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1 Introduction

Mediacaptureby a person,in particularphotographicimagecapture,is a bursty (i.e. inter–arrival timesarevery far
from themean)statisticalprocess.Typically, apersonwill notcapturemediafor longperiodsof timeandthencapture
a lot of mediain a relatively shortperiodof time. Theseburstsof captureactionstypically correspondto interesting
eventsor scenesthatheor shewishesto record,suchasparties,birthdays,holidays,etc. Givena largecollectionof
digital photographsor mediaobjectscapturedor recordedby oneperson,with timestampsbut little othermetadata,it
is naturalto seekamethodfor temporalsegmentationthatmapswell to theeventsthepersonis likely to remember. We
describesomeanalysisandmodelingof realcapture-eventstreamsanddescribeanalgorithmfor clusteringconsumer
capturedmediainto events. We generalizethe list of timestampsasa capture-eventstreamto allow othermetadata
thantimestampsto beamenableto themethodology.

1.1 Data sets

Weusedthepersonalphotographcollectionsof fivepeopleto generateourdata.Table1 liststhephotographcollections
we used.Thecodenameswill beusedto referto them.Thefirst two charactersdenotetheinitials of theowner. Note
that as far as possible,we tried to usephotosbelongingto one person’s collection, or their immediatefamily’s,
that werecapturedby themor their immediatefamily. We avoidedphotosin their collectionthatwerecapturedby
temporaryvisitorsor sharedby others.This wasso thatwe modelthe truemediacapturebehavior of onepersonor
family. In practice,mostphotosin a family areprobablytakenby asingledesignatedphotographer.

Table1: Photographcollectionsusedasdatasets
Codename Numberof Images TemporalExtent Comments

1 PO-meercat 814 3 years
2 PO-SanDiegoMay2003 314 6 days No overlapwith PO-meercat
3 UG-full 1255 3 years3 months
4 UG-nik 430 15 months subsetof UG-full
5 TZ-Iris 589 10 months
6 TZ-ChinaVisit 114 16 days nooverlapwith TZ-Iris
7 MP-USVisit 361 36 days
8 YD 649 2 years3 months
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2 Modeling

We seekmathematicalmodelsfor ourdata:a sequenceof eventswith timestampsbut no valueattributes.Time-series
analysisis inapplicablebecauseof the lack of valuesat eachdatapoint,unlessoneassignsa binary value to each
time unit, dependingon whethera photographis takenor not, which seemsratherarbitrary. We follow theapproach
taken in the modelingof network packet traffic data,specificallythe arrival timesof TCP/IPpacketsat a network
router[CS00].

2.1 Poisson model

The Poissondistribution is often usedto modelprocessessuchasnetwork packetsarriving at a routeror customers
arriving at a servicenode. If

�������
is a countingprocessrepresentingthe numberof arrivals (events)from time 0 to

time
�
, arrivalsin disjoint time intervalsareindependent,then[BG92] :

�	� �
������
������
�������������������! �#"�
��%$��&
Themeanof thedistribution is

"
. Thevarianceis also

"
.

However this is not a goodfit for photographiccaptureby a singlepersonbecausetheconsecutivecaptureeventsare
probablynot independent.Takinga photographincreasesthe probability thata secondonewill be taken. This was
corroboratedby attemptinga Poissonfit to two datasets,UG-nik andPO-meercat.For thefirst, quantizingtime into
units of weeks,days,hoursandminutesandthenfitting a Poissonmodelusingthe Matlabpoissfit() function
yieldedthemeansandvarianceslistedin table2.

Table2: Poissonfit to datasetUG-nik

TimeUnit 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

Figure1 shows a randomPoissonsequencewith a
"

of 0.68parameter(usingthe Matlabpoissrnd() function)
andthe actualevent countsfor the day resolution. Comparingthesetwo figureswe seethe differencein variances.
Numerically, thedatahasa varianceof 9.56,anorderof magnitudelargerthanthePoissonmodel.Clearlya Poisson
processis not burstyenoughto modelour data.

