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ABSTRACT
This paperdescribesanapplicationthatenablesquick reconstruc-
tion of interconnectedevents,sparselycapturedby one or more
surveillancecameras.Unlike relatedefforts,ourapproachdoesnot
requireindexing, advanceknowledgeof potentialsearchcriteria,
nor a solutionto the generalizedobject-recognitionproblem. In-
stead,westrategically pair theintelligenceandskill of ahumanin-
vestigatorwith thespeedand�e xibility of a parallelimagesearch
enginethat exploits local storageandprocessingcapabilitiesdis-
tributedacrosslarge collectionsof video recordingdevices. The
resultis a systemfor fast,interactive, brute-forcevideosearching
which is botheffectiveandhighly scalable.

Categoriesand SubjectDescriptors
H.3.3[Inf ormation Systems]: InformationStorageandRetrieval—
InformationSearch andRetrieval; C.3[Computer SystemsOrga-
nization]: Special-PurposeandApplication-BasedSystems;I.4.9
[Computing Methodologies]: Image Processingand Computer
Vision—Applications

GeneralTerms
Algorithms,HumanFactors,Performance

Keywords
videoretrieval, activestorage,interactivesearch

1. INTRODUCTION
As surveillancecamerasproliferate,the resultingglut of video

posesacripplingdatainterpretationchallenge.Presentapproaches
to surveillancevideoanalysisrely on linearsearchesperformedby
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humanbeingsto interpretandcorrelateobservedactivity between
multiplesources.Thistechniquerapidlybecomesintractableasthe
numberof deployedcamerasincreases.For forensicreconstruction
of events,suchascrime scenes,theseapproacheswill alwaysbe
tooslow to providereal-timeguidanceto investigatorsin arapidly-
developingsituation.

Researchersin a numberof ®eldsarepursuinga varietyof par-
tial solutionsto theaboveproblems;many commercialsurveillance
video recordersutilize extremetemporalanddatacompressionto
reducestoragerequirementsandsearchtime, but in doing so dis-
cardpotentially importantvideo framesfrom the outsetandpro-
vide no alternative to linear humansearch. Sensornetwork ap-
proaches[9,12,13] addressthequestionof adaptingacollectionof
datagatheringnodesor camerasto look for particularpatterns,but
arecontinuousquerysystemswhichdonotarchiveraw sourcedata
(video)nor provide facilitiesfor ex postsearchingexceptasantic-
ipatedby prior queries. Content-basedimageretrieval [2, 5] and
objectdetectiontechniques[18,20] offer a numberof potentially
interestingdomain-speci®cclassi®ersandrecognizers,thoughno
algorithmoffersageneralresolutionto theobjectrecognitionprob-
lem,andmostalgorithmsaretoocomputationallyexpensive to run
on every frameof surveillancevideo (e.g.,the Blobworld [2] im-
agesegmentationalgorithmtakesmore thana minute to process
a singleframeon modernhardware). Imageindexing in general,
whetherindicesarebuilt by machinesor by humans,canoffer fast
responseto queries,but only by increasingthe costof video ac-
quisition andonly whenpotentialquerycriteria canbe identi®ed
in advance.Recentresearchin videosurveillanceandmonitoring
(VSAM) [3,7] addressesonlineimageunderstanding,objectrecog-
nition, andtracking. In this paperwe focusinsteadon searching
raw videodata.Any advancesthataddsemanticinformationto the
videodataasit is capturedarecomplementaryto ourapproach,and
this additionalinformationhasthe potentialto make our searches
moreef®cientandfruitful.

Weproposeanew approachto surveillancevideoanalysiswhich
combinesthe interactive useof a humaninvestigator's skill with
thespeedand�e xibility offeredby theautomated,highly parallel,
brute-forceapplicationof imageprocessingtechniques.Interac-
tion with a humaninvestigatoris essentialbecausefully-automatic
extractionof semanticcontentfrom imagesremainssigni®cantly
inferior to humanperformance,despitedecadesof researchin com-
putervision andimageprocessing.For the foreseeablefuture,the
usershouldbea key componentof any forensicvideoreconstruc-



tion system. Automatic imageprocessingcould bestbe usedto
eliminateclearly irrelevantdata,reducingtheamountof informa-
tion presentedto the user, and utilizing the humaninvestigator's
limited attentionmoreeffectively. Large-scaleparallelism is re-
quired in order to permit quick searchingof a large and grow-
ing numberof camerasandto enablea distributedsearchto exe-
cutecloseto datastoragelocationswhereit will beunhinderedby
WAN/MAN/Wirelessbandwidthlimitations. Finally, brute-force
search (asopposedto indexing) isunavoidablein surveillancevideo
analysisbecausesearchcriteria will generallynot be known until
afteranincidenthasbeenrecorded.We have implementedour ap-
proachin VideoFerret,anapplicationthatleveragesrecentwork in
automated,highly parallel,brute-forceimagesearch[10]. This is
integratedinto a userinterfacethatemphasizes�e xibility , concur-
rency, fastresponsetimes,earlypresentationof partialresults,and
spatialandtemporalvisualizationtechniques.

