A Systemfor Automatic Text Detectionin Video

UllasGalgi David Crandall SameeAntani

TarakGandhi RyanKeener RangcharKasturi

Departmenbf ComputerScience& Engineering
ThePennsylaniaStateUniversity
University Park, PA 16802
{gami, antani kastur}@cse.psu.edu

Abstract

Video indexing is an important problemthat has occu-
pied recentreseach efforts. The text appearingin video
can provide semantidnformationaboutthe scenecontent.
Detectingand recaynizingtext eventscan provide indices
into the videofor content-basedjuerying We describea
systenfor detecting tracking, and extractingartificial and
scenetext in MPEG—-1video. Preliminary resultsare pre-
sented.

1 Intr oduction

Content-basetihdexing of digital video hasgainedre-
searchimportancein recentyears. Detectedtext in video
canprovide ausefulindex with or with recognition[3]. The
text appearingn avideo canbe eithersceneext which oc-
cursnaturallyin therecorded3-D sceneandis distortedby
perspectie projection,or artificial text, thetext overlaidon
thevideoframeduringediting.

Detectionof text from color video imageshas some
uniqueproblems.Videoframesaretypically low resolution
and compressedwhich cancausecolor bleedingbetween
text andbackground)Thetext in avideoframecanbelow-
contrast,multi-colored (which meanslarge-scaleassump-
tions on the color of the text or backgroundcomponents
cannotbe made),andmulti-font. It canbetranslucentind
with a changingcomplex background.lts locationcanbe
changingfrom frameto frame. Scenetext alsoundegoes
the perspectie deformation.

1.1 PreviousWork

Shimetal [13] detectartificial text from MPEGvideoby
identifying homogeneousegionsin intensityimages per
form sggmentationby interactie thresholdselection,and
apply heuristicsto eliminate non-text regions. Ohya et
al [11] operateon gray scaleimagesto performcharacter
segmentationby local thresholdingfollowed by pairing of
nearbyregions with similar gray levels. Jainand Yu [4]
extracttext from video framesand compressedmagesby
backgrounctolor separatiorandapplyingthe heuristicthat
thetext hashigh contrastwith the backgroundandis of the
foregroundcolor. Lienhartand Stuber[8] have developed
a systemfor automatictext recognition. The systemuses

both spatialand temporalheuristicsto segmentand track
(possiblyscrolling) captiontext in video.
1.2 ProposedApproach

Fromour studyof the publishedalgorithmswe find that
no onealgorithmis robustfor detectiorof anunconstrained
variety of text appearingin video. We presenta system
which usesa batteryof differentmethodsemploying a va-
riety of heuristicsfor detectingjocalizing andsegmenting
bothartificial andscendext andtakesadwvantageof thetem-
poral natureof video. Recognitionof multi-font text is an
entirely differentresearctproblemwhich is not addressed
by our system.

The system performs the following main tasks—
detection® localization tracking,decision-fusionandseg-
mentation.Thereis alsoa specializednoduleto detectand
segmentscendext thatsatisfiescertainconstraintsThear-
chitectureof the systemis shavn in Figure1l. Modulesfor
detectiondecision-fusionandsegmentatioraswell asthe
novel algorithmfor extracting scenetext are describedn
Section through5. Resultsarepresentedh Sectiont.

2 Detection& Localization

Thetext localizationstageconsistf a batteryof meth-
ods for localizing text in the frame. Somemethodsuse
the MPEG DCT coeficients,while othersusethe uncom-
pressedrame. Localizationimprovesperformancef sey-
mentationand providesa raw index if segmentationfails.
Currently we have includedwork from Gamgi et al [3],
Chaddheet al [1], Wingeret al [14], LeBougeois[7] and
Mitrea anddeWith [9]. Methodsdescribedn [1] and[9]
have beenmodified as describedbelov resultingin im-
provedperformance.
2.1 DCT enengy localization

