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Abstract. We introduceNPIC, an imageclassi�cation systemthat focuseson
synthetic(e.g.,non-photographic)images.We useclass-speci�ckeywordsin an
imagesearchengineto createanoisily labeledtrainingcorpusof imagesfor each
class.NPICthenextractsbothcontent-basedimageretrieval (CBIR) featuresand
metadata-basedtextualfeaturesfor eachimagefor machinelearning.Weevaluate
this approachon threedifferent granularities:1) naturalvs. synthetic,2) map
vs. �gure vs. icon vs. cartoonvs. artwork 3) andfurther subclassesof the map
and�gure classes.TheNPIC framework achievessolid performance(99%,97%
and 85%in crossvalidation,respectively). We �nd thatvisual featuresprovide
a signi�cant boostin performance,and that textual andvisual featuresvary in
usefulnessat thedifferentlevelsof granularitiesof classi�cation.

1 Intr oduction

Imagescreatedentirely by digital meansare growing in importance.Suchsynthetic
imagesarean importantmeansfor recordingandpresentingvisual information.The
accurateclassi�cation of theseimages– suchas icons,maps,�gures andcharts– is
increasinglyimportant.With the advent of the web, imagesare being usednot just
to communicatecontentbut alsofor decoration,formattingandalignment.An image
classi�cation systemcan improve imagesearchand retrieval enginesandcanact an
input �lter for downstreamwebprocessingaswell asimageunderstandingsystems.

We introduceNPIC, an imageclassi�cationsystemthat is speci�cally trainedon
syntheticimages.The implementedsystemusessemi-supervisedmachinelearningto
createits classi�er. It doesthis by �rst usingclass-speci�ckeywordsto build a corpus
of associatedimagesvia animagesearchengine.Textualfeaturesareextractedfrom the
�lename,commentsandURLsof theimagesandcontent-basedimageretrieval features
arealsoextracted.Thesefeaturesarestrungtogetherasa singlefeaturevectorandfed
to a machinelearnerto learn a model.The resultingsystemis able to enhancethe
performanceof text-only basedimagesearch,astheadditionof visual featuresallows
somespuriousimagematchesto becorrectlyrejected.

A classi�er needsgroundtruth labelsto classifyagainst.Existingimageclassi�ca-
tion taxonomiesarea goodstartingpoint. However, our datasetcomesfrom the web,
andin our opinion,a suitabletaxonomyof contentimagesavailableon the web does
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not exist. After samplingsyntheticimagesculled from the web,we decidedto create
ourown hierarchy for theclassi�cationof webimages,looselybasedonportionsof the
GettyArt andArchitectureThesaurus(AAT).

NPIC obtainsvery goodclassi�cation accuracy on all threegranularitiesthat we
havetrainedthesystemon.A key point in theanalysisof ourstudyshowsthatalthough
textual featuresareanimmensehelpto syntheticimageclassi�cation,theiref�cacy can
beeclipsedby CBIR featuresat �ner granularities.

After reviewing pastrelatedwork on imageclassi�cation,we discussour method-
ology, includingthedesignfor the imagehierarchy andhow we constructour training
dataset using the commodity imagesearchengine,GoogleImageSearch.We then
inventoryboththetextualandvisualfeaturesin Section4. Finally, we describeour ex-
perimentsusingcross-validationon the trainingsetaswell asusinganothersynthetic
datasetdrawn from theWikipedia.

2 RelatedWork

Imageclassi�cationis arelatively young�eld of research,with many publishedsystems
being createdafter the year 2000.As of today, althoughmany imagecategorization
systemshave beencreated,mostclassifyagainsta very generalclassi�cationscheme.
A representative exampleis [1], who implementedand evaluateda systemthat per-
formsa two-stageclassi�cationof images:�rst, distinguishingphoto-like imagesfrom
non-photographicones,followed by a secondroundin which actualphotosaresepa-
ratedfrom arti�cial, photo-like images,andnon-photographicimagesaredifferentiated
into presentationslides,scienti�c postersandcomics.TheWebSeersystem[2] investi-
gateshow to classifyimagesinto threecategories:photographs,portraitsandcomputer-
generateddrawings.Both schemesareneitherexclusive nor exhaustive; many images
fall into multiplecategoriesor none.Work hasalsofocusedonspeci�c syntheticimage
classes.[3] and[4] dealonly with chartimages.Theseworksaim to classifyandthen
extract thedataandsemanticmeaningof several typesof charts:suchasbar, pie and
line charts.Similar to our work, [5]' s systemclassi�eswebimagesfoundin news sites
by their functionality: including classesfor story images,advertisements,server host
images,iconsandlogos.

