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Organisation and Motivation Remote sensing Mobile phone

Lectures on Image analysis:

1. New data applied to development economics (3h, Lisa Chauvet)

◦ Measuring poverty globally, regionally and at the individual level
◦ Population and population dynamics

2. Image analysis (15h, Clément Gorin)

◦ Image processing and GIS fundamentals
◦ Predictive modelling
◦ Neural networks
◦ Convolutional networks
◦ Image modelling applications (segmentation, localisation)
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Evaluation based on a written in-class exam:

-One question on: Aiken, E, Bellue, S, Karlan, D, Udry, C, and
Blumenstock, JE (2022). Machine Learning and Phone Data Can
Improve the Targeting of Humanitarian Aid, Nature, 603: 864-870

https://www.nature.com/articles/s41586-022-04484-9.pdf

-Several questions on Clement Gorin’s part
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BIG DATA AND DEVELOPMENT

Image Analysis
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Motivation

• Social science study increasingly dependent on real data

• Limitations of traditional way to obtain real data
◦ survey data (sample size, social desirability bias)
◦ census data (expensive, lack timeliness)

Source: Jean et al. (2016)
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Motivation

• New data available (sensing devices, online platforms, etc)

◦ reduce sparsity and increase sample size
◦ require techniques in data mining and machine learning

• Three keywords:

◦ Quantitative methods
◦ Real data
◦ Large-scale

Main reference: Gao, Zang, Zhou, 2019. Computational socioeco-
nomics, Physics Reports 817, 1-104 (Gao et al., 2019).
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Motivation

• Focus on three main sources of new data

◦ Remote sensing (RS): nighttime light (NTL), daytime data,
very-high resolution data (VHR)

◦ Mobile phone
◦ Online data: social media (FB, twitter) and other platforms

(wiki, google trends, newspapers etc.)
" Not exhaustive (e.g. trade data)

• Challenge: from description to causality
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Plan

1 Organisation

2 Remote sensing data

3 Mobile phone data
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Nighttime light (NTL): Presentation

• DMPS-OLS (Defense Meteorological Satellite Program’s Oper-
ational Linescan System)

• VIIRS (Visible Infrared Imaging Radiometer Suite of the Suomi
National Polar-Orbiting Partnership)

• Gibson et al. (2020)
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Nighttime light (NTL): Presentation

• DMPS-OLS
◦ 1992-2013 on a yearly basis
◦ Low spatial acuracy: overglow/blurring issue
◦ Overstate cities by 77% (by 9% when deblurred). Abrahams

et al. (2018) MATLAB code for deblurring overlooked by economists
◦ Errors get smaller for larger areas

Source: Gibson et al. (2020)
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Nighttime light (NTL): Presentation

• DMPS-OLS
◦ Lack of temporal comparability (Nordhaus and Chen, 2014)
◦ Average nb of nights used varies spatially and in time (Gibson

et al., 2020)
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Nighttime light (NTL): Presentation

• DMPS-OLS

◦ Saturation or “top-coding” of lights in urban areas (Bluhm
and Krause, 2018)

◦ Limited dynamic range of DMSP (max DN = 63)

• DMPS-OLS and VIIRS: lights that can be detected are mainly
for urban areas

• The correlation of annual average DMSP NL with GDP is
weaker for countries with larger share of agricultural sector.
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Nighttime light (NTL): Presentation

Source: Gibson et al. (2020)

https://eogdata.mines.edu/products/vnl/
https://ncc.nesdis.noaa.gov/VIIRS/
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Nighttime light (NTL): Presentation

• Li et al (2020) [A harmonized global nighttime light dataset
1992–2018 in Scientific Data]
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Nighttime light (NTL): Presentation

• Li et al (2020) [A harmonized global nighttime light dataset
1992–2018 in Scientific Data]
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NTL reflect human activity: World development and
poverty mapping

• Pioneer work: Elvidge et al. (1997)
• 21 countries, country-level correlations, 1994-95 NTL
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NTL reflect human activity: World development and
poverty mapping

• Mapping: Doll et al. (2000)
• Country-level correlation of NTL with GDP and CO2 emissions
for 46 countries.

• Sub-national extrapolation: mapping of GDP predicted by NTL

• Sutton and Costanza (2002): Country-level correlation bet.
Light energy and GDP = 0.74. Build a 1km2 resolution map
of economic activity 17 / 42
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Combining NTL data with sub-national surveys and
censuses to map development

• Ebener et al. (2005): Is it possible to generate sub-national
income per capita series for countries where no sub-national
figures are available?