2.2 Fractal nature of photographic capture process

ConsiderFigure2. This shows thecapture-eventstreamfor thePO-meercatdatasetwith threedifferenttime quanti-
zations,day, hourandminuterespectively. They arequitesimilar in appearanceat thedifferentscales.This suggests
thatperhapsthecaptureprocessis fractal.

Weusethebox-countingmethod[PJS92] to estimatefractaldimension.Wechangethetimeunit throughweeks,days,
hoursandminutesandcounthow many timebinsareoccupied.We arbitrarilyassignascalevalueof s=1to theweek
timescale.Thescalesfor theothersarethen1/7,1/168and1/10080.Weplot log (count)vs. log (1/s).Figure3 shows
theplots. They arequite linear. We fit a line to theplotsandtheslopesof the linesarethe respective box-counting
fractaldimensions.Table3 lists thecomputedbox-countingfractaldimensionsfor all thedatasets.
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Figure1: Comparing(a) a Poissonto (b) a capture-eventcountingprocess,bothwith ')(+*-, .!/
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Figure2: Capture-eventarrival plotsatdifferenttimescales(unit = day, hour, minute)for thePO-meercatdataset

The valuesof the fractal dimensionfor the capture-eventstreamsareall well below 1. This makessensefor bursty
processes,whereincreasingthenumberof binswill not linearly increasethenumberof occupiedbins. It is interesting
to notethatthefractaldimensionof aperson’smediacapturebehavior is relatively constantoverdifferentcollections.
For example,theTZ-Iris andTZ-ChinaVisit datasetsarecompletelydistinctandhave very differenttime scales,but
haveverysimilar fractaldimensions.This leadsto aconjecturethatthefractaldimensionof themediacaptureprocess
is characteristicof a person.We digressbriefly to discusswhy this mightbeso.

In the literature,achievement(or motivation) theoryandrationaldecisiontheoryareusedto modelhumanchoice
of alternative actions. The classicformula hereis Atkinson andFeather’s qualificationof Lewin et al andHerbert
Simon’searlierwork on rationalchoice[Str98, AF66]:

021 �43�5 � 576859�:3�; � ;<68;
0 1

is theresultanttendency, theutility or subjective valenceassignedto a particularbehavioral alternative. It is split
into partsfor successandfailure.

3
is thepersonalmotive strengthof theperson,P theprobabilityof thatoutcome

andI is the incentive strengthof thetaskitself [Str98]. In theconsumermediacapturecontext,
6

correspondsto the
personalpsychologicalneedto recordeventsbycapturingmedia.Onecanfurtherbreakthisdown into

68=
, theincentive

to takethecameraalong,
67>

, theincentiveto takethecameraoff theshoulderor outof thecase,and
6@?

theincentiveto
raisethecameraandturn it on in anticipationof capturingmedia(thefailurecounterpartscorrespondto disincentives
suchasthe weight andhassleof carryingthe camera,the lossof participationin the event involved in capturingit,
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etc.).
� 5

is theprobability that somethingof interesthappensresultingin the shutterbuttonbeingdepressed.If the6
valuesareconstantfor a person,thenthe fractaldimensionof their capturebehavior may bederivablefrom these

values.For example,peoplewith very bursty capturebehaviors mayhave low
68=

and
6 >

but high
6 ?

. This equation
needsto bemodifiedto includethepasthistoryof captureactionsto fully modelcapturebehavior.