Theoriginalmethoddescribedn [1] computesnenegy
measuref a setof DCT coeficientsof intra-codedlocks
asa texture measure.This methodis initially appliedus-
ing a high enegy threshold.The thresholdis successiely
loweredin subsequenterations,resultingin region grow-
ing from initial high-probabilityseedblocks. Only those
blockswhich have an8-neighboiin theresultfrom theear
lier iterationareretained.This improvesdetectionwithout
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Figurel: Implementatiorarchitectue of the system

excessie falsepositives. Regionswith undesirableaspect
ratiosor dueto large objectboundariesarediscarded.This
identifiesthetext regionsalongMPEGblock boundaries.
2.2 Graphics/Text block classification

Mitrea and de With [9] proposeda simplealgorithmto
classifyvideoframeblocksinto graphicsor videobasecdn
the dynamicrangeand variation of gray levels within the
block. Theirapplicatiorwasimproving imagecompression
rates.We modifiedthis methodslightly andusedit to clas-
sify blocksastext or non-text followed by morphological
filtering of text regions.

3 Spatio-Temporal Decision-Fusion

Thelocalizationalgorithmshave differentfailuremodes.
Thedecision-fusioomodulewhencompletewill usethetext
regions localized over multiple framesby multiple algo-
rithms and fuse theminto a final region basedon agree-
mentbetweeralgorithms motionof text (if alocalizedtext
box moves, it may not betext unlessthe motionis notran-
domandcorrespondso trackinginformation),tracking(to
testwhethera moving text box is a falsealarmor dueto
moving text, thefusionmodulecanspavn atrackingthread
andcompardts outputto the seriesof localizedboxes)and
static morphology(if the shapeof a localizedtext region
changedetweenframesandthis changeis not consistent
with occlusioninformationoutputby the trackingmodule,
theregionmaybediscarded).

Both artificial text andscenetext stringsmay be broken
up, the former dueto imperfectlocalization,the latter due
alsoto occlusion.In a subsequerframe,the missingchar
acteramightbelocalized.Thecontrolmoduleneedgo look
atall thelocalizedtext regionsandstitchtogethetthosebe-

longingto the sametext stringusinginformationoutputby
thetracler.

3.1 Tracking

The currentmethodimplementedn the tracking stage
processe®nly P and | frames,ignoring B framescom-
pletely The location of the text region in the subsequent
frameis predictedbasedon its currentvelocity. If the next
frameis a P frame,we look at the motion vectorsof all of
the macroblockghatcorrespondo the predictedbounding
box region. All motionvectorsthatarelabeled‘flat” using
an “edginess”criterion [12], areignored. This is because
theflat macroblockgendto have noisymotionvectors.Ad-
jacentmotion vectorsare comparedo rejectthosewhich
arespatiallyinconsistenthigh angulardifference[10]). A
modeof theremainingvectorss takento identify thevector
which occursin mostmacroblocks.The original bounding
box is thenmoved by the amountindicatedby the vector
Finally aleast-square-erra@earchof a smallneighborhood
is performedo locatethe exactmatchingpixels. We found
thegradientintensityinsteadf theactualvaluesto bemore
robust for this step. This algorithmappeargo be fastand
effective andcanbeusedto trackaninitial userdefinedtext
box aswell asfor decision-fusion.

4 Segmentation

Thesegmentatiorstages passedboundingboxaround
a localized text region possibly generatedrom multiple
framesby thedecision-fusioormodule.Becaus®f thesmall
extent,tight constraintcanbeapplied.We have tried afew
approachesat sggmentation;LeBouigeois’ method[7] for
inter-charactersegmentationfails for overlappingor italic
charactersVariousbackground/forgrounddetectiormeth-



ods (e.g. thoseproposedn [4] and[7]) assumehat the
backgrounds thelargestcomponenbf thehistogram With
complex backgroundshis assumptioris invalid. Usingthe
logicallevel methodof KamelandZhao[5] whichwaspro-
posedfor low-contrasttheckimageswe obtainedgoodre-
sultsby usingit on both original andinvertedimagesand
choosingone of the resultshasedon the sizeanddistribu-
tion of theconnectedtomponents.

