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Keynote talk: Mining Events from Multimedia
Streams
Speakers: Jonathon Hare, Sina Samangooei
The aggregation of items from social media streams, such as Flickr photos and Twitter
tweets, into meaningful groups can help users contextualize and effectively consume the
torrents of information on the social web. This task is challenging due to the scale of the
streams and the inherently multimodal nature of the information being contextualized.
In this talk we’ll describe some of our recent work on trend and event detection in
multimedia data streams. We focus on scalable streaming algorithms that can be applied
to multimedia data streams from the web and the social web. The talk will cover two
particular aspects of our work: mining Twitter for trending images by detecting near
duplicates; and detecting social events in multimedia data with streaming clustering
algorithms. We will describe in detail our techniques, and explore open questions and
areas of potential future work, in both these tasks.
Jonathon Hare is a Lecturer in the Web and Internet Science group at the University
of Southampton. His research interests lie in the area of multimedia information mining,
analysis and retrieval, with a particular focus on large-scale multimodal approaches. He
has published nearly 60 papers in peer-reviewed conferences and journals.
Sina Samangooei is a Research Fellow in the Web and Internet Science Research
group at the University of Southampton. His research interests include streaming data,
multimedia retrieval and large-scale machine learning.

Keynote talk: Semantic Encodings for
Recognizing and Recounting Video Events
Speaker: Cees Snoek
What defines an event in video? Answers from the recent literature indicate success can
be obtained with a color Fisher vector, a histogram of motion and trajectories, or, even
better, a potpourri of multimedia descriptors and representations. In this talk I will
highlight our progress on encoding video, and events, by semantic detector predictions,
which can not only recognize but also explain events. First I will present our study on
the characteristics of a universal semantic encoding for arbitrary-event recognition in
web video. Then I will introduce an algorithm that learns from examples what concepts
in a semantic encoding are most informative per event. Finally, I will end by showing
event recounting capabilities of the semantic encodings, which open up the possibility to
automatically describe and explain why a particular video was found.
Cees G. M. Snoek is currently an associate professor at the University of Amsterdam.
He was previously at Carnegie Mellon University and the University of California at
Berkeley. His research interest is video and image search. Dr. Snoek is the principal
investigator of the MediaMill Semantic Video Search Engine, which is a consistent top
performer in the yearly NIST TRECVID evaluations. He is member of the editorial boards
for IEEE Multimedia and IEEE Transactions on Multimedia, and general co-chair of ACM
Multimedia 2016. Cees is recipient of an NWO Veni award, an NWO Vidi award, and the
Netherlands Prize for ICT Research 2012. Several of his Ph.D. students have won best
paper awards, including the IEEE Transactions on Multimedia Prize Paper Award and the
SIGMM Best Ph.D. Thesis Award.
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ABSTRACT
We present a framework to detect or cluster social events in
web photo collections, retrieve associated photos and classify
these photos according to event types. Compared to traditional approaches that often consider only textual or visual
features without the notion of social events, our approach
jointly utilizes both features while also incorporating other
event-related contextual cues like date and time, location
and usernames. Experiments based on the MediaEval Social Event Detection Dataset demonstrate the effectiveness
of our combined constraint-based clustering and classification model.

Categories and Subject Descriptors
H.3.1 [Information Storage and Retrieval]: Content
Analysis and Indexing; H.3.3 [Information Storage and
Retrieval]: Information Search and Retrieval

General Terms
Design, Theory, Experimentation, Performance

Keywords
Context, Detection, Retrieval, Social Events, Collaborative
Photo Collections

1. INTRODUCTION
The transition from traditional, film-based photography
to digital photography has led to a situation where more consumers take many more photos than ever before. Similarly,
the ways we can store and share photos have also changed.
Nowadays, the Internet enables users to host, access and
share their photos online; for example, through websites like
Flickr and Facebook. Collaborative annotations and tags, as
well as public comments, are commonplace on such services.
The information users assign varies greatly but often seems
to include references to what happened where and who was
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Figure 1: Overview of our proposed event-based detection, retrieval and classification framework.
involved. Such references often describe observed experiences that are planned and attended by people, which we
simply refer to as events [16].
It is desirable to exploit such events for many reasons.
For example, studies have proven that users find it easier to
search through photo collections if the photos are grouped
into events (that can be more easily browsed) rather than
only by their dates of capture [7]. It is also possible to link
events in photo collections to public social media like online
news feeds. Thus, aiding users in exploring photo collections
and facilitating the mesh-up or linkage of web media reinforce why effective approaches are needed in the first place to
detect or cluster events and retrieve their associated photos,
and additionally, to understand the kind or type of those
events.

2. BACKGROUND AND RELATED WORK
There is a wealth of research in the area of general event
detection in web resources. Works like [1,17] study event detection in social media, particularly in social online networks
such as Facebook or Twitter. They share some aspects with
our work but do not focus on the photo domain, as we do.
More specifically, we target photo websites, where users can
collaboratively annotate photos. Since we wish to retrieve
photos relating to social events (thus also require the detection of such events), our task is different from generic event
clustering approaches used in personal photo collections [6]
that do not embody the context of social events. Research

that target collaborative photo collections such as [4] often
focus on exploiting user-supplied tags without considering
many of the other modalities available, especially those related to events. [9] targets photos and events but leverages
only the association patterns between generic activities and
their geographical locations.
Works [2, 12, 13] focus on events and combine more varied
semantic information, such as the spatial-temporal domain
in relation to users (photographers) uploading photos. Of
these works, however, only [12] and [2] consider visual similarities among photos. While [12] classifies events, [2] does
not classify events and instead emphasizes external semantic data. Our prior work [3] also focuses on social events
in photo collections, but it is limited to photo retrieval and
does not involve the detection and classification of social
events.
For the benefit of event detection and event-driven photo
retrieval (especially when linked to social events), further
research is needed on how to best exploit and process the
information collaborative web photo collections hold.

3. OBJECTIVE AND APPROACH
We present a framework (overview in Figure 1) to detect and cluster social events and retrieve associated photos
in photo collections. In particular, we target collaborative
web photo collections (such as Flickr) which contain photos
with rich but uncontrolled annotations and that are linked
to their users. Moreover, we show how to classify photos
and events according to event types like music concerts or
sports games.
The foremost domains defining a social event are date and
time, location, involved people and their observable activities [16]. Note, however, that we primarily target social
events that are public and attended by many people because these events are likely to be better represented across
popular social media websites and channels. We do not consider private events such as a single person’s vacation. Also,
note that our proposed work is generally different from traditional photo retrieval frameworks, which are often purely
based on image content, as we incorporate the notion of social events. In the usage-scenario that we envision, all social
events within a photo collection are automatically detected
and their associated photos automatically retrieved – both
without requiring any user knowledge or interaction. Additionally, these photos or events are automatically classified
according to event type.
The remainder of this paper is structured as follows: In
the next two sections, we describe an initial spatio-temporal
clustering procedure to increase the amount of locationaware photos, and we also describe our methods to extract
textual and visual features from photos. Thereafter, we explain how we detect and cluster social events and retrieve
the photos that are associated with those events. We devote
the subsequent section to event type classification. Lastly,
we detail our experiments and evaluate their results.

3.1

Spatio-Temporal Propagation

Although collaboratively annotated photos may provide
several information domains, the most useful to us with respect to social events are: involved people (based on the
username of the person who uploads the photos); date and
time of photo capture; and the geographical location (venue)
an event takes place. Our reasoning for this is the assumed

Username

Date & time

Geo. location

Figure 2: Due to our assumed constraint, photos
sharing the same username, date and time and geographical location shall belong to the same social
event. Likewise, photos that differ in at least one
domain shall not belong together.

constraint that photos sharing the same involved people,
date and time and geographical location shall belong to the
same event. Likewise, photos that differ in at least one domain shall not belong together. Thus, we extract, propagate
and incorporate as much information from these three domains as possible.
Analyzing photos to determine which people are depicted
and thus involved in a social event is difficult, especially
when people are not known beforehand. However, it is a
valid assumption that the users who upload and share photos
are the people involved. Since photo services like Flickr use
unique identifiers or usernames for their users when they
upload and share photos, we are able to associate each photo
with a user.
Almost all photos are shot with digital cameras or smartphones nowadays. As such, the date and time of capture is
automatically embedded into photos. However, this is often
not yet the case with location, as many cameras still lack the
capability of determining geographical location. Cameraequipped smartphones usually offer this capability but cannot provide and embed such location information at all times;
for instance, GPS satellite signals within or below buildings
are often too weak to fix the location. To determine the location of as many photos as possible, we propagate location
information from photos that embed it to photos that do
not. We take advantage of the constraint that a person cannot be at multiple locations at the same time. We relax the
constraint by linking it to a particular temporal duration.
For each user u, we compile two sets of photos: set XL with
photos that provide their location, and set XL̄ with photos
that do not. Then, we find for each photo x ∈ XL̄ a set
of photos XL̆ out of XL whose time difference is below a
threshold dx , and assign the location most often associated
with photos within XL̆ to XL̄ .
Additionally, we analyze each photo’s textual annotation
t (e.g. title, keywords, etc.) for references to geographical
locations (e.g. London). We first compile a list of geographical locations (where each list item represents the name of a
location and its geographic coordinates). Theoretically, we
would need to consider all possible geographical locations
and places worldwide for optimum coverage. However, we
limit ourselves to larger cities that we extract from the publicly available GeoNames dataset. We train a Linear Support Vector Classifier (that scales well with a high number
of classes) on the compiled list, and thereafter predict the
location of each photo based on t. Then, we compute and average text edit distances (based on Jaro-Winkler [5]) among
prediction and consecutive word token combinations within
t to discard predictions that fall below a certain probability
threshold. Employing a classifier that directly emits prob-

abilities is another option. For all approximate locations L̃
(the coordinates of the city centers) that we determine, we
apply the same username-based location propagation procedure as mentioned before. This time, however, we perform
some additional filtering by only considering those approximate locations L̃ associated with each user if they are also
associated with at least na photos. We signify the gained
set of photos with approximated locations as XL̃ . Lastly, we
compile a combined set S that includes all spatio-temporal
clusters of XL̄ and XL̃ . We also compile a combined set T
that includes all temporal clusters of XL̄ and XL̃ .

3.2

Textual and Visual Feature Extraction

To aid event detection, retrieval and classification as explained in the forthcoming two sections, we extract and compose textual features from each photo’s title, description and
keywords. First, we apply a Roman preprocessor that converts text into lower case and strips punctuation, whitespaces and accents. Next, we split the words into tokens.
To accommodate multiple languages as well as misspelled
and varied terms, we apply a language-agnostic characterbased tokenizer (limited to windows of three to six characters within word boundaries) rather than a typical wordbased tokenizer. We then use a vectorizer to convert the
tokens into a matrix of occurrences. To account for photos
with a large amount of textual annotations, we also consider
the total number of tokens by ignoring tokens that appear
often throughout documents. This approach is commonly
referred to as Term Frequencies. Instead of decomposing
the resulting feature matrix to one with a lower and fixed
number of dimensions, we limit the amount of features to a
fixed value that corresponds to the nf most frequent terms.
According to initials tests, this results in almost comparable
performance at much lower required complexity.
In addition to textual features, we also capture and incorporate the scene or gist of photos in terms of visual attention
(e.g. color and texture). For every photo, we extract GIST
signatures [11] of the patches of a 4 × 4 grid spanned over
the photo and compose a final feature vector with 960 elements. To fuse textual and visual features, we normalize
both features and concatenate them into a combined feature
vector. We also incorporate a weighting ratio that allows us
to emphasize one or the other feature.

3.3

Event Detection and Retrieval

Let X be the entire set of photos within a dataset and let
an event be a distinct combination of a spatial and temporal
window or cluster (e.g. 5km and 8h as in our later experiments). We start with the list of spatio-temporal clusters
S that is the result of Section 3.1. We consider each spatiotemporal cluster as a detected event if we can associate at
least nd photos with it. In each case, we consider these associated photos (we denote them as XC ) as belonging to an
event. Together, they form our initial retrieval result that
we expand in the next steps.

3.3.1 Expansion and Feature-based Pruning
We propose a supervised approach to retrieve any remaining photos that only fall into an event’s temporal window
(we signify the set of these photos as XE ), but whose spatial window we are not aware of. Our intention is to classify
the photos of XE as belonging to an event (we define this
resulting set as XP ) or not belonging to an event.

In particular, we train a binary classification model based
upon the features whose extraction we explain in Section 3.2:
one class represents photos that belong to an event and its
training data is represented by XC , and another class represents photos that do not belong to an event. For that
latter class, we compile a small, random subset of photos of
X that does not intersect with XE (in other words, photos
that do not fall within the same date and time or location
boundaries) of a given event. We utilize a Support Vector Classifier (with the penalty parameter denoted as C) as
our method of classification. Initial tests show superior performance of this method over other common classification
methods.

