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Abstract

Managing a large number of digital photos is a challenging task for casual users. Personal photos often don’t have rich metadata, or
additional information associated with them. However, available metadata can play a crucial role in managing photos. Labeling the
semantic content of photos (i.e., annotating them), can increase the amount of metadata and facilitate efficient management. However,
manual annotation is tedious and labor intensive while automatic metadata extraction techniques often generate inaccurate and irrele-
vant results. This paper describes a semi-automatic annotation strategy that takes advantage of human and computer strengths. The
semi-automatic approach enables users to efficiently update automatically obtained metadata interactively and incrementally. Even
though automatically identified metadata are compromised with inaccurate recognition errors, the process of correcting inaccurate infor-
mation can be faster and easier than manually adding new metadata from scratch. In this paper, we introduce two photo clustering algo-
rithms for generating meaningful photo groups: (1) Hierarchical event clustering; and (2) Clothing based person recognition, which
assumes that people who wear similar clothing and appear in photos taken in one day are very likely to be the same person. To explore
our semi-automatic strategies, we designed and implemented a prototype called SAPHARI (Semi-Automatic PHoto Annotation and
Recognition Interface). The prototype provides an annotation framework which focuses on making bulk annotations on automatically
identified photo groups. The prototype automatically creates photo clusters based on events, people, and file metadata so that users can
easily bulk annotation photos. We performed a series of user studies to investigate the effectiveness and usability of the semi-automatic
annotation techniques when applied to personal photo collections. The results show that users were able to make annotations signifi-
cantly faster with event clustering using SAPHARI. We also found that users clearly preferred the semi-automatic approaches.
© 2007 Elsevier B.V. All rights reserved.
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1. Introduction becomes proportionally more difficult. One reason for the
difficulty can be attributed to the fact that photos in a per-
As the use of digital cameras becomes more popular, sonal collection often do not have rich metadata that

more images are created and stored in personal computers  describes their content. Photos taken by most digital cam-
and shared over the Internet, and managing these photos  eras often include only basic low-level metadata (JEITA,
2002) such as focal length, time, and resolution.

On the other hand, once available, high-level metadata
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information such as an filename,
“IMG_1997.JPG”.

Hence, many researchers have worked on various tech-
niques to extract relevant metadata directly from images
including: event identification, object identification, face
detection/recognition, content-based categorization and
so on (Cooper et al., 2003; Naaman et al., 2004; Riya.com,
2005; Yang et al., 2002; Yoshitaka and Ichikawa, 1999;
Zhao et al., 2003). However, automatic metadata extrac-
tion is often inaccurate. In addition, the obtained metadata
may be too general to satisfy the needs of every individual
user. Each user needs different types of metadata according
to his/her own interest. Furthermore, there are numerous
cases where it is not possible at all to automatically obtain
metadata without the intervention of humans. Identifying
an event, such as a birthday party or its location would
be particularly hard.

On the other hand, manual annotation, defined as a pro-
cess which involves labeling the semantic content of images
(or objects in images) with a set of keywords or semantic
information, can directly associate metadata with photos.
However, this is labor intensive and tedious. One approach
that is gaining interest is to harness the skills of anonymous
volunteers to manually annotate photos over the web. This
has been done to great success (Von Ahn et al., 2006).
However, that kind of approach will not work for personal
photos that require private knowledge of the related people
and events in addition to being able to recognize features of
the photo. A valuable acceleration technique is bulk anno-
tation, in which a group of photos is selected and then the
same label is applied to every photo with one action (Kang
et al., accepted for publication). However, this approach
requires that related photos that should be annotated with
the same label need to be presented to the user near each
other to enable efficient selection. This is somewhat of a
chicken and egg problem as this visual clustering requires
some metadata to begin with.

We propose instead, a semi-automatic photo annotation
framework that focuses on facilitating bulk annotation on
photo groups that have been automatically identified.
Semi-automatic annotation combines manual and auto-
matic metadata extraction. The semi-automatic approach
allows users to update automatically obtained metadata
interactively and incrementally. Even though automatically
identified metadata are compromised with inaccurate rec-
ognition errors, the process of correcting inaccurate infor-
mation can be faster and easier than manually adding new
metadata from scratch. The process of correcting errors
can be even faster if it is assumed that users often focus
on the important errors and disregard the less important
ones.

To explore semi-automatic strategies, we designed and
implemented a prototype called SAPHARI (Semi-Auto-
matic PHoto Annotation and Recognition Interface). The
prototype provides an annotation framework that allows
users to make bulk annotations on automatically identified
photo groups. The prototype automatically creates photo

arbitrary

clusters based on events, people, and image file directory
structures so that users can easily annotate useful informa-
tion such as events, location, and people. We focused on
people and events because of Rodden and Wood’s analysis
of casual personal photo patterns of use (Rodden and
Wood, 2003). They found that “event” and “person” are
the most frequently used metadata as well as chronological
order of photos.

In this paper, we introduce two strategies to identify
meaningful photo groups to assist users in efficiently anno-
tating those types of metadata. Our first method is to clus-
ter photos by their timestamps so that each group of
photos can correspond to a meaningful “event”. The pro-
posed hierarchical event clustering identifies multiple event
levels in personal photo collections and allows users to
choose the right event granularity. The second approach
is to use a clothing-based person recognition technique to
group similar-looking people together. The clothing based
person model assumes that people who wear similar cloth-
ing and appear in photos taken the same day are very likely
to be the same person.

We also performed a series of user studies to investigate
the usefulness of the semi-automatic annotation techniques
when applied to personal photo collections. These studies
showed that users were able to annotate significantly faster
with SAPHARI when annotating event information. Users
also clearly preferred the proposed semi-automatic
approaches.

2. Related work
2.1. Image management systems

We became motivated to work on this problem through
PhotoMesa (Bederson, 2001), a tool we built previously. It
allows users to view a large set of image on one screen
using a Zoomable User Interface, made it very clear to us
that acquiring good metadata was crucial to the success
of people using their digital photos. PhotoMesa allows
users to view multiple directories of images with zooming
and panning navigation. Users can zoom in to see the detail
image and zoom out to view the overview of images. Phot-
oMesa is designed to provide an intuitive and efficient
image browsing environment. PhotoMesa displays multiple
groups of images on the screen at once by laying them out
in a 2D zoomable space with a Quantum Strip Treemap
algorithm (Bederson, 2001).

There are a number of other research prototypes that
also address metadata issues. FotoFile is a multimedia
organization and retrieval prototype that allows users to
browse photos grouped in albums (Kuchinsky et al.,
1999). When an album is selected, images in the album
are laid out on the screen for viewing and editing. Through
informal user studies, Kuchinsky et al. (1999) found that:
(1) users did not want to spend a lot of time organizing
their photos with keyboard annotations; and that (2) they
wanted to browse through photos, not just perform direct
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search activities. Kuchinsky et al. also noted that people
like to tell stories with photos.

PhotoFinder (Kang and Shneiderman, 2000) offers a
drag-and-drop technique known as direct annotation to
enable personal names to be placed on a photo or a group
of photos. Users can drag keywords (usually person’s
name) onto any place on the photos to save typing.

In addition to research prototypes, there are a vast num-
ber of commercial products available. Some notable sys-
tems are as follows.

Adobe PhotoShop Album (Adobe, 2006) is a product
designed to gather all photos in the users’ computer and
let users see those photos in one convenient place, orga-
nized by date or any chosen subject. The system has a time-
line showing the distribution of photos over time. The
timeline has two sliding knobs and users can filter photos
by the date they were taken. Adobe PhotoShop Album
incorporates a keyword tag. Users can create customized
keyword tags that represent special people, places, or
events, and drag them onto photos so that pictures can
be found by subject later. These improvements help users
make annotations efficiently in comparison with the man-
ual annotation strategy where users are required to type-
in keywords.

Picasa (2006) also uses a folder concept. When first
launched, Picasa searches the entire storage system on
a computer and created an album per folder. Users are
allowed to organize folders by merging and renaming
them. Photos are laid out on the screen by the albums
and users can use scroll bars to navigate them. On the
left panel of the screen, the list of albums is arranged
by timeline. Picasa also supports image editing functions
as well as sending pictures quickly by using e-mail cli-
ents. While users are allowed to add any keyword to
photos in Picasa, the annotation process is very time-con-
suming. When users are adding keywords, a separate
window form is provided, and users are required to type
keywords manually. Furthermore, Picasa does not sup-
port a list of existing keywords, which makes consistent
annotation difficult.

Tagging is also available for an online photo album,
Flickr.com (2005). In Flickr, tags can be shared by other
users and public photos can be searched by them. How-
ever, it is still a burden for users to add tags on a large
number of images.

There are many, many other photo management tools as
well, but the ones described here capture the essential fea-
tures commonly available.

2.2. Semi-automatic annotation interface

Others have explored the idea of semi-automatic anno-
tation before. Our approach, however, visually groups sim-
ilar photos in a single screen zoomable user interface, and
includes two novel algorithms for creating those groups.