5 SceneText Detection

Scenetext typically exists on a planarsurfacein a 3-D
scenewith unconstrainedrientation.As the cameraor the
objectmoves, motionis inducedin the imageplane. This
motion of the text featuresshouldsatisfyplanarmotionin
3-D. We proposeto exploit this to separatdext features
from featuregddueto otherobjects.Theseobjectswhichare
likely to be at differentrandomdepths,do not satisfy the
planarconstraint A sequencefimagesanbeusedto sgy-
mentdifferentplanarsurfacesin theimage,andalsoto re-
movetheoutlierscorrespondingp clutterwhich doesnotfit
ary suchsurface,or is in motionwith respecto sucha sur
face.Devadiga[2] hasdevelopedarecursive motion-based
segmentatioralgorithmto segmentimageinto regionscor-
respondindo planarandotherobjects.We proposeo usea
similar algorithmto identify text regions.Oncetheparame-
tersof the planeareestimatedthe perspectie effect of the
cameraonthe characterganbecompensated.
5.1 Planar motion model

Supposehatthepointgivenby (X, Y, Z) in the3-D co-
ordinatesystemin whichthe Z axis passeshroughthe op-
tical axis of the sensollies on a planarsurface. Theimage
velocity for any suchpoint on a planarsurfacecanbe writ-
tenas:

a; +asr +asy + a7a:2 + agry

°
b = az+asx+ agy + arzy + agy’
The eight coeficients (ay,...,as), the planar motion

model parametersare functionsof the relative linear and
angularvelocities(V andW), aswell asthe parametefor
theplanarsurface.Thus,theinstantaneoumotionof a pla-
nar surfaceundegoing rigid motion canbe describedasa
seconcbrderfunctionof imagecoordinates.

Hence|f theimagevelocity atanumberof pointsonthe
planarsurfaceis known, eachpointresultsin two equations
containingeight unknovn parameters.A leastsquaredit
canbeusedto computethe planarmodelwhich bestfits the
points. Four or morepointson the sameplanearerequired
for this purpose.

The relative motion parameterd” and W betweenthe
camerandthesceneneednotbeknownin advanceto solve
theseequationsTheplanarmotionparametersanbeused
to computethe equationof the planeaswell asthe camera
motionparameterggiving two solutions(exceptfor ascale

factor)in mostcaseg6]. The equationof the planecan
thenbe usedto determinehow the text on the planegets
distortedby perspectie effects,andto apply correctionto
compensatéor this distortion.

6 Preliminary Results
6.1 TextDetectionand Tracking

Figure 2 shaws the resultsof localizationby two algo-
rithms ([3] and[9]), indicating the needfor datafusion.
Figure3 shavs localizedandthensegmentedext; all three
instancesn the first frameandfive instancesn the second
frame are detectedeven the extremely low-contrasttext,
but the sgmentatiomeedsmprovement. The localization
is actuallyfiner thanthe boundingboxesshavn. Figure4
shavs two examplesof scenetext tracking: first, two ini-
tial userdelineatecboundingboxes at frame 34, tracking
acrosocclusion(frames70and112),andtext region mod-
ification asit leavesthe frame(frames139); secondmulti-
ple scrollingcaptionsheingtracked.
6.2 Sceneext Parameter Estimation

The applicationof the planarfit hasbeentestedon a
numberof simulatedimage sequencegontainingtext or
other patternson planarsurfaces. The cameratranslation
and rotation, motion parameterf the camera,and the
planeparametersvere pre-specified.Using a sequencef
images.the planarmotion parametersvere obtained. The
error in the plane normal vector extractedfrom thesepa-
rametersvascalculatedo be 3.56°. Using the planenor-
malvector theperspectie deformationcanbecorrectedy
imagewarpingmethods.

7 Summary

We describea systemfor detectingtext in video. The
systemis to be ableto detectunconstrainegceneand ar-
tificial text in MPEG video. The text may be moving or
have poorcontrastin clutteredbackgroundsResultsof lo-
calization trackingandsegmentatiorof artificial andsome
scendext arepresentedrFurtherwork involvesbuilding the
decision-fusiormodule,handlingocclusion,improving the
scengext extraction,andenhancinghetext for OCR.
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Figure4: Trackingmoving text.



