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Abstract

In this paper we proposeto use lexical semanticnet-
worksto extendthestate-of-the-artobjectrecognition tech-
niques. We usethe semanticsof image labelsto integrate
prior knowledge aboutinter-classrelationshipsinto thevi-
sualappearancelearning. We showhowto build andtrain
a semantichierarchy of discriminativeclassi�ers and how
to useit to performobjectdetection.We evaluatehowour
approach in�uencesthe classi�cation accuracy and speed
on thePASCAL VOC challenge 2006dataset,a setof chal-
lengingreal-worldimages.Wealsodemonstrateadditional
featuresthat becomeavailableto objectrecognition dueto
the extensionwith semanticinferencetools—wecan clas-
sifyhigh-levelcategories,such asanimals,andwecantrain
part detectors, for examplea windowdetector, by pure in-
ferencein thesemanticnetwork.

1. Intr oduction

Therecognitionof objectcategoriesin imagesis oneof
the most challengingproblemsin computervision, espe-
cially whenthenumberof categoriesis large. Humansare
ableto recognizethousandsof objecttypes,whereasmost
of theexistingobjectrecognitionsystemsaretrainedto rec-
ognizeonly a few. In this paperwe addresstwo important
limitationsfor constructingvision systemswhich dealwith
a largenumberof categories:a) inter-classsimilaritiesand
relationshipsneedto bemodeled;b) thecomplexity in the
numberof objectcategorieshasto bereduced.

Both pointsareaddressedin the following by incorpo-
rating prior knowledge about object identity into the vi-
sualrecognitionsystem.Humansusethis knowledgewhen
learningthe visual appearanceof the objects[9]. For in-
stance,whenoneencountersa new carmodel,it is not sen-
sible to learnall theappearancedetails. It is enoughto re-
memberthatit lookslikea caraswell asthediscriminative
details.This canhelpto learnthevisualappearanceof new
objecttypesandspeeduptherecognitionprocess—bothad-
vantagesare very desirablein object recognition. More-
over, by generalizingoverobjectinstances,humanscansay

somethingmeaningfulabouttheappearanceof eachof the
termsforming a hierarchy like: Maybach ! car ! motor
vehicle! vehicle! artifact1 ! physicalobject. This al-
lows to learn new conceptsby semanticinferenceand to
give richer answersdueto possiblereasoning—itis again
useful to bring thosefeaturesto object recognition. The
above mentionedfactsinspiredus to collect the semantic
knowledgestartingfrom thesemanticsencodedin theclass
labelsandmimic thedescribedbehavior in machinevision.

Relatedwork. Existingobjectrecognitiontechniques
rarely considerinter-classrelationships,i.e., they treat the
classesascompletelyseparateandindependentboth visu-
ally andsemantically. For example,the methodthat con-
secutively wonthedetectiontaskof thetwo recentPASCAL

VisualObjectClasseschallenges[4, 5] performsmulti-class
detectionwith a setof binary SVM classi�ers in the one-
against-restsetting[18]. With thegrowing numberof cate-
goriesthis is notonly ineffective,but canalsoleadto train-
ing a“carsvsMaybachs,vehicles,all-the-possible-objects”
classi�er, as it ignoresthe semanticrelationshipsbetween
classeswhich exist in the real world. Moreover, cars and
busesarefor examplemorerelatedto eachotherthandogs
andbicycles, which is alsomissed.

Knowledgecan be modeledby ontologies. For exam-
ple, lexical semanticnetworks are usedto model human
psycholinguisticknowledge. Oneof the mostpopularse-
manticnetworks for English languageis WordNet [6]. It
groupswords into setsof synonyms andrecordsdifferent
semanticrelationsbetweenthem. This allows to infer, for
example,thatacar is awheeledvehicleandthatamotorcy-
cle is alsoawheeledvehicle, thusbothshouldincorporatea
wheel. Queryingthesemanticnetwork of WordNet,onecan
determinesemanticrelationshipsbetweenclasslabelsthat
areassignedto theobservedvisualobjectinstancesduring
visualobjectrecognition.

