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Abstract. We introduceNPIC, an imageclassi cation systemthat focuseson

synthetic(e.g.,non-photographicimages We useclass-speci ckeywordsin an
imagesearctengineto createanoisily labeledtraining corpusof imagedor each
class NPICthenextractsbothcontent-basetinageretrieval (CBIR) featuresand
metadata-basdéxtualfeaturefor eachimagefor machindearning We evaluate
this approachon threedifferent granularities:1) naturalvs. synthetic,2) map
VS. gure vs.icon vs. cartoonvs. artwork 3) andfurther subclassesf the map
and gure classesThe NPIC frameawvork achievessolid performance€99%,97%
and 85%in crossvalidation,respectiely). We nd thatvisual featuresprovide
a signi cant boostin performanceand that textual and visual featuresvary in

usefulnessit the differentlevelsof granularitief classi cation.

1 Intr oduction

Imagescreatedentirely by digital meansare growing in importance.Suchsynthetic
imagesare an importantmeansfor recordingand presentingvisual information. The
accurateclassi cation of theseimages— suchasicons, maps, gures and charts— is
increasinglyimportant. With the adwent of the web, imagesare being usednot just
to communicatecontentbut alsofor decorationformattingandalignment.An image
classi cation systemcanimprove image searchand retrieval enginesand canactan
input Iter for downstreamweb processingswell asimageunderstandingystems.

We introduceNPIC, animageclassi cation systemthatis speci cally trainedon
syntheticimages.The implementedsystemusessemi-supervisethachinelearningto
createits classi er. It doesthis by rst usingclass-speci ckeywordsto build a corpus
of associate@imagesvia animagesearctengine Textual featuresareextractedirom the
lename, commentandURLs of theimagesandcontent-baseninageretrieval features
arealsoextracted.Thesefeaturesarestrungtogetherasa singlefeaturevectorandfed
to a machinelearnerto learn a model. The resulting systemis able to enhancethe
performanceof text-only basedmagesearchasthe additionof visual featuresallows
somespuriousmagematchego becorrectlyrejected.

A classi er needgyroundtruth labelsto classifyagainst.Existingimageclassi ca-
tion taxonomiesare a good startingpoint. However, our datasetomesfrom 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 hierarcly for theclassi cationof webimagesjooselybasedn portionsof the
Getty Art andArchitectureThesaurugAAT).

NPIC obtainsvery good classi cationaccurag on all threegranularitiesthat we
have trainedthesystenon. A key pointin theanalysisof our studyshavsthatalthough
textual featuresareanimmensehelpto synthetidmageclassi cation,theiref cacy can
beeclipsedby CBIR featuresat ner granularities.

After reviewing pastrelatedwork on imageclassi cation,we discussour method-
ology, includingthe designfor the imagehierarcly andhow we constructour training
dataset using the commodityimage searchengine,Google Image Search.We then
inventoryboththetextual andvisualfeaturesn Section4. Finally, we describeour ex-
perimentsusingcross-alidationon the training setaswell asusinganothersynthetic
datasetravn from the Wikipedia.

2 RelatedWork

Imageclassi cationis arelatively young eld of researchyith mary publishedsystems
being createdafter the year 2000. As of today althoughmary image cateyorization
systemshave beencreatedmostclassifyagainsta very generalclassi cationscheme.
A representatie exampleis [1], who implementedand evaluateda systemthat per
formsatwo-stageclassi cationof images:rst, distinguishingohoto-like imagesfrom
non-photographiones,followed by a secondroundin which actualphotosare sepa-
ratedfrom arti cial, photo-likeimagesandnon-photographionagesaredifferentiated
into presentatiorslides,scienti ¢ postersandcomics.The WebSeesystem2] investi-
gateshow to classifyimagednto threecategyories:photographgportraitsandcomputer
generatediravings. Both schemesre neitherexclusive nor exhaustve; mary images
fall into multiple categoriesor none. Work hasalsofocusedon speci ¢ syntheticimage
classes[3] and[4] dealonly with chartimages.Theseworks aim to classifyandthen
extractthe dataand semantiomeaningof several typesof charts:suchasbar, pie and
line charts.Similar to our work, [5]' s systenclassi eswebimagesfoundin news sites
by their functionality: including classedor story images,adwertisementssener host
imagesjconsandlogos.

