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Abstract—In this paper, we proposea method for detecting
and preciselysegmentingrepeatedsectionsof broadcaststreams.
This method allows advertisementsto be remaved and replaced
with new ads in redistributed television material. The detection
stagestarts fr om acousticmatchesand validatesthe hypothesized
matchesusing the visual channel. Finally, the precisesegmenta-
tion uses ne-grain acoustic match proles to determine start
and end-points. The approach is both ef cient and robust to
broadcastnoiseand differ encesin broadcastersignals.Our nal
result is nearly perfect, with better than 99% precision, at a
recall rate of 95% for repeatedadvertisements.

I. INTRODUCTION

When television materialis redistrituted by individual re-
guesttheoriginal adwertisementsanberemovedandreplaced
with new ads that are more tightly tamgetedto the viewer.
This adreplacemenincreaseshe valueto bothdistributor and
viewer The new adwertisementsan be fresher by removing
promotionsfor past events (including self-adwertisementof
pastprogrammaterial),and canbe selectvely targeted,based
on the viewer's interestsand preferences.

However, information aboutthe original broadcastidsand
their insertionpointsis rarely available at redistrikution. This
forcesconsideratiorof how to ef ciently andaccuratelydetect
and sggmentadwertising materialout of the television stream.

Most previous approachesave focusedon heuristicsbased
on common differencesbetween adwertising and program
material[1], [2], [3], suchascutrates soundtrackolume,and
surroundingblack frames.However, theseapproacheseldom
work in detecting self-adwertisementof upcoming program
material.

Instead,we comparethe re-purposedsideo to an automat-
ically created,continuouslyupdateddatabaseof adwertising
material. To createthe adwertising databasewe rst detect
repetitionsacross(and within) the monitoredvideo streams.
We use ne-grain sggmentation(Subsection|-C) to nd the
exactendpointfor eachadwertisingsegment.We thenaddthis
adwertisementto the databasenoting the detectedendpoint
to the ad. When processinghe re-purposedrideo to replace
embedded\ertising,we canskip the ne-grain sggmentation
step.Insteadwe cansimply usethe notedadwertisemenend-
points, projectedthroughthe matchingprocesshack onto the
re-purposedvideo. With theseendpointson the re-purposed
videostreamwe canreplacetheembeddeddwertisementvith
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a new adwertisementhatis still timely and that matchesthe
viewersinterests.

In this approach,the two dif cult stepsare (1) creating
a databaseof accuratelysggmentedadwertisementsand (2)
selectingan approachto repetitiondetectionthat is ef cient,
distinctive, andreliable.We createthe adertisingdatabaséy
continuouslymonitoring a large numberof broadcasstreams
and matchingthe streamsagainstthemseles and eachother
in orderto nd repeatedsegmentsof the correctlengthfor ad-
vertisemenmaterial.Sincewe usethe samematchingprocess
in creatingour adwertisementdatabaseas we ultimately will
useon our re-purposedvideo stream,we discussthis shared
matchingtechniquesas part of our descriptionof the creation
of the adwertisementdatabase.

While the basicrepetition-base@pproachto detectingad-
vertising is similar to the generalapproachtaken by Gauch
et al. [4], thereare a numberof importantdistinctions.The
approachtakenby Gauchetal. reliesonvideosignatureonly
for matching.Our approachis basecdprimarily on audiosigna-
tures,with videosignaturesisedonly to remove audiomatches
of coincidentalmimicry. Furthermore Guachet al. startby
segmenting their video stream before detecting repetitions.
This may make the seggmentationprocessmore error prone.
We proceedin the oppositeorder, rst detectingrepetitions
andusingthesesignalsto determinethe temporalextentof the
repeatedsegment. We believe that thesetwo differences(the
matchingfeaturesandthe orderof detectionandsegmentation)
lead to improved performancecomparecdto that reportedby
Guachet al. [4].