Linguistic relationsbetweenannotationshave beensuc-
cessfullyexploited in imageretrieval [1, 17]. While we
sharethe ideaof usingWordNetto �nd semanticrelation-
shipsbetweenclasslabels,we go beyond completingthe
annotationsor extendingthe queries. As we show in the

1By theartifact wemeanaman-madeobject.



tr
ue

po
si

tiv
es

fa
ls

ep
os

iti
ve

s

bicycle car dog person

Figure1. SamplePASCAL VOC'06 imagesclassi�edwith oursemantichierarchicclassi�er.

experimentalsection,incorporatingthe semanticsinto the
knowledgerepresentationleadsto betterrecognitionaccu-
racy than relying only on straightforward reasoning,as it
alsoallows to discoveradditionalvisualcuesthatwouldbe
missedotherwise.Semantichierarchieshave proved to be
usefulfor automaticimageannotation[14]. Weusethemto
combinediscriminativeclassi�ersandthuschoosea differ-
ent strategy for exploiting their structure.We will demon-
stratethatthisintroducessomeadditionalfeaturesfor object
detection,in particularit allows to give sensibleanswersin
situationsof uncertaintyandto learnnew classi�ersusing
inference.We alsogo beyond the ISA relationshipstaking
advantageof PARTOF andMEMBEROF relationships.

Overview of our method. The problem of object
recognitionis often given in the form of a classi�cation
task,anassignmentproblemin which a semantictermen-
coding the object identity (a label) hasto be assignedto
anobservedvisualobjectinstance.Theclassi�cationprob-
lem canbeextendedto a detectionproblem,whereinstead
of questionslike “Is it a car?” we answerquestionslike
“Is therea car?”. The detectiontaskusuallyassumesnot
only backgroundclutter, but alsopermitsco-occurrenceof
multipleobjectinstances,evenrepresentingdifferentobject
classes.Thus,unliketheclassi�cationtask,it is oftenmulti-
label. Note that we further distinguishthe detectiontask
from thelocalizationtask,whereadditionallythe locations
of the objectshave to be given. In this paperwe focuson
thedetectiontask,but our researchcanbedirectly applied
to imageclassi�cationandalsoincorporatedinto objectlo-
calizationmethods.

The combinationof bag-of-featuresimage representa-
tion [16] with SupportVector Machines[13] (SVMs) re-
sulted in successfulobject recognitionmethods[5, 18].
We take thestate-of-the-artimageclassi�cationmethodof
Zhangetal. [18] to implementtheunderlyingbinaryclassi-
�er for our method.To createthesemantichierarchicclas-
si�er for objectdetection,we querythe WordNetwith the

classlabelsandextract theknowledgein the form of a se-
mantichierarchy. This hierarchy is usedfor reasoningand
to organizeandtrain thebinarySVM detectors.Thetrained
hierarchicclassi�er canbe usedto ef�ciently recognizea
largenumberof objectcategories.This is explainedin de-
tail in section2. Section3 presentstheexperimentalresults
onthenatural-scenePASCAL VOC'06dataset[4] (see�g. 1
for sampleresultsobtainedwith our method). In subsec-
tion 3.1wecomparetheperformanceof ourclassi�er to the
state-of-the-art,whereasin subsection3.2 we discussthe
additionalfeaturesof our classi�er. We concludethepaper
in section4.

2. The semantichierarchic classi�er

We �rst describethe two key elementsof our system—
theunderlyingbinarydetector(subsection2.1) andtheex-
tractedsemanticgraph(subsection2.2). Then, in subsec-
tion 2.3,we explain how to mergethoseelementsto obtain
thesemantichierarchicclassi�er.

2.1.Detectingthe presenceof a given class

In thefollowing we describetheobjectdetectionframe-
work of Zhangetal. [18]. Givenanimage,weusetwo com-
plementaryscale-invariantlocal region detectorsto extract
salientimagestructures:the Harris-Laplacedetector[12]
respondsto corner-like regions and the Laplacian detec-
tor [10] extractsblob-like regions.To computeappearance-
basedfeaturesof thepatchesextractedby thedetectors,we
usea combinationof the SIFT [11] descriptorandthe hue
color description[15]. The SIFT descriptoris basedon a
grayscalegradientorientationhistogramof dimension128
andthe color descriptionis a huehistogramof dimension
36, i.e., thecombineddescriptoris of dimension164.