3.3.2 Post-Expansion
In this step, we include photos that likely belong to a detected event but may have been mistakenly discarded by the
feature-based pruning step in the prior Section 3.3.1. In particular, these might be photos that are linked to users who
have multiple photos belonging to an event. The assumption is that if a user attends a social event and takes photos,
then it is likely that most of his photos taken over the time
that he attends this event are of this event.
We first approximate the temporal beginning and end of
each event. We do this by averaging the capture date and
time d of ne photos for both ends of the temporal window
that is spanned by photos of the set union XU = XC ∪ XP .
Next, we determine all users Up with at least np represented
photos within XU . Based on our assumption in Section 3.1
(and shown in Figure 2), we finally include all photos of
Up that fall within the approximated event beginning and
end times (we allow for some additional temporal leeway
dp ), and, if given, whose exact or approximated location is
within a threshold lp .

3.3.3 Clustering
We propose an optional clustering step to further improve
detection and retrieval performance for datasets that consist
mostly of photos belonging to events rather than of photos
not belonging to any events. Recall that our detection and
retrieval approach starts with a set of spatio-temporal clusters S. To detect more events and retrieve more photos,
we additionally incorporate the set of temporal clusters T .
In other words, we now also consider those clusters that are
defined by photos that do not encode any geographical information. Note, however, that we only consider such temporal
clusters of S whose associated photos (we denote this set of
associated photos as XG ) do not yet belong to any detected
events; in other words, photos that are not yet retrieved.
Likewise, we compile a set of photos that we have already
retrieved (we denote this set as XR ).
Using K-Means [8], we then cluster the union set XG ∪XR
based upon the features that we extract in Section 3.2. Since
the photos in XR are associated with detected events, we use
the event labels of these photos to assign event labels to the
photos of XG according to closest cluster. Next, we omit
all assigned event labels with an overall frequency less than
nc , and we further propose to optionally omit all but the
most frequent event label for each user. Our assumption
is that a user is likely to attend only one social event over
a certain period (that is implicitly defined by the temporal
cluster). We denote the set of photos whose assigned event
label we do not omit or discard as X ′ G . We propose two

stagram photos for the task of classifying photos according
to event types. Accompanying metadata (unique Flickr ID,
capture date and time, username, title, description, keywords and, in about 46% and 27% of the cases, geographic
coordinates) are provided in a separate XML file. Ground
truth that associates photos (specified by their Flickr IDs)
with event clusters (14882 classes) or types (sporting events,
protest marches, BBQs, debates, expositions, festivals, concerts and others) is separately provided.

4.2
Figure 3: Exemplary photos from the MediaEval
SED Dataset.
variants for determining which photos of X ′ G to include as
part of the final retrieval result. In the first variant, we
consider only those photos of X ′ G that correspond to the k
most frequently assigned event labels. In the second variant,
we do not use k and simply consider all photos of X ′ G .
Note, however, that in both variants we levy an additional
constraint where the portion of photos that are associated
with both X ′ Ge and XRe , where e signifies a given event,
must be below a threshold β.

3.4

Event Type Classification

In this section, we extend our framework to classify the
event type that one or multiple photos may belong to. We
propose a supervised classification model that is similar to
Section 3.3, and that is similarly based upon the features
that we extract in Section 3.2. First, we train a multi-class
model using a set of photos Xtr , where each photo is labeled
with one of the event types we wish to predict. We can then
utilize this trained model to predict the event type of any
new and unlabeled photo xte . We extend this basic approach
in two ways.
One option is to expand the set of labeled photos Xtr
in the training step. We perform the same spatio-temporal
clustering as in Section 3.3. For every training photo xtr ∈
Xtr that falls within any of these spatio-temporal clusters,
we consider all photos of any matching spatio-temporal cluster as additional training photos, and assign the same event
type label of xtr to these additional photos.
Another option is to not treat each testing photo xte separately in the prediction step, but to consider whether a
testing photo xte belongs to an event cluster. We can then
consider how a testing photo xte relates to other photos belonging to the same event cluster. Since photos belonging
to an event cluster can be predicted and thus labeled differently, we perform a simple arbitration by defining the overall
type of an event cluster based upon its most frequently associated event type label. As such, we assign the same event
type labels to all testing photos belonging to the same event
clusters.

4. EXPERIMENTS
4.1

Dataset

We perform experiments on the MediaEval Social Event
Detection (SED) Training Dataset [14] released in 2013 (exemplary photos in Figure 3). The dataset consists of two
sets: set D1 specifies 306150 Flickr photos for the task of
event detection and retrieval, and set D2 specifies 57165 In-

Experimental Setup

We evaluate the event detection and retrieval performance
on D1 in its entirety due to the unsupervised nature of the
detection and retrieval task. To evaluate the event type
classification performance, however, we perform a five-fold
stratified shuffle split and average its results. For each fold,
we use one third of D2 as a testing set and the remaining
photos of D2 for training a classification model as explained
in Section 3.4. We base all experiments on the following
default model configuration and parameter values: nf =
9600, nd = 3, ne = 3, na = 3, np = 2, nc = 3, dp = 30min,
lp = 5km, β = 0.33 and C = 0.1.

4.3

Results and Evaluation

We report and evaluate the performance of our framework using four common scoring measures: Precision (P ),
Recall (R), Normalized Mutual Information (NMI) and F1.
All four scores are in the range [0, 1], where higher values
indicate better results.

4.3.1 Spatio-Temporal Propagation
As mentioned in Section 4.1, the 2013 MediaEval SED
Training Dataset that we use for our experiments provides
geographic coordinates for some but not all photos. For the
event detection and retrieval set D1 , geographic coordinates
are provided for 140472 photos out of a total of 306150 photos, or 45.88%. Using our approach from Section 3.1, we are
able to propagate location information and thus increase the
number of photos whose exact or approximate location we
are aware of by the following percentages: 0.99% based on
only the usernames; 32.86% when analyzing the photos’ textual information and inferring their approximate locations
(on a city-level); and 33.84% when combining both to a total of 79.73%. As a result, we are able to compile a large
number of spatio-temporal clusters S that we exploit in the
subsequent event detection and retrieval steps.

4.3.2 Event Detection and Retrieval
Corresponding to Section 3.3, the left plot of Figure 4
shows our baseline performance for event detection and photo
retrieval without subsequent clustering. We achieve a P of
0.55, a R of 0.49 and a NMI of 0.69. When expanding the
spatio-temporal clusters in terms of their spatial and temporal windows (and thus including additional candidate photos), and then pruning these candidate photos based upon
their textual and visual features, we are able to increase R
by as much as 0.06, and NMI by up to 0.08.
After event detection and initial photo retrieval (but prior
to subsequent clustering), we propose to re-include relevant photos mistakenly pruned in the prior spatio-temporal
expansion step. The left plot of Figure 4 illustrates that
this step impacts performance only marginally with gains of
around 0.02. The proposed post-expansion procedure seems
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of 30 clusters) than when using either a much lower or much
higher number of clusters.
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to be most effective when using smaller values for dp such as
30min, in which case P decreases less while still re-including
some mistakenly pruned photos.
The two plots in Figure 5 show that subsequent clustering can significantly increase performance when, as in our
case, the dataset covers mostly only events (as opposed to
also including a significant amount of photos that do not relate to events). When performing spatio-temporal expansion
and when using both textual and visual features throughout our framework, we achieve near-optimum results as the
right plot shows. Our best results are thus in line with [10]
and [15], which are among the top-performing approaches in
the 2013 MediaEval SED Benchmark. However, our performance lessens when not performing spatio-temporal expansion (left plot). In that case, our first clustering variant (we
perform experiments using the top five and top ten most frequent clusters per event) performs less effectively than our
second clustering variant. Moreover, we notice that considering only photos according to the most frequent cluster
label further improves performance (e.g. R up to 0.06 compared to our baseline configuration).
The right plot of Figure 4 illustrates that textual features
moderately outperform visual features (R and NMI increase
by 0.05) when performing clustering. We also experiment
with the number of clusters when performing K-Means clustering. We notice better performance when the number of
chosen clusters is in the range of 20 to 50 (we use a default

Figure 6 shows the event classification performance of our
framework and, in particular, the classification approach detailed in Section 3.4. The figure’s left plot shows that we
achieve a P and R of 0.96, and a NMI of 0.64, in our baseline configuration. It also shows that our two additional
variants can further increase the NMI score by as much as
0.04. Although we use the same feature extraction method
and configuration as in the event detection and retrieval step
detailed in Section 3.3, visual features show a larger positive
impact in this event classification step. As the right plot of
Figure 6 illustrates, we achieve a P and R of over 0.95, and
a NMI of up to 0.62, when using both textual and visual
features. This translates to a gain of 0.07 (NMI) compared
to only using textual features. When utilizing only visual
features, NMI performance drops significantly to 0.17 while
P and R only drop to 0.86 and 0.89, respectively.
A closer evaluation also reveals that our approach classifies photos as non-events notably better than as specific
events. Of nine possible event type classes (seven explicit
types, other and non-event) on which we train our model,
our approach best classifies the event types concert (F1-score
of 0.52), protest (0.37) and theater-dance (0.31). Fashion
and other perform the worst with a F1-score of under 0.10.

5. SUMMARY
We present a framework to detect or cluster social events
in web photo collections, retrieve associated photos and classify these photos according to event types. We combine various event-related contextual cues such as date and time,
location, and usernames with both textual and visual information using a constraint-based clustering and classification
model. We report and evaluate results that validate the effectiveness of our approach. For future research, we intend
to also incorporate information from social networks.
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ABSTRACT
The popularisation of the storage of photos on the cloud has
opened new opportunities and challenges for the organisation and extension of photo collections. This paper presents
a light computational solution for the clustering of web photos based on social events. The proposal combines a first
over-segmentation of the photo collections of each user based
on temporal cues, as previously proposed in PhotoTOC. On
a second stage, the resulting mini-clusters are merged based
on contextual metadata such as geolocation, keywords and
user IDs. Results indicate that, although temporal cues are
very relevant for event clustering, robust solutions should
also consider all these additional features.

Categories and Subject Descriptors
H.3.1 [Information Storage and Retrieval]: Content
Analysis and Indexing; H.3.3 [Information Systems]: Information Storage and Retrieval

General Terms
Design,Experimentation,Performance

Keywords
Clustering, Photo Collections, Event Detection

1. MOTIVATION
The International Telecommunications Union (ITU) announced that in 2014, the amount of active cellular phones
would for the first time exceed the world population. Most
of these devices are equipped with a photo camera, which is
regularly used by the owners to capture, among others, relevant events of their lives. Many of these images are transmitted and stored on third-party services on the cloud, in many
cases, through the same cellular network or wireless connections. There exist two main motivations for transferring
these data to the cloud: firstly, sharing content with other
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users and, secondly, saving these memories on a storage facility which is considered safer, cheaper and more usable than
the offline photo collections on users’ personal computers.
Storing personal photos of relevant memories on the cloud
offers new opportunities in terms of enhancing these digital
records. Assuming that a user will only choose to capture
and store photos from relevant events in his life, it is also
probable that he will be interested in expanding the collection with photos coming from other users. Social events
correspond to periods in the life of every user where there
is exist a high probability that other users have captured
complementary content that are willing to share. Additional photos may offer better image quality, new points of
view, missing moments or completely novel information for
the user. All these services could be offered by the cloud
providers in addition to the basic storage, both for private
events such as family and friends reunions, or for a public
audience such as sports games or music concerts.
In addition to increasing and enhancing the visual content
from a social event, photo collections on the cloud can also
benefit from sharing contextual data related to the event.
One of the main challenges that personal photo collections
present is their retrieval, given that usually only a small
portion of them has associated semantic metadata. Nevertheless, a photo with missing annotations may import annotations from other photos associated to the same event
that had been generated by other users. The tedious process of manual annotation may become more appealing if it
only requires a review of suggested tags from other photos
associated to the same even [13], or even active and fun if
a gamification scheme is adopted [10]. Also automatic annotation can benefit contextual data [22], for example by
considering the expansion of missing metadata from other
photos associated to the same social event. In any of these
cases, it is necessary to identify these social event and the
photos that depict it. This paper proposes a solution to
this problem, by clustering a large collection of photos in a
previously unknown amount of events.
The described services based on social event detection suggest a computational solution to be run on a centralised and
shared service on the cloud, in contrast to other scenarios
where the personal data of the user is processed on the client
side. Any computation on the cloud typically implies an
economical cost on the server which motivates extremely efficient solutions, even at the cost of some accuracy. For this
reason, it is of high priority that any solution involves only
light computations, discarding this way any pixel-related operation which would require the decoding and processing of

the images. In addition, the proposed algorithm is based
in a sequential processing of data which on the temporal
sorting, which easily allows the introduction of new photos
in the collection. Computational costs are also limited to
a sliding window, which provides a scalable solution capable of dealing with large amounts of data coming from large
amounts of users.
The work presented in this paper was assessed in the
benchmark prepared by the MediaEval 2013 Social Event
Task [19]. Eleven solutions from different research groups
participated in this campaign on a common dataset and metrics for social event detection. The work presented in this
paper achieved the second best result in terms of precision
and third best result in terms of F1-Measure in the task of
photo clustering.
These paper is structured as follows. Section 2 reviews
some of the previous works in the field of event clustering
and, more specifically, in its application to social media on
the web. Section 3 describes the photo clustering technique
proposed in this paper, firstly with a description of the PhotoTOC algorithm and later with its adaptation to the contextual metadata available on web photos. Later, Section 4
reports on the experiments run to assess the proposed solutions based on a public dataset and backed by a scientific
benchmark. Finally, Section 5 provides the insights learned
and points at future research directions.

