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Abstract

Onesigni�cant challengein the constructionof visual de-
tectionsystemsis theacquisitionof suf�cient labeleddata.
This paperdescribesa new techniquefor training visual
detectorswhich requiresonly a small quantity of labeled
data,andthenusesunlabeleddatato improveperformance
over time. Unsupervisedimprovementis basedon theco-
trainingframeworkof Blum andMitchell, in whichtwodis-
parateclassi�ersaretrainedsimultaneously. Unlabeledex-
ampleswhich arecon�dently labeledby oneclassi�er are
added,with labels,to thetrainingsetof theotherclassi�er.
Experimentsarepresentedon the realistictaskof automo-
bile detectionin roadway surveillancevideo. In this appli-
cation,co-trainingreducesthefalsepositiverateby afactor
of 2 to 11from theclassi�er trainedwith labeleddataalone.

1 Intr oduction

Therearenow a numberof practicalsolutionsfor theprob-
lem of visual detection[14, 11, 9, 13, 17]. While the pri-
maryareaof applicationis facedetection,it hasbeenshown
thattheseapproachesaregeneralandcanbeappliedto other
objectssuchaspedestrians,facepro�les, andautomobiles
[9, 13]. In thecontext of thissuccess,it mightbearguedthat
the constructionof new typesof detectorsis a straightfor-
wardprocess:selecta detectiontechnique,acquirea large
trainingset,andtrain thedetector. Of coursemany detec-
tion tasksaresimply beyondthecapabilitiesof currentde-
tection techniques.Yet even for the “solvable” tasks,the
costof dataacquisitionmaybe largeenoughto precludea
practicaldeployment.

We call this scenario“High Initial Expense”. It arises
becauseall theabove techniquesrequirea very largesetof
labeledtrainingdata.Typically severalthousandscaledand
alignedpositiveexamplesarerequired.Thecostof compil-
ing this positive datais high, sinceeachexamplemustbe
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locatedby hand.In additionasmany as
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negativeexam-
plesarealsorequired,usuallya collectionof several thou-
sandimageswhich do not containpositive instances.This
large numberof negative examplesensuresthat the false
positiverateis very low, perhaps

�����
	

.

Another relatedscenariois that of “Narrow Applica-
tion”. Using the exampleof facedetectionbecauseof its
long history, achieving detectionrateshigherthan95%on
realistic imageshasproven very dif�cult. Part of the dif-
�culty clearly lies in the complexity of the appearanceof
faces. But anotherpart of the dif�culty arisesbecauseof
thevery wide varietyof backgroundimageswhich areen-
countered,includingindoorlocationssuchasof�ces, living
rooms,elevatorlobbies,andconferencerooms,andoutdoor
locationssuchas �elds, mountains,and trees. Thereare
many foreseeableapplicationsof facedetectionwhich in-
volve a �x ed camera,or a camerawith a limited areaof
application.For thesecamerastherangeof backgroundim-
agesis very limited. A facedetectorwhichhasbeentrained
for “broadapplication”will expendrepresentationalcapac-
ity to rejectfalsepositiveswhichwill neverbeencountered.
Conversely, a facedetectorwhich is trainedfor “narrow ap-
plication” in a particularlocationcanachieve muchlower
falsepositivesratesandhigherdetectionrates.Thecostof
this approach,is that onemustacquirea differenttraining
set,andtraina differentclassi�er, for eachlocation.

The dif�culty sharedin both scenariosis the high cost
of acquiringa large set of labeledexamples. Of course,
gatheringa large numberof unlabeledexamplesin most
applicationshasmuchlower cost,asit requiresno human
intervention. The questionis whetherunlabeledexamples
areof any usewhentraininga visualdetector.

In this paperco-training is usedto automaticallyim-
prove visual detectorfor carsin traf�c surveillancevideo
[1]. Initially a small quantityof handlabeleddatais used
to train a pair of car detectors(usingthe approachof Vi-
ola andJones[16]). Co-trainingthengeneratesadditional
labeledtrainingexamplefrom a largenumberof unlabeled
images.Experimentsdemonstratethatco-trainingcangen-
eratean accuratecar detectorusinga signi�cantly smaller



numberof labelsthanwould berequiredfor thesamealgo-
rithm whenco-trainingis notused.