Textual features.Quite a bit of researctfocuseson the textual featuresrelatedto
animage.[2] and[5] performedclassi cationbasedn textual featuressuchasthe le-
name alternatetext, hyperlink andtext surroundinghe image.Both papersdealonly
with web-accessiblamages,so hyperlinks are always available to be used.Attempts
have also beenmadeto detectand recognizetext embeddedn images.[6] and [7]
usespatialvarianceandcolor segmentatiortechniquego separataext segmentsfrom
graphicoonanimage.OCRor similartechnique®sftencanextractthetext from regions
of theimage.Usingthis technique[8] detectgext onimagesby examiningconnected
componentghat satisfy certaincriteria. Structureor commentmetadatdi.e., MPEG-
7) may alsoprovide usefultextual featuresn the future, but currentlyis not prevalent
enoughto affect classi cationperformanceTakenaltogetherit is probablyunsurpris-
ing that [9] arguesthat textual featuresof imagesare far more usefulin determining
whichimagesto returnfor asearchquery
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This will not work in caseswhereanimageto be classi ed doesnot comefrom
theweh Relianceon textual featuresmight degradethe systemperformancevhenan
imageis notidenti able by thesefeaturesyet is easilyassociatedvith a cateyory by
theimages visualfeatures.

Visual features.Most systemsaisesimplevisualfeaturessuchasthemostprevalent
color, width-to-heightratio, image le type, amongothers.Using additionalfeatures
from theimageitself is thefocusof ContentBasedmageRetrieval (CBIR). CBIR sys-
temshave progressiely advanced put practicallyall systemssharea body of features
basedntheimages colorhistogramtexture,edgeshapeandregions.Fromthesdow-
level featureshigherlevel featureghatmay have semantianeaningsanbeidenti ed
andbuilt. For singleimagesyregion sggmentatior{10,11] or block segmentatior[12] is
usuallydonefollowedby spatiallayoutbasednatchingof regionsor statisticalfeature
extraction[13]. Featureanalysisof the samecolor, salientpoints[14], texture andline
featurescanthenbe assessefbr individual regionsandmatched.

While CBIR hasundoubtedlyimproved muchover recentyears,it remainsatech-
nology that hasbeenmostly omitted from standardmagesearch.This is largely due
to thefactthatsearchersvould rathertypein atextual descriptiorto start. Automatic,
content-basedlind feedbackon the top rankedimagesalsodoesnot seemto work, as
text-basedsearchollowedby CBIR is computationallyexpensve.

3 Methodology

Giventheseobsenrations,onearchitecturefor improved imageclassi cationincorpo-
ratesCBIR visual featureswith textual ones.This capturesoththe high accurag and
semanticaiuanceshattextualfeaturesangarner butenableglassi cationbasedpurely
onvisualfeaturesvhentext is not available.

In anutshell NPIC performsits taskin threesteps Givenataxonomyof imageclas-
si cation, NPIC: 1) Constructsa datasebf sampleimageseachclassusingtraditional
imagesearchengines;2) Extractsboth textual and visual featuresfrom eachsample
imageto createfeaturevectorsfor learning;3) Builds discriminative modelsfor each
setof sibling classesn the hierarcly thatoriginatefrom acommonparentimagescan
thenbe programmaticallyclassi ed by generatingheir featurevectorrepresentations
(step2), followed by classi cationagainsttheinferredmodels.