For creatingand updatingthe adwertising databaseand for
detectingads in re-purposedfootage, our detectionprocess
mustbeef cient; otherwisethisapproactwill notbe practical
on the volume of datathat is being processedFor remov-
ing and replacing ads in re-purposedfootage, we need an
extremely low false-positie rate; otherwise,we may remove
program(non-ad)material.Finally, our segmentationmustbe
accurateat video-frameratesto avoid visual artifactsaround
the replacedmaterial.

In this paper we proposea methodthat meetsthesecrite-
ria, for detectingand sgmentingadvertisementsrom video
streams.We describethis approachin the next section.We
presentour experimentalresultsfor eachportion of the pro-
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Fig. 1. Overview of the detection,veri cation, and segmentationprocess:(a) Five-secondaudio queriesfrom eachmonitoredbroadcast
streamare ef ciently detectedin otherbroadcasstreamsand at other pointsin the samebroadcasstream),using a highly discriminatve
representation(b) Once detected,the acousticmatch is validated using the visual statistics.(c) A re nement process,using dynamic

programmingpinpointsthe startandendframesof therepeatecgegment.

This processallows the adwertisementatabaseo be continuously

updatedwith new, segmented adwertisemenimaterial. The samematching/alidationprocesqstepsa andb) is usedon the re-purposedideo
footage,with the additionthat the endpointsfor replacingthe adsin the re-purposediideo footagecan be inferred using the segmentation

found wheninsertingthe adwertisemeninto the database.

posedprocessn Sectionlll andconcludewith a discussiorof
the scopeJimitations, andfuture extensionsof this application
areain SectionlV.

Il. PROPOSED METHOD

We use a three-stageapproachto ef ciently localize re-
peatedcontent.First, we detectrepetitionsin the audio track
acrossall monitored streams(Figure 1-a). We then validate
these candidatematchesusing a fast matching processon
very compact visual descriptors(Figure 1-b). Finally, we
nd the starting and ending points of the repeatedsegments
(Figure1-c). Thedetectionstage nds acoustiomatchesacross
all monitored streams.The validation stage only examines
the candidatesfound by the detection stage, making this
processingextremely fast and highly constrained.The last
stagesggmentseachadwertisemenfrom themonitoredstreams
using the ne-grain acousticmatchpro les to determinethe
startingand endingpoints. Thesesegmentedadsare placedin
the adwertising databasdor subsequentisein removing ads
(by matching)from re-purposedootage.

We use an acoustic matching method proposedby Ke
et al. [5] as the starting point for our rst-stage detection
process.We review this methodin Sectionll-A. While the
acoustianatchingis bothef cient androbust,it generate$alse
matchesdueto silenceandreusednusicwithin television pro-
grams.We avoid acceptingtheseincorrectmatchesby using
a computationallyef cient visual checkon the hypothesized
matchesas describedn Sectionll-B. The acceptedmatches
are then extendedand accuratelysegmentedusing dynamic
programmingas describedn Sectionll-C.

A. Audio-RepetitionDetection

Themostdif cult stepin creatinganadwertisementatabase
from monitored broadcastsis determining, accurately and

efciently, what portionsof the monitoredstreamsare adver
tisementsWe includein this setof ads“self-adwertisements”
(e.g., for upcoming programming). These ads for upcom-
ing installmentstypically cannotbe detectedusing standard
heuristics[2], [3] (duration,black frames,cut rate, volume).

This leads us to use repetition detection. When material
in ary monitored video streamis found elsavhere within
the monitoredset, the matchingmaterialis segmentedfrom
the surrounding(non-matching¥ootageandis consideredor
insertion into the adwertisementdatabaseln this way, we
continuouslyupdatethe adwertisingdatabasegnsuringthatwe
will ultimately be able to detecteven highly time-sensitie
adwertisementgrom the re-purposedootage.

