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Introduction
1. Motivation

• To identify what users are talking about in social media.

2. Purpose

• To extract local hot topics and thereafter events from the social media data.

3. Research Questions

• Which clustering methods are available?

• Can a suitable algorithm be identified for extracting local hot topics from literature review?

• How to extract local hot topics from spatial temporal data?

• How to validate the clustering result ?

• How to visualize event clusters ?
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Workflow of thesis
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4. Related work

Birant et al. (2007) 
• Detect the cluster in both spatial and non-spatial attributes of dataset.
• Detect noise in varied density.
• Requires three user defined parameter to identify the cluster.

Chen et al. (2009)
•To detect event on Flickr data.
•Wavelet transform approach is used to remove the noise from the data.
•Suitable to detect periodic event.

Kisilevich et al. (2010)
•photo based DBSCAN for event detection through geo-tagged photograph.
•Considered user as density threshold to detect the unique event.
• Requires user defined parameter.
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Selected paper “Density-based Spatiotemporal Clustering  Algorithm  for  Extracting  Bursty  Areas  from  

Geo  referenced  Documents’’ (DSC) scientific paper published by Keiichi Tamura and Takumi Ichimura in Oct 2013.

Reason to choose the variant of DBSCAN.

• Text based spatial temporal dataset .

• It can handle noisy data

• Can reveal arbitrary shape clusters.

• Prior knowledge of clusters is not needed e.g. K-Means.

• Suitable for different  type of data. 

• Simplicity.
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Difference between DSC algorithm and (ϵ, k, t)-DBSCAN algorithm 

DSC Algorithm

• Extracts spatial and temporal clusters.

• Parameters: radius(ϵ) , timestamp (t) and threshold value (min doc)

(ϵ, k, t)-DBSCAN

• Extracts semantically similar, spatial and temporal clusters.

• Semantically similarity - cosine similarity k between 2 documents.

• MinDoc is enhanced to MinDocDifferentUsers

803.03.2015 Smita Singh



Workflow of (є, k, t)-DBSCAN

903.03.2015 Smita Singh



Experiment

• 216 combinations of above parameter were verified through cross validation in weka tool.

• Finally chosen input parameter for (ϵ,k,t)-DBSCAN
radius (є)                                                                      =   2 km 
Inter arrival time  (t)                                                      =   48  hrs  (172800  in  seconds),     
cosine  similarity  (k)                                                     =   0.70  and 
minimum  number  of documents of different users      =  10

Hardware used in this setup was as below:
Processor                :Intel  Core  i7
RAM:                       :4GB  and  
Operating  system  :Linux Fedora 20.
Language               :Python 2.7.8
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Input Parameter Various	Values	Considered

Radius (km) 0.7 1 2 3
Cosine Similarity 0.55 0.60 0.65 0.70 0.75 0.80

Time (Hours) 24 (converted in to
seconds)

48(converted
in to seconds)

72 (converted

in to seconds)
Minimum Number of
documents of
different users

6 7 10



Weka result on different parameters
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Comparison of (є, k, t)-DBSCAN with DBSCAN

The  parameter  of (ϵ,k,t)-DBSCAN  algorithm 
radius (є = 2 km), 
t = 48 hrs (172800 in seconds), 
Cosine similarity (k) =.70 and 
minimum number of different users = 10
The  parameter  of  DBSCAN  algorithm
radius (є)        =  2 km, 
minimum  doc =  10
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Comparison of (є, k, t)-DBSCAN and DBSCAN results



Cluster result discussion 
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Figure : (є, k, t)-DBSCAN cluster results



Event detection By Algorithms
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Visualization methods 

Isarithmic Map                                           Animated Map

Text visualization 
of cluster  result

Online cluster result visualization

Online Cluster Visualization via 
Google  Fusion Table

Online Cluster Visualization 
via  Carto DB
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Text Visualization 
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Google Fusion Table 
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Isarithmic Map

The maps that represent data sets that have a “continuous distribution and smooth change in value’’ 
Kraak et al.(2003). 
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Animated Map
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Summary
• The proposed algorithm is able to reveal all the events from the dataset .The input parameters have a decisive impact on 
the cluster result.

• Suitable for any text based social media dataset.

• Real time data downloading capability can be added to the framework as future research.

• Algorithm speed can be enhanced in future research by using Ball Tree or KDTree nearest neighbors learning algorithms  
instead of brute force algorithm.
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