2. RELATED WORK
The detection of events in personal photo collections has
received the attention of several previous works inside and
outside the MediaEval benchmark.
A first wave of works was published in parallel with the
popularisation of personal digital collections, basically addressing the problem of an offline creation of photo albums
based on events. In these first works, the contextual information was very limited because users did not generate much
textual information and most cameras did not include geolocation sensors. Loui and Savakis [11] proposed a system to
define events and sub-events based firstly on date/time and,
secondly, a content-based approach using color histograms.
The system included a quality-screening software to discard
those photos presenting underexposure, low contrast, camera defocus or movement.
The contribution from Cooper et al [4] also combined time
stamps and visual content but, in this case, though, low frequency DCT textures were used to assess the visual similarity. In their work they highlighted that temporal clustering
should not be limited to compare adjacent sets of pictures,
but expanded to a controlled and local neighbourhood. The
PhotoTOC (Photo Table of Contents) system by Platt et al
[16] focused on collections from single users and generated an
initial set of event boundaries based on time stamps. Whenever the algorithm generated a cluster with more than 23
elements, the cluster was considered too large and was split
according to color features. This splitting was addressed
to the final application of PhotoTOC, which was actually
generating a visual table of contents for a photo collection.
Using visual features for this over-segmentation aimed at
providing color diversity in the generated thumbnails. Our
work has adopted this time-based clustering solution due
to its simplicity and effectivity, but has expanded it to a
multi-user framework with rich metadata available. For this
reason, this approach is described in detail in Section 3.2.

The introduction and popularisation of GPS sensors in
photo cameras enriched the problem of event detection with
a new feature: geolocation [12] [2]. Cao et al [3] added
these metadata to the time stamps and used it to annotate
photo collections. The process benefited from a hierachical
clustering of the photos based first on events and secondly
in scenes, where scenes were to be understood as semantic
labels. This work already remarked the challenges that poses
working with photo collections where, in general, only a part
of the photos will have geolocation data available.
Recent works have focused on the particularities of photos shared on the web, mainly through social networks. A
first effort focus on social media was published by Becket
et al [1], where they proposed a method for learning multifeature similarity metrics based on the rich context metadata associated to this type of content. In their work they
argued that clustering techniques based on learned thresholds are more appropriate that those solutions which require
a prior knowledge on the amount of clusters (eg. K-Means
or EM), or other based on graph partitioning. In particular, they suggested a single-pass incremental clustering that
would compare each non-classified photo with a set of existing clusters. If the similarity to one of these clusters satisfied
a certain threshold, the photo will be assigned to the cluster;
if not, a new cluster was created. The similarity is defined as
the average of similarities between the non-classified photo
with a centroid computed in each existing cluster. This way,
the features of a non-classified photo do not need to be computed with each classified photo, but only with the centroid
of the clusters that contain them. We have also adopted
a threshold-based approach based on cluster centroids, but
applied in two passes: a first one that considers each user
isolated, and a second one that exploits the rich context
metadata.
Petkos et al [15] proposed a solution based in spectral
clustering that would introduce a known clustering from the
same domain (supervisory signal) that would determine the
importance of each feature. The introduction of this example clustering guides the output in a semantic way, for
instance, providing more relevance to geolocation features if
the landmark determines the event nature, or to textual tags
if the event has a strong semantics not related to a specific
location (eg. Christmas).
Reuter and Cimiano [17] proposed a system where, given a
new photo, a reduced set of candidate events were retrieved.
Each pair of new photo and retrieved event was represented
by a feature vector of multimodal similarities. This feature
vector was assessed with a classifier trained to identify correct pairs or whether the new photo should be associated to
a new event.
The problem of photo clustering from social media specifically addressed in this paper has been extensively studied in
the framework of the MediaEval benchmark for Social Event
Detection [19]. This scientific forum allowed the comparison
of different techniques in a common dataset and evaluation
metrics. During the 2013 edition, Samangooeu et al [20]
obtained the best performance in terms of F1-Score by applying a DBSCAN clustering [6] on an affinity matrix built
after a fusion of the different features associated to the image. Their experiments indicated that textual information
such as title, description and tags should not be fused; and
that visual features did not provide any gain despite of the
required computational effort. Another relevant contribu-

tion from Dao et al [5] defined a 2D a user-time image which
was over-segmented by applying the watershed algorithm.
As a second step, the resulting clusters were considered for
merging considering different types of contextual metadata.
Compared to the presented approaches, our work gives
special relevance to the temporal features, leaving the rest of
modalities in a second term. We have prioritised a one-pass
exploration of the data that would focus on a local temporal
neighbourhood. This way, our solution is light weighted in
terms of computational effort, having in mind its application
on existing services of photo storage on the cloud.

3. EVENT CLUSTERING
In this paper, we present an extension of the PhotoTOC
system [16] in the context of social events represented by
rich contextual metadata. The architecture of the proposed
solution is depicted in Figure 1. In this example, the photo
collections of two users are represented on a temporal axis
based on the time stamps associated to each image. During
a first stage, each photo collection is split in mini-clusters
based on their timestamps, according to a previous work
[16]. The resulting sets of photos are sequentially compared to assess their possible merges based on rich contextual metadata, such as keywords, user information and geolocation data. The final result is a clustering of photos from
different users to represent social events.

Tags: One or more keywords associated to the image that
were added by the user. These type of textual metadata typically present less non-relevant terms for classification, such as articles, conjunctions, connectors,
prepositionsâĂe֒
User ID: A unique identifier of the individual who uploaded
the video to the cloud.
In our work, time features are chosen as pivotal in the
system as they provide a sorting criteria that allows a sequential processing of the dataset. This decision facilitates
the addition of new photos in the collection, which can be
easily inserted in the timeline and compared with the existing events. Using time as a pivotal feature is also supported
by other authors [7] [11] [16] [14].

3.2

User and time-based over-segmentation

The first step in the proposed solution considers the photos of each user separately and clusters them in small sets
that aim at providing a high recall of the actual event boundaries.
This stage corresponds to the PhotoTOC solution [16]
already introduced in Section 2. According to that algorithm, photos from each user are initially sorted according
to their creation time stamp and are sequentially clustered
by estimating the location of event boundaries. A new event
boundary is created whenever the time gap (gi ) between two
consecutive photos is much larger than the average time differences of a temporal window around it. The extension of
the temporal window is determined by parameter d, which
corresponds to the amount of previous and posterior time
gaps which are considered in the averaging.

Figure 2: A new event boundary is created when
time difference gN exceeds the average time differences in the neighbourhood defined by d.
In particular, a new event is created whenever the criterion
shown in Equation 1 is satisfied. This way, a new event
boundary is created when a time gap is significantly larger
than the averaged time gaps in its neighbourhood.
Figure 1: System architecture.

3.1

Context-based metadata

The presented system considers four types of contextual
metadata which are commonly associated to photos on the
web:

log(gN ) ≥ K +

Geolocation coordinates: Latitude and longitude of the
camera when the photo was taken.

(1)

i=−d

As a result, an over-segmentation of mini-clusters is obtained. Each mini-cluster is characterised by combining the
metadata of the photos they contain. This combinations are
used in the posterior stages to assess the similarity between
pairs of these mini-clusters.

3.3
Time stamp: If available, this metadata field reflects when
the photo was taken.

d
X
1
log(gN +i )
2d + 1

Sequential merging of mini-clusters

The collection of time-sorted clusters is sequentially analysed in increasing time value, as depicted in Figure 3. Each
cluster is compared with the posterior M clusters, a time
window set to avoid excessive computational time. Two
clusters are merged whenever a distance measure is below

a learned threshold. Thresholds are learned during a previous training stage by selecting those values which optimise
a measure of quality for the whole system. This stage does
not process the mini-clusters of each user separately, as in
Section 3.2.

Distance values are mapped into similarity values through
the phi function Φ(x), which corresponds to the cumulative distribution function (CDF) for a normal distribution.
This transformation will map an average distance value of
a normal distribution to 0.5, and generate a range of similarity values in the interval [0, 1]. Large distances will be
transformed into similarity values close to zero, while small
distances will correspond to similarities near 1.
s¯i = Φ (di , µi , σi ) =

Figure 3: Each mini-cluster is compared to the following M mini-clusters, and merged if their relative
distance x is below a certain threshold .
The distance x between two mini-clusters is assessed with
a weighted and linear combination of normalised distances
from the different features available, as presented in Equation 2. Each similarity s¯i corresponds to a different contextual metadata, such as geolocation, keywords or user identifications.




1
di − µ
1 + erf √
2
2σ 2

(3)

This normalisation strategy requires the estimation of the
average µ and standard deviation σ of the distances for each
type of contextual metadata. This estimation is performed
with a training process by comparing pairs of photos which
correspond to the same event according to the ground truth.
We focus on pairs of photos from the same event as we are
interested only on the range of distances that correspond to
possible merges of the mini-clusters. This way, a 0.5 similarity values is associated to the average distance for the pairs
of photos within the same event.

3.3.3 Estimation of Feature Weights
x=

X

wi s¯i

(2)

i

3.3.1 Distances metrics
Each mini-cluster is characterised in terms of time stamps,
geolocation, user ID and textual tags. The different types
of contextual metadata for mini-clusters are computed and
compared as follows:
Time: L1 distance on the averaged time stamps of every
photo in each mini-cluster, as in [15].
Geolocation coordinates: Harversine distance on the averaged latitudes and longitudes of every photo in each
mini-cluster. This distance provides the great-circle
distances between two points on a sphere.
Tags: All the tags are aggregated to represent each minicluster. The similarity between two mini-clusters is
assessed with the Jaccard Coefficient, which compares
the sum of shared terms between two mini-clusters to
the sum of terms that are present in either of the two
mini-clusters but which are not shared [9]. In case that
no tags are available for any of the two mini-clusters to
be compared, this modality is ignored when assessing
the distance.
User ID: Mini-clusters are created, by definition, associated to a unique user ID. In this case the distance is
binary-valued, 1 when the user ID from the two miniclusters is the same, 0 otherwise.

3.3.2 Normalisation of Distances
The linear fusion proposed in Equation 2 requires a normalization of the distance values di associated to different
type of contextual metadata. These different types may correspond to geographical information, keyword or an identification of the user who uploaded the photo to the cloud.
Without such normalisation, the different value ranges of
the distances associated to each type of feature would make
their comparison biased towards the larger distances.

After normalization, it is still necessary to estimate the
weight of each feature type wi to be later applied to the linear fusion. The adopted strategy estimates the weight for
each feature according to their relative performance when
considered separately for merging. That is, during the training stage, the merging of mini-clusters is tested using a single
type of contextual metadata. The experiment is repeated for
different merging thresholds, allowing the estimation of the
best performance if only one modality is to be considered.
The best performance value achieved in each case is used as
a weight for the corresponding feature.
In our work, the F1-Score is used as the basic metric to
assess the clustering of photos in events. As a consequence,
the weights associated to each type of contextual metadata
correspond to the normalised best F1-Score achieved by using each feature separately. Equation 4 depicts estimation
of wi based on the F1-Score. The definition of F1-Score can
be found in Section 4.2.
maxF 1i
wi = P
j maxF 1j

(4)

4. EXPERIMENTS
4.1

Dataset description

The work presented in this paper is the result of our participation in the MediaEval 2013 Semantic Event Detection
(SED) task [19]. The dataset used in that benchmarking is
publicly available as the ReSEED Dataset [18].
The full dataset consists of 437,370 pictures from 21,169
events, together with their associated metadata.All the photos were uploaded to Flickr between January 2006 and December 2012. Users published these pictures with different
variations of a Creative Commons license, which allows their
free distribution, remixing and tweaking. Ground truth
events were defined thanks to the machine tags that Flickr
uses to link photos with events, as presented in [17]. The
dataset is already split in two parts: development (train)
and evaluation (test). The development dataset includes

306,159 pictures (70%), while the evaluation part consists
of 131,211 photos (30%). Training data was used to estimate the parameters for feature normalisation and fusions,
as well as the distance thresholds to fuse the mini-clusters.
Together with the dataset, an evaluation script is provided
to avoid any implementation problem when comparing evaluation metrics from different authors.
In addition, the dataset presents an inherent challenge due
the incompleteness and corruption of the photo metadata.
Metadata is not complete, as only 45.9% contain geolocation coordinates, 95.6% tag associated, 97.9% a title and
37.9% a textual description. Another source of problems
are the identical time stamps between the moment when
the photo was taken and when it was also uploaded. These
situations are common specially when dealing with online
services managing photos, which present heterogeneous upload sources and, in many cases, remove the EXIF metadata
of the photos. These drawbacks have been partially managed in the proposed solution, which combines the diversity
of metadata sources (time stamps, geolocation and textual
labels) in this challenging context.
The reader is referred to [19] for further details about the
study case and dataset.

4.2

sessing the F1-Score when merging mini-clusters with a single feature. For this estimation the parameters responsible
of the temporal segmentation in mini-clusters were set to
K = log(150) and d = 40. This way, the result will deliberately several mini-clusters and the potential of each feature
may be assessed more clearly.
Figures 4 and 5 show the evolution of F1-Score with respect to the merging threshold for the geolocation and tag
features, respectively. In the case of user IDs, instead of
learning a distance threshold, the merging criterion simply
states that two mini-clusters will be merged if they present
the same user ID.

Metrics

The quality of the system is assessed by comparing the
clusters automatically generated by our algorithm with the
ground truth events . We have computed the classic Precision, Recall and F1-Score metrics given its popularity [1]
[17] as well as adoption in MediaEval 2013 SED task [19].
Given a photo x in the dataset, it is associated to an event
ex by the ground truth annotation, and to a cluster cx by the
automatic classification process. The classification of x can
be assessed with the Precision (Px ) measure by computing
the proportion of documents in the cx which also belong to
the ex , as presented in Equation 5.
Px =

|cx ∩ ex |
|cx |

(5)

|cx ∩ ex |
|ex |

(6)

Figure 4: Evolution of the F1-Score with respect to
a merging threshold based on geolocations.

Analogously, a complementary Recall (Rx ) measure is obtained as the proportion of photos from ex which are classified in the cx , as shown in Equation 6.
Rx =

The individual Px and Rx obtained for each document can
be averaged through the whole dataset to obtain a global
P recision(P ) and Recall(R) values, respectively. Finally,
these two averages can be combined in the single F1-Score
(F1 ) presented in Equation 7. This value represents the
two common properties desired in a clustering algorithm:
maximum homogenity within each cluster, while minimising
the number of clusters in which photos from each event are
spread.
F1 = 2

4.3

PR
P +R

(7)

Estimation of merging thresholds and fusion weights

The contribution of each feature type to the fused similarity function described by Equation 2 is estimated by as-

Figure 5: Evolution of the F1-Score with respect to
a merging threshold based on tags.

Table 1 contains the normalised weights according to Equation 4, computed by considering the best F1-Scores achieved
with each feature type. Weights are also computed for those
cases where no geolocation metadata is available, a situation
which appears often in 45.9% of the photos. These values
indicate that the most important reason for the fusion of
two clusters is that both of them belong to the same user
ID, while geolocation and tags present a lower and similar
relevance.

4.4

Estimation of normalisation parameters

The weights wi used in the linear fusion of Equation 2
require the estimation of the mean µi and standard deviation
σi for each type of contextual metadata. Such estimation
was based after the computation of the distances between

Geolocation
User ID
Tags

Geolocated
0.28
0.44
0.22

No geolocated
0.60
0.30

Table 1: Feature weights for photos with and without geolocation metadata.
1,000 random pairs of photos selected from the training set
and belonging to the same event. Table 2 includes the results
of this estimation.
Geolocation
Tags

Distance
Haversine
Jaccard

Mean (µ)
0.164 Km
0.526

Std (σ)
2.175 Km
0.425

Figure 6: Detected event that combines photos of
different qualities.

Table 2: Mean and standard deviation of distances
between 1,000 pairs of photos belonging to a same
event.

4.5

Event clustering

The performance of the first over-segmentation, as described in Section 3.2, and its later merge, explained in
Section 3.3, has been assessed on the test data partition of
ReSEED dataset. The experiments have considered a value
of M = 15 in the merge stage, which keeps a light computational approach while providing some robustness with
respect to the temporal sorting of the mini-clusters.

4.5.1 Qualitative results
Figures 6 and 7 provide two examples of correct events
that were detected with the presented techniques. On the
other hand, Figures 8 and 9 show cases in which the algorithm failed into a correct event detection.
The example in Figure 6 depicts a music festival where
a distinctive quality can be appreciated between the first
photo of the series and the rest. This case presents a situation where photos taken from different cameras have been
successfully clustered. In the case of Figure 7, the social
event of a seminar takes place in two different locations:
a classroom and a restaurant. Although the location has
changed, the proximity in time keeps the event connected.
The two cases depict different challenges in terms of event
continuity that have been successfully detected and merged
by the algorithm.
The third exampled depicted in Figure 8 presents an example where an event has been incorrectly split in three.
This is because this event, which depicts a conference, spans
through three different days. This time gap between the
three blocks, the lack of geolocation data and the usage of
different tags every day prevents the identification of a single
event.
An opposite case of undesired merge is depicted in Figure
9. In this case, geolocation data is very similar and time
stamps refer to the morning and afternoon of the same day.
The ground truth considers two sets as depicting different
events, while the algorithm merged them given their closeness. It is difficult for a non-expert on the topic to discern
whether these photos are part of the same event.

4.5.2 Quantitative results

Figure 7: Detected event depicting multiple participants and distinguishable semantic moments.

Table 3 offers quantitative results for event clustering on
the ReSEED dataset. Results are provided considering two
different pairs of (K, d) parameters. The first column considers the values proposed by the original PhotoTOC system
[16], while the second column contains the results with another pair of values empirically set in the current work.
The first observation from the first row in Table 3 is the
sensitivity of the algorithm to the pair of (K, d) parameters
for temporal clustering. The results obtained with the original configuration are clearly improved by manually tuning
them for the ReSEED dataset. If we assume that the authors of the PhotoTOC system tuned their parameters for
optimal results for their dataset, we can conclude that the
performance of the system is clearly influenced by the choice
of these parameters.
If Table 3 is analysed by columns, it shows that, in general, using additional contextual metadata improves performance. All F1 scores are improved when the initial oversegmentation in mini-clusters is merged, but the exception
of using the user ID in the second column. This decrease indicates that merging two mini-clusters in a neighbourhood
of M = 15 based only on on user IDs may decrease performance if these first mini-clusters are already very good. This
behaviour should be further studied with a more extensive
study on the empirically value set for M .
The last row in Table 3 offers different interpretations
upon the convenience of fusing different features. In both

Time
Time+Geolocation
Time+User ID
Time+Tags
Time+Fusion

PhotoTOC [16]
K=log(17), d=10
0.749
0.802
0.837
0.814
0.822

Our work
K=log(600), d=14
0.880
0.893
0.875
0.883
0.883

Table 3: F1 scores for the different configurations presented in the paper.
metadata when combined with time and user information.
The success of this configuration is surprising, given that
only 27.9% of the pictures contain geographic information
[19]. This circumstance raises the interest of predicting the
geolocation of those photos that do not contain these type
of metadata.

4.6

Figure 8: An event is incorrectly split in three.

MediaEval Social Event Detection

The presented work was developed in the framework of
the Social Event Detection Task 1 from the MediaEval 2013
benchmark [19]. This forum allowed comparing the results
obtained with other state of the art solutions in the field.
Table 4 includes the results published by the task organisers
for the five teams that obtained better F1-scores among the
eleven participants. Results indicate that our light-weight
approach offers a state of the art performance, especially
in terms of Precision. Notice that the F1-Score value presented in Table 3 slightly improves the results submitted in
MediaEval 2013, due to a later optimisation of the (K, d)
parameters for temporal clustering.

Samangooei et al [20]
Nguyen et al [14]
Our work
Witsuba et al [23]
Sutanto et al [21]

F1-Score
0.9454
0.9234
0.8833
0.8720
0.8112

Precision
0.96
0.98
0.96
0.91
0.86

Table 4: Results of MediaEval 2013 Social Event
Detection (Task 1).
Figure 9: Two photo clusters (upper and lower rows)
are incorrectly merged as a single event.

columns the performance of the fused features is not as good
as one of the configurations using only one additional contextual data. Nevertheless, while in the first column it is
outperformed by adding user information to the time-based
clustering, in the second column it is geolocation data which
is providing better results. Given the two different outcomes,
one may consider the fusion approach as a way to provide
some stability to the final solution because, in many real
one problems, one may not have a ground truth available
for tuning the (K, d) pair not deciding which type of contextual metadata is going to perform best used on its own.
For this reason, feature fusion seems to be advisable in this
context, although the method considered in this work may
be improved by exploring other possibilities.
Among all the considered configurations, the best result is
the merging of mini-clusters using only geolocation information. This result indicates the importance of this contextual

5. CONCLUSIONS
This paper has explored the extension of an existing PhotoTOC algorithm for time-based event clustering to the domain of event detection of social events on the web. The
initial sets of clusters based on time stamps are assessed in
their local neighbourhood for merging. In a second stage,
additional contextual metadata common in social media (geolocation, keywords and user ID) are exploited to complement the temporal ones. In both cases, a sequential processing of the data is applied, providing a light solution to
the problem and avoiding the extraction of visual features
proposed in the original paper of PhotoTOC [16]. This way,
the algorithm fits better the low computational requirement
of cloud-based services.
The presented experimentation has shown a competitive
results when considering the photos from Flickr contained
in the ReSeed dataset. Results have proven the sensitive to
the parameters that define the temporal clustering to the
dataset. While good results may be achieved with timestamps only, including other sources of metadata provides

stability to the system, making it more resilient to changes
in the data particularities. When comparing different types
of contextual metadata, the study does not provide a clear
winner and suggests that a fusion approach between all of
them is the safer bet.
One more of the main challenges posed by the social media
on the web is the partiality of the available metadata. Future
work should focus on an adaptive algorithm that may adjust
to the available contextual data and, if necessary, search
the missing one whether on the visual content or on the
cloud itself. Another research line to improve is a better
exploitation of the textual metadata. The Jaccard index
is a too simple approach for comparing tags, and ontologybased solutions or text processing techniques should help in
a better use of these metadata.
To sum up, the presented technique has allowed a fast
resolution of the photo clustering of images based only contextual metadata. This allows a light-weighted solution designed to photo organisation with no visual processing involved, which facilitates its integration on systems with low
computation requirements, such as services on the cloud.
Further implementation details can be found in our Python
source code1 .
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ABSTRACT
In this paper, we present the framework that includes two
methods for tackling event classification and clustering challenges defined by MediaEval 2013. For the former, we use
supervised machine learning and experiment with Support
Vector Machines. First, we present a composite kernel to
jointly learn between text and visual features, second, we
propose new features for the task, which are derived from
Natural Language Processing community and encyclopedic
knowledge-Wikipedia. For the latter, a user-centric parallel
split-n-merge framework applied for unsupervised clustering social media events is introduced. The purpose of this
framework is to cluster social media to events they depict by
exploiting and exploring the role of users and the way users
interact with data. The output of the proposed framework
can be used for event organization/summarization, and as
pre-processing stage for event detection and tracking. The
methods prove robustness with F1 up to 98% in clustering
challenge; the composite kernel yields competitive performance across different event types in classification challenge,
and the new features yield significant improvement with respect to state-of-the-art

Categories and Subject Descriptors
H.3 [Information Storage and Retrieval]: Information
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vector machines, disambiguation to wikipedia

1. INTRODUCTION
The proliferation of social media has led to an ever-increasing
amount of web and multimedia content available on the
Web. A large part of this content is related to social events,
which are defined as events that are organized and attended
by people and are illustrated by social media content created
by people [23]. Thus, it is necessary to develop algorithms to
support users in the detection and grouping of events into
categories. This is commonly referred to as Social Event
Detection (SED). The extensive testing and comparison of
SED methodologies has been promoted in recent years by
the MediaEval Challenge, which is a benchmarking initiative dedicated to evaluating new algorithms for multimedia access and retrieval. MediaEval 2013 recently called for
the solution of one of these utmost requirements in SED:
“discover event-related multimedia and organize them into
event-specific clusters, within a collection of Web multimedia” . This problem is important not only for users who
want to organize their data but also for providers who want
to analyze data to offer the better tools for their customers
under social events perspective. The SED task included two
major challenges: unsupervised clustering, and supervised
classification of event media. This paper describes social
event detection methods that was specially built to meet
these challenges at MediaEval 2013 [23]. We also report
and discuss the advantages and performance of the methods
based on the result evaluated by MediaEval 2013.
In [11], the authors define Social Media Network as an application that can join users worldwide by enabling the ability to create and exchange media via the Internet. Recently,
an interesting proposal of Social Life Network (SLN)[9] has
been proposed, where all people are kept up to date about
real-life events thanks to a very large scale social network,
with a major emphasis on multimedia data. In this paper,
the authors point out several challenges and opportunities
of large-scale social media, such as for instance the management of social events, defined as the ”events that are organized and attended by people and are illustrated by social
media content created by people”[24]. In [1],[21],[5], several problems related to social media analysis, such as event
detection and classification, tracking, summarization, and
association were introduced and discussed. Here, a further

confirmation can be found of the fact that automatically analyzing digital content related to social events is the utmost
challenge, due to large-scale volume of data coming from
different sources and sites, and low reliability of tags and
annotations left by users of different communities.
In the context of MediaEval, several research groups brought
their best tools to solve some of these problems. Five research groups from different countries participated to the
classification challenge, whose goal was to classify a large
set of images into event and non-event classes, and then
into a set of pre-defined event types. In [28], the authors use
a combination of scalable learning framework with a linear
classifier based on Support Vector Machines (SVMs). They
got 33.44% F1 with a combination of visual and text features. In [30], first LDA Gibbs sampling, then traditional
classifiers such as k-Nearest Neighbor (kNN) and decision
tree were then used. They achieved 13.1% F1. The system
proposed in [10] got 7.48% F1. It computes the similarity
between synset representing the tags(c1) and each of the
categories(c2). They use Lin similarity measure to compute
the semantic relatedness of word senses, then, if any photo
encounters same Lin Similarity measure for more than one
category, other constraints (Date, Time) were considered.
The best results are reported with [2], which are 50% F1.
They use textual features from each photo’s title, description and keywords, together with GIST features (a feature
vector with 960 elements) for each photo. Finally, a Linear Support Vector Classifier is used to classify events into
categories. Note that in all of these approaches, there is no
work which makes use of kernel methods. Moreover, they
take the fusion of text and visual features in a unique learning function. In this paper, first, we propose to use kernels
to exploit a wide range of functions for each kind of features,
which has not been tried in previous works. Second, with
kernel methods, it is very convenient to combine these two
kinds of features: text and visual features. In this way, we
could find the best method for each feature set and combine
them by using various functions.
As far as the clustering is concerned,in [30] the authors
use K-means clustering (where the value of k parameter
is deduced from training data) and document ranking are
used as a semi-supervised method to cluster event-related
data. They make use of text information only. In [22], a
data-driven three steps approach is applied with text and visual information. This method calculates inter-correlations
among clusters to verify the final result. In [28], both text
and visual information are used with variety of classifiers
(SVM, Decision Trees) to cluster data. In [33], Factorization Machines is used to learn similarity between two timeordering documents. This method requires a lot of tuning
parameters. In [2], propagating geographic locations are applied to compensate the lack of exact location information.
Text and visual features are concatenated with weight ratio
to feed a linear support vector classifier. In [27], Lucern filter and affinity matrix are constructed with text and visual
information. Nevertheless, they recognized at last that visual information makes their result worse. In general, these
methods need to use the whole data set for analyzing. Besides, most of them are supervised methods that require a
ground-truth for training. Both of these conditions are very
difficult to be met in reality. In order to cope with the
curse of ground-truth and volume of data, the unsupervised
parallel clustering method is introduced, that exploits and

explores the most interesting characteristic of social media:
the users’ role. The contributions of this method are: (1)
low computational solution w.r.t large-scale data, (2) parallel computation, and (3) unsupervised clustering with no
training data and third-party information requirements.
The structure of the paper is as follow: Section 2 describes
our approach for event classification, which makes use of
kernel learning; Section 3 introduces a user-centric parallel
split-n-merge framework applied for unsupervised clustering
social media events; Section 4 reports all experiments and
results with our models; finally, Section 5 summarizes the
conclusions.

2. SUPERVISED EVENT CLASSIFICATION
In this section we present the machine learning approach
to classify events. We also describe the textual features derived from Natural Language Processing (NLP) literature as
well as visual features. We can engineer kernels, using one
kernel for each feature set and combining them. Thus, we focus on the problem of defining which are the most important
features for the task.

2.1

Support Vector Machines and Kernel
Methods

In this section we give a brief introduction to support
vector machines, kernel methods and kernel spaces, which
can be applied to the event classification task.
Support Vector Machines (SVMs) refer to a supervised
machine learning technique based on the latest results of the
statistical learning theory [32]. Given a vector space and a
set of training points, i.e., positive and negative examples,
SVMs find a separating hyperplane H(~x) = ω
~ × ~x + b = 0
where ω ∈ Rn and b ∈ R are learned by applying the Structural Risk Minimization principle [31]. SVMs is a binary
classifier, but it can be easily extended to the multi-class
case, e.g., by means of the one-vs-all method [25]. One
strong point of SVMs is the possibility to apply kernel methods [26] to implicitly map data in a new space where the
examples are more easily separable as described in the next
section. Kernel methods [29] are an attractive alternative to
feature-based methods since the applied learning algorithm
only needs to compute the product between a pair of objects
(by means of kernel functions), thus avoiding the explicit
feature representation. A kernel function is a scalar product
in a possibly unknown feature space. More precisely, The
object o is mapped in ~x with a feature function φ : O → ℜn ,
where O is the set of the objects.
The kernel trick allows us to rewrite the decision hyperplane as:

 X
yi αi ~xi · ~x + b =
H(~x) =
i=1..l

X

i=1..l

yi αi ~xi · ~x + b =

X

i=1..l

yi αi φ(oi ) · φ(o) + b,

where yi is equal to 1 for positive and -1 for negative examples, αi ∈ ℜ with αi ≥ 0, oi ∀i ∈ {1, .., l} are the training
instances and the product K(oi , o) = hφ(oi ) · φ(o)i is the
kernel function associated with the mapping φ.
In recent years, kernel methods have attracted much interest to numerous applications in Natural Language Processing and Information Retrieval, due to their ability to

implicitly explore huge amounts of structural features automatically extracted from the original object representation.
Kernel engineering can be carried out by combining basic
kernels with additive or multiplicative operators or by designing specific data objects (vectors, sequences, and tree
structures) for the target tasks.

2.2

Text features

The event detection task is considered as a classification
problem, where categories are event types and the problem
is framed into a machine learning framework. All the textual information connected to an event is considered, and
the extracted features are processed as positive and negative examples. The feature set for our learning framework
is described as follow.
1. wi is text of the title, description, or the tag in each
event
2. li is the word wi in lower-case
3. p1i , p2i , p3i , p4i are the four prefixes of wi
4. s1i , s2i , s3i , s4i are the four suffixes of wi
5. fi is the part-of-speech of wi
6. gi is the orthographic feature that test whether a word
contains all upper-cased, initial letter upper-cased, all
lower-cased.
7. ki is the word form feature that test whether a token
is a word, a number, a symbol, a punctuation mark.
8. oi is the ontological features. We match wi with the
knowledge base as described in the following.
In our experiments, run 1 was done without external resources (i.e., ontological features) whereas in run 2 all the
features were used.

2.3

Ontological features

A first important question related to the proposed method
is whether machine learning techniques are necessary at all,
and whether rich external resources could be injected to
achieve better performance. In addition to previous works
that mostly employ word clustering, we argue that if cluster features derived from unsupervised learning could bring
some improvement, external resource may have similar effect. Given an ontology and knowledge base as a source
of text-related knowledge, a text should be matched to the
deepest subsumed child class. To this purpose, we used the
ontology and knowledge base from KIM [12]. The KIM proton ontology contains about 300 classes, 100 attributes and
relations. KIM World Knowledge Base (KB) contains about
77,500 entities with more than 110,000 aliases. Figure 1
shows an excerpt from the KIM ontology. Given a full ontology, we take the deepest subsumed child class that a text
matches. For example, if the text “New York” matches with
LOCATION, STATE, CITY, then CITY will be chosen since
it is the deepest child class in the ontology. If a text matches
with many classes in different branches, then a more general
class will be chosen. For example, if the text “Washington”
matches with PERSON and CITY which lie in two different
branches in the ontology, then we choose the class ENTITY
as the parent class for both PERSON and CITY.

2.4

to be one of the largest online repositories, a multilingual
resource with millions of articles available for a large number of languages. Concretely, official Wikipedias have been
created for more than 200 languages with varying levels of
coverage. The number of entries varies from a few pages to
some million articles per language. Recently, Wikipedia has
been shown as a valuable pre-processing step for many types
of language analysis including measuring semantic similarity between texts [7], text classification [8], named entity
recognition [3], relation extraction [15, 17, 18], co-reference
resolution [6].
In this work, we employ Natural Language Processing
(NLP) techniques, in particular we use Named Entity Recognition (NER) and Disambiguation to Wikipedia (D2W ).
Named entity recognition purposes the detection and classification of text segments into pre-defined categories. For
example, given the sentence “Essex, however, look certain to
regain their top spot after Nasser Hussain and Peter Such
gave them a firm grip on their match against Yorkshire at
Headingley.”, a typical name entity recognizer should identify the two named entities “Nasser Hussain” of type Person,
and “Headingley” of type Location.
Entity disambiguation refers to the detection and association of text segments with entities defined in an external repository. Disambiguation to Wikipedia (D2W ) refers
to the task of detecting and linking expressions in text to
their referent Wikipedia pages. Figure 2 shows an example of D2W. Given a text “John McCarthy, ‘great man’ of
computer science, wins major award.”, a D2W system is expected to detect the text segment “John McCarthy” and link
to the correct Wikipedia page http://en.wikipedia.org/wiki/
John McCarthy (computer scientist), instead of other John
McCarthy who are ambassador, senator or linguist.
We use the NER system of [19], which proposes a structural reranking framework for named entity recognition, and
we use it to recognize proper names in the content of user’s
posts/comments. For Disambiguation to Wikipedia, we use
the D2W system developed in [16, 20], which realizes the
disambiguation to Wikipedia in multilingual context. Given
a text, the D2W can detect and associate text segments
with entities defined in Wikipedia. We extract named entities using NER, associate them with Wikipedia entries using
D2W and use them as features in our learning framework.

2.5

Visual features

Encyclopedic features

Wikipedia is an on-line encyclopedia created through the
collaborative effort of millions of contributors. It has grown

Figure 1: An excerpt from the ontology

Figure 3: The proposed framework

Figure 2: Disambiguation to Wikipedia

For run 3, the image feature extraction was performed in
a similar manner as in [14], and the SVMs, with the same
settings as in [14], was trained with the data available in
the SED training set. Since the training set was unbalanced
in the number of samples for each class, mainly towards a
higher number of samples from the ’non-event’ type, we balanced the training set samples used to train our SVM by
reducing the number of samples from the ’non-event’ class.
Run 4 used the same approach, but the classification followed a two-step classification procedure. First, a classifier was learned with only ’event’ and ’non-event’ classes,
and second another classifier was trained with the remaining eight classes belonging to the different event types. Run
3 and 4 did not used time information metadata associated
with images.

2.6

Combine features

In run 5, we used a composite kernel to combine between
text and visual features
CK = α · KT + (1 − α) · KV
where α is a coefficient, KT and KV is either the kernel
applied to text or visual features. Some preliminary experiments on a validation set showed that the composite kernel
yields the best performance with α = 0.5.

3. USER-CENTRIC PARALLEL SPLIT-N-M
-ERGE FRAMEWORK
In this section, we present a set of user-centric parallel split -n-merge algorithms, and the framework to cluster data crawled from social networks into different groups
according to the events they depict. The whole framework
is illustrated in Fig.3. Here, we assume that the data should
have the following properties: user-id, datataken, dataupload, title, description, tags, and URL of photo. Except
for user-id, the remaining properties could be NULL (but
not all of them are never NULL at the same time).

3.1

User-Time Images

In order to group data belonging to the same user, the
user-time image (UT-image) is proposed (see Fig.4). Each
row of UT-image contains all data belonging to one user,

and is ordered by date ascending. Therefore, UT-image(i,
j) points to data created by ith user at time j th .
All data whose time-taken information is NULL, are grouped
together and put at the beginning of each row.

Figure 4: UT image

3.2

User-time-based Split Algorithm

As mentioned in previous sections, users play an important role in social networks. They generate, upload, and
share data related to events they looked at or were involved
in. Therefore, if data crawled from social networks can be
grouped by users, events connected to the same users can
be easily detected by clustering data into non-overlap timeordered chunks. This depends on the obvious assumption
that a user cannot attend at the same time two events whose
locations are far away each other. Consequently, the temporal gap between two consecutive images taken from the same
event is usually smaller than the time gap between two (consecutive) images belonging to two different events, reported
by the same user. This observation leads to the first stage
of the proposed framework: user-time-based split (see
Alg.1).
For each row, any data whose time-taken information is
NULL, is split as one cluster.

3.3

Time-Location-Tag-based Merge Algorithms

Social networks are the virtual place where users in the
same community can share and exchange their data. Since
people in the same community (e.g., culture, language, education, hobbies, etc.) can give the same ”sound and prudent
judgment based on a simple perception of the situation or
fact”1 , they could probably tag the same event with similar
words. Besides, with the support of high-tech devices (e.g.,
camera, smartphone, etc.), most recent media have timestamp and possibly location (e.g., GPS) information. These
observations are good clues to build the second and third
1

www.merriam-webster.com

Algorithm 1 user-time-based split algorithm
1: procedure UTS(in A, in α, out B)
2:
B ← ∅;
3:
convert the original data A into UT-image;
4:
r ← number of row of UT-image;
5:
for i=1 to r do
6:
c ← number of column of row ith of UT-image;
7:
for j=1 to c do
8:
tj ← time-taken-of-UT-image(i,j);
9:
tj+1 ← time-taken-of-UT-image(i,j+1);
10:
if | tj - tj+1 | ≧ α then
11:
split data at column j th ;
12:
B ← B ∪ new-cluster;
13:
end if
14:
end for
15:
end for
16:
return B;
17: end procedure

stages of the proposed framework to merge the clusters that
belong to the same event: time-location-tag-based merge
(see Alg.2) and common-sense-based merge (see Alg.3).
Algorithm 2 time-location-tag-based merge algorithm
1: procedure TLTM(in-out B, in α, in β, in γ, )
2:
for each cluster bk in B do
3:
create time-taken-boundary Tk ;
4:
create location-union Lk ;
5:
create document Dk from tags, title, and description;
6:
end for
7:
do
8:
with any pair of cluster (bk , bl ) ⊂ B do
9:
merging if 2/3 following conditions are hold
10:
{
11:
T distance(Tk , Tl ) ≦ α;
12:
Ldistance(Lk , Ll ) ≦ β;
13:
JaccardIndex(Dk , Dl ) ≧ γ;
14:
}
15:
if did merge then
16:
update time-taken-boundary Tk ;
17:
update location-union Lk ;
18:
update document Dk ;
19:
end if
20:
while (can merge)
21:
return B;
22: end procedure

Algorithm 3 common-sense-based merge algorithm
1: procedure CmM(in-out B, in γ)
2:
for each cluster bk in B do
3:
process tf-idf on Dk and select the most common

keywords to create N Dk set;
4:
end for
5:
do
6:
with any pair of cluster (bk , bl ) ⊂ B do
7:
merging if JaccardIndex(N Dk , N Dl ) ≧ γ;
8:
process tf-idf on N Dk and select the most common keywords and update N Dk set;
9:
while (can merge)
10:
return B;
11: end procedure

ters that have large ”noise” in tags and cannot be successfully
handled by JaccardIndex in Alg.2.

3.4

Algorithm 4 visual-based merge algorithm
1: procedure VfM(in-out B, in θ)
2:
for each cluster bk in B do
3:
BoWk ← ∅;
i
4:
for each image imgk
in bk do
5:
calculate dense-RGB-SIFT;
6:
generate bag-of-words BoWik ;
⊲ 4096 words
7:
BoWk ← BoWk ∪ BoWki ;
8:
end for
9:
end for
10:
do
11:
with any pair of cluster (bk , bl ) ⊂ B do
12:
merging if JaccardIndex(BoWk , BoWl ) ≧ θ;
13:
while (can merge)
14:
return B;
15: end procedure

3.5
The time-taken-boundary Tk of cluster bk is created by
storing the period of time (Tk .starttime, Tk .endtime) so that
∀i : Tk .endtime ≧ bk .time-takeni ≧ Tk .starttime.
The location-union Lk of cluster bk is created by storing
all non-empty (longitude, latitude).
The document Dk is built by applying several NLP techniques (e.g., Stemming, tokenization, etc.)2 to filter and
store meaningful words from tags, title, and description properties of bk .
Tdistance(Tk , Tl ) ≤ α is TRUE if (Tk 6= ∅ ∧ Tl 6= ∅) ∧
((0 ≤ Tk .starttime − Tl .endtime ≤ α) ∨ (0 ≤ Tl .starttime −
Tk .endtime ≤ α) ∨ (Tl ∩ Tk 6= ∅)).
Ldistance(Lk , Ll ) ≤ β is TRUE if ∃lki 6= ∅ ∧ llj 6= ∅ :
Haversine-distance3 (lki , llj ) ≤ β.
The Alg.3 is built based on the fact that there should be
some major ”keywords” that are selected with higher frequency by users who were involved in or are interested to
the same event (e.g,. name or acronym of a conferences attended, name of musical group or singer in a concert, etc.).
This algorithm will increase the chance of merging the clus2
3

http://nlp.stanford.edu/software/
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Visual-based Merge Algorithm

In [4], the authors proved that images related to an event
of a given type share some common visual features that
are characteristic for that event type. Therefore, the third
stage of the proposed framework is visual-based merge
(see Alg.4): two image sets belonging to two clusters are
merged if they share a subset of common visual features.

Parallel Split-n-Merge Scheme

Each algorithm of the proposed framework can be divided
into a separate routine that can run independently, this parallelism is also present within some of the algorithms. For
instance, in Alg.1, each row of UT-image can be treated as a
separate thread. Thus, the processing time could be reduced
thanks to parallel programming. For merging, we could divide set B into N subsets Bk , then Alg.2, 3, or 4 can apply
for each set Bk . The results of all threads will be merged and
divide again to N/#threads subsets. This progress will loop
until no further merge can be applied. With the right policy, then, the proposed framework can help clustering social
media events not only in off-line but also in on-line mode.
This can cope with an important emerging problem nowadays: managing social media streams that require real-time
processing.

4. EXPERIMENTAL RESULTS
The proposed framework has been tested and evaluated by
using the datasets and evaluation tools offered by MediaEval
2013, Social Events Detection task [24].

4.1

Classification Results

Experimental setup
Our experiments aim at investigating the effectiveness of
features and the combination of kernels for the event classification task. For this purpose, we combine the kernels over
textual and visual features. Diverse features are applied individually for each type and in combination together. We
consider our task as a classification problem where categories
are event types. All the text belonging to an event is taken
to extract features, which are used to create positive and
negative samples.
Our learning framework is applied to cope with the challenge 2: ”For each image in the dataset decide whether the
image depicts an event or not (in the latter case assign the
no-event label to it).” and ”For each image in the dataset
that is not labelled as no-event, decide what type of event it
depicts.”.
Since only five groups participated in the challenge 2, the
proposed framework is compared to methods introduced by
these groups: ADMRG[30], CERTH-1[22], QMUL[2], and
VIT[10]. All te groups shared the same datasets and evaluation tools offered by MediaEval 2013. The comparison
result is denoted in Table 1. In general, the proposed framework gained a promising result comparing to others.
We use the data in the MediaEval 2013 evaluation campaign corpus provided by the organizers. This data portion includes 27.754 photo instances, corresponding to eight
event types. Every photo is assigned one of the eight event
types: Concert, Conference, Exhibition, Fashion, Non event,
Other, Protest, Sports, and Theater dance.
The data are processed using GATE platform4 for tokenization, POS tagging and basic word features. We used
Support Vector Machines to train and test our binary classifier. Here, event classification is formulated as a multiclass classification problem. The One Vs. Rest strategy is
employed by selecting the instance with largest margin as
the final answer. For experimentation, we use 5-fold crossvalidation with the svm-light tool5 .
Results
We notice that in the comparison table 1, we gain better
results than most of other teams, respectively. For challenge
2, the classification event vs. non-event is acceptable in
almost every run, as well as the detection of some classes.
Table 3 shows the results on each relation type in the best
run, which combines text and visual features. The third and
the fifth columns present the results without and with our
new features.
Table 2 shows all runs of our approach. The first run
does not use any visual feature, as well as third-parties information as compulsory required by MediaEval 2013 - SED
task. The second row presents the results of only text features, but, injected with our new features. The third row
describes the results in combination with visual features,
but without new features. The fourth rows describe the
results with visual information and with our new features,
which are derived from NER and D2W. The integration of
new features yields a good improvement of about 1.78% and
1.28%, respectively.
Obviously, we have followed the supervised machine learning for challenge 2, so it could not be learnt efficiently with
4
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only 36 positive instances of the class “fashion”, it may be
better if we used rule-based instead. Moreover, it is not trivial to provide a good detection on the class “other events”,
which is a rather undefined class. In the combination between text and visual features, the composite kernel did a
good job with 5 classes out of 9 above 55%. In general, the
proposed method proves to be very competitive, although
there is still room for improvement, as we can try the feature
set with other learning machines, or we can combine them
in a learning framework to achieve better performance.

Proposed Method
(with visual info)
ADMRG [30]
CERTH-1 [28]
QMUL [2]
VIT [10]

F1
44.95
42.20
13.1
33.44
50.00
7.48

Divergence F1
34.08
31.45
2.1
22.61
NA
NA

Table 1: Comparison Results on the test set

Run
1 - compulsory run
w/t visual info
2 - w/t visual info
with D2W
3 - with visual info
4 - with visual info
and D2W

Pre
33.72

Rec
71.48

F1
45.83

35.31

71.51

47.61

50.46
52.46

57.12
57.04

53.58
54.86

Table 2: Cross-validation results of challenge 2

Event
conference
fashion
concert
non event
sports
protest
other
exhibition
theater dance

without
NER
and
D2W

F1
61.36
6.67
58.66
93.21
17.46
61.75
7.91
17.48
55.26

with
NER
and
D2W

F1
32.71
28.57
60.23
94.62
18.03
71.52
15.27
19.28
57.22

Table 3: Cross-validation results of challenge 2 on
the best run with visual features-Without and with
new features NER and D2W

4.2

Clustering Results

The proposed framework is applied to cope with the challenge 1: ”Cluster the entire dataset of all images included
in the test set according to events they depict”. The major
difficulty here is the missing information about the number
of clusters. Another challenge consisted in the fact that not
all of properties’ information are fully provided. For example, geographical information (45.9%), tags (95.6%), title
(97.9%), and description (37.9%) w.r.t 437, 370 pictures assigned to 21, 169 events.

taking, uploading and sharing data) in social networks. MaThe proposed framework is compared to methods introduced by nine groups: ADMRG[30], CERTH-1[22], CERTHjor advantages of the proposed framework are the low com2[28], ISMLL[33], QMUL[2], SOTON[27], TUWIEN[34], UPC[13], putational complexity, easy implementation, parallelizabiland VIT[10]. Also in this case, all the datasets and evaluity, generalization (less tuning parameters). The experimenation tools are those offered by MediaEval 2013 to all partal results showed that the proposed framework can beat
ticipants. The comparative results are shown in Table 4. In
other methods not only on for accuracy but also for comgeneral, the proposed framework achieved promising result
plexity and real-time processing.
as compared to others.
In the future, the parallel stage will be investigated thoroughly and tested on cloud-computing to examine the ability of real-time processing. Moreover, a dictionary of (placeF1
NMI
Divergence F1
name, longitude, latitude) will be built in order to get better
Proposed Method 0.9320
0.9849
0.8793
results in location-based merging. Visual information will
(with visual info)
0.9508
0.9931
0.9020
also be analyzed carefully to discover the optimal scheme to
ADMRG [30]
0.8120
0.9540
0.7580
increase the qualification of the proposed framework.
CERTH-1 [28]
0.7041 0.9103
0.6333
For event classification, while it is straightforward the use
0.7031
0.9131 0.6367
of supervised machine learning to classify events, no previCERTH-2 [22]
0.5701 0.8739
0.5025
ous works have tried kernel methods to combine text with
0.5698
0.8743 0.5049
visual features. As each kind of feature has its own charISMLL [33]
0.8784
0.9655
NA
acteristics, kernel methods offer nice properties to design a
QMUL [2]
0.7800
0.9400
NA
kernel function for each feature set, and combining them
SOTON [27]
0.9461
0.9852
0.8864
together. The combination has proved its robustness with
TUWIEN [34]
0.6900
0.8500
NA
a significant improvement in performance (from 45.83% to
UPC [13]
0.8833
0.9731
0.8316
53.58% with basic features, and from 47.61% to 54.86% with
VIT [10]
0.1426
0.1802
0.0025
our new features).
As the data are obtained from social networks, basic natTable 4: Comparison Results
ural language features, such as the word itself, prefixes, suffixes, and part-of-speech tag cannot guarantee a good performance. However, as we see, encyclopedic knowledge such
Run
F1
NMI
Divergence F1 as Wikipedia, could provide a great additional resource. We
proposed new features that are derived from named enti1 - compulsory run 0.9234
0.9829
0.8705
ties (NER task) and Wikipedia entries (D2W task). Our
w/t visual info
study illustrates that those new features clearly provide an
2 - w/t visual info
0.9316
0.9848
0.8788
improvement with respect to the base model. Most inter3 - w/t visual info
0.9320
0.9849
0.8793
estingly, we showed that they provide improvements both
4 - with visual info
0.9508 0.9931 0.9020
with and without visual features. This makes clear that
encyclopedic features are very useful for event classification
Table 5: Each run with different parameters
task. The features can be used together with other learning algorithms to yield better results. Our composite kernel,
Table 5 shows all runs of the proposed framework. The
which combines both kinds of features, can outperform the
first run does not use any visual as well as third-parties instate-of-the-art.
formation, as compulsory required by MediaEval 2013 -SED
task. At the first run, the proposed method did gain a better
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ABSTRACT
This paper presents an overview of the Social Event Detection (SED) task that has been running as part of the MediaEval benchmarking activity for three consecutive years
(2011 - 2013). The task has focused on various aspects of
social event detection and retrieval and has attracted a significant number of participants. We discuss the evolution
of the task and the datasets, we summarize the set of approaches pursued by participants and evaluate the overall
collective progress that has been achieved.

Categories and Subject Descriptors
H.4 [Information Systems Applications]: Miscellaneous

Keywords
Social Event Detection, MediaEval, Multimedia

1.

Figure 1: Broad event categories and sample images.

INTRODUCTION

The wealth of content uploaded by users on the Internet is
often related to different aspects of real world activity. This
presents an important mining opportunity and thus there
have been many efforts to analyze such data. For instance,
web content has been used for applications such as detecting breaking news [19] or landmarks [11]. A very interesting
field of work in this direction involves the detection of social events in multimedia collections retrieved from the web.
With social events we mean events which are attended by
people and are represented by multimedia uploaded online
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by different people. Instances of such events are concerts,
sports events, public celebrations or even protests. Figure 1
displays three broad categories of events (news, personal,
entertainment) and several sample event types and images
for each of them.
Indicative of the growing interest in the topic of detection
of social events in web multimedia is that a relevant task has
been organized in the last three years as part of the wellknown MediaEval benchmarking activity. In this paper, we
discuss the evolution of the task and the datasets in these
three years, we summarize the set of approaches pursued
by participants, and evaluate the overall collective progress
that has been achieved.
The rest of the paper is structured as follows. In the
next section we present the task objectives, used datasets
and evaluation measures through the three years. Section 3
provides an overview of the pursued approaches and summarizes obtained results. Finally, Section 4 concludes the
paper and discusses the directions to which the task and
relevant research may turn to in the future.

Year
2011
2012

2013

Challenge
Find events related to two categories: (a) soccer matches in
Barcelona & Rome, (b) concerts in Paradiso & Parc del Forum
Find events related to three categories: (a) technical events
(e.g. exhibitions) in Germany, (b) soccer events in Hamburg
and Madrid, (c) Indignados movement events in Madrid
(a) Cluster photo collection into events, (b) attach YouTube
videos to the discovered events
Categorize photos into eight event types or non-event

Dataset
73,645 Flickr photos from five cities, May 2009
167,332 Flickr photos from five cities, 20092011
437,370 Flickr photos around upcoming or
last.fm events, 2006-2012 and 1,327 YouTube
videos around the events defined by the photos
57,165 Instagram photos around event keywords, 27-29 April & 7-13 May 2013

Table 1: Overview of SED task from 2011 to 2013.

2.

CHALLENGE DEFINITIONS, DATASETS
AND EVALUATION

In the following, we review the task definitions, the used
datasets and evaluation measures in the three years that the
Social Event Detection task has been a part of the MediaEval benchmarking activity. At the end of the section, we
provide a short discussion about the evolution of the task
and the datasets. Table 1 provides a summary of the task
challenges and datasets over the three years.

2.1 SED 2011
2.1.1 Challenges
The SED 2011 task had two challenges. In both, participants were provided with a set of images collected from
Flickr (Section 2.1.2) and were asked to surface events of
a particular type at particular locations. For each event,
participants needed to find the set of relevant photos.
More particularly, the first 2011 challenge reads: “Find all
soccer events taking place in Barcelona (Spain) and Rome
(Italy) in the test collection”. Soccer events, for the purpose of this task, may include not only soccer games but
also social events centered around soccer (e.g. celebration
of winning the cup; as opposed to, for example, a single
person playing with a soccer ball out in the street, which is
not a social soccer event under the task’s definition). For
instance, the retrieved photos of such an event may include
photos of a game being played, photos of fans inside the stadium during/a bit before/a bit after some game or photos
of fans leaving the stadium after the end of a game. Examples of images that are relevant to soccer events are given in
Fig. 2(a).
The second challenge is very similar and reads as follows:
“Find all events that took place in May 2009 in the venue
named Paradiso (in Amsterdam, NL) and in the Parc del
Forum (in Barcelona, Spain)”. Some examples of relevant
images can be seen in Fig. 2(b) and (c).
There are two differences between the two challenges. In
the first challenge, both a topical (soccer) and a location
criterion are defined for the events of interest, whereas in
the second only a location criterion is defined (although the
type of events that is held in these venues is easy to discover). Additionally, the specificity of the location of interest is different in the two challenges. These differences were
deliberately opted for, in order to examine how the solutions
of the participants would be affected.

(a)

(b)

(c)
Figure 2: Example images of (a) soccer events, (b)
concert events in Paradiso, Amsterdam, (c) concert
events in Parc del Forum, Barcelona.
For both challenges, participants were allowed to use data
from external resources (such as Wordnet, Wikipedia, or
even visual concept detectors trained on external collections), provided that they did not relate to specific images
of the test dataset (or any images given for specifying the
sought events), and that their development and use did not
benefit from any knowledge of the task’s dataset and challenge definitions. Also, participants were asked to perform
a baseline run without visual information (of course, the use
of visual information in addition to the various image metadata were encouraged in subsequent runs).

2.1.2 Dataset
The dataset for the 2011 task consisted of 73, 645 photos
and was created by issuing appropriate queries to the Flickr
web service through its web-based API. The collected photos represent the complete set of geotagged photos that were
available for five different cities (i.e., Amsterdam, Barcelona,
London, Paris and Rome, based on the geotags) and were
taken in May 2009, further augmented with a few nongeotagged photos for the same cities and time period [27].
However, before providing the XML photo metadata archive
(including any tags, geotags, time-stamps, etc. for the photos) to the task participants, the geotags were removed for
80% of the photos in the collection (randomly selected).
This was done in order to simulate the frequent lack of
geotags in photo collections on the Internet (including the
Flickr collection) and to make the task more challenging
(full knowledge of geotagging information would help a lot):
since most images found on the web are not geotagged, participants would also need to consider tag and/or visual information for finding the complete set of relevant events and

images.

2.1.3 Ground truth and evaluation
The evaluation of the submissions to the 2011 Task was
performed with the use of the ground truth event-media
associations. As an aid, the cluster-based event detection
framework of [17] was employed in generating this ground
truth. Two evaluation measures were used:
• Harmonic mean (F-score) of Precision and Recall for
the retrieved images. This measures only the goodness
of the retrieved photos, but not the number of retrieved
events, or how accurate the correspondence between
retrieved images and events is.
• Normalized Mutual Information (NMI). This compares
two sets of photo clusters (where each cluster comprises the images of a single event), jointly considering
the goodness of the retrieved photos and their assignment to different events.
Both employed evaluation measures receive values in the
range [0, 1], with higher values indicating a better agreement
with the ground truth results.

2.2 SED 2012
2.2.1 Challenges
The challenges of the SED 2012 task were quite similar
to those of the previous year: again a collection of images
collected from Flickr (Section 2.2.2) was provided and participants were asked to find events of a particular type at
particular locations (for each event, participants needed to
provide the set of relevant photos). In contrast to the first
year, however, the 2012 task had three challenges.
More particularly, the first challenge reads: “Find technical events that took place in Germany in the test collection.”
Technical events, for the purpose of this task, are public
technical events such as exhibitions and fairs. The annual
CeBIT exhibition, taking place in Hannover, is a good (but
of course, not the only) example of such an event.
The second challenge reads: “Find all soccer events taking
place in Hamburg (Germany) and Madrid (Spain) in the test
collection”.
The third challenge reads: “Find demonstration and protest
events of the Indignados movement occurring in public places
in Madrid in the test collection.” The Spanish Indignados movement centers around a series of demonstrations
and other protests taking place all over Spain in 2011-2012,
which relate to the financial crisis outbreak as well as national politics in general.
As in the first year, variation in the challenges was deliberately introduced. First, the theme and location of queries
was quite different between challenges. Additionally, the
notion of “technical events” of the first task, although instantiated with a set of examples, was still somewhat vague
and unclear and it was interesting to see how participants
dealt with this. Most importantly, in contrast to the events
that challenges one and two were concerned with, the events
that were of interest to the third challenge were typically not
scheduled, well-organized events (e.g., a technical fair that is
typically announced several months before it actually takes
place, or similarly a football game that is scheduled several
days in advance) but rather spontaneous gatherings organized via social media channels.

Finally, as in the previous year, participants were allowed
to use data from external resources, provided that they did
not relate to specific images of the test dataset, and were
asked to perform a baseline run that did not use any visual
information.

2.2.2 Dataset
A collection of 167, 332 photos (more than twice as many
as in the 2011 edition of this task) was created by issuing appropriate queries to the Flickr web service through
its web-based API. The collected photos were all licensed
under a Creative Commons licence, and were captured between the beginning of 2009 and the end of 2011 (specifically, 51, 019 photos captured in 2009, 53, 080 in 2010 and
63, 233 in 2011) by 4,422 unique Flickr users. Like in the previous year’s dataset, all photos were originally geo-tagged;
however, before providing the XML photo metadata archive
(including any tags, geotags, time-stamps, etc.) to the task
participants, the geotags were removed for 80% of the photos in the collection (randomly selected) in order to simulate
a more realistic analysis scenario (as in SED 2011).

2.2.3 Ground truth and evaluation
The evaluation of the submissions to the 2012 SED task
was performed with the use of ground truth that in part
came from the EventMedia associations [27] (for challenge
1), and in part was the result of a semi-automatic annotation
process carried out with the help of the CrEve tool [33] (for
all three challenges). The two evaluation measures that were
used in the first year, namely the F-score and NMI, were
used in 2012 as well.

2.3 SED 2013
2.3.1 Challenges
The 2013 task had significant differences to the two previous years’ tasks. Whereas in the previous years a single
dataset that includes both event and non-event photos was
provided and the challenges asked for the retrieval of events
matching specific criteria, in 2013 two datasets were provided, and two new distinct challenges were defined.
More particularly, the first challenge reads: “Produce a
complete clustering of the image dataset according to events.”
That is, the first challenge asked for a clustering of all images in the relevant dataset, according to the events that
they depict. This comes in contrast to the challenges in the
first two years, where a) not all images in the collection were
related to some event and b) specific criteria were defined
for the events of interest. Importantly, the target number of
events was not given in this new challenge and therefore it
had to be discovered from the data.
Also, there was an extension to Challenge 1 that introduced for the first time the use of video content. The description of this extension was the following: “Assign all
videos into the event sets you have created for the images in
Challenge 1”. Participants were expected to use their created event clusters and assign the videos to them. As in the
main task, here we also requested a complete assignment of
the videos to events.
The second challenge reads as follows: “Classify media
into event types”. A second dataset was provided and the
task was a) to decide for each image whether it depicts an
event or not and b) for those images identified as depict-

ing some event, to identify the type of event. Essentially,
this is a classification task that requires learning how eventrelated photos look like (both in terms of visual content and
accompanying metadata). Eight event types were defined,
and methods were expected to automatically decide to which
type (if any) an unknown media item belongs.
The submissions to both challenges in 2013 were subject
to the same conditions as those of the previous year, i.e. data
from external resources could be used, provided that they
did not relate to specific images of the test dataset. Also,
participants of the first challenge were asked to perform a
baseline run without exploiting visual information.

2.3.2 Datasets
The dataset for Challenge 1 consists of 427,370 pictures
from Flickr and 1,327 videos from YouTube together with
their associated metadata. The pictures were downloaded
using the Flickr API, had an upload time between January
2006 and December 2012 and corresponded to 21,169 events.
The events were determined by people using last.fm and upcoming machine tags, as described in Reuter et al. [21], and
include sport events, protest marches, BBQs, debates, expositions, festivals or concerts. All of them are published
under a Creative Commons license allowing free distribution. As it is a real-world dataset, there are some features
(capture/upload time and uploader information) that are
available for every picture, but there are also features that
are available for only a subset of the images: geographic information (45.9%), tags (95.6%), title (97.9%), and description (37.9%). 70% of the dataset iwas provided for training,
accompanied by its ground truth clustering. The rest was
used for evaluation purposes.
The dataset for Challenge 2 is comparable to that of Challenge 1 except for the fact that the pictures were gathered
from Instagram using the respective API. The training set
was collected between 27th and 29th of April 2013, based on
event-related keywords, and consisted of 27,754 pictures (after cleaning). The test set was collected between the 7th and
13th of May 2013 and consisted of 29,411 pictures. There are
eight event types in the dataset: music (concert) events, conferences, exhibitions, fashion shows, protests, sport events,
theatrical/dance events (considered as one category) and
other events (e.g. parades, gatherings). As in the dataset
for Challenge 1, some metadata were not present for all pictures: 27.9% of the pictures have geographic information,
93.4% come with a title and almost all pictures (99.5%) have
at least one tag.

2.3.3 Evaluation and ground truth
The ground truth for both challenges was created by human annotators. It should also be noted that for the datasets
of the second challenge in particular, several borderline cases
were completely removed. The results of event-related media
item detection were evaluated using three evaluation measures:
• F-score. This is applicable to both the first and the
second challenge. It should be noted that for the second challenge, it was used for evaluating both for the
classification of images into event types (Fcat ) and the
classification of event / non-event photos (FE/NE ).
• Normalized Mutual Information (NMI). This is applicable only to the second challenge.

• Divergence from a Random Baseline. All evaluation
measures were also reported in an adjusted measure
called Divergence from a Random Baseline [5], indicating how much useful learning has occurred and helping
detect problematic clustering submissions (applicable
to both C1 and C2).

2.4 Evolution of SED
The tasks in the first and the second year were quite
similar. In both, the datasets contained both event and
non-event images and the task was to retrieve sets of images that represent events matching given criteria. The task
changed significantly in the third year, though: participants
were asked to separately detect if images are related to some
event (and if yes to what type) and to cluster event-related
images in order to produce a set of events. In some sense,
the problem presented in the first two years is split in two
sub-problems (minus the retrieval / filtering that is required
in the first two years). Thus, it can be said that there are two
distinct eras in the evolution of the task, one that includes
the first two years and one that includes the third.
Additionally, the datasets became larger from year to year.
They also became richer in that over the years, with video
data and an additional social media source (Instagram) made
available in the 2103 edition.