Wenyin et al. (2001) introduced a semi-automatic
approach to make annotations on digital photos. Their

progressive annotation process is embedded in the course
of integrated keyword-based and content-based image
retrieval. When a user submits a keyword query, the system
retrieves and arranges the search results on the screen. The
search results include: (1) images that are relevant to the
search keyword; (2) visually similar images to the relevant
images; and/or (3) a set of randomly selected images. When
an image receives positive feedback from users (by clicking
the thumb-up icon), the search keywords are automatically
added to the images so that the images can be retrieved by
keyword-based image retrieval in the future. The coverage
and quality of image annotation is improved progressively
as the cycle of search and feedback increases. Wenyin et al.
(2001) reported that the semi-automatic image annotation
strategy is better than manual annotation methods in terms
of efficiency, and is better than automatic annotation tech-
niques in terms of accuracy. However, the authors describe
the MiAlbum (Wenyin et al., 2001) user interface as need-
ing enhancement. The simple thumbs-up/down metaphor
was not enough for users to understand the built-in under-
lying automatic algorithm. They also report a problem in
the discoverability of relevance feedback.

Girgensohn et al. (2004) created a photo management
prototype which employs a semi-automatic interface to
facilitate labeling people in photos. They used a face detec-
tor to automatically extract faces from photos while using a
less accurate face recognizer to sort faces by their similar-
ity. The sorted faces are presented as candidates for anno-
tation targets. Users are allowed to drag faces onto name
labels to make annotations. Their simulated user study
showed that on average 60% of faces could be assigned suc-
cessfully with three or four steps. While the semi-automatic
approach of Girgensohn et al. (2004) shows potential, there
are scalability and usability issues. As the number of faces
in the system increases, users are required to frequently
scroll. Furthermore, as the number of people increases,
the face recognition accuracy decreases significantly and
it makes bulk annotation harder. In addition, this
approach depends entirely on face recognition software
which is notoriously poor for general photos. Even with
state-of-the-art systems, face recognition accuracy for out-
door photos is around 50% (Phillips et al., 2003).

Naaman et al. (2005) introduced a co-occurrence based
annotation mechanism which relies on the availability of
accurate location information. Their system suggests likely
identity labels for photographs by leveraging automati-
cally-available context such as the time and location where
the photos were taken. As the user annotates some of the
identities of people in their collection, the system utilizes
the patterns of re-occurrence and co-occurrence of different
people in different locations and events. The system uses
these patterns to generate label suggestions for people that
were not yet annotated. They reported that the automatic
suggestions can accelerate the process of manual
annotation.

Tuffield et al. (2006) developed a photo annotation sys-
tem, Photocopain, aiming to simplify the photo annotation
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task by taking advantage of available context information
such as EXIF metadata (JEITA, 2002), GPS, calendar
data, and community tags. While Photocopain showed a
great potential for classifying photos, more research is
required on how to integrate the proposed techniques with
manual annotation.

2.3. Event identification

There are a number of approaches to extracting event
information from personal photo collections. Cooper
et al. (2003) introduced an approach that clusters photos
by combining temporal information and image content.
While their experimental results show approximately 85%
accuracy, it was not significantly better in comparison with
other algorithms such as Leung et al. (2000) and Kohonen
(1989). Also, using the image content did not make signif-
icant contribution to detect events.

Girgensohn et al. (2003) presented a prototype photo
manager based on Cooper et al. (2003)’s event detection
algorithm. In Girgensohn et al.’s prototype, photographs
are presented to users in event-groups which have been
automatically identified.

Platt et al. (2002) use an adaptive local threshold
method to detect event boundaries. Platt et al.’s algorithm
(2002) compares a time interval to its local average interval.
If a temporal gap between two adjacent photos is consider-
ably larger than its weighted local average, the algorithm
determines that the gap represents an event boundary.
Unlike the algorithm in Cooper et al. (2003), this algorithm
requires additional parameters including a threshold for
sensitivity and a window size. These parameters should
be empirically chosen and can be subjective. Cooper
et al. (2003) reported that the accuracy of this algorithm
was not very good compared to other -clustering
algorithms.

Scale-space analysis (Leung et al., 2000) is a technique
for accessing structure at multiple scales in a data set. It
assigns a Gaussian kernel per data point to form a Gauss-
ian mixture. The result mixture is used to form clusters by
finding points where its second derivative value is zero
(peak point). By using varying standard deviation, it allows
to construct hierarchical segmentation.

Loui and Savakis (2000) use the K-means algorithm
combined with content-based post-processing for auto-
matic albuming of photographs. They checked the color
similarity of images at event boundaries to verify that the
images indeed differ.

Graham et al. (2002) use time information for creating
event hierarchies for personal photo collection. Based on
Platt et al. (2002), they create initial clusters. Then, they
build an event hierarchy based on the initial clusters. For
each cluster, a summarization photograph is selected to
represent the event. With this clustering and summariza-
tion technique, they built a prototype, “Hierarchical Brow-
ser” and performed a user study. They found that users
completed given tasks better with the hierarchical browser.

They also showed that the summarization technique signif-
icantly reduced users’ browsing completion time.

Gargi (2003) presented an analysis of consumer media
capture behavior based on timestamp metadata. Gargi
(2003) reported bursty behavior of personal photo collec-
tions. Date sets used in Gargi (2003) shows that photos
are taken approximately one day out of ten. However, on
the day that photos are taken, users take about twelve
photos at once.

Naaman et al. (2004) uses the time and location infor-
mation embedded in digital photographs to automatically
organize a personal photo collection. They designed a pro-
totype, PhotoCompas, which produces browseable loca-
tion and event hierarchies for the collection. The
hierarchies are created using algorithms that interleave
time and location to produce an organization that mimics
the way people think about their photo collections. Their
case studies report that the photo grouping is meaningful
and useful for the collection owners.

As shown, there has been significant research on auto-
matic event identification. Nevertheless, automatically
identified events are not perfect and require users’ modifi-
cation. Most of the above approaches did not consider
users’ feedback on event boundaries. Once event bound-
aries are set by an algorithm, the presented interfaces are
not adaptable and the algorithms do not allow further
interaction with users.

3. Metadata and annotation

Annotation is a process of labeling the semantic content
of photos (or objects in photos) with a set of keywords or
semantic information. Annotated information is very
important for managing photos since the information plays
a crucial role for organizing, browsing, and searching pho-
tos. This association between keywords and the contents of
photos can be achieved in a number of ways. They can be
roughly categorized into: (1) direct importing; (2) image
analysis; (3) extraction from image context; and (4) manual
annotation as follows.

Direct importing: Some types of information can be
directly obtained from image files or photographic devices.
File name, file size, date and EXIF (JEITA, 2002) informa-
tion can be easily acquired. However, this type of metadata
often does not have much value for users, especially for
casual users who want to manage their own personal pho-
tos. For example, an image file name “IMG_2345.jpg” is
not very useful.

Image analysis: Some image features such as colors, tex-
ture, and blobs can be extracted by analyzing images. For
example, QBIC (Faloutsos et al., 1994) enables users to
specify search conditions based on low level visual features
such as color and blob location. In QBIC, a user can issue
queries such as “find images which have red objects in the
center”’. However, these types of low level metadata are
often irrelevant in many cases. For personal photos, higher
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level metadata, such as location, event, or person in photos
would be more relevant and interesting to users.

Extraction from image context:. Context of images often
contains useful information about the images. Shen et al.
(2000) used the textual context of web pages to extract
descriptive information of images on the same pages. This
type of approach is potentially useful when applied to
images with captions. While this approach can provide rich
metadata about images, its application is limited and not
applicable for general photographs.

Manual annotation: Users can explicitly decide which
information should be added on a specific photo. It is obvi-
ous that the actual users, who are annotation makers and
metadata consumers at the same time, can function as
the most reliable source of accurate and relevant metadata
for photos. But, it is well known that most users do not
want to spend much time creating and annotating metada-
ta. Kang and Shneiderman (2000) developed a direct anno-
tation method that focuses on labeling names of people in
photos. While it saves users typing work, users still have to
perform drag and drop many times.

Automatic metadata extraction, including direct import-
ing, image analysis, and extraction from image context is
usually fast (compared to manual annotation) but often
generates inaccurate and irrelevant results. Furthermore,
there are numerous cases where it is impossible to extract
metadata from images without the intervention of humans.

The basic idea of semi-automatic annotation is to incor-
porate users’ feedback into metadata that was automati-
cally extracted. When the metadata has reasonable
accuracy; the amount of inaccurate information would be
considerably less than that of accurate information, and
manually fixing inaccurate metadata can be faster and eas-
ier than adding new information. Users’ interactive and
incremental correction (e.g., relevance feedback) also can
be used as an input for automatic metadata recognition
systems to increase recognition accuracy. As users keep
using the system, the overall metadata accuracy, as well
as the quantity of metadata, can increase since more reli-
able metadata are added by the users.

3.1. Design principles for semi-automatic annotation
interfaces

Any semi-automatic annotation strategy includes fre-
quent interactions between users and recognition systems.
Therefore, it is crucial that user interfaces for semi-auto-
matic annotation should guide users to efficiently interact
with systems. We have created the following design princi-
ples based on our experience building PhotoMesa.

Bulk annotation: Bulk annotation, where multiple
images are annotated with a single command action, can
accelerate users’ annotation performance. Rather than
repeatedly selecting images and making annotations one
by one, making annotations on selected multiple images
can speed up the annotation process. However, the acceler-
ation is achieved only when selecting multiple annotation

targets is easy and efficient enough. If the annotation target
selection takes too long, there would be no benefit. A semi-
automatic annotation interface, therefore, should be care-
fully designed to allow users to choose multiple annotation
targets efficiently. For example, when images that share
common or similar information are located closely together
on the screen, they can be a good candidate for bulk anno-
tation. Semantically close items that are laid out together
on the screen often facilitate bulk annotation.

