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Multi-class SVMs for Image Classification using
Feature Tracking

Arnulf B. A. Graf & ChristianWallraven

Abstract. In this papera novel representidon for imageclassificationis proposedwhich exploits thetempora
informationinherent in natual visualinput. Image sequenesarerepresents by a setof salientfeatureswhich
arefound by tracking of visualfeatures. In the cortext of amulti-classclassificatiorproblemthis represetationis
compredagairst a represetation usingonly raw imagedata. The datasetonsistof imagesequenesgeneated
from a proessedversion of the MPI facedatabaseWe consicer two typesof multi-classSVMs andbendimark
themagairst nearest-aighba classifiers. By introducing a new setof SVM kernelfunctionswe shawv that the

featurerepresetationsignificantlyoutperforns the view representatio.

1 Intr oduction

Traditiorally classificationof images—ateastin the
areaof compter vision—has beenconsideredising
mostly static representations. Natural visual input,
however, consistof spatio-tempral patternsandpsy-
chophysicalstudiescorrdboratethatthe humanvisual
systemis ableto exploit inheenttempord character
istics[1].

If one corsidersclassificationof image sequenes
a possibledata representationconsistsof individual
frames,i.e. the simplestview-basedrepresentation
contairing only raw pixel data. In this pape, we
presenta secondrepresentatio (basedon [2]) which
takesdynamicinformationinto account. Thisis dore
by extraction of interestpointsin the image (in our
case,corrers) and constrution of visual featuresby
using the correr positionstogetherwith their local
pixel neighborhoods. A setof salientfeaturess then
found by trackirg thesevisual feature over the input
sequene. This represetation can be seenas incor
poratirg thea priori knowledge of a sequentiaimage
presentatio (temporal contindity).

In this pape Suppat VectorMachines (SVMs) are
bencimarked agairst classifiersderived from nearest-
neigtborappoacheaisingvarious similarity measures
to assesthegeneraliztion capabilitiesof thetwo rep-
resentations. Multi-class SVMs in a nomalizedfea-
ture spaceare consideredor classificationusingtwo
stratgyies: one versusthe rest (1-vs-r) in combna-
tion with winnertakes-all and one versusone (1-vs-
1) via DirectedAcyclic Graph(DAG). Novel metrics
aredevelopedfor the kernelfunctionsin orderto ac-
commalateboth the classificationof imagesandfea-
tures. The work which is mostcloselyrelatedto this
paperdealswith histogam-basedlassificatiorof im-

ageq3], whereapprgriatemetricsin kernelfunctions
arestudiedandSVM-learring of partsof faces(or lo-
calfeatues)asproposedin [4]. Note,however, thatin
bothstudiesstaticrepresetationswereused.

Sec. 2 presentgheoreticalconsideationson multi-
class SVMs in a normdized feature space,feature
trackingand metricsderived from nomalized cross-
correlations. Sec. 3 describeghe databasef image
sequenceandpresentsiunmericalclassificatiorexper
iments using imagesand features and gives results
from the compaison of SVMs and nearst-neightor
classifiers.

2 Theoretical considerations

2.1 Multi-class SVMs

SVMs asbinaryclassifiershave dravn muchattention
becauseof their high classificationperfomanceand
thorowgh mathematicafoundationsrootedin statisti-
cal learningtheory[5]. They are hereconsideed in
a normalizedfeaturespace6] by usingmodifiedker-
nel functions \/% the latter still satifying
Mercers theorem The datain sucha spacelies ona
unit hypersphee. A modificationin the SV algoiithm
taking advartageof this geametrical property is pro-
posedn [6] whele the offsetof the optimal separating
hyperplang(OSH)is shifted. In the standardSVM al-
gorithm the OSHis placedin the middle of the mar
gins.In anomalizedfeaturespacehowever, theOSH
is chosenso asto separateequidistatly the unit hy-
persphegin betweerthemamginsasshovnin figurel.
In otherwords,the distancemetricis projectedon the
unit hypersphee andthecorrectio of theoffsetcanbe
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Figure1: Correctionof b in a normalizedtwo-dimensional
featurespace Notetheasymmetryof themaiginsaroundthe
OSH.
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We considertwo stratgjiesin orderto extendthe bi-

