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Why Images?

e Visual cues encode of socio-economic information
e Largely unexplored (in Social Sciences)
e Nicely complement other available data

Why now?

e There’s a lot of them
e They get better every day

e Technological opportunism



Some examples...



Measuring Green Coverage



Measuring Green Coverage

e Urban green space has
many benetits to urban
dwellers

e But is is hard/expensive to
measure

e Better quantification can
inform evidence-driven
policies
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So what?

e Information on exposure to vegetation in urban
environments is hard to generate...

e ... But very important for a variety of challenges,
from pollution to mental health

 (Geographic) Data Science can help produce
timely datasets at scale



Aerial/Satellite Imagery



The physical appearance of a human settlement is a
reflection of the society that inhabits it

Urban areas with similar built environment have
similar social and demographic characteristics
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Abstract Abstract

ntroduction This paper provides evidence on the usefulness of very high spatial resolution (VHR) imagery l.) i
Data in gathering sociceconomic information in urban settlements. We use land cover, spectral,
structure and texture features extracted from a Google Earth image of Liverpool (UK) to
evaluate their potential to predict Living Environment Deprivation at a small statistical area
Results level. We also contribute to the methodological literature on the estimation of socioeconomic
indices with remote-sensing data by introducing elements from modern machine learning. In
addition to classical approaches such as Ordinary Least Squares (OLS) regression and a
Conclusions spatial lag model, we explore the potential of the Gradient Boost Regressor and Random
Forests to improve predictive performance and accuracy. In addition to novel predicting
methods, we also introduce tools for model interpretation and evaluation such as feature
References importance and partial dependence plots, or cross-validation. Our results show that Random
Forest proved to be the best model with an R? of around 0.54, followed by Gradient Boost
Regressor with 0.5. Both the spatial lag model and the OLS fall behind with significantly lower
performances of 0.43 and 0.3, respectively.
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So what?

e Generating an update of IMD is expensive
o Satellite images are already being collected
o “Intercensal” updates based on satellites?



To take away

e There’s a lot of images (and more to come!)

e Images can be usetul for policy analysis

e To make the most of them, you need
(Geographic) Data Science



Images as (policy-ready) data

Dani Arribas-Bel [@darribas]

Geographic
Data Science
Lab



http://darribas.org/
http://twitter/com/darribas

