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Abstract

In this paper we proposeto use lexical semanticnet-
worksto extendthe state-of-the-arbbjectrecanition tech-
niques. We usethe semanticof image labelsto integrate
prior knowled@ aboutinter-classrelationshipsnto the vi-
sualappeaancelearning We showhowto build andtrain
a semantichierarchy of discriminativeclassi ers and how
to useit to performobjectdetection.We evaluatehow our
appmoad in uencesthe classi cation accuracy and speed
onthePascAL VOC challenge 2006dataseta setof chal-
lengingreal-worldimages.We alsodemonstateadditional
featuesthat becomeavailableto objectrecaynition dueto
the extensionwith semanticinferencetools—wecan clas-
sify high-level categories,sud asanimals,andwecantrain
part detectos, for examplea windowdetectoy by pure in-
ferencein thesemantimetwork.

1. Intr oduction

Therecognitionof objectcateyoriesin imagesis oneof
the most challengingproblemsin computervision, espe-
cially whenthe numberof categoriesis large. Humansare
ableto recognizethousand®f objecttypes,whereasnost
of theexisting objectrecognitionsystemsretrainedto rec-
ognizeonly afew. In this paperwe addresswo important
limitationsfor constructingvision systemswhich dealwith
alarge numberof cateyories:a) inter-classsimilaritiesand
relationshipsmeedto be modeled;b) the compleity in the
numberof objectcatejorieshasto bereduced.

Both pointsare addressedh the following by incorpo-
rating prior knowledge about object identity into the vi-
sualrecognitionsystem.Humansusethis knovledgewhen
learningthe visual appearancef the objects[9]. For in-
stancewhenoneencounterg new carmodel,it is notsen-
sibleto learnall the appearancdetails. It is enoughto re-
membetthatit lookslike a caraswell asthe discriminatve
details.This canhelpto learnthevisualappearancef nen
objecttypesandspeediptherecognitionprocess—bothd-
vantagesare very desirablein objectrecognition. More-
over, by generalizingover objectinstanceshumansansay

somethingmeaningfulaboutthe appearancef eachof the
termsforming a hierarcly like: Maybat! car! motor
vehicle! vehicle! artifact' ! physicalobject This al-
lows to learnnewv conceptshy semanticinferenceandto
give richer answersdueto possiblereasoning—itis again
usefulto bring thosefeaturesto objectrecognition. The
abore mentionedfactsinspiredus to collect the semantic
knowledgestartingfrom the semanticencodedn theclass
labelsandmimic the describedehaior in machinevision.

Relatedwork.  Existingobjectrecognitiontechniques
rarely considerinter-classrelationshipsj.e., they treatthe
classesascompletelyseparateandindependenboth visu-
ally and semantically For example,the methodthat con-
secutvely wonthedetectiortaskof thetwo recentPASCAL
VisualObjectClasseghallenge$4, 5] performsmulti-class
detectionwith a setof binary SVM classi ersin the one-
aguinst-ressetting[18]. With the growing numberof cate-
goriesthisis notonly ineffective, but canalsoleadto train-
ing a“carsvs Maybachsyehicles all-the-possible-objects”
classi er, asit ignoresthe semanticrelationshipsbetween
classeswvhich exist in the real world. Moreover, cars and
busesarefor examplemorerelatedto eachotherthandogs
andbicycles whichis alsomissed.

Knowledge can be modeledby ontologies. For exam-
ple, lexical semanticnetworks are usedto model human
psycholinguisticknowledge. One of the mostpopularse-
mantic networks for Englishlanguageis WordNet[6]. It
groupswordsinto setsof synoryms and recordsdifferent
semanticrelationsbetweernthem. This allows to infer, for
example thatacar is awheeledsehicleandthata motorcy-
cleis alsoawheeledsehicle thusbothshouldincorporatea
wheel Queryingthesemanticetwork of WordNet,onecan
determinesemanticrelationshipsbetweenclasslabelsthat
areassignedo the obsered visual objectinstancesluring
visualobjectrecognition.