We �rst build a visualvocabulary by clusteringthe fea-
ture vectorsfrom the training images. Our experiments
have shown that vocabulary constructionhaslittle impact
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Figure 2. WordNet 2.1 subgraphsfor the VOC'06 labels. Intermediatenodeswere removed for clarity. Note the obvious bus synset
(concept)misplacement.

on the �nal results. We, therefore,randomlysubsamplea
set of 50k featuresand cluster them using k-meanswith
k = 1000. This resultsin a vocabulary consistingof 1000
visual words. Given a vocabulary, we canrepresenteach
imagein the datasetas a histogramof visual words [16].
Eachfeatureof imagei is matchedwith the closestword
in the vocabulary basedon the Euclideandistance. Each
histogramentry hij 2 H i is thenthe proportionof all de-
scriptorsin imagei matchedwith vocabulary word j with
respectto thetotal numberof descriptorscomputedfor the
image.

We use SVMs [13] with an extendedGaussianker-
nel [2] K (H i ; H j ) = e� 1

A D (H i ;H j ) for classi�cation,
whereH i andH j areimagehistogramsandD(H i ; H j ) =
1
2

P k
n =1 (hin � hj n )2=(hin + hj n ) is the� 2 distance.The

resulting� 2 kernelis aMercerkernel[7]. TheparameterA
is themeanvalueof thedistancesbetweenall training im-
ages[18]. We combinedifferentdetector/descriptorchan-
nels by summingthe correspondingdistances,such that
D =

P
n Dn whereDn is the� 2 distancefor channeln.

2.2.Extracting the semanticgraph fr om WordNet

WordNet 2.1 [6] containsover 80000 noun synonym
setscalledsynsets. A synsetis a setof wordsthat are in-
terchangeablein somecontext 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
representedwith nodesin the semanticgraph. Between
synsetssemanticrelationshipsarede�ned. Betweennouns,
antonymy (oppositionin meaning),hypernymy/hyponymy

(superterm/subterm)and holonymy/meronymy (is a part
of/contains)relationshipsarepossible. A synsetcanalso
createa domain(a topical class),to which other synsets
arelinked.Semanticrelationsarerepresentedwith directed
edges(links) in thesemanticgraph.For thedetectiontask,
strongreasoningis possibleusinghypernymy (“If thereis
a car thenthereis a vehicle”) andmeronymy (“If thereis
a car then then thereis a wheel”). For classi�cation task
antonymy could be used(“If it is a man then it is not a
woman”), but this cannotbe generalizedto the detection
task(astherecanbebothamanandawomanin oneimage).
Domainscannotbeusedfor strongreasoning(apresenceof
a passengerdoesnot assurethepresenceof a bus,nor does
the inversehold)—they could, however, be usedfor weak
reasoning.

As we focus on detectionand needstrong reasoning
for training the hierarchicclassi�er, we �rst extract from
the WordNet the synsetsthat correspondto the classla-
belsand then follow the hypernymy andmeronymy links
to obtain the subgraph. Someresearchersconsideronly
hypernymy/hyponymy (ISA relationship)for reasoning[14,
17], but we �nd that incorporatingholonymy/meronymy
(PARTOF and MEMBEROF relationships)permits much
richer reasoning.Whenextractingthe VOC'06 labelsand
following only hypernymy links, the resulting subgraph
contains42 nodes.If we alsofollow meronymy links, the
graphcontains1452nodes.

Fig. 2 presentsthe subgraphof WordNetwhich corre-
spondsto VOC'06 labels.Thecompletegraphis shown in
thecaseof thehypernymy relationships(left), exceptthein-
termediatenodeswhichareremovedfor clarity. Wecansee
thattheWordNetqueryresultsin a reasonablesemantichi-
erarchy thatmostlyre�ectsvisualsimilarities.Interestingly,



the person is not placedunderthe placental. This is due
to the fact that WordNet re�ects psycholinguisticand not
strict scienti�c knowledge.Following themeronymy links
enrichesthegraph.Somemeronymssharedbetweenlabels
are shown in �g. 2 (right). Unfortunately, thereare also
someerrorsandinconsistencies.Theunexpectedplacement
of the bus synsetis dueto the missinghypernymy link to
motorvehicle. A meronymy link from busto fenderis also
missing.Notethat for clarity of presentationwe have used
only onerelationfor eachof the graphsshown. Whenwe
follow moretypesof links, the resultinggraphinterleaves
all relationsconsidered.Furthermore,the resultinghyper-
nymy graphis a binary tree,but in generalmoresubnodes
andeven many supernodesarepossibleandsupportedby
ourmethod(weassumeaDAG, whichholdsfor WordNet).