Transparent interface: The relationship between auto-
matic annotation and users’ relevance feedback should be
made very clear to the user. Koenemann and Belkin
(1996) observed that users perform better when they under-
stand the underlying algorithms. They showed that increas-
ing the transparency of relevance feedback helped users
take advantage of an automatic algorithm. An interface
for semi-automatic annotation systems, therefore, should
provide clear information about how it processes
information.

Users in control: Users should be in control at all times.
Automatic labeling should be a suggestion to users, not a
mandatory obligation. Users must have the freedom to
make annotations as they choose. A semi-automatic anno-
tation interface should not block or interfere users’ manual
overriding.

Show contextual information: Providing appropriate
contextual information can increase annotation perfor-
mance. Various contextual information can be provided
to help users to make annotations. For example, metadata
already associated with a photo such as timestamp, tags
can be useful for users to make additional annotations.
When photos are chronologically ordered, neighboring
photos can provide clues about what a specific photo is.
In addition, spatial hierarchies in metadata (i.e., Palo Alto
is located in northern California) can be utilized. Naaman
et al. (2005) showed that temporal and spatial contextual
information is useful for managing digital photos. We
found that showing context is especially important when
designing semi-automatic photo annotation interfaces.
Since automatic labeling sometimes contains inaccurate
metadata, users frequently have to correct inappropriate
automatic labels. In this case, the context can help users
to select proper metadata. However, it is not always better
to provide all the available information on the screen. A
user interface should prioritize the available information
and provide a modest number of alternatives.

Incremental and interactive annotation: Users must not
be forced to make annotations. A photo annotation inter-
face should allow a user to make annotations at any time.
Users also should be allowed to make annotations on
important and interesting photos first and to defer annota-
tions on other photos into later times.

Based on the above design principles, we designed and
implemented a semi-automatic photo annotation proto-
type, SAPHARI (Semi-Automatic PHoto Annotation
and Recognition Interface). It is designed to help users
manage their personal photo collections by using auto-
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matic recognition systems. SAPHARI takes advantage of
automatic recognition algorithms when laying out photos
on the screen. While our earlier work on PhotoMesa
(Bederson, 2001) depends on basic metadata such as direc-
tory, date, and filename to form photo groups, SAPHARI
uses hierarchical event identification (see Section 4) and
clothing based person recognition (see Section 5) in addi-
tion to the basic file system structures.

4. Event identification and annotation

Temporal information plays an important role when
classifying personal photos since personal photos often
are taken near each other in time (Gargi, 2003). In other
words, when photos are close in time with each other, they
have a high probability of sharing common or similar
information. Given the temporal locality in a personal
photo collection, photos can be prepared in groups accord-
ing to their timestamps so that they can be easily bulk-
annotated.

As stated earlier, events are one of the most important
types of metadata for organizing personal photos. There
have been a number of efforts to find meaningful event
clusters from image collections (Cooper et al., 2003; Gargi,
2003; Kuchinsky et al., 1999; Naaman et al., 2004; Platt
et al., 2002). This type of time based event identification
is based on the episodic nature of personal photo taking.
When there are interesting things around a user with a
camera, the user tends to take a relatively large number
of photos in a short period of time. Then, there is often a
relatively long pause, followed by another burst of activity.
Based on this characteristic, event boundaries are identified
by detecting relatively long temporal gaps in a photo col-
lection. The challenge is that the lengths of the events
and the lengths of the gaps vary, so fixed thresholds for
determining event boundaries do not work well.

4.1. Event hierarchy

Events in a personal photo collection tend to form a
temporal event hierarchy (Naaman et al., 2004). In other

Summer Camping Trip
June 13th — June 17th

e

words, events in a collection can be defined in multiple
ways depending on event granularities. An example can
help to clarify (Fig. 1). “Summer Camping Trip”’, which
spans June 13-17th, can contain multiple sub-events such
as “Hiking” on the 14th, “Canoeing” on the 15th, and
“Santa Cruz” on the 16th. This event hierarchy can pro-
vide useful and flexible event units to users. But, existing
event identification techniques such as Cooper et al.
(2003) and Platt et al. (2002), which focus on a single level
of events, cannot capture all the meaningful events in a
photo collection.

Event units, once identified, are very useful for making
bulk annotations. In this same example, a user can add
the label “Summer Camping Trip” to all photos taken
between June 13th and June 17th with a single action if
the photos are clustered with coarse granularity. Similarly,
the user can add a “Hiking” label to photos taken on June
14th with a single action when photos are tightly grouped
with finer event granularity.

The event based annotation can be very effective if all
identified events match users’ intention. However, auto-
matic event identification does not necessarily correspond
to all events that users want to have. We identified a set
of operations that users can perform when they find errors
in automatically identified event boundaries. Users can
modify events by either: (1) splitting an event group, (2)
merging two neighboring events, or (3) moving event
boundaries. For example, if photographs taken on June
15th (Fig. 1) have to be regrouped, they can be: (1) merged
with neighboring event groups (“Hiking” or ‘“Santa
Cruz”), (2) split into more detailed events, or (3) changing
event borders (when event detection algorithms fail to iden-
tify correct event boundaries).

When two events are merged or an event is to be
divided, event boundaries on different levels can be also
affected. When a user merges events or splits an event,
event boundaries on different levels are automatically
updated to satisfy the following two conditions: (1) when
events are merged at a finer level, the event groups cannot
be split at coarser levels; and (2) when events are split at a
coarser level, those events cannot be merged in finer levels.

William’s Birthday
June 23rd

/T

Hiking Canoeing Santa Cruz Party in Kinder Family Dinner
June 14th June 15th June 16th 3pm — 4pm 7pm — 9pm
N __A ~o_ . A
~ - ~ -
v v

i) Can be merged without affecting
upper level event boundaries

ii) Cannot be merged without changing
upper level event boundaries

-00-oo-oo-too-00too-oo--0.tootooocoo-0.-o..0.oo.oooo.o..o..o.ooooo}

Chronological Order

Fig. 1. An example event hierarchy. The units in the upper row are coarsely grouped and consist of units in the lower row, which are tightly grouped.
Users are allowed to modify the event grouping. However, merging neighboring events may affect event boundaries at different levels.
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This type of event boundary propagation is integrated
with photo browsing environment, which will be explained
in the next section.

4.2. Event identification algorithm

To identify a hierarchical event structure in a personal
photo collection, we developed an interactive and adap-
tive algorithm (Fig. 2), which supports multiple event lev-
els. The hierarchical event identification algorithm enables
more flexible grouping by supporting event boundary
modification. The algorithm employs an event boundary
detection algorithm based on Platt et al. (2002). However,
the proposed algorithm can be used to identify a hierar-
chical event structure and multiple levels of events inte-
grated with users’ knowledge, while the original Platt
et al. algorithm focuses only on detecting single level
event boundaries.

The algorithm considers event boundaries of different
event levels as well as identifying unusually long temporal

gaps between photos. Event detection granularity can be
controlled by changing the K and d parameters. In
SAPHARI, we use empirically chosen K= {25, 200} and
d={10, 20}.

As shown in Fig. 3, when users choose “Event” layout,
SAPHARI lays out all photos in a collection, grouped by
identified events. SAPHARI provides two granularity
options for event clustering, Fine and Regular, which users
can switch between on demand. As the event grouping
granularity changes, SAPHARI immediately changes its
grouping and rearranges photos on the screen.

In this event view mode, SAPHARI allows users to
browse a photo collection with zooming and panning func-
tions as in PhotoMesa. While browsing, users can opt to fix
inaccurate event boundaries if they find the identified
events are inadequate. The users’ boundary fixing is auto-
matically propagated to different events levels of the event
hierarchy. For example, merging two neighboring events in
the Fine event view automatically aggregates photo groups
in the Regular event view.

foreach image in images
If (currentGroup is null) {

}

} else {

}

currentGroup.add (image) ;

currentGroup.add (image)

}

end foreach
END

log(T[i]-Tli-1]) 2 K, +

2d, +1

Jj=—d;,
return true
Else
Return false
END

BUILD_ HIERARCHICAL_ EVENT CLUSTER (images, current event level)

currentGroup = new EventGroup () ;

If (image.eventBoundary[finer granularities].merge is true) ({
// Case 1: Use the group of the previous image
image.eventboundary [current event level] .merge = true;

} else if (image.eventBoundary[coarser granularities].split is true) {

// Case 2: Create a new group
image.eventboundary [current event level].split = true;
} else if (image.eventboundary[current event level] is not defined) {
// Case 3: Use the algorithm to decide
// whether to create a new group
image.eventboundary [current event level].split =
SPLIT BEFORE (images, index, current event level)

// Case 4: Keep the previous grouping

// keep the current image.eventboundary[current levell]

if (image.eventboundary [current event level].split) ({
// Create a new group and add the current image into it
currentGroup = new EventGroup () ;

} else if (image.eventboundary[current event level] .merge) {
// Add the current image into the group of the previous image

BOOL SPLIT BEFORE (images, 1 as current index, 1 as current event level)

T[] = ordered timestamps collected from images
K, = K[1]

dy, = d[l]

If

dy
> log(TTi + j1-Tli+ j—1])

Fig. 2. Pseudo code for building hierarchical event clusters.
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Fig. 3. Photos in a collection are organized in a 2D zoomable space, grouped by the hierarchical event identification algorithm. The identified photo
groups are ordered chronologically from the earliest to the latest with groups laid out in rows left to right, and top to bottom. Users can browse a photo
collection by zooming and panning. A preview of the image under the mouse cursor is shown when hovering the mouse.

