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ABSTRACT available is a file manager with integrated support for

We developed two photo browsers for collections with viewing images and thumbnails. Such functionality is

thousands of time-stamped digital images. Modern digital found in Windows XP, Mac OS X, and standalone

cameras record photo shoot times, and semantically relateéhrowsers such as ACDSee [4, 5, 6]. Although simple to
photos tend to occur in bursts. Our browsers exploit theuse, these tools tend to be limited, and do little to help users
timing information to structure the collections and to organize their pictures more effectively than they can in the
automatically generate meaningful summaries. The physical world.

browsers differ in how users navigate and view the
structured collections. We conducted user studies to
compare the two browsers and a commercial image
browser. Our results show that exploiting the time
dimension and appropriately summarizing collections can
lead to significant improvements. For example, for one
task category, one of our browsers enabled a 33% )
improvement in speed of finding given images compared toPhotoMesa and iPhoto are both examples of photo
the commercial browser. Similarly, users were able to browsers which automatically group images for display.

complete 29% more tasks when using this same browser. PhotoMesa groups by folder, year, and month, and iPhoto
groups by “roll” (batch of photos downloaded to a

computer at once) [9, 10]. This approach helps give more
dstructure to the images than an enhanced file manager, but
requires none of the time-intensive annotation of the
database systems.

Our approach to this problem builds on the idea of
utomatically grouping photographs. Instead of using
etadata that is directly available in the file system, we

analyze the photo creation process and construct a variety

8f organizational structures. For instance, we can
automatically organize photographs by event, realizing that

(PDL) facilities remained overwhelmingly textual. By tsequtﬁmr:?r? ticr)r]: ptﬂo';os of onne evfen;[hvvrlll hbi taken closer
PDLs we mean bodies of information that are mostly of ogethe € than sequences of other photos.
importance to individuals or small groups. An additional design goal was to build a system that could
Two changes over the recent years have made thqs)cale to visually browseahfetlmesworth of pho_tographs.
hoto browsers are notoriously poor at scaling, often

development of PDLs with image content urgent. (i) nable to brovide useful visual information for more than a
Desktop machine storage has grown cheap and plentifulu provide useul visual | : A
few hundred images. Through our summarization

and (ii) entry-level, point-and-shoot digital cameras have techniques. we are able to browse tens of thousands of
reached large numbers of consumers who are not lques, w w u

necessarily deeply computer-savvy. As digital cameras dophotographs.

not require expensive film that can only be used once, userdhese techniques are part of the two-phased approach the
tend to take large numbers of pictures. This in turn resultsStanford Digital Library Project is taking to PDL image

in an image management quagmire similar to the shoeboxnanagement. During the first phase, we are exploring
phenomenon of paper prints. Professional photographerslgorithms that organize and summarize digitally created
and news reporters face the same challenge. photographic image collectionswithout any curator
ssistance, using current, mature technologies only. While
euristic and therefore imperfect, we are trying to push this
area as far as possible. We are careful during this phase to

Using a database to manage photographs is another
approach to this problem, used in systems such as FotoFile
and PhotoFinder [7, 8]. Although these systems offer

powerful search functionality, they have failed to catch on,

largely because they require time-intensive manual

annotation.

Keywords

Photo browser, image browser, Personal Digital library,
time-based clustering, ACDSee, summarization, time-base
navigation, burst identification

1. INTRODUCTION

Given the importance of multimedia digital libraries,
several project have developed techniques for searchin
video, images, and geographic data (e.g. [1, 2, 3]). A
majority of other digital library efforts focused on text,
because text is most accessible to a variety of search an
processing algorithms. Certainly, Personal Digital Library

There have been several approaches to improving theﬁ
experience of browsing and managing collections of
personal digital photographs. The most basic photo browse



design our systems such that machine image analysislisplay panel will have been taken during the same year, in
technologies can be integrated later on. this case 2001. Usually, the collection will contain many

During the second phase we will examine how gracefully MOre than the 25 im_ages. The challenge, therefore, is to
we can take advantage of incremental image captioningseleCt representative images from among the 2001 subset of
efforts that a curator might be willing to invest. The goal is "€ collection. The images in the display panel are sorted
for the collection's user interface to take advantage ofPY time and are labeled with time designations of the next-
coarse, as well as fine-grained captioning as curators creatt?Wer time granularity. In Figure 1a the labels are therefore
and refine such captions over time. In this paper we presentn® months of the year 2001.

the current state of our phase | work, which is implementedNotice that not every month is represented with the same
in prototypes. number of images. While the browser dedicates only one of

We begin with a description of one of our two browsers, the 25 precious display slots to each of January and
the Calendar Browser Next, we describe the heuristic FePruary, four slots are invested in the month of August.
algorithms that underlie this browser. The subsequentW& Will explain the allocation strategy in the next section,

section introduces our secohiierarchical Browserand a  Put roughly speaking, the allocated space is proportional to
commercial browser used for comparisons. Finally, we the number of photos taken during the respective time
present our experimental comparisons. interval.