Table3: Box-countsandfractaldimensionsfor datasets

Boxcount Fractal
Dataset Week Day Hour Minute Dimension
PO-meercat 11 33 135 505 0.4106
PO-SanDiegoMay2003 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-ChinaVisit 3 7 20 83 0.3549
MP-USVisit 3 8 46 243 0.4806
YD 27 51 169 546 0.3296

2.3 What is the natural scale of a sequence?

Given our desirenot just to model the captureprocessbut to write an algorithmto allow automaticclusteringand
organization(seesection3), we would like to to be able to characterizea particularsequenceor sub-sequenceas
occurringat its naturalor characteristicscale. For example,if we know (somehow) that a particularsequenceof
captureswastakenat the“day” scale,thenthis informationcouldbeusedto tunetheclusteringalgorithmor choose
thescaleat which it is applied.

Thequestionof whatthenaturalscaleof a sequenceis, is relatedto thequestionof how many clustersthatsequence
shouldbe segmentedinto. In the latter casethe Facility Locationproblem1 or a statisticalmethodsuchTibshirani
et al [RTH00] which proposesa methodfor estimatingthe numberof clustersin a dataset,canbe used. The latter
methodhastheadvantageof workingwith any clusteringtechniqueandnot requiringthedefinitionof clustercenters.
Theauthorsremarkthat their simulationstudiessuggestthat their gapestimateis goodat identifying well separated
clusters,but not soif thedatais notwell separated.

Thisappearsto beanopenresearchproblemin general,andfor ourparticulardomain,leadsto thefollowing question.

Is a multi-resolution hierarchy needed?

Whenpeoplerememberevents,it is likely that they do usea very shortmulti-resolutionscheme,the yearof occur-
renceperhapsfollowedby the event. In the absenceof any psychologicaldatathat we areawareof to supportthis
statement,we merelyconjecturethat, althoughattractive to softwaredesigners,a multi-level multi-resolutionorga-
nizationschemeis not necessaryfor personalmediaorganization. i.e. A division into yearsfollowed directly by
the event-clusteris an organizationthat mostpeoplewill find useful. We noteherethat the algorithmdescribedin
latersectionsdoesnot explicitly clusterat a particulartime scale,but allows 3 separatelevelsof clustering,roughly
designedfor “many yearsworth”, “a few monthsworth” and“a few daysworth” of photographs.As notedin earlier
work [GDT03] personaldigital mediacollectionsdo not yet extendover many decadessoevent-timemakesa good
index. Oncecollectionsspanmuchlargertemporalextents,otherindexing schemesmaybecomemoreimportant.

1The facility locationproblemin operationsresearchis: given a setof facilities anda setof customers,pick how many andwhich facilities
shouldbekeptopento minimizethecostof servingcustomers,wheretotal costis a functionof botheachcustomer’s distanceto thenearestfacility
andthecostof keepinga facility open.Closedfacilitiesincurnocost.
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Figure3: Log-log plotsof box countsvs. time scalesandfitted linesfor (a) PO-meercat,(b) UG-full, (c) UG-nik, (d) TZ-Iris, (e)
TZ-ChinaVisit and(f) MP-USvisitdatasets.

3 Clustering

Therearemany algorithmsfor clusteringa datasequence.Seefor example[GMM A 03] for a methodfor datastream
clustering.Onedifferenceto our problemis thatwe arenot concernedwith finding clustercentersto minimizesome
cost function (distanceof datapoints to clustercenters)but rathersegmentationor splitting of the time sequence,
so that intra-clustervarianceis reduced.Thus,wherea traditionalclusteringalgorithmsuchasK-meansmight find
clustersandcluster-centersgivenK, andwherethecostfunctionwould changeif thosecluster-centersaremoved,we
only carefor the assignmentof pointsto clustersandaslong asthe segmentationremainsthe same,therecould be
morethanonesetof clustercentersthatwouldbesatisfactory.

