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Abstract

Onesigni cant challengein the constructionof visual de-
tectionsystemds the acquisitionof sufcient labeleddata.
This paperdescribesa new techniquefor training visual
detectorswhich requiresonly a small quantity of labeled
data,andthenusesunlabeleddatato improve performance
over time. Unsupervisedmprovementis basedon the co-
trainingframeawork of Blum andMitchell, in whichtwo dis-
parateclassi ersaretrainedsimultaneouslyUnlabeledex-
ampleswhich arecon dently labeledby oneclassi er are
addedwith labels,to thetraining setof the otherclassi er.
Experimentsare presentedn the realistictaskof automo-
bile detectionin roadway suneillancevideo. In this appli-
cation,co-trainingreduceghefalsepositive rateby afactor
of 2to 11 fromtheclassi ertrainedwith labeleddataalone.

1 Intr oduction

Therearenow a numberof practicalsolutionsfor the prob-
lem of visual detection[14, 11, 9, 13, 17]. While the pri-
maryareaof applicationis facedetectionjt hasbeenshovn
thattheseapproachearegenerabndcanbeappliedto other
objectssuchas pedestrianstacepro les, andautomobiles
[9, 13]. Inthecontext of thissuccesst mightbearguedthat
the constructionof new typesof detectorss a straightfor
ward process:selecta detectiontechnique acquirea large
training set,andtrain the detector Of coursemary detec-
tion tasksaresimply beyondthe capabilitiesof currentde-
tectiontechniques. Yet even for the “solvable” tasks,the
costof dataacquisitionmay be large enoughto precludea
practicaldeployment.

We call this scenario“High Initial Expense”. It arises
becausall the above techniquesequirea very large setof
labeledtrainingdata. Typically severalthousandscaledand
alignedpositive examplesarerequired.The costof compil-
ing this positive datais high, sinceeachexamplemustbe
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locatedby hand.In additionasmary as  negative exam-
plesarealsorequired,usuallya collectionof severalthou-
sandimageswhich do not containpositive instances.This
large numberof negative examplesensureghat the false
positiverateis very low, perhaps

Another related scenariois that of “Narrow Applica-
tion”. Using the exampleof facedetectionbecauseof its
long history, achiezing detectionrateshigherthan95% on
realisticimageshasprovenvery dif cult. Part of the dif-
culty clearlylies in the compleity of the appearancef
faces. But anotherpart of the dif culty arisesbecauseof
the very wide variety of backgroundmageswhich areen-
counteredincludingindoorlocationssuchasof ces, living
rooms elevatorlobbies,andconference&ooms,andoutdoor
locationssuchas elds, mountains,andtrees. Thereare
mary foreseeabl@pplicationsof facedetectionwhich in-
volve a x ed camera,or a camerawith a limited areaof
application.For thesecameragherangeof backgroundm-
agess verylimited. A facedetectomwhich hasbeentrained
for “broadapplication"will expendrepresentationalapac-
ity to rejectfalsepositiveswhichwill neverbeencountered.
Corversely afacedetectomwhichis trainedfor “narrow ap-
plication” in a particularlocation canachieze muchlower
falsepositivesratesandhigherdetectionrates. The costof
this approachjs that one mustacquirea differenttraining
set,andtrain a differentclassi er, for eachlocation.

The dif culty sharedin both scenariods 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 ary usewhentraininga visualdetector

In this paperco-training is usedto automaticallyim-
prove visual detectorfor carsin trafc surweillancevideo
[1]. Initially a smallquantity of handlabeleddatais used
to train a pair of car detectorgusingthe approachof Vi-
ola and Jones[1§. Co-trainingthengeneratesdditional
labeledtraining examplefrom a large numberof unlabeled
images.Experimentgdemonstrat¢hat co-trainingcangen-
eratean accuratecar detectorusinga signi cantly smaller



numberof labelsthanwould be requiredfor the samealgo-
rithm whenco-trainingis notused.

