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Abstract

The rapid paceof researchin the fields of ma-
chine learning and image comparisonhas pro-
ducedpowerful new techniquesn bothareas At

the sametime, researcthasbeensparseon ap-
plying the bestideasfrom both fields to image
classificatiorandotherformsof patternrecogni-
tion. This papercombineshoostingwith state-
of-the-artmethodsn imagecomparisorto carry
outacomparatie evaluationof seseraltop algo-
rithms. Theresultssuggesthatanew methodfor

applyingboostingmay be mosteffective on data
with mary dimensions Effectively marryingthe
bestideasfrom thetwo fieldstakeseffort, but the
techniquesand analysesdevelopedhereinmake
thetaskstraightforvard.

1. Introduction

Researchersave madegratifying progressecentlyin both
machinelearningand image comparison. Boosting (Fre-
und & Schapire 1996),supportvectormachinegBurges,
1998)andotherso-calledarge-magin techniquesconsis-
tently demonstratémprovedperformancevhenappliedon

top of older, more establishednachinelearningmethods.

Simultaneouslyresearcher the field of imageretrieval
have devisednew representationthatallow quick compar
isonsbetweerimagesasediponmultiple cues-colorand
texturedistributions,for example. Techniquesuchascolor
correlogramgHuangetal., 1997),redundanbanksof tex-
ture filters (De Bonet& Viola, 1997), and others(Howe
& Huttenlocher 2000) have shavn measurablemprove-
mentsover earlier more simplistic methodssuchascolor
histogramgSwain & Ballard, 1991). Thesetwo bodiesof
researcttombinedhave the potentialto generatgowerful
patternrecognitionalgorithms,particularly in the areaof
imageclassification Unfortunatelywith a few exceptions,
very little currentresearcrappealdo bothfields by incor-
poratingthe bestelementf each.Thecombinatiornof the
newer image analysistechniqueswith the concurrentad-
vancesn machinelearningturnsout to containsubtleyet

significantpotentialpitfalls that have not beenadequately
addressetb date.

This paperinvestigateghe bestway to combineboosting
with a rangeof promisingimagecomparisommethods af-
ter the exampleof Tieu andViola Tieu and Viola (2000).
It examinesseveral candidateapproachessince the best
way to incorporateboostingusingthesetechniquesiasnot
yet beenestablished A summaryof the findingsappears
in Section3. In particular a novel approachs developed
hereinusingconicdecisionboundarieshatallows boosting
to be combinedwith ary of the leadingimagerepresenta-
tions. The experimentalresultsshow this methodto work
betterwith thehigh-dimensionaimagerepresentationthat
arebecomingmorecommontoday

1.1. The Problem

Several characteristicsof image comparisontechniques
male the straightforward applicationof boostingdifficult.
Imagerepresentationgypically exhibit a high numberof
linearly nonseparabléimensions. This makesthe useof
machinelearningmainstayssuchasC4.5 (Quinlan,1993)
both slower andlesseffective thanthey arein the sortsof
problemstypically looked at by the learningcommunity
The comparisormetricsdevelopedfor imageretrieval, on
the other hand, also form an incompletefoundationfor
boosting. Orientedtowardsretrieval ratherthan classifi-
cation,they do not addressheissueof establishinga clas-
sification threshold. More significantly thesetechniques
aredesignedo measurémagesimilarities given a single
targetimage;they do not necessarihhandlea setof target
images possiblywith weightsindicatingtheirimportance.
For boosting,incorporatingsucha weightedsetof targets
is essential.

Thenaive approacho expandingfrom asingle-tagettech-
nigueto a multiple-tagettechniquewould be to usesome
linear combinationof the representationsf the multiple
target, probablythe meanor the sum. Unfortunately this
methoddoesnot work: typically the combinedrepresen-
tation is significantly worse at picking out membersof
the classthan mary of the individual training examples



alone(Howe, 2001). This reflectsthe compleity of im-
age classes:they tendto be only diffusely clusteredin
ary given image representationjnterspersedwith non-
memberof theclass,andrife with outliers.