In orderto handlethe large amountof datageneratedoy
continuously monitoring multiple broadcasts,our detection
procesanustbe computationallyef cient. To achieve this ef-
ciency, we useacousticmatchingto detectpotentialmatches
and use visual matching only to validate those acoustic
matchesAcoustic matchingis more computationallyef cient
than visual matchingdue to the lower compleity decoders,
lower dataratesand lower compleity discriminatve-feature
Iters. We adaptedthe music-identi cation system,proposed
by Ke et al. [5] to provide theseacousticmatches.

We startwith one of the monitoredbroadcasstreamsand
useit asa sequenceof probesinto the full setof monitored
broadcaststreams(Figure 1-a). We split this probe stream
into short (5-second)non-overlappingsnippets,and attempt
to nd matchingsnippetsin other portions of the monitored
broadcastsBecauseof noisein the signal (both in the audio
and video channels),exact matching does not work, even
within a single broadcastThis problemis exacerbatedvhen
attempting matchesacross the mary monitored broadcast
channels.

To matchseggmentsin broadcastswe startwith the music-



identi cation system proposedby Ke et al. [5]. This sys-
tem computesa spectrogramon 33 logarithmically-spaced
frequeng bands,using 0.372-secondlice windows at 11.6-
ms increments.The spectrograms then ltered to compute
32 simple rst- and second-orderdifferencesat different
scalesacrosstime and frequeng. This Itering is calculated
efciently usingtheintegralimagetechniquesuggestetby [6].
The lter outputsare eachthresholdedso that only one bit
is retainedfrom each lter at each11.6-mstime step.Ke et
al. [5] useda powerful machinelearning technique,called
boosting to selectthese Iters and thresholdsthat provide
the 32-bit descriptions.During the training phase,boosting
usesthe positive (distortedbut matching)and negative (not-
matching)labeledpairsto selectthe combinationof Iters and
thresholdghatjointly createa highly discriminative yet noise-
robuststatistic.Theinterestedeadelis referredto Ke etal. [5]
for more details.

To use this for efcient adwertisementdetection,we de-
composethesesequence®f 32-bit identifying statisticsinto
non-overlapping 5-second-longquery snippets.Our snippet
length is empirically selectedto be long enoughto avoid
excessve falsematching,as may be found from coincidental
mimicry within shorttime windows. The snippetlengthis also
chosento be shortenoughto be lessthan - of the shortest-
expectedadwertising segment. This allows us to query using
non-overlapping snippetsand still be assuredthat at least
one snippetwill lie completelywith the boundariesof each
broadcast-strearadwertisement.

Within each5-secondquery we separatelyuse each 32-
bit descriptorfrom the “current” monitoredstreamto identify
“offset candidates”in other streamsor in other portions of
the samestream.The offset candidatesdescribethe similar
portions of the current and matching streamsusing (1) the
startingtime of the currentquery snippet,(2) the time offset
from the start of the current query snippetto the start of
the matchedportion of the other stream,and (3) the time
offsetfrom thosestartingtimesto the current32-bit descriptor
time. We then combineself-consistenbffset candidateqthat
is, candidateghat sharethe samequery snippet(item 1) and
that differ only slightly in matchingoffset (item 2)) using a
Markov model of match-mismatchransitions[5]. The nal
resultis a list of audio matchesbetweeneachquery snippet
andthe remainderof the monitoredbroadcasts.

Althoughthis approactprovidesaccuratenatchingof audio
segments, similar sounding music often occursin different
programs(e.g., the suspensenusicduring “Harry Potter”and
somesoapoperas)resultingin spuriousmatchesAdditionally,
silence periods (betweensegmentsor within a suspenseful
scene)often provide incorrect matches.The visual channel
providesan easymethodto eliminatethesespuriousmatches,
asdescribedn Sectionll-B.

B. Visual \eri cation of Audio Matches

Television containsbroadcassegmentsthat are not locally
distinguishableusing only audio. Theseinclude thememusic
segments, stock music sggments(usedto set the emotional

toneatlow cost),andsilenceperiods(bothwithin suspenseful
segmentsof a programand betweensegments).

