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Abstract

We present a method for automatic textual annotation of
compressed video. Initially, cuts are detected in the video
sequence where consecutive frames show a large difference.
Key frames are then extracted to represent each shot. A
video sequenceis, thus, condensed into a few images, hence
this forms a compact key frame representation of the video.
Each key frame is compared with an annotated database of
images, using standard CBIR techniques, to obtain a textual
description of the scene. The entire process is designed to
work on MPEG-DC sequences, where only a partial decod-
ing isrequired for performing content-based operations on
MPEG compressed video streams.

1. Introduction

In recentyears technologyhasreached level whereavast
amountof digital informationis available at a low price.
Theeaseandlow costof obtainingandstoringdigital infor-
mationaswell asthealmostunlimitedpossibilityto manip-
ulateit makesit apopularmeansof storingdata.Oneof the
key featuresequiredin avisualinformationsystemis effi-
cientindexing to enablemeaningfulandfastclassification
of objectsin avideodatabase.

It is generallyacceptedhatcontentanalysisof videose-
guencesequiresa preprocessingrocedurehatfirst breaks
up the sequencesnto temporally homogenoussegments
called shots [1],[5],[71,[9], [12]. A shotis a sequencef
framesgeneratediuring a continuousoperationandthere-
fore representgontinuousactionin time or space. Shots
representtemporal sggmentsof a video with smoothly
changingcontents Thesesggmentsarecondensedhto one
or afew representatie frames(key frames)[2] [13] toyield
a pictorial summaryof the video. Semantiovideoindexing
basedon objectseggmentations discussedn [8], [14]. Ob-
jectandcameramotion canalsobe usedfor analyzingand
annotatingvideo [3],[11]. Videoannotationis oftenfacili-
tatedby prior knowledgeof somegeneralstructurefor the
classof videounderstudy A basletballannotationsystem
is discussedn [11].

Sincemostof thevideostreamghatmoderndigital stor
agesystemshave to dealwith are availablein the MPEG
compressedormat, no content-relatesdperationsare pos-
sibleon thesestreamdlirectly. Theanalysisof compressed
video can proceedin one of the two fundamentalways.
Thefirst is by decompressinghe video bitstreamand us-
ing theindividual framesto gatherinformationaboutvari-
ouscharacteristic®f the video suchas contentor motion,
andextractingindexablefeaturesn the pixel domain. Op-
erationson fully decompressedideo do not permit rapid
processingbecauseof the datasize. The secondmethod
involves exploiting encodedinformation containedin the
compressedepresentationThis methodoperatedirectly
on a small fraction of the compressediata. Suchgreatly
reduceddatais readily extractedfrom compressedideo
without full framedecompressioandstill captureghe es-
sentialinformationof thevideo. Theinformationavailable
in compressedepresentatiorof video includesthe types
of eachMacroblock(MB), the DiscreteCosineTransform
(DCT) coeficientsof eachMB. andthemotionvectorcom-
ponentsfor the forward, backward andbidirectionally pre-
dictedMBs.

In this paper we presenta computationallyefficient
methodfor automaticannotationof video sequencesThe
approachmakesuseof the compressedlomainvideo data
and can be split into two parts- segmentationand index-
ing. Temporalsegmentatiordividesthe videointo shotsor
scenesThesegmentations doneby partially decodingthe
compressedideo bitstreamto obtain DC sequences By
comparingthe subsampledrames,a scenechangeis de-
tectedwheresuccessie framesshaw alargedifference In-
dexing is doneby choosingkey framesto represeneach
scene.This givesa compactpictorial representationf the
contentsof the video. By comparingthe key framesto a
databaseof annotatedstill images,using standardCBIR
techniquesa textual annotationof the sceneis obtained.
Hence atextualrepresentationf thecompletevideois now
available.

The organizationof the paperis asfollows. In Section
2, we briefly discussthe generatiorof DC-ImageandDC-



Figurel: Full Imageat 352x 240andits DC imageat 44 x
30.

SequenceSection3 addressetheproblemof temporakey-
mentationof the video. Section4 dealswith key framese-
lection and generationof textual index of the video. The
resultsarepresentedh Section5 followedby conclusionin
Section6.