4.3. Annotation strategy

Since bulk annotation is a valuable accelerator for creat-
ing metadata, SAPHARI is designed to facilitate users in
bulk-annotating event information. SAPHARI arranges
photos on the screen by event groups and annotation is
performed by drag-and-dropping a text label onto a target
photo or a group of photos.

Fig. 4 shows an example annotation procedure, adding
“Santa Cruz” to a single photo. Annotation begins when
a user selects a text label. In Fig. 4, “Santa Cruz” is selected
from the metadata list on the left side of the screen. With
the mouse dragged, the cursor is changed into the text of
the selected label, “Santa Cruz”. At the same time, the
drop target is highlighted to give visual feedback to the
user. In Fig. 4, the borders of a photo under the mouse cur-
sor are highlighted with an orange color. As with the stan-

=t 1=

E

A Cursor changed when
dragging and
e annotation target is
— highlighted

Fig. 4. Annotation by drag-and-drop. Users can drag a text label onto a
photo or a group of photos to make annotations.

metanata i TR . .

= Acthity JI T

Drag a label, “Santa Cruz” m
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San Jose
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SF

# - State

dard drag-and-drop metaphor, the metadata is annotated
onto a highlighted photo as the mouse button is released.

With the shift key pressed, SAPHARI chooses all the
photos in the event group under the mouse cursor as its
drop target instead of a single photo. When a label is
dropped on a group, all photos in that group are annotated
with the dragging label at once (Bulk annotation).
SAPHARI also supports bulk annotation on any arbitrary
pre-selected group of photos.

When the automatic event identification fails to detect
events accurately (Cooper et al., 2003), SAPHARI allows
users to manually override any event boundaries. Fig. 5
shows utility functions that SAPHARI provides as a con-
text menu for supporting the event boundary modification.

5. Clothing based person recognition

It is not surprising that many image browsing proto-
types (Adobe, 2006; Kang and Shneiderman, 2000; Shen
et al., 2001; Riya.com, 2005) focus on labeling people with
metadata such as names since the people in personal pho-
tos are extremely important. As discussed in the previous
section, grouping is important for efficient bulk annota-
tion. SAPHARI is designed to help users to bulk-annotate
people in photos by grouping faces of the same person.

5.1. Face recognition for personal photos

Researchers have had limited success in developing soft-
ware to accurately recognize faces in images of uncontrolled
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Fig. 5. Fixing automatically identified event boundaries. Context menu provides users with a set of functions that can control event boundaries.

environments commonly found in personal photos. For
example, even for the best face recognition systems, the
recognition rate for faces captured outdoors was only
about 50% at a false rate of 1% (Phillips et al., 2003).

During our preliminary research, we used the HMM
face recognizer included in OpenCV (2005) to classify peo-
ple in photos. Even though the face recognizer produced
reasonable results when applied to controlled face sets
(taken indoors with controlled lighting and frontal views),
the accuracy dramatically decreased when used on personal
photos. The face recognizer was very sensitive to lighting
condition and tilted faces. People in personal photo collec-
tions sometimes are not gazing at the camera, which aggra-
vates the hardship in face recognition. Therefore, we
concluded that we cannot solely rely on human face recog-
nition to identify people in personal photos.

As an alternative, we observed an interesting pattern in
personal photo collections. People usually do not change
their clothing in a given day. Given this condition, clothing
information can be used to assist the identification of
people.

5.2. Human model

Naturally, clothing can be located on human bodies.
However, locating human bodies from a static scene is
not an easy task because the shape of the human body is
not rigid and requires complicated modeling. While many
researchers have worked on detecting human body move-
ment, it is still challenging to reliably detect human body
parts from a single static scene (Barron and Kakadiaris,
2001; Rosales and Sclaroff, 2000).

SAPHARI avoids the complexities of human body mod-
eling by using face detection to inform the location of
clothing in photographs. Compared to face recognition
systems which have low accuracy, face detection systems

(whose goal is to identify the location of faces) have higher
accuracy (Yang et al., 2002). Some systems have reached
around 90% accuracy for detecting faces in images. We
use the Viola—Jones face detector (Lienhart and Maydt,
2002; OpenCV, 2005; Viola and Jones, 2004) to locate faces
in a photo.

We developed a clothing model based on the detection
of human face location (Fig. 6). Since the face detector also
provides the face size, we can base the upper body clothing
region is calculated based on the size of the face. As shown
in Fig. 6, we construct the human model only with upper
body clothing. Theoretically, it would be optimal to use
the whole body information. However, as explained earlier,
identifying a human body in a static scene is not an easy
task and is beyond the scope of this paper. Furthermore,
in many personal photos, we found the body to be cropped
so that only the upper body is visible.

Once a face is detected, the area directly underneath the
face is skipped as we assume that area belongs to a neck.
Then, aligning with the center line of the face, we select a
rectangular region as clothing. The proposed clothing
based person model is built from pixel samples picked from
the clothing region. We found that picking samples from
the upper central part of the clothing provides more robust
results than selecting samples uniformly from all parts of
the clothing. Therefore, when picking up pixels in the
clothing area, more weight is given along the center line
(horizontal sampling weight) and to the upper part of the
clothing (vertical sampling weight). The horizontal weight
is given by using a normal distribution whose standard
deviation is 3/8 of the face width. The vertical weight is lin-
early distributed with the topmost row having twice as
much weight as the bottom-most row.

In this human model, a four dimensional feature vector
X = (y-distance, red, green, blue) is employed to model the
clothing, where y-distance is defined as a relative vertical
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Fig. 6. Locating clothing from detected faces.

position of a sample and red, green, and blue are color
value of the sample pixel, respectively. In other words, each
selected pixel in the clothing area is transformed into a four
dimensional vector. In our model, x-distance from the cen-
ter line is not included because adding it did not improve
the performance of the system while requiring significantly
more computation. We also found that adding x-distance
makes our model susceptible to tilted faces and bodies.

About 900 samples are collected from the upper body
region to form a single model. Based on the collected four
dimensional vectors, we estimate a four dimensional prob-
ability density function per clothing of a person using the
following kernel density estimation formula (Silverman,
1986):

10 = 31/

2

where n is a number of samples and d'is 4, respectively. H is
a diagonal matrix with independent four variances as
follows.

cenp (—g 00— =) ).

O y—distance 0 0 0

0 Grea 0 0
H =
0 0 O-green 0
0 0 0 Oblue

As shown in H, we assume that there is no correlation be-
tween y-distance and red, green, and blue. For the proto-
type, we use empirically determined parameters, o,.
distance = 0.08  (of the clothing height), o.q=0.04,
Ogreen = 0.04, and oy = 0.04, respectively.

Clothing based person recognition utilizes an estimated
four dimensional probability density function (pdf) as a
proxy for a person. We can then measure the visual dis-
tance between two pieces of clothing using the Bhattachar-

yya distance (Bhattacharya, 1943) which measures the
distance between two pdfs (Fig. 7).

SAPHARI classifies the people in photos using these
distances. When a measured distance between two models
is below an empirically determined threshold, the system
classifies the two models to be the same. When the distance
between two models is above a threshold, SAPHARI cata-
logs them as two different people. SAPHARI uses an
empirically chosen threshold of 0.4.

When a user chooses the “Clothing” tab in SAPHARI,
the user is asked to pick one date among the list of dates
when photos was taken. SAPHARI analyzes the faces
and clothing of the images from that display, and shows
groups of each identified person’s face and clothing
(Fig. 8). Each cropped face is normalized (shrunken or
enlarged) to have the same size on the screen for easy com-
parison. As shown in Fig. 8, when hovering the mouse on a
face, a preview of the original photo is shown with the face
highlighted for context.

5.3. Annotation strategy

Since people are grouped together, users can make bulk
annotations on a group of people with a single action by
dragging a name label onto a face group. Upon dropping
a name label onto a group, all faces in the group under
the cursor are annotated with the name (Fig. 9). After a
name is assigned to a face group, the group itself is associ-
ated with the name.

While better than face recognition, the clothing recogni-
tion still generates errors, so the interface allows users to
correct them. As shown in Fig. 10, users are allowed to
move a face image or a group of face images into another
group. Once face images are moved into other groups, the
face images update their labeling association. This concept,
where a group is associated with a set of metadata, is intro-
duced by Kang (2003) and called ‘“‘semantic regions’.
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Fig. 7. Comparing clothing models. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this
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Fig. 8. People in photos are cropped, normalized, and laid out on the screen grouped by their clothing similarities. People who wear similar clothing are

clustered together.

SAPHARI also offers various utility functions for man-
ual regrouping. Users are provided with a context menu
containing menu items such as “create a new face group”,

“remove a face group”, “remove annotation”, “remove an
unnecessary face image”, and “Not a Person” menu item.
Due to the errors in face detection, sometimes, non-face
images are recognized as a face. Clicking “Not a Person”
removes the image from the face group. By using these
functions, along with drag and drop techniques, users can
relocate misclassified faces to where they belong.

