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1 Introduction

Mediacaptureby a person,n particularphotographidmagecapturejs abursty (i.e. interarrival timesarevery far
from themean)statisticalprocessTypically, apersonwill notcapturemediafor long periodsof time andthencapture
alot of mediain arelatively shortperiodof time. Theseburstsof captureactionstypically correspondo interesting
eventsor sceneghathe or shewishesto record,suchasparties birthdays,holidays,etc. Givena large collectionof
digital photograph®r mediaobjectscapturedor recordedby onepersonwith timestampdut little othermetadatait
is naturalto seeka methodfor temporakegmentatiorthatmapswell to theeventsthe personis lik ely to rememberWe
describesomeanalysisandmodelingof real capture-gentstreamsanddescribeanalgorithmfor clusteringconsumer
capturedmediainto events. We generalizehe list of timestampsasa capture-gentstreamto allow othermetadata
thantimestampgo be amenabléo the methodology

1.1 Data sets

We usedthepersonaphotograpttollectionsof five peopleto generat®urdata. Tablel liststhephotograpltollections
we used.The codenamewill be usedto referto them. Thefirst two characterslenotetheinitials of the owner. Note
that as far as possible,we tried to use photosbelongingto one persons collection, or their immediatefamily’s,
that were capturedby themor theirimmediatefamily. We avoided photosin their collectionthat were capturedby
temporaryvisitors or sharedby others. This wasso thatwe modelthe true mediacapturebehaior of one personor
family. In practice mostphotosin afamily areprobablytakenby a singledesignategbhotographer

Tablel: Photograpltollectionsusedasdatasets

Codename Numberof Images| TemporalExtent | Comments
1 | PO-meercat 814 3years
2 | PO-SanDigoMay2003 314 6 days No overlapwith PO-meercat
3 | UG-ull 1255 3 years3 months
4 | UG-nik 430 15months subsebf UG-full
5 | TZ-Iris 589 10months
6 | TZ-ChinaMsit 114 16days no overlapwith TZ-Iris
7 | MP-USMsit 361 36days
8|YD 649 2 years3 months




2 Modeding

We seekmathematicainodelsfor our data:a sequencef eventswith timestampdbut no valueattributes. Time-series
analysisis inapplicablebecauseof the lack of valuesat eachdatapoint,unlessone assignsa binary valueto each
time unit, dependingon whethera photographs taken or not, which seemgatherarbitrary We follow the approach
taken in the modelingof network paclet traffic data, specificallythe arrival times of TCP/IP pacletsat a network
router[CS0Q.

2.1 Poisson model

The Poissondistribution is often usedto modelprocessesuchasnetwork paclketsarriving at a routeror customers
arriving at a servicenode. If A(t) is a countingprocessepresentinghe numberof arrivals (events)from time 0 to
time ¢, arrivalsin disjointtime intervalsareindependenthen[BG92) :
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P{A(t+71)— A(t) = n} = e
Themeanof thedistributionis X\. Thevarianceis also\.

However thisis not a goodfit for photographicaptureby a singlepersonbecausehe consecutre captureeventsare
probablynot independent.Taking a photograplincreasedhe probability thata secondonewill be taken. This was
corroboratedy attemptinga Poissorfit to two datasets,UG-nik andPO-meercatFor thefirst, quantizingtime into
units of weeks,days,hoursand minutesandthenfitting a Poissonmodelusingthe Matlab poi ssfit () function
yieldedthemeansandvariancedistedin table2.

Table2: Poissorfit to dataset)JG-nik

Time Unit | Lambda| SampleMean | SampleVariance
Week 6.82 6.82 148.24
Day 0.6873 0.6873 9.56
Hour 0.0406 0.0406 0.2018
Minute 0.0006 0.0006 0.0012

Figure 1 shovs a randomPoissonsequencavith a A of 0.68 parameteusingthe Matlab poi ssrnd() function)

andthe actualevent countsfor the day resolution. Comparingthesetwo figureswe seethe differencein variances.
Numerically the datahasa varianceof 9.56,an orderof magnituddargerthanthe Poissormodel. Clearly a Poisson
processs not bursty enoughto modelour data.

2.2 Fractal nature of photographic capture process

ConsiderFigure2. This shavs the capture-gentstreamfor the PO-meercatlatasewith threedifferenttime quanti-
zations,day, hourandminuterespectrely. They arequite similarin appearancatthe differentscales.This suggests
thatperhapghe captureprocesss fractal.