We usea simple procedureto verify that segmentswhich
contain matchingaudio tracks are also visually similar. Al-
thoughthereare mary ways of determiningvisual similarity,
the requirementdor our task are signi cantly reducedfrom
the task of generalvisual matching.We are only looking for
exact(to within systematidransmitterandrecever distortions)
matchesFurthermore the audio matchingalready nds only
matchesthat are acoustically similar (again, to within sys-
tematic transmitterand recever distortions). Since an audio
matchhasalreadybeenmade the hypothesizednatchis likely
to be one of two cases:(1) different broadcastof the same
video clip or (2) “stock'-backgroundmusic that is usedin a
variety of scenariosin the latter case,the casethat we need
to eliminate,we obsenedlittle evidencethatthe visual signal
associatedvith the samebackgroundsoundswill be similar.
For example,Figure 2 shavs a sequencehat matchedin the
audiotrack, but containedvery differentvisual signals.

Given this simplied task, the visual matching can be
easily implemented not requiring the complexity (and asso-
ciated computation)of more sophisticatedimage matching
techniques[7]. Each frame in the two candidatesequences
is reducedto a 24-bit RGB image. The only pre-
processingof the imagesis subtraction,from each color
band, of the overall mean of the band;this helps eliminate
intensity and other systematidransmitter/receier distortions.
We usethe -norm distancemetric on thesereducedvisual
representations.

We examinedthe veri cation performanceusing four al-
ternative methodsfor keyframe-sequenceatching:with and
without replacementand with and without strict temporal
ordering. Matching with replacementllows for a larger de-
gree of audio-visualdesynchronizatiorwithin the potential
matchesMatchingwithouttemporalconstraintss morerobust
to partial matcheswhere somenumberof keyframesdo not
have a good visual match.Theseresultsare givenin the next
section.

We found that samplingthe visual match3 timesa second
taken from the middle 80% of the detectedmatchwas suf-
cient for this visual veri cation of the acousticmatch.Using
only the center80% of the matchhelpsreducethe sensitvity
to partial matches,where the candidatematch straddledthe
segment boundary Temporal subsamplingto only 3 frames
per secondallows us to reducethe temporalresolution(and
thereforesize) of that visual databaseln the visual statistics
databasewe only includethe signaturedatafrom every tenth
frame. When testing a match hypothesisthat was generated
from the acousticswe then pull out the framesfrom the to-
be-sgmentedstreamthat, usingthe matchoffset, will line up
with thoseframetimesin the databasestreams.

C. Sgmentrecovery

Those matchesthat passboth acousticand visual consis-
tengy checksare hypothesizedas being parts of adwertise-
ments.However, therestill are two limitations in our snippet



a. match between different programs with similar music

b. match different positions within a single program

Fig. 2: Two sequenceshat matchedacousticallybut not visually. Theseincorrectmatchesare removed by the visual veri cation.

matches:(1) the individual matchesmay over-segment an
adwertisemensequencand(2) the matchboundariesvill only
coarselylocatethe adwertisemenboundary

We correctbothof theseshortcomingsy endpointdetection
on the temporalpro les createdby combiningthe ne-grain
acoustiomatchcon dencesacrossall matchingpairs.For each
5-secondsnippet from the current probe video, we collect
a list of all the times/channeld¢o which it matched,both
acousticallyand visually. We force this multi-way matchto
sharethe samestart and end temporal extent, as measured
from the centerof the snippetandits matchesA singlepro le
of ne-grain matchscoredor thefull list is createddy, at each
11-msframe, using the minimum matchsimilarity generated
by the match pairs within the current list. This typically
increaseshe accurag of seggmentationwhen the transitions
to or from the ad aresilentor arethememusic. Theincreased
accurag is seenwheneer the monitoredfootage has some
other occurrenceof the samead with a differentsurrounding
context.