2. DC Image and DC Sequences

DCimagesarespatiallyreducedonepixel permacroblock)
versionsof the original images. The DC imageis noth-
ing but a top level representatiof animagein its multi-

resolutionpyramid. Suchspatially reducedimages,once
extracted,arevery usefulfor efficient scenechangedetec-
tion andotherapplicationg12]. In this sectionwe briefly
discusshow the DC-imageandthe DC-sequenceanbe ef-

ficiently extractedfrom compressedideos[10].

We focus on MPEG-2 video streams. We restrict our-
selves to using datawhich can be easily extracted from

MPEG bit streamswithout the full frame decompression.

Specifically we usetheframenumberframeencodingype
(I, P, or B), andthe DC coeficient of eachDCT-encoded
pixel block.

The (i, j) pixel of the DC-imageis the averagevalue of
the (i,j)** macroblockof theoriginalimage.While theDC-
imageis muchsmallerthantheoriginalimage,it still retains
significantamountof information. The subsampledideo
sequencéormedin suchmanneiis calledthe DC sequence.
Thisentailssignificantsavingsin computationahndstorage
costs,resultingin a fasterannotation.Fig. 1 illustratesan
original imageof size352 x 240 andits DC-imageof size
44 x 30usingN = 8.

The extractionof DC imagefrom I-framein MPEG is
trivial sincethe DCT coeficientsarereadily accessibldor
I-frames.For the I-framesof MPEG, the originalimageis
groupednto 8 x 8 blocks,andthe DC term¢(0,0) of its 2-D
DCT is relatedto the pixel valuesf (i,j) via
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Figure2: lllustrationof how theDC coeficientsfor amacro
blockis computedn aP frame.

whichis 8 timesthe averageintensityof the block.

SinceP andB-framesarerepresentetly theresidualer-
ror after predictionor interpolation their DCT coeficients
needto be estimated.To calculatethe DCT coeficientsof
a Macroblock (MB) in a P frame or B-frame, the DCT
coeficients of the 8 x 8 areaof the referenceframe that
the currentMB was predictedfrom needto be calculated.
Supposehis areais calledthe referenceMB (thoughit is
not an actualMB). Sincethe DCT is a linear transform,
the DCT coeficientsof the referenceMB in the reference
frame can be calculatedfrom the DCT coeficients of the
four MBs that can overlap this referenceMB, albeit with
substantiatomputationakxpense. It is easy however, to
calculatereasonabl@approximationgo the DC coeficients
of anMB of a P or a B-frame.Fig. 2 shovsanMB in a P-
frame, M B¢, beingpredictedfrom a 8 x 8 areadenoted
by M Brge¢. While encodinghe P-frame,only theresidual
errorof M B¢, With respecto M Bg,y is stored.TheDC
coeficientsof M Bg.; canbecalculatedrom theDCT co-
efficientsof four MBs- M By, M B>, M Bz and M B4. To
avoid expensve computation,the DC coeficient aloneis
approximatedy a weightedsumof the DC coeficientsof
the four MBs, with the weightsbeingthe fractionsof the
areasof theseMBs thatoverlapthereferenceMB, i.e,

4
DC(MBg.ys) = Z w;.DC(MB;)

i=1

wherew; is given by the ratio of the areaof the shaded
region of M B; to its total area. Similarly, if an MB in a

B-frame s interpolatedfrom two referenceMBs, its DC

coeficientis approximatedy an averageof the estimated
DC coeficientsof eachof thesetwo MBs.

The partial decodingof a MPEG video bitstream,using
only the DC term of the DCT, givesa spatiallydecimated
versionof the video. This is calledthe DC sequenceThe
framesin a DC sequenceare spatially reducedby a factor
of 8 in both the dimensions.In our proposedschemewe
form the DC sequencef the video by operationsonly on
theluminancechannelwhich leadsto significantsavingsin
computationabndstoragecosts.
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Figure3: lllustration of InterframedifferenceD] for aDC
sequencef the movie for (a) abruptscenechange(g=1),
(b) gradualscenechange(q=10).

