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Abstract

Consumes need help finding digital photagraphs in
their personalcollections.AutoAlbumhelpsusess find their
photosby automaticallyclusteringphotosinto albums.The
albumsare presentedn an easy-to-usdrowsinguserin-
terface AutoAlbum usesthe time and order of photocre-
ation to assistin clustering: albumsconsistof tempoglly
contiguougphotos.Thecontent-basedlusteringalgorithm
is best-fist probabilistic modelmeging, which is fastand
yieldsclustess that are oftensemanticallymeaningful.
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1. Introduction

It is gettingincreasinglypopularfor consumergo buy
digital camerasandtake thousand®f photosof daily life.
Most consumersimply dumpthesephotosinto onedirec-

tory, analogouso dumpingdevelopedprintsinto ashoebox.

A typicalusergeneratethousandef photosayear Finding
aphotoin this shoeboxdirectoryis difficult.

Onetool to helpfind photosis a keyword searchof im-
ageannotations.However, mostconsumersvill notanno-
tatetheir own images.Anothertool is imageretrieval [10],
which canhelp a userfind animagesimilar to an existing
seedimage. With atablet[5] or a sketchinginterface[11],
imageretrieval canalsobe usedto find imagesevenwhen
theuserdoesnothave aseedmage.

A browsing user interface provides an alternatie
methodfor a userto find a photo which requiresneither
a sketchnor a seedimagell, 2, 6]. In suchaninterface,a
numberof photosare displayedto a user who selectsone
or moreimagesby clicking a mousebutton. The system
respondgo thesemouseclicks by displayingmore likely
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images.The procesgepeatauntil the userfindsthe desired
photo.

AutoAlbum is a browsing userinterfacethatis explic-
itly designedor consumedigital photographylt is further
describedin Section2. AutoAlbum clustersimagesinto
meaningfulalbumsusingbest-firstmodelmerging,whichis
relatedto agglomeratre clusteringandis describedn Sec-
tion 3. Resultsof AutoAlbum arepresentedn Section4.

1.1. PreviousWork in Image Browsing

Thecrudesbrowsinginterfacesimply shovsthumbnails
of everyimagein theshoeboxdirectory Theuseronlyisre-
quiredto click onceto fetchthedesiredmage,but scanning
throughthousand®f imageds impractical.

At the other extreme is the deep tree search of
PicHunter{2]. PicHuntershavsfour likely imagesatevery
step,sothatthe userscanningtime is insignificant. How-
ever, thenumberof browsingstepscanbelarge.

Similarity pyramids[1] preventdeeptreesearchesy or-
ganizingthe entire databaseénto a hierarchicalquad-tree
structure. Similarity pyramids use a fast agglomeratie
clusteringalgorithmto placesimilarimageseareachother
atevery level of the pyramid,andto ensurghatanimageat
onelevel is similarto all of theimagesbelow it. Similarity
is measuredia imagefeatures.

2. AutoAlbum: From Imagesto Albums

Using image featuresto cluster consumerphotosmay
not lead to desirableresults. As the size of the shoebox
directory getslarge, the probability of matchingtwo se-
mantically dissimilarimagesbecomesigh. For example,
animageof a sunsetandanimageof a fire truck may be
placedinto the samecluster Therefore,a clusteringalgo-
rithm may placesemanticallysimilarimagesinto different
clustersmakingthe searchongerandmoredifficult.

This papempresentAutoAlbum, whichis acombination
of a clusteringalgorithm and a userinterfacethat helpsa



consumefind specificphotos. AutoAlbum makesa trade-
off betweengeneralityandperformance Namely AutoAl-
bumwill bespecificto thetaskof consumedigital photog-
raphy In return,the clusteringperformancewill be much
betterin bothcomputatiortime andsemantigerformance.

AutoAlbumwill clusterimagesnto albums.Albumsare
veryintuitive anddesirableusersstatethatthe mostimpor-
tantfeatureof a photoorganizationtool is to automatically
placephotographgnto albums[9].

A userwill interactwith the resultsof AutoAlbum in
the following way. First, for every album, a representa-
tive thumbnailimageis displayed.Therefore thefirst user
stepis to searchthroughall of the albums. Therepresenta-
tiveimageremindsthe userof the desiredpicture,eitherby
imagesimilarity, semanticsimilarity, or simply by beinga
memoryaid. Whenthe userhasidentifieda likely album,
he or sheclicks on the representatie image. AutoAlbum
thenshavs thumbnailsof all of the picturesin the album.
The userthenclicks on the desiredimage. Thus, AutoAl-
bumgenerateatwo-level deeptree(seeFigure3). Figure3
is purely schematic:the representatie imagesandthe im-
agesinside one album are presentedn a two-dimensional
matrix, similarto a photographicontactsheet.