While thisapproacttanbeappliedto ary classi cation,we have speci cally trained
theNPIC systentfor synthetidmagesWe addressynthetidmagesspeci cally asthey
often carry semantiaccontentanddatathatareof interestto scholarsaandaswell asthe
imageanalysisanddigital library community
An ontology of syntheticimages
What is a propertaxonomyof syntheticimages?To our knowledge,few classi ca-
tionsof synthetidmagesexist. In our explorationof relatedresearchonly Lienhartand
Hartmanns work [1] addressedyntheticimagesspeci cally. In their work, synthetic
imagesfound on the web are classi ed into four distinct categoriesof photo-like im-
agespresentatiorslides,scienti ¢ postersandcomics.Anotherpossibleclassi cation
is thewidely-usedGetty Art andArchitecturethesauru$l5]. The AAT is usedmainly
by museumsndlibrariesto catalogvisualmaterialslt emplo/s afacetectlassi cation
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for objectsmaterials actuvities, stylesandperiods(amongothers)andconsistof over
133,000genericterms.

A successfutlassi cationschememustensurethatit canclassifymostitemsand
thatitemsclearly belongto distinctclasseskFor us,a successfutlassi cationneedso
be simple enoughsuchthat an ordinarylaymancan understandand employ the clas-
si cation schemewithout needingspecialistknonvledge.Given thesecriteria, we feel
neitherLienhartand Hartmanns classi cation (coversonly certaintypesof web im-
ages)northe Getty AAT schemegtoo complex) work well.

Instead,our classi cation is basedon what typesof syntheticimagesa useren-
counterduringherdaily computingtasks.Our classi cationhas ve broadcateyories:
maps gur es icons cartoonsandartwork. We includeiconsasmary imagesonacom-
puterareiconsassociateavith programsor data les. Artworkincludeswork drawings
and picturesrepresentingaesthetidmages; gur esinclude all typesof abstractdata
representationdn our empirical analysis this classi cation coversa large portion of
importantfunctionalimagetypesthatusersencounter

As mostimagesdo not comelabeledas syntheticor natural,we mustincludeand
implementa superordinatelassi er to distinguishbetweennatural and syntheticim-
agesfor NPIC to be useful.Also, the two classef mapsand gurescanbere ned
asthey arequite generalWe usethe AAT to re ne thesetwo imagetypes.The AAT
hasclassi cationsfor mapsbasedon its form, function, productionmethod,or sub-
ject.Basedonouranalysiswe con atedtheseschemeso producea singlesubordinate
classi cationof ve cateyories:plans chorographicmaps(i.e., mapsof largeregions),
relief maps weathermapsandzip codemaps Following the sameeditorial selection
of therelevantAAT cateyories,we constructa cateyorizationof gur esinto sevencate-
gories:blodk diagrams venndiagrams bar graphs pie charts line graphs tables and
illustrations Figurel shavs our resultingclassi cationhierarcly.

Allimages
{ Natural Synthetic
1
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Fig. 1. NPIC's classi cationhierarcly.

Wewouldliketo emphasiz¢hatthehierarcly developedhereconstitutesaworking
attemptto compilea useableandusefulclassi cationto typical endusers,andshould
not be construedas a formal model for syntheticimage classi cation. Otherimage
classe®r alternateorganizationscanbe alsoconsideredsuchalternatve classi cation
schemesnaywork equallywell in the NPIC framework.
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Automatic corpus collectionusingimage search

Giventhis classi cation,NPIC needgto collectlabeledimagesamplego extractfea-
turesfor supervisedearning.However, publicly availablelabeledsyntheticdatasetsio

not exist andcreatingonethroughmanualefforts of annotatingandselectingcleanim-

agesis quite costly However, asmostmachinelearningalgorithmsarerobustto small
amountf noisein their training data,we opt to createanimagedataseby automatic
meanghatmay containsmallamountof mislabeleddata.NPIC thusreliesontheratio

of correctlylabeledto mislabelednstancesn training.