3. Temporal Segmentation

To analyzethe contentof a givenvideo sequencewe need
to first sgmentthe sequencénto individual shots. The DC
sequencesxtractedfrom compressedideoareusedto per
form temporalsegmentationof the video. As discussedn
[12], two separataletectionalgorithmsare usedto detect
abruptandgradualscenechangesrespectiely. We further
improve the shotdetectionmethodto handletransmission
disturbances. The methodis basedon pixel level differ-
encesbetweenDC images. Let X = z;; andY = y; ;
betwo DC imagesandlet d(X,Y") denotetheir difference.
Thedifferencemetricis setaspixel level differencej.e.

dX,Y) =Y |wi; — yil-

1,3

3.1 Abrupt Scene Changes

To detectabruptscenechangespeaksare detectedn the
plot of the pixel level differencesof successie framesin
a DC sequence.Sincescenechangeis a local actiity in
the temporaldomain, a thresholdto detectthe peakis set
to matchthe local actvity. A sliding window is used
to examinem successie frame differences. Let fi, k =
1,2,..., N beasequencef DC images. A differencese-
quenceDy, = d(fx, fr+1) is formed. A scenechangeis
declaredrom f; to fi4; if

i. D; = max (Dl—m; ---;Dl—i-m) ,and

whereD; is the next largestvaluewithin the samewin-
dow [—m,m].

Thecondition(i) detectsgheactualpeaksandthe condi-
tion (ii) guardsagainsfastpanningor zoomingscenesThe
window sizem is setto be smallerthanthe minimum du-
ration betweenwo consecutie scenechangeslt hasbeen
found that valuesof a rangingfrom 3.0-4.0give goodre-
sults. Fig. 3 (a) shaws the plot of interframepixel level
differenceappliedto DC sequencef anMPEG bitstream.

3.2 Gradual Scene Changes

A robustway of detectinggradualtransitionis by usingnot
a single frame differenceD,,, definedearlier but the ¢*
framedifferenceD] in the DC sequencavhereD] is de-
finedas

Di = d(fi, frtq)-

By selectingg greaterthanthe durationof the transitions,
weget“plateaus’in theplotof D}. Onenow needso detect
suchplateausn theplot D}. We usethe following criteria
to detecta plateauWe declareghestartof aplateauatframe
k =1 (i.e, startof agradualscenechangef

i | DY
ii. |DY
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wheree; is athresholdhatallows smallvariationsin the
heightof the plateau, is alargethreshold(usuallyes >>
€1) demandghat the plateaurisesquite steeplywhenthe
gradualtransitionstarts,andthe parameter (asexplained
earlier)definesthe minimumdissole or fadeout duration.
Fig. 3 (b) shavstheplot of D7 for g=10. Thearrow in Fig.
3 (b) pointsto a“plateau”.

3.3 Scene Changes in Presence of Transmis-
sion Disturbances

Large differencesetweenthe DC imagesmay be encoun-
teredbecausef the transmissiordisturbances.This may
happerdueto burstynetwork congestiorwhena numberof
pacletsmaygetdroppedduringthe streamingorocessWe
usethe obsenation that suchdisturbancesnanifestthem-
selvesastwo sharppeaksquite closeto eachotherandin-
tersparsedvith fairly large valuesin the differenceplot of
the DC images. The two peakscorrespondo the startof
the burst error andthe resumptionof the quality transmis-
sion,respectiely. Ideally theseshouldnotbe considereds
scenechangesWe solve this problemby neglectingwhen-
evertherearetwo peaksn thedifferenceplotscloseto each
other It shouldbe notedthat during the normaltransmis-
sion, therewill be occasionapacletdropsbut theincrease
in the differencemetric is quite mamginal. The conditions
givenin section3.1 areableto handlesucha situation. A
schemeas simple as describedabove is found to provide
enoughresilienceto transmissiordisturbances.

3.4 Overall Scene Change Detection

To detectscenechangesn a video, we combineboth the
algorithmsdiscussecarlierto detectbothabruptandgrad-
ual scenechanges.We keepin mind that after any scene
changea gradualscenechangecannottake placebeforea
particularnumber(no whereny > m) of frames. Hence
if ascenechanges declaredat a particularframe,thenwe
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Figure4: Pictorialsummarizatiorof the movie throughkey frameselectionin eachshot.

look for thegradualscenechangen, framesaftertheabrupt
scenechange However, therecouldbeanothembruptscene
changeand hencethe schemerestrictsthe computationto
searchingonly anabruptscenechangemmediatelyaftera
detectedshot. We alsoincludethe modificationsuggested
in section3.3to robustly detectthe shotswhentransmission
disturbancesreexpected.

Eachshot,thusobtainedformsthebasisfor furtheranal-
ysis,thatis, selectionof key frames.