Following meronymy links without any limitations un-
fortunatelypermitsreasoningwhich is incorrectfrom the
pointof view of visualappearance.For instance,a carcon-
tains fuel in its tank, which is an organic material. This,
however, doesnot imply similarity to living organismlike
a cat. To prevent reasoningthroughunobservableentities
like substances,we implementa pruningprocess.First, a
basenodeis found—a“minimal” nodefrom which all the
synsetscorrespondingto thequeriedlabelscanbereached
throughhyponymy links. Then, after performingthe full
WordNetquery, thenodesthatcannotbereachedfrom the
basenodethroughthe hyponymy links are removed from
thegraph.In caseof our experiments,pruningreducedthe
numberof nodesfrom 1452to 563andassuredreasonable
inferencefrom theviewpointof visualappearance.

It is worth noting, thatwe areguaranteedto �nd a base
node, as any noun ISA entity. In theory more than one
nodecould serve asthe basenode,but in practiceusually
only the object2 synsetsatis�es the criterion. Another in-
terestingfeatureof pruning throughthe basenodeis that
it adaptsthe whole graphto the domainof the queriedla-
bels.If thelabelswouldreferto variousanimals,theanimal
synsetwouldbefoundasthebasenodeandany non-animal
partsandmemberswould 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. subsection2.1)
is associatedwith eachedgeof theobtainedsemanticgraph
(cf. subsection2.2).

Let usstartwith lookingfor images(exemplars)support-
ing a givenconcept.Trivially, theexemplarsthatrepresent
the conceptitself will supportit. Due to the strongrea-
soning,however, eachnodeof the semanticgraphis addi-

2Theobjectsynsetis de�ned asa visibleentity.

tionally supportedby theunionof theexemplarssupporting
thenodesthatpoint to it throughhypernymy or meronymy
links, i.e.,

supp(A) =
[

B i ! A

supp(B i ) [ lbl( A) (1)

wheresupp(A) is a setof exemplarssupportingtheA con-
cept,B i ! A is truewhenB i links to A throughhypernymy
or meronymy andlbl( A) is a setof exemplarslabeledwith
the A concept.For instance(cf. �g. 2), whenever we ob-
serve a caror a motorcycle, we observe at thesametime a
wheeledvehicle,amotorvehicle,ameansof transportation,
etc. Also, whenever we observe a bicycle or a motorcycle,
weobserveamudguard,awheel,etc.

We train a given B i jA classi�er associatedwith the
B i ! A hypernymy or meronymy edgeby trainingabinary
SVM classi�er with

P = supp(B i ) N = supp(A) � supp(B i ) (2)

whereP is thesetof positive trainingexemplarsandN is
the set of negative ones. Given a test sampleand know-
ing that it representsthe A concept,we canthenconsider
descendingthroughhyponymy andholonymy links to B i .
We do so, when the detectorassociatedwith the B i ! A
link returnsa positive answer. For instance,if we know
that a test image satis�es the organismconcept,we can
checkwhetherit satis�es the person conceptby running
thepersonjorganismclassi�er distinguishingbetweenpeo-
pleandotherorganismslikeanimals.

Thebasenodeis by de�nition supportedby all theexem-
plarsin thedataset.Makinganassumptionthatthetraining
setre�ects thetestdata,weconcludethatonany testimage
thebaseconceptis present.Thus,we canstartour classi�-
cationat thebasenodeandthendescendthesemantichier-
archy. For instance,weknow thatany imageof theVOC'06
datasetcontainsanobject. Thenfor theobjectnodewe can
have an artifact detectorandan organismdetector. For a
detectedorganismwe canlaunchpersonandanimaldetec-
tors. After artifact detectionwe canlook for windows and
meansof transportation,andsoon.