2. CALENDAR BROWSER The two buttons in the control panel allow users to move

The Calendar Browser (CB) takes advantage of photo timethrough tim_e at the current granularity. In Figure la this
stamps. When taking a picture with a digital camera, the Méans moving backward and forward by year.

equipment records the date and time when the photo washe user 'drills down' into the collection by left clicking on
taken, as well as technical details, such as aperture settingan image. (Right clicking moves us in the reverse
distance from the focal plane, and whether a flash wasdirection.) Figure 1b shows the screen after the user left
used. This data is encoded into the image files, and isclicked on a June image. Notice that the control panel now
available to applications that access these files. Theindicates that the time granularity has changed to the month
Calendar Browser (Figures la and 1b) is an intentionally level. The control button labels have correspondingly been
extremely simple interface that uses these date/time stampshanged to ‘previous month' and 'next month'. Images in the
to enable drill-down browsing and summarization. display panel are now labeled by days within the month of

The application window is partitioned into two panes, the Juneé when the respective photos were taken. Again, not
control panel and the display panel. The display panel®Very day is represent_ed by the same number of images, but
contains space to hold a constant number of fixed-sizedll Of the 25 slots are filled.

thumbnails (in our implementation we always show up to Inspecting the display panel of Figure 1b further, we find a
25 images). At any given moment, the user is viewing clue to how representative images are selected for a 'next-
images from one single time granularity. For example, coarser' time granularity level. Notice that the largest
Figure 1la shows a screenshot of the Calendar Browser at gequences of image slots in Figure 1b are allocated for the
‘'one-year' granularity. At this granularity, all images in the 17th and the 30th of June, which contain five and four

Summary of 2001

September October November

Figure 1a: Calendar Browser, Year View Figure 1b: Calendar Browser, Month View



images, respectively. The 24th and the 27th are tied withbursts" by comparing relative rates of activity within the

three images. Referring back to Figure 1a, notice that onecluster. For example, the rate at which pictures are taken is
image from each of the two largest June sequences, and onéely to be higher when someone is opening presents or
image from the 27th were picked to represent June for theblowing out candles on a cake. By encoding these sub-
year 2001. events within our cluster structure, we gain an even more

Users may now left click on an image in one of the June &ccurate portrayal of the collection.

days to see a summary of the photos that were taken on thdflore generally, we can say that the burst structure within
day. If a user left-clicks on an image at the day granularity, collections of personal photographs tends to be recursive,
that image will be placed in the center of the display panel,where bursts make up bursts etc. We represent this
and the space around the image will be filled with the recursive burst structure using a tree of clusters, where
photos taken immediately before and after the centerphotographs are stored only at the leaf nodes.

image. No summarization is applied at this level. USers rjg re 2 shows an example excerpt from a cluster tree. The
may navigate using the previous and next buttons, to MOVape|s of the nodes are added here for clarity. Our system
through the un-summarized photographs 25 images at &jges not generate them automatically. Each cluster node's
time. internal 'label' is the time span that the images underneath
Earlier versions of this browser had several more controlsthe node cover.

that afforded the sliding of time windows and other o, custering machinery is the substrate that underlies
powerfL_JI manipulations. Preliminary, informal user tests o, phases of our project. First, we can query the cluster
made it very clear that we were l_aest Off with the i cture for information about the patterns present in the
exceedingly simple design exemplified in the figures. Both oq)jection, such as: the number of images in a cluster, the
novices and experts preferred this simpler interface. number of clusters in a time span, the time span of the
3. TIME BASED SUMMARIZATION images within a cluster etc. Based on this information, we
People tend to take personal photographs in bursts. Fotan create summarization schemes for a whole class of
instance, lots of pictures may be taken at a birthday party,browsing interfaces. For instance, the Calendar Browser
but few, if any, pictures may be taken until another introduced above queries the cluster structure when it
significant event takes place. We can derive information populates the screen at different time granularities.

about personal collections of photographs based on thes
irregular, “bursty” patterns, which we analyze through
clustering techniques.