Textual features.Quitea bit of researchfocuseson the textual featuresrelatedto
animage.[2] and[5] performedclassi�cationbasedontextual featuressuchasthe�le-
name,alternatetext, hyperlink andtext surroundingthe image.Both papersdealonly
with web-accessibleimages,so hyperlinksarealwaysavailableto be used.Attempts
have also beenmadeto detectand recognizetext embeddedin images.[6] and [7]
usespatialvarianceandcolor segmentationtechniquesto separatetext segmentsfrom
graphicsonanimage.OCRor similar techniquesoftencanextractthetext from regions
of theimage.Usingthis technique,[8] detectstext on imagesby examiningconnected
componentsthat satisfycertaincriteria.Structureor commentmetadata(i.e., MPEG-
7) mayalsoprovide usefultextual featuresin the future,but currentlyis not prevalent
enoughto affect classi�cationperformance.Takenaltogether, it is probablyunsurpris-
ing that [9] arguesthat textual featuresof imagesarefar moreuseful in determining
which imagesto returnfor asearchquery.
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This will not work in caseswherean imageto be classi�ed doesnot comefrom
theweb. Relianceon textual featuresmight degradethesystemperformancewhenan
imageis not identi�able by thesefeatures,yet is easilyassociatedwith a category by
theimage's visualfeatures.

Visual features.Mostsystemsusesimplevisualfeaturessuchasthemostprevalent
color, width-to-heightratio, image�le type, amongothers.Using additionalfeatures
from theimageitself is thefocusof ContentBasedImageRetrieval (CBIR). CBIR sys-
temshave progressively advanced,but practicallyall systemssharea bodyof features
basedontheimage'scolorhistogram,texture,edgeshape,andregions.Fromtheselow-
level features,higher-level featuresthatmayhave semanticmeaningscanbeidenti�ed
andbuilt. For singleimages,regionsegmentation[10,11] or blocksegmentation[12] is
usuallydonefollowedby spatiallayoutbasedmatchingof regionsor statisticalfeature
extraction[13]. Featureanalysisof thesamecolor, salientpoints[14], textureandline
featurescanthenbeassessedfor individual regionsandmatched.

While CBIR hasundoubtedlyimprovedmuchover recentyears,it remainsa tech-
nology that hasbeenmostly omittedfrom standardimagesearch.This is largely due
to thefact thatsearcherswould rathertypein a textual descriptionto start.Automatic,
content-basedblind feedbackon thetop rankedimagesalsodoesnot seemto work, as
text-basedsearchfollowedby CBIR is computationallyexpensive.

3 Methodology

Given theseobservations,onearchitecturefor improved imageclassi�cationincorpo-
ratesCBIR visual featureswith textual ones.This capturesboththehigh accuracy and
semanticnuancesthattextualfeaturescangarner, butenablesclassi�cationbasedpurely
onvisualfeatureswhentext is notavailable.

In anutshell,NPICperformsits taskin threesteps.Givenataxonomyof imageclas-
si�cation, NPIC: 1) Constructsa datasetof sampleimageseachclassusingtraditional
imagesearchengines;2) Extractsboth textual andvisual featuresfrom eachsample
imageto createfeaturevectorsfor learning;3) Builds discriminative modelsfor each
setof siblingclassesin thehierarchy thatoriginatefrom a commonparent.Imagescan
thenbe programmaticallyclassi�ed by generatingtheir featurevectorrepresentations
(step2), followedby classi�cationagainsttheinferredmodels.