Pleasenote,that if supp(A) = supp(B i ) thenN = ? .
This is oftenthecase,astherearemany intermediatenodes
without theirown labels3 whicharelinkedfrom nodeswith
exactly the samesupport(often thereis only one linking
node).Suchsituationresultsin a trivial detectorthatwould
for instanceclaim(cf. �g. 2) thateveryanimalisaplacental
becauseit hasneverseenananimalthatwouldnotbeapla-
cental.Still, if thetrainingdatarepresentsthetestdata,this
is a goodconclusion.To avoid passingthroughthe trivial

3Actually, in caseof mostobjectclassi�cationdatasetsavailablenowa-
days,only leaf nodesare labeled. Our theory, however, fully supports
situationswhereclassesareoverlapping,labelingis incomplete,etc.



detectors,we reconstructthe originally obtainedsemantic
graphin a mannersimilar to subsetconstruction[8]. We
de�ne a consetasa setof nodes(concepts)with the same
support,thusthesupportof a consetis equalto thesupport
of any of its elements. Given a conset,we can extend it
throughtrivial (leadingto nodeswith thesamesupport)hy-
ponymy andholonymy links. A maximallyextendedconset
mayleadto severalnodeswith differentsupports.Wegroup
theconnectednodeswith thesamesupportinto new consets
andtrainanSVM classi�er for eachlink to anew consetac-
cordingto eq.(2). By �rst extendingtheconsetconsisting
of abasenodeandthenrecursively extendingtheconnected
consets,wecreateahierarchicclassi�er.

Given a test sample,we start at the baseconset(ex-
tendedfrom thebasenode)anddescendto the linkedcon-
setswhen the classi�er returnsa positive answer. When
reachinga conset,we can label a test imagewith all the
concepts(synsets)belongingto theconset.Note,however,
thatusuallytheintermediateconceptswith only trivial links
in theoriginal semanticgraphareprobablylessinteresting
from the point of view of the userthanthe boundarycon-
ceptsthat link to theconceptswith differentsupports.The
conceptsthat point throughhyponymy or holonymy links
to theconceptsbelongingto differentconsetsgive themost
preciseexplanationof the samplefrom the point of view
of a givenconset.In parallel,theconceptsat theboundary
throughhypernymy or meronymy links give the mostab-
stract(still, however, limited to a givenconset)explanation
of the sample. Note that given a hierarchy, the boundary
conceptsdeterminetheintermediateones.

It is dif�cult to give a boundon the complexity of our
semantichierarchicclassi�er. The total numberof binary
classi�ers evaluateddependsnot only on the structureof
thehierarchy which mayvary signi�cantly from onesetof
labelsto another, but it alsodependson thedif�culty of the
testimageswhich in�uence thenumberof pathsconsidered
simultaneously. Wecanestimatethenumberof binaryclas-
si�ers evaluatedfor a testsamplewith:

T(n) =
c
a

T
� n

b

�
+ c (3)

wheren is thenumberof classes,c is thenumberof binary
classi�ersevaluatedatanode,a is thesubproblemselection
factor(c=ade�nes thenumberof subproblemsthathave to
be solved) andb is the problemreductionfactor (n=b de-
�nes the sizeof the subproblem).b andc dependon the
semantichierarchy structure,a dependson thecomplexity
of thetestimage.Thus,bandc parametersvary from node
to nodeand the a parameterdependson the test sample,
but we canaveragethemfor a given dataset. In the case
of the VOC'06 dataset,therewere on averagec = 2:85
subproblemsconsidered(binary classi�ers evaluated)per
node. Among those,oneof every a = 1:94 subproblems
weredescendedwhile thesizeof theproblemwasreduced

b = 1:82 times. Accordingto themastertheorem[3], this
allows us to estimatethe complexity of our classi�er (for
similardatasets)as:

T(n) 2 �
�

nlog b (c=a)
�

� �
�
n0:64�

(4)

whenlogb(c=a) > 0 , c > a which is true.This is signi�-
cantlybetterthan�( n) requiredin a one-against-restsetup
with n classi�ers.

3. Experimental results

We evaluateour semantichierarchicclassi�er on the
PASCAL VOC'06 dataset[4]. The datasetcontains1277
trainingimagesand1341validationimageswhich we used
for testing. Eachimagecontainsoneor moreobjectsand
eachobjectis annotatedasbelongingto oneof the10 pre-
de�ned classes(bicycle, bus, car, cat, cow, dog, horse, mo-
torcycle, person, sheep). Sampleimagesareshown in �g. 1.
Thedetectiontaskrequiresto automaticallydetermineob-
jectsclasseswhicharepresentin a testimage.Wetrainour
systemproviding a list of objectclasseswhich arepresent
in eachimagewithout indicatingtheir locations.