2 Learning from Unlabeled Data

The use of both labeledand unlabeleddatafor practical
problemswas popularizedby Nigamet. al. in the areaof
informationretrieval [8]. They useEM to infer the miss-
ing labelsof the unlabeleddatamuchin the sameway that
EM is typically usedto infer missingclusterlabels.During
learning,EM assignstronglabelsto thoseunlabeledexam-
pleswhich areunambiguousThesenew examplessharpen
theclassdensityestimateswhich thenallows for thelabel-
ing of additionalunlabeledexamples.

The basicassumptiorunderlyingthe succes®f EM for
this task (aswell asthe morerecenttechniqueg15, 7, 6])
is thatthe distribution of unlabeleddatarespectshe class
boundarieof the labeleddata. Technicaldetailsvary, but
the bottom line is that the density of unlabeledexample
mustbe low nearthe classi cationboundary This makes
good sensefor two classproblemswherethe classesare
Gaussiarfandin a signi cant numberof otherpracticalsit-
uations).This assumptioroftendoesnot hold for detection
tasks,wherethe density of the detectedclassis lost amid
thethousandsf otherclasses.

SupportVector Machines[3] and Adaboost[4, 5] are
purely discriminative techniquesfor pattern recognition
which have hada signi cant impacton applications.Nei-
thermethodattemptdo estimatethe densityof the classes.
Insteadbothmethodausethenotionof “classi cation mar
gin” and attemptto maximizethe marmgin of all (or most)
training examples. The resultis improved generalization
performancdrom fewer examples.

Appliedto discriminative classi ers,thedirectanalogof
Nigametal'sapproachs to assignabelsto thoseunlabeled
exampleswhich have a large mamgin (andarethereforeun-
ambiguous). This is not an effective technique,since la-
beledexampleswith large mamgin are not informative and
have little effect on the nal classier. For discrimina-
tive classi ersonemust nd unlabeledxamplesvhichcan
be unambiguouslyabeledAND have a negative (or small)
maugin.

Co-trainingwasproposedy Blum andMitchell[1] asa
methodfor traininga pair of learningalgorithms.Thebasic
assumptions thatthe two learningalgorithmsusetwo dif-
ferent“views” of thedata.For example,it is nothardto be-
lievethatonecandiscriminatebetweerapplesandbananas
usingeitherfeaturesof their shapeor featuref theircolor.
Sincethemarginsassignedby theclassi ersarenotdirectly
related theremay exist a setof exampleswith high mamgin
basednshapeandsmallor negative margin basedncolor.
The key propertyis thatsomeexampleswhich would have

beencon dently labeledusingoneclassi er would be mis-
classi ed by the otherclassi er. The classi erscanthere-
fore train eachother, by providing additionalinformative
labeledexamples. SeeFigure 2 for experimentalevidence
thatsuchinformative examplesdo exist.

Giventwo “views” of the data,onemight be temptedto
avoid training altogetherand simply combinethe views in
orderto improve the classi cationperformance Why then
doesco-trainingoperateon theviews separatelysinceit re-
ducesclassi cationperformanceZo-trainingis atraining
processnot a classi cation process. After co-trainingthe
nal classi ers,whicharetrainedon labeledandunlabeled
data,aresigni cantly improved. Thesemprovedclassi ers
areeasilycombinedn orderto maximizeclassi cationper
formance.

In fact,Blum andMitchell prove underasetof formal as-
sumptionsthat co-training nds avery accurateule from
avery small quantityof labeleddata. This errorrateis far
smallerthan what would be achieved by simply combin-
ing theinitial classi ers. Therequiredassumptiongclude:
areasonabléearningalgorithm,an underlyingdistribution
which satis es “conditional independence”and an initial
weakclassi cationrule. The maindrawvbackof their theo-
remis the assumptiorof conditionalindependencayhich
requireshetwo featuresetshe statisticallyindependentin
mostrealworld casesthis assumptioris notlikely to hold.