nary classificatiorschemeo multiple classessay M,

without modifying the SV formulation (asopposedo

[7]). As afirst appoach,M classifiersaretrainedus-

ing a1-vs-rpratocol andclassifications doneaccord-
ing to a winnertakes-dl stratgy over all the classes
for eachelementof the testingsubsetof the database
[5,8]. Inthesecondapprach, W classifiersare
trainedfor eachpair of classesn thetrainingdatabase
accordng to a 1-vs-1 pratocol (also called pairwise
classification,[9]). Classificationis then perfomed
using a DirectedAcyclic Graph over the classesfor

eachelemen of the testingdatabas¢10] insteadof a

voting schemeas proposedin [9]. In both casesthe

classificatiorerrar in the expeimentspresentedh this

paperis the meanof the binary errois correspading

to eachelementof the testingset. Data conpression
andredurdang is assesselby compuing the SV ratio,

whichis theratio of themeamumbe of SVsacrossll

classifiersandthe nunber of elementdn the training

set.

2.2 Featuretracking

Eviderce from psyctophysical studiesshavs thathu-
mansareableto exploit thetempoal cortinuity in the
natura visual input duiing learningof objectclasses
[1]. A compuationalframevork directly motivatedby
theseresultsis introducedin [2] wherea sparseyet
powerful representatioris generéedfrom dynamicvi-
sualinput. The mainideabehird this appoachis to
processa sequeneof imagesZ = {I,}i,, to extract
salientfeatuesvia featuretracking.
Thepropsedrramenork consistof two mainparts:
featureextraction and tracking (seefigure 2). First
of all, a Gaussiarscalepyranid with 3 scalesis con-
structedrom I, to enablemulti-scaleanalysis. Feature

time
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Frame 1 Frame n

for each frame

Gaussian Pyramid
3 scales

-\

for each scale
Feature extraction

Set of tracked features

|| Track features

from Frame 1 to Frame
at each feature
extract
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Figure 2: Overview of the featureextraction and tracking
process. The large image shaws the featuretrajectoriesof
theinput sequence.

extractionis donefor eachscaleby deternining ateach
pixel the symmetic structue matrix H (seealso[11])

whichis evalugedin a small squareneighlorhaod A

(typically 7x7 pixels) centeredn this pixe:

H— 2N||§’||2 Yalgl5)
Yalslg) Talig]
tr(QH) _

Thesmallerof thetwo eigervauesof H, Ay =

\/(@)2 — det(H), yields information about the
structureof N'. The values of A\, which are above
a pre-cefined threshold are consideed further and
yield a set of n interestpoints in eachimage I;
of the sequene. A set of visual featuresF; =
{Pi (L), fz(It) n_, is then corstructedby using the
Cartesiarpixel positionsp;(I;) of the interestpoirts
togetherwith their pixel neighhorhood A/ written in
vectorform as f; (I;).

The featue trackingalgorithmasproposedby [12]
and further developed by [13] matchestwo feature
sets, F;, and F;,, by constructig a pairwise simi-

larity matrix A given by:
(_ dist(ﬁi,ﬁj))
2005t

where i, j index interestpoints of F,,7;, respec-
tively, dist is a spatialsimilarity measurgsuchasthe
Euclideandistancein the imageplane)and NCC a
featuresimilarity measurésuchasanormalizedcross-
correlation, seebelaw). If we definethestandardsVD

w@

A, j) = (NCC(f,-,f}) + 1)-exp



of thesimilarity matrixtobe A = U-V-WT, thema-
trix definedoy A’ = U - WT thenyieldsaoneto-ore
featuremappng betweenf,;, and F;, by taking the
largest elemets eachin row andcolumnof A’ [12].
Oneof the advartagesof this appoachis the comb-
nationof a correlation termandadistancegermin the
similarity measurewhich increaesthe robustnes of
the matchirg process consideraly [2,13]. A similar
apprachis consideedin section2.3for the definition
of new metricsusedin the kerrel fundions of SVMs.