®econd, instead of operating on an image at a time, we are
able to create user interfaces that operate on entire clusters.
This will allow us, for example, to build an interface for
The goal of clustering is to expose the structure that isincrementally adding metadata to a collection (Phase Il of
present in a set of personal photographs as a result of th@roject).

way th_e user has taken t_he_ pictures. W't_hOUt realizing it, th_eFigure 3 shows the architecture that underlies the Calendar
user gives structure to his image collection by the pattern iNBrowser. The raw image files at the bottom are accessed by

which he chooses to tal_<e the p_hotograph_s. Based on theﬁ?\e Metadata Extraction module. In our case, we extract the
patterns, we can organize the images without any furthertime stamps from the digital camera files. As global

user intervention. For instance, someone may take a seriea L ; ; o
) ' . o - “Positioning systems (GPS) are integrated into digital
of photographs at a blrthQay party. By identifying th's cameras, the location where a photograph was taken could
burst, we can group these images together, thus creating a
structural unit. We call this structural unit a cluster.
Captioning Browsing Browsing
information about the set of photographs in a cluster. Much UI(s) uri Ul n
as we were able to identify the "Birthday burst" by noticing
an increased rate of activity, we are able to identify "sub- Summarizer
Alg. 1] ... |Alg. n
Captioning Cluster Query
Engine Processor
Cluster
Brian’s birthday Trip to Europe 4 of July StI’UCtS

/ \ Metadata

In many cases, we can derive even more specific

Root cluster

Y

Extraction
Friends arriving Opening presents Sub-clusters with Sub-clusters with

Image Files

photos at leaves photos at leaves

Photos Photos

Figure 2: Example of Photo Cluster Tree Figure 3: Browser system Architecture



also be extracted from the image files and introduced as dnitial clusters. We next describe this three-step process in
clustering criterion. more detail.

Alternatively, one might acquire an image analysis tool that Step 1: Create initial clusters.

extracts useful metadata other than what is stored textuallyWwe sort the list of photographs in the collection with
within the image files. For example, if we integrated a tool respect to time, and create the root node of the cluster tree,
that detects faces in images, we could enable clustering ofvhich is empty. We create the first child cluster and add it
images by whether they contain one or more people. to the tree. We then iterate through the sorted list of

The Cluster Engine uses the extracted metadata to Computghotographs. Every fime two consecutive photographs

clusters. Our time-based engine, for example, computes th
cluster tree introduced earlier. It is equally easy to cluster

the data based on location when GPS data is available. Th .
h dd the current image to the most recently created cluster.

engine's output is a store of Cluster Structures, such as t %y the time we reach the end of the list, we have a root
cluster tree. . . "

] o cluster with as many child nodes as there are initial
Client applications access the Cluster Structures storeclysters. This simple, one-tiered cluster tree represents an
through a Cluster Query Processor. This processor solvegpproximation of the medium-sized bursts in the set of
queries such as 'find all images taken during July 4, 2001.photographs. (This process is equivalent to the time-based

Browsers may submit queries to the Cluster Query clustering used in AutoAlbum [11].)
Processor directly.

iffer by more than a specified constant time difference, we
create a new cluster and add it to the root cluster.
gegardless of whether we just created a new cluster, we

Choosing a good initial time difference depends on the
Another of the Cluster Query Processor's clients is theCouection of photographs_ In generaL more dense|y
Summarizer module. In our case, the module uses time tqjopu|ated collections require smaller initial time
compute the set of images that are to populate the browser'gifferences (1 to 4 hours) for optimal clustering. Less dense
display panel. Other summarizer algorithms might base collections are less dependent on this initial clustering step,
screen allocation decisions on other criteria. and may in fact benefit from slightly larger initial time
The top layer of the architecture contains the photo differences (8 to 24 hours). It should be possible for
browsers, of which the Calendar Browser is one example.experienced users to set this parameter. However, in our
The currently unimplemented captioning machinery will be current prototype it is fixed at four hours, which usually
another client (shown in white). works well.

3.1. Time Cluster Engine Step 2: Split initial clusters.

There are many ways to cluster images based on timdn Step 2 we want to further refine these clusters, by
metadata. For instance, one might use a K-means algorithngplitting them into appropriate sub-clusters (i.e. adding
to cluster photos taken at about the same time. Anotherchild nodes to the initial clusters).

approach is to use time data to help improve the accuracyburing clustering, Step 1 could not take into account the
of clustering photographs using image analysis. rate at which photographs were taken within a cluster. Now
AutoAlbum is a clustering method that works this way that we have approximate clusters, we are able to consider
[11]. these intra-cluster rates. This enables more accurate
Our goal is to cluster photographs according to the burstclustering, as the rate at which photographs are taken is
patterns discussed earlier. The goal is achieved by groupindikely to differ significantly between types of events. For
pictures that are taken at about the same rate. K-mean#stance, while taking a hike through a forest, someone
clustering is difficult to use in this case because the specificmay take a picture every couple of minutes. In contrast,
number of bursts is not known. As well, the clusters When photographing a newborn baby for the first time, the
AutoAlbum creates are not representative of bursts, sincetime between pictures is likely to be in seconds.