While thisapproachcanbeappliedto any classi�cation,wehavespeci�cally trained
theNPICsystemfor syntheticimages.Weaddresssyntheticimagesspeci�cally asthey
oftencarrysemanticcontentanddatathatareof interestto scholarsandaswell asthe
imageanalysisanddigital library community.
An ontologyof synthetic images
What is a propertaxonomyof syntheticimages?To our knowledge,few classi�ca-
tionsof syntheticimagesexist. In ourexplorationof relatedresearch,only Lienhartand
Hartmann's work [1] addressedsyntheticimagesspeci�cally. In their work, synthetic
imagesfound on the web areclassi�ed into four distinct categoriesof photo-like im-
ages,presentationslides,scienti�c postersandcomics.Anotherpossibleclassi�cation
is thewidely-usedGettyArt andArchitecturethesaurus[15]. TheAAT is usedmainly
by museumsandlibrariesto catalogvisualmaterials.It employsafacetedclassi�cation
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for objects,materials,activities,stylesandperiods(amongothers)andconsistsof over
133,000genericterms.

A successfulclassi�cationschememustensurethat it canclassifymostitemsand
that itemsclearlybelongto distinctclasses.For us,a successfulclassi�cationneedsto
be simpleenoughsuchthat an ordinarylaymancanunderstandandemploy the clas-
si�cation schemewithout needingspecialistknowledge.Given thesecriteria,we feel
neitherLienhartandHartmann's classi�cation (coversonly certaintypesof web im-
ages)nor theGettyAAT schemes(toocomplex) work well.

Instead,our classi�cation is basedon what typesof syntheticimagesa useren-
countersduringherdaily computingtasks.Ourclassi�cationhas� vebroadcategories:
maps, �gur es, icons, cartoonsandartwork. Weincludeiconsasmany imagesonacom-
puterareiconsassociatedwith programsor data�les. Artwork includeswork drawings
and picturesrepresentingaestheticimages;�gur es include all typesof abstractdata
representations.In our empiricalanalysis,this classi�cationcoversa large portion of
importantfunctionalimagetypesthatusersencounter.

As mostimagesdo not comelabeledassyntheticor natural,we mustincludeand
implementa superordinateclassi�er to distinguishbetweennatural andsyntheticim-
agesfor NPIC to be useful.Also, the two classesof mapsand�gur escanbe re�ned
asthey arequite general.We usethe AAT to re�ne thesetwo imagetypes.The AAT
hasclassi�cationsfor mapsbasedon its form, function, productionmethod,or sub-
ject.Basedonouranalysis,wecon�atedtheseschemesto produceasinglesubordinate
classi�cationof � vecategories:plans, chorographicmaps(i.e.,mapsof largeregions),
relief maps, weathermapsandzip codemaps. Following the sameeditorial selection
of therelevantAAT categories,weconstructacategorizationof �gur esinto sevencate-
gories:block diagrams, venndiagrams, bar graphs, pie charts, line graphs, tables, and
illustrations. Figure1 showsour resultingclassi�cationhierarchy.

Fig.1. NPIC'sclassi�cationhierarchy.

Wewould liketo emphasizethatthehierarchy developedhereconstitutesaworking
attemptto compilea useableandusefulclassi�cationto typical endusers,andshould
not be construedas a formal model for syntheticimageclassi�cation. Other image
classesor alternateorganizationscanbealsoconsidered;suchalternativeclassi�cation
schemesmaywork equallywell in theNPIC framework.
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Automatic corpus collectionusing imagesearch
Given this classi�cation,NPIC needsto collect labeledimagesamplesto extract fea-
turesfor supervisedlearning.However, publicly availablelabeledsyntheticdatasetsdo
notexist andcreatingonethroughmanualeffortsof annotatingandselectingcleanim-
agesis quitecostly. However, asmostmachinelearningalgorithmsarerobust to small
amountsof noisein their trainingdata,we opt to createanimagedatasetby automatic
meansthatmaycontainsmallamountsof mislabeleddata.NPICthusreliesontheratio
of correctlylabeledto mislabeledinstancesin training.

Wedothisby employing webimagesearchengines.By searchingfor keywordsthat
areindicative of thedesiredimagecategory, we canform a noisycollectionof images
to usein training(henceourmethodis semi-supervised,assupervisionis equatedwith
imagesearchenginerelevance).Thereturnedimagedatasetfrom any searchis noisy, as
imagesearchenginesoccasionallyreturnfalsematches.As longasthenumberof false
hitsis minimal,theimagesetsshouldgenerateusefultrainingfeaturesfor classi�cation.