6. User study

A set of user studies were conducted to investigate the
effectiveness of semi-automatic annotation strategies
applied to personal photo collections, and also to observe
the annotation strategies users employed. The user study
was divided into two parts. First, we observed and mea-
sured how event-based clustering effects participants’ anno-
tation. Participants were asked to examine automatically
identified event groups that are laid out in a 2D zoomable
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While dragging a name label, the cursor is
changed into a text label which indicates

its dropping target. Also, the target group

is highlighted with orange borders.
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Fig. 9. Make bulk annotations by drag-and-dropping a name label on a
face group.

space and to annotate them with some given key events
(Event Task). Second, we compared annotation using cloth-
ing based person recognition with manual annotation. Par-
ticipants were asked to identify people in a set of photos and
to annotate them with appropriate name labels (Face Task).

While the task completion time was measured for com-
parison, the user study was not controlled. A controlled
experiment requires the condition of each task to be iden-
tical to each other, which is not true in this user study.
Rather than using a fixed controlled photo collection, we
used participants’ own photo collection to provide more
realistic tasks by taking advantage of the participants’ per-
sonal knowledge of their photos.

The study results showed some interesting patterns that
provide valuable insight about semi-automatic annotation
techniques. In addition, we were also able to observe vari-
ous behaviors from participants while they were using
SAPHARI.

6.1. Participants

There were seven participants in this study. All partici-
pants were computer science graduate students at the Uni-

versity of Maryland. There were four men and three
women. All participants were familiar with computers.
The summary of their photo collections are list as shown
in Table 1.

Each participant was asked to provide more than five
hundred photographs which had been taken over more
than a six month period. It was difficult to recruit partici-
pants who were willing to provide their personal photos.
Some of them were very concerned about their privacy
especially because some of the photos had sensitive
contents.

6.2. Method

A few days before meeting with participants, we asked
them to fill out a pre-user study questionnaire. From those
questions, we collected information about the events and
people in the participants’ photo collections. The list of
events and people was used in the annotation tasks, which
will be explained in later sections. On the day of the user
study, we began the meeting by explaining the functions
of SAPHARI. We gave details about navigation through
a zoomable space and clarified the meaning of groups on
the screen. A couple of sample browsing and annotation
tasks were provided.

Table 1
Participant information

Participant  Digital photo Estimated total Size of the collection
experience size of the provided for the

collection study

P1 Three years 600 579

P2 Three years 2000 1245

P3 Four years 2000 1664

P4 Three years 1000 727

PS5 2.5 Years 1000 464

P6 Three years 3000 1309

P7 Two years 1000 758

3
v

On dropping, the face image is

regrouped and its annotation is

re-associated

Z3

/]

Fig. 10. Fix a misclassified face image. Moving a face image into a different face group updates the association between the face image and the name of the

person.
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Table 2 shows the task design. The user study employed
a 2 x 2 design, with annotation technique and task type as
independent variables. We measured the time per comple-
tion and the number of annotated items as dependent vari-
ables. We also collected some statistics about the photo
collections such as the number of event groups, and the
number of face groups. All participants were asked to fin-
ish the Event Task first, followed by the Face Task. How-
ever, the order of annotation techniques was counter-
balanced to minimize learning effects. The total duration
of the user study for each participant was about one hour.
Participants were encouraged to “talk-aloud” while per-
forming given tasks but not enforced. Upon finishing each
task, we interviewed participants to gain more insight
about their behaviors.

6.3. Event task

In the Event Task, participants were asked to annotate a
set of specific events and we measured the task completion
time. This task was intended to measure the efficiency and
usability of the event based grouping compared to partici-
pants’ own folder-based photo organization. Through the
pre-user study questionnaire, we found that all participants
were using directories or folders to organize their
photographs.

Participants were provided with two different types of
interfaces: (1) a semi-automatic annotation interface where
photos are grouped by automatically identified events and
are laid out in a zoomable space (ESA); and (2) a manual
annotation interface where photos are grouped by their

directory structure and are laid out in a non-zoomable can-
vas equipped with a vertical scrollbar (EM) as in Fig. 11. A
recent user study (Cockburn et al., 2006) suggests that peo-
ple can perform better with zoomable user interfaces when
searching a document. Our research motivation was to
explore novel user interfaces for personal photo manage-
ment and we, thus, used state-of-the-art techniques includ-
ing zoomable user interface and semi-automatic annotation
methods. However, due to this design choice, factors other
than pure semi-automatic annotation strategy influenced
the participants’ annotation performance in the event
tasks. Under the user study we designed, the effect of event
based clustering cannot be separable from the benefit of the
zoomable user interface.

As mentioned in the previous sections, participants had
been asked to fill in the question, ““Please state at least five
interesting events or places in your photo collection”. Among
the participants’ event list we collected, we randomly chose
four events per participant for this task. Therefore, each
participant was given different event tasks. For a controlled
user study, a limited set of photos and limited target events
should have been employed. However, with this non-con-
trolled study design, the tasks are more consistent with real
life situations.

Among the chosen four events, we assigned two events
for the semi-automatic annotation interface (ESA) and
the other two events for manual annotation interface
(EM). In each task, participants were asked to annotate
any number of photos that matched the given event. The
order of tasks was counterbalanced. Half of the partici-
pants finished the semi-automatic annotation tasks (ESA)

Table 2

Four types of tasks were designed to compare the semi-automatic annotation strategy with conventional manual annotation approaches
Annotation Task type

strategy

Event annotation

Face annotation

Semi-automatic

annotation been automatically identified by the system. (ESA)
Manual Photographs are laid out in a scrollbar canvas grouped by their directory
annotation structures (EM)

Photographs are laid on a 2D zoomable space grouped by events that have

Cropped portraits of people are grouped by the similarity
of clothing they wear (FSA)

Photographs are laid out in a scrollbar canvas ordered by
the date on which they were taken (FM)

Each task condition is denoted by the label; ESA, FSA, EM, and FM.

B = MR
LT !

Fig. 11. Event tasks with two different settings. Left: photographs are grouped by events which have been automatically identified by SAPHARI. Right:

photos are laid out by using participants own directory structure.

Samsung - Exhibit 1012 - Page 14



B. Suh, B.B. Bederson | Interacting with Computers 19 (2007) 524-544 537

first followed by the manual annotation tasks (EM). The
other half was asked to begin with the manual annotation
tasks.

With the semi-automatic interface (ESA), participants
were reminded that they can make annotations on either
automatically identified photo groups or any ad-hoc photo
groups. At any time, they were allowed to choose any num-
ber of photos as an annotation target. Such an annotation
target can be selected by: (1) clicking with the control key
pressed to add the clicked photograph to the current selec-
tion group; (2) clicking with the shift key pressed to add a
range of photographs to the current selection group; or (3)
selecting photographs by a marquee rectangle. Participants
were allowed to drag a label onto a group of selected pho-
tos to annotate them at once. A single photo was also valid
as an annotation target. The same ad-hoc photo grouping
was also available in the manual annotation interface
(EM).

Participants were reminded that there were two levels of
event grouping, “Regular” and “Fine” grouping in ESA
interface, and they were allowed to freely switch their views
between them.

For each task, we recorded the completion time, the
number of annotated photos, the number of label dragging
and the number of event groups. The study administrator
also took memos on the participant’s annotation and nav-
igation strategies.

6.4. Face task

The second part of the user study was designed to mea-
sure the effectiveness of clothing based person recognition
when applied to personal photo collections. Participants
were asked to annotate a given set of photos with name
labels as quickly and accurately as possible. Users were
provided with two types of interfaces: (1) a semi-automatic
annotation interface where cropped faces are grouped by
clothing based person recognition (FSA); and (2) a manual
annotation interface where non-cropped original photos
are laid out on a canvas with scroll bars (FM) as shown
in Fig. 12.

REAT

S kgt b st v,

With the semi-automatic annotation (FSA), participants
were allowed to make annotation only on face groups.
Users were asked to drag a name label on a target face
group, which annotates all faces in the face group. How-
ever, with the manual annotation interface (FM), partici-
pants were allowed to use the ad-hoc grouping with
which users can select any number of photos as an annota-
tion target.

Each participant was given four different face annota-
tion tasks. The face annotation task was given with the
instruction, ““Please annotate the photos taken on [a specific
sample date] with [a list of person]”. The task was easy to
understand and realistic because participants were asked to
make annotations on their own photos with people they
were familiar with.

Before meeting with participants for the user study, two
days from the photo collection per participant were manu-
ally picked for this task. Since the goal of the face task was
to examine the feasibility and usefulness of clothing based
person recognition, we needed to choose tasks that made
sense. Among the dates from which participants took pho-
tos, we picked two dates per participant where: (1) at least
three people appeared in the photos taken during a day;
and (2) at least ten photos were taken in a day. However,
once the dates are chosen, we used all photos taken on
the dates to make annotation tasks more realistic.

As with the event information, a list of common people
in the photos was extracted from the pre-study question-
naire with:

“Please state at least five people appear in your photo col-
lection. You don’t have to list all the people. However
please include people who are important to you — people
who you want to find in your digital photo collection”.

The two picked dates and the two interface techniques
generate four possible combinations for each participant:
date one with clothing based annotation (FSA), date two
with clothing based annotation (FSA), date one with man-
ual annotation (FM), and date two with manual annota-
tion (FM). Participants were asked to perform four tasks
in a counterbalanced order. We recorded the completion
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Fig. 12. Face annotation task interfaces. Participants were asked to annotate people in photos with two different interfaces. Left: clothing based

annotation (FSA). Right: manual annotation (FM).
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time, the number of annotated faces, the number of face
groups, and the number of face regrouping. We also
observed participants’ annotation strategies.