For this studythe featue represetation consistsof
the setof featuresF which codd betracked over the
wholeinputimagesequene Z (largerimagein figure
2). ThesetF thusrepresents setof salientfeatures
whichis deterninedin a purelydata-divenway from
dynamic visualinputby exploiting temporcontinuity
through featuretracking

2.3 Normalized cross-correlation functions

Presentethelow arevarious metricsto beincomorated
into thekerné functionsof the SVM for imageor fea-
tureclassification Whencomparingimageswvhosein-

tensitiesare represeted by the vectas ¥ andy, the
mostbasicmetricis the pixe-basedEuclidea norm

||Z — #]|. Anotherpossibilityis to usethe nomalized
cross-carelations(NCCs)betweerthetwo imagesas:

G-l
(&, ) = 2 —Fali — i) @)

where fiz, fiy are the vectas of the meanvalue of
Z, 7 respectidy. Clearly —1 < C(#,9) < 1 and
C(#,9) = C(aZ+b,cy+d) fora,b,c,d € R. C(Z,79)
is thusinvariart to an affine transfamation of image
intensities.

For the classificationof the featuresas presented
abore, the following two appoachescan be used
as metrics in the kerné functions. Assume the
two images are represeted by position and fea-
ture vectas asdefinedbefore: {7;(Z), f;(¥)}, and
{7:(), fi(@}™,. The metric evaluatedon the fea-
turesonly is definedas:

n

max_C(fi(@), ;@) O
n pt j=1,....m

The morecompletemetric using positionand featue

informationis expresseds:

Cos (Z,9) = 1 Z.Z:l Maxj=1,....m|
(C(fi(@), f;(H) + 1) 4)
exp(—al|pi(Z) — 7; (9)|*) — 1]
Theabore NCC metricsareincorporatedin thekerrel
functions of the SVM asshaown belov. Thesekernels

are positive definiteandthusallow SVM training It
is not known, however, whetherthey satisfyMercers
conditimsandthereis thusno guaanteethatthemar
ginin featue spacds maximize [3].

3 Numerical experiments

3.1 Databaseand representdion

The datataseusedin the following experimentsis the

MPI human headdatalaseasdevelopedanddescribed
in [14] andis commpsedof 100 maleand 100 female
three-dmensionalheadmodels. From this databae
sequenceshaving a horizortal 180° rotatian of the
headsare generated Individual frames consist of

256x256 pixel 8 bit greyscaleimageswith a black
backgound Theimagesare pre-pocesseduchthat

the head have the samemeanintensity samenum-
ber of pixels and samecenterof mass. The removal

of theseobvious cuesis doneto make classification
a hardertask. In the following expeimentswe re-

port resultsfrom a randan subsef 100 headstaken

from the whole processeddatabase. We first split

thefull rotationsequeneinto 3 subsequecesdefined
by the following views: (—90° — —54°,—-18° —

18° and54° — 90°) yielding 6 trainingvectas. The
separat¢estsetis choserto studytheinterplationca-
pabilitiesof theclassifiersandconsistf 2 intermedi-
ate subsequeces,namely(—72° — —36° and0° —

36°) yielding 4 testingvectas.

The simplest represetation of the above image
sequencesonsistsof the raw pixel data from the
views as definedabove, which areredued to 32x3
pixel imagesfor the sale of numericd tractability.
Training andtestingarethen perfomedon the 1024-
dimensioml vector obtaired from the corresponihg
imagematrix Featureeplesentationareextractedby
featuretrackingaccordimg to section2.2from the sub-
sequencesf the training setandtestingset, resulting
in 6 featuresetsF usedfor trainingand4 setsfor test-
ing. The size of the local pixel neighlwrhood A of
eachinterestpointis choserto be 7x7 andthe numker
of tracledfeatuesis setto 21 (seesection3.3).

3.2 Classificationof images

This section presets results from classificationof
images using the raw pixel representation. We
first considertwo types of berchmark classifiers,
namely the K-neaest-reighbas (KNN) and K-
highest-corelations(KHC) classifiers.A KNN clas-
sifier assignsan unkrown pattern Z to the class
1 < () < M accordhg to: C(2) =
argmin;_; N Ele |Z — 7| whereifi € Ng(2)
is in the Euclidean neighlorhaod of 2.  Conse-
qguently we defineKHC classificationaccoding to:
C(?) = argmaxizl,,,,,NEle Corr(Z,7;) where



i1t € Nc(2) belong to the vectorswith highestcor
relationsto z. SettingCorr(Z,7) = C(Z,7) yields
classificationerror curves as shovn in figure 3. The

= KNN
— KHC

Figure3: BenchmarkKNN andKHC classificationthemin-
imum classificatiorerror for KNN is 39.25% andfor KHC
is 38.25%, bothfor K=2.

behaior of the KNN andKHC classifiersare similar
with a slight perfomanceadwantagefor KNN on av-
erage. The large deceaseof classificationerror for
K = 2 is dueto the selectionof thetrainingandtest-
ing sets.Theviewsin thetestingsetarein betweerthe
trainingviews suchthat K = 2 yieldsthe bestgener
alization.