This paper's novelty lies not in its imageprocessingalgorithms,
nor in any ef®cient schemefor indexing thedata,but ratherin the
ability to performuser-de®nedqueriesonunstructuredsurveillance
dataandto visualizeeventsthroughtime andacrossmultiple cam-
eras. Our approachto the forensicvideo reconstructionproblem
enablesbothhumanandcomputerresourcesto tackleaspectsthat
arebestsuitedto their abilities: theusercanfocuson interpreting
and correlatingsemanticinformation while the computertackles
thetedioustaskof searchandorganizinglargevolumesof raw data.

The remainderof this paperis organizedasfollows. Section2
explainsthe generalusescenariowhich hasmotivatedthe design
of VideoFerret.Section3 castsforensicvideo reconstructionasa
distributedvideosearchproblemanddescribesour approachmore
formally. Section4 describesour forensicvideoreconstructionap-
plication in more detail. Section5 describesthe underlyingim-
plementation. Section6 presentspreliminary results. Section7
concludesthepaper.

2. USAGE SCENARIO
Considerthe following scenario:A maskedgunmancommitsa

violent bankrobberyandescapesin an unknown getaway car be-
fore the police arrive on the scene. The crime was recordedon
the bank's security camerasand nearbypublic areaswere pho-
tographedby numeroussurveillancecameras.The police would
like to understandwhattook placeby analyzingthis data— hope-
fully quickly enoughto predictprobablecurrentlocationsof the
suspect.

Using currentapproaches,all of the datawould be gatheredin
a centralizedlocationandmanuallysearched.Investigatorswould
®rst collectvideofrom cameraswhich mayhave recordedrelevant
material— a processwhich might itself take days— and then
view eachvideo to attemptto manuallyreconstructthe chronol-
ogy of eventssurroundingthecrime. Evenwith acceleratedvideo
playbackthisprocesswill neverbequickenoughto offer real-time
guidanceto policeimmediatelyfollowing acrime.

This paperpresentsa systemthatenablesinvestigatorsto search
surveillancevideo using real-time,interactive, content-basedim-
ageretrieval techniqueswhichexecutein parallelacrossnumerous
active videostoragedevices(eachconnectedto oneor moreasso-
ciatedcameras).This typeof adaptive searchprovidestwo advan-
tages:First, it makesmoreef®cientuseof aninvestigator's timeby
leveragingcomputervision techniquesand highly parallel brute-
forcesearchto eliminateirrelevantdata,enablinga morethorough
investigation in the availabletime. Second,it allows moretimely
accessto relevantportionsof thesurveillancedata,whichcanassist
policein respondingquickly duringunfoldingevents.

Using our application,VideoFerret,the investigator scansthe

video taken at the bank and selectsa few imagesthat show the
maskedrobber. Theseimagesareusedto build aqueryfor thepar-
ticular clothing(color andvisualtexture)worn by thesuspect,and
this query is sentto activestorage devices[1, 11,15] attachedto
surveillancecameras.Eachof thesedevicessearchesits recenthis-
tory of digital imagesandvideofor peoplewhoseclothingmatches
the query. Several respondquickly and the investigator browses
the partial results,rejectingthosethat areunlikely to be the sus-
pect.Oneof thevideosfortuitouslyshows thesuspectgettinginto
anescapevehicle.Theinvestigatoris ableto createa second,con-
currentqueryfor vehiclesof this type. Anothercameraspotsthe
samevehiclerunninga red light several miles away, andthis en-
ablesthe investigator to focusthesearchon a particularneighbor-
hood. Meanwhile,the clothing searchhasreturnedthousandsof
hits in the city. By focusingon the hits in the selectedneighbor-
hood,theinvestigatoris ableto reducethenumberto amanageable
size.Severalof thepeopleappearsimilar to thesuspectin sizeand
build (anevaluationmadeby the investigator, asit is too sophisti-
catedfor thesystem's imageprocessingalgorithms).Someof the
hitsalsomatchthevehiclepro®le,andfurthermanualexamination
shows thatacamerahasspottedthesuspectalightingfrom theget-
away car. Theinvestigatorabortstheextraneoussearchesanduses
VideoFerretto track this individual forward throughtime. Soon,
the investigator feelssuf®ciently con®dentto sendpolicevehicles
to thesuspect'spredictedlocation.

3. DISTRIB UTED VIDEO SEARCH
The forensicvideo reconstructionproblemcan be formulated

asfollows. A large numberof geographically-distributedsensing
nodescollect andstoreimages. Eachsensingnodeconsistsof a
camera,a processorfor executingsearches,persistentstorage,and
a network interface.Theinvestigator is equippedwith a computer
that runsthe VideoFerretapplicationandconnectsto the sensing
nodes(seeFigure1). The queriesposedto the systemcannotbe
speci®eda priori becausethey will dependonspeci®cdetailsrele-
vantto thecrimescene.For example,for onecrimescene,investi-
gatorsmaywish to searchfor a speci®ccar; for another, they may
wish to ®nd peopleloiteringnearanATM.

Traditionalimageretrievalapproachespre-processdataandbuild
indices. This is impracticalfor forensicvideo reconstructionfor
several reasons.First, many algorithmscannotkeeppacewith the
rateatwhichnew datais generated.Second,themajorityof images
will never besearchedbeforethey expire, sotheeffort involvedin
pre-processingthis datais wasted.Third, thehigh dimensionality
of the dataand lack of a priori knowledgeaboutthe query pre-
cludestheuseof many indexing schemes.

