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ABSTRACT
In this paper, we propose an approach for photo album sum-
marization through a novel social game“Epitome”for mobile
phones. Our approach to album summarization consists of
two games: “Select the Best!” and “Split it!”. The goal of
the first game is to allow a user to select the most represen-
tative photo of a reduced set of images, while in the second
game, the user has to split the reduced set into two distinct
parts. As it could be time-consuming to look at a huge col-
lection of photos on a mobile phone, it is more enjoyable and
pleasant to show only a limited number of images which can
be fit into one mobile screen. The results obtained in these
games are combined to produce a summarization and are
then compared with the results of other users. As a final
result, a unique summarization sequence of photos is deter-
mined. The determined sequence of photos can be used to
create a collage of one album or a cover for an album. The
proof of concept of the proposed method is demonstrated
through a set of experiments on several photo collections.

Categories and Subject Descriptors
I.4.9 [Image Processing and Computer Vision]: Appli-
cations; H.5.3 [Information Interfaces and Presenta-
tion]: Group and Organization Interfaces—Web-based in-
teraction

General Terms
Design, Experimentation, Performance

Keywords
social game, social networks, photo summarization, collage,
mobile game

1. INTRODUCTION
The popularity of mobile phones equipped with digital

cameras in recent years has much increased the number of

Permission to make digital or hard copies of all or part of this work for
personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies
bear this notice and the full citation on the first page. To copy otherwise, to
republish, to post on servers or to redistribute to lists, requires prior specific
permission and/or a fee.
CMM’10, October 29, 2010, Firenze, Italy.
Copyright 2010 ACM 978-1-4503-0172-5/10/10 ...$10.00.

photos taken in our daily lives. In order to make these pho-
tos easily accessible, people usually organize their photos
in albums (collections) based on events, places, or people.
Besides storing them on computer hard drives, people also
transfer their digital photos to social networks where their
friends, family and colleagues can also access them. Some
do not stop there, and print their photos on post cards, cal-
endars or photo books, often to give them as presents or to
create physical souvenirs. According to a recent study [3],
40% of adults who use Internet, upload photos to websites
to share with others online, while 34% of adults print their
photos as photo books. Photo sharing web sites contain
a huge volume of publicly available photos. For example,
Flickr1 contains over 4 billion photos [4] and more than 2.5
billion photos are uploaded to Facebook2 each month [1].

There is a saying: “A picture is worth a thousand words.”
Therefore, people like to use their photos to tell their own
stories of some important events in their life. One’s wedding,
birth of a baby, vacation, birthday party or even a long
lasting period - from the date of one’s birth till celebration
of 18th birthday, are only a few examples of such events.
One of the reasons why people share photos is to ask their
friends to comment and tag photos. Summarization is an
effective way to help getting a quick overview of a set of
photos. These photos can be used to create a collage of one
album, a cover for an album, or to be included in a photo
book.

Which photos are the most suitable to summarize a photo
album? Creation of a photo summary is a very subjective
task. There are different criteria upon which a human user
would rate digital photos. The color, composition, content,
lighting and sharpness of a photo, all contribute to viewer’s
response to that photo. These characteristics are used ex-
tensively by professionals on web sites, magazine covers and
printed advertisements to draw attention, communicate a
message and leave a lasting emotional impression. Sum-
marization is currently often done automatically, with obvi-
ous limitations. There is a gap between what people think
the summary should look like and what we get with an au-
tomatic summarization. While watching shared photos, it
would be desirable if your friends can also select the most
representative photos which summarize an album.

In this paper, we propose an approach for photo album
summarization through a novel social game “Epitome”. The
name “Epitome” comes from the Latin word for summariza-
tion. We formulate the problem of album summarization as

1http://www.flickr.com
2http://www.facebook.com

33



selecting a set of photos from a larger collection which best
preserves the visual information of the entire collection. The
ideal summarization presents the most interesting and im-
portant aspects of the scenes in the album with minimal
redundancy. The main idea of our approach is to show a re-
duced set of photos on a mobile phone, ask users to play the
game and then integrate results of all users in order to pro-
duce a summarization for the whole dataset. Our approach
to album summarization involves two games denoted in this
paper as “Select the Best!” and “Split it!”. Each of these
social games starts with a collection of photos, for exam-
ple, taken during a vacation. The goal of the first game is
to allow a user to select the most representative photo of
a reduced set of images. In the second game, the user has
to split this reduced set into two distinct parts in order to
mimic separation of one album into different events. The re-
sults achieved in the two games are compared with those of
other users, and every user receives a score based on his/her
performance. A unique summarization sequence of photos
is determined as a sequence of photos which gets the highest
number of users’ votes. The determined sequence of photos
is used as the most appealing photos which best represent
the original collection. The proof of concept of the proposed
method is demonstrated through a set of experiments on
several photo collections.