bursts are likely to contain pictures that are visually we take these differing rates into account by comparing
diverse. However, the basic time clustering present ineach pair of consecutive photographs to the ‘basic’ (see
AutoAlbum serves as a useful starting point for clustering pelow for details) photographic rate of the cluster. When
by burst. we come across a pair with a time difference that appears to
In order to determine where a burst begins and ends, wed€e outside the normal range for the cluster (an outlier), we
need to know the rate at which pictures were taken within create a new cluster. This new cluster contains the images
the burst. However, in order to find out this rate, we need tobetween the previous outlier (or the beginning of the cluster
know when the burst begins and ends. We overcome thidf no previous outlier exists) and the new outlier. This new
cyclical dependency by initially clustering the images by a cluster is then added to the original cluster as a child node.
constant time difference. That is, we compare consecutiveSince photographs are only stored in leaf nodes, the
photographs, and if they differ in time by more than a photographs contained by the new cluster are removed
specified amount, we create a new cluster. This gives affom the original cluster.

reasonable approximation of medium-sized clusters. Werigure 4 shows a snapshot of this stage in the process.
then create new clusters by splitting and combining theseynitial cluster 1 has been subdivided into new clusters 1.1



created, tier in the cluster tree. This process would be

Root cluster repeated recursively, building the tree upwards from the
initial clusters.
/\ 3.2. Creating Summaries
initial cluster 1 Initial cluster n Collections of personal photographs typically contain many

more photographs than can be displayed on screen at once.
This problem applies not only to desktop photo browsers,
but even more so to low resolution devices such as
televisions, hand-held computers, and displays on digital
cameras. Most systems overcome this limitation by
/ /\ \ allowing users to scroll through sets of images.
Unfortunately, scrolling also has limitations. Most notably,

= scrolling gives no sense of overview, making it easy for
Photos i l users to feel lost in a sea of images.

An alternative to scrolling is summarization, as in the
display panel of Figures 1a and 1b. Instead of displaying all
Photos Photos images, a set of representative images is shown. Once the
Figure 4: Partially Completed Cluster Tree user finds an image from the event he is looking for, he is
able to "zoom in" and see the event in greater detail. When
) _ _ he is finished examining the event, he may "zoom out" to
and 1.2. Cluster 1.2 still contained image bursts that werereturn to the summary view. Detail is hidden when
separated by significant spans of time, so it has beenynnecessary, but available whenever needed. Overviews
subdivided again. In contrast, cluster 1.1 now contains onlygre easily seen by zooming out.
images taken during a single burst of picture-taking.

—\

New cluster 1.1

New cluster 1.2 New cluster n.1 ...

New cluster 1.2.1 New cluster 1.2.2

The input to our summarization procedure is a set of
Since bursts in collections of personal photographs tend tosequential cluster€ at levelk in the hierarchy, plus a
be recursive, we repeat this process over each newlytargetT, the desired number of representative photographs.
created cluster until no outliers remain. With the Cluster Browser, summarization always starts
To find outliers in a cluster, we compute all the time Wwith a single day, month or year cluster, but in general we
differences between consecutive photographs. We then findcan summarize a set of consecutive clusters. The following
Q,, the value that divides the lower 1/4 of the values from two steps perform the recursive summarization process:
the upper 3/4, and Lhat divides the lower 3/4 from the  Step 1: Screen space assignment

upper 1/4. A difference is an outlier if is greater thantQ  If there are T or fewer photographs iiC, creating a
2.5¢(Qs-Qy). (The value 2.5 was selected empirically.) For summary is triviall we assign screen space to each of the

each outlier, we split the cluster at the time that the largeimages. Otherwise, we use the following rules to assign
difference occurred. screen space:

Step 3: Create parent clusters. _ 1. Assign one space to each cluste€inThis ensures that
This step is much like Step 2, except that instead ofthere will be at least one photograph from each cluster in

splitting initial clusters into more Specific clusters, we the summary. If we are unable to give one space to every
combine initial clusters into more general clusters. One clyster, we give priority to larger clusters.

way is to use a fixed year-month-day hierarchy for the . . :
higher levels. That is, for each cluster C discovered in Stepz' Say we assigndd spaces in Step 1. We then assign the

1, we determine the date of its first photograph, and then'€MainingT — M spaces to clusters in proportion to their
we make C a child of the appropriate day in the year- SIZEs.
month-day hierarchy. Any C children determined in Step 2 For example, say we are summarizing three clusters.
will continue to be children. Note that a given day may ClusterC, (including its children) has 20 photds; has 10
have multiple clusters in it. This approach is used in ourandCs; has 5. Our target is 10 summary photos. After we
prototype, and is useful for creating summaries that areassign one slot for each cluster, we are left with 7 spaces,
intended to be navigated using time-based interfaces, as i§0 we give 4 more t@,;, 2 toC, and one tdCs. Thus,C,

the case with the Calendar Browser. gets a total of 5 spaces; gets 3, an&; gets 2.