1.2. Boosting in Context

Boostingbeganasa techniquefor combiningdifferently-
trainedclassifierswith uniquesetsof strengthsandweak-
nessesProperlydone,a weightedvote of eachclassifiers’
predictionscanreinforcethe strengthsand cancelout the
weaknessegSchapire,1990). Thus a classificationalgo-
rithm thatdisplaysmaminal succesgaccurag slightly bet-
ter than chance)canbe “boosted” into an algorithmwith
much higher accurag. AdaBoost(Freund& Schapire,
1996)first provided a widely known algorithmicapproach
to boosting. Sincethen, mary variantshave appearedhat
seekto addressomeof its shortcomingssuchasintoler-
anceto errorsin thetraining data(Friedmanet al., 1998),
but AdaBoostcontinuego bewidely used.

AdaBoostandboostingalgorithmsn generatequireabase
learning algorithm, often referredto as a weaklearner,
that canclassifyary setof weightedinstanceswith better
than50% accurag. With a two-classsystem,suchweak
learnersarenot hardto develop: nearlyary division of the
spaceof possibleinstanceswill do. Althoughthe theoret-
ical resultsplaceonly weakrequirementon the baseal-
gorithm,empiricalexperiencesuggestshatmorepowerful
baseclassifierstendto work betterwhenboosted(Freund
& Schapire,1996). The baseclassifieris trainedin succes-
sive roundson differentsubsetsor weightingsof the ini-
tial training data,producingthe requiredsetof differently-
trainedclassifierghat canbe combinedto producea final,
morereliableclassification.

The succes®f boostinghasbeenattributedto its ability to

increasethe separatior(calledthe mamin) betweenposi-
tive and negative instancesf a classbetterthana single
classifieralone(Schapireet al., 1998). As suchit belongs
to thebroadcategory of large-magin classifiersywhichalso
includessupportvectormachinegBurges,1998). Practi-
calexperiencawith boostingsuggestshatmary successie

roundsof boostingcangraduallyincrease¢he margin with-

out overfitting the training data,even afterthe error on the
trainingsethasbeenreducedo zero(Schapireetal., 1998).

In spiteof thesucces®f boostingin otherareaslittle work
hasbeendoneto datein applyingit toimages.TieuandVi-

olaTieuandViola (2000)usea feature-selectioalgorithm
equivalentto simpleboosting,but the focus of their work
is elsavhere.Perhap®nereasorthatsolittle attentionhas
beendevotedto thetopic is thatresearchersorking with

imageshave focusedmainly on retrieval ratherthanclas-
sification. Only recently have algorithmsdevelopedthat
offer reasonablelassificationperformanceon ary but the

simplestof imagecategories.

1.3. Two Approaches

In orderto apply boostingto mostextantimagerepresen-
tationsdesignedor retrieval, onemustfirst decidehow to
adapta representatiodesignedor pairwisedetermination
of similarity so asto producea classdecisionboundary
In doing so,onemay decideto adoptanapproachhathas
moreof theflavor foundin traditionalmachindearning,or
onemayoptinsteador anapproachhatretainamoreof the
flavor of the originalimageretrieval technique.This paper
looksatbothof thesepaths.Thefirst approachusessimple
single-dimensiorthresholdeddecisionboundarieswhich
maybeviewedasdecision-treesstumpgdecisiontreeswith
adepthof 1). Intuitively, it looksfor dimensionga.k.a.fea-
tureg demonstratingexceptionalvaluesthat happento be
highly correlatedwith membershign the class. The sec-
ond approachusesthe entire vectorfor comparison.This
is achieved usinga cosinemetric (measuringhe anglebe-
tweentwo normalizedvectors)and conic decisionbound-
aries for examplewith thevectorrepresentatioof atarget
imageattheaxisof thecone.Intuitively, it looksforimages
thataresimilar enoughto the exemplarimageaccordingo
the cosinemetric. Onemight expecteitheror bothof these
approacheso work better dependinguponthe underlying
imagerepresentatioshosen.