6.5. Event task result

As shown in Fig. 13 and Table 3, the participants per-
formed much better with the semi-automatic interface
(ESA). When the automatic event grouping matched users’
intentions, users were able to easily make bulk annotations
on the photo groups. As shown in Fig. 13, the time per
annotation was reduced 49% with the semi-automatic
annotation (ESA), 0.367 s compared to the manual annota-
tion (EM), 0.720 s.

A paired sample ¢-test was conducted on the time per
annotation and there was a significant statistical difference
depending on the annotation techniques, #(1, 6) = 3.16,
p =0.019.

During the user study, all participants complained about
the repetition of selecting photos and drag-and-drops. One
participant reported that “Sometimes, it’s very difficult to
select a group of pictures, especially if they are not adja-
cent”. Especially with the manual annotation (EM), even

Time Per Annotation

though participants were trying to make bulk-annotations
as much as possible, selecting multiple annotation targets
required significant effort from the users, such as clicking
multiple times with shift key pressed, and using scrollbars.
On the other hand, participants took advantage of event
groups with semi-automatic annotation interface (ESA)
where participants were allowed to make annotations on
pre-clustered event groups. Participants spent less time to
select annotation targets.

Overall, participants were positive about automatically
identified events in the semi-automatic annotation interface
(ESA). They immediately noticed the meaning of each
event. One participant said, “This is Thanksgiving dinner
and this is Christmas. And this is when my parents were
here”. He was very satisfied with the automatic event
groups and reported, “This grouping is much better than
my directories”.

However, we also found that the efficiency of locating a
specific photo was enhanced by zoomable user interfaces.
Even though photos were represented as small thumbnails
in ESA tasks, users were able to easily identify an individ-
ual photo through a small thumbnail, which eventually
helps users to identify photo groups. However, the effect

Average Time Per

Annotation
1
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Fig. 13. Time per annotation from the event tasks. The left figure shows individual performance of participants and the right figure shows the average and

the standard deviation of time spent per annotation.

Table 3
Annotation performance for the event tasks

Participants

Number of annotated photos and time per annotation in seconds

Semi-automatic interface (ESA)

Manual interface (EM)

Task 1 Task 2 Task 3 Task 4
Pl 93 (0.473) 78 (0.843) 251 (0.408) 162 (0.511)
P2 100 (0.822) 215 (0.255) 97 (1.867) 193 (0.255)
P3 73 (0.369) 135 (0.323) 91 (0.907) 165 (0.930)
P4 89 (0.407) 89 (0.757) 97 (0.572) 34 (1.073)
P5 72 (0.752) 256 (0.094) 152 (0.279) 67 (1.673)
P6 143 (0.195) 58 (0.184) 19 (1.439) 72 (0.466)
P7 281 (0.127) 400 (0.169) 56 (0.642) 38 (1.022)
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of zoomable user interface was not measured separately
and the reported users’ performance enhancement is com-
bination of the two effects of event based clustering and
zoomable user interface. We found it hard to determine if
either one of them is the dominant factor in the perfor-
mance improvement. Further study will be required to
determine how each factor contributes to the difference.

SAPHARI provided two event granularities; ‘““‘Regular”
and “Fine” (see Section 4). Table 4 shows the grouping
result. As the above table shows, “Regular” grouping pro-
vides a smaller number of large event groups while “Fine”
grouping generates a larger number of tightly coupled
photo groups. When asked which event grouping was bet-
ter, six out of seven participants answered that they pre-
ferred “Regular” grouping. Participants did not care
much about detailed events. Since they could remember
most events in their photo collections, they preferred to
find a high level event and then do a visual search among
the photos in that event. During the event task, only one
participant (P2) used the “Fine” event grouping. In addi-
tion, we found that participants used “Regular” grouping
during the Event Task because the events used in the user
study were also more suited for “Regular” grouping. For
example, a coarse event such as “Parents Visit” was well-
covered by “Regular” grouping while more detailed events
such as “Family Dinner (during the parent visit)”’ could be
detected by “Fine” grouping. Most of the participants’
events, collected in the pre-study questionnaire, were bigger
units such as “Parent Visit” rather than detailed events,
and therefore most participants were satisfied with the
“Regular” event grouping during the user study.

During the user study, some problems were also
observed with the semi-automatic annotation interface
(ESA). One participant in particular had problems with
event groups. Some photos in her collection were altered
when rotated and shrunken. The EXIF headers of the pho-
tos were destroyed and the photos’ timestamp showed the
date of the modification, not the actual date the photo
was taken. Due to this problem, some events were grouped
incorrectly and she had to unscramble the spoiled event
groups. In addition, four participants also reported there
were errors in event boundaries (ESA). However, rather
than fixing the boundaries, participants used ad-hoc group-
ing to select annotation targets. Because the photos are laid
out in chronological order, they easily identified appropri-

Table 4
Event based clustering result

ate annotation targets and selected them for making anno-
tations. In our user study, only two participants (P1 and
P2) fixed the event boundaries (one time and two times,
respectively) even though there are more event boundary
detection errors.

6.6. Face task result

The goal of the face task was to investigate the potential
benefit of clothing based person recognition. With the Face
Task, there was only a 6% improvement with the semi-
automatic annotation with clothing based person recogni-
tion (FSA, 2.54 s per annotation) compared to the manual
annotation (FM, 2.71's per annotation). As shown in
Fig. 14 and Table 5, the time per annotation did not show
significant difference.

Overall, participants spent a significantly longer time to
annotate faces than events. While performing manual
annotation tasks, one participant reacted that “It requires
too much effort to do face annotation even though it does
not seem to take much time”. Another participant even
complained about wrist fatigue after finishing the Face
Task. After the user study, all participants agreed that
the face annotation task was too time consuming especially
because they had to select target photos one by one. In the
Event Task, participants were able to take advantage of
bulk annotation even with the manual annotation interface
(EM) because the photos were grouped by the directory.
However, with manual annotation on the Face Task
(FM), participants were not able to make bulk annotation
easily. Photographs that contain a specific person are not
necessarily located together on the screen. They were scat-
tered on the screen and participants were required to iden-
tify the people in photos one by one. Even though there
was no significant difference in the task completion time,
participants clearly became more tired with the manual
annotation strategy.

We observed a few interesting patterns when partici-
pants were making annotations using the clothing based
annotation (FSA). First, due to inaccurate results from
the face detection algorithm, there were a quite number
of non-faces that were recognized as faces. It caused
SAPHARI to include those non-face images in the face
groups. Participants spent some effort to remove those
non-face images from face groups. This procedure slowed

Participant Collection size ~ Number of event group with regular Number of event group with fine Directories in photo
grouping grouping collection
Pl 579 22 60 20
P2 1245 20 37 1
P3 1664 52 109 38
P4 727 130 243 8
P5 464 84 141 67
P6 1309 34 91 17
P7 758 25 99 16
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Fig. 14. Time per annotation for the face task. The left chart shows individual performance of participants and the right shows the average and the

standard deviation of time spent per annotation.

Table 5
Annotation Performance for the Face Tasks

Participants

Number of annotated faces and time per annotation in seconds

Semi-automatic (FSA) Manual (FM)

Task 1 Task 2 Task 1 Task 2
P1 19 (4.48) 19 (1.70) 42 (2.92) 82 (3.40)
P2 18 (2.06) 23 (2.47) 21 (3.72) 34 (4.22)
P3 28 (3.04) 12 (3.39) 65 (2.36) 24 (1.50)
P4 11 (5.11) 21 (4.19) 36 (5.93) 50 (4.55)
P5 33 (2.17) 29 (1.76) 64 (1.92) 69 (1.73)
P6 35 (1.27) 19 (1.98) 49 (1.26) 38 (1.32)
P7 36 (0.65) 65 (1.51) 37 (1.06) 65 (1.44)

down the annotation process. Second, participants spent
some time organizing non-annotation-target people while
performing the Face Task. While the Face Task asked par-
ticipants to make annotations only with the given people,
in many cases, participants also tried to organize people
who were not annotation targets. For example, one partic-
ipant was asked to annotate only her family members.
However, when the given Face Task also showed a lot of
images of her friends, she also identified and organized
some of her friends as well as her family members. The
study results only count annotated family members exclud-
ing all other identified persons.

In addition, we observed that participants spent some
time just looking at face images with the semi-automatic
annotation interface (FSA) before performing any annota-
tion task. With the manual annotation interface (FM), par-
ticipants immediately began to annotate. When asked what
they were doing, participants responded that they were
examining the results and planning how to group them.
Participants also showed much more enthusiasm with the
clothing based person recognition. One participant was
annotating photos which were not in the given task. He sta-
ted that he just wanted to annotate everybody in the
collection.

As shown in Table 6, participants corrected a significant
number of recognition errors while performing the Face

Tasks. To annotate 368 faces (the sum of all annotated
faces; the last column in Table 6), they made 155 correc-
tions, which indicates that the accuracy of the clothing
based recognition is 58%. In Face Recognition Vendor Test
(FVRT) in 2002 (Phillips et al., 2003), the average recogni-
tion accuracy of the best three systems for outdoor face
images were 51% (the best system with 54% accuracy).
Even though the experiment conditions are different from
each other, the result of clothing based person recognition
is very encouraging compared to systems evaluated in
FRVT 2002. SAPHARI is able to recognize humans with-
out using any facial features. We believe that our clothing
based recognition technique has the potential to increase
the accuracy of face based human recognition systems.

6.7. Subjective satisfaction

Through the post-user study questionnaire, much stron-
ger differences emerged. After finishing the Face Task, par-
ticipants answered questions about their satisfaction with
the interfaces they used in the study. Fig. 15 shows the
average and standard deviation scores on a seven point
scale (1 = disagree, 7 = agree) for participants’ responses
to a number of ease of use and preference ratings. A one-
way analysis of variance (ANOVA) was run on each mea-
sure to test for differences between interface techniques.
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Table 6
Clothing based person recognition result

Data set Number of face Number of detected User’s error Number of face group after Number of annotated
group face correction correction face
P1 Set 1 6 19 6 6 19
Set 2 25 40 10 14 19
P2 Set 1 45 146 5 46 18
Set 2 18 47 11 15 23
P3 Set 1 20 54 9 10 28
Set 2 10 26 11 3 12
P4 Set 1 15 30 16 9 11
Set 2 17 39 16 9 21
P5 Set 1 14 46 16 4 33
Set 2 18 44 10 10 29
P6 Set 1 16 36 11 4 35
Set 2 17 41 13 11 19
P7 Set 1 7 36 3 7 36
Set 2 23 66 18 10 65
Participant Satisfaction
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information  preference

Fig. 15. Participants’ subjective satisfaction was measured by the post-user study questionnaire.

There was no difference in the first two questions; “‘sim-
ple to use” and “‘easy to learn”. Participants reported that
all annotation interfaces were easy to use. Participants
immediately grasped the main concepts of annotation
and event groups. They also had no trouble navigating
using the zoomable interface. All participants were able
to finish the given task successfully without any problem
with two different interface techniques and they answered
very positively for both interfaces when being asked about
the ease of use and learnability.

However, the answer to the question, “easy to find
information” showed a clear preference for the semi-auto-
matic approaches. Participants were significantly positive
with semi-automatic annotation interfaces compared to
manual annotation interfaces, #(12)=6.74, p <0.001.
Since the semi-automatic interfaces provided photos in a
2D zoomable space, participants were able to easily zoom
in any photos. In addition, the zoomable interface also pro-

vided quick previewing of photos. With mouse hovering,
the interface provided a preview (about 200 x 150 in pixels)
of photos under the cursor. Most participants were able to
take advantage of the zoomable user interface to navigate
their photo collections. One participant mentioned that
the previewing was ‘“‘definitely useful”. This observation
implies that zoomable user interface techniques clearly
helped users to identify annotation targets. However, auto-
matic event identification also helped users when making
annotations. Participants took advantage of automatically
identified event groups by making bulk annotations onto
the identified photo group.

For the “overall satisfaction” question, participants
unanimously preferred semi-automatic annotation inter-
faces with very strong statistical significance, #(12) = 7.42,
p <0.001. Response was very positive. A few participants
were even interested in continuing to use SAPHARI on
their personal computer.
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7. Discussion

SAPHARI is designed based on a number of design
principles we identified in our earlier studies (Bederson,
2001; Suh et al., 2003). First, SAPHARI facilitates bulk
annotation by clustering photos into meaningful groups.
In SAPHARI, photos can be grouped based on their time-
stamp so that each group corresponds to a meaningful
event (see Section 4). Also, SAPHARI can group similar-
looking people together so that users can label them easily
(see Section 5). Second, SAPHARI is designed to provide
clear feedback in response to users’ input. In “Event” lay-
out, users’ correction on event boundaries immediately
regroups photos on the screen. In “Clothing” layout, mov-
ing a face image between face groups gives very clear feed-
back (Fig. 10). Third, in SAPHARI, users can always
override suggestions from automatic recognition algo-
rithms. Event boundaries and person label association
can be easily overridden. Fourth, SAPHARI takes advan-
tage of timestamps of photos to provide contextual infor-
mation. In “Event” layout, photos are laid out based on
their chronological orders in a zoomable space (i.e.,
Fig. 5), and, thus, allowing users to naturally browse pho-
tos around a specific photo. We found this feature espe-
cially useful when a wuser wants to update event
boundaries. Lastly, users are not forced to make annota-
tions at any time. Annotations can be made incrementally
and interactively.

In SAPHARI, the semi-automatic annotation interface
is integrated with a zoomable user interface. Participants
were provided with zoomable navigation techniques,
zooming in to see more detail and zooming out to see
the overview of images. During the user study, we
observed that the zoomable navigation helped partici-
pants when searching annotation targets. The participants
were able to find events in their collection immediately in
a zoomable space. One interesting characteristic of per-
sonal photo collections is that users are already very well
aware of photos in their collection. Combined with zoom-
able user interface techniques, familiar photos seem to
play a very important role in efficient browsing. Com-
pared with our previous user studies in (Suh et al.,
2003), which were designed to browse non-familiar
images, search performance appeared to be improved
when participants were browsing their personal photos.
In the previous study, users spent about 30 seconds on
average to find a single photo that contains a specific
search target object among 100 photos. However, in this
study, participants spent about 46s to finish the event
annotation task (ESA) with semi-automatic and zoomable
user interface techniques. In the ESA task, there were 964
photos on the screen on average and participants dragged
labels 3.9 times on average. Even though participants had
to browse and locate much larger number of photos, they
finished the given tasks reasonably fast. Although it is
hard to directly compare the two studies, we believe that
participants of this user study performed much better

when searching photos. We suspect it is because the par-
ticipants were already familiar with their personal photos.
Even when photos were represented in very small thumb-
nails, participants were able to remember details of the
photos. This suggests that zoomable user interfaces, where
small thumbnails are frequently used, have a great poten-
tial when used for handling familiar information. Even
though zoomable user interfaces were not the focus of this
study, this was an interesting and unexpected observation,
so we report it here.

There are a number of possible improvements for the
research presented in this paper. The face detector used
in SAPHARI can be replaced with one with higher accu-
racy. The Viola—Jones face detector (Lienhart and Maydt,
2002; OpenCV, 2005; Viola and Jones, 2004) used in
SAPHARI is often heavily affected by lighting conditions
and fails to work properly. In addition, SAPHARI only
detects frontal face views. Although the frontal view is
the most common form of faces in photos, supporting lat-
eral views will increase the accuracy of human recognition.
More efficient face detector will increase the effectiveness of
clothing based person recognition. In addition, overall
human recognition accuracy can be improved if the cloth-
ing based approach is used in conjunction with other facial
feature based techniques (Phillips et al., 2003). In addition
to facial features, we expect using social structures sug-
gested in (Naaman et al., 2005) can help to achieve more
accurate human recognition.

As explained earlier, there are a couple of assumptions
we made when designing SAPHARI; we assumed that:
(1) photo collections are episodic; and (2) people usually
wear the same (and unique) clothing within a day. When
these assumptions are not met, SAPHARI does not work
well. For example, when people wear uniforms or when
people are in bathing suits, clothing based person recogni-
tion cannot be applied. SAPHARI also assumed all photos
have valid timestamps. When the timestamps of photo-
graphs are modified, SAPHARI generates inaccurate
results. Further research has to be performed on cases
where these assumptions are not met.

There also were some usability issues with SAPHARI.
Some participants did not like the drag-and-drop interac-
tion. Some of them complained about difficulties in mar-
quee-selecting images. Sometimes, users were confused
between ‘‘selection mode” which allows users to select
images and “zoom mode’ which enable users to navigate
a zoomable space. Further refinement is needed on these
issues.

The user study design presented in this paper also has
some limitations. During the user study, we measured task
completion time to access users’ annotation performance.
However, we also allowed users to talk about what they
were doing, which could have an effect on task completion
time. In addition, the effect of zoomble user interface could
have been captured more precisely if the user study had
added a “zoomble user interface only”’ condition (without
semi-automatic strategies).
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8. Conclusion

In this paper, we explored semi-automatic techniques to
help users make accurate annotations with low effort.
While metadata is very important for browsing and search-
ing photos, it is hard to acquire accurate metadata associ-
ated with photos. Automatic metadata extraction is
typically fast but inaccurate, while manual annotation is
slow but accurate. We designed and implemented a semi-
automatic annotation prototype, SAPHARI which com-
bines these two techniques. The prototype generates photo
clusters which facilitate efficient bulk annotation.
SAPHARI automatically creates photo clusters with hier-
archical event clustering and clothing based person
recognition.

We performed a series of user studies with seven partic-
ipants. The results showed the potential benefit of the semi-
automatic annotation when applied to personal photo col-
lections. Users were able to make annotations 49% and 6%
faster with the semi-automatic annotation interface on
event and face tasks, respectively. Hierarchical event
grouping strategy was able to provide users multiple sets
of event groupings. Although six of out seven participants
preferred the “Regular’ event grouping with ‘Fine” group-
ing, we believe hierarchical event organization can be use-
ful when users want to have alternative event groups.
Clothing based person recognition achieved reasonable rec-
ognition accuracy. This strategy has a potential to increase
human recognition performance when combined with
other human recognition techniques.

Despite the lack of significant performance improve-
ment in the Face Task, the study participants significantly
preferred the semi-automatic approach. We believe that
this is because the kind of work the participants did with
the semi-automatic interface better matched their skills
and interests. The manual interface required them to per-
form numerous repetitive and boring tasks which became
mind-numbing over time. The semi-automatic interface,
on the other hand, required the participants to work at a
higher level — paying attention to the results of the auto-
matic clustering algorithm, spotting and correcting mis-
takes. The tasks for this interface were fewer, but more
complex.