An alternative is to create the higher levels of the hierarchy These rules are based upon the notion that summaries
using statistical techniques analogous to the ones of Step 2should show as much variety as possible within the given
For example, instead of analyzing the time between time range. This is achieved by giving summary space to as
photographs as we did in Step 2, we could analyze the timenany clusters as possible, regardless of cluster size. For
between clusters. Clusters that are relatively closer togetheinstance, a given time range may contain two bursts: a
to each other than other groups of clusters could then bevacation when 100 photographs were taken, and an old
combined into parent nodes at a higher, possibly newlyfriend's visit when two photographs were taken. If we



simply assigned screen space based on cluster size, == x4
. . . Clusters: All photos around 4:00 PM, June 30, 2001
summary of ten images would contain only images from r=w=——

January

the vacation. Images from different clusters tend to be more | o

March (427)
Apil153)

distinct than images within a single cluster. Thus, by sz

prioritizing summary images from different clusters, we Tesinio )

ensure more variety. e ‘ a B 'F;,r'
19 12:25 AM (37) "

4

201114 AM (3]

Step 2: Selection of summarization photographs & soP

24 201 PM (10)

As a result of Step 1, each clus&iin C has been assigned Senmiby

we recursively repeat Step 1 to allocateThgpaces t€/'s
30 320 PM(2)
30 407 PM (17)

a target number of photds If C; is not a leaf cluster, then 7 it
children. (Recall that iC; has children, only its children B sy
have actual photographs.) Eventually we obtain a numbe n s

of spaces assigned to each leaf clust&.in o

August [@17)

There are several options for choosing representative i
images in leaf clusters:

e photographs separated by smallest difference in
time - Images with little time between one another Figure 5: The Hierarchical Browser
are likely to be of the same subject. Any event that
warrants multiple photographs is significant
enough to be considered representative. Thus, onesuggested that we borrow the explicitly hierarchical
of the photographs of the sequence would be abrowsing controls of the Windows File Explorer and
good candidate for the summary. Macintosh Finder utilities. Figure 5 shows the resulting

. photographs separated by largest difference in alternative browser, which we also implemented.
time - Images with lots of time between one The left panel contains a tree widget whose nodes at its
another may visually differ greatly from one different levels correspond to times at a given granularity.
another. Thus, the photographs right before or Outermost nodes correspond to years. Once a year is
after the long time interval may be of interest. opened up by clicking on the square next to the year's label,
months are shown indented. Users may open and close
nodes at various levels, just as they do when browsing a
hierarchical file structure. The numbers in parentheses next
to each node label are the numbers of images nested below
that node. For example, Figure 5 shows that on June 30,
2001, 25 photos were taken between 3:20pm and 5:48pm.

+ custeruide image analysisBased o the mage T WWTOCT o enties on cach eve depend on e fesute
properties of the cluster, it may be good to include images taken or£1J J?Jne 20.are combineg ir'1 a single entr
an image that best represents the visual 9 9 Y,

characteristics of the cluster. June 30 ended up containing five sub-clusters, each being a

he t N I burst of picture-taking.
In our prototype, we use the first two heuristics only. First, : . .
we look for the smallest time difference between The right pane is the same as the display panel of the

consecutive photographs, and we select one of the tWOCalendar Browser, except that clicking on an image has no

involved. If we still need additional summary photographs gg\?g:é dTigethfgr][fggngf]}tlro?fvvig”gltng Ng?t\a,v?ha!cs uIrTIislia%e
for the leaf cluster, we look at the largest time differences : get. ’

and select the photographs involved. For example, say WeCalendar Browser, the Hierarchical Browser allows one to
need 4 summary photos. dfandb are the closest photds, drill down to sub-clusters smaller than 'a day.

is our first choice. Then say thatd is the pair with the ~ These two browsers are rather different, and before
largest difference, and that f follows. Our remaining proceeding, we needed to understand the characteristics of
choices would be, d, and eithere or f. In practice, we their design components. In addition, we were curious how
have found that the actual details of how photographs arewell either design held up against an existing, commercial

selected are not critical, as long as a reasonable strategy hoto browser. In particular, we were interested in the

e contrast and resolution information within
photographs - In some cases, choosing a
representative image is not as important as
choosing a highly visible image. Images with high
contrast and resolution tend to be easier to identify
within summaries.

used. following questions:

4. OTHER BROWSERS e How quickly can users find a given image,
As we informally tested our Calendar Browser on various especially when multiple similar images are also
users, we found that they liked the time-based approach and part of the collection?

the summarizations, but they were in disagreement on the
user interface. Some liked the browser's simplicity, others
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R even strangers to a collection benefit greatly from these
‘q_ : : browsers.

5. EXPERIMENTS

We tested 12 subjects, six computer 'novices', and six
‘experts'. We defined a novice as someone who uses
computers at most to read email, create text documents, and
browse the Web. If subjects also used other applications or
programmed, they were classified as experts. Ages ranged
from 18 to 55+. Among the twelve subjects, six were male,
six female. Professions included students, school teachers,
and university professors of varying disciplines, other than
Computer Science.