We dothisby emplgying webimagesearchenginesBy searchindor keywordsthat
areindicative of the desiredimagecateyory, we canform a noisy collectionof images
to usein training (henceour methodis semi-supervisedssupervisioris equatedvith
imagesearctenginerelevance).Thereturnedmagedatasefrom ary searchs noisy, as
imagesearctenginesoccasionallyreturnfalsematchesAs long asthe numberof false
hitsis minimal,theimagesetsshouldgenerataisefultrainingfeaturedor classi cation.

We follow this procedureo build imagedatasetdor eachof the imageclassesn
thehierarcly. After associatingeachimageclasswith a setof representatie keywords
(asshawvn in Tablel), we input thesetermsto Googles ImageSearchto nd matching
images.We build this datasefrom the bottomup, as sampleimagesfrom eachchild
classcansene aspositive examplesfor its parent.Givena rankedlist of imagesfor a
classwe programmaticallyextractthe URLs of theimagesfor the rst n hits. To help
minimizethe skew of the datasetywe extracta balancedcorpusfor eachlevel (10K, 5K
and.6K imagesfor eachof thethreelevels, respectiely), balancinggthe numberof im-
agesextractedfrom eachkeyword. We followedthis procedurdor all of the categories,
exceptfor icons aswe hadaccesgo a cleancollectionof icons.

Table 1. Somerepresentate keywordsfor classesn ourimagehierarcly.

[Level 1]photographaerial,birthday bedroomgentrallibrary, concertfacg

Level |artwork painting,drawing, artwork
2 icons < sepaateiconcollectionsused
cartoons |cartoondisne/, anime,gar eld
Level [plans oor, plan, re escape
3 table data,excel
illustration |illustration, DNA molecule.gngine

4 Features

Oncethe corpuswascollected ,eachimagewasprocessedo extracttextual andvisual
featuresfor training andtesting.As our paperdoesnot focuson the featurecreation,
we only give a brief inventoryof thefeaturesusedin Table2. Thesefeatureshave been
choserasthey have beenshowvn to be usefulfor imageclassi cation(naturalaswell as
synthetic)in pastwork, asreferencedn the nal columnof thetable.We usestandard
utilities to extractboth setsof featurestheidentify utility from the ImageMagick
library to extractimagemetadatdrom the headerandfor visualfeaturesthe OpenCV
suiteof visualdetectorsandthe xpm packagdo examinetherasterdata.

A shortdiscussionaboutthe featuresis necessaryTextual featureswere created
by extractingtokensfrom the lename, extension,andpathinformationfrom the URL
(whenavailable)of theimage.For this, simpletokenizationwasdoneto createa more
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meaningfulinventoryof featureqgarfield 2.jpg ! garfield 2 jpg ) andto
reduceproblemswith sparselata.

Table 2. Featuresn NPIC. Referenceindicatepastpublishedwork usingthis feature.

Feature [Description [Refs.
Textual Features via analysisandheademetadata
Filename Image lename without extension [2,9,5]
File extension Extensionof the le, if ary [2,9,5]
Comments Commentsn Imagemetadatdeader new
ImageURL URL component®f thelocationof theimageon the Web (if applicable) [2,9,5]
PageURL URL component®sf theenclosingpageof theimage [2,9,5]
VisualFeatures headeiinformation,rastervia XPM or shapedetectionvia OpenCV
Height Imagedimensionsn pixels [2,1,5]
Width [2,1,5]
X resolution Numberof pixelsperinch (dpi) alongX andY dimensions new
Y resolution
C; Mostcommoncolor [5,2]
C, Fraction Fractionof pixelsin theimagethathave color C [5,2]
F1 Fractionof pixelswith the neighbormetricgreatetthanzero [1]
F2 Fractionof pixelswith theneighbormetricgreaterthan1/4 of themaximum [1]
F2/F1 Therafw of F2to F1 [1]
L1 distance L1= (jhi  kij), whereH = fh;g istheimagehistogramandK = fk;g|[16]
repres¢htshe averagehistogramin eachcategory
L2 distance L2=( P kjH? [16]
L-1 distance L-1 = ( (jhi  kij)¥?)1=1% alarge valueof 100is chosento represen{16]
P nity
Jefrey divergence dis-| ((hilog(hij=m;) + kjlog(ki=mj)),wherem; = (h; + k;)=2 [16]
tance P
Chi? distance ((hi  m;j)3=m;) wherem; = (h; + k;)=2 [16]
Quadratiadistance da (H;K) = (h k)TA(h k), whereh andk arevectorsthat list every|[16]
entryin H andK. Cross-bininformationis incorporatedvia a similarity matrix A =
[aj ] wherea; denotessimilarity betweepinmsi apij".‘
di £
EMD EarthMoversDistanceEM D (P; Q) = ﬁé—&ﬁ%\# [17][16]
i=1 j=1 Y
Rectangles 2 featuresNumberof rectangIewhosesidewreparalleltlo theimageframe,fraction|[17]
of entireimageoccupiedby rectangles
Circles Numberof circleswith certainradius new
Corners Numberof cornersfoundontheimage new
Lines 5 featuresNumberof horizontal,vertical and slantedlines; averageline lengthand new
averagdine gradient