To addresstheseissues,we employ brute-forcesearch[10] of
theraw datain conjunctionwith any semanticattributesthatcanbe
computedasthedatais acquired.Brute-forcesearchhasreceived
little attentionbecauseof its perceived impracticality for perfor-
mancereasons.We have built aninfrastructure,Diamond,thatad-
dressesmany performancechallengesassociatedwith brute-force
search. Diamondleveragesthe naturalparallelismof the search
problemby executingapplication-speci®csearchcodeateachstor-
agedevice insteadof processingthedataat a centralizedsite.This
is detailedin Section5.2.

Webelieve thatforensicvideoreconstructionsearchesshouldbe
interactive becausefully-automaticextractionof semanticcontent
from imagesremainsunattainablewith thecurrentstateof theart in
computervision andimageprocessing.For theforeseeablefuture,
the usershouldbe a key componentof any forensicvideo recon-
structionsystem.However, imageprocessingcanbeusedto screen
outclearlyirrelevantdata,reducingtheamountof informationpre-
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Figure 1: System Overview - the investigator executesthe
search on the hostcomputer, which is connectedto a largesetof
activesensornodesover a WAN. Eachsensornodeis connected
to oneor moresurveillancecamerasand is equippedwith local
storageand processing.

sentedto the user, andutilizing the user's limited attentionmore
effectively.

WhileDiamonddramaticallyacceleratesbrute-forcesearch,most
realisticsearcheswill not completewithin secondsdueto thelarge
volumeof data. Sincethe user's attentionis a preciousresource,
wehavedesignedVideoFerretto utilize this resourceaseffectively
aspossible.Someof thesecriteriaaresummarizedbelow.

� Multiple Concurrent Searches:A VideoFerretusercanini-
tiateadditionalsearchesbasedon thepartial resultsfrom an
initial search,andyet continueto pursuethe ®rst searchas
well. For instance,animageof thesuspectmeetingwith ac-
complicescould be usedto de®neadditionalsearchesthat
look for thoseindividualsaswell. This is importantfor three
reasons.First, it allows the investigator to pursuenew in-
quirieswithout losing focuson the currentchainof events.
Second,by startinganadditionalsearchassoonaspossible,
resultscouldbeavailableby thetimetheinvestigatoris ready
to focusattentionon thenew topic. Third, theinvestigatoris
ableto simultaneouslytestmultiple hypothesesby creating
severalconcurrentsearches.

� UsefulPartial Search Results:VideoFerretpresentspartial
searchresultsto theuserasthey becomeavailable.Thispro-
videsseveraladvantages.First, theuseris ableto determine
that a particularqueryis fruitless(e.g.,dueto an excessof
falsepositives)without waiting for all of thedatato bepro-
cessed.Second,the usermay ®nd suf®cient evidencefrom
the partial resultsto suspendthe search(e.g.,the investiga-
tor may®nd a clearimageof thegetaway car's licenseplate
early in thesearch).Third, partial resultscanbeusedasin-
put for additionalsearches.Otherresearchon queriesover
largedatabaseshasalsoarguedfor presentingpartial results
to theuser[8].

� Special-PurposeVisualizations: VideoFerretprovides vi-
sualizationinterfacesto enablethe investigator to organize
searchresultsbothspatiallyandtemporally, to facilitaterea-
soningabouteventsat thecrimescene.For instance,know-

ing that the getaway car left the bank at a particular time
allows the investigator to discardmatchesfor this vehicleat
thesametime from distantlocations.It alsoenablesthe in-
vestigatorto focusonimagestakenby camerasataparticular
location.Whenshowing matches,VideoFerretcanhighlight
theregionsin theimagethatsatisfythesearchcriteria,help-
ing theinvestigatorto understandwhy aparticularimagewas
returnedand®netunethesearch.

� Interacti ve Search Parameter Adjustment: VideoFerret
allows the investigator to interactively adjust searchalgo-
rithm parameters(e.g., distancemetricsand thresholds)to
selecttheappropriatetradeoffs betweenprecisionandrecall.
For instance,for camerasin challenginglighting conditions,
the investigatormaychooseto uselower thresholdsandac-
ceptmany falsepositivesin exchangefor a chanceat catch-
ing a glimpseof thecriminal. VideoFerretalsoprovidesvi-
sualfeedbackto help the investigator explore the impactof
changingparametersonsampleimages.

Thesecriteriaenabletheuserto focusattentiononunderstanding
thesemanticcontentof thevideo,while exploiting thecomputer's
ability to performbrute-forceseachacrosslargecollectionsof data.
The following sectiondescribesthe interfacethat we have imple-
mentedin VideoFerretto addresstheseissues.

4. VIDEOFERRET INTERFACE
This sectiondescribesthe interfacefor VideoFerret,the foren-

sic video reconstructionsearchapplicationthat runson Diamond.
As describedabove, a key requirementin VideoFerret's designis
to maximizetheuseof theinvestigator's attentionspan.Addition-
ally, we have the following requirementsfor our searchapplica-
tion: aninvestigatorshouldbeableto de®nesearchesby providing
sampleimagepatches,VideoFerretshouldprovide a usefulsetof
content-basedsearchalgorithms,and it shouldbe easyto extend
VideoFerretby addingnew imageretrieval algorithms.