2 We videotaped and recorded all test sessions. The sequence
LN | . ™ of the subjects' exposure to the three browsers throughout
. ) : the experiment was balanced to neutralize learning effects
Figure 6: ACDSee Commercial Browser across browsers. We timed all interactions with the
browsers.

« How effectively will users find images when We used two image sets, A and B. Set A contained 1000
given a description, such as "mountains with a images, set B contained 3500. All photographs were in
sunset", "a red telephone", "a woman in a blue T- color and taken in a variety of locations, seasons, and times
shirt?" of day.

«  Will the time-based summaries facilitate searches All values reported in this paper vary in their margins of
for time-related imageS, e.g., a Halloween or a €rror between #5% and *23% at 85% confidence level.

Christmas picture? Unless otherwise stated, all results reported below are
statistically significant at 85% confidence level.

ese1zaa1En

12816
0140503

« Do users spontaneously take advantage of the _ ) o
summarizations and time-based organization? We asked subjects to complete a variety of tasks in six

i o different categories, within a maximum time limit. Tasks in
* How good is the summarization when compared category 0 involved dataset A, all other tasks operated on

to random selections of images? dataset B. In what follows we describe the task categories,
« Are there browser-related differences among and as we do so, we describe the results obtained.
computer novices and experts? Category 0: Find a given image in dataset A. Time limit:

We therefore conducted a controlled study covering our Smin.

Calendar Browser, our Hierarchical Browser, and the category 1:Find a given image in dataset B, given also the
commercial ACDSee browser. Figure 6 shows a screenshofgnth during which the image was taken. Time limit;
of ACDSee. 2 5min.

This browser arranges images in a linear order. Users Scr0|§ubjects did a total of 9 tasks: three of category 0, each

through the photos vertically with a standard scroll bar. yjth a different browser, and 6 of category 1. For the latter
ACDSee also features an integrated file browser attached to

the left of the image pane (not shown in the Figure). This

browser is useful when images are already manually Mean com pletion times b y browser
clustered in sets, and placed in different folders of the file

system. The browser also allows drag-drop between the 1:26

image pane and folders. We disabled these facilities for our “05) 1:12 1|

experiments because we are currently interested only in £ _

evaluating browsing without any manual organization 5. 057 1

efforts on the user's part. We did order the images in @ g 0:43 —
ACDSee chronologically. Subjects could find the date and £ 028 L [
time of each image by briefly hovering the mouse pointer §

over the image. § 0:14 1— —
Both of our browsers are particularly effective for users = 000

who originally took the photographs they are exploring. In AC HB cB

the case of photographic Personal Digital Libraries, it is Browser

very common for the curator also to be the creator of the

collection. Nevertheless, as our user experiments show, Figure 7: Average Completion Times for Tasks of

Cateaories 0 and 1



6, each browser was used with two separate images. AgainCategory 2 was designed to measure performance when
the order in which subjects used the browsers was varied talasses of images were desired, not just a particular image.
eliminate biases. To generate the 10 descriptions for a category 2 task, we
Figure 7 shows average completion times for the combinegs€lected at random 10 photographs from the collection. For

Tasks 0 and 1, for the cases where the subjects dif@ch image, we then manually wrote a description. For
complete the tasks. While browser ACDSee (AC) and the €X@mple, the resulting descriptions could be *a sandy
Hierarchical Browser (HB) draw just about equal, around 1 P€ach.” or “a man sitting at a bench.” Each subject did two
minute and 20 seconds, the Calendar Browser (CB) enabled@Sks of Category 2, with different description sets, one
significantly faster completion times at an average of about!Me With CB, the other with ACDSee.

50 seconds; an average 33% improvement. In our test runsQur results for Category 2 indicate that, when confronted
this advantage of CB over the other browsers held forwith textual descriptions of images, subjects performed at
computer experts and novices alike. However, we have tooidentical levels in the linear ACDSee as in the Calendar
few data points in each of these two groups separately taBrowser. Nearly everyone used linear search even with the
make a general statement on this novice/expert point. Calendar Browser.

In some cases the subjects did not find the requestedCategory 3:Find a given image, in the case when a similar

images before the time limit expired. Figure 8 shows aimage appears in one of the month summaries. In addition
comparison of tasks unable to be completed acrossto completion time, we noted whether subjects made use of
browsers. ACDSee did by far the worst, with 31% of the the summarizations, or followed another strategy (usually
tasks unable to be completed. The Hierarchical Browserlinear search). Time limit: 5min.

was the most reliable for finding the images (6% gach query image was selected as follows. A random
incomplete). Users of the Calendar Browser were unable tGyq15 was ‘selected from one of the 12 month summaries.
complete tasks around 11% of the time. The difference iNThen 3 similar (but not identical) photo was selected from
completion success between the Hierarchical Browser andpe same leaf cluster. The subject was given the similar
the Calendar Browser are not significant. photo as the query, not knowing how it was selected.
The results of Figures 7 and 8 show that the time-cognizantSubjects performed this task with both CB and HB, with
browsers, which perform summarization, can indeed helpdifferent query images.