Regardlessof the method,arny simple classifierusedfor
boostingmustconformto a few simple assumptions.As
inputit receivestwo collectionsof vectors,V,, andV/,, con-
tainingrespectiely therepresentationsf positve andneg-
ative training examplesof the classto belearned.In addi-
tion it recevesa collectionof weightsonthesevectors, W,
andW,,, indicatingtheimportanceplaceduponlearningto
classify the correspondingraining example. From these
inputs, the classifiershouldgeneratea rule that classifies
ary imagerepresentationr aseitheraclassmemberor not;
this may bethoughtof asa functionfrom the spaceof pos-
sible representation® onto {0, 1}. Section2.1 describes
severalcommonimagefeaturespaces’ usedin this paper

Two featuresof mostimage representationsnake them
someavhat differentfrom mary of the typesof datatyp-
ically usedwith boosting. They tendto be of very high
dimensionwith someschemessingtensof thousand®of
dimensiongHowe, 2001;Tieu & Viola, 2000). Thecorre-
lationsbetweenndividual dimensiondendto be unknovn
andpresumabhhighly complicated Furthermoreary sin-
gleindividual dimensiontypically haslow correlationwith
ary interestingmageclass:therearefew “smokingguns”.
Theseconsiderationdave led to the developmentof the
two techniquesdescribedbelow, one which concentrates
on individual features,and one which looks at the vector
representatioasawhole.



1.3.1. FEATURE-BASED BOOSTING

Thefirst method denotechereafteasfeatue-basedoost-
ing, or FBoostfor brevity, createsa simpleclassifierasfol-
lows. For eachdimensionin V, it sortsthe valuesfoundin
V, andV,,, removing duplicates to determinea complete
setof candidatedecisionthresholdslt thenscoresachof
theseadecisionthresholdsn termsof theweightederrorrate
it would generatef usedasa classifier The bestthreshold
is computedor eachindividual dimensionandthe bestof
thesebecomesherule usedto classifyunknawn instances.

Feature-baseHoostingrepresents fairly traditional way
to apply boosting. Tieu and Viola Tieu and Viola (2000)
adoptthisapproachn theirwork. Fromamachine-learning
viewpoint, FBoostis equivalentto usingdecisiontreeswith
a single branch(also called decisionstump$ asthe base
classifier Friedman,Hastie,& TibshiraniFriedmanet al.
(1998) presentvidencethatthe simplicity of the decision
stumpsascomparedo full decisiontreesmay be counter
actedby a sufficientnumberof boostingsteps.

Onemightexpectfeature-basedoostingto work bestwith
imagerepresentationthatusethe ; metric(alsoknownas
the Manhattardistance)sinceboththe feature-basedlas-
sifier andthe L; metric rely on a separationn the indi-
vidual featureqdimensions) Suchrepresentationsclude
bothhistogramsandcorrelograms.

1.3.2. VECTOR-BASED BOOSTING

The secondmethod, denotedhereafteras vectorbased
boosting or VBoostfor brevity, representanon-traditional
applicationof boostingconceptswith no closeanalogues
known to the author Implementingit effectively turns
out to requiresomecreatvity. If only the positive train-
ing instancesare usedas cone axes in creatingindivid-
ual classifiersthentheresultingsetof decisionboundaries
lacksenoughvarietyfor effective boosting.(Thealgorithm
quickly reachesa point wherenoneof the available deci-
sion boundariesare of high quality.) On the other hand,
allowing ary axis at all leavesan infinite numberof pos-
sible decisionboundariedo check,with no guidetowards
finding the bestone. A compromiseheuristicis therefore
used,with reasonableesultsproducedn practice.Theal-
gorithm describedbelow consistentlygenerateéndividual
classifierawith greatethan50%accurag evenaftermary
successie roundsof boosting.

Let v, andv,, bethesumof thevectorsin V,, andV,, re-
spectvely, asweightedoy theweightsin W, andW,,. Con-
siderthe hyperplanehatbisectsthe anglebetweenv, and
v,,. Ourexperienceshovsthatthemajority of theweightof
positive exampleswill tendto lie on onesideof thehyper
plane,while the majority of the weight of negative exam-
pleswill tendto lie ontheotherside.(Usuallythe positive
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Figurel. Schematidllustrationof v |

examplesareclusteredon the v, side,but if thisis notthe
casethe algorithmsimply exchangeghe classificationla-

belsfor thatroundof boosting.)Thedotproductwith avec-
tor orthogonako the bisectinghyperplanghereforeproves
usefulin discriminatingbetweenpositive andnegative ex-

amples. The heuristicalgorithmcalculateghe orthogonal
vectorv accordingto Equationl andthencomputests

dot productwith all thetrainingvectors.

Vn * (Vp +vy)
va + i

V] =Vp— (1)
Figure 1.3.2containsa schematidllustration of the situa-
tion describedabore.

