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Abstract

Even though the problem of event detection from social media has been well

studied in recent years, few authors have looked at deriving structured rep-

resentations for their detected events. We envision the use of social media

for extracting large-scale structured event databases, which could in turn be

used for answering complex (historical) queries. As a key stepping-stone to-

wards this goal, we introduce a method for discovering the semantic type of

extracted events, focusing in particular on how this type is influenced by the

spatio-temporal grounding of the event, the profile of its attendees, and the se-

mantic type of the venue and other entities which are associated with the event.

We estimate the aforementioned characteristics from metadata associated with

Flickr photos of the event and then use an ensemble learner to identify its most

likely semantic type. Experimental results based on an event dataset from Up-

coming.org and Last.fm show a marked improvement over bag-of-words based

methods.
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1. Introduction

Several authors have shown that social media can successfully be used to

detect events [1, 2, 4, 16, 25, 34], even before they have been reported in tradi-

tional media [28]. However, it is difficult to evaluate queries such as ‘In which

countries did U2 perform during 2013?’ against a set of events that have been5

detected in this way. Answering such queries requires access to a structured rep-

resentation of events. The absence of such structured representations limits the

applicability of current methods for event extraction from social media. In par-

ticular, it is of interest to learn structured representations of the kind that have

traditionally been considered in template-based information extraction [9, 10].10

The most relevant template for a given event is often based on the semantic type

of that event. For instance, for a football match we want to encode the final

score. In contrast, we want to know the magnitude and number of casualties

of an earthquake. In this paper, we study how the semantic type of events can

be extracted from social media, as a first step towards automatically extending15

and creating structured event databases.

Evidence about the semantic type of an event can be obtained by analyzing

social media documents, such as Flickr photos taken at the event, which we

consider in this paper, or tweets that have been sent about the event. In partic-

ular, similar as in e.g. [1, 2, 25], we represent an event as a set of social media20

documents related to that event, together with its associated characteristics. A

set of social media documents related to an event may for instance be automat-

ically extracted from social media [1, 2, 4, 25] or may be extracted from existing

event databases such as Upcoming1. Most initial work about discovering the

semantic types of events only used textual information [7, 8, 27], which may25

lead to poor performance when the text is noisy (e.g. in some Twitter posts)

or absent (e.g. in some Flickr photos). However, social media documents also

contain metadata which provide an indication about the spatio-temporal and

1http://upcoming.org/
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attendees features of an event. The hypothesis we consider in this paper is that

in many cases the event type can be discovered by looking at properties, such as30

timing, the type of venue or characteristics of attendees, which can be readily

obtained from social media sources. For example, when an event occurs on a

Saturday inside a sport complex and it has basketball players as main actors, it

is very likely that this event is of type ‘basketball game’.

Even though our methods can be applied more generally, we will restrict35

ourselves in this paper to experiments with Flickr photos. In particular, the

considered characteristics of an event are estimated using its associated Flickr

photos, and these characteristics are then used to describe the event. To esti-

mate the type of a given event, we use an ensemble of classifiers, one for each of

the considered descriptors. Subsequently, we consider two use cases. First, these40

trained classifiers are used to analyze in detail to what extent our methodology

is able to discover the semantic type of known events that have no associated

semantic type. This is useful, for example, to improve existing event databases

such as Upcoming, for which we found that about 10% had no known type.

Second, the model is used to estimate the semantic type of events which have45

been automatically detected from Flickr, which could substantially increase the

applicability of existing methods for automated event detection.

The remainder of this paper is structured as follows. We start with a review

of related work in Section 2. Next, in Section 3, we describe our methodology

for classifying events based on their characteristics. Subsequently, Section 450

presents the experimental results. Finally, we discuss and conclude our work in

Section 5 and Section 6.

2. Related Work

Early work on extracting structured data from text focused largely on news

articles. The Message Understanding Conferences (MUC) were organized during55

the 1990s [10] to encourage the development of new and better methods to

extract information from documents. The main task of these conferences was to
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automatically fill in a template with information about the event described in a

given news article. For each event type considered, a template was constructed

by the organizers with characteristics specific to it. For example, the template60

of the ‘airplane crash’ event type contained characteristics such as the place and

the consequences of the event. The standard methodology to handle this task

consisted of two major parts. First, the system extracted facts, i.e. entities and

actions, from the text through local text analysis. Second, global text analysis

was used to merge the discovered facts or to produce new facts through inference.65

The obtained knowledge was finally used to fill in the event templates. More

details on this method are described in [9]. An interesting project related to

event detection using news media is the GDELT project2. GDELT monitors the

world’s broadcast, print and web news in real-time. It identifies and connects

people, locations, organizations, themes, emotions, quotes and news-oriented70

events which are stored in a structured event database. This information gives

a global perspective on what is happening, its context, who is involved, and how

the world is feeling about it. This data was for instance used to visualize the

protests and unrest around the world on a map in real-time.

In the last few years, the focus has shifted somewhat from news articles to75

social media due to the latter’s large data volume, the broad user base and its

real-time aspect. However, social media documents tend to be noisy and are

often very short compared to news articles, which has led to new challenges.

There has been a lot of interest in detecting events and their associated docu-80

ments using social media. In [4], for example, the authors analyzed the temporal

and locational distributions of Flickr tags to detect bursty tags in a given time

window, employing a wavelet transform to suppress noise. Afterwards, the tags

were clustered into events such that each cluster consists of tags with similar

geographical distribution patterns and with mostly the same associated pho-85

tos. Finally, photos corresponding to each detected event were extracted by

2http://gdeltproject.org/
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considering their related tags, time and location. EDCoW [34] used wavelet

transformations to measure the bursty energy of each word used in Twitter

posts. It then filtered words with low energy in a given time window t. Finally,

the remaining words were clustered using modularity-based graph partitioning90

to detect events in t. Twevent [16] improved the approach of EDCoW by first

splitting the incoming tweets in n-grams. An n-gram was then considered as an

event segment in a given time window when the occurency of that n-gram was

significantly higher than its expected occurency. The obtained event segments

were finally clustered into events and ranked based on the importance of their95

event segments in Wikipedia.

Becker et al. [1] represented an event as a cluster of social media documents

related to that event. To detect events, they clustered social media documents

based on their textual, time and location similarity features. They used a clas-

sifier with these similarity scores as features to predict whether a pair of doc-100

uments belongs to the same cluster. To train the classifier, known clusters of

social media documents were used, which were constructed manually and by us-

ing the Upcoming database. When the probability that a document belongs to

an existing cluster is smaller than a threshold, a new cluster is generated for this

document. Becker et al. [2] introduced an additional step which classifies the105

clusters corresponding to candidate events as ‘event’ or ‘non-event’ based on e.g.

the burstiness of the most important words in the clusters and the coherence of

the content of the social media documents in the cluster. Using the methodology

described in [1, 2], the authors were able to detect events using Flickr and Twit-

ter data. Their methodology was evaluated in [1] by comparing the detected110

photo clusters and the photo clusters collected from the Upcoming dataset. The

approach from [25] added two steps to the approach of Becker et al. First, the

methodology from [25] only used the k nearest clusters as candidate clusters of

a given document. Second, they used a classifier to determine if a document

belongs to an existing cluster or a new cluster, instead of using a threshold. This115

improved the approach of Becker et al. both in terms of scalability and accuracy.

A work similar to [1] is proposed by Petkos et al. [22]. As in [1], the probability
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of whether a pair of Flickr photos belongs to the same cluster was determined

using a classifier. In addition to textual, time and location similarities as input

for this classifier, they also considered visual similarities. Given the probabili-120

ties of all document pairs, the photos were clustered using k-means clustering.

Instead of combining the textual, temporal and location similarity feature into

one similarity metric as in [1, 22, 25], Li et al. [18] proposed a method that

clusters two Flickr photos into one event if all three similarities are smaller than

given thresholds. Subsequently, the obtained events are ranked based on the125

importance of the events at a given moment. To estimate the importance of

an event, they consider the number of photos associated with the event, the

number of users who created those photos, the area and period covered by all

photos, and the time between the creation time of the photos and the given

time. The aim of clustering Flickr photos into events was also considered in130

the yearly social event detection challenge at MediaEval [23], first organized in

2011. The challenge in 2011 and 2012 consisted in returning sets of photos from

a given collection that represent social events satisfying some criteria (e.g. soc-

cer matches in Barcelona). For the challenges held in 2013 and 2014, the task

was to first cluster a photo collection into events, and then select events of inter-135

ests (e.g. events of a particular type or matching a query). The most common

approach was to cluster by location and time. Additionally, external sources

such as the Google Geocoding API and Freebase were often used to better de-

termine whether an event matches the given criteria. A more comprehensive

summary of the challenges, pursued approaches and results can be found in [23].140

Some initial research has been performed to discover the semantic type and

other characteristics of an event using social media. The methodology intro-

duced in [8], for instance, consists of classifying Flickr photos into different

event types using their tags, description and title. For this purpose, a Naive145

Bayes classifier was trained on photos associated with events of known types.

