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ABSTRACT
Popular microblogging service has attracted much attention
around the world recently. With tremendous amount of
tweets published each day, social event detection is becoming one of the most challenging research topics, especially
for geographical social event. This paper proposes a novel geographical social event detection approach by mining
geographical temporal pattern and analyzing the content of
tweets. For the tweets published by users in the geographical
area at each time unit, we ﬁrst estimate its geographical temporal pattern based on the alternation regularity of tweets.
Furthermore, we discovery the unusual geographical area by
more frequent alternation of tweet count, and adopt adaptive K-means clustering algorithm for the tweets published
in the geographical area. Finally, the geographical social
event is detected by the number of the tweets in the cluster.
We implement and validate our approach on realistic data
collected from real-world social media websites. Experimental results show that our method can detect geographical
social event with better performance than traditional methods. In addition, vivid demonstration of geographical social
event can be eﬀectively performed by our method.

Categories and Subject Descriptors
H.2.8 [Database Applications]: Spatial Databases and
GIS; H.3.1 [Information Storage and Retrieval]: Content Analysis and Indexing

General Terms
Algorithm, Design, Experimentation, Performance
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Nowadays, popular social network websites such as Twitter1 , Sina Weibo2 , and Tencent Weibo3 have already published colossal size of highly-dynamic real-time data in the
form of messages and status updates. Subsequently, increasing microblogging service has attracted much attention
around the world, especially for location-sharing social media services like Foursquare, Gowalla and so on. Millions
of thousands of people utilize the online social network to
express their opinions or share their interesting activities
socially connected to their relatives, friends and colleagues
through their computers and mobile phones.
With tremendous amount of tweets published in social
network each day, a challenging task is the grouping of tweets according to the underlying events for the researchers.
Many research work has been published on these microblog
systems, especially during recent years. Sasaki et al. [6] proposed a message analysis approach for using Twitter as a cue
to detect geographical social events, and developed a natural
disaster alarming system by using Twitter occurrences from
the event locations for some special types of cases, such as
earthquakes in Japan by using Twitter user as social sensor.
However, they must manually design the input query. So
their approach could not be applied to conduct a various
types of socio-geographic analysis including unknown and
unexpected events. Sankaranarayanan et al. [7] presented a system so-called TwitterStand which captured tweets
that corresponded to breaking news. The method combining
Part-Of-Speech (POS) tagging and Named-Entity Recognition (NER) was adopted to extract geographic nouns from
contextual posts so as to cooperate geographic information
into events. Pozdnoukhov et al. [5] adopted a streaming
Latent Dirichlet Allocation topic model trained with an incremental variational Bayes method to explore space-time
dynamic structures of the topical content of short textual messages. Hong et al. [1] utilized both statistical topic
models and sparse coding techniques to provide a principled method for uncovering diﬀerent language patterns and
common interests in the twitter stream.
Most researches have focused the textual analysis for tweet,
and some researches [4, 8, 9] on social event detection, visualization or search for photos posted on social media sites.
However, relatively few researches address geographical pattern of social event. Lee et al. [2, 3] presented measurement
for geographical regularities deduced from the usual behavior patterns of crowds. They detected any unusual event
1

http://twitter.com/
http://weibo.com/
3
http://t.qq.com/
2

happening in the monitored geographical area by comparing the regularity. Nevertheless, this work doesn’t further
analyze the content of posted tweets, which cannot vividly
demonstrate diverse geographical social events taken place
in the geographical areas respectively.
In this paper, we propose a novel geographical social event
detection method by geographical temporal pattern mining
and content analysis. We ﬁrst mine the geographical temporal pattern of the tweets in social activities, and discover
the unusual geographical region by this pattern. Then we
adopt the adaptive K-means clustering algorithm for the
content of tweets, which involves in the area where unusual
geographical area found. Next, the geographical social event
is detected by the number of the tweets in the cluster. Also,
the detected geographical social events can be intuitively
displayed by the highly-frequent keywords involved in the
cluster. Furthermore, we evaluate the performance of our
proposed approach. Our experiments show that, using geographical temporal pattern mining and adaptive K-means
clustering, our method can better detect geographical social
event, also vivid demonstration of geographical social event
can be eﬀectively performed.
The rest of this paper is organized as follows. In Section 2, we introduce unusual geographical area discovery by
geographical temporal pattern mining. Section 3 describes
content analysis for tweet by adaptive K-means clustering
method in detail. In Section 4, we show the experimental
results of geographical social event detection, and we give
the conclusion in Section 5.
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2.1 Geographical Temporal Pattern Definition
For the purpose of convenient analysis, one day is equally divided into 4 non-overlapping partitions (early morning:
0:00-6:00, morning: 6:00-12:00, afternoon: 12:00-18:00 and
night: 18:00-24:00), each time unit with 6 hours. It is reasonable that we set the administrative district as the geographical area. In order to better reﬂect change regularity of
behaviors in the geographical area, we deﬁne the geographical temporal pattern (GTP) of behaviors as
t
δit (tu) = |Cit (tu) − Ci−1
(tu)|