3.1 Heuristics

Our algorithmattemptsto heuristicallysplit a capture-eventstreaminto clustersthatcorrespondto events.It usesthe
following two empiricallyobservedpropertiesof capture-eventstreamevents:

B A long interval with no captureusuallymarkstheendof anevent

B A sharpupwardchangein thefrequency of captureusuallymarksthestartof anew event

The first heuristicneedsto define“long”. This is definedasbeingeither large relative to the extent of the cluster
currentlybeinggrown, or largerelative to theaverageinter-captureinterval.
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3.2 Splitting algorithm

Thealgorithmis bottom-upandadaptive. C DFEGC is theextent(i.e. range,maximum- minimum)of cluster DHE . C DFEIC J is
thecardinalityof cluster DFE .

1. Giventhecapture-eventstreamK ��L%�7M�LN��OGPQPQP RS�UT
, sortit ascending.

2. Thefirst cluster DWV is begunwith K �#O�� . Examinethenext item K �%TX� .
3. At any time if item K �YL%� is beingexaminedfor candidateinclusionin thecurrentcluster D E , mark K �YL%� asasplit

point, i.e.,asbeingthestartof anew cluster DFE A[Z if 3aand3bandeitherof 3cor 3d is true.

(a) D E hasacertainminimumnumberof items C D E C JN\F] $
(b) DFE hasacertainminimumextent C DFEGC \F] $
(c) K �YL%�^� K �YL[�UT!�W_)`�� C D E C J �Fa C D E C
(d) K �YL%�^� K �YL[�UT!�W_cb�� C DFEGC J �da recentaveragediff e �YL%�

4. Elseif recentaverage e ��L%�Ffhgia recentaverage e ��Lj�+k��
marka split.

5. Else,add K ��L%� to D E , updateextent
� D E � , recentaverage e � D E � , ` ,

b
, and

g
andcontinuewith K �YL2�lT!� .

6. OnceK �YR+�UT!�
hasbeenprocessed,reversethestreamandrepeatsteps2 - 5

7. Mergethetwo setsof clustersfrom theforwardandbackwardphases.

recentaverage e � D E � returnsthe averageinter-captureinterval for the currentclusterover a local window
k

in the
past.Thefunctions

`
,
b

and
g

areempiricallydeterminedandgraduallydecreaseasthecardinalityof D E increases.
Thusasa clustergrows,therelativegapneededto starta new eventdecreases.Theinitial valuesof bothfunctionsas
well asthevaluesof C D E C \F] $ and C D E C J^\F] $ aredeterminedby a user-settableparameterthatcontrolstheamountof
splitting. Our currentimplementationprovidesthreelevelsof splitting roughlydesignedfor “many yearsworth”, “a
few montshworth” and“a few daysworth” of photographs:more,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 photographsin [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 meanthemostgenerallabel thatalsocompletelydistinguishesthat cluster. Thesamecluster
with neighbors[2 june2002,5 june2002]and[25 june2002,30 june2002]mightbelabeled“June11-18,2002”. The
sameclusterwith neighborshaving photostakensolelyin 2001and2003might reasonablybelabeled“2002”. If new
photostakenin 2002arelaterintroducedinto thecollection,theclusterwould thenbere-namedappropriately.

Thealgorithmfor automaticlabelingis verysimple:thelabelinglevel is thesmallerof thelargesttimeunitsat which
theleft andright endsof theclusterfall into differentunitsthantheneighboringclusters’ends.

1. For eachclusterwe will generatea label m ?n� m 5 to denotethe extent of the clusterwhere m ? is the prefix
(startingpoint) and m 5 thesuffix, or theend.

2. Computethesmalleststandardunit enclosingthecluster(e.g.day, month,season,or year;street,zipcode,city,
county, metropolitanarea,state,or country;etc.).Let thisunit be o .
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3. For theparticularcaseof a1-D event-stream,e.g.timestamps,let theclusterhaveleft andright endsDWp and D 1 .
Let thecluster’s left neighborhave right end m andits right neighborhave left end q . Let o p = largeststandard
unit possible(e.g.year).