Figure2 shows a screenshotof VideoFerret.Theinterfaceis di-
videdinto threeregions.Thecamera displayenablestheinvestiga-
tor to selecta particularcameraandmanuallybrowseits recorded
videostream.Thesearch displayorganizesthecurrentsetof con-
currentsearches.Eachsearchallows the investigator to view the
hitsmatchingtheparticularqueryandorganizetheresultsby cam-
era,time, etc. Themapdisplayhighlights,for eachhit, thecorre-
spondingcameralocation. This helpsthe investigator to visualize
eventsat the crime scene,andtrack themacrossspaceandtime.
The following subsectionsdescribeeachof thesecomponentsin
greaterdetail andhow their designmeetsour applicationrequire-
ments.

4.1 Cameradisplay
The cameradisplayallows the investigator to browserecorded

videofrom oneor moreselectedcameras(seeFigure3). Thedis-
play supportstoggling betweenmultiple cameraviews to provide
differentviewpointsof thesameevent. Theinvestigatorcaneasily
jump to a particulartime, or manuallybrowseforward andback-
ward in time looking for clues. This is particularly valuablefor
caseswhenthe investigator cannoteasilyspecifya querysuitable
for content-basedimageretrieval algorithms. For instance,a sus-
pect may have depositeda stolenitem in a trashcan for his ac-
complice.The investigatorwould like to track thepersonwho re-
trieved the stolenitem. Ideally, one would like to automatically
®nd theimagescontainingthestolenitem. Unfortunately, thismay
bechallengingbecauseof poorcameraresolution,occlusion,or an



Figure 2: VideoFerret Screenshot- This �gur e presentsthe main window of the forensic video reconstruction application. The
camera view (upper left), displays video fr om a selectedcamera. The map view (upper right) shows the physical locations of the
cameraswhere imagesmatching the search criteria were taken. The lower half of the screencontainsa regionfor eachof two active
searchesand displaysindividual imagesthat match eachof the queries.



Figure 3: Camera Display - A screenshotof the VideoFerret
cameradisplay. This display allows the investigator to browse
data capturedby a speci�c camera.

object's nondescriptor deformableappearance.Using thecamera
display, the investigator canmanuallyidentify key frameswhere
“interesting”eventsoccurred.

Onceframescontainingobjectsof interestarefound,theinvesti-
gatorcancreatea new searchusingtheidenti®edobjectsasexam-
plesto thecontent-basedimageretrieval algorithms.For example,
theinvestigatormayhighlight thesuspect'splaidshirtandinitiatea
color histogramsearchto ®nd regionsin otherimageswith similar
colordistributions.

4.2 Search display
Thesearchdisplayenablesthe investigator to manageandview

resultsfrom multipleconcurrentsearches.Eachsearchis allocated
a separateareaof thedisplaywith its own setof controls(seeFig-
ure4.

Searchmanagementallows the userto start or abort a current
search,or to re®nethecurrentsearchcriteria.A searchconsistsof a
booleancombinationof predicatesthatareusedto identify images
of interest.Eachpredicateconsistsof analgorithmandthecon®gu-
rationstatefor thatparticularalgorithm,suchasparametersettings
(e.g.,threshold,window size,distancemetric)andtrainingexem-
plars(e.g.,coloror texturepatches).VideoFerretcurrentlysupports
a varietyof imageretrieval algorithmsbasedon color, textureand
shapefeatures,includingtrainedobjectdetectors(describedin Sec-
tion 5.3.1); it alsosupportsqueriesbasedon non-imagemetadata
suchastime, geographiclocationor camera-id.The investigator
can edit a searchby addingnew predicates,or changingthe pa-
rametersandexemplarsfor existingpredicates.Wheneditingthese
parameters,the investigator can visualizethe effects of thesere-
®nementson a selectedsetof images(seeFigure5). This allows
the investigator to specializethesearchfor thedesiredobject,and
to appropriatelytuneeachpredicate'sprecision/recalltradeoff.

Thesearchdisplayalsoprovidesinterfacesfor organizingresults
from currently-executingsearches.Thesepartialresultscanbedis-
playedusing several views: groupedby camera,sortedby time,
or arrangedby whetherthey have previously beenseen. As re-
sultsaredisplayed,regionsthat matchthe selectedpredicatesare
highlightedin theimage.As theinvestigatorbrowsesimages,false

Figure 4: Search Display - This screenshotshows an active
search. The video frame displayed is one of the images re-
trieved by this search. The various buttons allow the investi-
gator to recon�gurethe search and to control which imagesare
displayed.

Figure5: Re�nement Window - The investigatorusesthis win-
dow to adjust search parameters. Given a sample image, the
investigator can adjust the curr ent search parametersand see
which regionsmatch the adjusted predicate. In this case,the
image region marked with a white rectanglematchesthe cur-
rent search parameters.



Figure6: Map Display - This window showswhereimageshave
been found for the differ ent searches. Each color indicates a
differ ent search. The marked regionscorrespondto the ap-
proximate areaviewedby eachof the matching images/ cam-
era views.

positivescanbe taggedanddiscarded.Similarly, the investigator
canselectregions from theseimagesasadditionalexemplarsfor
predicatesin thecurrentor othersearches.

4.3 Map display
Themapdisplay(seeFigure6) shows wherepotentialmatches

were found in both time andspace. Whenan matchis found in
oneof the active searches,the areaon the mapcorrespondingto
thecamerais marked.Theinvestigatorcancontrolwhich searches
aredisplayedaswell asselectingtime ranges.This allows the in-
vestigator to visualizethetime-based�o w of theobjectof interest
acrossthedifferentcameras.