We follow this procedureto build imagedatasetsfor eachof the imageclassesin
thehierarchy. After associatingeachimageclasswith a setof representative keywords
(asshown in Table1), we input thesetermsto Google's ImageSearchto �nd matching
images.We build this datasetfrom the bottomup, assampleimagesfrom eachchild
classcanserve aspositive examplesfor its parent.Givena ranked list of imagesfor a
class,we programmaticallyextracttheURLs of theimagesfor the�rst n hits.To help
minimizetheskew of thedataset,weextractabalancedcorpusfor eachlevel (10K, 5K
and.6K imagesfor eachof thethreelevels,respectively), balancingthenumberof im-
agesextractedfrom eachkeyword.Wefollowedthisprocedurefor all of thecategories,
exceptfor icons, aswehadaccessto acleancollectionof icons.

Table1. Somerepresentativekeywordsfor classesin our imagehierarchy.

Level 1 photographaerial,birthday, bedroom,centrallibrary, concert,face

Level artwork painting,drawing, artwork
2 icons < separateiconcollectionsused>

cartoons cartoon,disney, anime,gar�eld

Level plans �oor , plan,�re escape
3 table data,excel

illustration illustration,DNA molecule,engine

4 Features
Oncethecorpuswascollected,eachimagewasprocessedto extracttextual andvisual
featuresfor training andtesting.As our paperdoesnot focuson the featurecreation,
weonly giveabrief inventoryof thefeaturesusedin Table2. Thesefeatureshavebeen
chosenasthey havebeenshown to beusefulfor imageclassi�cation(naturalaswell as
synthetic)in pastwork, asreferencedin the�nal columnof thetable.We usestandard
utilities to extractbothsetsof features:the identify utility from the ImageMagick
library to extractimagemetadatafrom theheader;andfor visualfeatures,theOpenCV
suiteof visualdetectorsandthexpm packageto examinetherasterdata.

A shortdiscussionaboutthe featuresis necessary. Textual featureswerecreated
by extractingtokensfrom the�lename, extension,andpathinformationfrom theURL
(whenavailable)of theimage.For this,simpletokenizationwasdoneto createa more
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meaningfulinventoryof features(garfield 2.jpg ! garfield 2 jpg ) andto
reduceproblemswith sparsedata.

Table2. Featuresin NPIC.Referencesindicatepastpublishedwork usingthis feature.

Feature Description Refs.
Textual Features- via analysisandheadermetadata

Filename Image�lename withoutextension [2, 9,5]
File extension Extensionof the�le, if any [2, 9,5]
Comments Commentsin Imagemetadataheader new
ImageURL URL componentsof thelocationof theimageon theWeb(if applicable) [2, 9,5]
PageURL URL componentsof theenclosingpageof theimage [2, 9,5]

VisualFeatures- headerinformation,rastervia XPM, or shapedetectionvia OpenCV
Height Imagedimensionsin pixels [2, 1,5]
Width [2, 1,5]
X resolution Numberof pixelsperinch (dpi) alongX andY dimensions new
Y resolution
C1 Mostcommoncolor [5, 2]
C1 Fraction Fractionof pixelsin theimagethathave colorC1 [5, 2]
F 1 Fractionof pixelswith theneighbormetricgreaterthanzero [1]
F 2 Fractionof pixelswith theneighbormetricgreaterthan1/4 of themaximum [1]
F2/F1 Theratioof F2 to F1 [1]
L1 distance L1 =

P
( jh i � k i j ) , whereH = f h i g is theimagehistogram,andK = f k i g

representstheaveragehistogramin eachcategory
[16]

L2 distance L2 = (
P

jh i � k i j2 )1= 2 [16]
L-1 distance L-1 = (

P
( jh i � k i j )100 )1= 100 , a large valueof 100 is chosento represent

in�nity
[16]

Jeffrey divergence dis-
tance

P
(( h i l og(h i =m i ) + k i l og(k i =m i )) , wherem i = (h i + k i )=2 [16]

Chi2 distance
P

(( h i � m i )2 =m i ) wherem i = (h i + k i )=2 [16]

Quadraticdistance dA (H ; K ) =
p

(h � k )T A(h � k) , whereh andk arevectorsthat list every
entry in H andK. Cross-bininformationis incorporatedvia a similarity matrix A =
[a ij ] wherea ij denotessimilarity betweenbinsi andj .