Linguistic relationsbetweerannotationsave beensuc-
cessfully exploited in imageretrieval [1, 17]. While we
sharethe ideaof usingWordNetto nd semanticrelation-
shipsbetweenclasslabels,we go beyond completingthe
annotationsor extendingthe queries. As we shaw in the

1By theartifact we meana man-madebject.
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Figurel. SamplePascaL VOC'06 imagesclassi edwith our semantichierarchicclassi er.

experimentalsection,incorporatingthe semanticdnto the
knowledgerepresentatioteadsto betterrecognitionaccu-
ragy thanrelying only on straightforvard reasoningas it
alsoallowsto discover additionalvisual cuesthatwould be
missedotherwise. Semantichierarchieshave provedto be
usefulfor automatidmageannotatior{14]. We usethemto
combinediscriminatize classi ersandthuschoosea differ-
entstratgy for exploiting their structure.We will demon-
stratethatthisintroducessomeadditionalfeaturedor object
detectionjn particularit allows to give sensibleanswersn
situationsof uncertaintyandto learnnew classi ersusing
inference.We alsogo beyondthe 1sA relationshipgaking
adwantageof PARTOF andMEMBEROF relationships.

Overview of our method.  The problem of object
recognitionis often given in the form of a classi cation
task,an assignmenproblemin which a semantidermen-
coding the objectidentity (a label) hasto be assignedo
anobseredvisualobjectinstance Theclassi cationprob-
lem canbe extendedto a detectionproblem,whereinstead
of questiondike “Is it a car?” we answerquestiondike
“Is therea car?”. The detectiontask usually assumesot
only backgrounctlutter, but alsopermitsco-occurrencef
multiple objectinstancesevenrepresentinglifferentobject
classesThus,unliketheclassi cationtaskit is oftenmulti-
label. Note that we further distinguishthe detectiontask
from thelocalizationtask,whereadditionallythe locations
of the objectshave to be given. In this paperwe focuson
the detectiontask, but our researcttanbe directly applied
to imageclassi cationandalsoincorporatednto objectlo-
calizationmethods.

The combinationof bag-of-featuresmage representa-
tion [16] with SupportVector Machines[13] (SVMs) re-
sulted in successfulobject recognition methods[5, 18§].
We take the state-of-the-arimageclassi cationmethodof
Zhangetal. [18] to implementthe underlyingbinaryclassi-
er for our method.To createthe semantichierarchicclas-
si er for objectdetection,we querythe WordNetwith the

classlabelsandextractthe knowledgein the form of a se-
mantichierarcly. This hierarcly is usedfor reasoningand

to organizeandtrainthebinary SVM detectorsThetrained
hierarchicclassi er canbe usedto ef ciently recognizea

large numberof objectcategories. This is explainedin de-

tail in section2. Section3 presentshe experimentaresults
onthenatural-scen®ascaL VOC'06 datasef4] (seeg. 1

for sampleresultsobtainedwith our method). In subsec-
tion 3.1we comparehe performancef ourclassi erto the

state-of-the-artwhereasin subsectior3.2 we discussthe

additionalfeaturesof our classi er. We concludethe paper
in section4.

2. The semantichierarchic classi er

We rst describethe two key elementof our system—
the underlyingbinary detector(subsectior2.1) andthe ex-
tractedsemanticgraph (subsectior2.2). Then,in subsec-
tion 2.3, we explain how to meigethoseelementgo obtain
thesemantichierarchicclassi er.

2.1.Detectingthe presenceof a given class

In the following we describethe objectdetectionframe-
work of Zhangetal.[18]. Givenanimage we usetwo com-
plementaryscale-ivariantlocal region detectorgo extract
salientimagestructures:the Harris-Laplacedetector{12]
respondgto cornerlike regions and the Laplacian detec-
tor [10] extractsblob-like regions. To computeappearance
basedeaturesf the patchesextractedby the detectorsye
usea combinationof the SIFT [11] descriptorandthe hue
color description[15]. The SIFT descriptoris basedon a
grayscalgyradientorientationhistogramof dimension128
andthe color descriptionis a hue histogramof dimension
36,i.e.,thecombineddescriptoris of dimensionl64.

We rst build a visual vocalulary by clusteringthe fea-
ture vectorsfrom the training images. Our experiments
have shavn that vocahulary constructionhaslittle impact
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Figure 2. WordNet 2.1 subgraphdor the VOC'06 labels. Intermediatenodeswere removed for clarity. Note the obvious bus synset

(conceptmisplacement.

on the nal results. We, therefore,randomlysubsamplea
setof 50k featuresand clusterthem using k-meanswith

k = 100Q Thisresultsin a vocalulary consistingof 1000
visual words. Given a vocalulary, we canrepresentach
imagein the datasetas a histogramof visual words[16].