Neverthelessco-trainingbasedmethodsfor real world
problems have been developed and used successfully
by several groups, especially in the context of text
processing[210]. In general,the approachusedwas to
adda new termto the training costfunction penalizeshe
numberof disagreementthat the two classi ers have on
theunlabeledexamples.

While thisseemdik e areasonablapproachit overlooks
oneimportantaspectof the co-trainingidea, which is that
eachlearnefdabelsonly thoseunlabeledexampleson which
it canmalke a con dent prediction. In this paperwe sug-
gestadifferentco-trainingalgorithm,whichis basednthe
known relationshipbetweerpredictioncon denceandpre-
diction margins[13.

2.1 Co-training Using Con dence Rated Pre-
dictions

While the generalnotion of co-training was de ned by
Blum and Mitchell, thereare mary potentialalgorithmic
instantiations We proposea new algorithmfor co-training
which is explicitly applicableto mamgin basedclassi ers.
Giventwo classi erstrainedon a small dataset, estimate
mamgin thresholdsabore which (or belov which) all train-
ing examplesare correctlylabeled. Thresholdscanbe es-
timated from the training set, or a validation set. Using
thesethresholdsassignlabelsto unlabeledexamples,and



thenaddtheseexamplesto the training setandre-trainthe
classi er. New thresholdsarethenestimated.This process
canberepeatednary times.

In the context of Adaboostwe can analyzethe co-
trainingprocessn thefollowing way. Let usdenoteheout-
putsfrom theweakclassi ersby the vector
and the weights associatedvith theseclassi ers by

, . Thelargemamginsassumptions
thatthereis somerealnumber suchthatthe probabil-
ity that is signi cant andthe conditionalprobabil-
ity that correspondso a detectiongiventhat is
closeto one.

Can we estimatethis conditional probability reliably
from our training set? On its face,there seemsto be no
reasorto believe thatthis is possible After all, theweights

dependon thetraining setandwerechoserto maximize
themaginsof thetrainingexamples.However, Schapirest
al [12] have shawn, both experimentallyandtheoretically
that large magins on the training setimply correctclassi-
cation on testdataevenwhenthe dimensionality is ex-
tremelyhigh. Speci cally, Theoren®in [12] shovsthatfor
ary corvex combination of weakrulesfrom a classwith
VC dimension , andfor ary , thefollowing inequal-
ity holdswith probability overtherandomchoiceof a
trainingsetof size

where is the label, is the corvex com-
binationof weakclassi ersfor the -th example. The rst
sumon the right handside of the equationcorrespondso
thefractionof thetrainingsetexampleswith mamgin smaller
than . Theleft handsideis proportionof testingexamples
which arein error. The mostimportantaspecof this theo-
remis thatthe bounddoesnot dependon the numberof
weak functionsthat are combinedin the corvex combina-
tion

Fromthis we canconcludethatthereexists , estimated
on thetraining or validationset,for which therisk of mis-
classi cationon testdatais very low. We alsorely on the
factthatthe mamgins of the two classi ersareonly weakly
related,and that the classi ers are not perfect. As a re-
sult,unlabeledlatacanbeusedto generataew informative
trainingexampledfor whichthepredictedabelis highly ac-
curate.

3 Co-training for Visual Detection

Therearea numberof seriousissuesthat arisein the do-
mainof visualdetectiorwhich mustbe addressedOnedif-

cultly arisesdueto the highly unequalclassprobabilities.
A seconds thealignmentof automaticallylabeledpositive
examples.

