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Abstract
Video indexing is an importantproblemthat hasoccu-

pied recentresearch efforts. The text appearingin video
canprovidesemanticinformationaboutthescenecontent.
Detectingand recognizingtext eventscan provide indices
into the video for content-basedquerying. We describea
systemfor detecting, tracking, andextractingartificial and
scenetext in MPEG–1video. Preliminary resultsare pre-
sented.

1 Intr oduction
Content-basedindexing of digital video hasgainedre-

searchimportancein recentyears. Detectedtext in video
canprovideausefulindex with or with recognition[3]. The
text appearingin a videocanbeeitherscenetext whichoc-
cursnaturallyin therecorded3-D sceneandis distortedby
perspectiveprojection,or artificial text, thetext overlaidon
thevideoframeduringediting.

Detectionof text from color video imageshas some
uniqueproblems.Videoframesaretypically low resolution
andcompressed(which cancausecolor bleedingbetween
text andbackground).Thetext in avideoframecanbelow-
contrast,multi-colored(which meanslarge-scaleassump-
tions on the color of the text or backgroundcomponents
cannotbemade),andmulti-font. It canbe translucentand
with a changingcomplex background.Its locationcanbe
changingfrom frameto frame. Scenetext alsoundergoes
theperspectivedeformation.
1.1 PreviousWork

Shimetal [13] detectartificial text from MPEGvideoby
identifying homogeneousregionsin intensityimages,per-
form segmentationby interactive 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. Jain and Yu [4]
extract text from video framesandcompressedimagesby
backgroundcolorseparationandapplyingtheheuristicthat
thetext hashighcontrastwith thebackgroundandis of the
foregroundcolor. LienhartandStuber[8] have developed
a systemfor automatictext recognition. The systemuses

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

Fromourstudyof thepublishedalgorithms,wefind that
noonealgorithmis robustfor detectionof anunconstrained
variety of text appearingin video. We presenta system
which usesa batteryof differentmethodsemploying a va-
riety of heuristicsfor detecting,localizingandsegmenting
bothartificialandscenetext andtakesadvantageof thetem-
poralnatureof video. Recognitionof multi-font text is an
entirelydifferentresearchproblemwhich is not addressed
by oursystem.

The system performs the following main tasks—
detection& localization,tracking,decision-fusion,andseg-
mentation.Thereis alsoa specializedmoduleto detectand
segmentscenetext thatsatisfiescertainconstraints.Thear-
chitectureof thesystemis shown in Figure1. Modulesfor
detection,decision-fusion,andsegmentationaswell asthe
novel algorithmfor extractingscenetext aredescribedin
Sections2 through5. Resultsarepresentedin Section6.

2 Detection& Localization
Thetext localizationstageconsistsof a batteryof meth-

ods for localizing text in the frame. Somemethodsuse
the MPEG DCT coefficients,while othersusethe uncom-
pressedframe. Localizationimprovesperformanceof seg-
mentationandprovidesa raw index if segmentationfails.
Currently, we have included work from Gargi et al [3],
Chaddhaet al [1], Winger et al [14], LeBourgeois[7] and
Mitrea anddeWith [9]. Methodsdescribedin [1] and[9]
have beenmodified as describedbelow resulting in im-
provedperformance.
2.1 DCT energy localization

Theoriginalmethoddescribedin [1] computesanenergy
measureof a setof DCT coefficientsof intra-codedblocks
asa texture measure.This methodis initially appliedus-
ing a high energy threshold.The thresholdis successively
loweredin subsequentiterations,resultingin region grow-
ing from initial high-probabilityseedblocks. Only those
blockswhichhavean8-neighborin theresultfrom theear-
lier iterationareretained.This improvesdetectionwithout
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Figure1: Implementationarchitectureof thesystem

excessive falsepositives. Regionswith undesirableaspect
ratiosor dueto largeobjectboundariesarediscarded.This
identifiesthetext regionsalongMPEGblockboundaries.