2.1. Clustering Scenarios

In orderto improve clusteringbeyond simply usingim-
age features, AutoAlbum uses metadataassociatedwith
digital photography Dependingon the cameraand the
downloadmethod two differenttypesof metadatdor digi-
tal photographsrecommonlypresered.

Thefirst type of metadatas the creationtime (anddate)
of the photo. Many digital camerassave the creationtime
alongwith the photo. Undersomecircumstanceghis cre-
ationtime is preseredasthe datais downloadedfrom the
camera.For example,directly readingthe flashcard of the
KodakDC260preseresphotocreationtime.

The clusteringalgorithm for the first type of metadata
only usesthe creationtime and ignoresthe contentof the
image.Thisis calledtime-baseclustering Theclustering
algorithmstartsa new album if a new photois takenmore
thana certainamountof time sincethelastphoto. Cluster
ing on the creationtime works extremelywell: temporally
relatedpicturesarealmostalwayssemanticallyrelated.

The secondtype of metadatds the orderin which the
photosaretaken. This metadatds usedwhenthe camera,
downloadmethod,or storagemethoddoesnot presere the
photo creationtime. For example,the cameraclock may
getresetdueto deadbatteries.Or, on somecamerasif the
picturesaredownloadedvia aserialcable thecreationtime
of thefile is the downloadtime, not the true photographic
creationtime.

However, evenwhenthe creationtime is destryed, the

orderof thephotosis veryoftenpresered. Theordercanbe
deducedrom the creationtime of thefile ona PCor from
thefile nameof theimage,whichis sequentiallygenerated.

In this more difficult secondcase, albums must be
formedyvia clusteringby content. However, the clustering
shouldobey the orderof the photos.A clustershouldonly
containa contiguoussetof photos.

Exploiting the order of photossignificantly helpsclus-
tering. In agglomeratte clustering[3], the distancef an
image to all otherimagesare considered.If the set of
semanticallyrelatedimagesto I is fixed asthe size of the
databaseyrows, andif thereis a constantprobability that
a givenunrelatedmageis closerto imagel thantheclos-
estrelatedimage, thenthe probability that the closestim-
ageto I is semanticallyrelatedto I decaysexponentially
with databasesize. However, with orderedclustering,the
distancedrom I to only two otherimagesare measured.
Therefore the quality of the clusteringshouldbe indepen-
dentof thedatabassize.

For both time-basedtlusteringand content-basedlus-
tering,thealbumsandtheimageswithin the albumsshould
be displayedin the orderthatthe photosweretaken. This
intuitive ordercorrespondgo theorderthatpeoplenormally
storetheir photographigrints[9].

Time-basedand content-basedlustering can also be
combined. Time-basedlusteringcan be usedfirst. If the
creationtime is presered,thensmallsemanticlusterswill
be produced. Otherwise,large clusterswill be produced.
Thesdargeclusterscanbefurtherbrokendown by content-
basecclusteringinto smallerclusters.

3. Clustering via Best-First Model Merging

AutoAlbum usesprobabilisticclusteringto getthe best
content-basedlusteringperformanceProbabilisticcluster
ing createsa conditionaldensitymodelof the imagedata,
wherethe probability of generatinganimagedependgon-
ditionally upontheclustermembershimf theimage.In this
casetheclusteringmetricis thelik elihoodof thedatabeing
generatedyy themodel.In otherwords,AutoAlbum usesa
maximumlik elihoodformulation.

The probabilistic model usedis a Left-Right Hidden
Markov Model (HMM). Album membershipis a hidden
statevariable. For every state,thereis a generatie model
for imagesin that state. This generatie modelis content-
basedit is a probability of generatinghe pixels of theim-
age,conditionedonthestate.Also for every state thereis a
probability of transitioningto the next statewhenpresented
with anew photo. This HMM modelmakesthereasonable
assumptiorthatconsumephotographganbedescribedas
piecevise stationary:a users photographganbe grouped
into contiguoulustersgachwith similarimagecharacter
istics. If D is theimagedata,.4 is the album assignment,
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Figure 1. AutoAlb um assumes a Hidden
Markov Model of photograph generation

andM is theHMM modelfor the photographsthen
P(D, AIM) = P(D|A, M)P(AIM) 1)

The image generationmodel P(D|A, M) is further de-
scribedin Section3.1.