when subjects are searching for images. Some of thecaegory 3 measured the impact of subjects ignoring vs.
improvements are due to the time-based navigation SChem%king advantage of summarization when looking for a
but other gains are due to the summarization capabilitiesgiven image, as opposed to working from textual
that let the subjects get meaningful overviews. Thesedescriptions. In Task 3, 42% of subjects made use of
results also_ indicate that although users were exposed tQ,marization (across both browsers). That is, these
new browsing interfaces, they were able to understandgpiacts browsed ‘horizontally' through time: when they
them well enough with minimal training to perform at ¢,,ng an image similar to the sample they had been asked
levels at least as good as with a traditional browser. to find, they drilled down. Figure 9 shows that these 42%
Category 2: Given 10 textual descriptions of images, find
as many images that fit any of these descriptions as
possible. Time limit: 3min. Completion time by summary usage
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who made use of summarization enjoyed a 48% boost indemanding assumption that users invest absolutely no
performance. organizing effort. We can expect that even small user

All of the summary users finished tasks of Category 3 €fforts, such as high-level captioning will improve upon

within the allotted time, while 36% of subjects who did not these results even further.

take advantage of summarization were unable to completeHowever, users did not always take advantage of the
the task summarization capabilities. Overall, only 42% of users
Category 4: Find a given image, when the image has a took advantage of summarization in our Hierarchical and

clear clue as to which time of year it was taken. For Calendar Browsers. This tendency to overlook the
example: a Christmas tree, fire works, etc. When summarization feature was particularly evident as subjects

appropriate, we ensured during the debriefing sessions af€eded to overcome the barrier of abstraction that we
the end of the experiment that no cultural differences had®'€ctéd by the verbal nature of tasks of category 2 (finding

prevented a subject from making the time association.2S Many images as possible from 10 textual descriptions).
Analogous to Category 3, we noted whether subjects'n that case, subjects were also strained by trying to keep

recognized and used the time clue. Time limit: 5min. mult_iple image descriptions in mind simultaneously. This
] ] strain may have contributed to that choice of the simplest,
Category 4 allowed us to examine whether subjects madg;ear search strategy.

use of time clues in images, and how this use affects

performance. Again, subjects used CB and HB. The fact that 92% of the subjects had a specific time

) . ) association with certain photographs (Category 5)
Almost all subjects, 92%, made use of the time clues for nqerscores the importance of making time visible in the
these tasks. Everyone completed the task. The averaggierface. Most browsers do not do this; PhotoMesa and the
completion time was 36 seconds. The 8% who did not useyyo prowsers we developed are notable exceptions [9].
the time clue averaged 1min 18sec. However, 8% of our i ] ) i

The ingenuity of many subjects impressed us. Some

subject population is too small a data set to make this''™ i ; )
performance comparison statistically significant. novices us.ed. binary search algorithms. Some used_clothmg
o ) . of figures in images for clues on season or occasion. For
Category 5: Fin_d images to fit 10 textual descriptions of example, one subject explained how she proceeded in one
leaf clusters. Time limit: 5Smin for each run. instance, using the Hierarchical Browser: "l used the time
To generate the descriptions, we manually clustered thefor the sunset images because | knew | was looking for
collection by event, and gave each cluster a shortsomething late in the day." It is seductive to use some of
description (e.g., “visit to San Francisco”). For each task these observations as the basis for adding search and
instance we selected 10 descriptions at random (nobrowse features. However, it is very difficult to keep the
replacement). We limited subjects to the 'year' and 'month'interface simple enough that computer novice and expert
summary views in CB. users can operate the systems with virtually no instruction.

Each subject performed two category 5 tasks, using theDuring the debriefing sessions, subjects were clear in their
Calendar Browser each time. For one of the tasks, howeverevaluation of the ACDSee browser: “It seemed like | did a
CB was altered so it would select images at random fromlot of scrolling, when there should have been a more
the proper time span. For the other task, images for theefficient way [to navigate the images].” “The linear one
summary were selected as described earlier. [AC] was more frustrating than the others. You literally felt

Tasks in category 5 forced users to operate in summary!k€ YOU were looking for a needle in a haystack.”

mode, allowing us to examine whether our summarization Opinions about the Hierarchical vs. the Calendar Browser
made any difference when compared to random excerptingwvere divided. Praising HB: “| like having the orientation of
from the collection. We found that even at a confidence some sort of text on screen;” and “Having the knowledge of
level of 99% there was a significant difference between how many [photos were in a cluster] was helpful;” or “|
random and clustered summarization. We measured a 56%ked the one [browser] with the tree. It was the easiest to
performance improvement. navigate. You could skip around all at once without having
5.2. Discussion to go through the different levels.” On the other hand, other