We usethebox-countingmethod[PJS920 estimateractaldimension.We changehetime unit throughweeks days,
hoursandminutesandcounthow mary time binsareoccupied.We arbitrarily assigna scalevalueof s=1to theweek
time scale.Thescaledor theothersarethen1/7,1/168and1/10080.We plot log (count)vs. log (1/s). Figure3 shavs
the plots. They arequite linear We fit a line to the plots andthe slopesof thelines arethe respectie box-counting
fractaldimensionsTable3 lists the computedbox-countingractaldimensiondor all thedatasets.
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Figure2: Capture-gentarrival plotsatdifferenttime scalequnit = day, hour, minute)for the PO-meercatlataset

The valuesof the fractal dimensionfor the capture-gentstreamsareall well belov 1. This makessensedor bursty
processesyhereincreasinghe numberof binswill notlinearlyincreasehenumberof occupiedbins. It is interesting
to notethatthefractaldimensionof a persons mediacapturebehaior is relatively constanbver differentcollections.
For example,the TZ-Iris and TZ-ChinaMsit datasetsre completelydistinctandhave very differenttime scalesput
havevery similarfractaldimensionsThis leadsto a conjecturghatthefractaldimensionof themediacaptureprocess
is characteristiof a person.We digressbriefly to discussawvhy this mightbe so.

In the literature,achiezement(or motivation) theory and rational decisiontheory are usedto model humanchoice
of alternatve actions. The classicformula hereis Atkinson and Feathers qualificationof Lewin et al and Herbert
Simon’s earlierwork on rationalchoice[Stro8 AF66)]:

T, = M,P,I, + MfPfIf

T. is theresultantendeng, the utility or subjectve valenceassignedo a particularbehaioral alternatve. It is split
into partsfor succesandfailure. M is the personalmotive strengthof the person P the probability of thatoutcome
andl is theincentie strengthof thetaskitself [Str9§. In the consumemediacapturecontext, I correspondso the
personapsychologicaheedo recordeventsby capturingmedia.Onecanfurtherbreakthisdowninto I, theincentive
to take thecameraalong, Iz, theincentive to take the camereoff the shoulderor out of thecaseandl, theincentiveto
raisethe cameraandturnit onin anticipationof capturingmedia(the failure counterparteorrespondo disincentves
suchasthe weight and hassleof carryingthe camerathe lossof participationin the eventinvolvedin capturingit,



etc.). P, is the probability that somethingof interesthappengesultingin the shutterbutton beingdepressedIf the
I valuesare constantfor a personthenthe fractal dimensionof their capturebehaior may be derivablefrom these
values. For example,peoplewith very bursty capturebehaiors may have low I, andI; but high I,,. This equation
needso be modifiedto includethe pasthistory of captureactionsto fully modelcapturebehavior.

Table3: Box-countsandfractaldimensiondor datasets

Boxcount Fractal
Dataset Week | Day | Hour | Minute | Dimension
PO-meercat 11 33 | 135 505 0.4106
PO-SanDigoMay2003| 4 11 54 168 0.4071
UG-full 99 | 169 | 260 683 0.2016
UG-nik 37 80 | 137 308 0.2186
TZ-Iris 16 31 | 102 397 0.3505
TZ-ChinaMsit 3 7 20 83 0.3549
MP-USMsit 3 8 46 243 0.4806
YD 27 51 | 169 546 0.3296

2.3 What isthe natural scale of a sequence?

Given our desirenot just to modelthe captureprocessbut to write an algorithmto allow automaticclusteringand
organization(seesection3), we would like to to be ableto characterizea particularsequencer sub-sequencas
occurringat its naturalor characteristicscale. For example,if we know (somehav) that a particular sequencef

capturesvastakenatthe “day” scale thenthis informationcould be usedto tunethe clusteringalgorithmor choose
thescaleatwhichit is applied.

The questionof whatthe naturalscaleof a sequencés, is relatedto the questionof how mary clustersthatsequence
shouldbe segmentednto. In the latter casethe Facility Locationproblem? or a statisticalmethodsuchTibshirani
et al [RTHOQ] which proposesa methodfor estimatingthe numberof clustersin a datasetcanbe used. The latter
methodhasthe advantageof working with any clusteringtechniqueandnotrequiringthe definitionof clustercenters.
The authorsremarkthattheir simulationstudiessuggesthat their gapestimateis goodat identifying well separated
clustersput notsoif the datais notwell separated.

Thisappearso beanopenresearchproblemin generalandfor our particulardomain,leadsto thefollowing question.

I sa multi-resolution hierarchy needed?