Theinvestigatorusesthemapdisplayto seewherepotentialhits
are found. Using this map,eventsthat are falsepositivescanbe
eliminatedbasedon additionaldomaininformationknown to the
investigator. For example,knowing that thesuspectleft thecrime
sceneon foot allows the investigator to safelyeliminatepotential
matchesthat®nd thesuspectacrosstown oneminutelater.

5. SYSTEM IMPLEMENT ATION
The forensicvideo reconstructionsystemdescribedin this pa-

per consistsof threemain components:(1) active sensornodes,
which collectandstorevideodatafrom thevideocameras;(2) the
Diamondinfrastructure,which enablesdistributedsearchover the
storeddata;(3) theVideoFerretapplication,whichencapsulatesthe
the content-basedimageretrieval algorithmsand which provides
theuserinterface.Thefollowing sectionsexaminethesethreecom-
ponentsin moredetail.

5.1 ActiveSensorNodes
The active sensornodesconsistof a standardcomputercon-

nectedto oneor morevideo cameras.Thesenodesareequipped
with local storageto archive sensordata.Ratherthansimply stor-
ing theraw imagesfrom eachcamera,VideoFerretemploysMulti-
Fidelity Storage(MFS) [14] to adaptively compressthe incoming
videostreamin anapplication-dependentmanner. This allows the
systemto more effectively utilize the limited storagecapacityat
eachnode. In particular, eachactive sensornode may elect to
drop(or storeat reduced®delity) imagesbasedon anapplication-
speci®cinterestmetrics. For crime-scenedetection,VideoFerret
mayprioritizestoragefor thoseframescontaininghumanfacesand
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Figure 7: Diamond Ar chitecture - The fr ont end encapsulates
the domain-speci�c application codeand the back endprovides
a genericsearch infrastructur e.

traf®c activity. Thesensornodeis network-accessibleandexports
aninterfacethatpermitsremotesearching,asdescribedin thenext
section.

5.2 Diamond
VideoFerretusestheDiamondsystem[10] to ef®cientlyperform

brute-forcesearchacrossthe distributed sensingnodes. The Di-
amondarchitecture(seeFigure7) separatesthe front end, which
encapsulatesdomain-speci®capplicationcode,from theback end,
which consistsof a domain-independentinfrastructure.By sepa-
ratingthesetwo componentswehopeto build searchinfrastructure
thatcanbeusedfor awide rangeof searchapplications.

Diamondusesactivestorage[1,11,15],whereprocessingis cou-
pled with storage,to enableapplication-speci®ccode to be ex-
ecutedlocally on the storeddata. Remoteexecutionallows the
searchto be parallelizedproviding more aggregate computation
power than in a centralizedsearch. Executingsearchcodenear
wherethedatais storedalsoeliminatesthecostof transferringthe
datato a centralizedsite; this is important in the forensicvideo
reconstructionscenario,wherethe differentcamerasmay be con-
nectedoverawide-areanetwork or wirelessinfrastructure.Finally,
ascameras(andcorrespondingactivestoragedevices)areaddedto
a surveillancenetwork, thetotal computingpower availablein the
network increasesappropriately.

A Diamondapplicationrunson thehostcomputerandinteracts
with theuserto formulatea query. Oncea queryhasbeenformu-
lated,theapplicationtranslatesthequeryinto asetof machineexe-
cutabletasks(termeda searchlet) thatthebackendusesto discard
datathatdoesnot matchthesearchcriteria.Thesearchletcontains
thedomain-speci®cknowledgenecessaryto ®lter outhopelessdata
andactsasaproxyof theapplication(andof theuser)thatexecutes
within theactivestoragedevicesateachsensingnode.

A searchletconsistsof a set of �lter s and somecon®guration
state(e.g.,®lter parametersanddependenciesbetween®lters). For
example,asearchletto retrieveportraitsof peoplein darkbusiness
suitsmight containtwo ®lters: a color histogram®lter that ®nds
darkregionsandanobjectdetectorthatlocateshumanfaces.Each
of these®lters can independentlydiscardan image. Imagesthat
passthroughall ®lters in a searchletaredeemedinteresting,and
madeavailableto thedomainapplicationthroughthesearchletAPI.

Diamondis designedfor interactive searchandexploits several
simpli®cationsinherentto the searchdomain. First, searchtasks
only requirereadaccessto data,allowing Diamondto avoid lock-
ingcomplexitiesandto ignoresomesecurityissues.Second,search
taskstypically permit storedimagesto be examinedin any or-
der. This order-independenceoffers several bene®ts:easyparal-
lelization within andacrossstoragedevices,signi®cant�e xibility



in schedulingdatareads,andsimpli®edmigrationof computation
betweentheactive storagedevicesandhostcomputer. Third, most
searchtasksdonot requiremaintainingstatebetweenimages.This
“stateless”propertysupportsef®cientparallelizationandsimpli®es
the run-timemigrationof computationbetweenactive storagede-
viceandhostcomputer.

TheDiamondsystemhandlesmany of thecomplexitiesof adis-
tributed system;communicatingwith multiple devices, optimiz-
ing theorderthe®ltersareevaluated,anddynamicallypartitioning
computationbetweenthehostandstoragedevices.Thisseparation
allows the applicationwriter to focuson algorithmsfor searching
theimages.

