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Abstract into a table of contents. This table of contents is presented in an

) overview+detail [10] user interface.
This paper presents Photo Table Of Contents (PhotoTOC), @ SySgection 2 describes a new user interface: PhotoTOC. We

tem that helps users find digital photographs in their own €Ol eqent the algorithmic details of PhotoTOC in section 3. We
lection of photographs. PhotoTOC is a browsing user interfagg,scribe a user study in section 4, which compares PhotoTOC to
that uses an overview+detail design. The detail view is a tempgr,q prowsers on searches through users’ own photographs and
rally ordere’d list of "?‘” of the user's photographs. The OVEIVIEYs|der structure. In that study, PhotoTOC did not sacrifice perfor-
of the user's collection is automatically generated by an imagg, e compared to other browsers. In addition, PhotoTOC was
clustering algorithm, which clusters on the creation time and tr}%ted by users as the most efficient browser. Thus, PhotoTOC is
color of the photographs. PhotoTOC was tested on users’ oWk, first automatically organized media browser that has scored

photographs against three other browsers. Searching for imaggg,,y higher in subjective satisfaction than browsing with a
with PhotoTOC was subjectively rated easier than all of the Othﬁrser’s own folder structure.

browsers. This result shows that automatic organization of per-
sonal photographs facilitates efficient and satisfying search. 11 Related Work

: There have been several image browsers proposed in the liter-
1 Introduction ature. In Similarity Pyramids [2] and the work of [12], pho-

Taking photographs with a digital camera is so convenient arf@graphs are organized and clustered according to their color. In
low cost that it is easy for a user to generate more than 10§®@l; Photographs are clustered according to their creation time.
photographs per year. This flood of photographs presents a uliepther work [3, 6], the browsing interfaces work by strongly
interface challenge: how can a user find photographs in his or H¥icouraging users to annotate their images. In PicHunter [4], in-
collection? stead of a fixed organization, a dynamic organization is created

Previous work in image browsing, search, and managemeM having a user iteratively select one photograph out of four that
has largely concentrated on solving the problem of a user interal§t-the most similar to the desired photograph. PhotoMesa [1]
ing with a large, impersonal, possibly annotated image databa§€s @ zoomable user interface to browse personal photographs.
Unfortunately, many of the lessons learned from that probleff [7], ime and color clustering are combined in order to separate
may not carry over to searching through one’s own personal ph@vents in a photograph bro_wser._ Note that none of the previous
tographs. Unlike interacting with impersonal databases, usdf8age browsers were studied with users’ own photographs, nor
have very good memories about photographs within their pefere they tested against browsing users’ own folder structures.
sonal collection. Also, users are often reluctant to spend effort Automatic table of content generation has previously been pro-
annotating their own images: the images will often be storggsed for media types other than photographs. Hypertext is an
in a small, shallow hierarchy of folders on a computer. Usef@xample of a media type that is amenable to automatic table of
can therefore spend a large amount of effort with browsing toof®ntent generation [8]. Video has been temporally segmented for
searching through disorganized collections for their photograptigene detection to build a video table of contents [13].

These issues have not been studied by previous work, because
user studies have not been performed on users’ own photograghs PhotoTOC User Interface
and folder structures.

We propose that users should interact with their personal phd/e have created a new image browser, called “PhotoTOC,” for
tographs through the use of an image browser which automaihoto Table of Contents. PhotoTOC is shown in figure 1. Pho-
cally organizes the user’s images. To this end, we present PhotdOC is an overview+detail interface. The selection of the
Table Of Contents (PhotoTOC), a browser for personal digitalverview photographs is performed by a clustering algorithm, de-
photographs that uses a clustering algorithm to automaticakgribed in the Section 3. The detail pane contains an array of all
generate a table of contents of a user’s personal photograph auflthe user’s photographs, sorted by creation date and shown as
lection. The clustering algorithm segments the stream of phtiumbnails. Clicking on a detail thumbnail shows the full-sized
tographs into events by analyzing both the creation time of thmage. Clicking on an overview thumbnail from the left pane
photographs and their color histograms. PhotoTOC then autgerolls the detail pane to show the corresponding cluster within
matically chooses one representative image per cluster to plabe entire list, with the first thumbnail of the cluster at the top



of the pane. The thumbnail that was selected in the overvie8i1 Clustering Algorithms
pane is highlighted in red in the detail pane, to orient the us
and give feedback for the overview selection action. The user
free to use the overview pane to “power scroll” the detail pane,
simply scroll the detail pane and ignore the overview pane.
correctly anticipated that allowing the user the freedom of eith
using overview selection or detail scrolling would increase us
satisfaction.