The Baum-Welch algorithm [8] can be usedto fit an
HMM to a shoeboxdirectory of photos. However, there
is a severeproblemwith this method. As appliedto Auto-
Album, the Baum-Welchalgorithmstartswith aninitial as-
signmenif photosto albumsandimprovestheassignment
until alocalmaximumis reachedIn practice Baum-Weélch
only makesminor changego theinitial assignmentywhich
producesinusablealbums.

Best-firstmodel memging [7, 12] helpsavoid the prob-
lem of local maximaby stepwisemeigingadjacentlusters.
Best-firstmodelmeming is similar to agglomeratre clus-
tering [3], exceptthatit is probabilisticand works on an
ordereddataset.
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Figure 2. Best-Fir st Model Merging

As applied to AutoAlbum, best-first model memging
startswith every imagehaving its own model. Merging a

pair of adjacenmodelscauses lossof datalikelihood,be-
causeone combinedmodelis more generaland cannotfit
the dataaswell astwo individual models.If Lx isthelog
likelihoodof all of thepixelsassignedo analbum X given
anassociatedhodelof X, andif albumsX andY arebeing
mergedto form album Z, thenthe changein log likelihood
associateavith thememingis

AL=L;— Ly — Ly. )

Thelog likelihoodof analbum is definedin (3). Notethat
the changein P(A| M) dueto a meme is tiny compared
to the changein P(D|A, M), henceis ignored. Best-first
meminggreedilymemgesthetwo adjacentnodelsthatcause
theleastlossof datalikelihood.

Thememing is repeatedintil a desirednumberof clus-
tersis reached.For example,an averageof 8 picturesper
album may be desirable,so the numberof clusterscanbe
1/8 the numberof pictures. Alternatively, Bayesiantech-
niguesmay be usedto stopthe modelmeming, asin [12].

For high-speedimplementation,Omohundro[7] sug-
gestsstoringall possiblemergesin a priority queue. One
stepof best-firstmodelmerging with a priority queueonly
requiresO(log N) time, whereN is the currentnumberof
clusters.Clusteringof 405imagesinto 60 albumsrequires
0.34CPUsecond®n a 266 MHz Pentiumll (notcounting
timeto computetheimagefeatures).

3.1. AutoAlbum’s Image Generation Model

AutoAlbum assumeshateachHMM stategenerateshe
colorsof theimagesin the correspondinglbum. The gen-
eratedcolorsareatlower resolutionthanthe original photo.
Theluminanceof theimageds assumedio comefrom light-
ing conditions, ratherthan from the statevariable. This
modelwaschoserafterempiricallytestingseveraldifferent
models:it wasthe modelwhich gave a content-basedlus-
tering that mostcloselymatchedhe time-basectlustering
onthesamedata.

The colors are definedin the 1976 CIE u'v' perceptu-
ally uniform color spacg4]. Thegeneratie modelis a his-
togram:«’v’ spaceis dividedinto 256 squarebins (16 bins
onaside). Themodelis thatabin is choserwith probability
proportionalto the storedhistogramcountandthe color of
apixelis thecolorof thecenterof thechoserbin. Thereare
16 binsin »' thatspanfrom 0.1612to 0.2883.Thereare16
binsin »' thatspanfrom 0.4361to 0.5361. Colorsoutside
of thesespansareclippedto thenearesbin.

During the best-firstmodelmelging, only the histogram
statisticsfor eachalbum is kept, to increasethe speedof
the clustering.Thelog likelihoodof the pixelsin album X
giventhe 256 histogramcountsX; is givenby

Lx = ZX,» log <E§XJ> . (3)




Whentwo histogramsarememged,the countsin eachcorre-
spondingbin aresummedogether

At thefirst stageof best-firstmemging, eachimagehasits
own histogranmodel. Eachhistogramis initialized with all
binsequalto asmallvalue(10/256),whichimpliesthatthe
histogranmestimatewill beamaximuna posterioriestimate,
andthatthe prior probability for this estimatels a uniform
prior over all colors. Then,theimageis downsampledoy
the lowestinteger scaleso that the final width is near80
pixelsandthefinal heightis near64 pixels. The RGB pixel
valuesarecorvertedto u'v'.