The remaining sections of this paper are organized as fol-
lows. We introduce related work in Section 2. Section 3
describes our social game application and its implementa-
tion on a mobile phone. Experiments and results are shown
in Section 4. Finally, Section 5 concludes the paper with a
summary and some perspectives for future work.

2. RELATED WORK
Most mobile game applications are stand alone client based

games. However, the network is becoming cheaper and faster,
which facilitates fast spread of online game applications.
Our online game is designed for this new segment of mo-
bile game applications.

There are already several kinds of photo collection browsers
on the market. However, difficulties appear for large per-
sonal photo collections. State-of-the-art navigation hier-
archy considers time separated events, spatial information
using GPS coordinates, and content-based image similari-
ties. Susumu et al. [9] developed an interface for photo
navigation that is based on a zoomable timeline. The basic
idea is to cluster images using the time difference between
two consecutive photos. Initial clusters are created by de-
tecting gaps of more than 24 hours, which can determine
different events. Further clustering is applied recursively
on each cluster regarding to outliers compared to the mean
time gap distance between consecutive images. The result
is an automatic personal photo structuring and navigation
interface for PDAs. Cooper et al. [7] explored the tem-
poral photo collection clustering, extending with content-
based image similarity measurement. Naaman et al. [10]
developed a system called PhotoCompas. This system does
automatic organization of digital photographs, which addi-
tionally considers the geographic location of photo or event
based description extracted from user tags. Spatial and tem-
poral clustering therefore can be applied for photo search
and navigation. Furthermore, search categories can be ap-
plied for navigation, such as elevation, season, time of the
day, weather status, temperature and time zone. Finally,

combination of temporal similarity, content-based similar-
ity, and location-based similarity is used for photo collection
clustering. Hewlett-Packard is highly involved in commer-
cial side of image processing for photo clustering. One of
their research areas is automatic generation of photo collec-
tion page layout. In [6], they presented a photo collection
page layout generation method that attempts to maximize
page coverage without having overlapping photos. Layout is
based on a hierarchical partition of the page, which provides
explicit control over the aspect ratios and relative areas of
photos. Geigel and Loui [8] emphasized aesthetic side of a
page layout for image collections. They used a genetic al-
gorithm to optimize aspects such as balance and symmetry
for a good placement of images in the personalized album
pages.

Gaming provides a new way of motivating people to make
the subjective data acquisition interesting and enjoyable.
Ames and Naaman [5] have explored different factors that
motivate people to tag photos in mobile and online environ-
ments. One way is to decrease the complexity of the tagging
process through tag recommendation which derives a set of
possible tags from which the user can select suitable ones.
Another approach is to provide incentives to the user in form
of entertainment or rewards, e.g. games. The most famous
examples of games which are based on the latter approach
are the ESP Game and Peekaboom, developed for collect-
ing information about image content. The ESP Game [11]
randomly matches two players who are not allowed to com-
municate with each other. They are shown the same image
and asked to enter a textual label that describes it. The
aim of each user is to enter the same word as his/her part-
ner in the shortest possible time. Peekaboom [12] extends
the ESP Game. Unlike the ESP Game, it’s asymmetrical.
To start, one player is shown an image and the other sees an
empty black space. The first user is given a word related to
the image, and the aim is to communicate that word to the
other player by revealing portions of the image. Peekaboom
improves the data information, collected by the ESP Game,
by asking for the object location in the image. Several other
games have been created based on this idea, such as video
tagging, music description and tagging, tag description, ob-
ject segmentation, visual preference and image similarities.

Our social game can collect research data and, at the same
time, it provides a collage or a cover photo of the photo
albums, while, at the same time, the user enjoys playing
the game. In this way, both users and research community
can benefit. Therefore, this concept is novel compared to
previously mentioned games.

3. APPLICATION
The goal of our application is to provide an intuitive and

enjoyable user interface for mobile phones, which creates
and annotates photo collages for Facebook photo albums.
Therefore, a game is created, which can provide its poten-
tial users with many pleasant hours while playing it, and
enjoying photos. At the same time, it determines the most
representative photos of the user’s photo album and provides
useful research data.