Eachfeatureof imagei is matchedwith the closestword
in the vocalulary basedon the Euclideandistance. Each
histogramentry hj 2 H; is thenthe proportionof all de-
scriptorsin imagei matchedwith vocatulary word j with

respecto the total numberof descriptorscomputedor the
image.

We use SVMs [13] with an extended Gaussianker-
nel [2] K(Hi;H;) = e ~PHiHi) for classi cation,
whereH; andH; areimagehistogramsandD (H;;H;) =
. E=l (hin  hjn)?=(hin + hjp) isthe 2 distance.The
resulting 2 kernelis aMercerkernel[7]. TheparameteA
is the meanvalue of the distancedetweerall training im-
ages[18]. We combinedifferentdetector/descriptothan-
nels l?_y summingthe correspondingdistances,such that
D=, Dy, whereD, isthe 2 distanceor channeh.

2.2.Extracting the semanticgraph from WordNet

WordNet 2.1 [6] containsover 80000 noun synorym
setscalled synsets A synsetis a setof wordsthatarein-
terchangeabl@n somecontet without changingthe truth
value of the prepositionin which they are embedded. If
a given word hasmore than one meaning,it may belong
to more than one synset,but for eachsenseexactly one
synsetis de ned. Thus, synsetsmodel conceptsand are
representedvith nodesin the semanticgraph. Between
synsetsemantiaelationshipsarede ned. Betweemnouns,
antorymy (oppositionin meaning) hyperrymy/hyporymy

(superterm/subtermand holorymy/merotymy (is a part
of/contains)relationshipsare possible. A synsetcanalso
createa domain (a topical class),to which other synsets
arelinked. Semantiaelationsarerepresentedith directed
edgeqlinks) in the semantiayraph. For the detectiontask,
strongreasonings possibleusinghyperrymy (“If thereis
a carthenthereis a vehicle”) andmerorymy (“If thereis
a carthenthenthereis a wheel”). For classi cationtask
antorymy could be used(“If it is a manthenit is not a
woman”), but this cannotbe generalizedo the detection
task(astherecanbebothamanandawomanin oneimage).
Domainscannotbe usedfor strongreasonindapresencef
a passengedoesnot assurehe presencef a bus,nor does
the inversehold)—they could, however, be usedfor weak
reasoning.

As we focus on detectionand need strong reasoning
for training the hierarchicclassi er, we rst extract from
the WordNet the synsetsthat correspondo the classla-
belsandthenfollow the hyperrymy and merorymy links
to obtain the subgraph. Someresearchergonsideronly
hyperrymy/hyporymy (1SA relationship¥or reasoning14,
17], but we nd that incorporatingholonymy/merotymy
(PARTOF and MEMBEROF relationships) permits much
richerreasoning.Whenextractingthe VOC'06 labelsand
following only hyperrymy links, the resulting subgraph
contains42 nodes. If we alsofollow merorymy links, the
graphcontainsi452nodes.

Fig. 2 presentghe subgraphof WordNetwhich corre-
spondsgto VOC'06 labels. The completegraphis shovn in
thecaseof thehyperrnymy relationshipgleft), exceptthein-
termediatenodeswhichareremovedfor clarity. We cansee
thatthe WordNetqueryresultsin areasonableemantichi-
erarcly thatmostlyre ectsvisualsimilarities. Interestingly



the personis not placedunderthe placental This is due
to the fact that WordNetre ects psycholinguisticand not
strict scienti ¢ knowledge. Following the merorymy links
enricheghe graph.Somemeroryms sharedetweerabels
areshavn in g. 2 (right). Unfortunately thereare also
someerrorsandinconsistenciesTheunexpectedplacement
of the bus synsetis dueto the missinghyperrymy link to
motorvehicle A merorymy link from busto fenderis also
missing. Note thatfor clarity of presentationve have used
only onerelationfor eachof the graphsshovn. Whenwe
follow moretypesof links, the resultinggraphinterleares
all relationsconsidered.Furthermorethe resultinghyper
nymy graphis a binarytree,but in generalmoresubnodes
and even mary supernodesire possibleand supportedoy
our method(we assume DAG, which holdsfor WordNet).