Whenpeoplerememberevents,it is likely thatthey do usea very shortmulti-resolutionschemethe yearof occur
renceperhapdollowed by the event. In the absencef ary psychologicaldatathat we are aware of to supportthis
statementywe merely conjecturethat, althoughattractve to software designersa multi-level multi-resolutionorga-
nization schemels not necessaryor personalmediaorganization.i.e. A division into yearsfollowed directly by
the event-clusteris an organizationthat mostpeoplewill find useful. We note herethat the algorithmdescribedn
later sectionsdoesnot explicitly clusterat a particulartime scale,but allows 3 separatdevels of clustering,roughly
designedor “many yearsworth”, “a few monthsworth” and“a few daysworth” of photographsAs notedin earlier
work [GDTO03] personaldigital mediacollectionsdo not yet extendover mary decadeso event-timemakesa good
index. Oncecollectionsspanmuchlargertemporalextents,otherindexing schemesnay becomemoreimportant.

1The facility locationproblemin operationgesearctis: given a setof facilities anda setof customerspick hov mary andwhich facilities
shouldbe keptopento minimizethe costof servingcustomerswheretotal costis a function of botheachcustomes distanceto the nearestacility
andthecostof keepingafacility open.Closedfacilitiesincur no cost.
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Figure3: Log-log plots of box countsvs. time scalesandfitted linesfor (a) PO-meercat(b) UG-full, (¢) UG-nik, (d) TZ-Iris, (e)
TZ-ChinaMsit and(f) MP-USvisitdatasets.

3 Clustering

Therearemary algorithmsfor clusteringa datasequenceSeefor example[GMM +03] for a methodfor datastream
clustering.Onedifferenceto our problemis thatwe arenot concernedvith finding clustercenterso minimize some
costfunction (distanceof datapointsto clustercenters)out rathersegmentationor splitting of the time sequence,
sothatintra-clustervarianceis reduced.Thus,wherea traditional clusteringalgorithm suchas K-meansmight find
clustersandclustercentersgivenK, andwherethe costfunctionwould changef thoseclustercentersaremoved,we
only carefor the assignmenbf pointsto clustersandaslong asthe sggmentationremainsthe same therecould be
morethanonesetof clustercenterghatwould be satishctory

3.1 Heuristics

Our algorithmattemptgo heuristicallysplit a capture-gentstreaminto clustersthatcorrespondo events.It usesthe
following two empirically obsenedpropertiesof capture-gentstreamevents:

¢ A longinterval with no captureusuallymarksthe endof anevent

¢ A sharpupwardchangean thefrequeng of captureusuallymarksthe startof a new event

The first heuristicneedsto define“long”. This is definedas being eitherlarge relative to the extent of the cluster
currentlybeinggrown, or largerelative to the averageinter-captureinterval.



3.2 Splitting algorithm

Thealgorithmis bottom-upandadaptie. |C},| is theextent(i.e. range,maximum- minimum)of clusterCy. |Cy |4 is
the cardinalityof clusterC}.

1. Giventhecapture-gentstreamz (i), ¢ = 0...N — 1, sortit ascending.
2. Thefirst clusterCy is begunwith z(0). Examinethenext item z(1).

3. At ary timeif itemz(%) is beingexaminedfor candidatenclusionin thecurrentclusterCy,, markz(i) asasplit
point,i.e.,asbeingthe startof anew clusterCy,, if 3aand3bandeitherof 3cor 3dis true.

(@) Cy hasacertainminimumnumberof items|Ch|# min
(b) C} hasacertainminimumextent|C|min

(©) (i) — (i — 1) > f(ICkl#) x |Cil

(d) z(i) — x(i — 1) > g(|Ck|)x recentaveragediffy, (i)

. Elseif recentaverage, (i) < hx recentaverage,(: — w) markasplit.
. Else,addz(¢) to Cy, updateextent(C} ), recentaverage,, (Cy), f, g, andh andcontinuewith z(i + 1).

. Oncez(N — 1) hasbeenprocessedeversethe streamandrepeatsteps? - 5
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. Mergethetwo setsof clustersfrom theforwardandbackward phases.

recentaverage, (C},) returnsthe averageinter-captureinterval for the currentclusterover a local window w in the
past. Thefunctionsf, g andh areempirically determinedandgraduallydecreasasthe cardinalityof Cj, increases.
Thusasa clustergrows, therelative gapneededo starta new eventdecreasesTheinitial valuesof bothfunctionsas
well asthevaluesof |Ck|min and|Ck |4 mir aredeterminedy a usersettableparametethatcontrolsthe amountof
splitting. Our currentimplementatiorprovidesthreelevels of splitting roughly designedor “many yearsworth”, “a
few montshworth” and“a few daysworth” of photographsmore,mediumandless.

