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 Victorian bushfires, February 2009, 
173 people killed; more than 1800 
homes destroyed; 
$4.3Billion losses 

 

Real world context for our research 

Images: CFA Strategic Communications: “Bushfire on the horizon”; Middle Kinglake illustrations Emma-Rose Summers, Middle Kinglake Primary School; 

© Victorian Curriculum and Assessment Authority, State Government of Victoria, 2011 
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Emergency Situation Awareness from Automated Web Text Mining 

Context: Victorian bushfire situation 
information reported in real-time on social 
networks, but not easily consumable by crisis 
coordinators 

Problem: Crisis coordinators need tools to 
manage the Tweet deluge: 

 capture , analyse & display data  near real time 

 detecting and alerting on events of interest 

 condensing and summarising content to reduce 
watch officer load 

 classify and review high-value messages 
enabling officers to quickly understand impact of 
real-world events on people and infrastructure 

 focus and track issues as they arise, evolve and 
decay over time 

 perform forensic analysis of incidents 

Solution: We are building services to collect, 
detect, assess, simplify and report situation 
information in near-real-time from Twitter 
text streams 

This project has been financially supported by the Australian Government through the National Security Science and Technology Branch within the 

Department of the Prime Minister and Cabinet. This support does not represent an endorsement of the contents or conclusions of the project. 



 

 Cyclone Ului;  
St George Floods March 2010; 

 

Real world context for our research 

Keith Edkins, Track map of Tropical Cyclone Ului http://en.wikipedia.org/wiki/File:Ului_2010_track.png ;  

NASA/MODIS Rapid Response System Tropical Cyclone Ului near peak intensity on March 14, 2010 



 

 

 Queensland’s summer of sorrow: 

– Tropical Cyclones Tasha & Anthony 
November 2010-February 2011; 

– Lockyer Valley Flash Flood January 
2011 (22 lives); 

– Brisbane Flood January 2011; 

– Severe Tropical Cyclone Yasi 
February 2011; 

– $3.71 Billion 

 

 

 

Real world context for our research 

Map of 57/73 Local Government Areas under  “disaster activation” Commonwealth and State Natural Disaster Relief and Recovery Arrangements 

Queensland Reconstruction Authority, Monthly Report March 2012 http://www.qldreconstruction.org.au/publications-guides/reports/march-2012-monthly-

report 



Collaborators and Trial Partners Include: 

Attorney Generals Department 

Queensland Department of Community Safety 

Melbourne City Council 

Publications include: 

Cameron, Power, Robinson, Yin: Emergency Situation 
Awareness from Twitter for Crisis Management, 
WWW12 Workshop on Social Web for Disaster 
Management 

Yin, Lampert, Cameron, Robinson, Power: Using Social 
Media to Enhance Emergency Situation Awareness, IEEE 
Intelligent Systems (to appear) 

 

Provide near real-time situation 
awareness from social-media text 
streams for crisis coordinators 

We do this by: 

 collecting and analysing real time Twitter feeds 

 detecting and alerting on unusual activity 

 clustering and condensing message content 

Research goals are: 

 develop and evaluate new burst detection schemes 

 develop and evaluate new incremental clustering 

 develop and evaluate active learning classification 

Emergency Situation Awareness 



Capture, Analyse & Display 



Architecture 
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• If terms used in an incident of interest are known, near real-time 
search techniques can be used. 

 
 

Near Real-Time Search (flu headache) 



Detecting and Alerting on 
Events 



Enable a watch officer to become aware of unexpected 
or unpredictable incidents 

 We interpret this as a statistically significant variation from a 
background model 

Online tools provide trend information, but background 
model and timeliness of updates is unknown 

Our approach is to  

 build an historical model of probability of observing word in 
random 5 minute window 

 continuously monitor word frequencies in a sliding 5 minute 
window 

 every minute, compare observed frequency with an historical 
model 

 burst detected when observed>history 

 raise an alert when burst exceeds alert 

 present watch officer with alerts 

Burst model and alert model can be independent 

 

Detecting and Alerting 

Gabriel Pui Cheong Fung, Jeffrey Xu Yu, Philip S. Yu, and Hongjun Lu. Parameter free bursty events detection in text streams. 

in Proceedings of the 31st international conference on Very large data bases. 2005. Trondheim, Norway: VLDB Endowment. 



Qantas QF32 



Qantas QF32 



Qantas QF32 



Qantas QF32 



Qantas QF32 



Burst Detection for Disease Surveillance? 

I have reservations that our current technique is going to work (at 
all)! 

Trying to detect a slow-moving low-volume phenomenon inside a 5 
minute window? 

 

Less than 30 seconds to process 10K tweets in a 5 minute window. 

 



Condensing and Summarising 



Condensing and Summarising 

Given that a watch officer has decided 
to investigate an alert, we then 
needed to provide a way for officers 
to gain a rapid understanding of topics 
within bursting words 

Topic clustering enables a watch 
officer to rapidly extract an overview 
of a situation 

Clusters are linked to contributing 
Tweets, enabling officers to “drill 
down” to source materials if needed 

Rapid understanding of topics contributing 
to burst  

 #eqnz Christchurch 2011 

 

 

 

 

 tremor Townsville 2011 

 

 

 Feel a Tremor Townsville 2011 



Condensing and Summarising (flu headache) 



Classifying high-value messages 



Classifying high-value messages 

Some information watch officers need to perform their tasks is not always perceived to 
be important by the social network. This is a true needle in a haystack problem! 

To assist officers in assessing the severity of an incident, we have built statistical text 
classifiers using machine learning techniques 



Classifying high-value messages 

Positive and negative examples of Tweets have been labelled in a training set. This 
training set then used to construct the classifier. The classifier uses text features like part-
of-speech and phrase structure, rather than searching for a given set of keywords 

Infrastructure impact classifier identifies Tweets likely to contain evidence useful to 
watch officer in assessing the impact of an incident on roads, bridges, houses, buildings, 
power, water, sewerage and communication infrastructure 



 

Yes indeed! 

We now have 2 years worth of data! 

 

Classifying high-value messages for disease 
surveillance? 



Forensic Analysis &  
Situation Awareness 



Forensic Analysis 

Who knew what where and when? 

Enable watch officers to move forward and backward in time 

Look at and review the alerts generated 

Compare alerts with other knowledge 



Fire Emergencies and Natural Disasters 

www.fend.org.au 
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