She goal of time-based clustering is to detect noticeable gaps in

e creation time. A cluster is then defined as those photographs
?5lling between two noticeable gaps. These gaps are assumed to

rrespond to a change in event. The time gap detection is adap-
Give: it compares a gap to a local average of temporally nearby
%faps. A gap is then considered a change of event when it is much
longer than the local gap average. Time gaps have a very wide
dynamic range, thus the gap detection algorithm operates on log-
arithmically transformed gap times.

Time-based clustering first sorts the photographs by creation
time. Then, ifg; is the time difference between pictuieand
picturei + 1 in the sorted listgy is considered a gap between
events if it is much longer than a local log gap average:
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where K is a suitable threshold (chosen empirically to le=
log(17)), andd is a window size (chosen to lae= 10). If N +4
refers to a photograph beyond the ends of the collection, the term
is ignored, and the denominatd + 1 is decremented for every
ignored term. In effect, equation (1) compares a gap to the a local
geometric average of gap times, and declares an new event when
the difference is large enough. The algorithm that adaptively de-
termines the gap between events is new to this paper: previous
versions of time-based clustering [11] used a fixed threshold.

PhotoTOC combines time-based and content-based clustering
because the creation times are not always reliable. A signal of
unreliable creation time is that time-based clustering yields large
Figure 1: A screen shot of the PhotoTOC user interface  ¢jysters. Therefore, PhotoTOC uses this signal to combine the
time-based and content-based kinds of clustering.

at http://research.microsoft.comjplatt/ autoAlbum/ex2.html age. If this time is unavailable or considered corrupt (i.e., before
Jan 1, 1999), then the file creation time is used. The images are

sorted and then the time-based clustering algorithm is applied to
3 Algorithms the images. If any of the time-based clusters are too large (i.e.,
more than 23 images), then content-based clustering is applied

PhotoTOC attempts to identify events in a user's collection. Ide&® €ach large cluster, which produces a number of smaller clus-
tifying events from pure image information is very difficult. ters. The number of content-based clusters is 1/12 the number of

However, almost all digital cameras time stamp each photograpRotographs in the large cluster(rounded to the nearest integer).

when the image is created. This choice of cluster number yields a “zoom factor” of the de-
Unfortunately, time stamps are sometimes incorrect due to Lyl vieyv of app_roximately 1_2' All of the_resulting clust_ers are

improperly set camera clock. Also, some users have scanned pHiEn displayed in the overview and detail panes. Details on the

tographs, which do not contain photo creation time. The file cr&ontent-based clustering can be found in [11].

ation date, file modification date, or filename can still be used .

order the photographs, although extracting events is more difi?—'2 Representative Photographs

cult when the true creation time is missing. For cases where tit¢e use a new algorithm to choose one photograph from a cluster

creation time is missing or corrupt, PhotoTOC uses the order tfat is the most representative of that cluster. The photograph is

the photographs plus the color information in the photographs thosen by measuring the Kullback-Leibler (KL) divergence be-

identify events [11]. Because digital photographs can be orderggleen the histogram of every photograph in the cluster and the

in time even when the exact creation time is unavailable, addirgeraged histogram over all photographs in the cluster. More

color information is sufficient to identify events. specifically, letP;; be the normalized histogram count in hin
Thus, there are two different clustering algorithms that can Her picture j. Let A; be the average histogram count in bin

applied to a user’s collection of photographs. One is time-basedter all images in the cluster. Then, the pictyrie chosen to be

clustering, where the creation time is used to cluster the phtepresentative when it maximizes

tographs. The other is content-based clustering, where the cre-

ation time is used only to order the photographs, and color in- Zpij log (Pij/A;) - @

formation is then used to cluster. The time-based clustering is g

preferred when the data is reliable: the content-based clusterifignages of an event have a number of uniquely colored regions,

is used as a backup algorithm. then the image with the highest number of those regions will tend




to get selected by the KL divergence metric. Poor quality imagekl Task Definition

very rarely get selected by the KL divergence criteria: all of the .

selected overview photographs in the user study were of godynen a user searches or browses for a digital photograph, they

quality. More sophisticated algorithms, based on object recogiflave an end goal in mind. For example, it could be showing the

tion, would be a subject for future work. photograph to a friend or placing it on a web page. Under many
of these scenarios, the user is searching for a particular photo-

graph that has some significance. The user has a mental image of
. the desired photograph and searches his or her collection until a
4 Experiment photograph that matches the mental image is found.