2 Learning fr om UnlabeledData

The useof both labeledand unlabeleddata for practical
problemswaspopularizedby Nigam et. al. in theareaof
informationretrieval [8]. They useEM to infer the miss-
ing labelsof theunlabeleddatamuchin thesameway that
EM is typically usedto infer missingclusterlabels.During
learning,EM assignsstronglabelsto thoseunlabeledexam-
pleswhichareunambiguous.Thesenew examplessharpen
theclassdensityestimates,which thenallows for thelabel-
ing of additionalunlabeledexamples.

Thebasicassumptionunderlyingthesuccessof EM for
this task(aswell asthemorerecenttechniques[15, 7, 6])
is that the distribution of unlabeleddatarespectsthe class
boundariesof the labeleddata. Technicaldetailsvary, but
the bottom line is that the densityof unlabeledexample
mustbe low nearthe classi�cationboundary. This makes
good sensefor two classproblemswherethe classesare
Gaussian(andin a signi�cant numberof otherpracticalsit-
uations).This assumptionoftendoesnot hold for detection
tasks,wherethe densityof the detectedclassis lost amid
thethousandsof otherclasses.

SupportVector Machines[3] and Adaboost[4, 5] are
purely discriminative techniquesfor pattern recognition
which have hada signi�cant impacton applications.Nei-
thermethodattemptsto estimatethedensityof theclasses.
Instead,bothmethodsusethenotionof “classi�cation mar-
gin” andattemptto maximizethe margin of all (or most)
training examples. The result is improved generalization
performancefrom fewerexamples.

Applied to discriminativeclassi�ers,thedirectanalogof
Nigametal'sapproachis to assignlabelsto thoseunlabeled
exampleswhich have a largemargin (andarethereforeun-
ambiguous). This is not an effective technique,sincela-
beledexampleswith large margin arenot informative and
have little effect on the �nal classi�er. For discrimina-
tiveclassi�ersonemust�nd unlabeledexampleswhichcan
beunambiguouslylabeledAND have a negative (or small)
margin.

Co-trainingwasproposedby Blum andMitchell[1] asa
methodfor trainingapair of learningalgorithms.Thebasic
assumptionis that thetwo learningalgorithmsusetwo dif-
ferent“views” of thedata.For example,it is nothardto be-
lieve thatonecandiscriminatebetweenapplesandbananas
usingeitherfeaturesof theirshapeor featuresof theircolor.
Sincethemarginsassignedby theclassi�ersarenotdirectly
related,theremayexist a setof exampleswith high margin
basedonshapeandsmallor negativemarginbasedoncolor.
Thekey propertyis thatsomeexampleswhich would have

beencon�dently labeledusingoneclassi�er would bemis-
classi�ed by the otherclassi�er. The classi�erscanthere-
fore train eachother, by providing additional informative
labeledexamples.SeeFigure2 for experimentalevidence
thatsuchinformativeexamplesdoexist.

Giventwo “views” of thedata,onemight betemptedto
avoid trainingaltogetherandsimply combinetheviews in
orderto improve theclassi�cationperformance.Why then
doesco-trainingoperateontheviewsseparately, sinceit re-
ducesclassi�cationperformance?Co-trainingis a training
processnot a classi�cation process.After co-trainingthe
�nal classi�ers,whicharetrainedon labeledandunlabeled
data,aresigni�cantly improved.Theseimprovedclassi�ers
areeasilycombinedin orderto maximizeclassi�cationper-
formance.

In fact,Blum andMitchell proveunderasetof formalas-
sumptions,that co-training�nds a very accuraterule from
a very small quantityof labeleddata. This error rateis far
smaller than what would be achieved by simply combin-
ing theinitial classi�ers.Therequiredassumptionsinclude:
a reasonablelearningalgorithm,anunderlyingdistribution
which satis�es “conditional independence”,and an initial
weakclassi�cationrule. Themaindrawbackof their theo-
rem is theassumptionof conditionalindependence,which
requiresthetwo featuresetsbestatisticallyindependent.In
mostrealworld cases,this assumptionis not likely to hold.

Nevertheless,co-trainingbasedmethodsfor real world
problems have been developed and used successfully
by several groups, especially in the context of text
processing[2, 10]. In general,the approachusedwas to
adda new term to the training cost function penalizesthe
numberof disagreementsthat the two classi�ers have on
theunlabeledexamples.