Following merorymy links without ary limitations un-
fortunately permitsreasoningwhich is incorrectfrom the
point of view of visualappearance-or instancea carcon-
tainsfuel in its tank, which is an organic material. This,
however, doesnot imply similarity to living organismlike
a cat. To prevent reasoninghroughunobserable entities
like substancesye implementa pruning process.First, a
basenodeis found—a“minimal” nodefrom which all the
synsetxorrespondindo the queriedlabelscanbe reached
throughhyporymy links. Then, after performingthe full
WordNetquery the nodesthat cannotbe reachedrom the
basenodethroughthe hyporymy links are removed from
thegraph.In caseof our experimentspruningreducedhe
numberof nodesfrom 1452to 563 andassuredeasonable
inferencefrom theviewpoint of visualappearance.

It is worth noting, thatwe areguaranteedo nd abase
node, as ary nounIsa entity. In theory more than one
nodecould sene asthe basenode,but in practiceusually
only the objec? synsetsatis esthe criterion. Anotherin-
terestingfeatureof pruningthroughthe basenodeis that
it adaptsthe whole graphto the domainof the queriedla-
bels.If thelabelswouldreferto variousanimalstheanimal
synsetwould befoundasthe basenodeandary non-animal
partsand memberswvould be automaticallyrejectedwhen
reached.

2.3.Constructing the semantichierarchic classi er

In orderto explain the constructionof the semantichi-
erarchicclassi er, we rst discussa model framework in
which a discriminative SVM classi er (cf. subsectior2.1)
is associateavith eachedgeof the obtainedsemantigraph
(cf. subsectior?.2).

Letusstartwith lookingfor imageqexemplarsysupport-
ing agivenconcept.Trivially, the exemplarsthatrepresent
the conceptitself will supportit. Due to the strongrea-
soning,however, eachnodeof the semantiographis addi-

2Theobjectsynsetis de ned asa visible entity.

tionally supportedy theunionof theexemplarssupporting
the nodesthatpointto it throughhyperrymy or merorymy
links, i.e.,

Supp(A) = supp(Bi) [ IbI(A) )

Bi! A

wheresupp(A) is asetof exemplarssupportinghe A con-
cept,B; ! AistruewhenB; linksto A throughhyperrymy
or merorymy andIbl( A) is a setof exemplardabeledwith
the A concept. For instance(cf. g. 2), wheneer we ob-
sene a caror amotorg/cle, we obsenre at the sametime a
wheeledvehicle,amotorvehicle,ameansf transportation,
etc. Also, whene&er we obsene a bicycle or amotorgycle,
we obsene a mudguardawheel,etc.

We train a given BjjA classi er associatedwith the
Bi! A hyperrymy or merorymy edgeby trainingabinary
SVM classi er with

P =suppBi) N =supp(A) supp(Bi) (2)
whereP is the setof positive trainingexemplarsandN is
the setof negative ones. Given a test sampleand know-
ing thatit representshe A concept,we canthenconsider
descendinghroughhyporymy andholorymy links to B;.
We do so, whenthe detectorassociatedvith the B; ! A
link returnsa positive answer For instance,if we know
that a testimage satis es the organismconcept,we can
checkwhetherit satis es the person conceptby running
the persorjorganismclassi er distinguishingbetweernpeo-
ple andotherorganismdik e animals.

Thebasenodeis by de nition supportedy all theexem-
plarsin the datasetMaking anassumptiorthatthetraining
setre ectsthetestdata,we concludethaton ary testimage
the baseconcepts present.Thus,we canstartour classi -
cationat the basenodeandthendescendhe semanticier
archy. Forinstancewe know thatary imageof theVOC'06
datasetontainsanobject Thenfor the objectnodewe can
have an artifact detectorand an organismdetector For a
detectedrganismwe canlaunchpersonandanimaldetec-
tors. After artifact detectionwe canlook for windows and
meanf transportationandsoon.