We use forced Viterbi [8] starting from the centerof the
shippetmatchandrunningforwardin timeto nd theendpoint
of the ad sggment.We useit startingfrom the centerof the
snippetmatchandrunning backward in timeto nd the start
point of the segment.In eachcase,we use a two-state rst-
orderMarkov modeland nd the start/endpointby nding the
optimal transition point from “matching” to “not matching”,
given the minimum-similarity pro le. The Viterbi decoderis
allowed to run for 120 secondsforward (or backward) in
time from the match center At eachtime step, the decoder
trackstwo probabilitiesandone“decodingvariable”. The rst
probability is that the pro le from the centerpoint to that
time stepmatchesThe secondis the probability of the most-
likely path from matding to not matcing, assumingthat the
currenttime stepdoesnot match.The decodingvariablegives
the maximum-likelihood transition point under this second
scenario.

By running the Viterbi decoderforward (or backward) for
120secondsstartingfrom thematchcertaintyat the centerwe
canexaminethe relative probabilitiesof the matchstill being
valid or invalid, after 120 secondslf the full matchpro le
(from the detectedstartingpoint to the detectedendingpoint)
extendsfor 2 minutesor more, it is most likely a repeated
program.Sincewe areunlikely to be matchingadwertisements

over such a long period, we can safely remove that over
long matchfrom considerationOtherwise we usethelocation
indicatedby the decodingvariableas our transitionpoint and
are assuredof using the optimal end (start) point for our
segments. Finally, if the duration given by combining the
optimal startandend pointsis too short(lessthan8 seconds),
we alsodiscardedhe matchlist asbeingsimplecoincidences.

I1l. EXPERIMENTAL RESULTS AND DISCUSSION

In this section,we provide a quantitatve evaluationof our
adwertisementidenti cation system.For the resultsreported
in this section,we ran a seriesof experimentsusing 4 days
of video footage.The footagewas capturedfrom three days
of onebroadcasstationand one day from a differentstation.
We jack-knifedthis data:whene&er we useda queryto probe
the databasewe removedthe minutethat containedhatquery
audiofrom considerationln this way, we were ableto test4
daysof queriesagainst4 days(minusone minute) of data.

We handlabeledthe 4 daysof video, markingthe repeated
material. This included most adwertisementg(1348 minutes
worth), but omittedthe 12.5%o0f the adwertisementshat were
airedonly onceduringthis four-day sample In additionto this
repeatechdwertisemenmaterial,our video included487 min-
utesof repeategrogramssuchasrepeatechens programsor
repeatedsggmentswithin a program(e.g., repeatedshavings
of the samefootageon a home-videorating program).

For the results reported in SubsectionsllI-A (acoustic
matching) and IlI-B (visual veri cation), the performance
statisticsare for the detectingary type of repeatedmaterial,
both adertising and main programming: missed matches
betweenrepeatednain-progranmaterialare countedasfalse
negatives and correct matcheson theseregions are counted
as true positives. For the resultsreportedin Subsectionlll-
C (segmentrecovery), the performancestatisticsare for de-
tecting repeatedadertising materialonly: for this nal step,
ary program-materiamatcheshat remainafter the sgment-
recovery processare countedasfalsepositives.

A. Acoustic-Matbing Results

Our results on our acoustic matching step, using non-
overlapping5-secondqueriesis shavn in the top row of Ta-
ble!. Sinceno effort wasmadeto “pre-align” the querybound-
arieswith contentboundariesabout - of the queriesstrad-
dled match-sgment boundaries.For these straddle-queries,



TABLE I: Resultsfrom eachstageof our adwertisementdetection.Only the performancelisted as our nal resultshave a visible effect
on the re-purposedvideo stream.However, the quality of the acoustic-matchingind visual-\eri cation resultshave a direct effect on the
computationalef ciency of the nal system.For example,if the acoustic-matchingtagegeneratesnary false matches(that are removed
by one of the later stages)the computationaload for the visual veri cation stagegoesup.