3.3 Automatic minimal-labeling by relative extent

Given a capturesequenceanda clustering,eachclustercanbe automaticallyminimally-labeledbasedon its extent
relative to its neighbors. For example,a clusterwith photographsn [11 June2002,18 June2002] with neighbors
containingphotostaken solely in May and July, would reasonablybe labeled“June 2003”. This is the minimal-

labeling, by which we meanthe mostgeneralabelthatalsocompletelydistinguisheghat cluster The samecluster
with neighborg2 june2002,5 june 2002]and[25 june2002,30 june 2002]mightbelabeled'June11-18,2002". The

sameclusterwith neighborshaving photostakensolelyin 2001and2003mightreasonablyelabeled‘2002”. If new

photostakenin 2002arelaterintroducednto the collection,the clusterwould thenbere-namedappropriately

Thealgorithmfor automatidabelingis very simple: thelabelinglevel is the smallerof thelargesttime unitsat which
theleft andright endsof the clusterfall into differentunitsthanthe neighboringclusters’ends.

1. For eachclusterwe will generatea label L, — L, to denotethe extent of the clusterwhere L, is the prefix
(startingpoint) and L the suffix, or theend.

2. Computethe smalleststandardunit enclosingthe cluster(e.g. day, month,seasonor year;street,zipcode city,
county metropolitanareastate,or country;etc.). Let thisunitbeU.



3. Fortheparticularcaseof a 1-D event-streame.g.timestampslet the clusterhave left andright endsC; andC:,.
Let the clusters left neighborhave right end L andits right neighborhave left end R. Let U; = largeststandard
unit possible(e.g. year).

. QuantizeC; andL by U;.

. If quantized”; and L valuesaredifferent,returnU;.
Else,Decremenl; andrepeat.

. If U; reachesmalleststandardunit, returnit.

. Repeathisfor C, andR to getU,..

. Labelinglevel U = min {U;,U,.}

10. Labelprefix L, = C; quantizedattheU level. Labelsufiix L, = C, quantizedattheU level. Optionallythe
two may have differentlevels.
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11. If L, andL, areidentical,thenthey arecollapsednto onelabel.

Notethatthisis the only placewheretime boundariesireused.Unlike someothertime-basedrganizationmethods,
we do notuseexplicit dayboundarieso segmentcapture-gentstreams.

This algorithmis quite generalandcanbe usedfor namingof arny groupeddatawith continuous-aluedmetadatahat
hasmultiple resolutionsof representationit canalsobe generalizedo morethanonedimension.Particularly, it can
usegeographicalocationor ary othercontinuous-aluedmetadata.

3.4 Softwareimplementation

A software implementationcalled FotoSplit was prototypedin 2001-2003. It incorporateghe algorithm described
above. It is written in Perlusingthe Tk toolkit (throughthe Perl/Tkinterface)for the GUI andalsocorvertedto a
Windows binary. It hasthe following functionalities:it allows a directoryroot with photographgo be specified. It
theninvokesa JPEGEXIF headereaderto obtainthe capturetimestamps.Theseare clusteredand eachclusteris
representedsingthefirst andlastimagein it. Clustersareautomaticallyminimally-labeled.They canalsobe hand
labeled.Theresultingclusterscanbe usedto createdirectoriesnto which the photograptcollectionis organized.

The clusteringalgorithmis alsoimplementedwithin the Meercatmultimediainformation managemensystemasa
browsing tool. It allows a usersphotographalbum to be dynamicallygroupedinto time-basecclusters. Figure 4
shavs analbum of 168imagesrom afive-daytrip with thedefault organization(alist of theimages)ndthedynamic
organizationinto time-basedclusters. The clusteringsplits the raw list into one clusterper day, without knowing
arnything aboutday boundaries. The time-clusterorganizationis presentedas a choiceof virtual view for all user
albumsandcomputedn thefly whenthe userchooseghatview of analbum.

Evenif thiskind of dynamicorganizatiorfor browsingis fastandalwaysavailable,staticorganizationis probablystill
valuablebecaus®f the psychologicaheedpeoplehave to organizetheir possessionmito bins.

4 Resaults

A note on visualizing bur sty univariate data

In mary applicationsof visualizing dataone can eitherassumethat the datais not highly bursty andhencecanbe
well representedn a single scale,albeit after using dynamicrangecompressionpr elsethat a dynamiczooming
techniqugSpe0] canbeusedto switchbetweercontet (overview) andfocus(burstview) modes.



Figure 4: Screenshobf (a) default organizationand (b) dynamictime clusterorganizationof a useralbum within the Meercat
system