We have choserto usemary color featuredor visualfeaturesasthey arerelatively
straightforvard to calculategiven rasterdata.We follow the literature and use both
the HSV andRGB color spacedor analysis.For neighbormetrics,we createfeatures
usingthe standardRGB andHSV color spacesaswell asreducedHS andH spaces.
Color histogranmfeaturesarecalculatedusinga simpli ed 9-bit RGB color spaceThis
is doneby rst obtainingan averagehistogramover all training samplesin a class.
Then for eachtestingimage,we calculatethe differencebetweenthe classaverage
andtheimages histogram A total of n featuresaregeneratedwheren is the number
of classesn theclassi er (e.g.,5 for thesecondevel). A numberof differentdistance
measureareused:Minkowski-form(L1, L2 andL-1 ), Jefrey DivergenceChi-square,
Quadratiadistancesswell asEMD.
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For the rectangle line, circle and cornerdetectionfeatures we needto speci c
settingsfor the spatialand scalingconstraintsof the detectorsUsing a laissezfaire
approachwe usea wide variety of parametesettingsto createdifferentfeaturesand
forwardtheseto thelearnerto decidewhich groupof parametesettingsshouldbeused.

5 Evaluation

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

Image datasets We tested\IPIC's performancen two datasetsf imagedata.The
rst is the original corpusof 15,600imagesthatwasobtainedby automaticallydown-
loadingpicturesfrom GooglelmageSearchThe secondcorpusconsistof a subsebdf
1,300images(200, 500 and 600 imagesfor levels 1, 2 and 3, respectiely) retrieved
from the Wikipedia Commons.The Wikipedia Commonsis a license-freerepository
of media les freefor anyoneto usein arny way. Thesedatasetareavailablefrom our
NPIC website,to facilitate further researchin the eld 1. Thesedatasetsare entirely

independentf eachother

Procedure. After obtainingthe datasetseachdatasetvashand-labeledby the rst
author(for evaluationonly — we rely on the assignedabelsfrom the keyword search
in training).For the Googledatasetye performed ve-fold crossvalidation;thatis, we
used4/5thsof the datato train a modeland 1/5 for testing,and repeatedhis process

ve timesandaveragingthe performanceFor the Wikipediadatasetthe entireGoogle
datasetvasusedfor traininga model,andtestedon the Wikipediaset.A boosteddeci-
sionlist learner Boosexter [18], wasusedasthe machinelearner asits inferredrules
areeasyto interpret.Thelearnemwasaskedto do 300roundsof boosting(i.e., 300serial
rulesinferred)for eachclassi er. Therulesalsoeasilylendthemselesto ananalysisof
whichfeaturesarehelpful. For succinctnesslable3 shavs only theresultingaccuray;
precision recallandF; areintentionallyomitted.