Stage and detectiontarget False-positie rate  False-ngative rate  Precision Recall
Acoustic-mateing stage all repeatedmaterial 6.4% 6.3% 87% 94%
After visual veri cation all repeatedmaterial 3.7-3.9% 6.6—6.8% 92% 93%
Final results,after ne-grain segmentation repeatedadvertisingonly 0.1% 5.4% 99% 95%
False-positie rate = FP/(TN+FP).False-ngative rate = FN/(TP+FN).Precision= TP/(TP+FP).Recall= TN/(TP+FN).
we countedeach match or missing match as being correct associatedfalse-positie rates were all within -  of one

or not basedon what type of contentthe majority of the
query covered. That is, if the query contained3 secondsof
repeatedmaterial and 2 secondsof non-repeatedmaterial,
thenthe groundtruth for that query was “repeated”and vice
versa.As shown in Tablel, our precision(the fraction correct
from the materialdetectedas repeating)s 87% andthe recall
(the fraction correctfrom the material actually repeating)is
94%, even with thesedif cult boundary-straddlingnippets.
Many of the false positives and false negatives (27% and
42%,respectiely) wereon theseboundarycasesThesefalse-
positive andfalse-ngative ratesare60%and150%higherthan
seenon the non-boundarysnippetsrespectiely.

On the non-boundargcasesmostof thefalsepositveswere
dueto silenceswithin the television audio stream.Somefalse
positives were also seenon segmentsthat had stock music
without voice overs that were used in different television
programs.On the non-boundarycases,the false negatives
seemedto be due to differencesin volume normalization.
Thesewere seennear(but not straddling)segmentboundaries
when the programmaterialjust before or after the matchon
the two streamswere setto radically differentsoundlevels.

B. Visual-\&ri cation Results

As can be seenin Table |, the performanceof our vi-
sual veri cation stepwas nearly identical under all four of
the sequence-matchingpproachegwith or without temporal
ordering and with or without replacement)in all casesthe
false-positie ratedroppedto betweer3.7%and3.9% andthe
false-ngative rate rose slightly to between6.6% and 6.8%,
giving a precisionof 92% and a recall of 93%. This is a
relative improvementin the precisionof 40%, associateavith
a relative degradationin recall rate of 10%.

As mentionedabove, the different matching metrics did
not provide signi cant differencesin performanceAll four
metricscorrectly excludedincorrectmatcheshat were across
unrelated program material, such as shovn in Figure 2-a.
The two metrics with temporal constraintsperformedbetter
on sggmentsthat were from different times within the same
program suchasmight occurduringthe beginningandending
creditsof a news program(Figure 2-b) but were more prone
to incorrectlydiscardingmatcheshatincludedsmall amounts
of unrelatedmaterial,suchas occursat ad/ador ad/program
boundariesWhenthresholdsvereselectedo give equalrecall
ratesacrossthe differencesequence-matchingpproacheghe

another

Due to the nearly equal performance,we selectedour
sequence-matchirtgchniqueaccordingo computationaload.
Matching with temporalconstraintsand without replacement
takes the leastcomputation,since thereis only one possible
mapping from one sequenceo the other All of the other
criteria require comparisonof alternatie pairings acrossthe
two sequences.

C. SgmentRecwery

We usedthe approachdescribedn Sectionll-C to recover
adertising segments. Since we discard match pro les that
are longer than 120 secondswe collected our performance
statisticson the ad repetitionsonly: the repetitionsassociated
programrerunswere all long enoughthat we discardedhem
usingthis test.

As can be seenfrom Table |, all performancemeasures
improvedwith ne-grain segmentationThe false-positre rate
fell by 97%, relative to that seenafter that visual-veri cation
stage.At the sametime, the false-ngative rate fell, relative
to that seenafter that visual-veri cation stage,by 20%. The
correspondingmprovementdn precisionandrecallwere98%
and 32%, relative to those seenafter the visual-veri cation
stage.The improvementin the precisionwas due to the use
of the minimum similarity pro les to determinerepetition.
The improvementin the recall rate was due to the match
pro le from neighboringmatchescorrectly extending across
previously-missedmatcheson straddled segment (ad/ad or
ad/program)doundariesNote that this improvementrecovers
the loss in recall introducedby the visual-veri cation stage
andevenimprovestherecallto betterthanseenon the original
acoustic-matchingesults.