While thisseemslikeareasonableapproach,it overlooks
oneimportantaspectof the co-trainingidea,which is that
eachlearnerlabelsonly thoseunlabeledexamplesonwhich
it canmake a con�dent prediction. In this paperwe sug-
gestadifferentco-trainingalgorithm,which is basedonthe
known relationshipbetweenpredictioncon�denceandpre-
dictionmargins[12].

2.1 Co-training UsingCon�dence RatedPre-
dictions

While the generalnotion of co-training was de�ned by
Blum and Mitchell, thereare many potentialalgorithmic
instantiations.We proposea new algorithmfor co-training
which is explicitly applicableto margin basedclassi�ers.
Given two classi�ers trainedon a small dataset,estimate
margin thresholdsabove which (or below which) all train-
ing examplesarecorrectly labeled. Thresholdscanbe es-
timated from the training set, or a validation set. Using
thesethresholdsassignlabelsto unlabeledexamples,and



thenaddtheseexamplesto the trainingsetandre-trainthe
classi�er. New thresholdsarethenestimated.This process
canberepeatedmany times.

In the context of Adaboostwe can analyze the co-
trainingprocessin thefollowingway. Let usdenotetheout-
putsfrom theweakclassi�ersby thevector
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Can we estimatethis conditional probability reliably
from our training set? On its face,thereseemsto be no
reasonto believe thatthis is possible.After all, theweights
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� dependon thetrainingsetandwerechosento maximize
themarginsof thetrainingexamples.However, Schapireet
al [12] have shown, both experimentallyandtheoretically,
that large margins on the training set imply correctclassi-
�cation on testdataevenwhenthe dimensionality$ is ex-
tremelyhigh. Speci�cally, Theorem2 in [12] showsthatfor
any convex combination% of weakrulesfrom a classwith
VC dimension& , andfor any �'�
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, thefollowing inequal-
ity holdswith probability
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is the convex com-
binationof weakclassi�ers for the Z -th example. The �rst
sumon the right handsideof the equationcorrespondsto
thefractionof thetrainingsetexampleswith marginsmaller
than � . Theleft handsideis proportionof testingexamples
which arein error. Themostimportantaspectof this theo-
remis that thebounddoesnot dependon $ thenumberof
weakfunctionsthat arecombinedin the convex combina-
tion % .

Fromthis we canconcludethatthereexists � , estimated
on the trainingor validationset,for which therisk of mis-
classi�cationon testdatais very low. We alsorely on the
fact that themarginsof thetwo classi�ersareonly weakly
related,and that the classi�ers are not perfect. As a re-
sult,unlabeleddatacanbeusedto generatenew informative
trainingexamplesfor whichthepredictedlabelis highly ac-
curate.

3 Co-training for Visual Detection

Therearea numberof seriousissuesthat arisein the do-
mainof visualdetectionwhichmustbeaddressed.Onedif-
�cultly arisesdueto thehighly unequalclassprobabilities.
A secondis thealignmentof automaticallylabeledpositive
examples.

For the experimentsin this paperwe will co-train two
detectorsfor automobilesasseenfrom traf�c surveillance
videocameras.Thesecamerasaretypically usedto gauge
thetraf�c volumeanddelaysin largeurbanareas.Many of
thesecamerasaresetupassimpleweb-camsfor thebene�t
of commuters(seeFigure1). Other, morespecializedcam-
eras,areusedto countcarswhichpassaparticularpointon
theroad.Thesecamerasareusedto replace“traf�c loops”,
electromagneticsystemswhich areexpensive to install and
calibrate.Thetraf�c loopcamerasarequitespecializedand
must be placedin very particular locationsand carefully
calibrated.Oneapplicationof our systemwould be to re-
placetraf�c-loops andtraf�c-loop cameraswith lessexpen-
sivewebcamcameras.