We obsene severaltrendsfrom theresults First,accurag increasesswe go from
the speci ¢ Level 3 classi erstowardsthe 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.Secondaccurag ontheWikipediadatasets lower acrosgheboard.Speci cally,
the textual featuresare lesshelpful thanthe visual ones.This is partially dueto the
fact that URLs are not availablein this datasetandthat the lenames are not nearly
asindicative of the classasin the Googledatase{afterall, lenamesare partial evi-
dencéfor relevancein Googlesimagesearchusedto constructhedataset)Thevisual
featuresshav roughly the sameperformanceon both datasets.As such,we feel that
theteston the Wikipedia datasets morerealisticandrepresentatie of whatwould be
encounteredn practice.Third, mapsare harderto classifythan gures, asthe gure
subcatgorieshave notably differentvisual featuresthat are capturedoy the OpenCV
detectorsFourth, icons do extremely well, astheir extensionin Windows is a x ed
.ico andwe startwith a cleancorpus,unlike ary of the othersets.Finally, although

! http://wing.comp.nus.edu.sg/n pic /
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Table 3. Performanc®f NPIC on thetwo datasetsyith differentfeaturesets.

Level |Class AverageC.V. accurag (Google)Testingaccurag (Wikipedia)
Tet(MVisual(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% (|92.59%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 100.099 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% |77.89480.8%5 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%
lllustration 82% 78% 82% 74% | 80% 82%
Total 82.6%| 80.0% | 84.3% |(73.19479.9% 81.4%
Level 3 [Planmap 86% 76% 86% 82% | 78% 84%
(Map) |Chorographienag 86% 80% 88% 78% | 82% 82%
Reliefmap 90% 68% 84% 70% | 70% 2%
Weathemap 84% 64% 84% 74% | 66% 2%
Zip codemap 96% 72% 92% 88% | 72% 86%
Total 88.4%| 72.0% | 86.8% |78.49%473.6%4 79.2%

the performancas not directly comparablewith prior reportedresults(asthe problem
speci cationsanddatasetgliffer), the NPIC classi ersshav similar performanceThe
adwantagehereis that NPIC systemusesa setof very general coarsefeatureshatare
inexpensve to computeandapplicableto a wide rangeof problems.Classi ersaimed
atspeci c tasks(c.f., [19]) areboundto do betterin their statedproblemdomain.

Giventhatimagesearchprimarily employs textual featuresarethe improvements
by incorporatingvisual featuressigni cant? We comparedhe textual versusthe com-
binedfeaturejudgmentsusingStudents 2-tailed T-test.Our ndings indicatea signi -
cant(p < :05) for bothLevel 2 classi ersbut nottheLevel 1 or 3 classi ers.We believe
thereasorfor thisis simply becauséherearetoo few imagesfor theLevel 3 classi ers
(600for bothLevel 3 classi ers)andfor the Level 1 Wikipediaclassi er (1000).

To assesshe ef cacy of thefeaturesets,we exploretheresultingclassi ers. Table
4 showsthe rst 100featuresusedby eachof thefour inferredmodels(with repetitions
omitted).We seethatindividual words(eacha separatéeature)constitutea large frac-
tion the usefulfeaturedn the Level 1 and?2 classi ers,but a smallerfraction of Level
3 featureqvalidatingour earlierclaim). We alsoseethat the color histogramdistance
measuregplay a larger role in the ned-grainedclassi ers, andthat no one distance
measureés best:they all seento beusedby theclassi er for discriminatingin different
instancesFinally, our OpenCVfeatureshave beeneffective for the classesve suspect:
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circlesare usedin the gure classi er and vertical/slantedines in the map classi er
(perhapdor decidingbetweerbuilding plansvs. naturalregion maps).

FortheOpenCVdetectorsthelearnefoundoptimalsettingsghroughcross-alidation
separationFor thecircle detectoradiametersettingof d = 0:3 min (height; width)
performedbest,aslower settingsof d would nd mary spuriousresults;the rectangle
detectomwassetto detectonly onesparallelto theimageframe.