) ) We could ask a user to repeatedly think of a photograph in his
The experiment was designed to test PhotoTOC versus two stgfiner collection, and then find it. However, this could introduce

dard browsers (Folders and LightBox), and versus a previous Veficontrolled variability into task difficulty. For example, the user

sion of the user interface (AutoAlbum [11]). Folders is a tramay select the next photograph based on how easy it is to find
ditional folder browser with thumbnails for each image. Lightypat photograph in that particular browser.

Box is a thumbnail browser that shows all of the pictures in a

flat, scrolllab!e l.iSt’ ordered by creation time (see Figl.”e. 2). ALEulty, we select a randomly chosen photograph from the user’s
toAlbum is similar to PhotoTOC, except that the detail view onl wn image set. This photograph is presented to the participant as

shows phot_os n th? cluster selected by the user in the Overv'%v‘farget for search. Showing this photograph emulates the mental
pane. In this experiment, AutoAIt_)um and PhotoTOC s_hared tlﬁ}age that the user has when searching for a desired photograph.
same clustering and representative photograph_ algorithms. In, debriefing sessions with our study participants, we were told
browsers (except Folders) provided calendar hints (month aﬂ%t this task fairly represents the actual task of trying to find a
year). picture some period of time after storing it in a digital collection

of images.

In order to achieve better experimental control on task diffi-

A Photographs in d:\autoalbumdata!

4.2 Experimental Details

There were 8 participants (1 female) with an average age of 36.9
years. Two participants were from Microsoft Research, the rest
were not Microsoft employees. Each provided a personal set of
digital pictures (their libraries ranged from 345 pictures to 1298
pictures, average size was 850 pictures). All users were at least
intermediate Windows users as assessed by a background screen-
ing questionnaire. Participants had a range of experience with
photography: skill levels ranged from casual photographers who
simply took photographs of their vacations all the way up to a
professional wedding photographer.

The picture browsers were executed on a high-end PC running
a beta version of Windows XP. A NEC MultiSync FE1250 21"
monitor was used. The user’s display was a CRT set to 1280 by
1024 resolution: the browser occupied a 1024 by 1024 window,
: while the search target occupied a 256 by 256 image in the up-
B ; per left hand corner of the screen. The maximum dimension of
the image thumbnails for all browsers except Folders was 128. In
Figure 2: A screen shot of the LightBox user interface  the Folders browser, folder contents were shown as image thumb-
nails plus a filename for each image. The thumbnail plus filename
filled a region of 144 by 96 pixels, which was comparable to the
The Folders browser is a standard hierarchical folder browsggreen area per thumbnail of the other browsers. All thumbnails
Each folder was represented with an icon of a folder, four smadke computed only once and then cached, so that system response
thumbnails, plus a folder label; rather than with a representatii#fferences across the browsers were minimized.
thumbnail without a label, as in the AutoAlbum browsers. The The four browsers were presented to each participant in ran-

contents of a folder are shown as thumbnails. A user can doublgsm order. For each browser, there were two practice trials and
click on a folder to show its contents, and click on an “up” buttoRen measured trials, for a total of 320 data points over all sub-
to go up in the folder hierarchy. A folder tree view was alsQects. The experimenter ensured that the participant did indeed
available. find the correct photo. When the participant locates the target

The Folders browser was included to test whether automaiimage in the browser, he or she is instructed to press a “Finished”
organization was the same or better than the user’s organizatton in the experimental program window, which is displayed
tion using existing tools. The LightBox browser was includedo the upper left side of the browser’s window. This allows us
to test whether organizing by clustering (versus merely sortingd collect timing information across the various image browsers
improved user performance and satisfaction. The AutoAlburfior comparison purposes. After each browser was used, a sat-
browser was included to test whether design iteration improvesfaction questionnaire about that browser was presented to the
the browser. participant.

&) Fiesj§j0:autoalbumdatafsdumais/DCIM




4.3 Results tests revealed several significantly higher ratings for the Photo-

Two outliers were identified from the 320 data points. These We;lzeoc browser compared to the other browsers. Al statistically

. - ignificant differences are shown in boldface in Table 1.

the only points more than 5 standard deviations from the mean (i e . . -
o Overall, the individual questionnaire data indicates that users
log space), and both appeared to be unrealistically fast responses:. ) . C
. ink that using PhotoTOC to browse photographs is subjectively
These two values were replaced with the mean response rate (in . ) ;
: . asier than a folder browser, a detail-only view, and AutoAlbum.

log space) for a given browser and trial.

. : N Subjects felt comfortable with their own organization of photos,
The completion times were transformed logarithmically, a; . .
. . - . : ut we suspect that, over time, they would begin to trust the au-
is standard in the statistical analysis of response times.