The nurrerical resultsreportedin table 1 are ob-
tained using multi-class SVMs with or without the
NCC metric for heuistically-deternmed optimal pa-
rametersof the kernelfunctions. The SVM tradeoff
paraneter C' is setto a relatively high value of 100

which favors separabilityover correct classification.

Furthemumeical expeiments however, shav thatthe
classificatiorperfomanceis to a large extentinsensi-
tive to this value. Whenconsiderig RBF kerrels, the
correldion function slightly increaseslassificatiorer-
ror with respecto the Euclideannorm. In the caseof
the polynomial kernd, the classificationperiormarce
is unafectedby the choiceof the correlatian function
or the nom. This behaior is valid for both multi-
classstratgies. Sincecomptationalcostsfor NCC
arelargerthanfor the Euclideannorm, it seemssuffi-
cientto usethe simplerEuclidean nom in this case.

The optimal paraméers found for both multi-class
stratgjies are differentwhich is due to the intrinsic
structureof the two pratocoles. The 1-vs-1stratgy
outpeforms herethe 1-vs-r stratgyy andwe alsofind
highe invariance of the classificationerra with re-
spectto the kerrel function. As far as the nunber
of SVsis concered, all elementsof the training set
areSVsfor a 1-vs-1stratgy, whereaonesixth of the
training setare SVs in the caseof a 1-vs-r stratayy.
Thel-vs-1stratgy thusneedsnoresuppaot vectasin
total for aslight perfamane gain.

3.3 Classificationof features

In this sectionwe presenclassificatiorresultsfor the
featurerepresentation.As mentiored before the na-
ture of the interpoldion prablem corsideredhereim-
plies a minimal classificationerror for the KHC clas-
sifier at K = 2. The benchnark expeiments us-
ing KHC classifiersare thus done for this caseand
yield classificatiorerros of 55.0®% for Corr(Z,¥) =
C¢(Z,¥) andof 23.50% for Corr(Z,§) = Cps(Z, )
with ¢ = 3 - 1075. Consideringfeaturesalonethus
degradesthe classificationperformarce compaed to
a KNN or KHC classifierapplieddirectly to the raw
imagedata(eventhouwgh classificatiorperfomanceis
abore chancdevel). However, the combnationof po-
sitionandfeatureinformationclearlyoutpeformsboth
benchnark classifierson the images(23.50% com-
paredto 38.5%, cf. figure 3). Theinformationcon-
tainedin the tracked featuresetis thus bettersuited
for classificatiorthanthe onecontairedin theimages
without explicit tracking In the following, we only
considerthe combiration of spatialandfeatureinfor-
mation.

Theclassificatiorresultsrepotedin table2 areob-
tainedby integratingtheC, ¢ (Z, ) metricin thekerne
function In this caseexpeimentalpre-runs indicate
theimportanceto compue thesumin equation4 overa
subsebf valuesgivenby the max-function, whichare
higherthan a pre-cefinedthreshdd € (in the follow-
ing expaiments,we usethe optimalvalueof § = 0.2)
in order to avoid noisein the correlatio function. In
addition only the Q@ = 21 highestvalues of themax-
functionin equatim 4 areconsideed, i.e., all featues
arefed into the kerrel andonly 21 areevaluged. In
this way, the numbe of effective compneris usedby
the SVM whenconsideing features (21 - 49) is of the
sameorder of magritude asfor images(32 - 32)*.