As wasthe casefor the previousclassifier therangeof dot
productsbetweenv; andthe elementsf the training set
offersa finite choiceof decisionthresholds.The bestcan
bechosersimply by computingtheweightedtrainingerror
for eachpossibility.

2. Experimental procedure

Theexperimentaproceduralescribedelow hasthreeaxes
of variation:theimagerepresentationsed thetypeof base
classfieusedfor boosting andtheimagecategoryused.Of

these the comparisondetweenmagerepresentationand
betweenbaseclassifiersare mostinteresting. All experi-

mentsare performedon the sameset, comprising20,100
imagesfrom the Corel photolibrary. Corel imageshave

beenusedin mary worksonimageretrieval, andmorede-
tails on this setof imagesare available elsavhere (Howe,

2001).

All experimentsuseb x 2-fold cross-walidation. For each
of five replications the imagesetis split in half, with half
of the positive instancesn eachfold. Eachfold is usedto
train a classifier andits performancads testedon the op-
positefold. Comparingresultsacrossthefive replications



providesan estimateof the deviation.

2.1. Imagerepresentation

Threeimage representationsome from relatively recent
work on ways of describingimagesthat presere multi-
ple primitive imagecues: color, texture, relative location,
etc. CorrelogramgHuangetal., 1997)assembletatistical
informationaboutcolor co-occurrencesn the pixel level.
Correlogramfeaturesare of the form “the probability that
apixel B at distancer from pixel A hasthe samecolor as
A.” Stairs(Howe & Huttenlocher2000)explicitly records
thepatchef colorandtexturefoundin differentlocations
within the image. Thus eachfeaturein Stairsrepresents
the presencer absencef a patchwith onediscretecom-
binationof color, texture,andlocation. An unnamedech-
nigueintroducedby Tieu and Viola (Tieu & Viola, 2000)
registersthe output of banksof layeredcolor andtexture
filters. A featurein this representatioorrespondso the
outputof a setof threesuccessiely appliedtexture filters
summedover the entireimage. Finally, color histograms
(Swain & Ballard, 1991) are a well-establishedepresen-
tation, includedhereasa control. Eachfeaturein a color
histogramrepresentshe percentagef theimagethatis of
aparticulardiscretecolor.

The Tieu-Viola representatioiis alteredsomeavhatherein
orderto achieve a practicalalgorithm. Their original rep-
resentatiorstoresabout50,000numbersperimage. With
acollectionof 20,100imagestherefore the entiredataset
occupiesroughly 8 Gb of memory While this may easily
fit on a disk, it will not fit into memoryfor efficient pro-
cessing.An approximatioryieldsthe necessaryeduction
in requiredmemory:thevaluesarenormalizedby subtract-
ing the meanfor eachfeatureanddividing by the standard
deviation, after which valuesdiffering from the meanby
fewer than2.5 standardieviationsaresetto zero. This al-
lows the datato be storedas a sparsematrix with about
107 elements Tieu andViola hypothesizehatthe success
of their methodstemsfrom extremefeaturevaluesin the
rangeof 4 or more standarddeviations, so thereis some
reasonto believe that this approximationwill not unduly
affectperformanceOntheotherhand,it is problematicor
the imagesthat shaov no featuresat all with valuesmore
thantwo standarddeviationsfrom the mean(roughly one
third of thetestcollection). Tieu andViola do not address
the memoryissuein their paper which looks at only 3000
images.

2.2. Boosting Type

Strictly speakingonly oneboostingalgorithm, AdaBoost
(Freund& Schapire,1996), is usedin all experiments.
Rather the differencecomesfrom the baseclassifierused,
as describedin the previous section. Although the base

classifierusedfor boostingmakesno differencein theory,
thecommonwisdomandexperienceholdsthatsomebases
male for better boostingthan others. Becausethe two
methodsusedherework quite differently; any disparityin
their performanceshouldbe instructive. As a control, the
experimentincludesa third, unboostedlassifier In order
to give amoremeaningfulcomparisono theboostedalgo-
rithms, this is not simply a single applicationof the base
classifier(which doesquite poorly). Rather the control
is a nearest-neighbarlassifierusingthe bestexemplarsof
theclassasselectedy a greedyadditive approach{Howe,
2001).