4. QuantizeD p and m by o p .
5. If quantizedD p and m valuesaredifferent,return o p .
6. Else,Decremento p andrepeat.

7. If o p reachessmalleststandardunit, returnit.

8. Repeatthis for D 1 and q to get o 1 .
9. Labelinglevel o = min

� o p M o 1 �
10. Labelprefix m ? � D p quantizedat the o level. Labelsuffix m 5 � D 1 quantizedat the o level. Optionally the

two mayhavedifferentlevels.

11. If m ? and m 5 areidentical,thenthey arecollapsedinto onelabel.

Notethatthis is theonly placewheretime boundariesareused.Unlike someothertime-basedorganizationmethods,
we donot useexplicit dayboundariesto segmentcapture-eventstreams.

Thisalgorithmis quitegeneralandcanbeusedfor namingof any groupeddatawith continuous-valuedmetadatathat
hasmultiple resolutionsof representation.It canalsobegeneralizedto morethanonedimension.Particularly, it can
usegeographicallocationor any othercontinuous-valuedmetadata.

3.4 Software implementation

A software implementationcalledFotoSplit wasprototypedin 2001-2003. It incorporatesthe algorithmdescribed
above. It is written in Perl usingthe Tk toolkit (throughthe Perl/Tk interface)for the GUI andalsoconvertedto a
Windows binary. It hasthe following functionalities: it allows a directoryroot with photographsto be specified.It
theninvokesa JPEGEXIF headerreaderto obtainthe capturetimestamps.Theseareclusteredandeachclusteris
representedusingthefirst andlast imagein it. Clustersareautomaticallyminimally-labeled.They canalsobehand
labeled.Theresultingclusterscanbeusedto createdirectoriesinto which thephotographcollectionis organized.

The clusteringalgorithmis alsoimplementedwithin the Meercatmultimediainformationmanagementsystemasa
browsing tool. It allows a usersphotographalbum to be dynamicallygroupedinto time-basedclusters. Figure 4
showsanalbumof 168imagesfrom afive-daytrip with thedefaultorganization(a list of theimages)andthedynamic
organizationinto time-basedclusters. The clusteringsplits the raw list into oneclusterper day, without knowing
anything aboutday boundaries.The time-clusterorganizationis presentedasa choiceof virtual view for all user
albumsandcomputedon thefly whentheuserchoosesthatview of analbum.

Evenif thiskind of dynamicorganizationfor browsingis fastandalwaysavailable,staticorganizationis probablystill
valuablebecauseof thepsychologicalneedpeoplehave to organizetheir possessionsinto bins.

4 Results

A note on visualizing bursty univariate data

In many applicationsof visualizingdataonecaneitherassumethat the datais not highly bursty andhencecanbe
well representedon a singlescale,albeit after usingdynamicrangecompression;or elsethat a dynamiczooming
technique[Spe01] canbeusedto switchbetweencontext (overview) andfocus(burstview) modes.
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Figure4: Screenshotof (a) default organizationand(b) dynamictime clusterorganizationof a useralbum within the Meercat
system
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Neitherof theseis truein our case.Depictingthecapture-eventstreamfor our datasetson astaticpageis challenging
becauseof the large dynamicrangeof inter-event times involved. Considerthat a capture-event clustercan have
averageinter-eventtimesontheorderof seconds,while theinter-clusterdistancecanbein theorderof weeksor more,
a six ordersof magnitudedifference.Figure5 shows thecapture-eventstreamswith thecapture-eventsmarkedwith
blackdotsonthemaintimeline.Eachvisibledot is in factcomposedof many capture-eventsthataretooclosetogether
to bedistinct. Evenwith log compressionor log(log(log(log)))compression,thepointsarenot separatedbecauseof
their relatively smalltimescale.In evaluatingtheclusteringperformancevisually it is importantto seethenumberand
separationof pointswithin aclusteraswell astheinter-clusterseparation.Only thelatteris visible.