The authors also experimented with adding the creation date of the photos as a

feature, but no clear improvement was observed. Yao et al. [36] detected events

6



using the tagging history of the social bookmarking webservice Del.icio.us. The

authors organized the detected events by mapping them to a hierarchy of se-150

mantic types, i.e. an automatically generated taxonomy extracted from the same

tag space from which bursty events were detected [7]. The detected events were

then mapped to an appropriate type at a suitable level based on the coverage of

tags of the event in the subtree of the type. The task of classifying photos was

also considered in the social event detection challenge at MediaEval 2013 [26].155

In particular, photos had to be classified into ‘event’ and ‘non-event’ and into

event types. Training data was collected using the Instagram API and retrieved

photos were manually labeled into event types such as conferences, protests and

sport events. Participants mainly used textual features such as the tags, title

and description of the photos. Some participants enriched these textual features160

using e.g. a mapping to Wordnet or by extracting latent topics.

Some related work focused on visual features of photos to estimate the se-

mantic type of the event shown in a photo. Li et al. [17], for instance, classified

the type of an event in a photo using texture and geometry features of the im-

age. In addition, their proposed method provided semantic labels to the image165

scene and object components in the photo. All these photo properties were

estimated simultaneously using a generative model. The approach described in

[19] used a set of photos labeled with the type of the event shown in the photos

to train a support vector machine. In addition, the satellite photos correspond-

ing to the photo locations were obtained, and were used to train an AdaBoost170

classifier. The input features used for both classifiers were obtained using the

color and texture properties of the photos. Given an image with an unknown

event type, both classifiers were used to estimate the event type. Finally, these

two estimations were fused using a meta-classifier to obtain a final estimation.

The objective of the approach introduced by [37] was to detect the semantic175

type of an event described by a collection of photos. They first extracted color

and texture features for each image associated to the event. The k-means al-

gorithm was used to cluster the features resulting in 1000 visual words. Each

visual word corresponds to a component of the event feature vector. The com-
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ponent value of the vector is set to the number of images associated with the180

event that contain the visual word related to that component. The obtained

feature vector was finally normalized. Subsequently, the most discriminative

compositional features were extracted and used to train an AdaBoost classifier.

Their approach was tested on Flickr photos of frequently occurring events with

distinctive visual characteristics such as a road trip, skiing and a wedding. In185

contrast to use the visual features of the images which occur in social media,

we are focusing on how the metadata of social media documents can be used to

detect the semantic type of events.

Benson et al. [3] introduced a structured graphical model which simulta-

neously analyzes individual tweets, clusters them according to an event, and190

induces a canonical value for each event characteristic. In the evaluation of

their approach, they focused on concerts and considered the artist and venue as

characteristics of these events. The artists and venues mentioned in tweets are

extracted using a conditional random field approach together with an approach

which matched words to a dataset of known artists and venue names. The ap-195

proach described in [24] also used text analysis techniques on tweets to extract

characteristics of events. They first extracted a ‘snapshot’ of tweets mentioning

a given entity during a given time interval. The snapshot was then classified

as ‘event’ or ‘non-event’ using different features such as the entity burstiness

in Twitter during the given time interval. For snapshots related to events, the200

associated entities, actions performed by these entities and audience opinions

about these events were extracted using regular expressions. The focus of the

methodology described in [14] was to automatically determine when an event

started and ended. In particular, tweets about an event were first classified

as posted ‘before’, ‘during’ or ‘after’ the event. For this step, a classifier was205

trained using only textual features of the tweet such as the tense of the verbs.

These estimated labels were then used as input for a Hidden Markov model to

estimate the temporal boundaries of the event. The authors of [28] developed

a methodology which estimates in real time the location of earthquakes and

the trajectories of typhoons using Twitter data. For earthquakes, tweets were210
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first collected using a keyword search to extract tweets which are potentionally

related to real earthquakes. Examples of such keywords used in this paper are

‘earthquake’ and ‘shaking’. Second, a classifier was used to estimate if these

tweets are truly referring to an actual earthquake occurrence. Third, the lo-

cations of the tweets were estimated using their associated geo-coordinates or215

based on the home location of their user. Finally, a Twitter user is considered

as a ‘social sensor’ which reports about an earthquake occurrence by tweet-

ing about it. By regarding a tweet as a sensor value, the earthquake location

estimation problem was then reduced to detecting an object and its location

from sensor readings. To solve this problem, Kalman filtering and particle fil-220

tering were considered. A similar approach was used to detect the locations of

typhoons.

The work most related to our approach is described by Ritter et al. [27].

The approach uses the estimated date, actor and action of an event to improve

the prediction of its semantic type. In particular, the words corresponding to225

the actor and the action of the event are extracted from its associated tweets.

In addition, they mapped temporal expressions in the tweets associated with

the event to calendar dates, which are used to estimate the date of the event.

The date and the words corresponding to the actor and the action are then used

to cluster the events, where a kind of regularization constraint is imposed that230

makes it more likely that two events which occurred on the same date are as-

signed to the same cluster. The obtained clusters were finally manually labeled

with event types. However, 53.5% of their detected events were allocated to a

cluster containing events with incoherent types or with types which are not of

general interest. Note that [27] considers a clustering problem in which they235

first cluster the events and then manually label these clusters with event types.

In contrast, we consider a classification problem in which classifiers are trained

to recognize events of a particular type. Furthermore, the approach does not

consider other characteristics such as the event location and participants to fur-

ther improve the event classifications.240
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In our previous work [31], we focused on how location features extracted from

Flickr photos of an event can be used to estimate the semantic type of the event.

In this paper, we extend our previous work in the following way: First, we also

investigate how the event type is influenced by the temporal grounding of the245

event, the profile of its attendees, and the semantic type of the entities which are

associated with the event. Second, the evaluation of the proposed methodology

has been extended thoroughly. In particular, a dataset from Last.fm is now used

to examine how well the approach is able to discover fine-grained event types.

Finally, we evaluate our method’s ability to discover events of a given semantic250

type that are not mentioned in the Upcoming database.

3. Methodology

The objective of this paper is to discover the semantic type of events based

on characteristics of the event that can be derived from the metadata of Flickr

photos. In particular, the metadata we consider are the creation time and date255

of the photos, the user who created the photo, and the geographic location of

the photos, where available. In the following, we assume that a training set

K is available, containing events with a known semantic type, together with a

list of associated Flickr photos. Additionally, we consider a set U containing

events whose semantic type our method will try to estimate. This set may260

contain known events with an unknown semantic type, or events which have

been automatically extracted from social media and therefore have no associated

type. Both cases will be considered in the evaluation section. As mentioned,

an event is represented as a set of Flickr photos related to that event and an

associated semantic type, which is similar to the representation used in e.g.265

[1, 2, 25]. The set of all events is called E = K ∪ U , the set of photos that

are associated with event e ∈ E is denoted by De, and the set of event types

associated with e is denoted by Te ⊆ T where T is the set of all considered event

types. Note that an event may have more than one type, e.g. an event where a

person gives a lecture about art can be classified as both ‘education’ and ‘art’.270
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In Section 3.1, we explain how the social media documents related to an event

can be used to estimate characteristics such as its actors, participants, time and

location. These characteristics are used to describe the event. To estimate the

type of a given event, we use an ensemble of classifiers, one for each of the

considered descriptors. More details about the classification framework we used275

can be found in Section 3.2.

3.1. Descriptions of Events

In this section, we describe how several characteristics of an event are esti-

mated using their associated Flickr photos, and how they are used to construct

feature vectors for the event.280

3.1.1. Bag-of-Words (baseline)

A baseline approach to describe the events is to use the textual content of the

Flickr photos associated with them. The textual content associated with a photo

consists of a set of tags, a title and a description. In previous work, the textual

content of social media documents has already been used to classify events

[8, 36]. In this ‘bag-of-words’ approach, a vector describing an event e ∈ E

is constructed, whose components are associated with a word that appears in

dictionary W . This dictionary W is the set of all terms from the textual content

of the photos associated with the events in the training set K. For feature vector

V be of event e, the component compbw associated with word w ∈ W is given by

its number of occurrences in De:

compbw =
∑
d∈De

|dw| (1)

with |dw| the number of times photo d ∈ De contains word w. We use the Eu-

clidean norm to normalize these feature vectors. We also tested TF-IDF weight-

ing, but as this yielded worse results, we do not consider it in the remainder of

the paper. The set of all non-zero bag-of-words feature vectors corresponding285

to the events in K is denoted by V b(K). Note that we do not consider vectors

with all components equal to zero for training. A zero vector can for instance
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be obtained when there is no textual information available for the event. We

denote a zero vector by 0.

3.1.2. Entities Associated with Events290

The semantic type of the entities associated with an event can provide valu-

able information about the type of the event. For example, if the event is

associated with a musician it is more likely to be a music event, and if it is

located in a football stadium it is more likely to be a sport event. To determine

the entities which are related to the events, we map mentions of names in the

text associated with the event onto canonical entities registered in the YAGO2

knowledge base [12]. The text of an event consists of the tags, descriptions and

titles of its associated photos. For this process, we use the AIDA entity detection

framework [13]. Given a natural language text, it maps mentions of ambiguous

names onto entities (e.g. persons or places) registered in the YAGO2 knowledge

base. The similarity between a detected mention and its associated entity is

given by a mention-entity similarity score between 0 and 1, denoted by sm. In

addition, it maps these entities to a semantic type from the YAGO2 taxonomy.

For example, the mention ‘La Tasca’ in sentence ‘Our team at La Tasca!’ is

mapped to YAGO2 entity La Tasca of type ‘restaurant’ with similarity score

sm of 0.6. The confidence pm that a detected mention m corresponds to the

recognized entity is based on the mention-entity similarity sm. This confidence

score is conservative and we noted that several mappings with sm = 0 were ac-

tually correct. For instance, the AIDA framework correctly maps the mention

‘SSV Markranstadt’ in sentence ‘Budissa Bautzen - SSV Markranstadt’ to foot-

ball club SVV Markranstädt, but the associated sm is set to zero. Therefore,

we use the following, smoothed confidence score:

pm = 0.9 · sm + 0.1 (2)

Note that by smoothing sm, we ensure that each detected ambiguous entity

name receives a non-zero confidence score.
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Based on this semantic information, a feature vector V re for each event e ∈ E

is constructed. Each component of this vector is associated with a semantic type

from S, the set of all semantic types of the entities associated with the events

in training set K. Formally, for feature vector V re of event e, the component

comprs associated with semantic type s ∈ S is given by the weighted number of

mentions in the text of e that are linked to an entity of semantic type s:

comprs =
∑

m∈Me,s

pm (3)

with Me,s the list of all mentions of names in the description of event e which

are linked to an entity of semantic type s. Finally, we use the Euclidean norm295

to normalize these feature vectors. We write V r(K) for {V re | e ∈ K,V re 6= 0}.

3.1.3. Event Participants

Social media contain valuable information about the behaviour of users,

which can be valuable for estimating their interests. For example, it has been

shown that the social media behaviour of users is useful for recommending places

of interest [6]. Taking inspiration from this, for an event e, we use the types of

the events in K\{e} that have been visited by the participants of e as evidence

about the type of e. For example, when a lot of the participants of an event

visited comedy shows in the past, it is more likely that this event is also a

comedy show. We make the assuption that the creators of Flickr photos from

an event are the participants of that event; we denote this set of users by Ue.

Formally, the component comput associated with event type t ∈ T of vector

V ue is given by the number of events with type t that have been visited by the

participants of e:

comput =
∑
u∈Ue

|{e′ | e′ ∈ Kt,u, e
′ 6= e}| (4)

with Kt,u ⊆ K the events of type t which have been visited by user u. Finally,

we use the Euclidean norm to normalize these feature vectors. We write V u(K)

for {V ue | e ∈ K,V ue 6= 0}.300
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3.1.4. Event Time and Date

The type of an event may be correlated with its time and date. For instance,

an event occuring on a Saturday night is more likely to be a music related event

than a family event. Time and date information extracted from social media

data has already been successfully used for point of interest recommendation

[32]. We consider a feature vector based on the creation time and date of the

Flickr photos in De. The vector V ie contains one component for each hour of the

day, day of the week, week of the month and month of the year. The component

compip is given by the number of photos d ∈ De that have been created during

time period p:

compip = |De,p| (5)

with De,p the photos in De which have been taken during time period p. Finally,

we use the Euclidean norm to normalize these feature vectors. We write V i(K)

for {V ie | e ∈ K,V ie 6= 0}.

3.1.5. Event Location305

If we know the type of some events which have taken place near the location

of the considered event e, then this might be used as further evidence about

the type of e. For example, when a lot of music events were organized nearby

e, it is more likely that e is also a music event (e.g. because the location of e

corresponds to a concert hall). Furthermore, the photos taken nearby the event310

may contain words which relate to the place type of the venue of the event, the

types of the events organized in the past at that place, etc. This information

can then be used to discover the semantic type of the event. We first describe

how the locations of the events were estimated using their associated Flickr

photos. Second, we give formal descriptions of event feature vectors based on315

their locations.

Estimating Event Locations. To estimate the locations of an event e ∈ E, we

use the geographic coordinates of the photos in De, where available; we denote

this set of coordinates by Oe. We consider three approaches to estimate the

14



(a) ‘meanshift’

(b) ‘meanshift all’

(c) ‘meanshift top’

(d) trajectory

Figure 1: Estimated event locations using different approaches. The dots indi-

cate the geographic coordinates of the photos associated with the event. The

markers and lines indicate the estimated locations, sorted by importance.
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location of a given event e from the set Oe. When Oe is empty, we consider the320

location of the event as unknown.

The first approach considers the geometric median of the coordinates in Oe

as the location of the event e, denoted by Le = {l}. In this approach, we assume

that an event has only one location. Therefore, the weight w(l) of the location

l ∈ Le is set to 1. For instance, the Madrid Flickr meet was held on July 10, 2008325

at the zoo of Madrid (Upcoming id 865742). Figure 1(a) shows the photos and

estimated location of this event. The dots indicate the geographic coordinates

of its associated photos in De. The marker indicate the estimated locations of

the event, sorted by their weight. This approach is called ‘median location’.

However, photos which are associated with an event may have been taken at

different locations. For instance, ‘the day of the donut’ (Upcoming id 472136)

which was held on April 16, 2008 took place at different locations, of which

20 are shown in Figure 1(b). On this day, people came together at different

restaurants, pubs, bakeries and shops to share and eat donuts. To estimate

different locations for the same event, we apply meanshift clustering [5] to the

coordinates in Oe. The mean shift mb(o) of coordinate o ∈ Oe is given by

the difference of coordinate o and the weighted mean of the coordinates in Oe

nearby o :

mb(o) =

∑
dist(o,o′)≤2·b

Gb(o, o
′) · o′

∑
dist(o,o′)≤2·b

Gb(o, o
′)
− o (6)

with b the bandwidth parameter which is set to 2.5, dist(o, o′) the geodesic

distance in kilometers between coordinate o and o′, and Gb(o, o
′) the kernel

function which determines the weight associated with coordinate o′ depending

on its distance to o. We use a Gaussian kernel for a smooth density estimation:

Gb(o, o
′) = e−

dist(o,o′)2

2·b2 (7)

The mean shift procedure then computes a sequence starting from all initial
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coordinates o1 ∈ Oe where

oi+1 = oi +mb(oi) (8)

which converges to a location that corresponds to a local maximum of the un-330

derlying distribution as mb(oi) approaches zero. In this second approach, the

coordinates of the center of all the clusters are considered as the locations of

event e. We denote the set of these locations by Le = {l1, l2 . . . lk}. The weight

w(li) of location li ∈ Le is taken as the percentage of coordinates from Oe that

are clustered to location li. This approach is called ‘meanshift all’.335

In the third approach, called ‘meanshift top’, we assume that an event only

takes place at one location and that photos which were taken far from this loca-

tion are noise. For example, the Yahoo! BBC Hackday 2007 event (Upcoming

id 173371) was held at London (see Figure 1(c)). 33 out of the 35 associated

photos are indeed taken at the venue of the event (number 1). However, some340

participants took photos of event items at their home location. Thus, for this

event, the estimated location with most associated photos is the real venue of

the event. Therefore, in this approach, the coordinates of the center of the

cluster containing most coordinates from Oe is considered as the location of the

event e. This location is denoted by Le = {l1} and the weight w(l1) of l1 ∈ Le345

is set to 1.

Finally, note that we assume in this paper that events are held at one or

more points of interest. However, some events in the Upcoming and Last.fm

database are not held at a fixed point of interest. Figure 1(d), for instance, shows

the locations where the photos of the UK Flickr Meet were taken (Upcoming350

id 1827864). A group of photography enthusiasts took a walk in the Tyne and

Wear county of England, and took photos at different locations during that walk.

In this case, the location of the event takes the form of a trajectory, rather than

a point or a fixed set of (disjoint) points. An approach which estimates the

location of an event as a trajectory may be considered in future work.355

Nearest Events. The nearest events feature vector is based on the types of the

events which have taken place nearby the location of the considered event e.
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Formally, for feature vector V ne of event e, the component compnt associated

with event type t ∈ T is given by the Gaussian-weighted number of nearby

events of type t:

compnt =
∑
l∈Le

∑
l′∈Lt\Le

dist(l,l′)≤2·σ

w(l) · w(l′) · e−
dist(l,l′)2

2·σ2 (9)

with σ > 0 determining the geographic scale, dist(l, l′) the geodesic distance

in kilometers between location l and l′, and Lt the locations from L which are

associated to an event of type t. Set Le contains the locations of event e and are

obtained using the ‘median location’, ‘meanshift top’ or ‘meanshift all’ approach

described above. Instead of using a Gaussian weighting, we also consider the

following alternative, in which the k nearest events are considered for a fixed k,

each being weighted based on their distance to the event:

compnt =
∑
l∈Le

∑
l′∈Nk,l,t

w(l) · w(l′) · 1

1 + dist(l, l′)
(10)

with dist(l, l′) the geodesic distance in kilometers between location l and l′.

The set of all detected locations associated with events in the training set K

is denoted by L. The set Nk,l containing the k locations from L \ Le which

are closest to l, and Nk,l,t contains the locations from Nk,l which are associated

to an event of type t. Finally, we use the Euclidean norm to normalize these360

feature vectors. We write V n(K) for {V ne | e ∈ K,V ne 6= 0}.

Nearest Documents. This type of feature vector is inspired by the approach

described in [30], which uses the tags of Flickr photos taken nearby a place to

discover its semantic type. Our assumption is that the textual content of all

Flickr photos taken in the vicinity of an event may provide evidence about its365

type. In contrast to the photos in De, there is no guarantee that these nearby

photos are associated with the event itself. For instance, the photos may even

have been created years before the event took place. However, these nearby

photos may contain words which relate to the place type of the venue of the

event, the types of the events organized in the past at that place, etc. This370

information can then be used to discover the semantic type of the event.
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We consider F as a large set of Flickr photos. Using the textual content of

the photos in F which have been created nearby the location of the events, we

describe an event e as a feature vector V fe . Similar as for the ‘nearest events’

approach, we consider the ‘median location’, ‘meanshift top’ and ‘meanshift

all’ approaches to estimate the location of the event. Each component of this

vector is associated with a term from the dictionary W f , containing all tags of

the photos which have been taken nearby events in the training set. In the first

representation, component compfw associated with term w ∈W f is given by the

Gaussian-weighted number of times a nearby photo contains w:

compfw =
∑
l∈Le

∑
d∈F

dist(l,d)≤2·σ′

w(l) · |dw| · e−
dist(l,d)2

2·σ′2 (11)

with dist(l, d) the geodesic distance in kilometers between location l and the

coordinates of the photo d ∈ F , and |dw| the number of times photo d ∈ F

contains term w. For the second representation, the component compfw is given

by:

compfw =
∑
l∈Le

∑
d∈N ′

k′,l

w(l) · |dw| ·
1

1 + dist(l, d)
(12)

with set N ′k′,l containing the k′ photos from F which are closest to l. Finally,

we use the Euclidean norm to normalize these feature vectors. We write V f (K)

for {V fe | e ∈ K,V fe 6= 0}.

3.2. Classification Framework375

For each type of feature vector described above, we learn a separate classifier.

Each type of feature vector is used to classify the events in U . The output of

these classifiers is then combined to estimate the semantic types of the events in

U . To achieve this, we use a method which is based on the stacking framework

introduced by Wolpert [35] and Ting and Witten [29], which we describe in380

detail in the following paragraphs. How an event with an unknown type is

classified using this method is visualized in Figure 2.

Our classification framework consists of two phases. In the first phase, a

set of learning algorithms Lb, Lr, Lu, Li, Ln, Lf is selected, one for each
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Figure 2: Schematic overview of our approach for classifying an event e. For each

base feature vector type, the confidence that event e belongs to each considered

type t ∈ T is determined, denoted by conf x(t|e) for each x ∈ {b, r, u, i, n, f}.The

meta feature vector V me is then constructed by combining these confidence val-

ues. Finally, this meta feature vector is used to estimate the confidence conf (t|e)

that event e belongs to type t ∈ T . The predicated type pred(e) of event e is

set to the type t with largest confidence value conf (t|e).
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described feature vector. A learning algorithm is a function which maps a385

set of training items (i.e. feature vectors) to a classifier. The optimal learning

algorithm for each vector is selected using 5-fold cross-validation on the training

set K (see Section 4.1.2). For each type of feature vector x ∈ {b, r, u, i, n, f}, a

base classifier Cx is trained on V x(K) using learning algorithm Lx, i.e. Cx =

Lx(V x(K)). Using this classifier, we can classify each event e from set U using390

its associated feature vector V xe . We denote the resulting classification for event

e by predx(e), and the confidence that e belongs to type t ∈ T is denoted by

conf x(t|e). Note that it may be the case that vector V xe = 0, e.g. the nearest-

documents vector V fe contains only zero values if the location of the event is

unknown. For these zero vectors, the confidence conf x(t|e) is set to the same395

value for each considered type t ∈ T . In addition, predx(e) is set to the type

with most associated events in the training set.

In the second phase, a meta-classifier is learned that combines the outputs of

the base classifiers. To generate a training set for learning the meta-classifier, a

k-fold cross-validation procedure on the training set K was used, with k set to 5.400

We train each of the base classifiers using 80% of the training set K. We then

use the learned classifiers to classify the remaining 20% of the training data.

Repeating this process five times results in predictions predx(e) and conf x(t|e)

for each event e in K, each type of vector x and each event type t ∈ T . We

also tested other values for k, yielding similar results, but for clarity we limit405

discussion to the case of k = 5. Similar as proposed in [29], the meta feature

vector V me is then constructed by combining the conf x(t|e) values for each x ∈

{b, r, u, i, n, f} and t ∈ T . We can also use the predx(e) values as described in

[35] or both the predx(e) and conf x(t|e) values, or just the combination of all

the base features {V xe |x ∈ {b, r, u, i, n, f}}. Initial experiments have shown that410

these alternatives yield worse results, which is why we do not consider them

in the remainder of the paper. Finally, a classifier Cm is trained on vector set

V m(K) using a learning algorithm Lm, i.e. Cm = Lm(V m(K)). For each event

e ∈ U , this classifier is then used to estimate its type pred(e) and the confidence

that it belongs to semantic type t ∈ T , denoted by conf(t|e).415
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4. Experimental Results and Discussion

In this section, we first use a dataset collected from Upcoming to examine

the performance of each considered feature. In the Upcoming dataset, high

level event types are considered such as ‘sport’, ‘music’ and ‘conferences’. Sub-

sequently, a dataset from Last.fm is used to examine how the proposed method-420

ology performs for more fine-grained event types (i.e. subtypes of music events).

Finally, we evaluate our method’s ability to discover events of a given semantic

type that are not mentioned in the Upcoming database.

4.1. Assigning General Types to Known Events

The first part of this section explains how the ground truth data is collected425

using the Upcoming event database. Second, we describe how we determine

the optimal learning algorithms and event representations using 5-fold cross-

validation on training set K. Finally, we examine to what extent the proposed

characteristics of events are helpful for discovering their type.

4.1.1. Data Acquisition430

Similar to [1], in this section we use ground truth data from the Upcoming

event database. This database contains information about a large set of events.

For each event, it stores an ID, an event type and references to a set of Flickr

photos associated with the event. In addition, these Flickr photos contain the

ID of their associated Upcoming event as one of their tags. Using the Flickr435

API, we first collected all photos which are tagged with an event ID from the

Upcoming database. In this way we obtained 373 494 Flickr photos which were

taken between January 1, 2000 and April 30, 2013 and which are associated

with 22 290 events. Note that one photo may be associated with more than one

event, e.g. a photo may be associated with an event such as a conference and440

one of its subevents such as the social dinner. Second, we retrieved the semantic

types of the collected events from the Upcoming database. The 2 670 events

(12%) with an unknown semantic type were removed. Finally, events with the

same set of associated documents were considered as duplicates and only one of
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Table 1: Upcoming dataset: number of events per type.

event type #events event type #events

Music 6401 Family 600

Social 4571 Comedy 544

Performing Arts 2412 Commercial 543

Education 1726 Media 540

Festivals 1149 Conferences 209

Community 886 Technology 171

Sports 767 Politics 128

these events was retained in our dataset. As a result of this process, we obtained445

16 469 events with a known type and 347 320 Flickr photos which are associated

with at least one of these events. We collected the tags, title, description,

user, creation date and geographic location of the photos, where available. In

particular, for 40% of the photos in our dataset, geographic coordinates were

available, and that 35% of these events have at least one associated photo which450

contains geo-coordinates. The considered types and the number of examples of

each type in our dataset can be found in Table 1. Note that the sum of the

number of events per type (20 647) is larger than the total number of obtained

events (16 469) because one event may have more than one type. Finally, the

dataset of events has been split in two parts: 5/6th of the dataset was used as455

training data (called the training set, K) and 1/6th was used for testing (called

the test set, X). This test set is used to examine to what extent the proposed

methodology is able to discover the semantic type of known events. For a fair

evaluation, we ensured that no Flickr photos were associated with both an event

in the training set and an event in the test set.460

We crawled an additional set of Flickr photos, called set F, using the Flickr

crawling tool3 developed by Van Laere et al. [33]. As stated in [33], about 70%

3https://github.com/ovlaere/flickr-crawler
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Table 2: Optimal learning algorithms for each type of feature vector.

feature vector learning algorithm

Bag-of-Words L2-regularized L2-loss SVM (dual) [15]

Entities L2-regularized L2-loss SVC (dual) [15]

Participants L1-regularized logistic regression [15]

Time and Date L2-regularized logistic regression (primal) [15]

Nearest Events (9) L2-regularized logistic regression (primal) [15]

Nearest Events (10) L2-regularized logistic regression (primal) [15]

Nearest Documents (11) L2-regularized L1-loss SVC (dual) [15]

Nearest Documents (12) L2-regularized L1-loss SVC (dual) [15]

Meta-Classifier L2-regularized logistic regression (primal) [15]

of the georeferenced photos from the photo-sharing site Flickr can be collected

using their tool. In particular, we crawled the tags, description, title, user,

creation date and geographic coordinates of the photos that were taken between465

May 2011 and April 2014 which contain a geotag with street level precision

(geotag accuracy of at least 15). The dataset thus obtained contains 60 235

552 geotagged photos. This dataset is used to calcute the ‘Nearest Documents’

features of the events.

4.1.2. Optimal Learning Algorithms470

We used 5-fold cross-validation on the training set to find the learning al-

gorithms that optimize the classification accuracy. In particular, the training

dataset K was randomly partitioned in five equally sized subsets. The following

process was repeated 5 times. Each time, one of the five subsets was used for

validation (set Kv) and the remaining four sets were used to construct training475

set Kt. We trained a classifier using set Kt, which was then used to classify

the events of Kv and to calculate its classification accuracy. The settings which

optimized the average accuracy of the five folds were found by repeating this

cross-validation approach for several learning algorithms. As candidate learn-

ing algorithms, we considered all methods implemented in WEKA [11] as well480
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Table 3: Number of events per number of locations found by the meanshift

clustering approach.

#locations #events

0 10776

1 5441

2 190

3 30

4 9

5 6

6 7

#locations #events

7 3

9 2

10 1

11 1

14 1

17 1

23 1

as the Support Vector Machine (SVM) implementations of LibLinear [15]. We

used the standard configurations of the learning algorithms, both for WEKA

and LibLinear. The learning algorithms which were obtained from the training

set can be found in Table 2.

4.1.3. Optimal Event Location Representation485

We also used the 5-fold cross-validation process to determine the optimal

nearest-events and nearest-documents representations, as described in Section

3.1.5. This cross-validation process is performed on the events in training set

K which contain at least one associated photo with geographic coordinates. As

mentioned, we consider three approaches to estimate the location of an event,490

called ‘median location’, ‘meanshift top’ and ‘meanshift all’. Table 3 shows

a histogram of how many locations were found for the events in the collected

Upcoming dataset. Additionally, two types of feature vector representations

have been considered, one based on a Gaussian distribution (9) (11) and an-

other based on the k nearest neighbours of the event (10) (12). The average495

accuracies for different parameter values of the six considered nearest-events

representations can be found in Figure 3(a,b), and for the nearest-documents

representations in Figure 3(c,d). The optimal parameter values and their asso-

ciated average accuracy values can be found in Table 4.
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(c) Nearest Documents (11)

0 10 20 30 40 50 60 70 80 90 100
k'

43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63

a
v
e
ra
g
e
 a
cc
u
ra
cy

median

meanshift top

meanshift all

(d) Nearest Documents (12)

Figure 3: The average accuracy for different nearest-events and nearest-

documents representations.

500

We first discuss the performance of the different nearest-events representa-

tions. Figure 3(a) shows the average accuracies for different σ values when the

Gaussian-weighted features are used (9). We can observe that the average accu-

racy increases when σ increases from 0.010 to 0.200, and stagnates when a larger

σ value is used. As (9) only considers nearby events located at a maximum of505

2 · σ kilometers of the given event e, this means that events up to 400 meters of

e tend to be relevant for determining its semantic type. The average accuracies

when using different k values for the k nearest neighbours of an event used in

(10) are shown in Figure 3(b). The average accuracy increases between k = 1
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Table 4: Optimal parameters (par) and related average classification accuracy in

percentage (ACA) for different nearest-events and nearest-documents representa-

tions using cross-validation on the training set.

median location meanshift top meanshift all

par ACA par ACA par ACA

Nearest Events (9, σ) 0.440 51.15 0.460 51.62 0.440 52.01

Nearest Events (10, k) 5 56.15 6 56.55 6 56.55

Nearest Documents (11, σ′) 0.038 59.74 0.037 60.31 .047 60.67

Nearest Documents (12, k′) 27 61.85 16 62.27 16 62.53

and k = 6, then decreases until k = 12 and then stagnates. To further com-510

pare the performance of each considered nearest-events representation, we look

at their average classification accuracy when their optimal parameters are used

(Table 4). For each location estimation approach, the representation from (10)

significantly outperforms the representation from (9) (sign test, p < 0.001). The

average accuracy for ‘meanshift top’ and ‘meanshift all’ is significantly higher515

than for ‘median location’ (sign test, p < 0.001) when (9) is used, but the differ-

ence in accuracy is not significant in the case of (10). Note that one reason why

the use of a clustering method instead of the median location shows only limited

improvement is because for only 1.5% of the events in the training data more

than one cluster is found by the meanshift method (see Table 3). As 65% of520

the collected Upcoming events have no associated photos with geo-coordinates,

we also experimented with automated methods for estimating the coordinates

of Flickr photos in De for each considered event e based on their tags [33].

However, initial experiments did not yield better results. We find no significant

difference when ‘meanshift top’ or ‘meanshift all’ are used for both (9) and (10)525

(sign test, p > 0.05). As the ‘meanshift all’ location estimation in combination

with (10) gives the best average accuracy, we will use this representation in the

rest of the paper.

The average accuracies for the considered nearest documents representations

are shown in Figure 3(c,d). Similar to the nearest-events vectors, the average530
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classification accuracy first increases when the parameter σ′ increases, after

which it stagnates. However, the sigma value for which the average accuracy

starts to stagnates for the nearest-documents representations (σ′ = 0.025) is

much smaller than for the nearest-events representations (σ = 0.200). One of

the reasons is that the set of potential nearest documents (set F , |F | = 56.7535

million) is much larger than the set of potential nearest events (set K, |K| =13

725), which means that even with a small σ′ value enough information can

usually be obtained. Figure 3(d) shows the average accuracies when (12) is

used. The average accuracy increases substantially between k′ = 1 and k′ = 5,

and is optimal for k′ = 16. The average classification accuracy for each con-540

sidered nearest-documents representation is shown in the last two columns of

Table 4. In each case, we assume that the optimal parameters are used. Similar

to the nearest-event representations, the representation from (12) significantly

outperforms the representation from (11) (sign test, p < 0.001). For both (12)

and (11), ‘meanshift all’ and ‘meanshift top’ performs significantly better than545

‘median location’. However, there is no significant difference between ‘median

location’ and ‘meanshift top’ (sign test, p > 0.05). As the ‘meanshift all’ lo-

cation estimation in combination with (12) gives the best average classification

accuracy, we will use this representation in the rest of the paper.

4.1.4. Experimental Results550

The task we consider in this section is to estimate the semantic type of

the known events in test set X. Tables 5 and 6 summarize the result of our

evaluation on test set X. The precision-recall curves for each semantic type are

shown in Figure 4. The differences in accuracy are sometimes limited partly

because the test set is imbalanced. Even a naive classifier returning the most555

occuring category (‘Music’) achieves 38% of accuracy, for instance. Therefore,

the average precisions of the events from X which are ranked based on the

confidence conf(t|e) that they belong to type t are also considered.