2.3. Image Category

Five chosencatayoriesreflecta moderaterangeof diffi-
culty and subjectcategory: Suns(226 imagesof sunrises
and sunsets) Wblves (110 imagesof wolves), Churches
(101 imagesof churches),Tigers (100 imagesof tigers),
andRaceCas (100 imagesof Formulal racecars). Note
that thesechoicesinclude both naturaland manufctured
objectsfull scenesandspecificentitieswithin scenes.

3. Results

Table 1 shaws the meanareaunderan ROC curve com-
putedfor eachof the 60 (4 x 3 x 5) experimentalcon-
ditions, as a percentof total possiblearea. The dataare
groupedby imagecategory, sincethemostinterestingvari-
ationsin performanceshov up whenthe category is held
constant.The deviationsaregenerallysmall: lessthan2.5
percentag@ointsin all but threecases.

Theresultsdisplaysomeinterestingtrends.First of all, the
boostedmethodsgeneratehighernumbersthanthe corre-
spondingcontrolin all but two casesandthe differencein
eachof thelatteris not significant. This resultis not auto-
matic, sincethe control caseis not a simplistic single ap-
plication of the boostedclassifier but an effective nearest-
neighborclassifierusingthe bestexemplarsof the class.

Although the unboostedbaseclassifierdoeslittle better
than chance,for completenes§able 2 gives the perfor

manceof this option. Note thata completelyrandomclas-
sificationalgorithmshouldgeneratérOC curveswith areas
of 50%21 A comparisorwith thenumbersn Table1 shovs

theclearadvantageof boosting.

3.1. Comparing boosting types

Comparisondetweerthetwo typesof boostingrevealthat
different approachesvork bestwith differentunderlying

The apparentworse-than-chancperformanceof the Tieu-
Viola controlin Table1l is interestingin this regard,but doesnot
affectthe conclusionof this paper



Tablel. Per cent areaunder the ROC curwe for two boosting
methodsandanunboostedontrol. Thebestmethodn eachgroup
of threeis underlined andthebestmethodin eachclusterof 12 is
boldface.

Method | Hist Corr | Stairs| T-V
Control | 82.7 | 86.1 | 92.2 | 23.6
+06| +11|+03|+51|
VBoost | 935 | 981 | 932 | 775 | <
+05|+04| +£10| +£13| D
FBoost | 96.1 | 96.2 | 93.8 | 75.6
+04|+09|+07] £1.9
Control | 71.6 | 70.3 | 75.3 | 51.1
+19|+12|+19| +£06/|
VBoost | 76.9 | 79.8 | 814 | 66.4 | S
£22| £1.7| £1.6| £22| §
FBoost | 78.6 | 80.5 | 79.6 | 62.2
+12|+16| +£1.1] +40
Control | 90.2 | 81.0 | 88.6 | 43.1
+13|4+09|+03|£16
VBoost | 93.3 | 96.6 | 96.3 | 68.2 | &
+07|+06|+12|+11|©
FBoost | 97.3 | 98.0 | 96.3 | 63.5
+06|+05|+06| +£1.9
Control | 935 | 87.6 | 852 | 37.0
+07]+£03|+11] +£07
VBoost | 925 | 96.8 | 889 | 578 |
+10| +05| +08| +£1.6|F
FBoost | 98.0 | 97.7 | 92.4 | 54.4
+07|+04| +06]| £33
Control | 86.8 | 89.2 | 80.7 | 48.4
+15| +1.0| +04| +0.6
VBoost | 85.8 | 91.3 | 87.1 | 614 | 5
+21|+18|+09|+25|=
FBoost | 90.7 | 89.6 | 88.5 | 58.0
+22| +20| +13| +£1.3

Table2. Percentareaunderthe ROC cunve for a singleiteration
of thebaseclassifier Randonchancewill yield anexpectedscore
of 50%

Method
VBoost
(base)
FBoost
(base)

VBoost
(base)
FBoost
(base)

VBoost
(base)
FBoost
(base)
VBoost
(base)
FBoost
(base)
VBoost
(base)
FBoost
(base)