[16]

EMD EarthMoversDistance:E M D (P; Q) =

P m

i =1

P m

j =1
d ij f ijP m

i =1

P m

j =1
f ij

[17][16]

Rectangles 2 features:Numberof rectangleswhosesidesareparallelto theimageframe,fraction
of entireimageoccupiedby rectangles

[17]

Circles Numberof circleswith certainradius new
Corners Numberof cornersfoundon theimage new
Lines 5 features:Numberof horizontal,vertical andslantedlines; averageline lengthand

averageline gradient
new

Wehavechosento usemany color featuresfor visualfeaturesasthey arerelatively
straightforward to calculategiven rasterdata.We follow the literatureand useboth
theHSV andRGB color spacesfor analysis.For neighbormetrics,we createfeatures
usingthestandardRGB andHSV color spaces,aswell asreducedHS andH spaces.
Color histogramfeaturesarecalculatedusinga simpli�ed 9-bit RGB color space.This
is doneby �rst obtainingan averagehistogramover all training samplesin a class.
Then for eachtesting image,we calculatethe differencebetweenthe classaverage
andthe image's histogram.A total of n featuresaregenerated,wheren is thenumber
of classesin theclassi�er (e.g.,5 for thesecondlevel). A numberof differentdistance
measuresareused:Minkowski-form(L1, L2 andL-1 ), Jeffrey Divergence,Chi-square,
Quadraticdistancesaswell asEMD.
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For the rectangle,line, circle and cornerdetectionfeatures,we needto speci�c
settingsfor the spatialand scalingconstraintsof the detectors.Using a laissezfaire
approach,we usea wide variety of parametersettingsto createdifferentfeaturesand
forwardtheseto thelearnerto decidewhichgroupof parametersettingsshouldbeused.

5 Evaluation

Thereare two questionsthat we would like to answerwith our evaluation:1) how
well doesNPIC perform?2) how do the different textual andvisual featuresinteract
to achieve its performance?

Imagedatasets.WetestedNPIC'sperformanceontwo datasetsof imagedata.The
�rst is theoriginal corpusof 15,600imagesthatwasobtainedby automaticallydown-
loadingpicturesfrom GoogleImageSearch.Thesecondcorpusconsistsof a subsetof
1,300images(200,500 and600 imagesfor levels 1, 2 and3, respectively) retrieved
from the Wikipedia Commons.The Wikipedia Commonsis a license-freerepository
of media�les freefor anyoneto usein any way. Thesedatasetsareavailablefrom our
NPIC website,to facilitate further researchin the �eld 1. Thesedatasetsare entirely
independentof eachother.

Procedure.After obtainingthedatasets,eachdatasetwashand-labeledby the�rst
author(for evaluationonly – we rely on the assignedlabelsfrom the keyword search
in training).For theGoogledataset,weperformed� ve-foldcrossvalidation;thatis, we
used4/5thsof the datato train a modeland1/5 for testing,andrepeatedthis process
� ve timesandaveragingtheperformance.For theWikipediadataset,theentireGoogle
datasetwasusedfor trainingamodel,andtestedon theWikipediaset.A boosteddeci-
sionlist learner, BoosTexter [18], wasusedasthemachinelearner, asits inferredrules
areeasyto interpret.Thelearnerwasaskedto do300roundsof boosting(i.e.,300serial
rulesinferred)for eachclassi�er. Therulesalsoeasilylendthemselvesto ananalysisof
whichfeaturesarehelpful.For succinctness,Table3 showsonly theresultingaccuracy;
precision,recallandF1 areintentionallyomitted.

We observeseveraltrendsfrom theresults.First,accuracy increasesaswe go from
the speci�c Level 3 classi�ers towardsthe Level 1 classi�er. This is expected,asthe
Level 3 classi�ers are more �ne-grained and are harder, 5- or 7-way decisionprob-
lems.Second,accuracy ontheWikipediadatasetis loweracrosstheboard.Speci�cally,
the textual featuresare lesshelpful than the visual ones.This is partially due to the
fact that URLs arenot available in this datasetand that the �lenames arenot nearly
asindicative of the classasin the Googledataset(after all, �lenamesarepartial evi-
dencefor relevancein Google's imagesearch,usedto constructthedataset).Thevisual
featuresshow roughly the sameperformanceon both datasets.As such,we feel that
theteston theWikipediadatasetis morerealisticandrepresentative of whatwould be
encounteredin practice.Third, mapsareharderto classify than�gures, asthe �gure
subcategorieshave notablydifferentvisual featuresthat arecapturedby the OpenCV
detectors.Fourth, icons do extremelywell, as their extensionin Windows is a �x ed
.ico andwe startwith a cleancorpus,unlike any of theothersets.Finally, although