Pleasenote,thatif supp(A) = supp(Bi) thenN = ?.
Thisis oftenthecaseastherearemary intermediatenodes
withouttheir own label$ which arelinkedfrom nodeswith
exactly the samesupport(often thereis only onelinking
node).Suchsituationresultsin atrivial detectothatwould
forinstanceclaim(cf. g. 2)thateveryanimalis aplacental
becausét hasnever seerananimalthatwould notbeapla-
cental.Still, if thetrainingdatarepresentthetestdata,this
is a good conclusion. To avoid passingthroughthe trivial

SActually, in caseof mostobjectclassi cationdatasetsvailablenowa-
days, only leaf nodesare labeled. Our theory however, fully supports
situationswhereclassesreoverlapping labelingis incomplete etc.



detectorswe reconstructhe originally obtainedsemantic
graphin a mannersimilar to subsetconstruction[8]. We
de ne a consetasa setof nodes(concepts)ith the same
supportthusthe supportof a consetis equalto the support
of ary of its elements. Given a conset,we can extend it
throughtrivial (leadingto nodeswith the samesupport)hy-
porymy andholonymy links. A maximallyextendedconset
mayleadto severalnodeswith differentsupports We group
theconnecteahodeswith thesamesupportinto new consets
andtrainanSVM classi erfor eachlink to anew consetc-
cordingto eq.(2). By rst extendingthe consetconsisting
of abasenodeandthenrecursvely extendingtheconnected
consetswe createa hierarchicclassi er.

Given a test sample,we start at the base conset(ex-
tendedfrom the basenode)anddescendo thelinked con-
setswhen the classi er returnsa positve answer When
reachinga conset,we can label a testimagewith all the
conceptgsynsetshelongingto the conset.Note, however,
thatusuallytheintermediateconceptsvith only trivial links
in the original semantiggraphare probablylessinteresting
from the point of view of the userthanthe boundarycon-
ceptsthatlink to the conceptawith differentsupports.The
conceptghat point throughhyporymy or holonymy links
to the conceptdelongingto differentconsetgive the most
preciseexplanationof the samplefrom the point of view
of agivenconset.In parallel,the conceptsat the boundary
throughhyperrymy or merorymy links give the mostab-
stract(still, however, limited to a givenconset)explanation
of the sample. Note that given a hierarcly, the boundary
conceptsietermingheintermediateones.

It is dif cult to give a boundon the complexity of our
semantichierarchicclassi er. The total numberof binary
classi ers evaluateddependsot only on the structureof
the hierarcly which may vary signi cantly from onesetof
labelsto anotherbut it alsodependonthedif culty of the
testimageswhichin uence thenumberof pathsconsidered
simultaneouslyWe canestimate¢he numberof binaryclas-
si ers evaluatedfor atestsamplewith:

c_n
T(n)—aT b +cC 3)
wheren is the numberof classesg is the numberof binary
classi ersevaluatedatanode,aisthesubproblenselection
factor(c=ade nesthe numberof subproblemshathave to
be solved) and b is the problemreductionfactor (n=b de-
nes the size of the subproblem).b and ¢ dependon the
semantichierarcly structure a dependon the compleity
of thetestimage. Thus,b andc parametersary from node
to nodeandthe a parametedependson the test sample,
but we can averagethemfor a given dataset.In the case
of the VOC'06 datasettherewere on averagec = 2:85
subproblemsonsideredbinary classi ers evaluated)per
node. Amongthose,oneof every a = 1:94 subproblems
weredescendedvhile the sizeof the problemwasreduced

b = 1:82times. Accordingto the mastertheorem[3], this
allows us to estimatethe complexity of our classi er (for
similar datasetsas:

T(n) 2 nlogb(c:a) n0:64 (4)
whenlog,(c=8) > 0, c¢> awhichistrue.Thisis signi -

cantlybetterthan ( n) requiredin a one-aginst-ressetup
with n classi ers.

3. Experimental results

We evaluate our semantichierarchicclassi er on the
PascaL VOC'06 datasefi4]. The datasetcontains1277
trainingimagesand1341lvalidationimageswhich we used
for testing. Eachimagecontainsone or more objectsand
eachobjectis annotatedasbelongingto one of the 10 pre-
de ned classegbicycle bus car, cat, cow, dog, horse mo-
torcycle person sheep. Samplémagesareshavnin g. 1.
The detectiontaskrequiresto automaticallydetermineob-
jectsclassesvhich arepresentn atestimage.Wetrain our
systemproviding a list of objectclasseshich are present
in eachimagewithoutindicatingtheir locations.