The resultsof the differentmethodsareevaluatedwith
the Equal Error Rates(EERs)4 of the Receiver Operating
Characteristic(ROC) curves on a per-classbasis[5]. To
computethe ROC curve our classi�er hasto returncon�-
dencevalues.In thecaseof thebinarySVM classi�er, we
usethe absolutevalueof the decisionfunction. For hier-
archicclassi�erswe combinethedecisionfunctionsof the
underlyingbinaryclassi�ers,i.e., for eachconceptc wede-
�ne adecisionfunctionhc(x):

hc(x) = max
v3 c

max
P 2P (s;v )

min
e2 P

ge(x) (5)

wherev is a conset(classi�er node)containingtheconcept
c, P(s; v) is thesetof all possiblepathsfrom thebasecon-
set(startingnode)s to consetv, P is anelementof thisset,
e is anedgeon thepathP andge(x) is thedecisionfunc-
tion of the classi�er associatedwith the edgee. In other
words,for a givenclassc andsamplex, themaximaldeci-
sionvalueover all possibleclassi�cationpathsis returned,
whereasfor agivenpaththeminimaldecisionvalueover its
edgesis chosen.

Table1 comparesthe performanceof our semantichi-
erarchic (SH) classi�er with the performanceof a stan-
dardone-against-rest(OAR) classi�erandaclassi�erbased
on an automaticallyconstructedvisual hierarchy (AVH).
AVH is a binary tree obtainedthrough iterative merging
of the classeswith the smallestaverage� 2 distancebe-
tweentheir exemplars,i.e., presumablythe most visually

4Precisely, thepoint wheretherecall is equalto theprecisionis called
breakevenpoint. For consistency with theliteraturewedenoteit asEER.



baseline ourSH
OAR AVH SSH ESH gain

A

bicycle 79.3% 80.0% 81.4% 82.8% 3.4%
cat 82.5% 82.5% 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
conveyance 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%

Table1. Comparisonof theEERsachievedby thedifferentclassi�ers. SectionsA andB evaluatetheperformanceon the PASCAL VOC
challenge2006.SectionC teststhegeneralizationability of theclassi�ersusinganexternalsetof images.

similar ones. In thecaseof bothbaselineclassi�ers,OAR
andAVH, thesameunderlyingbinaryclassi�erswereused
as in our SH classi�ers. The proposedsemantichier-
archic classi�er was evaluatedin a simple form (SSH),
whereonly hypernymy/hyponymy relationshipswereused,
as well as in an extendedform (ESH) that also includes
meronymy/holonymy.

3.1.Comparisonwith existingsolutions

SectionA of table1 shows the resultsfor the VOC'06
task of detectingten object categories. The averageover
all classesand individual resultsfor classesfor which at
least 1.5% differencebetweenOAR and ESH classi�ers
was observed are given. Our approachleadson average
to a slightly betterperformancethan the methodsthat do
notusethesemantics.This is anencouragingresult,asthis
meansimproved classi�er complexity and additional fea-
tures(cf. section3.2)withoutlossof accuracy. Notethatthe
visualhierarchy usuallyshows worseperformancethanthe
semanticone. This meansthatapparentvisual similarities
betweenimagesmay not alwaysgeneralizewell to object
classesandusingexternalsemanticknowledgecanhelp to
betterdiscoverthevisualpropertiesof objectclasses.Fig.1
presentssometruepositivesandfalsepositives.Wecansee
that our classi�er performswell even for imageswith un-
usualobjectviews andthat it makesmistakesin situations
wherea lot of context informationis necessaryto 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 methodachieves
an averageof 82.5%with half of the training images(we
have usedthe validationset for testing)and including the
imagesmarkedas“dif �cult”, skippedfor theevaluationof
thesubmissionsto theVOC'06 challenge.

Furthermore,we anticipatethat the gain shouldfurther
increasefor a largenumberof categories,astheinter-class
similaritiesandoverlapswill causemoreandmoreconfu-
sionof classi�ersdevoid of semantics.