In this applicationoneclassi�er detectscarsin theorig-
inal grey level images.Thesecondclassi�er detectscarsin
imageswherethe backgroundhasbeensubtracted(called
BackSubin therestof thepaper).Theseclassi�er arewell
suitedto theavailabledata,sincetheimagesaremonocular
andgrey level. Nevertheless,the input imagesare some-
what related,andasa resultclassi�ers arenot quite ideal
for co-training.We mustemphasizethatwhile “conditional
independence”is a suf�cient condition for co-training to
succeed,it is widely believed that it never holds in prac-
tice. This paperdemonstratesthateventwo closelyrelated
classi�erscanbeco-trainedeffectively.

For our experiments50 imagepatchescontainingposi-
tiveexamplesand6 validationimagesareusedfor theinitial
training.While thisaverysmallquantityof data,theresult-
ing classi�er is far betterthanrandom. In addition22,000
entirely unlabeledimagesaremadeavailable for training.
After co-training,errorratesarereducedby a factorof 2 to
11acrosstheentireROC(receiveroperatingcharacteristic)
curve. The�nal classi�er is quiteeffective.

4 DetectionFramework

The detectorsusedin theco-trainingframework arebased
on thework of Viola andJones.

As is typical for detection,the input imageis scanned
acrosslocationandscale.At eachlocationan independent
decisionis maderegardingthe presenceof the target ob-
ject. In a320x240imagethereareover50,000independent
locations.

A collectionof featuresareusedto classifythetraining
set.Thesefeaturesareselectedusingthesequentiallogistic



Figure1: Exampleimagesusedto testandtrain thecardetectionsystem.Ontheleft aretheoriginal images.Ontheright arebackground
subtractedimages.

Figure2: Left: A scatterplot of thejoint distributionof marginsfor thetwo classi�ers.Theseresultsareshown on testdata,andtherefore
representsthedistribution on unlabeleddata(positive examplesarecircles,negative aregrey/green).For eachclassi�er two thresholdare
alsoshown, the thresholdabove which no negative is found, ��� , and the thresholdbelow which no positive is found, ��� . The regions
labeledA,B,C, andD containinformativeexamples.Right: Particularexamplestakenfrom A, B, C, or D; imageswhicharemislabeledby
oneclassi�er (or have smallmargin) which arecon�dently labeledby theotherclassi�er. E.G.SetB containsimagescon�dently labeled
positiveby theGrey classi�er but aremisclassi�edby theBackSubclassi�er. Theseexamplesareaddedto thetrainingsetof theBackSub
classi�er duringco-training.

regressionalgorithmof Collins et. al.(which we will call
LogAdaBoostin this paper). In eachroundthe featurese-
lectedis thatwith the lowestweightederror. Eachfeature
is asimplelinearfunctionmadeupof rectangularsumsfol-
lowed by a threshold. In the �nal classi�er, the selected
featureis assigneda weight basedon its performanceon
thecurrenttask. As in all variantsof AdaBoost,examples
arealsoassignedaweight.In subsequentroundsincorrectly
labeledexamplesaregivena higherweightwhile correctly
labeledexamplesaregivena lowerweight.

In orderto reducethefalsepositiveratewhile preserving
ef�ciency, classi�cationis dividedinto a cascadeof classi-
�ers. The early classi�ersareconstrainedto usefew fea-
tures (and are thereforeef�cient) while achieving a very
high detectionrate. Constraintson the later classi�ersare
relaxed: they containmorefeaturesandhavea lowerdetec-
tion rate. Latercascadestagesaretrainedonly on the true
andfalsepositivesof earlierstages.

LogAdaBoostis usedto train eachstagein thecascade
to achieve low error on a training set. Due to the asym-
metricstructureof thedetectioncascade,eachstagein the

cascademustachieve a very low falsenegative rate. The
falsenegative rateof the trainedclassi�er is adjusted,post
hoc,usingasetof validationimagesin whichpositiveshave
beenidenti�ed. Theseimagesarescannedandthethreshold
is setsothattherequireddetectionrateis achievedon these
validationpositives.

In orderto train a full cascadeto achieve very low false
positiverates,alargenumberof examplesarerequired,both
positiveandnegative. Thenumberof requirednegativeex-
amplesis especiallylarge. After 5 stagesthefalsepositive
rate is often well below 1%. Thereforeover 99% of the
negativedatais rejectedandis unavailablefor trainingsub-
sequentstages.

