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  World at night (NASA)



  

550m users (Q3, 2010)
1,189m users (Q3, 2013)
1,788m users (Q3, 2016)



  

Impact-based hazard forecasting

How can you observe “impact”?
How do you validate impact models?
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Real event

Social media

Data analysis

Social 
sensing



  

CASE STUDY: 
Social sensing of floods in the UK

Arthur, Boulton, Shotton & Williams (2018) PLoS ONE 13(1): e0189327.



  

Twitter dataset: 17,828,704 tweets from 2015-2016. 
Keywords: “flood”, “flooded”, “flooding”

Flood dataset: Known flood events in England & Wales 
(Flood Forecasting Centre).

Method: Correlate Tweets per day vs Floods per day

Does flood-related social media 
activity correlate with real floods?



  

True positives



  

… and false positives



  

Remove all tweets from wrong (non-UK) timezone.

Filter by timezone



  

Remove all tweets from obvious “bot” accounts. 
(Spot them by their very large volume of activity.)

Remove all retweets (they are not useful).

Filter out robots and retweets



  

Make a relevance filter to remove all irrelevant tweets.

● Tag a few thousand tweets as “relevant” or “irrelevant”

● Make a “naive Bayes” model to automate tweet classification

Filter for relevance



  

Spatial correlation

Verified flood events 28th Oct 2015 
(Flood Forecasting Centre)

Do tweets about floods 
come from places where 
floods are happening?



  

Location inference

GPS coordinates 
attached to tweet

GPS coordinates 
in user profile

Placename 
in user profile

Placename 
in tweet text

Use GPS where available. Else infer most likely location 
from all available information (Arthur et al 2018)



  



  

Social floodiness Floodiness > T

Finding floods

Measure activity in each cell of (arbitrary resolution) grid spanning England & Wales.
For each cell, define a threshold T to normalise for population density → “floodiness”.



  

Social sensing Flood Forecasting Centre

Validation

FFC data is recorded at level of “administrative area” (roughly county). Colour each area 
by floodiness of grid cells within. For quantitative evaluation see Arthur et al 2018.



  
https://rudyarthur.github.io/socialsensing/ 

https://rudyarthur.github.io/socialsensing/birmingham

Prototype 
operational 
tool

https://rudyarthur.github.io/socialsensing/
https://rudyarthur.github.io/socialsensing/birmingham


  

(2016)



  

(2018)



  

Work-in-progress: Social Impacts of Named 
Storm Events in the UK and Ireland

Spruce, Arthur, Williams (in prep) Meteorological Applications.

Storm Brian (2017) 
observed by social 
sensing.



  



  

Detecting social impacts

● Collected tweets relating to wind/precipitation/storm-
names over period spanning 8 named storms

● Applied filtering and location inference (retained 
~2.5% of ~101m tweets)

● Two forms of impact detection: sentiment 
(emotional impact) and content (substantive impact)



  

Typical sentiment 
(non-weather tweets)

Precipitation tweets

Wind tweets

Storm tweets

Negative PositiveSentiment

Storm Brian



  

Damage & 
disruption

Humour

News

Observation

Other

Warnings

Storm Brian



  

Discussion

● Social sensing has been demonstrated to provide robust 
detection/location of multiple types of weather hazard

● Developing methods to automate detection of social impacts 
(disruption, damage, …)

● Opportunities: Now-casting & Forecast verification
● Looking for new case studies / collaborations!



  

Tomas Saraceno “Galaxies Forming Along Filaments, Like Droplets Along the Strands of a Spider's Web”.
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