For the experimentsin this paperwe will co-train two
detectordor automobilesasseenfrom trafc surwillance
video cameras.Thesecamerasretypically usedto gauge
thetraf ¢ volumeanddelaysin large urbanareas Many of
thesecamerasaresetupassimpleweb-camdor thebene t
of commutergseeFigurel). Other morespecializeccam-
erasareusedto countcarswhich passa particularpointon
theroad. Thesecamerasreusedto replace‘traf ¢ loops”,
electromagnetisystemsvhich areexpensveto install and
calibrate.Thetraf c loop camerasrequitespecializedand
must be placedin very particularlocationsand carefully
calibrated. One applicationof our systemwould beto re-
placetraf c-loops andtraf c-loop camerasvith lessexpen-
sive webcamcameras.

In this applicationoneclassi er detectscarsin the orig-
inal grey levelimages.Thesecondlassi er detectscarsin
imageswherethe backgroundhasbeensubtractedcalled
BackSubin therestof the paper). Theseclassi er arewell
suitedto the availabledata,sincetheimagesaremonocular
andgrey level. Neverthelessthe inputimagesare some-
whatrelated,and asa resultclassi ers are not quite ideal
for co-training.We mustemphasizé¢hatwhile “conditional
independencets a sufcient conditionfor co-trainingto
succeedjt is widely believed thatit never holdsin prac-
tice. This paperdemonstratethateventwo closelyrelated
classi erscanbeco-trainedeffectively.

For our experiments50 image patchescontainingposi-
tiveexamplesand6 validationimagesareusedfor theinitial
training. While thisavery smallquantityof data theresult-
ing classi er is far betterthanrandom. In addition22,000
entirely unlabeledmagesare madeavailable for training.
After co-training,errorratesarereducedoy afactorof 2 to
11acrosgheentireROC (recever operatingcharacteristic)
cunve. The nal classi eris quiteeffective.

4 DetectionFramework

The detectorausedin the co-trainingframewnork arebased
onthework of Viola andJones.

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

A collectionof featuresareusedto classifythetraining
set. Thesefeaturesareselectedisingthe sequentialogistic



Figurel: Exampleimagesusedto testandtrain the cardetectiorsystem Ontheleft arethe originalimages.Ontheright arebackground

subtractedmages.

Figure2: Left: A scattemplot of thejoint distribution of maminsfor thetwo classi ers. Theseresultsareshavn on testdata,andtherefore
representshe distribution on unlabeleddata(positive examplesarecircles,negative aregrey/green).For eachclassi er two thresholdare

alsoshawn, the thresholdabore which no negative is found,

, andthe thresholdbelow which no positie is found,

. Theregions

labeledA,B,C, andD containinformative examples.Right: Particularexamplesakenfrom A, B, C, or D; imageswhich aremislabelecby
oneclassi er (or have smallmagin) which arecon dently labeledby the otherclassi er. E.G.SetB containamagescon dently labeled
positive by the Grey classi er but aremisclassi edby the BackSukbclassi er. Theseexamplesareaddedo thetrainingsetof the BackSub

classi erduringco-training.

regressionalgorithmof Collins et. al.(whichwe will call
LogAdaBoostin this paper).In eachroundthe featurese-
lectedis thatwith the lowestweightederror Eachfeature
is asimplelinearfunctionmadeup of rectangulasumsfol-
lowed by a threshold. In the nal classi er, the selected
featureis assigneda weight basedon its performanceon
the currenttask. As in all variantsof AdaBoost,examples
arealsoassigne@weight. In subsequerbundsincorrectly
labeledexamplesaregivena higherweightwhile correctly
labeledexamplesaregivenalowerweight.

In orderto reducethefalsepositive ratewhile preserving
ef ciency, classi cationis dividedinto a cascadef classi-
ers. The early classi ersare constrainedo usefew fea-
tures (and are thereforeef cient) while achiesing a very
high detectionrate. Constrainton the later classi ersare
relaxed: they containmorefeaturesandhave alower detec-
tion rate. Later cascadestagesaretrainedonly on the true
andfalsepositivesof earlierstages.