We experimentedwith using the vertical dimensionto separateclosepoints by assigning(meaningless)separated
verticalaxisvaluesto consecutive points. However, this a) did not separatethe pointsenoughto make themvisible
andb) introduceddistractingverticalcues.

We thentried thetechniqueshown in Figure5. Themainline consistsof theentiredatasetat thelargestscale.Each
clusteris zoomedin onin parallellinesoneithersideof themainline, in alternation.Thisis alsoinsufficientto expand
eachcluster.

However, the basicideaof usingthe free extra dimensionavailablewassound. We finally settledon the technique
usedto displayclusteringresultsin thefollowing sections.While theoverview plot is linear, eachclustersub-plotis
modulatedby a high-frequency sinewave. From

O
to r OsOst workswell. This vertically separatesthepointsthatwere

horizontallyindistinctbut without introducingvisualartifactsof verticalseparation.
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Figure5: Linearlyexpandingeachclusterwith sub-plots

Performance

Runningthealgorithmon threeof thedatasetsyieldedthesplit pointsin sequencesdepictedin Figures6 through8.
For eachfigure,thesplitting level is listed.Thetimevaluesarerepresentedin secondssincethestartof theepoch,i.e.
January1, 1970.Eachcapture-eventis markedwith ablackdotandthesplit points,whicharethemid pointsbetween
clusters,aremarkedwith verticaldashedlines.

Screenshotsof the programon datasetsMP-USvisit and TZ-ChinaVisit are shown in Figure 9. The clustersare
automaticallynamed.For the latter collection,the ownerhadalsocreateda manualorganizationthat corresponded
verywell with theautomaticgroupings.
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Figure6: Clustersresultingfrom runningthesplittingalgorithmondatasetUG-nik with mediumsplitting (38clusters)
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Figure7: Clustersresultingfrom runningthesplitting algorithmon datasetTZ-Iris with (a) mediumsplitting (16 clusters)and(b)
lesssplitting (6 clusters)
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Figure8: Clustersresultingfrom runningthesplittingalgorithmondatasetPO-meercatwith (a)mediumsplitting (28clusters)and
(b) lesssplitting (6 clusters).(c) shows a zoomedportionof thesplit between4thand5thclustersof (b)

11



Figure9: Screenshotsof theFotoSplitprogramwith resultsondatasetMP-USvisitandTZ-ChinaVisit
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5 Related Work

Multiscaleanalysisandmodelingof burstyprocessessuchastheuseof Multifractalsandthemultifractal spectrum,
fractionalbrownianmotion,etc. is commonin fieldssuchasnetwork traffic modeling.

Loui andSavakis [LS00] describean algorithmfor event segmentationusingphotographtimestamps.They use2-
meansclusteringof inter-phototime-gapsin minutesto divide into intra-eventandinter-event time-gaps.The latter
arethenusedto split the streaminto events,i.e. gapsbelongingto the latter clusteraremarkedassplit points(thus
makingthealgorithmnot locally-adaptive).They alsouselow-level similarity to breakaneventinto sub-events.

Grahamet al. [GGMPW02] describean algorithmfor clusteringphotosbasedon timestamps.Their systemusesa
hierarchicalclusteringalgorithm. At the top level it performsfixed time differencesplitting using an empirically
determinedthreshold.Theneachsuchclusterformedis split basedonwhetherthecurrenttimedifferenceis anoutlier
for thenormalclusterrate.Outliersaredefinedasthosewhosevaluesis morethanthe75thpercentilevalue+ 2.5times
the(75th-25th)percentilerange.Clustersaremergedinto onesoccupying thesamedayfor presentationpurposes.

ThePhotoTOC [PCF02] applicationusesa locally-adaptive clusteringalgorithm: thetime differenceis comparedto
a local window averageof time differencesandthresholded.Time differencesarelogarithmizedto handletheir large
dynamicrange.