5 Experimentsand Algorithms

Datawasacquiredfrom a WashingtonStateDepartmentof
Transitweb site. The camerasselectedprovide 15 second
video clips onceevery 5 minutes. Data from a total of 8
cameraswasusedfor experiments.Thecamerasweresim-
ilar, in that they wereplacedby the sameauthority. They



did howevervary in heightandangleto theroadway. Data
was acquiredover a period of threeweeksand randomly
sampled.

Two typesof classi�erswereconstructed:a grey image
classi�er (Grey) and a backgrounddifference(BackSub)
classi�er. The Grey classi�er usesthe grey scaleimages
directly for detection.The input to the BackSubclassi�er
is thedifferencebetweenthevideoimagesandtheaverage
backgroundcomputedfrom eachvideoclip. Otherwisethe
featuresetandtraining algorithmswereidentical for both
classi�ers.

The labeledtraining datamadeup a tiny subsetof the
total dataset.The training dataincludesimagesfrom 3 of
thecamerasin which 50 carswereidenti�ed. In eachcase
a box wasdrawn aroundthe car which containeda small
percentageof thebackgroundandhadanaspectratioof 1.4.
For training the car imageswherecroppedand scaledto
20x28 pixels. The training datawas limited to thosecar
imageswhich were equal to or larger than 20x28 pixels.
Thesame50 labeledcarswereusedto trainboththeimage
classi�er andthebackgrounddifferenceclassi�er.

In additionto thelabeledpositivedata,a setof six addi-
tional imageswereusedasa validationsetto adjustclassi-
�er thresholds.Thevalidationsetcontainsimagesin which
every car is locatedand labeled. In practiceimagesare
selectedso that thereareasmany positivesaspossibleso
that both the falsepositive and falsenegative rate can be
estimated. If there were unlabeledpositive examplesin
theseimages,it is likely that thesepositiveswould appear
asfalselylabelednegativedata.

Usingthis trainingandvalidationdata,two cascadedde-
tectorsareconstructed,onefor thegrey imagesandonefor
the backgroundsubtractedimages. The input to the cas-
cadeconstructionalgorithmis thetargetdetectionandfalse
positive rates,a trainingset,anda validationset. Thecas-
cadeis built incrementallyby addingfeaturesandclassi�er
stagesuntil thedetectionandfalsepositive ratetargetsare
achieved. Thetargetdetectionrateis 100%(to ensurethat
nopositiveexampleis lost)andthetargetfalsepositiverate
was0.2%(thesameasthetruepositiverate).A 5 stagecas-
cadewaslearnedwith a total of 20 features.At this point
theco-trainingprocessis begun.

5.1 Co-training the Detectors

The�rst stepis to retrainthe �nal stagefor thecascadeso
that it hasa larger numberof features(in our experiments
30 features).Thisexpandedstageprovidesamoreaccurate
estimatefor the con�dence(or margin) of new examples.
By comparison,a 4 featurestagewould provide a smaller
rangeof con�dencevalues.

Classi�cation scores,a signedmeasureof con�dence
computedby this �nal stage,are usedto label a set of

22,000unlabeledimages(containingbillions of sub win-
dows). Eachpatchin theseimagesis �rst passedthrough
the cascade. If it labeledas potentially positive by the
�rst 5 stages,then the scorecomputedby the �nal stage
is recorded.

For this �nal stagetwo thresholdsareusedto collectand
labelunlabeleddata.Thesethresholdsaresetusingtheval-
idationset.Thepositive threshold��� is themaximumscore
achievedby thenegativepatchesin thevalidationset. Any
examplewhich falls above � � is very likely to be positive.
Similarly �

� is the minimum scoreachieved by the posi-
tive patchesin the validation set. Note that � � and �

� are
estimatedseparatelyfor theGrey andBackSubclassi�ers.
Sincemostdatais negative, we canafford to beextremely
conservative. Theconservative negative thresholdis setto
1.3times �

� .
New examplesarelabeledandsampledusing � � and �

� .
Theseareaddedto thetrainingsetwhich includestheorig-
inal labeleddata.Using this new trainingset,AdaBoostis
usedto addthreenew featurestheclassi�er. Theunlabeled
datais thenresampledagain.After 12roundsof resampling
thereare
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features.
Note that constructionof the initial cascadeddetectors

actto solvetwo critical problemsfacingtheco-trainingpro-
cess:asymmetryandef�ciency. Recallthat in eachimage
thereareatmostafew dozenpositiveexamplesandasmany
as30,000negativeexamples.Co-trainingpredictslabelsfor
exampleswhereoneclassi�er is “con�dent” – unlikely to
be in error. In order to have a small percentageof errors
on positive labels,the falsepositive ratemustbe lessthan
1 in 10,000. This canbe dif�cult to achieve. After 5 cas-
cadestages,theproblemis muchcloserto symmetric,with
approximatelyonepositivefor every10negatives.Thecas-
cadealsoprovidesa very signi�cant boostin performance,
sinceonly 1 in 1000 examplesare acceptedby the early
cascadestages.

5.2 SamplingUnlabeledExamples

Dueto thestrongasymmetryin thedistribution of positive
andnegativeexamples,adifferentprocedureis usedto sam-
ple from thedifferentclasses.

The main challengefor negative examplesis the sheer
numberof candidates.Thereare a hugenumberof con-
�dently labelednegative patchesavailable after scanning
22,000 images,more than can be accommodatedby the
learningalgorithm. As a result,a justi�able techniqueof
selectingagoodsubsetoutof themis required.

Recall that in eachiterationof the LogAdaBoostalgo-
rithm eachexample


0

is assigneda weight �

0

. A new fea-
ture

�
�
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- Initial setup
- Train two detectors

- Detector One: operates on grey level images
- Detector Two: operates on difference images
- Each detector has 5 classifier stages each containing 4 features.
- Detection rate on training set is 100%; false positive is 0.2%.

- Final stage is retrained to contain 30 features, which produces more reliable clas-
sification scores). Note: the scores assigned by this final stage are used to
select additional examples for co-training.

- Two thresholds are computed � � and � � .
- � � = max score achieved by a negative patch from the validation set
- � � = min score achieved by a positive patch from the validation set

- Co-training process(run for 12 rounds)
- 22,000 unlabeled images are scanned.
- In each range of co-training patches are sampled from the 22,000 unlabeled im-

ages
- Image patches labeled positive by the 5 stage cascade are examined
- Positive patches are extracted if score is greater than � �

- Pick local maxima in the score function (to improve alignment)
- Negative patches have score less than � �

- Since there are so many negative examples, examples are selected at random
based on AdaBoost weight

- The final stage of the classifier is augmented with 3 additional features using this
new training data.

Figure3: A concretedescriptionof theco-trainingprocess.Notethereareveryfew parametersin thisprocess.thestructureof thecascade
is determinedautomaticallyduringtraining(basedonatargetfalsepositiveequalto thetruepositiverate).Thresholdsaresetautomatically
aswell.

Thoughonecouldsampleuniformly from thesetof con-
�dent negatives,this would ignoreonecritical pieceof in-
formation, the margin of the example. If co-trainingis to
work well it relieson the assumptionthat someexamples
that arecon�dently classi�ed asnegative by oneclassi�er
arenot con�dently labeledby the other. Theseexamples
arehighly informativefor thelearningprocess.

A moreprincipledsubsamplingprocedureis to usethe
importancesamplingapproach,andrandomlyselectnega-
tive datausinga probability distribution relatedto the ex-
ampleweight �

0

, and then assignthe sampledexamples
a constantweight. That is, if a subsetof training ex-
amples X 


�

Y��

�
� � was sampledbasedon the LogAdaBost

weight,thentheright approximationto thefeaturescoreis
�

0

W

0 �
�

.�


0=2

. Accordingto theimportancesamplingprinci-
pal, theachievedapproximationwill besigni�cantly better
thentheoneachievedby uniformly sampling,andweight-
ing thesampledexamples.