So, not only do semi-automatic approaches offer the
potential for better performance as the content analysis
algorithms improve (which they are bound to do), but we
also believe that semi-automatic approaches work better
for people because they map more naturally to what people
tend to be good at, thus providing a preferable experience.

Semi-automatic annotation is still in its early stage.
Even though computer vision research has developed many
useful techniques, only a few are directly applicable to per-
sonal photos. We hope further research will provide useful
automatic recognition techniques which can be integrated
with user interface strategies to help users manage ever-
growing personal photo collections.

References

Adobe Photoshop Album, 2006. Adobe Systems Incorporated., www.a-
dobe.com/products/photoshopalbum.

Barron, C., Kakadiaris, 1., 2001. Estimating anthropometry and
pose from a single image. Comput. Vis. Image Und. 81 (3),
269-284.

Bederson, B.B. 2001. PhotoMesa: A Zoomable Image Browser Using
Quantum Treemaps and Bubblemaps. UIST 2001, ACM Symposium
on User Interface Software and Technology, CHI Letters, ACM Press,
3(2), 71-80.

Bhattacharya, A., 1943. On a measure of divergence between two
statistical populations defined by their probability distributions. Bull.
Calcutta Maths Soc. 35, 99-110.

Cockburn, C., Gutwin, C., Alexander, J. 2006. Faster document naviga-
tion with space filling thumbnails. In: Proceedings of the ACM CHI
2006 Conference on Human Factors in Computer Systems. ACM
Press, pp. 1-10.

Cooper, M., Foote, J., Girgensohn, A., Wilcox, L. 2003. Temporal Event
Clustering for Digital Photo Collections. In: Proceedings of the 11th
ACM International Conference on Multimedia, (MM 03). ACM, 1 (3),
pp. 269-288.

Faloutsos, C., Barber, R., Flickner, M., Hafner, J., Niblack, W., Petkovic,
D., Equitz, W., 1994. Efficient and effective querying by image content.
J. Intell. Inf. Syst. 3 (3-4), 231-262.

Flickr, 2005. Yahoo! Incorporated, www.flickr.com.

Gargi, Ullas. 2003. Consumer Media Capture: Time-Based Analysis and
Clustering, Hewlett-Packard Tech. Report HPL-2003-165.

Girgensohn, A., Adcock, J., Cooper, M., Foote, J., Wilcox, L. 2003.
Simplifying the Management of Large Photo Collections. Human-—
Computer Interaction, INTERACT 03, I0S Press, 196-203.

Girgensohn, A., Adcock, J., Wilcox, L. 2004. Leveraging face recognition
technology to find and organize photos. In: Proceedings of the 6th
ACM SIGMM International Workshop on Multimedia Information
Retrieval, ACM Press, pp. 99-106.

Graham, A., Garcia-Molina, H., Paepcke, A., Winograd, T., 2002. Time
as essence for photo browsing through personal digital libraries. In:
Proceedings of the Second ACM/IEEE-CS Joint Conference on
Digital Libraries. ACM Press, pp. 326-335.

JEITA (Japan electronic and information technology industries associa-
tion). (2002). Exchangeable image file format for digital still cameras:
Exif Version 2.2 www.exif.org.

Kang, H., Bederson, B.B., & Suh, B. (accepted for publication).
Innovative GUIs for Dynamic Digital Image Management. Int. J.
Human-Computer Interact., Lawrence Erlbaum Associates.

Kang, H., 2003. Personal media exploration with semantic regions. In:
Extended Abstracts on Human factors in computing systems (CHI
2003). ACM Press, pp. 668-669.

Kang, H., Shneiderman, B., 2000. Visualization methods for personal
photo collections: browsing and searching in the photoFinderProceed-
ings of IEEE International Conference on Multimedia and Expo
(ICME 2000), vol. 3. IEEE, pp. 1539-1542.

Koenemann, J., Belkin, N.J., 1996. A case for interaction: a study of
interactive information retrieval behavior and effectiveness. In: Pro-
ceedings of ACM CHI 96 Conference on Human Factors in
Computing Systems. ACM Press, pp. 205-212.

Kohonen, T., 1989. Self-Organization and Associative Memory. Springer-
Verlag.

Kuchinsky, A., Pering, C., Creech, M.L., Freeze, D., Serra, B., Gwizdka,
J., 1999. FotoFile: a consumer multimedia organization and retrieval
system. In: Proceedings of ACM Conference on Human Factors in
Computing Systems (CHI 99). ACM Press, pp. 496-503.

Leung, L., Zhang, J.S., Xu, Z.B. 2000. Clustering by Scale-space Filtering,
IEEE Trans. On Pattern Analysis and Machine Intelligence, 22(12),
1IEEE, 1396-1410.

Lienhart, R., Maydt, J. 2002. An Extended Set of Haar-like Features for
Rapid Object Detection. IEEE ICIP 2002, IEEE, vol. 1, 900-903.

Samsung - Exhibit 1012 - Page 21



544 B. Suh, B.B. Bederson | Interacting with Computers 19 (2007) 524-544

Loui, A., Savakis, A., 2000. Automatic image event segmentation and
quality screening for albuming applications. In: Proceedings of IEEE
International Conference on Multimedia and Expo. IEEE, pp. 1125-
1128.

Naaman, M., Yeh, R.B., Garcia-Molina, H., Paepcke, A., 2005. Lever-
aging context to resolve identity in photo albums. In: Proceedings of
the Fifth ACM/IEEE-CS Joint Conference on Digital Libraries (JCDL
2005). ACM, pp. 178-187.

Naaman, M., Song, Y.J., Paepcke, A., Garcia-Molina, H., 2004. Auto-
matic organization for digital photographs with geographic coordi-
nates. In: Proceedings of the Fourth ACM/IEEE-CS Joint Conference
on Digital Libraries (JCDL 2004). ACM, pp. 53-62.

Open CV, Open Source Computer Vision Library, Intel Inc. www.intel.-
com/research/mrl/research/opencv.

Phillips, P.J., Grother, P.J., Michaels, R.J., Blackburn, D.M., Tabassi, E.,
Bone, J.M. 2003. Face recognition vendor test (2002): Evaluation
report, NISTIR 6965, NIST, Gaithersburg, MD.

Picasa, 2006. Google Inc. www.picasa.com.

Platt, J.C., Czerwinski, M., Field, B. 2002. PhotoTOC: Automatic
Clustering for Browsing Personal Photographs, Microsoft Research
Technical Report MSR-TR-2002-17.

Rodden, K., Wood, K., 2003. How do people manage their digital
photographs? In: Proceedings of ACM Conference on Human Factors
in Computing Systems (CHI 2003). ACM Press, pp. 409-416.

Rosales, R., Sclaroff, S., 2000. Inferring body pose without tracking body
partsProceedings of IEEE Computer Vision and Pattern Recognition,
vol. 2. IEEE, pp. 721-727.

Riya.com, 2005. Ojos Incorporated. www.riya.com.

Shen, C., Lesh, N., Moghaddam, B., Beardsley, P., Bardsley, R.S., 2001.
Personal digital historian: user interface design. In: Extended Abstract
of CHI 2001. ACM Press, pp. 29-30.

Shen, H.T., Chin, O.B., Tan, K., 2000. Giving meanings to WWW images.
In: Proceedings of Eight ACM Multimedia Conference (SIGMM
2000). ACM Press, pp. 39-47.

Silverman, B.W., 1986. Density estimation for statistics and data
analysisMonographs on Statistics and Applied Probability, vol. 26.
Chapman & Hall.

Tuffield, M., Harris, S., Dupplaw, D.P., Chakravarthy, A., Brewster, C.,
Gibbins, N., O’Hara, K., Ciravegna, F., Sleeman, D., Wilks, Y.,
Shadbolt, N.R. 2006. Image Annotation with Photocopain, http://
eprints.ecs.soton.ac.uk/12004.

Suh, B., Ling, H., Bederson, B.B., Jacobs, D.W. 2003. Automatic
Thumbnail Cropping and Its Effectiveness, UIST 2003, CHI Letters,
5(2), ACM Press, 94-104.

Viola, P., Jones, M., 2004. Robust real-time object detection. Int. J.
Comput. Vis. 57 (2), 137-154.

Von Ahn, L., Liu, R., Blum, M., 2006. Peckaboom: a game for
locating objects in images. In: Proceedings of ACM Conference on
Human Factors in Computing Systems (CHI 2006). ACM Press,
pp. 55-64.

Wenyin, L., Dumais, S., Sun, Y., Zhang, H., Czerwinski, M., Field, B.,
2001. Semi-automatic image annotation. In: Hirose, M. (Ed.),
Proceedings of Human-Computer Interaction — Interact ’01. I0S
Press, pp. 326-333.

Yang, M., Kriegman, D., Ahuja, N., 2002. Detecting faces in images: a
survey. IEEE Trans. Pattern Anal. Mach. Intell. 24 (1), 34-58.

Yoshitaka, A., Ichikawa, T., 1999. A survey on content-based retrieval
for multimedia databases. IEEE Trans. Knowl. Data. Eng. 11 (1),
81-93.

Zhao, W., Chellappa, R., Philips, P.J., Rosenfeld, A., 2003. Face
recognition: a literature survey. ACM comput. surv. 35 (4), 399—
458.

Samsung - Exhibit 1012 - Page 22