2.2 Graphics/Text block classification
Mitrea andde With [9] proposeda simplealgorithmto

classifyvideoframeblocksinto graphicsor videobasedon
the dynamicrangeandvariationof gray levels within the
block. Theirapplicationwasimproving imagecompression
rates.We modifiedthis methodslightly andusedit to clas-
sify blocksas text or non-text followed by morphological
filtering of text regions.

3 Spatio-Temporal Decision-Fusion
Thelocalizationalgorithmshavedifferentfailuremodes.

Thedecision-fusionmodulewhencompletewill usethetext
regions localizedover multiple framesby multiple algo-
rithms and fuse them into a final region basedon agree-
mentbetweenalgorithms,motionof text (if a localizedtext
box moves,it maynot betext unlessthemotionis not ran-
domandcorrespondsto trackinginformation),tracking(to
testwhethera moving text box is a falsealarmor due to
moving text, thefusionmodulecanspawn atrackingthread
andcompareits outputto theseriesof localizedboxes)and
static morphology(if the shapeof a localizedtext region
changesbetweenframesandthis changeis not consistent
with occlusioninformationoutputby the trackingmodule,
theregionmaybediscarded).

Both artificial text andscenetext stringsmaybebroken
up, the formerdueto imperfectlocalization,the latterdue
alsoto occlusion.In a subsequentframe,themissingchar-
actersmightbelocalized.Thecontrolmoduleneedsto look
atall thelocalizedtext regionsandstitchtogetherthosebe-

longingto thesametext stringusinginformationoutputby
thetracker.

3.1 Tracking
The currentmethodimplementedin the trackingstage

processesonly P and I frames, ignoring B framescom-
pletely. The locationof the text region in the subsequent
frameis predictedbasedon its currentvelocity. If thenext
frameis a P frame,we look at themotionvectorsof all of
themacroblocksthatcorrespondto thepredictedbounding
box region. All motionvectorsthatarelabeled“flat” using
an “edginess”criterion [12], are ignored. This is because
theflat macroblockstendto havenoisymotionvectors.Ad-
jacentmotion vectorsarecomparedto reject thosewhich
arespatiallyinconsistent(high angulardifference[10]). A
modeof theremainingvectorsis takento identify thevector
which occursin mostmacroblocks.Theoriginal bounding
box is thenmoved by the amountindicatedby the vector.
Finally a least-square-errorsearchof a smallneighborhood
is performedto locatetheexactmatchingpixels.We found
thegradientintensityinsteadof theactualvaluesto bemore
robust for this step. This algorithmappearsto be fastand
effectiveandcanbeusedto trackaninitial user-definedtext
boxaswell asfor decision-fusion.

4 Segmentation
Thesegmentationstageis passedaboundingboxaround

a localized text region possibly generatedfrom multiple
framesby thedecision-fusionmodule.Becauseof thesmall
extent,tight constraintscanbeapplied.Wehavetriedafew
approachesat segmentation;LeBourgeois’ method[7] for
inter-charactersegmentationfails for overlappingor italic
characters.Variousbackground/foregrounddetectionmeth-



ods (e.g. thoseproposedin [4] and [7]) assumethat the
backgroundis thelargestcomponentof thehistogram.With
complex backgroundsthis assumptionis invalid. Usingthe
logical level methodof KamelandZhao[5] whichwaspro-
posedfor low-contrastcheckimages,we obtainedgoodre-
sultsby usingit on both original andinvertedimagesand
choosingoneof the resultsbasedon the sizeanddistribu-
tion of theconnectedcomponents.