Browserx Trial RM ANOVA was performed on the log task com- tomatic clustering algorithm.

Lo . o The PhotoTOC versus AutoAlbum results show that good in-
pletion time data. The type of browser contributed SlgnlflcantlYerface design is important for high satisfaction: the two browsers
to the overall varianceH(3,21) = 3.191, p < 0.047), resulting g P 9 )

in a reliable main effect. The Light Box condition had a meaﬁff\g;(;(t)rr:erggmgunderlymg technology, yethave very different sat-
completion time of 28.4s, PhotoTOC had 37.3s, AutoAlbum had '

45.1s, and the Folders browser had 58.7s, as shown in Figure 3. Folders Light- Auto- PhotoTOQ
Box  Album
90 | like this
a image browser. 2.63 2.88 2.50 3.25
E 80 This browser
g 70 is efficient. 2.63 2.88 2.38 3.38
> 60 = : This browser
£ o B Light Box is easy to use. 325 363 3.50 3.88
< & PhotoToC This browser
3 401 1 0 AutoAlbum feels familiar. 388 363 3.0 3.00
o | O Folders -
E 301 Itis easy to
© 20 find the photo 2.75 2.75 2.50 3.75
g 104 | am looking for.
2 A month from
<0 now, | would still
Image Browser be able to find 363 325 325 4.13

these photos.
| was satisfied
with how the

pictures were 3.50 2.75 2.63 2.88

- . ... | organized.
Pair-wisepost hoccomparisons across the browser conditions 9

showed that there was no significant difference in task completigr‘ﬁverage
time between any two browsers. . : . - .
R . . Table 1: Mean satisfaction scores across participants, using a 5

There Wasa3|gn|f|can_tllnear c_orrelat,lon between the log oftrbe int Likert Scale with 1 being strongly disagree and 5 being
number of photograp_hs In a participant's database and the_ IOSz"s??ongly agree (boldface marks significant differences).
the task completion time. This accounted 16r9% of the vari-
ance % = 0.109, F(1,318) = 38.85, p < 0.001). The slope
of the correlation i$).883 + 0.142, which is not significantly dif- . .
ferent from a linear time relationship between task completiof]i'4 Discussion
time and size of database. No significant differences in the lineafthough the completion time data and the overall questionnaire
correlation were found between browsers. This confirms the linlata provide some initial evidence of the superiority of Photo-
ear time relationship in image browsing reported by [3], in thiTOC to some or all of the other browsers studied, only certain in-
case on somewhat larger data sets. Unlike [3], each participatividual questionnaire items revealed statistically significant dif-
browsed their full personal database of images. Therefore, in tferences between browsers. The lack of a reliable performance
present experiments, participant speed is confounded with imagévantage could be due to the limited number of users in the user
database size. The linear time result should thus be considegtddy, which limits the statistical power of our comparisons.
preliminary. Many interesting image search behaviors were identified dur-

The satisfaction scores, taken after each condition was coing the user study. For example, it was often observed that sub-
pleted, are shown in Table 1. These scores showed that Phgt®ts were quite good at determining the approximate time that a
TOC was viewed most favorably on average, followed by Foldpicture was taken. However, sometimes their hypotheses would
ers, Light Box, and AutoAlbum. A BrowsemQuestion RM be wrong (probably based on some cue in the target image itself),
ANOVA indicated that variance explained by browser was norand these would lead users down garden path searches that they
significant. However, there was a significant effect of quesstrongly believed were correct. For example, one participant mis-
tionnaire item £(6,42) = 4.77, p < .01), as well as a recognized one target as taking place on a different lake, which
significant interaction between browser and questionnaire iterwaused them to look around for the target in the wrong month.
(F(18,126) = 2.1, p < .01). Planned comparisons for eachWhen their theories failed, subjects would resort to serial search,
individual question using the Bonferroni correction for multipleeffectively scrolling through their entire database either forward

Figure 3: Mean task completion time for all four browsers, witl
error bars representingl standard error of the mean

=

\ 3.18 3.11 2.82 3.46 ‘




or backward. In addition, it was observed that participants wouldcknowledgments
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the Folders browser, where the user descended up and down the

folder hierarchy repeatedly. Participants sometimes found this

quite frustrating, which confirms research that has shown theeferences
Isearc_hlng th_rough hierarchies is proble_:matlc, even for falr!y shal-[l] B. B. Bederson. Quantum treemaps and bubblemaps for a
ow hierarchies [9]. Analogous to [3], it would be interesting to .

combine content-based image retrieval with image browsing to zoomable image browser. Froc. User Interface Systems
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2002.
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