsepositives
(perpixel) in RGB space.

Figure 3.1 shovs an exampleof the empiricalerror be-
havior on the training andthe testsetsduring training. As
expected,the test error continuedto decreaseeven when
thetrainingerrorbecamestationaryindicatinggoodgener
alizationperformancef the model.
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Figure 3: Error of classificationon the training andtestsetsas
a function of the numberof weak detectors. Note that the test
errorcontinuego decreasevenwhenthetrainingerrorreaches
plateauasthe numberof weakdetectorsncreases.

Skin sggmentatiorresultsaresummarizedn Tables3.1
through3.1. We obsene thatin eachcasethe boostedde-
tector comparedavorably in error rate and false positive
rateto boththe histogrammethodandthe mixture of Gaus-
sian. This suggestghat a simple boosteddetectormay be
the desiredchoice amongthe three modelsgiven its low
computationatompleity andmemoryrequirements.

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

Method Err Det | FalsePos
Boosting 10.95| 90.77 12.69
Mixture of Gaussiang 12.61 | 94.15 19.37
Histogram 12.45| 91.81 16.71

Table2: Percentagerror, detectiorrate,andfalsepositives
(perpixel) in normalizedRGB space.

Method Err Det | FalsePos
Boosting 9.51 | 93.20| 12.27
Mixture of Gaussiang 10.96 | 87.52 9.44
Histogram 12.71| 91.40 16.82

Table3: Percentagerror, detectiorrate,andfalsepositives
(perpixel) in HSV space.

oneof thoseimages.

3.2 FaceDetectionExperiment

We conductedh setof preliminaryexperimentgo evaluate
the boostedfacedetector Our training setcontained1400
frontalfaceimagescroppedut of imagesdownloadedrom
theweh Eachimagewasrescaledo a 16x16window and
normalizedfor intensity We randomlychoseanotherl400
imageswhich did not containary faces. Part of the data
wasusedfor trainingandthe restwasemployedfor testing
(fivefold crosswalidationwasdoneto obtainconsisteng in
theperformanceneasure.)

Table3.2outlinesclassificatiorperformancdor four dif-
ferentclassifiers:boostedacedetectoy supportvectorma-
chine (SVM) with a linear kernelfunction, SVM with an
RBF kernel,anda nearesneighborclassifier It is evident
thatthe boosteddetectoroutperformswo of the classifiers
and performson par with the complex RBF SVM in the
numberof falsepositives. Although nearesneighborclas-
sifier gave thebestdetectionperformancet alsohadavery
high falsepositive rate. The errorvariancein all casesvas
lessthat1%, whichindicatessignificanceof our results.

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

Again, the compleity of the boostedclassifieris less
thanthat of the most other classifiers. Note alsothat the

Method Detection| FalsePositves
Boosting 95.13 9.87
SVM (linear) 85.33 33.71
SVM (RBF) 93.0 10.25
NearesNeighbor| 96.61 35.04

Table 4: Percentagerrorin termsof percentagef faces
correctlydetectecandthe percentagef facesmisclassified.



(a) Original

(@)

(b) Skin color mask

(b)

Figure4: Detectionof skin colorin anarbitrarywebimageusing

the boostedskin detector Figure5: Detectionof facesin arbitrary web imagesusing the

boostedacedetector



boostectlassifierfacilitatesefficientimplementatiorof the
multiscalesearctbecausehe evaluationis limited to asub-
setof imagepixels.

4. Discussion

We have shown in the previoussectionghatoptimalcombi-
nationof simpleclassifiersgdeterminedy boosting evenin
abasicstatespacge.g.,RGB or normalizedntensities)can
leadto detectorsvhoseperformances comparabldo that
of somecomple classifiers.Onereasorfor this maylie in
the compleity of the statespacepartitionsobtainedn this
fashion. Our framework allows multiple simple classifiers
to form comple partition of the statespace adaptedo the
statisticsof thetraining setbut, also,with someguarantees
with respecto thetestset. Theseguaranteesdeedseento
hold well for the setof experimentave conducted—foin-
stanceperformancef bothskin andfacedetectorgemains
high over relatively adwerselighting conditionspresentin
arbitrarywebimages.Theuseof morecomplex statespaces
(“features”)mayslightly improve detectionperformancen
termsof (generalizedjletectiorerror, butit comesatthead-
ditional costin computationatompleity. This mayhinder
applicability of thesedetectorsn low-resourceapplications
(e.g.,handhelddevices.)

The inherentperformancescoreof the detectoris the
symmetrictotal classificatiorerror, basednthe Ly, sym-
metricloss. As such,the scoreequally penalizesall types
of errors(falseandtrue positivesand negatives). We have
empiricallyshovn that,in spiteof that,our detectorsgxhibit
agoodfalsepositive performanceindicatingtheir optimal-
ity andgood generalizatiorproperties. Unfortunately ba-
sic formulationof theboostingtheorydoesnotallow oneto
immediatelyutilize non-symmetridossfunctionsand,thus,
exhibit controloverindividual errortypes. Thisis onerea-
sonfor thelack of ROC evaluation,commonlyseenn other
detectionstudies.

5. Previous Work

Boostingtheory hasbegun to find its applicationin com-
putervision in recentyears. For instance Viola et al. [11]

andPavlovic etal. [12] have bothusedboostingto combine
classifiersof differentcomplexity. Viola’s work focusedon
imagesearchn large databasesThey usedcomplex filters
andboostingof a singlethresholdclassifierto generatealis-
criminative features.On the otherhand,in our framewvork
we allow multiple thresholdingfunctionsto generatamore
comple partitionsof the simpler statespace. Pavlovic et
al. useddynamicBayesiametworks for eventdetectionin

videoandemployedboostingto improvethis detectorsper
formance.Unlike ours,this approacheattemptedo utilize
comple baseclassifiergdhatwerenot alwaysguaranteedo

performbetterthan’50%, a constraininecessaryor boost-
ing.

6. Conclusionsand Futur e Work

We have presented statisticalframework for detectionof
objectsandattributesin imagesbasedon boostingof weak
classifierd10]. By selectinga simplethresholdedunction
astheweakclassifierwe have demonstratethow to obtain
optimal detectorsof skin color and faces. Thesesimple
yethighly efficientclassifierguaranteeninimizationof the
training error aswell asgood generalizatiorperformance.
Our preliminary resultson two representatie setsof web
imagessuggesthat detectionperformanceof the boosted
detectorss on parwith thatof themorecomple traditional
detectionmethodssuchas histograms Gaussiammixtures,
and supportvector machines. However, our methodis of
lower compleity andtrivial to implementandexecute.As
such,the boosteddetectionmethodmay prove appropriate
for applicationsin real-time and low-resourcecomputing
devices,suchashandhelds.

We plan to conductfurther comparatie tests of the
boostedietectoragainsbtherstate-of-the-annodels.Fur
thermore ,we will extendthe studyto include comparison
with theweakdetectorghatoperateon morecomple fea-
tures,suchsummanyfeatureson imageneighborhoods.
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