4. Indexing

The approachto indexing a video involvesextractinga set
of key framesfor the entirevideo clip, to captureasmuch
of thecontentf thevideoaspossible put atthesametime
redundanframesare excluded. To createa pictorial sum-
maryof thevideo,representatieimageshaveto beselected
from eachshot. Therepresentatie framefor eachshotcan
be selectedrom amongstheframesin the middleto avoid
specialeffectssuchasfade-inandfade-outwhich aremore
oftenfound at the beginning or endof a shot. This givesa
crudepictorial summaryof the video sincethe useof only
oneframe per shotis insufficient to capturethe time vary-
ing essentiafeaturesof video sequencesTherefore there
couldbemultiple key framesin the sameshot.

We usethe DC histogramcomparisortechniqueg4] for
thenonuniform samplingof all framesthatconstituteashot.
Theproposedlgorithmfor key frameselectionis basedn
DC coeficientsthat are calculatedonly for the Y (lumi-
nanceomponentThisis becaus€l) humarvisualsystem
is moresensitve to Y componenthanto the otherchromi-

nancecomponentsand (2) the MPEG standardgypically
usehigherspatialsamplingfor Y thanthesamefor theother
two componentsThe histogramsof DC coeficientsof the
Y componenbf all thel-framesconstitutingashotarecom-
pared.Further to reducethe computationwe useonly the
DC-image(thethumbnailimage)for all analysesThe sim-
ilarity metricusedto comparethe histogramof the it and
jth DCimagess L(i, j) metric,definedas:

N

k=N
L(i,j) = (D [Hi(k) — H;(k)]")
k=1

whereH;(k) denoteghe k" histogrambin valueof the
of it DCimage.We declarethei" frameto beakey frame
if it is sufficiently differentfrom thepreviouskey frame,i.e.
if

L(i,KF)>§ 1)
and
L(i+1,KF)< L(i,KF) 2

Hereé is athresholdhatcontrolsthedensityof temporal
samplingandKF denoteghelastkey framedetectedn the
sequenceThesecondconditionensureshatthechoserkey
frameis maximallyapartfrom the previousKF comparedo
therestof thecandidatdrames.

The describedprocesss appliedto I-framesonly since
two consecutie I-frameshave a larger interframediffer-
encethantwo consecutie P or B-frames.Hencel-frames
arethebestcandidateso capturethetemporalvariationsin



Tablel: Textual Summaryof the Movie Segment“Soundof Music”.

Shot No. Frames | Key Frames | Key Frame Shot
Annotation Annotation

0500 | Snaw coveredSlope

1| 0500-0725 0560 | MountainPeak MountainPeak
0694 | MountainPeak
0726 | Cliff

2 | 0726-0949 0787 | CIiff Cliff
0834 | CIliff
0950 | Snaw coveredSlope
1185 CIiff

3 | 0950-1501 1247 | CIliff Cliff
1309 | CIliff
1394 | CIiff
1462 | CIiff

4 | 1502-1748 1502 | River River

5| 1749-1901 1749 | Gorge Gomge

6 | 1902-2110 1902 | Forest
2098 | Forest Forest

7 | 2111-2286 2111 | Gorge
2217 | Gorge Gomge

a shotasit requiresthe minimal decompressionThe first
I-framein avideoclip (shot)is alwaysdeclaredasthe key
frame. Thenthe otherframesare comparedo this frame.
We declaretheit” frameto bethenew key frameif it satis-
fiesconditions(1) and(2). Criterion(1) is to ensurehatthe
currentframeis significantly differentfrom the previously
declareckey frame. Criterion (2) is imposedto ensurethat
theframewhichis mostdifferentfrom thecurrentkey frame
is selectedasthenew key frame. Thesubsequerftamesare
thencomparedo this new key frame.

It is appropriateto setthe thresholdlocally, sincethe
numberof key framesrequiredto represenascenadepends
onthelocal actwvity in thescene Theproposednethodsets
thethresholdo be 3 timesthestandardieviationof theDC
imageof the precedingkey frame. It hasbeenexperimen-
tally foundthatvaluesof g rangingfrom 2.5- 4.5givegood
results.

To obtain the textual annotationof the video eachkey
framefrom every shotis comparedvith adatabasef textu-
ally annotatedtill imagesusingary standaratontentased
imageretrieval (CBIR) technique Any CBIR techniquecan
beused,n principle,andwe usethe CBIR methodproposed
in [6]. We form theimagedatabaséy key framinga large
numberof video sequenceand manuallyannotatingthese
key frames.Now the bestmatchfor agivenkey framefrom
atestvideosequencés obtained.Thetextual annotatiorof
thebestmatchimagefrom the databasdighlightsthe con-
tent of a key frame and gives a textual descriptionof the

scene.Thusa sparsebut coherentandtemporallyordered
textual descriptionof thevideois generated.