3.2.Additional featuresof our SH classi�er

Addingsemanticreasoningto avisualobjectrecognition
systemopensseveralnew possibilities.Firstly, it allows to
completethelabelsin thetrainingsetandpermitsreasoning
to enrichtheanswers.For instance,theimagesmarkedonly
asMaybach could be usedfor training a car detectorand
after detectinga car in a testimagethe imagecanalsobe
labeledasmotorvehicle. Our semantichierarchicclassi�er
performsboth typesof reasoningimplicitly andthusfully
supportsincompletelabelingandoverlappingclasses(like
carsandvehicles). Secondly, thesemantichierarchicstruc-
tureof our classi�er providessensibleanswersin uncertain
situations.For instance,even whenthe classi�er doesnot
know whetherthereis a cator a horsein theimage,it may
still becertainthat thereis a living organismandthuspro-
videusefulinformation.

SectionB of table1 comparestheresultsof detectingthe
high-level conceptsorganismsandconveyancefor training
performedwith the original labels. OAR andAVH meth-
odsarenot capableof reasoning,soasimpleform of it (“If
thereis a cat then thereis an organism”, etc.) wasarti�-
cially addedaftertheobjectdetectionphase.Ourhierarchic
classi�er directly labelsthetestimageswith thoseconcepts
and the achieved resultsare signi�cantly better. The fact
that AVH outperformsOAR in the caseof the organisms
suggeststhattheclassi�ersgeteasilyconfusedby different
creaturetypes. Theobserved11.5%gain whencomparing
ESH to OAR shows, however, that our classi�er goesbe-
yond theaforementionedreasoningandis ableto success-
fully detecta living creaturewithout beingexplicitly aware
of any of thecreaturesknown. Weconcludethatourclassi-
�er is ablenotonly to performreasoning(noneof thetrain-
ing imagesweremarkedwith thetestedconcepts),but also
to betterorganizethecollectedknowledgeaboutthevisual
appearanceof theobjects.

In thepreviousexperimentall theliving creaturesin the
testsetwerecorrespondingto thecreaturesfrom thetrain-
ing set. To testthetruegeneralizationability of our classi-
�er wehavecollected120vehiclewindowimagesby query-
ing GoogleImageSearchwith “vehiclewindow”, “wind-



(a) truepositives (b) falsepositives

Figure3. Samplevehiclewindowandmachine imagesclassi�ed by our semantichierarchicclassi�er ascontaininga window. Training
wasperformedonVOC'06 imageswith theoriginalannotations.

screen”and“windshield” queriesandmanuallyvalidating
thereturnedimages.For thenegative setwe have collected
120 imagesretrievedwith the“machine”query. SectionC
of table1 shows the resultsfor thesetest images;training
wasperformedon theVOC'06 imageswith theoriginal la-
bels. For the OAR and AVH methodspost-classi�cation
reasoningwasperformed(“if thereis acaror busthanthere
is a window”). The SSHclassi�er could not performthe
task as it was trainedwithout meronymy/holonymy rela-
tionships.OurESHclassi�ershowssigni�cantly betterper-
formancethanthe methodsonly extendedwith reasoning.
This con�rms thattheclassi�er wasableto generalizeover
thewindows of carsandbuses.Fig. 3 illustratesexamples
for detectingindividual windscreensand windows of dif-
ferentvehicles.Evensomefalsepositiveson window-like
structureswereobservable,see�g. 3. Weconclude,thatour
classi�er is ableto learnthegeneralizedvisualappearance
of unseenobjectclassesthroughinference.

4. Summary

In this paperwe have proposeda semantichierarchic
classi�er thatusesthesemanticsof imagelabelsto extract
knowledgeabouttheinter-classrelationshipsandthat inte-
gratesit into thevisualappearancelearningprocedure.This
allows to reducetheclassi�er complexity in thenumberof
classesand,aswasshown in theexperimentalsection,helps
to learnthevisualsimilarities. We have alsodemonstrated
additionalfeaturesof our classi�er like returningvaluable
information in situation of uncertaintyand learning new
classi�ersthroughinference.Theclassi�er's ability to sup-
port overlappingclassesand provide a complexity that is
sublinearin thenumberof classesmakesit suitablefor ob-
ject recognitiontasksthatrequirerecognizinga largenum-
ber of categories. Futureresearchcould focus on adding
supportfor weakreasoning.
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