The histogramis further smoothedwith a kernel. For
every u'v' pixel valuein the downsampledmage,a bilin-
eartent-shapedernelis placedover the pixel valuein «'v’
space. This kernelis two bin widths wide in eachdimen-
sion. The histogrambins arethenincreasedy anamount
equalto the value of the kernelat the centerof eachbin.
For example,if a pixel valuelies directly on a bin center
thatbin is increaseddy 1, and no otherbins are changed.
If a pixel valuelies in the exact centerof four bin centers,
all four of thosebin centersare increasedy 0.25. Thus,
thehistogramcountsarebilinearly interpolated.This inter-
polationis usedto make the histogrammodelinsensitve to
smallchangesn color: slight changedo a pixel altersthe
modelonly slightly.

4. Experimental Results

To test AutoAlbum, datawas gatheredfrom two pho-
tographerqR and P) over a period of time. The creation
timesof the photographsverepresered. R took 1320pho-
tos over the 12 months,while P took 405 photosover 4
months. The first 294 photographof R have a corrupted
creationtime, which makesthe R datasetchallenging.

To provide a “ground truth” for AutoAlbum, the author
hand-clusteredhe data setsinto contiguoussemantical-
bums.Time-basedlustering,content-basedlusteringand
acombinedclusteringalgorithmareappliedto the set. The
time-basedclusteringuseda thresholdof one hour The
content-basedlusteringignoredthe time of the photoand
only usedthe orderof photocreation. Content-basedlus-
teringwashaltedatthe samenumberof clustersasthetime-
basedclustering: 60 for P and 106 for R. The combined
clusteringstartedwith thetime-basedlustersandsplit ary
clusterequalto or largerthan48 imagesinto content-based
clusterswith anaveragesizeof eight.

The effectivenesof AutoAlbumis measuredia the F1
metric. Every imageis consideredh query The clustered
albumthatcontainghequeryis consideredhequeryresult,
while thehuman-generatealbumthatcontainghe queryis
consideredhetruth. Thetrue positives,falsepositives,and
falsenggativesare microaveragedover all images,andthe
F1 scoreis thencomputed.An F1 scoreof 100%indicates

a clusteringthatcompletelymatcheshe humanjudgement.

TheF1 scoredor AutoAlbum areshavn in Tablel. As
abaselinetheimageswereclusterednto 60 equal-sizedl-
bumsfor P and106equal-sizedlbumsfor R. TheF1scores
for this simple algorithm are also shovn in Table1. For
comparisonthe resultsfor all of thesemethodsareshavn
for thesubsebf the R datasethathasnon-corruptcreation
times(theR1 column).

Photographer
P R R1
Time clustering 96.1% 35.8% 61.9%
Contentclustering 58.3% 64.5% 67.6%
Combinedclustering| 96.1% 65.1% 65.4%
Equal-sizectlusters | 40.2% 51.0% 50.4%

Table 1. F1 Clustering Performance

Tablel shavsthatbothtime andcontentclusteringwork
well in differentsituations.For the P dataset,time cluster
ing is very closeto the human-selectedlbums. For the R
dataset,the time is corrupted,so time clusteringis worse
than baseline. However, combiningthe time and content
clusteringworkswell for P, R, andR1.

Qualitatively, the content-basedlusteringof AutoAl-
bumworksverywell. In Figure3, content-basedlustering
separatephotoscorrespondingo the outsideof a house a
party, furniture in a living room, chairsin a hallway, and
outdoorshotsof buildings.

Therepresentatie photofrom eachalbumis simply the
photoin the centerof the orderedcluster Anotherway of
generatingepresentatie photoss to chooseheimagewith
the highestP(D|.A, M). More testingis requiredto opti-
mizethe choiceof representatie photo.

The userinterfaceof automaticallygeneratecglbumsis
very intuitive. Examplesof thesealbums are available at
http://research.microsoft.comjplatt/atoAlbum/ex.html

5. Conclusions

In summary AutoAlbum automatically clusters con-
sumerdigital photographnto albums. Theuseronly needs
to searcha smallnumberof albums, selecta likely album,
thensearchthe photographsvithin the album. Thealbums
aregeneratedy clustering,eitherby time and/orby con-
tent. Thecontent-basedlusteringis accomplishedia best-
first probabilisticmodelmeging, which forms clustersout
of temporally contiguousphotographs. Even thoughthe
clusteringmetric is simple, the resultingalbums are fre-
guentlysemanticallymeaningful.
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Figure 3. AutoAlb um Creates a Two-Level Hierarchy of Albums and Images
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