The domainapplicationmay performfurther processingon the
interestingimagesto seeif they satisfytheuser's request.Because
suchprocessingcanbecarriedoutcentrally, at theapplicationhost
CPU,this additionalprocessingcanbemoregeneralthanthepro-
cessingperformedat the searchletlevel. For instance,the addi-
tional processingmayincludecross-imagecorrelationsandquery-
ing auxiliary databases.Oncethe domainapplicationdetermines
thatparticularimagematchestheuser's criteria, that imageis dis-
playedto theuser. Whenprocessinga largedataset,it is important
to presentthe userwith resultsassoonasthey appear. Basedon
thesepartial results,the usermay chooseto re®nethe queryand
restartthe search. Query re®nementleadsto the generationof a
new searchlet,which is onceagainexecutedby thebackend.

To increaseinteractiveperformance,Diamondcachestheresults
of each®lter to help answersubsequentqueries. This cachingis
implementedby uniquelyidentifying each®lter andits dependen-
cies (attributesand arguments)without explicit supportfrom the
applicationor the applicationdeveloper. The cacheprovidestwo
primary bene®tsfor improving interactive searchtime. First, the
cachereducesthesearchspaceby quickly eliminatingobjectsthat
will not passa ®lter that hasbeenpreviously executed. Second,
the cachereducesthe amountof computationper objectby stor-
ing previously computedresults(e.g. featureextraction)insteadof
recomputingthemfor eachsearch.

5.3 VideoFerret Implementation
Our forensicvideo reconstructionapplicationis a �e xible, ex-

tensible,applicationthatsupportsavarietyof content-basedimage
retrievalalgorithms,detailedin Section5.3.1.Theprocessfor spec-
ifying a searchis describedin Section5.3.2,andour approachfor
interactive re®nementof searchesis givenin Section5.3.3.

5.3.1 ImageRetrieval Algorithms
VideoFerretcurrentlysupportsregion- andobject-basedimage

searches.All of thesealgorithmslook for regionsthatcontainthe
speci®edfeaturesinsteadof lookingat theimageasawhole.

Color �lters
VideoFerretsupportscolor-basedsearchesusinghistograms[6,

19]. Unlike prior approachesto color-basedimageretrieval [4],
wherea®xedcolor representationwasrequiredfor ef®cient index-
ing, VideoFerretoffers the userthe �e xibility to interactively ad-
just theinternalrepresentation(e.g.,numberof bins,colorspaces),
region-basedsearchparameters(e.g.,thesearchstepsin bothscale
and space)and similarity metrics(e.g., Manhattan,Euclideanor
EarthMover'sDistance[17]). Theeffectof changingtheseparam-
eterscanbeimmediatelyvisualizedin VideoFerret(seeFigure5).
Theusercanspecifytargethistogramsthatmatchthedesiredcon-
ceptby selectingpatchesfrom otherimages,suchasthoseretrieved
in earliersearches.This is a signi®cantimprovementover systems
thatrequiretheuserto selectcolorsfrom a palettebecausethetar-

get histogramcanbe multimodal, representingmultiple colors in
the appropriateproportions(e.g., a plaid shirt). However, since
color histogramscannotmodeltheeffectsof variationsin appear-
ancedueto illumination andviewpoint effects,theusermayneed
to addseveralexamplesof color patchesfor certainconcepts(e.g.,
water).

Texture �lters
VideoFerret's interfacefor region-basedtexture®lters is similar

to thecolor®lter describedabove. Theusercanbuild acustomized
®lter for the desiredvisual texture by providing a few examples.
The frequency contentof the texture patch is representedusing
standardtechniques(e.g.,usinga LaplacianPyramid[6]). As with
thehistograms,theusercaninteractively adjustthesearchparame-
tersandseetheireffectonsomesampleimages.

Of�ine-trained Object Detection
VideoFerretalsoemploys of�ine-trained objectdetectors,such

asfacedetectionalgorithms[16,18,20]. Theseclassi®ersarebest
suitedfor identifyingsemanticcontentthatis notuser-speci®c,be-
causethey typically mustbetrainedon largedatabasesof positive
and negative examplesusing machinelearningalgorithms. One
drawback to thesealgorithmsis that they typically provide users
with little ability to adjust their performance(their trade-off be-
tweenfalse-positive andfalse-negative rateis typically determined
at training time). VideoFerretcanmitigatethis to somedegreeby
supportingmultiple classi®ersfor the sameconcept,eachtrained
for aparticularchoiceof runningtimeandclassi®cationaccuracy.

5.3.2 Specifyinga Search
Whenstartinga new search,the investigator mustmaphis/her

semanticrequestontoavailablealgorithms.This is doneby select-
ing oneor moreof theretrieval algorithmsdescribedin theprevious
section.Onceanalgorithmis identi®ed,the investigatorcreatesa
predicateusingthatalgorithmandsetsits appropriateparameters.
For mostalgorithmstheseincludethresholds,window size,stride,
scale,etc.; settingtheseparameterscan enablethe userto trade
speedfor searchaccuracy.

For an example-basedalgorithm (e.g., color or texture match-
ing), the investigator must provide somesampleimagepatches.
Theinvestigatormayselectsuchexamplesby highlightingrelevant
regionsin thecameradisplayor otherimagesource.

Oncethe userhasde®nedsomepredicates,he/sheconstructsa
searchby combiningthesepredicatesusingbooleanoperators.A
searchreturnsall picturesthat passthesepredicates(e.g., com-
bining a red and blue histogramwill return imagesthat contain
both red andblue regions). Whenthe investigator startsa search,
VideoFerretgeneratesa searchletthat correspondsto the de®ned
searchparametersandpassesit to theDiamondsystem.Diamond
evaluatesthis searchleton eachobject in the datasetandreturns
thoseobjectsthat are �agged by the searchletto VideoFerretfor
displayto theuser.

5.3.3 Search Re�nement
As discussedearlier, a importantfeatureof VideoFerretis the

ability to interactively re®neasearchbasedonpartialresults.While
a VideoFerretsearchis running,matchingimagesarepresentedto
theuserasthey becomeavailable. Theusercanlook at theseim-
agesanddecidewhetherthecurrentqueryis producingthedesired
results. If it is, thentheusercanscanthe resultsuntil thedesired
imagesarelocated.A morelikely scenariois theresultsdonotpre-
ciselymatchwhat theuserhadin mind. In this casetheusermay
re®nethe searchby addingpredicatesor adjustingparameters.A



Search Cameras Avg Time Std.Dev. TransferTime
(secs) (secs)

S1 1 81.70 0.33 291
S1 4 84.87 2.12 1164
S1 8 85.01 3.93 2328
S1 12 84.67 0.33 3492
S2 1 81.74 2.59 291
S2 4 83.85 0.96 1164
S2 8 82.20 0.89 2328
S2 12 83.04 0.51 3492

Table 1: Search times - This table presentsthe average time
neededto search archivedvideoframeson a varying number of
cameras(and correspondingactivestoragedevices).Eachcam-
era stored 1028video frames. We report the averagetime and
standard deviation over 3 runs. Search S1 looked for images
with a speci�c color distrib ution and a human faceand search
S2 looked for two differ ent color distrib utions in the sameim-
age. The last column is estimatedtime to move the data to a
centralizedplaceover a 10Mbpsnetwork.

key to successfulre®nementis providing theuserwith visualfeed-
backonhow any potentialchangeswill affect theresults.

Whentheresultsarereturnedto theuser, VideoFerrethighlights
the regionsof the imagethat matchthe currentquery. This pro-
vides feedbackon why the current imagesmatch. Additionally,
VideoFerretallowstheuserto evaluatedifferentpredicatesonsam-
ple images(returnedresultsor from other sources)and visually
highlight thoseimageregionsthatmatchthecurrentpredicateset-
tings.Theusercanthenre®nethepredicatessothatthesearchcan
includeor omit speci®cimages.

6. PRELIMIN ARY RESULTS
We have performedsomepreliminary experimentsto validate

the feasibility of our approachfor searchingarchivedsurveillance
video. In theseexperimentswe executedsearcheson a varying
numberof camerasto seeif we could searchdatain a reasonable
time frameand to demonstratethat our approachscaleswith the
numberof cameraadded.

To getdatafor theseexperiments,we loggedvideofrom a cam-
era at a rate of 1 frame per second(640x480resolution)for ap-
proximately17minutes(1028frames)andthenreplicatedthisdata
on eachof the cameranodes. In theseexperimentsour camera
nodescontained1.2 GHz Intel R
 PentiumR
 III processorswith
512MB RAM and73GBSCSIdisksandthehostsystemcontained
a3.06GHzIntel R
 PentiumR
 XeonTMprocessor, 2 GB RAM, and
a120GB IDE disk. Thehostandthecameranodeswereconnected
usinga10MbpsEthernet.

Using this testsetupwe executedtwo differentsearcheswhile
varying the numberof camerasinvolved in the search. The ®rst
search(S1) looked for a speci®ccolor distribution and a human
face. The secondsearch(S2) looked for two differentcolor dis-
tributions to occur in the sameimage. We executedeachsearch
over the selectedcamerasandmeasuredthe time requiredto the
searchall the data.1 Table1 reportsthe averagecompletiontime
andstandarddeviationover threerunsof thesearch.

Theseresultsshow thateachsearchtakesaround81–85seconds.
Both searchestake approximatelythesametime becausethey are
1In practicethetimeuntil the®rst resultis deliveredis amoreprac-
tical metricsinceit re�ects theuser's idle time;however, accurately
measuringthis requireslargenumbersof realqueriesanddata.

limited by thetime neededto readthedataoff thedisk andnot by
thecomputation(we expectto improve on this in laterversionsof
Diamond).Wealsoseethataddingmorecamerasto thesearchdoes
notsigni®cantlychangethetimeneededfor eachof thesearches.

In contrast,thelastcolumnof Table1 shows thetime necessary
to transferall the imagesto a centralizedsiteusinga 10Mbpsnet-
work (we assumethedatais compressedbut we do not reducethe
resolution).This time is thelowerboundfor searchingthevideoat
a centralizedsite.As expected,performingthecomputationwhere
the data is storedoffers signi®cantperformanceadvantagesand
thesebene®tsbecomemorepronouncedasthenumberof cameras
increases.

7. CONCLUSION
A lack of goodad hoc video searchtechniquesprecludesreal-

time analysisof historicalandcurrentdatain large-scalesurveil-
lancesystems.Linear humansearchis too slow, and automated
searchis typically inadequatedueto theabsenceof a generalsolu-
tion to theobjectrecognitionproblem.Indexingandattribute-based
approachesfall shortbecausedatavolumesareso high, potential
interestingcharacteristicsso varied,andsearchcriteria cannotbe
known in advance.

We have describedin this papera new approachto surveillance
video analysis: VideoFerretblendshumanstrengthsin choosing
searchstrategieswith highly parallelizedautomatedimagesearch
capabilities.Key to our approachis the useof active storagede-
vicesassociatedwith eachsurveillancecamera.Theseactive stor-
agedevicescanquickly eliminateclearlyirrelevantmaterialduring
a searchandthusreducecommunicationbottlenecksandsimplify
scaling. VideoFerretfurther speedsthe interpretationof results
by including facilities which help an investigator visualizesearch
resultsin temporal,geographic,and imagecontext. VideoFerret
offers a systemfor fast, interactive, brute-forcevideo searching
which is effective, highly scalable,and can permit surveillance
recordsto be useful during a responseto an incident ratherthan
daysor weeksafterthefact.

8. REFERENCES
[1] A. Acharya,M. Uysal,andJ.Saltz.Activedisks:

Programmingmodel,algorithmsandevaluation.In
Proceedingsof ASPLOS, 1998.

[2] C. Carson,S.Belongie,H. Greenspan,andJ.Malik.
Blobworld: Imagesegmentationusing
expectation-maximizationandits applicationto image
querying.IEEETransactionsonPatternAnalysisand
MachineIntelligence, 24(8),2002.

[3] R. Collins,A. Lipton, andT. Kanade.A systemfor video
surveillanceandmonitoring.In Proceedingsof theAmerican
NuclearSociety(ANS)EighthInternationalTopicalMeeting
onRoboticsandRemoteSystems, 1999.

[4] C. Faloutsos,R. Barber, M. Flickner, J.Hafner, W. Niblack,
D. Petkovic, andW. Equitz.Ef®cientandeffectivequerying
by imagecontent.Journalof IntelligentInformationSystems,
3(3/4),1994.

[5] M. Flickner, H. Sawhney, W. Niblack,J.Ashley, Q. Huang,
B. Dom,M. Gorkani,J.Hafner, D. Lee,D. Petkovic,
D. Steele,andP. Yanker. Queryby imageandvideocontent:
theQBIC system.IEEEComputer, 28,1995.

[6] D. ForsythandJ.Ponce.Computervision: a modern
approach. PrenticeHall, 2002.

[7] W. Grimson,C. Stauffer, R. Romano,andL. Lee.Using
adaptive trackingto classifyandmonitoractivities in asite.



In Proceedingsof IEEEComputerVisionandPattern
Recognition, 1998.

[8] J.Hellerstein,R. Avnur, A. Chou,C. Hidber, V. Raman,
T. Roth,andP. Haas.Interactivedataanalysis:The
CONTROL project.IEEEComputer, August1999.

[9] J.Hill, R. Szewczyk,A. Woo,S.Hollar, D. Culler, and
K. Pister. Systemarchitecturedirectionsfor networked
sensors.In Architectural Supportfor Programming
LanguagesandOperatingSystems, pages93–104,2000.

[10] L. Huston,R. Sukthankar, R. Wickremesinghe,
M. Satyanarayanan,G. R. Ganger, E. Riedel,and
A. Ailamaki. Diamond:A storagearchitecturefor early
discardin interactivesearch.In Proceedingsof USENIX
ConferenceonFile andStorageTechnologies(FAST), 2004.

[11] K. Keeton,D. Patterson,andJ.Hellerstein.A casefor
intelligentdisks(IDISKs). SIGMODRecord, 27(3),1998.

[12] R. Min, M. Bhardwaj, S.Cho,A. Sinha,E. Shih,A. Wang,
andA. Chandrakasan.Low-powerwirelesssensornetworks.
In Proceedingsof VLSIDesign, 2001.

[13] S.Nath,A. Deshpande,Y. Ke,P. Gibbons,B. Karp,and
S.Seshan.Irisnet: An architecturefor internet-scalesensing
services.In Proceedingsof ConferenceonVeryLargeData

Bases, 2003.
[14] P. Pillai, Y. Ke,andJ.Campbell.Multi-®delity storage.In

Proceedingsof ACM WorkshoponVisualSurveillanceand
SensorNetworks, 2004.

[15] E. Riedel,G. Gibson,andC. Faloutsos.Activestoragefor
large-scaledataminingandmultimedia.In Proceedingsof
ConferenceonVeryLargeDataBases, August1998.

[16] H. Rowley, S.Baluja,andT. Kanade.Neuralnetwork-based
facedetection.IEEETransactionsonPatternAnalysisand
MachineIntelligence, 20(1),1998.

[17] Y. Rubner, C. Tomasi,andL. J.Guibas.Theearthmover's
distanceasametricfor imageretrieval. International
Journalof ComputerVision, 40(2),2000.

[18] H. SchneidermanandT. Kanade.A statisticalmodelfor 3D
objectdetectionappliedto facesandcars.In Proceedingsof
IEEEComputerVisionandPatternRecognition, 2000.

[19] M. SwainandB. Ballard.Color indexing. International
Journalof ComputerVision, 7, 1991.

[20] P. Viola andM. Jones.Rapidobjectdetectionusinga
boostedcascadeof simplefeatures.In Proceedingsof IEEE
ComputerVisionandPatternRecognition, 2001.