Roddenet al [RW03] evaluatedwhich featuresimplementedin the Shoeboxphoto managementsystemciteshoe-
box2000werefoundusefulby consumerfor organizingphotogaphstakenover a six-monthperiod. They foundthat
mostpeoplelikedto organizeby events,suchasholidays,with photoswithin aneventalbum sortedchronologically.
Peopletendedto label rolls or albums but very rarely re-labeledindividual images. Advancedfunctionssuchas
content-basedretrieval or speechrecognitionwerenot founduseful. Thesefindingssupportthe approachandwork
describedin this report.

VariousEXIF-relevantutilities exist. For example,EXIFRenameris a sharewaresoftwareapplicationfor theApple
platformthatrenamesfilesbasedon theirEXIF timestamps.However, no clusteringis performed.

6 Summary

We have presentedan analysisof consumerphotographicmediacaptureusing real datasets.We have shown that
personalmediacaptureis burstyandfractal,with fractaldimensioncharacteristicof eachperson.We have presented
an adaptive algorithmfor clusteringmediabasedon timestampmetadatathat allows the creationof a relatively-flat
organization.Thealgorithmhasbeenimplementedandtestedonanumberof datasets.Wehavepresentedanalgorithm
for minimally labelinggroupsbasedon their relative extent. We have presenteda methodto visualizehighly bursty
univariatedatawithout interaction.

7 Future Work

More analysisandmodelingof themediacapturebehavior of peopleis requiredto well understandthephenomenon.
In addition,this work could be extendedto aggregatedbehavior, suchasthat of many differentunrelatedpeopleat
thesametourist spot,or by extendedfamiliesover a periodof time. It is likely that thePoissonmodelmayfit such
aggregatedmediacaptureprocessesbetter.

Methodsto estimatethe characteristicscaleof a datasetwould have applicability in many domainsbeyond that of
mediaorganization.

Onecould model the photographiccapturebehavior of a personby a setof statessuchas“Month mode”, “Week
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mode”,“Day mode”“Minute mode”and“PhotoCapture”with probabilistictransitionsbetweenthem.Representing
acapture-eventstreamby anobservationvectorsuchasthenumbersof photosin thenext month,week,day, hour, one
couldfit a Markov modelto anobservedcapture-eventstream.

Given a modelof a particularperson’s mediacapturebehavior, onecould detectwhena photographcollectionwas
capturedby thatperson.Thefractaldimensionor Markov modelcouldbeusedfor this purpose.

Knowledgeof the fractaldimensionof a person’s mediacapturebehavior couldbe usedto tunetheclusteringalgo-
rithm. For example,smalldimensionsindicatea burstierprocesssothe(relative) time interval neededto marka split
could be reduced. It could conceivably alsobe usedto personalizethe capturedevice, say in termsof settingthe
auto-power-off time andchangingtheimage-pipelinedataflow.

Thesoftwareimplementationcouldbeextendedto bettervisualizethecontentsof a clusterandto allow splitting and
mergingfor interactiveadjustmentof automaticallygeneratedclusters.Thesefeatureswouldmake it moreusefulasa
generalpurposemediaorganizer. Work to extendthetimeclusteringto includelocationmetadata,suchasfrom aGPS
tracklog, is ongoing.

Themethodsof analysispresentedherecouldpossiblyalsobeextendedto consumerphotographprinting behavior. It
is possiblethatconsumersdo not print photosfor a long time but whenthey do print, they print morethanonephoto.
A burstystatisticalor fractalmodelof printing behavior couldbecoupledwith a measureof subjective imagequality
or semanticimportanceto makepersonalizedprint recommendations.

Event clusteringcould alsobe usedfor episodicsegmentationof life streamdataobtainedfrom always-onsensors
recordinga humansstatus,activities andinformationflow.

Eventclusteringis alsoapplicableto otherkindsof eventdatasuchascustomerinteractionevents,businessprocess
eventsandeventsin largecommunicationnetworks.
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