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Animation: Data Science Lab
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On average, over the last 12 months this method 

results in a percentage error of 41.2% 
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Using tools from time series analysis reduces the 

mean percentage error to 23.4% 









Including data from Google Trends further reduces 

the mean percentage error to 14.5% 
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People who live 
in more scenic 

locations 
report  

better health 

Seresinhe, Preis & Moat (2015) 
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0.293  Valley 
0.203  Lake Natural  
0.128  Mountain 
 

0.856  Natural Light  
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Predicting scenic scores from photos 
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Using Google Street View pictures 
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What’s in the picture? 1 

(Quantifying the visual landscape using PlacesCNN) 

How does it relate to income? 2 

(Training a machine learning algorithm) 
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What’s in the picture? 1 

(Quantifying the visual landscape using PlacesCNN) 

How does it relate to income? 2 

(Training a machine learning algorithm) 



Income in London 



Training an elastic net 
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INPUT: 

OUTPUT: 

Predicted income: 
38153 GBP 
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Urban visual landscape  
can be used to  

estimate income 





Data from online photographs may help us better 
measure and understand human behaviour and wellbeing 