3. APPROACHES
In this section we provide an overview of approaches followed by the participants. As discussed in the previous section, the SED task can be split into two distinct eras. In the
first, the task was defined by asking for groups of photos,
each of which represents an event that matches some criterion (e.g. soccer events in Madrid), whereas in the second,
the task is split in two parts: a clustering and a classification
part. Naturally, the approaches pursued by participants differ significantly between these two eras and thus it makes
sense to present them independently.

3.1 SED 2011-2012
At a very high level, there are two types of approaches
pursued by participants in the first two years:
1. A list of event descriptions that match the required
criteria are fetched from online event directories (e.g.
last.fm and Eventful) and subsequently the images in
the provided datasets are matched to these descriptions.
2. A sequence of filtering or classification (in order to
match the provided criteria) and clustering steps within
the provided datasets is used to obtain the required
events, without looking at external event directories.
Most approaches fall into the second class. For instance,
the approaches described in [7, 12] belong to the first class,
whereas the approaches described in [14, 16, 22, 29, 31, 28]
belong to the second class.
Of course, there are important differences between the
methods in each of these classes. For example, regarding the
two methods that utilize external event directories, the essential difference is the way that matching takes place: in [7]
photos were matched to event descriptions using Lucene
queries, whereas [12] uses a probabilistic approach.

Some methods in the second class also utilize external
sources, similarly to the methods falling into the first class,
but they use sources that may assist in enriching the eventmatching criteria. For instance, [1, 7, 22] use external sources
such as the Google Geocoding API, DBPedia or Freebase to
expand the representations of either locations or types of
events so that more efficient filtering / classification can be
achieved.
Other than that, methods in the second class differ in the
set and sequence of filtering and clustering operations that
they apply. Reasonably, the most common clustering criteria are time and location, as a unique combination of time
and location clearly identifies a distinct event. For instance,
in [16], a classifier applied at the first step assigns a city name
to each item (either using geotags, if available, or textual information) and at the next step, all images that are related
to the same city and occur on the same day are placed in a
cluster/ event. Similarly, [22] forms groups of images related
to distinct locations and then applies the Quality Threshold
clustering algorithm on each group based only on time. To
cater for the problem of missing location (e.g, when there is
no metadata that can be used to assign a photo to a location), some approaches perform a post-processing step that
applies reasonable heuristic rules to match such images to
appropriate clusters. A different clustering strategy [4] first
examines the images that belong to each user independently,
clusters them using time and then combines the clusters produced using the other features.
Of particular interest is the approach in [24], where there
is not a sequence of different clustering steps on an individual
modality each time. Instead, there is a single clustering step
that takes into account all modalities at once. To achieve
this, the authors utilize a learned similarity metric that takes
as input the set of modality-specific distances between a pair
of items and predicts if that pair of items belong to the same
event. Subsequently, the predicted intra-class relationships
are organized in a graph in which nodes represent photos
and the existence of an edge indicates a positive prediction
of this “same event” model. The final events are produced
by running a graph clustering algorithm on this graph. Additionally, in order to make the approach computationally
feasible for larger datasets, a “candidate neighbor selection”
step is used; i.e. the predictions of the “same event model”
are evaluated between each photo in the dataset and its best
matches according to each modality.
Different approaches achieved the best results in each of
these first two years. The overall results for the first year
are listed in Table 2. There were seven submissions and
a different approach achieved the best results in each of
the two challenges. In the first challenge, which involved
the retrieval of soccer events, the best results were achieved
by [16]. As mentioned before, this approach performed an
early classification of photos to cities and then performed a
partitioning of photos into buckets containing same day and
same city photos. In the second challenge, which involved
the retrieval of concert events at particular venues, the best
results were achieved by [12] and [7] (one is best in terms of
F-score and the other in terms of NMI). Interestingly, both
these approaches follow the first high level approach that
was mentioned before, i.e. they match the photos to event
descriptions retrieved from online event directories. This indicates that despite the fact that such approaches may, in
general, be limited only to events that are listed in online

[1]
[7]
[12]
[14]
[16]
[22]
[29]

Challenge 1
F-score NMI
68.70
0.410
59.13
0.247
10.13
0.026
77.37
0.630
58.65
0.475
64.90
0.236

Challenge 2
F-score NMI
33.00
0.500
68.67
0.678
68.95
0.6171
12.44
-0.01
64.00
0.379
66.05
0.644
50.44
0.448

Table 2: SED 2011 results.

Challenge 1
F-score NMI
[31]
[28]
[24]
[2]
[4]

2.15
84.58
18.66
70.15

0.020
0.724
0.187
0.601

Challenge 2
F-score NMI
29.99
90.76
74.64
72.66
-

0.200
0.850
0.674
0.65
-

Challenge 3
F-score NMI
47.58
89.83
66.87
60.96

0.310
0.738
0.465
0.446

Table 3: SED 2012 results.

directories, they may also be quite effective.
In the second year, there were five submissions. A summary of the results for the second year can be found in Table 3. In general, the results achieved in the first challenge
are worse than those achieved in the other two and this is
most likely due to the fact that the term “technical events” is
a bit fuzzy. Also, the results for challenge 2 are better than
those for challenge 3, and again, this is most likely due to
the fact that soccer events are much more clear and uniform
than the Indignados events. The best approach for all challenges was presented by [28]. It involves a city classification
step and subsequently, for each city, topic detection with
the use of LDA. Importantly, a manually constructed topic
representing the topic of each of the three challenges was
added to the results of LDA. Then, using the topic models
learned, the photos that are relevant to the query of each
challenge were retrieved. Events were identified by finding,
for each topic and city of interest, the days for which the
number of photos was above some threshold. Finally, a simple post-processing step that merges and splits events using
some simple heuristic rules is performed.

3.2 SED 2013
In the third year, the two challenges had distinctly different objectives. In the following we discuss the approaches
that the participants used for each of them separately.
The objective of the first challenge is similar in some sense
but also has a significant difference to those of the previous
two years. In particular, within SED 2013 all images in the
collection were assumed to belong to some event and a complete clustering was required. This means that no filtering
step was required. Since the photos in the collection were
related to a set of heterogeneous metadata, this is essentially involved a multimodal clustering problem and therefore some form of fusion. There were 11 submissions and
they mainly differed in the way that clustering and fusion is
performed.

Challenge 1
F-score NMI
[20]
[23]
[25]
[13]
[15]
[32]
[26]
[30]
[18]
[6]
[3]

0.570
0.946
0.704
0.883
0.932
0.780
0.812
0.878
0.236
0.142
0.780

0.873
0.985
0.910
0.973
0.984
0.940
0.954
0.965
0.664
0.180
0.940

Challenge 2
Fcat
FE/NE
0.334
0.449
0.131
0.332

0.716
0.854
0.537
0.721

Table 4: SED 2013 results.

Some approaches opt for a sequence of unimodal clustering
operations. Again, the most common approach is to cluster
by location and time. For instance, [20] first clusters items
by location and then further clusters each initial cluster by
time. Subsequently, they compute a per-modality weighted
similarity measure between each non-geotagged image (that
could not be clustered in the first step) and each of the
clusters; and the initial clusters are expanded. There are
also approaches that first consider a per-user clustering by
time and then merge clusters by some fused similarity measure [13, 15].
There are again some approaches [25, 30] that perform
fusion using a learned similarity model. In particular, [25]
follows a graph-based approach similar to [24], whereas [30]
uses it as part of a Quality Threshold clustering algorithm
that is modified in a pseudo-incremental manner in order to
make it applicable to a large dataset.
There are also a couple of approaches that have introduced some quite different and interesting aspects. In particular, [18] applies a Chinese Restaurant Process to cluster
the photos. It computes a fused similarity metric as a linear
combination of per-modality similarities using as weight the
probability of two photos that have the same value in that
modality to belong to the same cluster. They then use the
merged similarity metric to compute the probability of assigning each photo to each cluster as part of an incremental
and stochastic cluster assignment process. Another interesting approach is presented in [6], where textual features are
used to compute an appropriate semantic similarity measure
based on WordNet.
The overall results for the third year are listed in Table 41 .
The best performing approach is that of [23]. It computes
one affinity matrix per modality and then averages them
to obtain an aggregate one that is used as part of either a
DBScan or spectral clustering procedure. Additionally, to
make computation of each affinity matrix feasible for large
collections, a candidate neighbour selection step, similar to
that of [24], is used. It is also important to note that due to
the fact that the complete clustering challenge is somewhat
easier than last years’ challenges, and does not require the
additional process of filtering/classification, in general the
results obtained in this year are better that in the previous
1
The Divergence from Random Baseline was not included
for the sake of uniformity with the first two years.

two in terms of absolute values of the evaluation measures.
In the second challenge, there were five submissions. All of
them adopt a direct classification procedure, using an SVM
classifier. The main difference between the methods pertains
to the set of features used. Of interest is the approach in [25],
where scalable Laplacian Eigenmaps are used in order to
obtain in a semi-supervised manner the representation of the
photos that is fed into the classifier. It is also interesting that
[6] utilizes semantic similarity features. The best performing
approach in the second challenge was [15], which also uses
an SVM classifier, but introduces a very rich set of textual
features, including also a set of ontological features.

4. CONCLUSIONS AND OUTLOOK
This paper presented an overview of the Social Event Detection task that has been part of the popular MediaEval
benchmarking activity in the last three years. The task has
two distinct eras; the one covers the first two years, whereas
the other covers the third. In the first era, the challenge
involved a single type of challenge: given a collection of images, to return sets of images that represent social events
that match some specific criteria. In the second era, there
was a deliberate decision to explicitly split the problem in
parts: a clustering and a classification task, thus encouraging participants to explore a different approach with a
distinct number of steps. We have seen that a large variety of interesting approaches has been used to deal with the
challenges. For instance, we have seen approaches that utilize external event directories, perform complete clustering
of collections, utilize different techniques to match images
or sets of images to topics and locations, etc.
To conclude this paper, we discuss the outlook for the SED
task and the problem of social event detection in general. As
mentioned, the Social Event Detection task has been one of
the more popular tasks in the MediaEval benchmarking activity. In particular, the number of participants in the third
year was remarkable. Moreover, it has been encouraging
that rather distinct approaches that have some clearly novel
features have appeared. Therefore, it makes sense to continue the challenge and thus to further strengthen the relevant community. Indeed, the fourth edition of the task is
currently being prepared. Due to the larger number of participants in the first challenge of the third year, it is planned
to continue the complete clustering challenge. On the other
hand, the photo classification challenge will be most likely
discontinued, due to the relatively limited participation to it.
Additionally, there are plans for bringing back the problem
of event retrieval, this time as a distinct challenge. There
are also plans for introducing another new challenge, focusing on summarization and presentation of clusters of images
related to events.
Moving on with the discussion on the possible future directions in the field of social event detection, one first thing
to note is that, so far, all versions of the SED task and all
relevant work that has appeared elsewhere, have not tackled
the challenge of detecting social events in a completely “into
the wild” scenario. This means that there has not been an
attempt to collect a really random (and large) collection of
images from the web, without any prior knowledge about
whether the images in it represent some social event or not,
and to detect social events using it. Previous approaches,
both as part of the SED task and other work, have used
datasets that had a large ratio of event to non-event pho-

tos. This is because they have been crawled either using
machine tags or appropriate spatio-temporal criteria. Alternatively, some approaches have utilized event directories
and matched new content to event descriptions from these
directories, e.g. once the time and location of some event
is known, one may query Flickr for photos matching these
criteria. However, such approaches are also limited and can
only enrich already known events. Clearly though, due to
the fact that a set of photos that has been really collected
without any prior knowledge would typically have a very
low percentage of event-related photos, a different approach
than anything we have seen so far is required to deal with
the problem of social event detection “into the wild”.
The first step towards this direction could be the development of an accurate approach for classification of images
as being or not related to some event. This is one of the
reasons why in the third year a relevant challenge was organized. Some of the results were promising, however in order
to deal with the complete scenario, even higher accuracy is
required. To try to give a more quantitative feeling about
this we will mention that during early experimentation for
collecting the data for the second challenge of the third year,
it was found that only roughly 1 − 2% of images collected
from a random stream were related to events. The current
best achieved accuracy for characterizing an image as nonevent is slightly lower that 90%, thus in a dataset of 1000
images, around 10-20 of them will in fact be event related,
but roughly 100 of them will be classified as such, resulting
in a very unclean set of images that will be further considered as being event-related. It should also be noted that
improvement of the methods for identifying event-related
images may have a benefit also on collection mechanisms; in
particular, once some images have been identified with high
confidence as event-related, they may be used to improve
the collection of other event-related images by specifying
appropriate search criteria.
Thus, it appears that the identification of event-related
images and the generic “into the wild” scenario are two possible directions of future work in the problem of social event
detection. Another possibility is the use of external sources
in order to improve the results obtained from an eventagnostic approach. It is quite reasonable that, although
event directories may contain only part of the real world
events, they should be of value in order to refine the events
identified from e.g. a clustering approach. Finally, results
so far have relied mostly on metadata, rather than on image
content; thus, novel approaches that make a more extensive
use of visual features may surface in the future.
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