3.1 Epitome game
The scenario of the game is as follows. A player logs in to

the game with his/her Facebook account and allows access
to his/her photo gallery in order to force all players to also
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Figure 1: Login, Main game selection, “Select the
Best!” and “Split it!” screenshots of the games are
shown.

populate the game with their own photos, as shown in Fig-
ure 1. For new users who log in for the first time, the server
registers the player’s photo albums in the database. At this
point, the player can select between two games. In both
games, 9 consecutive photos are randomly selected from one
of the Facebook albums. This feature of showing only the
partial album is commonly used, for example in Facebook,
where one album is split into several pages, and photos on
the same page are placed in a grid. In the first game, called
“Select the Best!”, 9 images are shown to the player and
he/she has to choose the best representative photo. By click-
ing on one of these 9 images, the player can see that image
in a resolution that fits into the entire mobile screen. If the
player chooses a photo which is the most frequently selected
by other players, then the player’s score increases and an
acoustic tone is heard. Since albums are chosen at random,
it may happen that a new album without any subjective
data appears in the game. In that case, the player automat-
ically wins and his/her score increases. The second game is

Figure 2: System architecture of the “Epitome”mo-
bile game. It consists of three parts: the mobile side
which deals with the user interface, the server side
which performs the analysis, and the Facebook which
provides necessary data and authentication.

called “Split it!”, where the player should split images into
two parts.

If a player reaches a certain score level, then the server
shows photos for the collage of his/her photo album from the
results of “Select the Best!” and “Split it!” games. There-
fore, the player can get a feedback from all other players,
regarding his/her Facebook photo albums.

The application (Figure 2) consists of three parts, the mo-
bile side which deals with the user interface, the server side
which performs the analysis and the Facebook which pro-
vides user data, images and authentication. These three
parts communicate over an HTTP network using JSON data
structure. The mobile side application is a weak interface
for server information, where most of the processing is done
on the server, therefore it makes our game easily portable to
different client platforms. Authentication and photo albums
are handled by Facebook through Facebook API. Finally,
the scores, the information about photo albums and the re-
sults are stored on the external server side. The game was
tested with Samsung Galaxy i7500 mobile phone on Android
OS platform.

3.2 Scoring
The application calculates three different values: Impor-

tance, Segmentation and UserScore.
Importance value is calculated in the “Select the Best!”

game for each photo album separately. The goal of this game
is to select the most representative photo of the particular
Facebook album of K = 9 photos given the fact that the
players can select only one representative photo among K
photos. These K consecutive photos are chosen randomly
from the album every time a user plays the game. A feature
vector BestSmalln, n ∈ [1, N ], is calculated for each user,
n among N users, as follows:

BestSmalln = [ αn,1, αn,2, αn,3, . . . , αn,K ], (1)
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where αn,k ∈ {0, 1}, for k ∈ [1, K], takes either 1 or 0 de-
pending on whether the corresponding photo is chosen as
the most representative photo. This vector is then extended
to a vector Bestn of dimension M , where M is size of the
particular Facebook album, as follows:

Bestn = [ 0, . . . , 0,︸ ︷︷ ︸
y−1

BestSmalln,︸ ︷︷ ︸
K

0, . . . , 0,︸ ︷︷ ︸
M−K−y+1

],

(2)
where y ∈ [1,M − K + 1] is the index of the first photo
shown to the player in the corresponding album. The fre-
quency of all photos that appear in the game is stored as a
vector BestFreq of dimension M , because photos are shown
in random order and thus have different impact on the final
results. An M -dimensional vector BestCount is then calcu-
lated as: BestCount =

∑
n Bestn, n ∈ [1, N ]. At the end,

a normalized vector Importance is formed by element-wise
division:

Importance =
BestCount

BestFreq
, (3)

which is an M -dimensional vector showing the distribution
of the most representative photos within one Facebook al-
bum.