• GDP figures at the first or second administrative level have been
collected for 26 countries (653 units).

• Noor et al. (2008) Combination of MICS and DHS surveys
to construct wealth indexes at the ADM1 level in 37 African
countries (338 units). Pearson correlation with NTL = 0.64***
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Using NTL to measure growth dynamics

• Henderson et al. (2012): change in NTL as a proxy for GDP
growth

• Issues with real GDP measures

◦ Weak statistical capacity of many developing countries
◦ Small fraction of economic activity is formal
◦ Domestic price indices not always reliable and PPP issues
◦ Very rarely sub-national information

• Alternative proxies in the literature: electricity consumption or
household consumption (development economics), nb of letters
mailed per capita or skeletal remains (economic history)

• NTL has informational value for countries with low-quality sta-
tistical systems (Chen and Nordhaus, 2011)
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Combination of NTL and daytime imagery

• In poor areas, NTL very low with little variation =⇒ less useful
to study living conditions of the very poor

• MP data may be an alternative, but not always and easily avail-
able

• Standard machine learning techniques: need million of labelled
images

• Alternative: transfer learning: use only publicly available data
and use NTL data to ”train” the machine (Jean et al., 2016)

• https://www.youtube.com/watch?v=DafZSeIGLNE
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Combination of NTL and daytime imagery

• Jean et al. (2016) use a convolutional neural network (CNN)
to learn the relationship between daytime satellite images (rich
in detail) and nighttime images

• Light areas are assumed to be wealthy → the network learns
which features in the daytime imagery are indicative of wealth

• Enable the authors to accurately reconstruct survey-based in-
dicators of regional poverty

• A model trained in one country can be used in another→ useful
for countries where no recent survey data exist

Source: Blumenstock (2016)
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Using daytime imagery to predict growth

Khachiyan et al. (2022) (AER: insights)

• Use multispectral imagery from Landsat

• For labels, use household income and population for census
blocks in the US Census and American Community Survey
(ACS)

• Train a CNN using hundreds of thousands of images and train-
ing labels

• Predict levels and changes in income and population

• Model predictions achieve R2 values of greater than 0.85 in
levels

• Outperforms NTL growth predictions
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Poverty mapping using VHR data - Slums

• Remote sensing image analysis: increased availability of very-
high-resolution (VHR) data and methodological advances (ma-
chine learning)

→ Production of information on the geography and dynamics of
slums

• VHR data: spatial resolution of 5m or less (slums, refugee
camps, informal settlements)

Source: Kuffer et al. (2016)
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Poverty mapping using VHR data - Slums

• Survey paper: Kuffer et al. (2016)
• Purposes of slum mapping using remote sensing

◦ Where (urban fabric)
◦ When (urban dynamics)
◦ What (sociodemographic characteristics)
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Population mapping using RS

• Tobler et al. (1997) (Gridded Population of the World - GPW)
gather information on 219 countries from various agencies and
institutions

• Population figures were taken from the latest available census
• Problem: to convert the published population count for a given
administrative unit into a population within the grid cells

• Grid assignment by a smoothing technique

https://sedac.ciesin.columbia.edu/ 25 / 42
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Population mapping using RS

• GRUMP project: 1kmx1km resolution

• Tatem et al. (2007) 100mx100m resolution

◦ Combine land cover information and census data

• Cheriyadat et al. (2007): settlement maps

◦ Feature extraction from high-resolution imagery (texture edge)
◦ Semi-automated

• Population mobility: MP and SM data
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From description to causality

• Geospatial impact evaluation
https://www.aiddata.org/gie

• Quasi-experimental methods:
◦ Strategic sub-sampling
◦ Diff-in-diff
◦ Spatial discontinuities

Source: BenYishay et al. (2017)
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From description to causality

• Impact of Chinese investment in infrastructure on economic
activity

Source: Bluhm et al. (2018)
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From description to causality

• Association of NTL data with geocoded data on:

◦ Aid (Chinese, World Bank, country level e.g. UGA, NPL etc.)
◦ Electoral results (CLEA dataset)
◦ DHS, Afrobarometer, Conflict (PRIO, ACLED)
→ At various geographical levels, from ADM1 to cities, or even

buffers
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From description to causality

• Analysis at the buffer level

Source: Chauvet et al. (2020)
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Plan

1 Organisation

2 Remote sensing data

3 Mobile phone data

31 / 42



Organisation and Motivation Remote sensing Mobile phone

MP

• Cost-effective data at the individual level

◦ Frequency and timing of communication events
◦ Travelling patterns
◦ Histories of consumption and expenditure

• