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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 sequence is, 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 is required for performing content-based operations on
MPEG compressed video streams.

1. Introduction
In recentyears,technologyhasreacheda level whereavast
amountof digital information is available at a low price.
Theeaseandlow costof obtainingandstoringdigital infor-
mationaswell asthealmostunlimitedpossibilityto manip-
ulateit makesit apopularmeansof storingdata.Oneof the
key featuresrequiredin a visual informationsystemis effi-
cient indexing to enablemeaningfulandfastclassification
of objectsin avideodatabase.

It is generallyacceptedthatcontentanalysisof videose-
quencesrequiresapreprocessingprocedurethatfirst breaks
up the sequencesinto temporally homogenoussegments
called shots [1],[5],[7],[9], [12]. A shot is a sequenceof
framesgeneratedduringa continuousoperationandthere-
fore representscontinuousaction in time or space. Shots
representtemporal segments of a video with smoothly
changingcontents.Thesesegmentsarecondensedinto one
or a few representativeframes(key frames)[2] [13] to yield
a pictorial summaryof thevideo. Semanticvideoindexing
basedon objectsegmentationis discussedin [8], [14]. Ob-
ject andcameramotioncanalsobeusedfor analyzingand
annotatingvideo [3],[11]. Videoannotationis often facili-
tatedby prior knowledgeof somegeneralstructurefor the
classof videounderstudy. A basketballannotationsystem
is discussedin [11].

Sincemostof thevideostreamsthatmoderndigital stor-
agesystemshave to dealwith areavailable in the MPEG
compressedformat, no content-relatedoperationsarepos-
sibleon thesestreamsdirectly. Theanalysisof compressed
video can proceedin one of the two fundamentalways.
The first is by decompressingthe video bitstreamandus-
ing the individual framesto gatherinformationaboutvari-
ouscharacteristicsof the videosuchascontentor motion,
andextractingindexablefeaturesin thepixel domain.Op-
erationson fully decompressedvideo do not permit rapid
processingbecauseof the datasize. The secondmethod
involves exploiting encodedinformation containedin the
compressedrepresentation.This methodoperatesdirectly
on a small fraction of the compresseddata. Suchgreatly
reduceddata is readily extractedfrom compressedvideo
without full framedecompressionandstill capturesthees-
sentialinformationof thevideo. Theinformationavailable
in compressedrepresentationof video includesthe types
of eachMacroblock(MB), the DiscreteCosineTransform
(DCT) coefficientsof eachMB. andthemotionvectorcom-
ponentsfor the forward,backwardandbidirectionallypre-
dictedMBs.

In this paper, we presenta computationallyefficient
methodfor automaticannotationof video sequences.The
approachmakesuseof the compresseddomainvideodata
andcanbe split into two parts- segmentationand index-
ing. Temporalsegmentationdividesthevideointo shotsor
scenes.Thesegmentationis doneby partially decodingthe
compressedvideo bitstreamto obtain DC sequences.By
comparingthe subsampledframes,a scenechangeis de-
tectedwheresuccessive framesshow a largedifference.In-
dexing is doneby choosingkey framesto representeach
scene.This givesa compactpictorial representationof the
contentsof the video. By comparingthe key framesto a
databaseof annotatedstill images,using standardCBIR
techniques,a textual annotationof the sceneis obtained.
Hence,atextualrepresentationof thecompletevideois now
available.

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



Figure1: Full Imageat 352x 240andits DC imageat 44 x
30.

Sequence.Section3 addressestheproblemof temporalseg-
mentationof thevideo. Section4 dealswith key framese-
lection andgenerationof textual index of the video. The
resultsarepresentedin Section5 followedby conclusionin
Section6.

2. DC Image and DC Sequences
DC imagesarespatiallyreduced(onepixelpermacroblock)
versionsof the original images. The DC image is noth-
ing but a top level representationof an imagein its multi-
resolutionpyramid. Suchspatially reducedimages,once
extracted,arevery usefulfor efficient scenechangedetec-
tion andotherapplications[12]. In this sectionwe briefly
discusshow theDC-imageandtheDC-sequencecanbeef-
ficiently extractedfrom compressedvideos[10].

We focuson MPEG-2 video streams.We restrict our-
selves to using data which can be easily extractedfrom
MPEG bit streamswithout the full frame decompression.
Specifically, weusetheframenumber, frameencodingtype
( ������� or � ), andtheDC coefficient of eachDCT-encoded
pixel block.

The( 	
��� ) pixel of theDC-imageis theaveragevalueof
the  i,j ����� macroblockof theoriginal image.While theDC-
imageismuchsmallerthantheoriginal image,it still retains
significantamountof information. The subsampledvideo
sequenceformedin suchmanneris calledtheDC sequence.
Thisentailssignificantsavingsin computationalandstorage
costs,resultingin a fasterannotation.Fig. 1 illustratesan
original imageof size352x 240andits DC-imageof size
44x 30usingN = 8.

The extractionof DC imagefrom � -framein MPEG is
trivial sincetheDCT coefficientsarereadilyaccessiblefor� -frames.For the � -framesof MPEG,theoriginal imageis
groupedinto 8 x 8 blocks,andtheDC term � (0,0)of its 2-D
DCT is relatedto thepixel values� (i,j) via
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Figure2: Illustrationof how theDC coefficientsfor amacro
block is computedin aP frame.

which is 8 timestheaverageintensityof theblock.
Since� and � -framesarerepresentedby theresidualer-

ror afterpredictionor interpolation,their DCT coefficients
needto beestimated.To calculatetheDCT coefficientsof
a Macroblock (MB) in a � frame or � -frame, the DCT
coefficients of the 8 x 8 areaof the referenceframe that
the currentMB waspredictedfrom needto be calculated.
Supposethis areais calledthe referenceMB (thoughit is
not an actualMB). Sincethe DCT is a linear transform,
the DCT coefficientsof the referenceMB in the reference
framecanbe calculatedfrom the DCT coefficientsof the
four MBs that canoverlap this referenceMB, albeit with
substantialcomputationalexpense.It is easy, however, to
calculatereasonableapproximationsto theDC coefficients
of anMB of a � or a � -frame.Fig. 2 showsanMB in a � -
frame, ,-�/.1032 , beingpredictedfrom a 8 x 8 areadenoted
by ,-�/4#5�6 . While encodingthe � -frame,only theresidual
errorof ,-�/.1032 with respectto ,-�/4#5�6 is stored.TheDC
coefficientsof ,-�74#5�6 canbecalculatedfrom theDCT co-
efficientsof four MBs- ,-�983�*,-�7:;�
,-�/< and ,-�7= . To
avoid expensive computation,the DC coefficient aloneis
approximatedby a weightedsumof theDC coefficientsof
the four MBs, with the weightsbeing the fractionsof the
areasof theseMBs thatoverlapthereferenceMB, i.e,

>@? A,-�74#5B6+�C� =$
�D 81E �BF

>@? �,-� � �
where E � is given by the ratio of the areaof the shaded
region of ,-� � to its total area. Similarly, if an MB in a� -frame is interpolatedfrom two referenceMBs, its DC
coefficient is approximatedby anaverageof the estimated
DC coefficientsof eachof thesetwo MBs.

Thepartialdecodingof a MPEGvideobitstream,using
only the DC term of the DCT, givesa spatiallydecimated
versionof the video. This is calledtheDC sequence.The
framesin a DC sequencearespatiallyreducedby a factor
of 8 in both the dimensions.In our proposedscheme,we
form the DC sequenceof the video by operationsonly on
theluminancechannelwhich leadsto significantsavingsin
computationalandstoragecosts.
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Figure3: Illustrationof Interframedifference
>@GH for a DC

sequenceof the movie for (a) abruptscenechange(q=1),
(b) gradualscenechange(q=10).

3. Temporal Segmentation
To analyzethecontentof a givenvideosequence,we need
to first segmentthesequenceinto individual shots.TheDC
sequencesextractedfrom compressedvideoareusedto per-
form temporalsegmentationof the video. As discussedin
[12], two separatedetectionalgorithmsareusedto detect
abruptandgradualscenechanges,respectively. We further
improve the shotdetectionmethodto handletransmission
disturbances.The methodis basedon pixel level differ-
encesbetweenDC images. Let IJ�LK �)M ' and NO�QP �)M '
betwo DC imagesandlet R��IS��NT� denotetheir difference.
Thedifferencemetricis setaspixel level difference,i.e.

RU)IS�
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3.1 Abrupt Scene Changes

To detectabruptscenechanges,peaksaredetectedin the
plot of the pixel level differencesof successive framesin
a DC sequence.Sincescenechangeis a local activity in
the temporaldomain,a thresholdto detectthe peakis set
to match the local activity. A []\)	^R�	�_a` E 	�_#R+b E is used
to examine c successive frame differences.Let ��d+�*ef�
� �
g�� FDF!F ��h be a sequenceof DC images. A differencese-
quence

> d �iR�A� d �
� dkj 8l� is formed. A scenechangeis
declaredfrom �nm to �3m j 8 if

i.
> m �ocqp+Kr > m)sUt � FDF!F � > m j t � , and

ii.
> m(uwv F >@xm

where
> xm is thenext largestvaluewithin thesamewin-

dow y Y cz�Bc|{ .
Thecondition(i) detectstheactualpeaksandthecondi-

tion (ii) guardsagainstfastpanningor zoomingscenes.The
window size c is setto be smallerthanthe minimum du-
rationbetweentwo consecutive scenechanges.It hasbeen
found that valuesof v rangingfrom 3.0-4.0give goodre-
sults. Fig. 3 (a) shows the plot of interframepixel level
differenceappliedto DC sequenceof anMPEGbitstream.

3.2 Gradual Scene Changes

A robustwayof detectinggradualtransitionis by usingnot
a single frame difference

> d , definedearlier, but the }3���
framedifference

> Gd in the DC sequencewhere
> Gd is de-

finedas > Gd �~RU���d��
��dkj G � F
By selecting} greaterthanthe durationof the transitions,
weget“plateaus”in theplotof

> Gd . Onenow needstodetect
suchplateausin theplot

> Gd . We usethefollowing criteria
to detectaplateau.Wedeclarethestartof aplateauatframee��~\ (i.e, startof a gradualscenechange)if

i. W >
Gm Y > Gm j ' W��o� 8 for �V� � �*g�� FDF ��} and

ii. W >
Gm Y > Gm�s&8 W��o� :

where� 8 is athresholdthatallowssmallvariationsin the
heightof theplateau,� : is a largethreshold(usually � :V�� 8 ) demandsthat the plateaurisesquite steeplywhen the
gradualtransitionstarts,andtheparameter} (asexplained
earlier)definestheminimumdissolve or fadeout duration.
Fig. 3 (b) shows theplot of

>@GH for q=10.Thearrow in Fig.
3 (b) pointsto a “plateau”.

3.3 Scene Changes in Presence of Transmis-
sion Disturbances

LargedifferencesbetweentheDC imagesmaybeencoun-
teredbecauseof the transmissiondisturbances.This may
happendueto burstynetwork congestionwhenanumberof
packetsmaygetdroppedduringthestreamingprocess.We
usethe observation that suchdisturbancesmanifestthem-
selvesastwo sharppeaksquitecloseto eachotherandin-
tersparsedwith fairly large valuesin the differenceplot of
the DC images. The two peakscorrespondto the startof
the burst error andthe resumptionof the quality transmis-
sion,respectively. Ideally theseshouldnotbeconsideredas
scenechanges.We solve this problemby neglectingwhen-
evertherearetwo peaksin thedifferenceplotscloseto each
other. It shouldbe notedthat during the normaltransmis-
sion,therewill beoccasionalpacket dropsbut the increase
in the differencemetric is quite marginal. The conditions
given in section3.1 areableto handlesucha situation. A
schemeas simple as describedabove is found to provide
enoughresilienceto transmissiondisturbances.

3.4 Overall Scene Change Detection

To detectscenechangesin a video, we combineboth the
algorithmsdiscussedearlierto detectbothabruptandgrad-
ual scenechanges.We keepin mind that after any scene
change,a gradualscenechangecannottake placebeforea
particularnumber( _ % where _ % � c ) of frames. Hence
if a scenechangeis declaredat a particularframe,thenwe
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Figure4: Pictorialsummarizationof themovie throughkey frameselectionin eachshot.

look for thegradualscenechange_ % framesaftertheabrupt
scenechange.However, therecouldbeanotherabruptscene
changeandhencethe schemerestrictsthe computationto
searchingonly anabruptscenechangeimmediatelyaftera
detectedshot. We alsoincludethe modificationsuggested
in section3.3to robustlydetecttheshotswhentransmission
disturbancesareexpected.

Eachshot,thusobtained,formsthebasisfor furtheranal-
ysis,thatis, selectionof key frames.

