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1. Big Data

• With the development of ICT, we have entered the 
BIG DATA
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Big Geo-Data

•Properties of Big Geo-Data
• Besides 4Vs (Volume, Velocity, Variety, Variability)

• Spatio-temporal tags
• Associated with individuals

• Including:
• Location based social media data, Mobile phone data, 

Taxi data, Metra card data…



Examples of Big Geo-data (1)
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Examples of Big Geo-data
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Examples of Big Geo-data
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2. Social Sensing

• Individual-based geospatial big data can be viewed as an analogue of 
remote sensing data in social science research

• While remote sensing data have been widely and successfully used 
to map physical features, social sensing data can capture human 
behaviors and consequently reveal socio-economic features

• Why the term “Sensing”
• Analogue of remote sensing

• Each individual plays the role of a sensor



Framework of Social Sensing 



Understanding Intra-urban heterogeneity
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An Ant Tribe Village in Beijing



Temporal Rhythm of Shanghai Taxi Trips
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Local Temporal Signatures 
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Linking Temporal Signatures with Land Uses 

Given that different urban land uses are associated with different temporal signatures 
of human activities, which can captured by various big geo-data, we can infer land 
use categorizes from the observed temporal signatures.



Case study: Shanghai
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Sensing Urban Heterogeneity: Other Approaches
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Sensing Urban Heterogeneity: Other Approaches
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Sensing Urban Heterogeneity: Other Approaches
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3. Applications: 2014 Shanghai Stampede
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Applications: 2014 Shanghai Stampede



Measuring Earthquake impacts
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Crowdsourcing Mapping
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4. Conclusions