1 http://wing.comp.nus.edu.sg/n pic /
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Table3. Performanceof NPICon thetwo datasets,with differentfeaturesets.

Level Class AverageC.V. accuracy (Google)Testingaccuracy (Wikipedia)
Text (T) Visual(V) V + T T V V + T

Level 1 Synthetic 99.4% 95.9% 99.9% 94% 93% 95%
Natural 99.7% 93.5% 99.9% 90% 92% 94%
Total 99.6% 94.7% 99.9% 92% 92.5% 94.5%

Level 2 Map 94.3% 87.6% 98.5% 78% 77% 86%
Figure 90.5% 82.9% 98.7% 74% 78% 90%
Icon 100.0% 77.6% 100.0% 95% 91% 96%
Cartoon 89.2% 73.6% 97.6% 69% 84% 81%
Artwork 92.5% 67.0% 93.2% 73% 74% 79%
Total 93.3% 77.7% 97.6% 77.8%80.8% 83.4%

Level 3 Block diagram 84% 86% 84% 72% 82% 86%
(Figure)Venndiagram 88% 86% 90% 70% 88% 90%

Bargraph 84% 78% 82% 78% 78% 74%
Piechart 82% 86% 90% 80% 86% 86%
Line graph 80% 78% 80% 66% 74% 76%
Table 78% 68% 82% 72% 72% 76%
Illustration 82% 78% 82% 74% 80% 82%
Total 82.6% 80.0% 84.3% 73.1%79.9% 81.4%

Level 3 Planmap 86% 76% 86% 82% 78% 84%
(Map) Chorographicmap 86% 80% 88% 78% 82% 82%

Reliefmap 90% 68% 84% 70% 70% 72%
Weathermap 84% 64% 84% 74% 66% 72%
Zip codemap 96% 72% 92% 88% 72% 86%
Total 88.4% 72.0% 86.8% 78.4%73.6% 79.2%

theperformanceis not directly comparablewith prior reportedresults(astheproblem
speci�cationsanddatasetsdiffer), theNPIC classi�ersshow similar performance.The
advantagehereis thatNPIC systemusesa setof very general,coarsefeaturesthatare
inexpensive to computeandapplicableto a wide rangeof problems.Classi�ersaimed
atspeci�c tasks(c.f., [19]) areboundto dobetterin their statedproblemdomain.

Giventhat imagesearchprimarily employs textual features,arethe improvements
by incorporatingvisual featuressigni�cant? We comparedthetextual versusthecom-
binedfeaturejudgmentsusingStudent's 2-tailedT-test.Our �ndings indicatea signi�-
cant(p < :05) for bothLevel 2 classi�ersbut not theLevel 1 or 3 classi�ers.Webelieve
thereasonfor this is simplybecausetherearetoo few imagesfor theLevel 3 classi�ers
(600for bothLevel 3 classi�ers)andfor theLevel 1 Wikipediaclassi�er (1000).

To assesstheef�cacy of thefeaturesets,we exploretheresultingclassi�ers.Table
4 showsthe�rst 100featuresusedby eachof thefour inferredmodels(with repetitions
omitted).We seethatindividualwords(eacha separatefeature)constitutea largefrac-
tion theusefulfeaturesin theLevel 1 and2 classi�ers,but a smallerfractionof Level
3 features(validatingour earlierclaim). We alsoseethat thecolor histogramdistance
measuresplay a larger role in the �ned-grainedclassi�ers, and that no one distance
measureis best:they all seemto beusedby theclassi�er for discriminatingin different
instances.Finally, ourOpenCVfeatureshavebeeneffective for theclasseswesuspect:
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circlesareusedin the �gur e classi�er andvertical/slantedlines in the mapclassi�er
(perhapsfor decidingbetweenbuilding plansvs.naturalregionmaps).

For theOpenCVdetectors,thelearnerfoundoptimalsettingsthroughcross-validation
separation.For thecircledetector, adiametersettingof d = 0:3� min (height; width )
performedbest,aslower settingsof d would �nd many spuriousresults;therectangle
detectorwassetto detectonly onesparallelto theimageframe.

Table4. Salientfeaturesfoundin theBoosTextermodels.

Level TextualFeatures VisualFeatures

Level 1 jpeg smsu co jennifer friends azoft stylefest gif map
paintingpie shtml a searchdrawing areasiconfan seri-
als paris freeyellow online ru tv sponsorssponsorsk12
eastburtonhouse

Quantum,C1 , F1/D2,Magick, L-1 , C1 Fraction,Col-
ors,Height,BackgroundH

Level 2 mappaintingartwork drawing ico cartoonvenngraphdi-
agramdisney pie animegar�eld mapsphysicswww di-
rectorychemistrycomicscom world artwork art maths
archiechem.pagestreetauimagetintin gifs sgcity hein
edubookschineseaspsunmoaagov nr 278 nice chart
assembledga,region

Width, F1/D3, #slantedLines,F2/D1, Quadar tw or k
#HorizontalLines, Quadicon , Height, AvgLine-
Length, BackgroundH , averageLineGradient,F1/D4,
F1/D1, Size, F1-F2/D1, EMDdiag r am , JDar tw or k ,
EMDar tw or k , X-resolution

Level 3
(Figure)

blockpievennbartablediagramdataarchivesillustration
2 barographnonegov chartshtmcty useduvenndiagram
fagarticleshisoftwareencfm 0805rettablepubs

#SlantedLines, #circles, Chi2block , AvgLineGradi-
ent, #HorizontalLines, Width, X-resolution, Size,
Chi2diag r am , #VerticalLines,Colors, AvgLineLength,
EMDblock , Background,Y-resolution,EMDpieC har t ,
JDpieC har t , L1bar Gr aph , L2g r aph , EMDblock ,
Height,Quadblock , L-1 block

Level 3
(Map)

weatherplan relief noaagov weathercountry map us
mapscomplanwundergroundleonescbtvsworld graph-
icsplanningwr phpprovincemapasp�les ca

#SlantedLines, EMDr eg ion , #HorizontalLines,
AvgGradient, #Corners, L1r elief , EMDr elief ,
AvgLineLength, EMDw eather , L1z ipAr eaC ode ,
L-1 r elief , EMDw eather , L2z ipAr eaC ode ,
JDplan , QuadDistz ipAr eaC ode , #VerticalLines,
Height, EMDplan , FractionOccupiedByRectangles,
L-1 w eather

6 Conclusion

We have introducedNPIC, a systemspeci�cally trainedfor syntheticimageclassi�-
cation.This systemis fully automatedanddistinguishesbetweennaturalvs. synthetic
images,and typessyntheticimagesinto � ve classes,of which mapsand �gur es are
furthersubdivided.We obtainthe imagedatasetsby standardtext-basedimagesearch
usingkeywordshighly correlatedwith eachclass.This noisily labeledcorpusserves
astraining data,makingour classi�cation schemesemi-supervised.In all cases,per-
formanceof theclassi�ersincreaseswhensimplecolor andgeometricshapedetection
features(speci�cally for particularsyntheticimageclasses)areadded.A key resultis
thatvisualfeaturesmakeastrongercontributionthanthetextualoneswhen�ne grained
classi�cationis needed.

NPIC is basedon a generalframework that relies on the scaleof imagesearch
enginesto sift away noisefrom thetrainingdata.Sucha framework couldbeextended
to naturalimageclassi�cation,wheremuchof imageretrieval researchis centeredon.
Weexpectto furtherimproveNPICin thefutureby 1) usingtherelevancerankingof the
imagesfrom searchenginein weightingexamplesfor training,and2) exploringhow to
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�nd keywordsautomaticallyfor trainingdataacquisition.We planto achieve thelatter
usingmutualinformationwhich canprovide a list of statisticallycorrelatedmodi�ers
for a basekeyword.We have alreadydonea detailederroranalysison thedataset,and
haveadditionalfeaturesin mind thatmayhelpto improveperformance.
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