GT Pit (tu) =

δit (tu) − min{δit (tu)}
max{δit (tu)} − min{δit (tu)}

(1)
(2)

where Cit (tu) is number of tweets posted in a certain geographical area at the time unit of the ith day (the current
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Figure 1: Tweet count in Beijing area.
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2. UNUSUAL GEOGRAPHICAL AREA DISCOVERY
In this section, we ﬁrstly give our description for social
event. Then, geographical temporal pattern mining method
for the event is introduced in Section 2.1. Event is a group of
participated behaviors aggregating activities and discovered
at a time unit. We describe the social event by the behaviors:
number of tweets posted within a speciﬁc time period in the
geographical district. The behaviors are regarded as posting
tweets in this paper. We count the total occurrence of tweets
during a speciﬁc period of time.
In general, social event has the geographical attribute. So
we adopt geographical temporal pattern mining approach
to discover the unusual geographical area. The details are
described in the following sections.
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Figure 2: Geographical temporal pattern in Beijing
area at the time units.
Then, we can mine the geographical temporal pattern of
social event by Equation (2). The tweet count of Beijing
area is shown in Figure 1, and the estimated geographical
temporal pattern of behaviors is shown in Figure 2.

2.2

Unusual Geographical Area Discovery by
Pattern

From the analysis by Section 2.1, we can estimate the geographical pattern of regional social activities. If the aggregated tweet in the regional social activities is more frequent,
we discover that this geographical region is unusual. Assuming that geographical temporal pattern (GTP) is calculated by Equation (2), consequently, the unusual geographical
area (GA) at time unit is explored by
{
true, if GT Pit (tu) > θ
GAunusual (tu) =
(3)
f alse,
otherwise
where θ is the threshold. Equation (3) denotes that if the
geographical temporal pattern value exceeds the threshold,
then the unusual geographical region is discovered. For example, the geographical temporal pattern values in the night
of 2012/7/21 and the early morning of 2012/07/22 are exceptionally high, so this area at these two time units is regarded
as an unusual region.

3.

CONTENT ANALYSIS

Besides the geographical attribute, from the perspective of
tweet content, social event is comprised of a series of highlyfrequent keywords in the event happened over time. It is
crucial that we should vividly display diverse events found
in the area to the user, while Lee’s method [2, 3] only can
detect the unusual Region-of-Interest (ROI) where the event
happened at time unit. As discovered the unusual geographical area at the time units, we further analyze the content of
the tweets posted in the unusual district during this period.

3.2

Geographical Social Event Detection by Clustering

From Section 3.1, we can obtain the clustering of the
tweets published in the unusual geographical area at the
time units. If the cluster contains more tweets, we regard
the cluster as an event. Assuming that the tweets published
in the unusual geographical area is clustered by adaptive
K-means clustering, then the occurred geographical social
event is detected by

3.1 Adaptive K-means Clustering

{

We adopt clustering method to analyze the tweet content
in order to detect all sorts of geographical social events by
clusters, and the event can be intuitively displayed by the
keywords involved in the cluster. We ﬁrstly use Natural
Language Processing (NLP) tool to divide each tweet to the
words, and Vector Space Model (VSM) is employed to represent the words. Due to the short length of tweet content, we
use Term Frequency (TF) as element of the vector though
TF-IDF is widely applied in textual clustering, the distance
is measured by the Cosine similarity between the vectors.
Then, we adopt the adaptive K-means clustering for tweet
clustering so as to automatically ﬁnd the number of clusters K without user input which vary across every time unit.
The details of the adaptive K-means clustering process is
presented as follows:
Let samples {Si |i = 1, 2, · · · , N } be the tweets published
in the discovered unusual geographical area. Through the
clustering process, the tweets will be clustered with content
similarity.
Step 1 Compute Cosine similarity between each two samplepairs and set their average as basicStep;
Step 2 Compute Cosine similarity between ith and other samples, then the density value of this samples is set as the
number of samples, whose distances are smaller than
basicStep;

Eoccur =

true,
f alse,

if Nt (Ci ) > η
otherwise

(4)

where η is the threshold. Equation (4) denotes that if the
number of tweets in the Cluster Ci exceeds the threshold,
then geographical social event is detected.