LogAdaBoostis usedto train eachstagein the cascade
to achieve low error on a training set. Due to the asym-
metric structureof the detectioncascadeeachstagein the

cascadenustachieve a very low falsenegative rate. The
falsenegative rateof the trainedclassi er is adjusted post
hoc,usingasetof validationimagesn which positiveshave
beenidenti ed. Thesdmagesarescannedndthethreshold
is setsothattherequireddetectiorrateis achieredonthese
validationpositives.

In orderto train afull cascaddo achieve very low false
positiveratesalargenumberof examplesarerequired both
positive andnegative. The numberof requirednegative ex-
amplesis especiallylarge. After 5 stageghefalsepositive
rateis often well belov 1%. Thereforeover 99% of the
negative datais rejectedandis unavailablefor training sub-
sequenstages.

5 Experimentsand Algorithms

Datawasacquiredfrom a WashingtonStateDepartmenbf
Transitweb site. The camerasselectedbrovide 15 second
video clips onceevery 5 minutes. Datafrom a total of 8
camerasvasusedfor experiments.The camerasveresim-
ilar, in thatthey were placedby the sameauthority They



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

Two typesof classi erswereconstructeda 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 the differencebetweerthe videoimagesandthe average
backgrounccomputedrom eachvideoclip. Otherwisethe
featuresetandtraining algorithmswere identicalfor both
classiers.

The labeledtraining datamadeup a tiny subsetof the
total dataset.The training dataincludesimagesfrom 3 of
the camerasn which 50 carswereidenti ed. In eachcase
a box was drawvn aroundthe car which containeda small
percentagef thebackgroundaindhadanaspectatioof 1.4.
For training the car imageswhere croppedand scaledto
20x28 pixels. The training datawas limited to thosecar
imageswhich were equalto or larger than 20x28 pixels.
Thesames0 labeledcarswereusedto train boththeimage
classi erandthebackgroundiifferenceclassi er.

In additionto thelabeledpositive data,a setof six addi-
tionalimageswereusedasa validationsetto adjustclassi-
er thresholdsThevalidationsetcontaindmagesin which
every car is locatedand labeled. In practiceimagesare
selectedso thatthereare as mary positivesas possibleso
that both the false positive and false negative rate can be
estimated. If there were unlabeledpositve examplesin
theseimagesiit is likely thatthesepositveswould appear

asfalselylabelednegative data.

Usingthistrainingandvalidationdata,two cascadede-
tectorsareconstructedpnefor the grey imagesandonefor
the backgroundsubtractedmages. The input to the cas-
cadeconstructiomalgorithmis thetargetdetectiorandfalse
positive rates,a training set,anda validationset. The cas-
cadeis built incrementallyby addingfeaturesandclassi er
stageauntil the detectionandfalsepositive ratetargetsare
achieved. Thetargetdetectionrateis 100% (to ensurethat
no positive exampleis lost) andthetargetfalsepositive rate
was0.2%(thesameasthetruepositiverate).A 5 stagecas-
cadewaslearnedwith a total of 20 features.At this point
theco-trainingprocesss begun.

5.1 Co-training the Detectors

The rst stepis to retrainthe nal stagefor the cascadeso
thatit hasa larger numberof features(in our experiments
30features).This expandedstageprovidesa moreaccurate
estimatefor the con dence (or mamgin) of new examples.
By comparisona 4 featurestagewould provide a smaller
rangeof con dencevalues.

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

22,000unlabeledimages(containingbillions of subwin-

dows). Eachpatchin theseimagesis rst passedhrough
the cascade. If it labeledas potentially positive by the
rst 5 stagesthenthe scorecomputedby the nal stage
is recorded.

For this nal stagetwo thresholdsreusecto collectand
labelunlabeleddata. Thesethresholdsresetusingtheval-
idationset. The positive threshold  is the maximumscore
achievedby the nggative patchesn thevalidationset. Any
examplewhich falls above is very likely to be positive.
Similarly  is the minimum scoreachieved by the posi-
tive patchesin the validationset. Notethat and are
estimatedseparatelyfor the Grey and BackSubclassi ers.
Sincemostdatais negative, we canafford to be extremely
consenative. The conserative negative thresholdis setto
1.3times

New examplesarelabeledandsampledusing and
Theseareaddedo thetrainingsetwhich includesthe orig-
inal labeleddata. Using this new training set, AdaBoostis
usedto addthreenew featuregheclassi er. Theunlabeled
datais thenresampledigain.After 12 roundsof resampling
thereare features.

Note that constructionof the initial cascadedietectors
actto solvetwo critical problemgacingtheco-trainingpro-
cess:asymmetryandef ciency. Recallthatin eachimage
thereareatmostafew dozenpositive examplesandasmary
as30,000negative examples.Co-trainingpredictdabelsfor
exampleswhereoneclassi er is “con dent” — unlikely to
bein error In orderto have a small percentagef errors
on positive labels,the falsepositive rate mustbe lessthan
1in 10,000. This canbe dif cult to achieve. After 5 cas-
cadestagesthe problemis muchcloserto symmetric with
approximatelyonepositive for every 10 negatives.Thecas-
cadealsoprovidesa very signi cant boostin performance,
sinceonly 1 in 1000 examplesare acceptedy the early
cascadetages.

5.2 Sampling Unlabeled Examples

Dueto the strongasymmetnyin the distribution of positive
andnegatveexamplesadifferentprocedureas usedto sam-
ple from thedifferentclasses.

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

Recallthatin eachiterationof the LogAdaBoostalgo-
rithm eachexample is assignecaweight . A new fea-
ture isthenaddto the classi er, suchthatthe weighted
sum over the training examples , IS maxi-
mized.



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 procesgrun for 12rounds)

- 22,000 wunlabeled 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 concretealescriptiorof theco-trainingprocessNotetherearevery few parametern this processthestructureof thecascade
is determinechutomaticallyduringtraining (basednatargetfalsepositive equalto thetruepositive rate). Thresholdsiresetautomatically

aswell.

Thoughonecouldsampleuniformly from thesetof con-
dent negatives, this would ignoreonecritical pieceof in-
formation, the mamgin of the example. If co-trainingis to
work well it relies on the assumptiorthat someexamples
thatare con dently classi ed asnegative by oneclassi er
are not con dently labeledby the other Theseexamples
arehighly informative for thelearningprocess.

A moreprincipledsubsamplingprocedurds to usethe
importancesamplingapproachandrandomlyselectnega-
tive datausinga probability distribution relatedto the ex-
ampleweight , andthen assignthe sampledexamples
a constantweight. That is, if a subsetof training ex-
amples was sampledbasedon the LogAdaBost
weight, thenthe right approximatiorto the featurescoreis

. Accordingto theimportancesamplingprinci-
pal, the achieved approximatiorwill be signi cantly better
thenthe oneachieved by uniformly sampling,andweight-
ing the sampled=xamples.

The naive way to sample examplesout of the train-
ing setwill requirescanningthe con dently labelednega-
tives times. Sincein eachstagewe areto samplefew
thousandsut of approximatelybillion examplestheabove
approachwill resultin an extremelyinef cient algorithm.
Tentatively, a reasonableapproximationcan be achieved
with only onepassoverthedata.To seethis considerscan-
ning the dataonce,andfor eachexample ipping  coins

with headprobability , . The expected
numberof selectedexamplesresultingfrom sucha process
is . Moreover, the expectednumberof timeseachexam-
ple comesoutin the sampleis . Thisleadsusto the
following algorithm: scanthe dataonce.For eachexample
in the data-if selectthe examplewith probabil-
ity andassignit aweight . If , selectthe
examplewith probability , andassigrit theweight

Note, however, that since the weights are exponen-
tially relatedto the mamin, someexampleshave very high
weightsand the numberof different exampleachieved by
theabove proceduras likely to be signi cantly lower then

. Sincetheaccuray of the selectedeatureis stronglyre-
latedto the numberof differentexamplesusedfor the eval-
uation, we wouldn't like the resultingnumberof samples
to betoo small. In orderto achiere  differentexamples
thereis a needto scalethe examplesweights by alarger

. Thecorrectsolutionis to solve :
whichis dif cult whentherearevery mary examples.This
equationcanbe approximatelysolved usinga histogramof
the weights,which recordsthe numberof exampleswithin
differentrangesof weights.