5. Resaults

To test the proposedalgorithm on realistic, compressed
video, we have appliedthe algorithmto a wide variety of
MPEG videotestsequencesAll video clips aredigitized
at 25 frames/se@ndat a resolutionof 352x288pixels. All
theimagespresentedn this sectionarecorvertedto black
and white for the purposeof presentingresultsin the pa-
per. For the performanceanalysisof the proposedscheme,
the groundtruth wasobtainedthroughhumanintervention.
Thedatabasesedfor comparinghekey framesis obtained
by manuallyannotatingeachimagepresentn thedatabase.
Theresultfor the entireschemeof annotatinga videois
presentedor clip from themovie “Soundof Music” andis
of 5 minutes11 secondgduration. It is mostly aboutthe
panningof a cameraarounda naturalsurroundingbefore
theleadactressentersthe scene.We neglectframes0-499
becausehey containcaptions. Fig. 3 shows the plot of
theframedifferencefor the DC sequencebtainedrom the
movie clip andFig. 4 depictsthe pictorial summaryof the
movie upto the 7th shotdueto the brevity of the presen-
tation. The textual summaryof the video sequencés pre-
sentedin tablel. For sceneswhich generatemultiple key
frames,we definethe shotannotatiorto be the mostoccur
ring key frameannotation.The first shotis representethy



threekey frames. Out of thesethreekey frames,the first
key frameis annotatedas “Snow coveredSlope” whereas
the remainingtwo key framesare annotatedas “Mountain
Peak”. Thefirst key frameis actuallyanimageof a cloudy
sky, but the CBIR technigueannotatest to "Snow covered
Slope”. We selectthe shotannotatiorasthemostoccurring
key frame annotation,.e. “Mountain Peak”. The second
shotis representedby threekey framesandsinceeachkey
frameis annotatechas“Clif f”, the sceneannotationis also
“Clif f”. Thethird shothassix key frames,out of which the
firstis annotatedas“Snow CoveredSlope”andtherestare
annotatedas“Clif f”. Hencethe shotannotationis “Clif f”.
The next shotis annotatedas“River” sincethe key frame
which representhe shotis annotatedas“River”. Thefifth
shotis depictedby a singlekey framewhichis annotateds
“Gorge” andthe shotannotatioris the same.Thessixth shot
is annotatechs“Forest”, sinceboth the key framesarean-
notatedas“Forest”. Thelastscenehasonly onekey frame
whichis annotatecs“Gorge”.

The efficagy of the proposedalgorithm dependson the
schemeusedfor temporalsegmentation. The schemem-
plementedor temporalsegmentatiorgivesa detectiornrate
of 95% and precisionrate of 92%. The ability of the key
framesto highlightthetemporalariationsin ashotis, how-
ever, a subjectve issue. The effectivenesof the key frame
selectioralgorithmis alsotestedusingthegroundtruth data
obtainedmanually It is obsenedthatfor themovie clip, 18
framesare declaredas key frame candidateswhile there
are 2 additional frameswhich could have beendeclared
as possiblekey frame candidates.Hencethe accurag in
key frameselectionis 90%. It is needlesto mentionthat
quality of textual annotationdependson the effectiveness
of the CBIR algorithmandhow exhaustie is theannotated
database.

6. Conclusions

We presentin this paperthe conceptof video visualiza-
tion in the form of pictorial and textual summarygenera-
tion. The pictorial summarycreatecby key frameselection
compactlyrepresentshe original video with considerable
fidelity. Thetemporalprogresof the storyis preseredby
presentinghekey framesin thetime order A techniquéhas
beerproposedo createatextual summaryof thevideo. The
textual and pictorial summarycontribute to semanticvisu-
alizationand succinctpresentatiorof the pictorial content
of video.

All of thekey frameshasedapproacheeepresenavideo
by a smallsetof images.Thus,they losethe motioninfor-
mationof the original video. The proposedalgorithmalso
suffersfrom the samedefect. By the additionaluseof mo-
tion informationof the video, betterindexing andretrieval
techniquescanbe developed,which is our future research

problem.
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