4.

EXPERIMENTS

At ﬁrst, we introduce the experimental dataset from our
data collection, then show the performance evaluation through
comparison both our approach and geographical social event
detection method introduced in [2, 3].

4.1

Dataset

Sina Weibo is a very popular microblogging website in
China, and it allows people to express their opinions by
posting short messages with limit of 140 Chinese characters. Every user in this social media website can ﬁll in his
proﬁle and messages to the public. Because of the streaming API provided by Sina Weibo with the quantity limits of
crawled users and tweets, we developed our data crawler by
template-based method to obtain: 1) user with his proﬁle,
including user ID, user name, his/her geographical area and
tags, etc.; 2) tweets posted by users, containing author of
the tweet, content, distribution time and so on.

Step 3 Sort all density values by descending order;
Step 4 If the ratio of the biggest density and N is greater
than 0.5, the step threshold is set as 0.8 × basicStep
and the density threshold is set as 100; Else If the ratio
of the biggest density and N is smaller than 0.01, the
step threshold is set as 1.5 × basicStep and the density
threshold is set as 10;
Step 5 Set K ′ as the number of pseudo clustering, where K ′
denotes the number of samples whose density values
are greater than the density threshold, and the number
of ﬁnal clustering K is set as 0;
Step 6 For i = {1, 2, · · · , K ′ }, compute the Euclidean distance between ith sample and other K ′ − i samples.
If there is no sample whose distance is smaller than
the step threshold, then execute K + +; otherwise, K
holds no change;
Step 7 As K is the number of ﬁnal clustering, its corresponding sample is set as the initial clustering center, which
is input as Step 1 of K-means clustering;
Step 8 Repeat from Step 2 to Step 4 of K-means clustering
to complete the whole clustering process.
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Figure 3: The geographical distribution of users in
our dataset.
We conduct the experiment on our real world tweet dataset
named MCG-Weibo to evaluate our proposed method. The
dataset consists of 170 thousand users, and their published
tweets with 3 billion tweets totally. The geographical distribution of users in the dataset is shown in Figure 3, which
lists the top 10 geographical area from ranking the user density. We can see the top three geographical areas are Beijing,
Guangdong and Shanghai, which matches network develop-

ment degree of these areas, besides a faithful representation
of local economic development level.

4.2 Evaluation
To evaluate the performance of our proposed method, we
choose the tweets posted during the period of two months as
training set, from 2012/06/26 to 2012/08/26, with 32,830,277
tweets, and testing period of 2012/07/21 to 2012/07/26 with
3,368,803 tweets. We set the threshold for geographical temporal pattern θ as 0.75 and the threshold for number of
tweets in the cluster η as 56. We provide 20 interesting
events for the test dataset to detect in Beijing area. As
a result, we can detect 13 events among the prepared 20
events in the geographical area. Thus, our method has better performance where the accuracy can reach 65%, which
outperforms Lee’s method with 60% accuracy.

4.3 Detection of Geographical Social Event
In order to validate the advantage of our method of geographical social detection, which not only detects geographical social event well but also can display the diverse events
to users, we conduct the experiment on our dataset MCGWeibo. Based on our approach, two examples of the detected geographical social events are shown in Figure 4. The
upper parts of Figure 4 (a) and (b) are the detected events
at the same geographical area, including the posted tweets
and photos about the events. The wordle is demonstrated
at the bottom parts of Figure 4 (a) and (b). It is very convenient to let users understand the content of event, people
can also vividly know the viewpoint of netizens.

(a)

5. CONCLUSIONS
In this paper, we have presented our novel approach to
detect geographical social events for tweets in Sina Weibo. Firstly, our detection method by geographical temporal
pattern mining and content analysis provides an eﬀective
way to detect events. Secondly, realistic dataset is conducted to evaluate the methods, and the results show that our
method works well. Finally, the experiments indicate that
our method can provide vivid demonstration for the detected geographical social events. We plan to extend our work
to track and visualize the events.
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