Stairs| T-V

52.8 | 49.1
+1.7| £2.7
529 | 55.2
+21|+£1.3

52.2 | 50.4
+35|£26
50.0 | 51.7
+26| £4.7

48.5 | 49.8
+44 | £40
50.1 | 49.9
+25| +£23

47.0 | 494
+19| +£12
50.4 | 51.0
+£23|£30

53.4 | 48.7
+23| £19
51.8 | 49.1
+33|£24

Hist
50.7
+1.2
49.6
+1.6

49.3
+2.0

50.3
+1.4

50.5
+ 3.6
47.7
+2.3

48.4
+ 3.3
49.2
+3.5

51.6
+2.3

51.6
+2.4

Corr
62.3
+ 3.2
54.1
+ 3.0

49.2
+4.4
51.0
+4.0

58.4
+26
52.0
+4.6

50.1
+2.8
50.4
+2.0

51.2
+2.6
49.9
+25

Suns

Church

Car

Tiger

Wolf

imagerepresentationsFor the histograms feature-based
boostingconsistentlyperformsbetter achieving significant
differencesn four of thefiveimageclasses(Underscores
indicatethe bestboostingmethodin eachcategory.) For
the Tieu-Viola method,in contrast,vectorbasedboosting
consistentlyperformedbetter althoughthe differencewas
only statisticallysignificanton oneset(RaceCa}. There-
maining representationshov mixed results. For correlo-
grams,FBoostdoessignificantly betteron two cateyories
andVBooston one. For Stairs,FBoostdoessignificantly
betteron only onecateory, with the remainingcateyories
splitting the advantageandshawing no statisticallysignifi-
cantresultseitherway.

Although the sparsityof statisticalsignificancein the re-
sults makes it difficult to be sure,it appearsthat vector
lengthmaybeanimportantfactorgoverningwhichmethod
works better The representationare listed in the table
from left to right in order of increasingvector length:
histograms(128 dimensions),correlograms(512), Stairs
(19,200)and Tieu-Viola (46,875). The succes®of VBoost
appearso increaseslightly with thenumberof dimensions,
doingworston the smallestrepresentatiomndbeston the
largest. This is fortunate,sincechoosingthe bestfeature
onvectorswith mary dimensionss quitetime-consuming:
VBoostnot only works betterin thesecasesijt runsfaster



aswell. If theadvantageof vectorbasedoostingfor high-
dimensionalrepresentation$olds up, it may ultimately
prove afruitful approachn otherareasesidesmageclas-
sification. On the other hand, further researchmay ulti-

matelyprovethattheapparentrendstemsromidiosyncra-
ciesof the histogramand Tieu-Viola representationstor
example,the individual dimensiondn Tieu-Viola may be
moreintercorrelatedhanin theotherrepresentations.

3.2. Comparing image representations

Several othertrendsreveal themselesin Table 1. First,
althoughthe Tieu-Viola representatioimprovesthe most
underboosting the ultimate performanceusingit doesnot
matchthat of the otherthreerepresentationsThis may be
in partbecaus®f therepresentationakstrictiondmposed,
asdescribedn Section2.1. However, without somesuch
approximation,t is difficult to imaginehow to apply the
techniqueo largerdatasets.

Of theotherthreerepresentationgorrelogramslisplaythe
bestoverall score(indicatedin bold) for threeof the five
imagecateyories,with histogramsand Stairssharinghon-
ors on the remainingtwo. However, neitherof the latter
two scoresaresignificantlybetterstatisticallythanthe cor-
respondingcorrelogramscore. Therefore,it appearghat
correlogramsarethe bestchoiceby a smallmagin, if one
cansomehav determinethe bestform of boostingto usein
agivensituation.

4. Conclusion

Boostingimprovesthe performancef imageclassification
virtually acrosgheboard.Two differentmethodslescribed
hereinfor constructingboostableclassifiersfrom a base
imagerepresentatiomoth yield betterresultsthanan un-
boostedcontrol. Of these,the methodbasedupon indi-
vidual featuresworks betterwhen the numberof dimen-
sionsin theimagerepresentatiois small,while themethod
baseduponthe entire vectorappeargo work betterwhen
the numberof dimensionds large. The former represents
traditional applicationsof boosting,while the latter usesa
novel type of decisionboundaryfor the baseclassifier Re-
gardlessthis work shavs thatsystemati@approachesxist
for combiningadvancedmagerepresentationwith boost-
ing, and that suchcombinationsgeneratesuperiorclassi-
fiers.
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