5 SceneText Detection
Scenetext typically exists on a planarsurfacein a 3-D

scenewith unconstrainedorientation.As thecameraor the
objectmoves,motion is inducedin the imageplane. This
motionof the text featuresshouldsatisfyplanarmotion in
3-D. We proposeto exploit this to separatetext features
from featuresdueto otherobjects.Theseobjects,whichare
likely to be at different randomdepths,do not satisfy the
planarconstraint.A sequenceof imagescanbeusedto seg-
mentdifferentplanarsurfacesin the image,andalsoto re-
movetheoutlierscorrespondingto clutterwhichdoesnotfit
any suchsurface,or is in motionwith respectto sucha sur-
face.Devadiga [2] hasdevelopeda recursive motion-based
segmentationalgorithmto segmentimageinto regionscor-
respondingto planarandotherobjects.Weproposeto usea
similaralgorithmto identify text regions.Oncetheparame-
tersof theplaneareestimated,theperspective effect of the
cameraon thecharacterscanbecompensated.
5.1 Planar motion model

Supposethatthepointgivenby �������	��

� in the3-D co-
ordinatesystemin which the 
 axispassesthroughtheop-
tical axisof thesensorlies on a planarsurface.Theimage
velocity for any suchpoint on a planarsurfacecanbewrit-
tenas: �� � ������������������� �!��"#�%$	�!�'&��(��) � � $ ���'*+������,#� �!��"#�(�-����&#� $
The eight coefficients � �(� �#.�.#.#� ��& � , the planar motion
model parametersare functionsof the relative linear and
angularvelocities( / and 0 ), aswell astheparameterfor
theplanarsurface.Thus,theinstantaneousmotionof apla-
nar surfaceundergoing rigid motioncanbe describedasa
secondorderfunctionof imagecoordinates.

Hence,if theimagevelocityatanumberof pointsonthe
planarsurfaceis known, eachpoint resultsin two equations
containingeight unknown parameters.A leastsquaresfit
canbeusedto computetheplanarmodelwhichbestfits the
points.Four or morepointson thesameplanearerequired
for thispurpose.

The relative motion parameters/ and 0 betweenthe
cameraandthesceneneednotbeknown in advanceto solve
theseequations.Theplanarmotionparameterscanbeused
to computetheequationof theplaneaswell asthecamera
motionparameters,giving two solutions(exceptfor a scale

factor) in most cases[6]. The equationof the planecan
thenbe usedto determinehow the text on the planegets
distortedby perspective effects,andto apply correctionto
compensatefor thisdistortion.

6 Preliminary Results
6.1 Text Detectionand Tracking

Figure2 shows the resultsof localizationby two algo-
rithms ([3] and [9]), indicating the needfor data fusion.
Figure3 shows localizedandthensegmentedtext; all three
instancesin thefirst frameandfive instancesin thesecond
frame are detected,even the extremely low-contrasttext,
but thesegmentationneedsimprovement.Thelocalization
is actuallyfiner thanthe boundingboxesshown. Figure4
shows two examplesof scenetext tracking: first, two ini-
tial user–delineatedboundingboxesat frame34, tracking
acrossocclusion(frames70and112),andtext regionmod-
ificationasit leavestheframe(frames139);second,multi-
plescrollingcaptionsbeingtracked.

6.2 Scenetext Parameter Estimation
The applicationof the planarfit hasbeentestedon a

numberof simulatedimagesequencescontainingtext or
otherpatternson planarsurfaces. The cameratranslation
and rotation, motion parametersof the camera,and the
planeparameterswerepre-specified.Using a sequenceof
images,the planarmotion parameterswereobtained.The
error in the planenormal vectorextractedfrom thesepa-
rameterswascalculatedto be 1'.325476 . Using the planenor-
malvector, theperspectivedeformationcanbecorrectedby
imagewarpingmethods.

7 Summary
We describea systemfor detectingtext in video. The

systemis to be ableto detectunconstrainedsceneandar-
tificial text in MPEG video. The text may be moving or
have poorcontrastin clutteredbackgrounds.Resultsof lo-
calization,trackingandsegmentationof artificial andsome
scenetext arepresented.Furtherwork involvesbuilding the
decision-fusionmodule,handlingocclusion,improving the
scenetext extraction,andenhancingthetext for OCR.
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Figure2: Resultsof text localization.

Figure3: Segmentationof localizedtext.

Figure4: Trackingmoving text.