Our resultsimprove signi cantly on thosereportedprevi-
ously For commercial-detectionHua et al. [1] report their
precisionandrecall as 92% on a 10 --hour databaseGauch
et al. [4] reports combinedprecisionand recall, . The
formula suggestedy Gauchet al. [4] is —— where and

are precisionand recall. For this metric, for commercial
detection,Gauchreports on a 72-hour databasé.
For a similar combinationof precisionandrecall, we achiee
aquality metricof 97%on a 96-hourdatabaseBy this metric,
our resultsprovides a relative improvementof 40-62% even

1Since Hua et al. [1] report equal precision-recallresults of 92%, their



detected start of adin all 3 segments TL

Fig. 3: Sggmentatiorresultfor the startof an adwertisementicross3 broadcasstreamsEachrow shavs the framesfrom a differentbroadcast
stream.The gure shaws full video-ratetime resolution(all video framesare shawn). The detectedendpointwas indicatedusing Viterbi
decodingof the optimal transitionpoint, given a temporalpro le of the minimum matchsimilarity on eachl11-secondaudioframe period.
Note the frameaccurag of ad-boundarydetection Also notethatthe transitiondoesnot alwaysincludea black frame,makingthatcommon

heuristiclessreliablein detectionof adwertising boundaries.

on a databasehat is larger than the previously reportedtest
sets.

Our detectedsegment boundariesare also very accurate.
Figure 3 shavs an example of our segmentationresults,on
a set of aligned repetitionsof an ad. The use of minimum
similarity measuresllows the correcttransition point to be
detected,even when the previous seggmentsare faded down
before the start of the new seggment. When we replayedthe
video with the advertising sgments removed, we sav no
ashes or visual glitches. There was the perceptionof an
acousticpops,probablydueto the cut-inducedsuddenchange
in the backgroundlevels. Theseacousticartifacts could be
avoided by crossfading insteadof splicing the audio across
the ad removals.

IV. CONCLUSIONS AND FUTURE WORK

We have presentechn approachto detectingand segment-
ing adwertisementsin re-purposedvideo material, allowing
fresher or speci cally tamgeted ads to be put in the place
of the original material. The approachthat we have taken
was selectedfor computationalef ciency and accurag. The
acousticmatchingprocesscan use hashtableskeyed on the

frame descriptorsto provide the initial offset hypotheses.

Only after thesehypothesesre collectedis the overheadof
the visual decompressiorand matchingincurred. Since the
acousticmatchingprovidesstrongsupportfor a speci ¢ match
offset, the visual matching does not needto be tuned for
discriminatingbetweenneighboringframes(which is dif cult

due to temporal continuity in the video). Insteadthe visual
matchingneedonly testfor clear mismatchessuchas occur
when stock musicis reused.

Oncetheoriginal adwertisementsirelocated(andremoved),
new (potentially targeted) ads can be put into their place,
making the adwertisementsnoreinterestingto the viewer and
more valuable to the adwertiser By using the original ad
locationsfor the new ads,we avoid insertingadsat arbitrary
locationsin the programcontent.This ability to remove stale

adsandreplacethemwith tamgeted,new adsmay be a crucial
step in ensuringthe economic viability of alternatve TV-
contentdistribution models.

There are numerouspossibilitiesfor extending this work.
Foremosits usingthisin conjunctionwith afull adwertisement-
replacemensystem,and determiningnot only the technical
limitations whenemployed on a large scale,but alsoend-user
satishction.Secondlydeploymentonalargescaleallows usto
build a databaseof adwertisementfrom which we can build
more intelligent classi ers, for example to determinebroad
interest/topic-catgories, that may help us determinewhich
new adwertisementsto insert. Repeated-occurrencgtatistics
will also give the ability to autonomouslymonitor and an-
alyze adwertiser trends, including spendand breadth,across
broadcasthannelsand geographies.
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