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Abstract images. The process repeats until the user finds the desired
photo.

Consumers need help finding digital photographs in  AutoAlbum is a browsing user interface that is explic-
their personal collections. AutoAlbum helps users findrthei itly designed for consumer digital photography. Itis fugth
photos by automatically clustering photos into albums. The described in Section 2. AutoAlbum clusters images into
albums are presented in an easy-to-use browsing user in-meaningful albums using best-first model merging, which is
terface. AutoAlbum uses the time and order of photo cre-related to agglomerative clustering and is described in Sec
ation to assist in clustering: albums consist of temporally tion 3. Results of AutoAlbum are presented in Section 4.
contiguous photos. The content-based clustering algorith
is best-first probabilistic model merging, which is fast and 1.1. PreviousWork in Image Browsing
yields clusters that are often semantically meaningful.

The crudest browsing interface simply shows thumbnails

Keywords digital photography, AutoAlbum, image of every imqge in the shoebox direc_tory.. The useronly is re-
browsing, image clustering, model merging quired to click once to fetch the desired image, but scanning

through thousands of images is impractical.
At the other extreme is the deep tree search of
1. Introduction PicHunter [2]. PicHunter shows four likely images at every
step, so that the user scanning time is insignificant. How-

It is getting increasingly popular for consumers to buy €ver, the number of browsing steps can be large.
digital cameras and take thousands of photos of daily life. ~ Similarity pyramids [1] prevent deep tree searches by or-
Most consumers simply dump these photos into one direc-ganizing the entire database into a hierarchical quad-tree
tory, analogous to dumping developed prints into a shoebox.structure.  Similarity pyramids use a fast agglomerative
Atypical user generates thousands of photos a year. Findinglustering algorithm to place similar images near eachrothe
a photo in this shoebox directory is difficult. at every level of the pyramid, and to ensure that an image at

One tool to help find photos is a keyword search of im- one level is similar to all of the images below it. Similarity
age annotations. However, most consumers will not anno-iS measured via image features.
tate their own images. Another tool is image retrieval [10],
which can help a user find an image similar to an existing 2. AutoAlbum: From Imagesto Albums
seed image. With a tablet [5] or a sketching interface [11],
image retrieval can also be used to find images even when Using image features to cluster consumer photos may
the user does not have a seed image. not lead to desirable results. As the size of the shoebox

A browsing user interfaceprovides an alternative directory gets large, the probability of matching two se-
method for a user to find a photo which requires neither mantically dissimilar images becomes high. For example,
a sketch nor a seed image [1, 2, 6]. In such an interface, aan image of a sunset and an image of a fire truck may be
number of photos are displayed to a user, who selects onglaced into the same cluster. Therefore, a clustering algo-
or more images by clicking a mouse button. The system rithm may place semantically similar images into different
responds to these mouse clicks by displaying more likely clusters, making the search longer and more difficult.

*To appear: Proc. IEEE Workshop on Content-Based Accessagém This paper presents AutoAlbum, which is a combination
and Video Libraries, 2000 of a clustering algorithm and a user interface that helps a




consumer find specific photos. AutoAlbum makes a trade- order of the photos is very often preserved. The order can be
off between generality and performance. Namely, AutoAl- deduced from the creation time of the file on a PC or from
bum will be specific to the task of consumer digital photog- the file name of the image, which is sequentially generated.
raphy. In return, the clustering performance will be much  In this more difficult second case, albums must be
better, in both computation time and semantic performance.formed via clustering by content. However, the clustering
AutoAlbum will cluster images into albums. Albums are should obey the order of the photos. A cluster should only
very intuitive and desirable: users state that the most impo contain a contiguous set of photos.
tant feature of a photo organization tool is to automatjcall Exploiting the order of photos significantly helps clus-
place photographs into albums [9]. tering. In agglomerative clustering [3], the distancesmof a
A user will interact with the results of AutoAlbum in image! to all other images are considered. If the set of
the following way. First, for every album, a representa- semantically related images fois fixed as the size of the
tive thumbnail image is displayed. Therefore, the first user database grows, and if there is a constant probability that
step is to search through all of the albums. The representaa given unrelated image is closer to imafthan the clos-
tive image reminds the user of the desired picture, either byest related image, then the probability that the closest im-
image similarity, semantic similarity, or simply by being a age to! is semantically related té decays exponentially
memory aid. When the user has identified a likely album, with database size. However, with ordered clustering, the
he or she clicks on the representative image. AutoAlbum distances fronY to only two other images are measured.
then shows thumbnails of all of the pictures in the alboum. Therefore, the quality of the clustering should be indepen-
The user then clicks on the desired image. Thus, AutoAl- dent of the database size.
bum generates a two-level deep tree (see Figure 3). Figure 3 For both time-based clustering and content-based clus-
is purely schematic: the representative images and the im-ering, the albums and the images within the albums should
ages inside one album are presented in a two-dimensionabe displayed in the order that the photos were taken. This

matrix, similar to a photographic contact sheet. intuitive order corresponds to the order that people nolgmal
store their photographic prints [9].
2.1. Clustering Scenarios Time-based and content-based clustering can also be

combined. Time-based clustering can be used first. If the
creation time is preserved, then small semantic clustdfs wi
e produced. Otherwise, large clusters will be produced.
hese large clusters can be further broken down by content-
based clustering into smaller clusters.