Segmentation value is calculated in “Split it!” game for
each photo album separately and updated every time a user
plays it. It shows the frequency with which each photo in
one album is selected as a starting photo in a new segment.
In this game, players are asked to perform partitioning of
K = 9 consecutive photos from a Facebook album into two
distinct parts. These K consecutive photos are chosen ran-
domly from the album every time a user plays the game.
For each player n, a feature vector SegmSmalln, n ∈ [1, N ],
is formed as follows:

SegmSmalln = [ βn,1, βn,2, βn,3, . . . , βn,K ], (4)

where βn,k ∈ {0, 1}, for k ∈ [1,K], takes either 1 or 0 de-
pending on whether the corresponding photo is chosen as the
beginning of the new segment. Note that the vector always
has only one value 1. This vector SegmSmalln is then used
to form an extended vector Segmn of dimension M equal to
the size of the particular Facebook album, as follows:

Segmn = [ 0, . . . , 0,︸ ︷︷ ︸
x−1

SegmSmalln,︸ ︷︷ ︸
K

0, . . . , 0,︸ ︷︷ ︸
M−K−x+1

],

(5)
where x ∈ [1,M − K + 1] is the index of the first photo
shown to the player in the corresponding album. Every
time the photos are shown to the player, they are counted
and M -dimensional frequency vector SegmFreq is calcu-
lated for the whole album which stores information about
how many times each photo appeared in the game. All vec-
tors Segmn, n ∈ [1, N ], are then summed up to form an M -
dimensional vector SegmCount =

∑
n Segmn. As a final

result, SegmCount is normalized with SegmFreq to take
into account the frequency with which each of the photos
appears in the game, as the photos in the middle of the al-
bum appear more frequently. The final result used in the
further evaluation is the following ratio in which element-
wise division is performed:

Segmentation =
SegmCount

SegmFreq
. (6)

This is an M -dimensional vector which shows the distribu-
tion of the start indexes of the segments within a photo
album.

Finally, the results obtained in these games are combined
to produce a summarization. Vectors Importance and Seg-
mentation are used to automatically select L = 5 most rep-
resentative photos within the dataset. At first, L− 1 maxi-
mum values are selected from the vector Segmentation. In
this way, the particular album is segmented into L most
probable segments chosen by N users. For each of these
segments, a photo with the highest score in the vector Im-
portance is chosen. If there are multiple photos having the
same score, one among them is randomly chosen. These L
photos represent a collage of the album, which is shown to
the owner of that album, if he/she reaches a certain level of
UserScore.

UserScore value is defined to motivate players to play
this game frequently. In the “Select the Best!” game, the
player increases his/her own UserScore if he/she selects the
photo which has the highest Importance value among 9 pho-
tos. The same approach is used in “Split it!” game, where
the player increases his/her UserScore if he/she separates 9
photos at the place where Segmentation value is the highest
among 9 photos. Initial UserScore is set to 0.

4. EVALUATION
Creation of a photo summary is always a very subjective

task, and thus the evaluation of a summary is difficult. We
asked participants (users) to create a ground truth for 6
photo collections. The ground truth contains the most rep-
resentative photos for the whole dataset (6 collections). In
this section, the dataset used and experiments are described.

4.1 Datasets
The dataset used in our experiments is the official dataset

from “HP Challenge 2010: High Impact Visual Communi-
cation” at the “Multimedia Grand Challenge 2010” [2]. It
consists of 6 datasets, each with 20 photos. These datasets
cover photos that are usually taken during a vacation, de-
scribing a variety of topics: photos depicting different land-
marks and famous sightseeing places, photos with parents
and kids, and photos of cars, flowers and sea animals. Fig-
ure 3 provides example photos of the datasets. Even though
photos of each dataset are pinned under the same topic, we
can see that their content is rather heterogeneous, present-
ing different objects or scenes (mainly outdoor scenes) with
large variances in color representation, presence of people,
etc.

4.2 Experiments
To collect the ground truth data and to evaluate the de-

signed photo selection tool (social game), we conducted two
experiments. Since there are different criteria upon which a
human user would rate digital photos, we first constructed a
ground truth by asking different people for their subjective
opinion about photos and then tested our algorithm against
the ground truth data. We recruited 63 participants, among
whom 61% were males and 39% were females, aged 18− 65,
with different backgrounds and cultural differences.

In the collection of the ground truth data, participants
were shown 20 photos which belong to the same dataset
(collection or album). The task of the participants was to
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Figure 3: Some example photos for each of 6
datasets. Photos in each row belong to different
datasets. The datasets cover a large variety of ob-
jects and scenes usually taken during a vacation.

select the 5 most representative photos of the whole album,
while looking at all photos of that album.

The goal of experiment 1 was to perform a segmentation
of the image collection by splitting it into two parts which
have distinct semantic meanings, which is analogous to the
game “Split it!”. For example, the first part of the set can be
photos taken in a down town, while the second part of the
set can be represented by photos taken at a lake (e.g., the
first row in Figure 3). Or, the first part of photos depicts red
flowers and the second yellow flowers. In this experiment,
the participants were shown only a reduced set of photos (9
out of 20 photos) which belong to the same collection. The
photos were shown in the time order in which they were
captured. The time stamp was extracted from EXIF tags
associated to each photo. The subset of 9 photos in this ex-
periment was extracted as follows: 20 photos were sorted in
the time order as already explained, and then 9 consecutive
photos were selected with a random starting position which
was different for each user.