The resultsof the differentmethodsare evaluatedwith
the Equal Error Rates(EERs} of the Recever Operating
CharacteristidROC) curves on a perclasshbasis[5]. To
computethe ROC curve our classi er hasto returncon -
dencevalues.In the caseof the binary SVM classi er, we
usethe absolutevalue of the decisionfunction. For hier-
archicclassi erswe combinethe decisionfunctionsof the
underlyingbinaryclassi ers,i.e.,for eachconceptc we de-

ne adecisionfunctionh(x):

h = max max min 5
c(X) Ve pam (s)fv) or Ge(X) ®)

wherev is aconsef(classi er node)containingthe concept
¢, P(s; V) is thesetof all possiblepathsfrom thebasecon-
set(startingnode)s to consetv, P is anelementf this set,
e is anedgeon the pathP andge(x) is the decisionfunc-

tion of the classi er associatedvith the edgee. In other
words,for a givenclassc andsamplex, the maximaldeci-
sionvalueover all possibleclassi cationpathsis returned,
whereador agivenpaththeminimaldecisionvalueoverits

edgesds chosen.

Table 1 compareghe performanceof our semantichi-
erarchic (SH) classi er with the performanceof a stan-
dardone-aginst-res{OAR) classi erandaclassi erbased
on an automaticallyconstructedvisual hierarcly (AVH).
AVH is a binary tree obtainedthroughiteratve memging
of the classeswith the smallestaverage 2 distancebe-
tweentheir exemplars,i.e., presumablythe mostvisually

4Preciselythe point wheretherecallis equalto the precisionis called
breakevenpoint For consisteng with theliteraturewe denoteit asEER.



baseline ourSH

OAR AVH SSH ESH gain

bicycle 79.3% 80.0% | 81.4% 82.8% | 3.4%

A cat 825% 825% | 80.4% 80.4% | -2.1%
sheep 82.6% 81.8% | 84.1% 84.1% 1.5%
average 82.19% 82.02% | 82.52% 82.53% | 0.34%

B corveyance || 89.8% 88.4% | 90.4%  90.4% 0.6%
organism 76.2% 82.1% | 87.7% 87.7% | 11.5%
| C | window || 62.5% 62.5% | - 65.8% \ 3.3% |

Table 1. Comparisorof the EERsachiezed by the differentclassi ers. SectionsA andB evaluatethe performanceon the PAscaL VOC
challenge2006. SectionC teststhe generalizatiorability of the classi ersusinganexternalsetof images.

similar ones. In the caseof both baselineclassi ers, OAR
andAVH, the sameunderlyingbinaryclassi erswereused
as in our SH classi ers. The proposedsemantichier
archic classi er was evaluatedin a simple form (SSH),
whereonly hyperrymy/hyporymy relationshipsvereused,
aswell asin an extendedform (ESH) that also includes
merorymy/holorymy.

3.1.Comparisonwith existing solutions

SectionA of table 1 shaws the resultsfor the VOC'06
task of detectingten object categories. The averageover
all classesand individual resultsfor classesor which at
least 1.5% differencebetweenOAR and ESH classi ers
was obsened are given. Our approachleadson average
to a slightly betterperformancehan the methodsthat do
notusethe semanticsThisis anencouragingesult,asthis
meansimproved classi er compleity and additionalfea-
tures(cf. section3.2)withoutlossof accurag. Notethatthe
visual hierarcly usuallyshavs worseperformancehanthe
semanticone. This meanghatapparenvisual similarities
betweenimagesmay not always generalizewell to object
classesandusingexternalsemanticknowvledgecanhelpto
betterdiscoverthevisualpropertieof objectclassesFig. 1
presentsometrue positvesandfalsepositives.We cansee
that our classi er performswell even for imageswith un-
usualobjectviews andthatit makesmistalesin situations
wherealot of context informationis necessaryo returnthe
correctanswer

It is worth adding, that our semantichierarchicclas-
si er performscomparablyto the state-of-the-art.In the
VOC'06 challenge[4], the averageEER of the winning
methodQMUL _LSPCHwas86.4%. Our methodachieres
an averageof 82.5%with half of the training images(we
have usedthe validation setfor testing)andincluding the
imagesmarked as“dif cult”, skippedfor the evaluationof
thesubmissions$o the VOC'06 challenge.

Furthermorewe anticipatethat the gain shouldfurther
increasefor alarge numberof cateyories,astheinter-class
similaritiesand overlapswill causemoreandmore confu-
sionof classi ersdevoid of semantics.