4. Indexing

Theapproachto indexing a video involvesextractinga set
of key framesfor the entirevideoclip, to captureasmuch
of thecontentsof thevideoaspossible,but at thesametime
redundantframesareexcluded. To createa pictorial sum-
maryof thevideo,representativeimageshaveto beselected
from eachshot.Therepresentative framefor eachshotcan
beselectedfrom amongsttheframesin themiddleto avoid
specialeffectssuchasfade-inandfade-outwhich aremore
oftenfoundat thebeginningor endof a shot. This givesa
crudepictorial summaryof thevideosincetheuseof only
oneframepershotis insufficient to capturethe time vary-
ing essentialfeaturesof videosequences.Therefore,there
couldbemultiplekey framesin thesameshot.

We usetheDC histogramcomparisontechnique[4] for
thenonuniform samplingof all framesthatconstituteashot.
Theproposedalgorithmfor key frameselectionis basedon
DC coefficients that are calculatedonly for the Y (lumi-
nance)component.Thisisbecause(1)humanvisualsystem
is moresensitive to Y componentthanto theotherchromi-

nancecomponents,and(2) the MPEG standardstypically
usehigherspatialsamplingfor Y thanthesamefor theother
two components.Thehistogramsof DC coefficientsof the
Y componentof all theI-framesconstitutingashotarecom-
pared.Further, to reducethecomputation,we useonly the
DC-image(thethumbnailimage)for all analyses.Thesim-
ilarity metricusedto comparethehistogramof the 	���� and����� DC imagesis ���	*�A��� metric,definedas:

���	*�A���C�� d
 #�$
d  8 y � � �e�� Y � ' Ae���{

: �+��

where � � �e�� denotesthe e���� histogrambin valueof the
of 	���� DC image.Wedeclarethe 	���� frameto beakey frame
if it is sufficiently differentfrom thepreviouskey frame,i.e.
if

���	
�
�X����uw� (1)

and

��)	&� � ������� � ���	*���X��� (2)

Here � is athresholdthatcontrolsthedensityof temporal
samplingandKF denotesthelastkey framedetectedin the
sequence.Thesecondconditionensuresthatthechosenkey
frameis maximallyapartfrom thepreviousKF comparedto
therestof thecandidateframes.

Thedescribedprocessis appliedto � -framesonly since
two consecutive � -frameshave a larger interframediffer-
encethantwo consecutive � or � -frames.Hence� -frames
arethebestcandidatesto capturethetemporalvariationsin



Table1: TextualSummaryof theMovie Segment“Soundof Music”.

Shot No. Frames Key Frames Key Frame Shot
Annotation Annotation

0500 Snow coveredSlope
1 0500-0725 0560 MountainPeak MountainPeak

0694 MountainPeak
0726 Cliff

2 0726-0949 0787 Cliff Clif f
0834 Cliff
0950 Snow coveredSlope
1185 Cliff

3 0950-1501 1247 Cliff Clif f
1309 Cliff
1394 Cliff
1462 Cliff

4 1502-1748 1502 River River
5 1749-1901 1749 Gorge Gorge
6 1902-2110 1902 Forest

2098 Forest Forest
7 2111-2286 2111 Gorge

2217 Gorge Gorge

a shotasit requiresthe minimal decompression.The first� -framein a videoclip (shot)is alwaysdeclaredasthekey
frame. Thenthe other framesarecomparedto this frame.
Wedeclarethe 	A��� frameto bethenew key frameif it satis-
fiesconditions(1) and(2). Criterion(1) is to ensurethatthe
currentframeis significantlydifferentfrom the previously
declaredkey frame. Criterion(2) is imposedto ensurethat
theframewhichismostdifferentfromthecurrentkey frame
is selectedasthenew key frame.Thesubsequentframesare
thencomparedto thisnew key frame.

It is appropriateto set the thresholdlocally, since the
numberof key framesrequiredto representascenedepends
onthelocalactivity in thescene.Theproposedmethodsets
thethresholdto be � timesthestandarddeviationof theDC
imageof the precedingkey frame. It hasbeenexperimen-
tally foundthatvaluesof � rangingfrom 2.5- 4.5givegood
results.

To obtain the textual annotationof the video eachkey
framefrom everyshotis comparedwith adatabaseof textu-
ally annotatedstill images,usingany standardcontentbased
imageretrieval (CBIR) technique.Any CBIR techniquecan
beused,in principle,andweusetheCBIR methodproposed
in [6]. We form theimagedatabaseby key framinga large
numberof videosequencesandmanuallyannotatingthese
key frames.Now thebestmatchfor agivenkey framefrom
atestvideosequenceis obtained.Thetextual annotationof
thebestmatchimagefrom thedatabasehighlightsthecon-
tent of a key frame andgivesa textual descriptionof the

scene.Thusa sparsebut coherentandtemporallyordered
textualdescriptionof thevideois generated.

5. Results

To test the proposedalgorithm on realistic, compressed
video, we have appliedthe algorithmto a wide variety of
MPEG video testsequences.All video clips aredigitized
at 25 frames/secandat a resolutionof 352x288pixels. All
the imagespresentedin this sectionareconvertedto black
andwhite for the purposeof presentingresultsin the pa-
per. For theperformanceanalysisof theproposedscheme,
thegroundtruth wasobtainedthroughhumanintervention.
Thedatabaseusedfor comparingthekey framesis obtained
by manuallyannotatingeachimagepresentin thedatabase.

Theresultfor theentireschemeof annotatinga videois
presentedfor clip from themovie “Soundof Music” andis
of 5 minutes11 secondsduration. It is mostly aboutthe
panningof a cameraarounda naturalsurroundingbefore
the leadactressentersthescene.We neglect frames0-499
becausethey containcaptions. Fig. 3 shows the plot of
theframedifferencefor theDC sequenceobtainedfrom the
movie clip andFig. 4 depictsthepictorial summaryof the
movie upto the 7th shot due to the brevity of the presen-
tation. The textual summaryof the video sequenceis pre-
sentedin table I. For sceneswhich generatemultiple key
frames,we definetheshotannotationto bethemostoccur-
ring key frameannotation.Thefirst shotis representedby



threekey frames. Out of thesethreekey frames,the first
key frameis annotatedas“Snow coveredSlope” whereas
the remainingtwo key framesareannotatedas“Mountain
Peak”.Thefirst key frameis actuallyanimageof a cloudy
sky, but theCBIR techniqueannotatesit to ”Snow covered
Slope”.Weselecttheshotannotationasthemostoccurring
key frameannotation,i.e. “Mountain Peak”. The second
shotis representedby threekey framesandsinceeachkey
frameis annotatedas“Clif f ”, the sceneannotationis also
“Clif f ”. Thethird shothassix key frames,out of which the
first is annotatedas“Snow CoveredSlope”andtherestare
annotatedas“Clif f ”. Hencetheshotannotationis “Clif f ”.
The next shot is annotatedas“River” sincethe key frame
which representtheshotis annotatedas“River”. Thefifth
shotis depictedby asinglekey framewhich is annotatedas
“Gorge” andtheshotannotationis thesame.Thesixthshot
is annotatedas“Forest”,sinceboth the key framesarean-
notatedas“Forest”. Thelastscenehasonly onekey frame
which is annotatedas“Gorge”.

The efficacy of the proposedalgorithmdependson the
schemeusedfor temporalsegmentation.The schemeim-
plementedfor temporalsegmentationgivesa detectionrate
of 95% andprecisionrateof 92%. The ability of the key
framesto highlightthetemporalvariationsin ashotis,how-
ever, a subjective issue.Theeffectivenessof thekey frame
selectionalgorithmis alsotestedusingthegroundtruthdata
obtainedmanually. It is observedthatfor themovie clip, 18
framesare declaredas key frame candidates;while there
are 2 additional frameswhich could have beendeclared
as possiblekey frame candidates.Hencethe accuracy in
key frameselectionis 90%. It is needlessto mentionthat
quality of textual annotationdependson the effectiveness
of theCBIR algorithmandhow exhaustive is theannotated
database.

6. Conclusions

We presentin this paperthe conceptof video visualiza-
tion in the form of pictorial and textual summarygenera-
tion. Thepictorial summarycreatedby key frameselection
compactlyrepresentsthe original video with considerable
fidelity. Thetemporalprogressof thestory is preservedby
presentingthekey framesin thetimeorder. A techniquehas
beenproposedto createatextualsummaryof thevideo.The
textual andpictorial summarycontribute to semanticvisu-
alizationandsuccinctpresentationof the pictorial content
of video.

All of thekey framesbasedapproachesrepresentavideo
by a smallsetof images.Thus,they losethemotion infor-
mationof the original video. Theproposedalgorithmalso
suffersfrom thesamedefect.By theadditionaluseof mo-
tion informationof thevideo,betterindexing andretrieval
techniquescanbe developed,which is our future research

problem.
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