In experiment 2, the participants were shown a reduced
set of photos (9 out of 20 photos) which belong to the same
collection. These 9 photos were selected in the same way as
already explained in experiment 1. The participants were
asked to select only one, the most representative photo of
that collection, which is analogous to the game “Select the
Best!”.

The results obtained in experiments 1 and 2 are used to
assess the performance of our approach by comparing them
with the ground truth.

4.3 Results and analysis
For simplicity of the explanation on how our approach was

evaluated, let us consider only one dataset withM = 20 pho-
tos. First, a ground truth data is collected. Every user n
among N = 63 users is asked to select the 5 most represen-
tative photos. After his/her participation in collecting the

ground truth data, the corresponding feature vector Fulln,
n ∈ [1, N ], is formed as follows:

Fulln = [ δn,1, δn,2, δn,3, . . . , δn,M ], (7)

where δn,m ∈ {0, 1}, for m ∈ [1,M ], takes either 1 or 0
depending on whether the corresponding photo is chosen as
one of the representative photos or not. Feature vectors of
the users i and j, i, j ∈ [1, N ], are then compared to each
other and the score of their matching Si,j is calculated as:

Si,j = Fulli · FullTj . (8)

In other words, the higher the number of identical photos
that are chosen by two users, the better will be the score of
the match between them. Note that the maximum score of
the match is 5. Finally, to each user i, i ∈ [1, N ], a value
Scorei is assigned as:

Scorei =

N∑
j=1

Si,j . (9)

The maximum value in the vector Scorei shows the best per-
forming participant who has the highest number of selected
photos which are matched with all other users. The maxi-
mum possible value of the score is 5 · N , which in our case
becomes 315. These results are considered as the ground
truth data and compared with the results from two other
experiments in order to prove the concept of our approach.

In experiments 1 and 2, participants are asked to perform
partitioning of the reduced dataset and to select the most
representative photo of the dataset. The vectors Importance
and Segmentation of dimension M , which are described in
Section 3.2, are used to automatically select L = 5 the most
representative photos within the dataset. These L photos
are then represented as a choice of the proposed method.
Then, the complete procedure of measuring similarity be-
tween the choice of the proposed method and all other users
is repeated and the final scores are computed according to
Equations 8 and 9.

All computations are repeated in a similar way for all 6
datasets.

The results obtained in our experiments are shown in Fig-
ure 4. This figure shows the distribution of the partici-
pants’ scores, including the choice obtained by the proposed
method. All scores are sorted in a descending order. The
results of proposed method which is the integration of the
game results show how good we are in selection of the most
representative photos of one dataset by showing only a re-
duced set of images in the proposed game. These initial
results look promising. As we can see, the scores of the pro-
posed method have a small relative distance from the best
ground truth scores achieved in our experiments. In aver-
age, our approach achieves 80% of the best score for each
dataset, which proves the concept of our game. For datasets
3 and 5, this value is even higher, i.e. about 95%. The most
representative photos for one of the datasets selected by the
proposed method are shown in Figure 5.

5. CONCLUSION
With the rapid growth of digital photography, sharing of

photos with friends and family has become very popular.
When people share their photos, they usually organize them
in albums according to events or places. To tell the story
of some important events, it is desirable to have an efficient
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Figure 4: The distribution of the participants’
scores. All scores are sorted in descending order.
The results of the proposed method are shown with
square markers. Different colors of the square mark-
ers correspond to different datasets. The results are
promising and prove the concept of our approach.

summarization tool which can help people to get a quick
overview of an album containing a huge number of photos.

In this paper, we proposed two social games for an album
summarization on mobile phones: “Select the Best!” and
“Split it!”. In order to make them suitable for mobile phones,
these games have to concentrate on small tasks: selection of
the most representative photo of a reduced set of images and
partitioning of the reduced set into two distinct parts. The
proof of concept of these games was demonstrated through a
set of experiments on several photo collections. The results
of our experiments show that concept of the game is vali-
dated. In average, our summarization game achieves 80% of
the best score of different participants.

As a future study, we will include in our approach different
visual features and make the game more attractive for users.
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