3.2.Additional featuresof our SH classi er

Addingsemantiadeasoningdo avisualobjectrecognition
systemopensseveral new possibilities. Firstly, it allows to
completethelabelsin thetrainingsetandpermitsreasoning
to enrichtheanswersFor instancetheimagesnarkedonly
asMaybad could be usedfor training a car detectorand
after detectinga car in atestimagethe imagecanalsobe
labeledasmotorvehicle Our semantichierarchicclassi er
performsboth typesof reasoningmplicitly andthusfully
supportsancompletelabelingandoverlappingclasseglike
carsandvehicle3. Secondlythe semantichierarchicstruc-
ture of our classi er providessensibleanswersn uncertain
situations. For instance gven whenthe classi er doesnot
know whetherthereis a cator ahorsein theimage,it may
still be certainthatthereis a living organismandthuspro-
vide usefulinformation.

SectionB of table1 comparesheresultsof detectinghe
high-level conceptorganismsandcorveyancefor training
performedwith the original labels. OAR and AVH meth-
odsarenot capableof reasoningsoasimpleform of it (“If
thereis a catthenthereis an organism”, etc.) wasarti -
cially addedaftertheobjectdetectiorphase Our hierarchic
classi erdirectly labelsthetestimageswith thoseconcepts
andthe achieved resultsare signi cantly better The fact
that AVH outperformsOAR in the caseof the organisms
suggestshattheclassi ersgeteasilyconfusedoy different
creaturetypes. The obsened 11.5%gain whencomparing
ESHto OAR shaws, however, that our classi er goesbe-
yond the aforementionedeasoningandis ableto success-
fully detectaliving creaturewithout beingexplicitly aware
of ary of thecreaturegknown. We concludethatour classi-
er is ablenotonly to performreasoningnoneof thetrain-
ing imageswveremarkedwith thetestedconcepts)put also
to betterorganizethe collectedknowledgeaboutthe visual
appearancef theobjects.

In the previous experimentall theliving creaturesn the
testsetwerecorrespondingo the creaturegrom thetrain-
ing set. To testthetrue generalizatiorability of our classi-
er wehave collected120vehiclewindowimagesy query-
ing Googlelmage Searchwith “vehiclewindow”, “wind-



(a) truepositives
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Figure 3. Samplevehiclewindowand madine imagesclassi ed by our semantichierarchicclassi er ascontaininga window Training

wasperformedon VOC'06 imageswith theoriginal annotations.

screen”and“windshield” queriesand manuallyvalidating
thereturnedmages.For the negative setwe have collected
120imagesretrieved with the “machine” query SectionC
of table 1 shaws the resultsfor thesetestimages;training
wasperformedon the VOC'06 imageswith the original la-
bels. For the OAR and AVH methodspost-classi cation
reasoningvasperformed“if thereis acaror busthanthere
is awindow”). The SSHclassi er could not performthe
task as it was trained without merorymy/holorymy rela-
tionships.OurESHclassi er shavs signi cantly betterper
formancethanthe methodsonly extendedwith reasoning.
This con rms thattheclassi er wasableto generalizeover
the windows of carsandbuses.Fig. 3 illustratesexamples
for detectingindividual windscreensand windows of dif-
ferentvehicles. Even somefalsepositveson window-like
structuresvereobsenable,seeg. 3. We concludethatour
classi eris ableto learnthe generalizedrisual appearance
of unseerobjectclasseshroughinference.

4. Summary

In this paperwe have proposeda semantichierarchic
classi er that usesthe semanticof imagelabelsto extract
knowledgeabouttheinter-classrelationshipsandthatinte-
gratest into thevisualappearanckearningprocedureThis
allows to reducethe classi er compleity in the numberof
classesind,aswasshavn in theexperimentakectionhelps
to learnthe visual similarities. We have alsodemonstrated
additionalfeaturesof our classi er like returningvaluable
information in situation of uncertaintyand learning nen
classi ersthroughinference.Theclassi er's ability to sup-
port overlappingclassesand provide a compleity thatis
sublinearin the numberof classesnalesit suitablefor ob-
jectrecognitiontasksthatrequirerecognizingalarge num-
ber of categories. Futureresearchcould focus on adding
supportfor weakreasoning.
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