Table 4. Salientfeaturefoundin the BoosTexter models.

[Level

[Textual Features [

Visual Features

Level 1

jpeg smsu co jennifer friends azoft stylefestgif map|
painting pie shtml a searchdrawing areasiconfan seri-|
als paris fregyellow online ru tv sponsorssponsorsk12
eastlirtonhouse

Quantum,C;, F1/D2,Magick, L-1 , C; Fraction,Col-
ors,Height,Backgroung,

Level 2

mappaintingartwork drawving ico cartoonvenngraphdi-
agramdisne pie animegar eld mapsphysicswww di-
rectory chemistrycomicscom world artwork art mathg
archiechem.pagestreetauimagetintin gifs sgcity hein|
edubookschineseaspsunmoaagov nr 278 nice charf
assembledga, region

Width, F1/D3, #slantedLines,F2/D1, Quady w or k
#HorizontalLines, Quadeon , Height, AvgLine-
Length, Backgroung, , averageLineGradientF1/D4,
F1/D1, Size, F1-F2/D1, EMDgiag ram » JDar tw or k»
EMDar tw or k ,» X-resolution

Level
(Figure)

3

blockpie vennbartablediagramdataarchiesillustration|
2 barograpmonegov chartshtm cty useduvenndiagran
fagarticleshisoftwareencfm 0805rettablgoubs

#SlantedLines, #circles, Chif., , AvgLineGradi
rent, #HorizontalLines, Width, X-resolution, Size
Chigiag am » #VerticalLines, Colors, AvgLineLength

EMDypjock , Background)Y-resolution EMDpiec har t .
JDpieC har t» lear Gr aph » ngraph ’ EMDbIock ’
Height,Quadyock , L-1 piock
#SlantedLines, EMDyegion
AvgGradient, #Corners, L1 glief
AvgLineLength, EMDy, eather
L-1 v elier EMDy, eather 2zipAr eaC ode
JDpian ,» QuadDisfipar eac ode »  #VerticalLines
Height, EMDpa, , FractionOccupiedByRectang!
L-1 w eather

Level
(Map)

weatherplan relief noaagov weathercountry map us|
mapscom plan wundegroundleonescbtvsvorld graph-
ics planningwr phpprovincemapasp les ca

’ EMD; elief
L1, ipAr eaC ode 1

6 Conclusion

We have introducedNPIC, a systemspeci cally trainedfor syntheticimageclassi -
cation. This systemis fully automatedanddistinguishedetweematuralvs. synthetic
images,and typessyntheticimagesinto ve classespf which mapsand guresare
further subdvided. We obtainthe imagedatasetdy standardext-basedmagesearch
using keywords highly correlatedwith eachclass.This noisily labeledcorpussenes
astraining data,making our classi cation schemesemi-supervisedn all casesper
formanceof the classi ersincreasesvhensimplecolor andgeometricshapedetection
featureq(speci cally for particularsyntheticimageclassespreadded A key resultis
thatvisualfeaturesmake a strongercontribtutionthanthetextual oneswhen ne grained
classi cationis needed.

NPIC is basedon a generalframeavork that relies on the scaleof image search
enginedo sift away noisefrom thetrainingdata.Sucha framewvork could be extended
to naturalimageclassi cation,wheremuchof imageretrieval researchs centerecbn.
We expectto furtherimprove NPICin thefutureby 1) usingtherelevancerankingof the
imagedrom searchenginein weightingexamplesfor training,and2) exploring how to

#HorizontalLines,

BS,
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nd keywordsautomaticallyfor training dataacquisition.We planto achieve the latter
usingmutualinformationwhich canprovide alist of statisticallycorrelatedmodi ers
for a basekeyword. We have alreadydonea detailederroranalysison the datasetand
have additionalfeaturesn mind thatmayhelpto improve performance.
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