In order to improve clustering beyond simply using im-
age features, AutoAlbum uses metadata associated wit
digital photography. Depending on the camera and the
download method, two different types of metadata for digi-
tal photographs are commonly preserved.

The first type of metadata is the creation time (and date) 3. Clustering via Best-First Model Merging
of the photo. Many digital cameras save the creation time
along with the photo. Under some circumstances, this cre-  AutoAlbum uses probabilistic clustering to get the best
ation time is preserved as the data is downloaded from thecontent-based clustering performance. Probabilististelu
camera. For example, directly reading the flash card of theing creates a conditional density model of the image data,
Kodak DC260 preserves photo creation time. where the probability of generating an image depends con-

The clustering algorithm for the first type of metadata ditionally upon the cluster membership of the image. In this
only uses the creation time and ignores the content of thecase, the clustering metric is the likelihood of the databei
image. This is calletime-based clusteringThe clustering  generated by the model. In other words, AutoAlbum uses a
algorithm starts a new album if a new photo is taken more maximum likelihood formulation.
than a certain amount of time since the last photo. Cluster- The probabilistic model used is a Left-Right Hidden
ing on the creation time works extremely well: temporally Markov Model (HMM). Album membership is a hidden
related pictures are almost always semantically related.  state variable. For every state, there is a generative model

The second type of metadata is the order in which the for images in that state. This generative model is content-
photos are taken. This metadata is used when the camersyased: it is a probability of generating the pixels of the im-
download method, or storage method does not preserve theage, conditioned on the state. Also for every state, theae is
photo creation time. For example, the camera clock may probability of transitioning to the next state when present
get reset due to dead batteries. Or, on some cameras, if thevith a new photo. This HMM model makes the reasonable
pictures are downloaded via a serial cable, the creatioa tim assumption that consumer photographs can be described as
of the file is the download time, not the true photographic piecewise stationary: a user’'s photographs can be grouped
creation time. into contiguous clusters, each with similar image characte

However, even when the creation time is destroyed, theistics. If D is the image datad is the album assignment,
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Figure 1. AutoAlbum assumes a Hidden
Markov Model of photograph generation

andM is the HMM model for the photographs, then

P(D, AIM) = P(D|A, M)P(A|M) (1)
The image generation modét(D|A, M) is further de-
scribed in Section 3.1.

The Baum-Welch algorithm [8] can be used to fit an
HMM to a shoebox directory of photos. However, there
is a severe problem with this method. As applied to Auto-
Album, the Baum-Welch algorithm starts with an initial as-

pair of adjacent models causes a loss of data likelihood, be-
cause one combined model is more general and cannot fit
the data as well as two individual models.Z is the log
likelihood of all of the pixels assigned to an albutngiven

an associated model &f, and if alboumsX andY” are being
merged to form albun¥, then the change in log likelihood
associated with the merging is

AL=1Ly; — Lx — Ly. (2

The log likelihood of an album is defined in (3). Note that
the change inP(A| M) due to a merge is tiny compared

to the change irP(D|.A, M), hence is ignored. Best-first
merging greedily merges the two adjacent models that cause
the least loss of data likelihood.

The merging is repeated until a desired number of clus-
ters is reached. For example, an average of 8 pictures per
album may be desirable, so the number of clusters can be
1/8 the number of pictures. Alternatively, Bayesian tech-
nigues may be used to stop the model merging, as in [12].

For high-speed implementation, Omohundro [7] sug-
gests storing all possible merges in a priority queue. One
step of best-first model merging with a priority queue only
requiresO(log V) time, whereN is the current number of
clusters. Clustering of 405 images into 60 albums requires
0.34 CPU seconds on a 266 MHz Pentium Il (not counting
time to compute the image features).

signment of photos to albums and improves the assignmen3.1. AutoAlbum’s | mage Gener ation M odel

until a local maximum is reached. In practice, Baum-Welch
only makes minor changes to the initial assignment, which
produces unusable albums.

Best-first model merging [7, 12] helps avoid the prob-
lem of local maxima by stepwise merging adjacent clusters.
Best-first model merging is similar to agglomerative clus-
tering [3], except that it is probabilistic and works on an
ordered data set.
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Figure 2. Best-First Model Merging

As applied to AutoAlbum, best-first model merging
starts with every image having its own model. Merging a

AutoAlbum assumes that each HMM state generates the
colors of the images in the corresponding album. The gen-
erated colors are at lower resolution than the original phot
The luminance of the images is assumed to come from light-
ing conditions, rather than from the state variable. This
model was chosen after empirically testing several differe
models: it was the model which gave a content-based clus-
tering that most closely matched the time-based clustering
on the same data.

The colors are defined in the 1976 CIE' perceptu-
ally uniform color space [4]. The generative model is a his-
togram:u'v’ space is divided into 256 square bins (16 bins
on aside). The modelis that a bin is chosen with probability
proportional to the stored histogram count and the color of
a pixel is the color of the center of the chosen bin. There are
16 bins inu' that span from 0.1612 to 0.2883. There are 16
bins inv’ that span from 0.4361 to 0.5361. Colors outside
of these spans are clipped to the nearest bin.

During the best-first model merging, only the histogram
statistics for each album is kept, to increase the speed of
the clustering. The log likelihood of the pixels in albukh
given the 256 histogram couni§; is given by

LX:zi:X,;log< )

X
Zj X

3)



When two histograms are merged, the counts in each correa clustering that completely matches the human judgement.

sponding bin are summed together. The F1 scores for AutoAlbum are shown in Table 1. As
At the first stage of best-first merging, each image has its g baseline, the images were clustered into 60 equal-sized al
own histogram model. Each histogram is initialized with all bums for P and 106 equal-sized albums for R. The F1 scores
bins equal to a small value (10/256), which implies that the for this simple algorithm are also shown in Table 1. For
histogram estimate will bemaximum a posterioestimate,  comparison, the results for all of these methods are shown

and that the prior probability for this estimate is a uniform for the subset of the R dataset that has non-corrupt creation
prior over all colors. Then, the image is downsampled by times (the R1 column).

the lowest integer scale so that the final width is near 80

pixels and the final height is near 64 pixels. The RGB pixel Photographer
values are converted gv'. =] R R1
The hlstqgram is fl_thher smoothed W|th_ a kernel. II.:or Time clustering 96.1% 35.8% 61.9%
everyu'v' pixel value in the downsampled image, a bilin- Content clustering | 58.3% 64.5% 67.6%
ear tent-sh.aped kerljel is pla}ced. overth'e pllxel valuéqivh Combined clustering 96.1% 65.1%  65.4%
space. This kernel is two bin widths wide in each dimen- Equal-sized clusters| 40.2% 51.0% 50.4%

sion. The histogram bins are then increased by an amount
equal to the value of the kernel at the center of each bin.
For example, if a pixel value lies directly on a bin center,
that bin is increased by 1, and no other bins are changed.
If a pixel value lies in the exact center of four bin centers,
all four of those bin centers are increased by 0.25. Thus,
the histogram counts are bilinearly interpolated. Thisiint
polation is used to make the histogram model insensitive to
small changes in color: slight changes to a pixel alters the
model only slightly.

Table 1. F1 Clustering Performance

Table 1 shows that both time and content clustering work
well in different situations. For the P data set, time cluste
ing is very close to the human-selected albums. For the R
data set, the time is corrupted, so time clustering is worse
than baseline. However, combining the time and content
clustering works well for P, R, and R1.

Qualitatively, the content-based clustering of AutoAl-
bum works very well. In Figure 3, content-based clustering
separates photos corresponding to the outside of a house, a

To test AutoAlbum, data was gathered from two pho- party, furniture in a living room, chairs in a hallway, and
tographers (R and P) over a period of time. The creation gytdoor shots of buildings.

times of the photographs were preserved. R took 1320 pho-
tos over the 12 months, while P took 405 photos over 4
months. The first 294 photographs of R have a corrupted

creation time, which makes the R data set challenging. the highestP(D|.A, M). More testing is required to opti-
To provide a “ground truth” for AutoAlbum, the author mize the choice of representative photo.

hand-clustered the data sets into contiguous semantic al- . . .
. . . The user interface of automatically generated albums is
bums. Time-based clustering, content-based clustendy, a o .
very intuitive. Examples of these albums are available at

a combined clustering algorithm are applied to the set. The, ~° ) .
time-based clustering used a threshold of one hour. Thehttp.//research.m|crosoft.com]platt/autoAIbum/ex.html

content-based clustering ignored the time of the photo and

only used the order of photo creation. Content-based clus-5_conclusions

tering was halted at the same number of clusters as the time-

based clustering: 60 for P and 106 for R. The combined

clustering started with the time-based clusters, and aplit In summary, AutoAlbum automatically clusters con-

cluster equal to or larger than 48 images into content-basedsumer digital photographs into albums. The user only needs

clusters with an average size of eight. to search a small number of albums, select a likely album,
The effectiveness of AutoAlbum is measured via the F1 then search the photographs within the album. The albums

metric. Every image is considered a query. The clusteredare generated by clustering, either by time and/or by con-

album that contains the query is considered the query resulttent. The content-based clustering is accomplished via bes

while the human-generated album that contains the query isfirst probabilistic model merging, which forms clusters out

considered the truth. The true positives, false positiaad, of temporally contiguous photographs. Even though the

false negatives are microaveraged over all images, and theslustering metric is simple, the resulting albums are fre-

F1 score is then computed. An F1 score of 100% indicatesquently semantically meaningful.

4. Experimental Results

The representative photo from each album is simply the
photo in the center of the ordered cluster. Another way of
generating representative photos is to choose the image wit
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Figure 3. AutoAlbum Creates a Two-Level Hierarchy of Albums
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