The mainresultis thatthe useof the featurerepre-
sentatioryieldsa significantperfamanceincreasdor
bothmulti-classprotomls (a decreasein classification
errorfrom 19.50% to 5.50% for 1-vs-rand16.5% to
8.00%for 1-vs-1). This confirns thatarepresetation
which exploits only a small amoun of prior knowl-
edgeaboutthe data(temporal cortinuity) canresultin
a large perfamancegain without increaseof the di-
mensionalityof theinput vectas.

The featurerepresetation increaseghe numkber of
SVsfor the 1-vs-rstratggy whencompredto theim-
agerepiesentatiorf1600%to 37.6®6). Thisindicates
onthe onehanda more difficult classificatiortaskbut
ontheotherhandalsoshavsthatthefeaturerepesen-
tationis lessredurdant. As thenumbe of SVsfor the
1-vs-1strat@y is alreadyat ceiling for theimagerep-

Using all valuesinsteadof the 21 highestdid not im-
prove theclassificatiorperformance.



Tablel: Classificatiorerrorandnumber of SVsfor SVM imageclassification.

SVM 1-vs-r classifierandwinnertakes-all

K(Z,9) class.errorin % | SVratioin %
exp(—[|Z — 7]|?) with y = 26 - 10~8 18.5 15.67
exp(—y(1 — C(Z,7))) withy =1.9 19.9 16.0

(1 +{(&|7))¢ with d = 4 19.5 15.83
(14 C(Z,7))% withd = 4 19.5 16.0
SVM 1-vs-1classifierandDAG

K(Z,9) class.errorin % | SVratioin %
exp(—7||Z — #]?) withy =7-10-8 16.0 100
exp(—y(1 — C(Z,%))) withy = 1.1 16.5 100

(1 +(Z|7))¢ withd = 3 16.M 100
(14 C(Z,7)% withd = 3 16.0 100

Table2: Classificatiorerrorandnumberof SVsfor SVM featureclassification.
SVM 1-vs-rclassifierandwinnertakes-all
K(Z,7) class.errorin % | SV ratioin %
exp(—y(1 — Cps(Z,9))) Withy =12,0 =5 - 10°° 5.50 37.67
SVM 1-vs-1classifierandDAG
K(Z,7) class.errorin % | SVratioin %
exp(—y(1 — Cp (£, %)) Withy =8,0 = 6-107° 8.00 100

resentatiora further increasan numker of SVsis not
possible . Thismightbethereasorfor thelower classi-
fication perfamanceof the 1-vs-1stratgy compared
to 1-vs-r(8.00% compaedto 5.50%).

In contrastto thepreviousresultswherepolynomial
kernelsperfamedaswell asRBF kernels the featue
represetation yields ratherinconsistentperformarce
for thesekernelsandthe resultsarethusnot repated
here. Furtheranalysis shavs thatthey resultin over
fitting of the datawhich indicatespoa genealization
ability.

4 Conclusions

In this papemwe have propsedarepresentatiorfior im-
agesequeneswhich consistof asetof trackedvisual
features. This representationsignificantly decreased
the classificationerrorwhencomparedwith a simpler
represetation containirg only raw pixel datafor both
SVM andbenchnark classifiers.For SVM classifiers,
a new metric was developed which perfams featue
matching directlyin thekernelfunction usingbothpo-
sition andpixel informationof the tracked visual fea-
tures. The proposedframework seemsgo be an effec-
tive andefficient way to exploit the dynamnic informa-
tion in visualinput.

We alsoinvestigded the effectivenessof the DAG
stratgy for multiple class problems which resulted
in sometimesignificantgairs in classificatiorperfor
mance . Thisbehaiour mightbedueto thefactthatthe

numter of classesonsideedhereis large(M = 100).
However, onecannad drav the generakconclwsionthat
the 1-vs-1stratgy always perfams best,which mo-
tivatesfurther researchinto multi-class extensiors of
binaryclassificatioralgaithms.

Futureresearchwill investigatehe propertiesof the
SVs(numbei relative encoding andsparsenessyhich
shouldprovide further insightsinto thecompatnesof
the differentrepresetations. Anotherline of research
conceris thegeneralizatio capabilitieswith regad to
noisein thelearningandtestingdata(e.g.,occlusiors
andimagenoise).In addition, we arecurrerily explor-
ing differentkinds of visual featureswhich are moti-
vatedby biologicd findings andwhich could further
improve the performarce of the proposedframework.
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