5.3 Sampling Positive Data

Positive datamustalsobe sampledcarefully, but sincepos-
itive datais veryrare,it is not necessaryo reducethetotal
numberf exampleausingsub-samplingThekey challenge
is alignment.In mary detectiortaskssigni cant effort goes
into establishingagoodalignmentbetweerthelabeledpos-
itive examples:the carimagesare scaledto the samesize,
andtranslatedsothatvisible featuresappeaiin a consistent
locationrelative to thedetectiorwindow.

The alignmentof examplessampledbasedon a high
scoreis problematic. It is frequentlythe casethat for ary
given positive examplemary overlappingsubwindavs are
assignedhigh score. This is a fundamentalproperty of
all scanningdetectorsandit hasbeenobsened for mary
typesof detectiontasks. Typically during detection these
setof overlappingdetectedsub-windavs are meiged into
a single detection. During co-traininggreatcare mustbe
taken, sinceinjecting positive examplesat differentscales
and translationscan confusethe training processand re-
duceperformance.

The solutionis to selectonly exampleswhich areat the
peaksof the scoringfunction. Theweightassignedo each
peakis thesumof theweightsabovetheselectiorthreshold
and are nearbythe peak. SeeFigure 2 for automatically
selectecpositive examples.

5.4 Evaluation

Testingwasperformedon a separatesetof handlabeledex-
amplesthatwerent usedarywherein the training process.
This setincluded90 imagescontaining980 positive exam-
ples.Sincewe aremeasuringheincrementalmprovement
of the cascadedietectorsdueto co-training,the nal co-
trainedstageis only testedon thosepositvesandnegatives

which make it throughthe rst 4 layersof the cascade.

In this case7,000negative examplesremainfor the back-
groundsubtractedcascadeand 10,000for the grey image
classier.

Figure 4 presentghe ROC curvesthat were computed
usingthis testingdata. Note that evaluatingthe ratio be-
tweenthe error ratesof the original classi er and the co-
trainedclassi er, shavs animprovementby afactorof 2 to
3 for the standardyray levelsclassi er, andafactorof 2 to
11for thebackgroundsubtractealassi er.

Figure5 shaws detectionresults,evaluatedon someun-
labeledimages.

6 Conclusions

We have shavn thatco-trainingcanbe usedto signi cantly
improve detectorsusing unlabeleddata. Thesedetectors
are provided with lessthan 10% of the labeleddataused
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Figure4: ROC cunes. Green/Grg line: the original classi er.
Black dashedthe co-trainedclassi er. TOPthe GREY classi er.
BOTTOM: theBackSubclassi er.

to train otherpublishedvisual detectors.After co-training
the detectionratesare quite good andthe systemis highly
functional.

One applicationof co-trainingis to reducethe cost of
constructingvisual detectors.Anotherapplicationmay be
to producedetectorsvhich are nely tunedto the speci cs
of aparticularproblem.

As demonstrateéh this paper co-trainingautomatically
improves a pair of weak detectorswith no additional la-
beleddata.ln principle onecoulddeploy alarge numberof
genericandthereforeweakdetectiorsystemsEachsystem
couldthenuseco-trainingto automaticallyne tuneperfor
manceto achieze muchhigherdetectionrates. To achieve
this improvementeachsystemwould leveragethe unique
characteristicsf the deployedernvironment.
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