We are very encouraged by our findings. These wereSubjects preferred the Calendar Browser: “I'd rather click

intentionally tough experiments in that we included ©n @ picture than a month [label];” and “The zoom-out

subjects who were not deeply familiar with computers and, Z00m-in was more intui,tive [than HB]. You didn't have to
most importantly, were unfamiliar with the collection. In think about it as much.” Although for testing purposes we

our main target application of Personal Digital Libraries k€Pt the HB and CB interfaces separate, we plan to
users will know the collection, so summaries and time integrate these interfaces in the future, based on the positive

organization will have even greater positive impact on F€Sponse we received fromxs users in both cases.
these users. 6. CONCLUSION

We are also delighted by the positive results, because theVe designed, implemented, and testsd two photo browsers
systems we report on here operate under the mosfhat can accommodate thousands of images. These systems



are intended primarily for personal digital libraries. Both [3] J. Frew, M. Aurand, B. Buttenfield, L. Carver, P.
browsers are built atop a common architecture. This Chang, R. Ellis, C. Fischer, M. Gardner, M. Goodchild, G.
architecture consists of metadata extraction, cluster engineHajic, M. Larsgaard, K. Park, M. Probert, T. Smith, and Q.
and summarization modules that are replaceable. Zheng. The Alexandria Rapid Prototype: Building A

Our browsers use cluster analysis of the times whenPigital Library for Spatial Information. IMAdvances in

photographs were taken as the foundation for summarizingP'9ital Libraries ‘95, 1995.
large subsets of the images within a collection. The

browsers differ in how users navigate the collections. [4] Microsoft Windows XP. 2001. Information at

] ) . http://lwww.microsoft.com/windowsxp/default.asp.
We conducted user studies that compared various design

aspects of the two browsers against a commercial image[5] Apple Macintosh OS X. Information at
browser. We found that our Calendar Browser, which http://mww.apple.com/macosx.
affords time navigation through direct-manipulation,

enabled a 33% improvement in speed of finding given [6] ACD Systems ACDSee Browser. Available at

images in collections. We found that our summarizations np:/iww.acdsystems.com/English/Products/imagingProd
improve the search for photographs from textual cts/ACDSee/ACDSee/index.htm.
descriptions by 56% over systems that fill the screen with

randomly selected excerpts from the collection. [7] H. Kang and B. Shneiderman. Visualization Methods
While summarization clearly improved performance, only for Personal Photo Collections Browsing and Searching in
42% of subjects thought of making use of the advantagesthe PhotoFinder. IrProceedings of IEEE International

that summarization provided. We plan to address this issueConference on Multimedia and Expo (ICME2QQ4).

in subsequent designs. 1539-1542. IEEE, New York, 2000. Available at
http:/iww.cs.umd.edu/hcil/photolib/paper/ICME2000-

In contrast, subjects readily recognized and used our time-_
final.doc.

based organization. While subjects clearly preferred this
organization to an alternative linear solution, they were
divided over which other user interface is most convenient
for navigating the photographs through the time space.

[8] Allan Kuchinsky, Celine Pering, Michael L. Creech
Dennis Freeze, Bill Serra, and Jacek Gwizdka. FotoFile: a
) i consumer multimedia organization and retrieval system. In
Our experiments show that we will be able to make proceedings of the Conference on Human Factors in
Personal Digital Libraries of digital images manageable computing Systems CHI'9pp. 496-503, 1999. Available
and convenient to browse. Digital cameras are rapidly g

creating large professional and personal image collections htty:/www.acm.org/pubs/citations/proceedings/chi/302979
Without  substantial support from  Digital ~ Library ,496-kuchinsky/.

technologies, this exciting new opportunity will be wasted,

and turn into the digital version of the unorganized shoebox[g] Benjamin B. BedersorQuantum Treemaps and

of photographs in a closet. With the proper tools, on the Bubblemaps for a Zoomable Image Brows$éumber

other hand, the records of individual histories will be fun {ciL 2001-10. University of Maryland, College Park,

and instructive to maintain and explore. 2001. Available at ftp://ftp.cs.umd.edu/pub/hcil/Reports-
Acknowledgments Abstracts-Bibliography/2001-10htm|/2001-10.pdf.

We are deeply appreciative of our subjects, who mostly live

packed lives and have no need to sit through photo browsef10] Apple iPhoto. 2002. Information at

experiments to fill their days. The many, many minutes and http://www.apple.com/iphoto/.

seconds they spent with us turned into all the wonderful

data points that make this paper possible. [11] John C. Platt. AutoAlbum: Clustering Digital
Photographs Using Probabilistic Model Merging. In
Proceedings of the IEEE Workshop on Content-Based
Access of Image and Video Libraries 20pp. 96-100,

2000.
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