The naive way to sample
�

examplesout of the train-
ing setwill requirescanningthe con�dently labelednega-
tives

�

times. Sincein eachstagewe are to samplefew
thousandsoutof approximatelybillion examples,theabove
approachwill result in an extremely inef�cient algorithm.
Tentatively, a reasonableapproximationcan be achieved
with only onepassover thedata.To seethis considerscan-
ning thedataonce,andfor eachexample�ipping
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. The expected
numberof selectedexamplesresultingfrom sucha process
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. Moreover, theexpectednumberof timeseachexam-
ple comesout in thesampleis
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. This leadsus to the
following algorithm:scanthedataonce.For eachexample
in thedata-if

�

�

�

0��

�

selecttheexamplewith probabil-
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andassignit aweight
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Note, however, that since the weights are exponen-
tially relatedto themargin, someexampleshave very high
weightsand the numberof different exampleachieved by
theabove procedureis likely to besigni�cantly lower then

�

. Sincetheaccuracy of theselectedfeatureis stronglyre-
latedto thenumberof differentexamplesusedfor theeval-
uation,we wouldn't like the resultingnumberof samples
to be too small. In order to achieve
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differentexamples
thereis a needto scaletheexamplesweights�
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by a larger
� . Thecorrectsolutionis to solve �
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,
which is dif�cult whenthereareverymany examples.This
equationcanbeapproximatelysolvedusinga histogramof
theweights,which recordsthenumberof exampleswithin
differentrangesof weights.



5.3 SamplingPositiveData

Positivedatamustalsobesampledcarefully, but sincepos-
itive datais very rare,it is not necessaryto reducethetotal
numberof examplesusingsub-sampling.Thekey challenge
is alignment.In many detectiontaskssigni�cant effort goes
into establishingagoodalignmentbetweenthelabeledpos-
itive examples:thecar imagesarescaledto thesamesize,
andtranslatedsothatvisible featuresappearin a consistent
locationrelative to thedetectionwindow.

The alignmentof examplessampledbasedon a high
scoreis problematic. It is frequentlythe casethat for any
givenpositive examplemany overlappingsubwindows are
assignedhigh score. This is a fundamentalproperty of
all scanningdetectors,and it hasbeenobserved for many
typesof detectiontasks. Typically during detection,these
set of overlappingdetectedsub-windows are merged into
a singledetection. During co-traininggreatcaremust be
taken, sinceinjecting positive examplesat differentscales
and translationscan confusethe training process,and re-
duceperformance.

Thesolutionis to selectonly exampleswhich areat the
peaksof thescoringfunction. Theweightassignedto each
peakis thesumof theweightsabovetheselectionthreshold
and are nearbythe peak. SeeFigure 2 for automatically
selectedpositiveexamples.

5.4 Evaluation

Testingwasperformedonaseparatesetof handlabeledex-
amplesthatweren't usedanywherein the trainingprocess.
This setincluded90 imagescontaining980positive exam-
ples.Sincewe aremeasuringtheincrementalimprovement
of the cascadeddetectorsdue to co-training,the �nal co-
trainedstageis only testedon thosepositivesandnegatives
which make it through the �rst 4 layers of the cascade.
In this case7,000negative examplesremainfor the back-
groundsubtractedcascade,and10,000for the grey image
classi�er.

Figure4 presentsthe ROC curves that were computed
using this testingdata. Note that evaluatingthe ratio be-
tweenthe error ratesof the original classi�er and the co-
trainedclassi�er, showsanimprovementby a factorof 2 to
3 for thestandardgraylevelsclassi�er, anda factorof 2 to
11 for thebackgroundsubtractedclassi�er.

Figure5 shows detectionresults,evaluatedon someun-
labeledimages.

6 Conclusions

Wehaveshown thatco-trainingcanbeusedto signi�cantly
improve detectorsusing unlabeleddata. Thesedetectors
areprovided with lessthan 10% of the labeleddataused
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Figure4: ROC curves. Green/Grey line: the original classi�er.
Black dashed:theco-trainedclassi�er. TOPtheGREY classi�er.
BOTTOM: theBackSubclassi�er.

to train otherpublishedvisual detectors.After co-training
thedetectionratesarequitegoodandthesystemis highly
functional.

One applicationof co-trainingis to reducethe cost of
constructingvisual detectors.Anotherapplicationmay be
to producedetectorswhich are�nely tunedto thespeci�cs
of aparticularproblem.

As demonstratedin this paper, co-trainingautomatically
improves a pair of weak detectorswith no additional la-
beleddata.In principleonecoulddeploy a largenumberof
genericandthereforeweakdetectionsystems.Eachsystem
couldthenuseco-trainingto automatically�ne tuneperfor-
manceto achieve muchhigherdetectionrates.To achieve
this improvementeachsystemwould leveragethe unique
characteristicsof thedeployedenvironment.
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