When using all the proposed characteristics, we observe that the average

precision is always higher than when the baseline is used and that the mean560
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Table 5: Average precision per event type and feature vector type.

event type
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Music 86.00 62.74 73.22 48.39 49.57 62.40 89.46

Social 68.08 41.18 58.28 33.46 38.02 41.52 77.72

Performing Arts 42.55 20.10 48.70 18.56 23.07 24.87 61.83

Education 40.83 15.93 46.12 17.88 17.79 15.10 58.19

Festivals 23.17 8.35 21.52 9.99 12.21 6.96 42.43

Community 17.91 11.09 37.67 14.36 11.94 10.98 41.16

Sports 55.32 15.98 33.57 14.86 14.34 17.60 76.58

Family 10.59 11.01 33.27 4.78 13.21 9.18 36.75

Comedy 23.10 6.63 65.23 6.02 7.49 5.94 70.77

Commercial 14.26 3.33 25.34 3.74 13.41 4.31 42.87

Media 23.30 4.13 29.68 4.73 5.33 4.56 46.10

Conferences 4.34 3.18 41.61 3.42 3.03 3.00 52.43

Technology 9.23 2.50 36.52 3.25 6.35 1.82 38.79

Politics 2.45 1.05 5.80 1.79 5.43 1.12 10.67

average precision significantly increases from 30% to 53% and the accuracy

from 65% to 73% (sign test, p < 0.001). Furthermore, the average precision

substantially improves for relatively rare event types (e.g. ‘family’, ‘comedy’,

‘commercial’, ‘conferences’ and ‘technology’). For instance, the average preci-

sion for conferences increases from 4% to 52%. To better understand when the565

proposed approach is most useful, we partition the events in the test set based

on the number of associated photos and the number of words in their associated

text fields (Table 7).
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Table 6: Classification accuracy and mean average precision (MAP) per feature

vector type.

event characteristic accuracy (%) MAP (%)

Bag-of-Words (baseline) 65.20 30.08

Entities 47.16 14.80

Participants 64.43 39.75

Time and Date 41.84 13.23

Location: Nearest Events 46.68 15.80

Location: Nearest Documents 46.98 14.95

Bag-of-Words + Entities 65.78 40.52

Bag-of-Words + Participants 72.38 52.87

Bag-of-Words + Time and Date 66.80 43.84

Bag-of-Words + Nearest Events 66.95 43.70

Bag-of-Words + Nearest Documents 65.78 40.38

All Features 72.78 53.27

Table 7: Influence of the number of photos and the number of words on the

improvement in classification accuracy.

#photos #events
accuracy (%)

baseline all difference

1 1 113 58.58 72.15 13.57

2 - 5 564 73.58 78.19 4.61

6 - 20 531 68.17 70.81 2.64

> 20 536 67.16 69.59 2.43

#words #events
accuracy (%)

baseline all difference

0-1 282 35.46 64.54 29.08

2-5 316 56.96 74.68 17.72

6-10 204 67.65 75.00 7.35

11-35 510 69.41 74.12 4.71

36-100 470 71.70 73.83 2.13

> 100 962 70.69 72.45 1.76
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For all considered sets of events, except for the set of events with more than570

100 associated words, the accuracy of our approach is significantly higher than

that of the baseline (sign test, p < 0.001). As expected, these results confirm

the assumption that using additional features is mostly useful for events that

have few associated photos or only photos for which a limited amount of text

has been provided.575

In the remainder of this section, we will discuss the performance of each

event characteristic in more detail. Based on the classification accuracies in

Table 6, we can conclude that the bag-of-words representation leads to the best

classification accuracy if only one feature vector type is used. As described in

Section 3.1.1, the bag-of-words feature vectors are based on the tags, titles and580

descriptions of the Flickr photos. In accordance with the findings from [8], we

can conclude that the Flickr tags provide the best individual classification ac-

curacy (61.55%), in comparison to only using the titles (53.83%) or only using

the descriptions (52.44%). In contrast to the findings from [8], however, com-

bining all types of textual information outperforms using only the tags (sign585

test, p < 0.001). For instance, the photos associated with the national robotic

week event in our test set (Upcoming id 7965146) has no tags. However, an as-

sociated photo contains the description ‘@ National Robotics Week at Stanford

Law School’ which leads the classifier to correctly derive that this event is of

type ‘education’.590

We observe no significant improvement of the baseline when combining the

entities representation and the bag-of-words representation (sign test, p > 0.05).

This seems related to the fact that the entity features are extracted from the

text fields. In particular, the entities vector can only perform well when enough

textual information is available, in which case the bag-of-words representation595

is also likely to perform well. Additionally, we use the AIDA framework to de-

termine the types of the entities which are mentioned in the text of the events.

The accuracy of this framework is about 80% [13] which will lead to the intro-

duction of some noise in the feature representations. For example, AIDA maps

the word ‘SFAC’ in text ‘Image courtesy of the Artist and SFAC Galleries’ in-600
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correctly to YAGO2 entity ‘San Francisco Italian Athletic Club’ of type ‘athletic

club’. Therefore, the classifier considers the event with this associated text (Up-

coming id 10906905) as a sport event instead of an event of type ‘performing

arts’. Had the words ‘SFAC Galleries’ been correctly mapped to ‘San Francisco

Arts Commission Gallery’ the discovered event type would have been correct.605

The characteristic with the best individual MAP score is the ‘event partic-

ipants’, which by itself already yields a MAP score which is higher than the

baseline. It is particularly interesting to note that the features based on event

participants yield a higher average precision on event types for which little

training data is available, such as ‘family’, ‘comedy’, ‘conferences’, ‘technology’610

and ‘politics’. For instance, the photos associated to conferences hardly contain

informative words leading to poor performance of the baseline. On the other

hand, there is a strong correlation between the users who have taken a photo at

a conference and the semantic types of the other events they have visited. For

example, a lot of conference organizers take photos of all their events. Therefore,615

the average precision for conferences increases from 4% to 57% when adding the

user information to the textual data. Combining ‘event participants’ with the

bag-of-words representation improves the MAP score with 23 percentage points

and significantly increases the classification accuracy (sign test, p < 0.001).

However, it should be noted that the user overlap between the events in the620

training set K and test set X may be unusually large because both sets are ob-

tained from the Upcoming database. For instance, a user who created a photo of

an event in E = K ∪X has on average created photos associated with 2.5 other

events in E. One of the main reasons is that event organizers often add infor-

mation and photos of all their events to Upcoming as a form of publicity. This625

leads to a high percentage of events with non-empty ‘event participant’ feature

vectors. In particular, 86% of the events in X have at least one associated user

who also created a photo of an event in the training set K. The added value of

the user features is further examined in the last section of the evaluation where

the test set consists of events which are automatically extracted using Flickr630

data and which are not included in existing databases such as Upcoming.
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The features based on the event time provide the lowest MAP score and

classification accuracy. However, jointly considering the bag-of-words and the

time-and-date vectors does outperform the bag-of-words representation in a sta-

tistically significant way (sign test, p < 0.001). For example, for an event in635

our test set (Upcoming id 108479) with associated words such as ‘show’ and

‘fantastic’, it is not clear whether it belongs to semantic type ‘comedy’, ‘per-

forming arts’ (e.g. a theater show) or ‘music’. However, when we know that the

associated photos are taken between Friday 10 p.m. and Saturday 3 a.m., it is

more likely that this is a music event.640

The use of the known type of the nearest events improves the MAP score

of the baseline with more then 10 percentage points and significantly improves

the classification accuracy (sign test, p < 0.001). A similar observation can be

made when the text of the nearest photos is used. For instance, the baseline

approach was unable to discover that a skateboard race event in our test set645

(Upcoming id 318498) was of type ‘sport’ because its associated tags were not

sufficiently informative. However, the photos taken close to the event contain

words such as ‘ferrari’ and ‘race’ which may indicate that the event was held

on a race track. Together with the information that all known nearby events

are of type ‘sport’, the ensemble learner was able to discover the correct type.650

We also experimented with automated methods for estimating the coordinates

of Flickr photos in De for each considered event E based on their tags with

the aim of increasing the number of events whose location can be estimated

[33]. However, initial experiments did not yield better results. We did not find

a significant difference between the classification accuracy when the nearest-655

events or the nearest-documents vectors are used (sign test, p > 0.05). However,

the classification accuracy is significantly better when the bag-of-words and both

location features are used (67.27%) compared to only using the bag-of-words and

nearest-events vectors or only using the bag-of-words and nearest-documents

vectors (sign test, p < 0.001).660
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Figure 4: The precision-recall curves for the baseline (bag-of-words) and our

approach (all features).
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4.2. Assigning Fine-Grained Types to Known Events

The dataset from Upcoming used in the previous section contains events

of general types such as ‘festivals’, ‘politics’ and ‘social’. In this section, we

want to examine if the proposed methodology also works for more fine-grained

types such as ‘rock music’, ‘folk music’ and ‘pop music’. Therefore, a dataset665

was collected using the Last.fm database containing events with an associated

semantic type which is a subtype of ‘music event’.

4.2.1. Data Acquisition

The Last.fm database contains information about a large set of music events.

For each event, it stores an ID, the artists performing at the event, and references670

to a set of Flickr photos associated with the event. Similar to the Upcoming

database, these Flickr photos contain the ID of their associated Last.fm event as

one of their tags. First, we collected all photos which are tagged with an event

ID from the Last.fm database using the Flickr API. In particular, we obtained

2 271 172 Flickr photos which were taken between January 1, 2000 and August675

31, 2014 and which are associated with 88 057 events.

In contrast to the Upcoming database, we can not extract the semantic types

of the Last.fm events directly from their API. However, Last.fm artists have

associated tags which are generated by the users. These tags often indicate

the music genre to which the artists belong, such as ‘rock’, ‘alternative’ and680

‘electronic’. Therefore, we use the tags of the artists performing at an event

as indication of the semantic type of that event. In particular, we used the

Last.fm API to determine the most popular artist tags and manually discarded

those tags that did not correspond to music genres. This process resulted in a

total of 30 music genres, called set T . To determine the semantic types of the685

collected events based on the tags of their artists, we first extracted the artists

performing at the events using the Last.fm API. For 87 265 events at least

one artist was collected, resulting in a set of 106 779 unique artists. Second,

the tags of these artists were collected using the Last.fm API, and the tags

which are not element of T were discarded. The tags are weighted by Last.fm690
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(between 0 and 100) based on number of users which associated the tag to the

artist. Third, we associated with each event a set of weighted tags, defined as

the average tag weight of the artists associated with that event. An event is

associated with a semantic type if the corresponding tag has a weight of at least

50. This resulted in a set of 62 095 events with an associated type. In addition,695

1 434 569 Flickr photos associated with these events were obtained. Note that

one photo can be associated with more than one event, e.g. a photo may be

associated with an event such as a music festival and one of its subevents such

as one of the performances at the festival, both of which may have a different

ID in Upcoming. For 33% of these photos geographic coordinates are available,700

this means that 37% of the Last.fm events have at least one associated photo

with geo-coordinates. The considered types and the number of events per type

are shown in Table 8. Similar as for the Upcoming dataset, the Last.fm dataset

was split in two parts: 5/6th of the dataset was used as training data (called

training set K ′) and 1/6th was used for testing (called the test set, Y ).705

4.2.2. Experimental Results

The results of our evaluation on the Last.fm dataset is summarized in Tables

9 (a), 9 (b) and 10. The entities features were not used in this ‘all characteristics’

approach because we observed in Section 4.1 that they do not significantly

improve the classification accuracy. Similar as for the Upcoming dataset, we710

observe that the proposed model substantially outperforms the bag-of-words

representation in terms of average precision. Furthermore, the mean average

precision increases from 27% to 52% and the classification accuracy increases

in a statistically significant way (sign test, p < 0.001). Again we see the most

dramatic increase for event types with the least amount of training data. For715

instance, the average precision for techno events increases from 9% to 47% by

adding the proposed features to the bag-of-words representation.

Similar as for the Upcoming dataset, we can conclude that the bag-of-words

features lead to the best individual classification accuracy. Generally, the more

instances of an event type the training set K ′ contains, the better the associated720
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Table 8: Last.fm dataset: number of events per type.

event type #events

Rock 27416

Electronic 12652

Folk 10075

Pop 7810

Punk 4766

Metal 4746

Acoustic 3677

Hardcore 2926

Ambient 2232

Jazz 1877

Hip Hop 1858

Dance 1805

Emo 1530

Blues 1352

80s 1302

event type #events

Soul 1088

Rap 1059

Country 718

Techno 688

Reggae 646

House 581

World 500

90s 489

Latin 465

Classical 357

RnB 356

Disco 228

70s 217

00s 214

60s 148
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Table 9 (a): Average precision per event type and feature vector type.

event type
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Rock 84.79 53.10 47.23 46.53 45.98 86.24

Electronic 72.74 43.64 27.23 25.77 23.09 80.42

Folk 67.72 36.68 18.80 20.12 18.54 78.65

Pop 47.45 32.69 14.57 16.64 13.34 65.31

Punk 46.32 29.89 9.21 13.34 12.17 67.48

Metal 73.04 46.02 9.12 13.80 10.36 84.67

Acoustic 31.39 16.52 7.09 7.83 6.01 60.12

Hardcore 52.89 38.16 5.74 15.19 6.94 73.60

Ambient 36.92 16.65 4.31 5.82 4.46 60.02

Hip Hop 24.09 14.35 3.40 4.10 3.32 60.63

Dance 14.99 13.66 3.92 3.76 2.76 50.55

Jazz 37.47 18.02 4.33 6.16 5.55 63.31

Emo 15.02 15.88 3.29 3.85 2.84 50.97

Blues 12.32 13.12 3.04 4.99 3.16 47.00

80s 15.14 8.54 2.82 2.39 1.95 53.29
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Table 9 (b): Average precision per event type and feature vector type.

event type
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Soul 12.94 8.15 2.02 2.81 1.80 48.78

Rap 15.35 12.93 1.92 2.66 1.91 54.15

Country 14.97 9.85 1.62 5.13 2.33 51.86

Reggae 29.68 5.33 1.06 1.45 1.34 50.81

Techno 8.91 25.49 6.12 6.19 1.21 47.40

90s 5.88 6.53 0.89 0.64 0.64 32.43

House 5.01 10.59 5.09 0.97 0.98 22.93

World 12.93 3.38 0.89 0.96 0.87 46.26

Latin 12.33 6.87 0.61 4.46 2.12 37.71

RnB 5.06 5.19 0.83 0.67 0.66 31.11

Classical 19.85 17.81 0.88 2.70 4.10 54.85

Disco 8.67 9.18 0.67 3.05 3.05 20.35

70s 1.77 4.46 0.59 0.48 0.47 32.03

00s 7.92 3.31 0.82 0.57 0.57 15.76

60s 5.36 0.35 0.44 0.61 0.62 24.07
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Table 10: Classification accuracy and mean average precision (MAP) per feature

vector type.

event characteristic accuracy (%) MAP (%)

Bag-of-Words (baseline) 77.35 26.63

Participants 53.40 17.54

Time and Date 44.25 6.28

Location: Nearest Events 45.20 7.45

Location: Nearest Documents 43.04 6.11

Bag-of-Words + Participants 77.67 51.43

Bag-of-Words + Time and Date 77.26 44.40

Bag-of-Words + Nearest Events 77.21 43.76

Bag-of-Words + Nearest Documents 77.36 40.14

All Characteristics 77.69 51.76

average precision gets. However, there are a number of exceptions as can be seen

in Tables 9 (a) and 9 (b). For instance, the average precision of ‘classical’ (20%)

with 297 associated events in the training set is higher than the average precision

of ‘dance’ (15%) with 1500 associated events in the training set. One of the

underlying reasons is that a lot of classical music events have associated photos725

containing tags which indicate the type of the event such as ‘johnwilliams’,

‘operafestival’ and ‘classical’, whereas such informative tags tend to be rarer for

dance events.

Based on the performance values shown in Table 10, we note that the use

of the participants features leads to the second best individual classification730

performance. Combining the participants features with the bag-of-words repre-

sentations improves the MAP score with 25 percentage points and significantly

increase the classification accuracy (sign test, p < 0.001). This is similar to the

observations when the general types of the Upcoming dataset are used.

735

In contrast to the Upcoming dataset results, we get no statistically significant

improvement in classification accuracy when the ‘time and date’, ‘nearest events’
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or ‘nearest documents’ features are added to the bag-of-words features (sign test,

p > 0.05). The main reason for this is that these features are very similar for the

considered subtypes of the ‘music’ type. For instance, a lot of different types of740

music events take place at very similar locations (e.g. a club) and time (e.g. in

the evening). However, these features may still be useful for fine-grained event

types as they slightly improve the mean average precision.

4.3. Assigning Types to Detected Events

So far we have focused on estimating the type of a given set of events. In745

practice, on the other hand, we will often be more interested in using social

media to discover new events of a given type. To assess the usefulness of our

method in such a context, in this section, we will analyze how it performs on

the output of a standard method for event detection from social media.

4.3.1. Data Acquisition750

We used the approach from [1] to obtain a set Z of photo clusters from

Flickr, each assumed to represent an event. In particular, we clustered the

Flickr photos in F based on their similarity in text, geographical location and

creation time. We used a logistic regression model [11] with these similarity

scores as features to predict whether a pair of Flickr photos should belong to755

the same cluster. To train the model, the Flickr photos associated to events

in Upcoming training set K were used. When the probability that a photo

d ∈ F belongs to an existing cluster is smaller than threshold τ , a new cluster is

generated for this photo. For our experiments, we have used a threshold of 0.5.

Finally, the clusters containing photos associated with an Upcoming event were760

removed, as we want to specifically examine if the proposed methodology can be

used to detect new events of a given type from social media. More details about

this event detection method can be found in [1]. As a result of this process, 13

680 365 photo clusters (set Z) with an average of 4.4 associated photos were

retrieved. These obtained photo clusters are considered as ‘candidate events’.765
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4.3.2. Experimental Results

For a particular event type t, we rank the candidate events from Z based

on the confidence conf(t|e) that they are of type t. The highest ranked events

can then be used to automatically extend or construct a structured database of

events, possibly after a manual verification of their correctness. For evaluation770

purposes, we manually evaluated the top 100 discovered events for each type

t ∈ T and calculated its precision at position 10, 50 and 100. The results can

be found in Table 11.

The performance of the baseline (bag-of-words) is highly dependent on the

considered event type. For some types, the events in the training set have a775

lot of associated text which is indicative of the type, resulting in high P@n

values. The baseline classifier has learned, for example, that words such as

‘convention’ and ‘comiccon’ may indicate the occurence of a commercial event

(i.e. a fan convention), whereas music events are associated with words such as

‘concert’ and ‘gig’. However, the training set hardly contains informative words780

for community events, technology events and conferences. One of the reasons

of the poor performance of the detected community events is that only 36% of

these events in the training set have associated photos with tags, in comparison

to an average of 74% for all events in K.

In Section 4.1.4, we found that the participants features lead to the best785

individual average precision for Upcoming events. Again we find that incorpo-

rating the participants features substantially improves the results. One of the

reasons for this improvement is that 1.5% of the events in Z are associated with

a photo from a user who also has photos in the training set K. For the ‘technol-

ogy’ type, for instance, the classifier prefers events which have associated photos790

created by users who also took photos at technology events in K. This leads to

a better quality of the top ranked events. One of these Flickr users is a PhD

student who is also involved in the OpenStreetMap project and who therefore

often visits technological events.

42



T
ab

le
11

:
P

re
ci

si
o
n

a
t

n
(P

@
n

)
p

er
ev

en
t

ty
p

e
fo

r
th

e
a
u

to
m

a
ti

ca
ll

y
ex

tr
a
ct

ed
ev

en
ts

.

e
v
e
n
t

ty
p

e
b
a
g
-o

f-
w

o
rd

s
b
a
g
-o

f-
w

o
rd

s
+

p
a
rt

ic
ip

a
n
ts

a
ll

ch
a
ra

c
te

ri
st

ic
s

P
@

1
0

P
@

5
0

P
@

1
0
0

P
@

1
0

P
@

5
0

P
@

1
0
0

P
@

1
0

P
@

5
0

P
@

1
0
0

M
u
si

c
1
0
0

9
8

9
8

1
0
0

9
8

9
9

1
0
0

1
0
0

1
0
0

S
o
ci

a
l

9
0

6
8

5
6

9
0

7
2

6
4

9
0

7
8

6
4

P
er

fo
rm

in
g

A
rt

s
1
0
0

1
0
0

7
6

1
0
0

1
0
0

1
0
0

1
0
0

1
0
0

1
0
0

E
d
u
ca

ti
o
n

9
0

8
2

7
3

9
0

9
4

9
5

9
0

9
4

9
4

F
es

ti
va

ls
1
0
0

1
0
0

1
0
0

1
0
0

1
0
0

1
0
0

1
0
0

1
0
0

1
0
0

C
o
m

m
u
n
it

y
0

0
4

3
0

2
0

2
3

5
0

2
6

2
5

S
p

o
rt

s
9
0

8
0

8
4

1
0
0

1
0
0

1
0
0

1
0
0

1
0
0

1
0
0

F
a
m

il
y

8
0

6
4

4
1

1
0
0

9
0

8
5

1
0
0

9
0

8
3

C
o
m

ed
y

1
0
0

5
0

2
5

2
0

8
2
1

2
0

8
1
7

C
o
m

m
er

ci
a
l

9
0

9
4

8
9

1
0
0

1
0
0

1
0
0

1
0
0

1
0
0

9
4

M
ed

ia
9
0

3
6

2
0

1
0
0

1
0
0

9
8

1
0
0

9
6

9
5

C
o
n
fe

re
n
ce

s
0

0
7

3
0

8
6

3
0

8
7

T
ec

h
n
o
lo

g
y

0
4

5
9
0

3
0

1
5

9
0

3
0

2
3

P
o
li
ti

cs
5
0

6
2

5
3

1
0
0

6
4

8
0

1
0
0

9
0

8
5

av
er

a
g
e

7
0
.0

0
5
9
.8

6
5
2
.2

1
8
2
.1

4
7
0
.2

9
7
0
.4

3
8
3
.5

7
7
2
.8

6
7
0
.5

0

43



However, we found that some users who only post photos of comedy events795

in K also post photos of other types of events in Z. As a result of this, taking

user interests into account actually leads to a worse performance for this event

type. These events and related photos are mostly uploaded to the Upcoming

database by organisers of comedy shows as a form of advertising, but these users

also take photos at other events which are not in the Upcoming database. In800

particular, when both the participants and bag-of-words features are used, most

top-ranked events of type comedy are from a signle Flickr user. Accordingly,

all photos taken by this user in K are from comedy events. However, this user

also took many photos at events of other semantic types, leading to a decrease

of the considered P@n values in comparison to the classifier which only uses805

bag-of-words features. When we remove the events visited by this user from set

Z, however, we obtain a P@10 of 90%, a P@50 of 80%, and a P@100 of 83%.

The performance of the classifier when all the considered feature vectors are

used can be found in the last three columns of Table 11. Similar as for the

Last.fm dataset, the entities features were not used in the ‘all characteristics’810

approach because their computation time is relatively high in comparison to the

increase of the classification accuracy. Similar as for test set X, we observe that

the best performance is obtained when all the considered features are combined.

However, the improvement compared to the case when only the bag-of-words

and participants features are used is limited.815

5. Discussion

In future work, we would like to investigate how our proposed methodology

can be applied to other social media platforms such as Twitter. The advantage

of using Twitter posts instead of Flickr photos is that Twitter generates a lot

more data. In particular, about 500 million tweets are sent per day4 and an820

estimated 1.5% of these tweets are geotagged [20]. This gives a rough estimation

4https://about.twitter.com/company
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of 7.5 million geotagged tweets per day. In contrast, around 1 million photos per

day are uploaded to Flickr5 of which about 3.3% contain geo-data6, i.e. there

are about 0.33 million new geotagged Flickr photos per day. However, using

Twitter instead of Flickr to discover and categorize events would lead to some825

challenges. First, the content of Twitter posts are often far less informative

than the text associated with Flickr photos [20]. Naaman et al. [21] analyzed

the content of tweets, and determined that roughly 65% of tweets are personal

status updates, presence maintenances or statements, such as ‘Im happy’, ‘good

morning twitter’ and ‘the sky is blue’, respectively. As these types of tweets use830

the same vocabulary across a wide geography and time, they will not be useful

to discover and categorize events. Other types of tweets, such as information

sharing and opinions may not contain information about the event the user is

attending. Moreover, in contrast to the text associated with Flickr photos, the

content of tweets may be not relevant to the location of the user and the time835

the tweet was posted. For instance, a tweet may contain information about an

event the user attended the previous day. However, Van Canneyt et al. [30]

has shown that using the content of tweets posted nearby places of interest, in

addition to the tags of the Flickr photos taken nearby these places, significantly

improves the automatic categorization of these places. Therefore, it would be840

interesting to investigate how Twitter can be used in our methodology, as an

addition to Flickr data, to further improve the categorization of events. The

second challenge of using Twitter is to retrieve training data of tweets related

to structured event datasets. For instance, Upcoming and Last.fm events are

not associated with tweets. However, training data could be determined using845

Twitter hashtags. For example, Twubs contains a database of hashtags related

to events7. These hashtags are categorized into event types such as ‘concert’,

‘conference’ and ‘meetup’. Using the tweets containing these hashtags and the

5http://techcrunch.com/2014/02/10/flickr-at-10-1m-photos-shared-per-day-170-increase-

since-making-1tb-free/
6http://code.flickr.net/2009/02/04/100000000-geotagged-photos-plus/
7http://twubs.com/p/hashtag-directory/event/1064592 179
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semantic type of the hashtags, our classifiers can be trained on Twitter data.

6. Conclusions850

The problem of event detection from social media has been widely stud-

ied. To maximize the potential of event detection, however, there is a need to

learn structured representations of events. As a first step towards automatically

extending and creating structured event databases, we have proposed a method-

ology to discover the semantic type of events, using the relationship between855

an event type and other event characteristics. These characteristics have been

estimated using the metadata of the Flickr photos associated with the event.

We first used a dataset collected from Upcoming to examine the performance

of each considered characteristic. In the Upcoming dataset, high level event

types are considered such as ‘sport’, ‘music’ and ‘conferences’. When using our860

methodology instead of the baseline which only uses the text of the Flickr pho-

tos related to an event to estimate its semantic type, the classification accuracy

increased significantly. We observed that considering the type of the events

visited in the past by the participants of the event led to the most substantial

improvement over the baseline approach. The classification performance was865

further improved when the types of known events organized nearby the event,

the textual content of the photos taken in the vicinity of the event, and the

time and date of the event were considered. The classification accuracy did

not change statistically significant when the semantic types of the entities as-

sociated to the event were also considered. Examining the specific results, this870

seemed to be related to the fact that the entity features are extracted from the

text fields. Second, a dataset from Last.fm was used to demonstrate that the

proposed methodology also works for more fine-grained event types (viz. sub-

types of music events). Finally, we showed how our methodology can be used

to discover events of a given semantic type from Flickr that are not mentioned875

in existing event datasets.
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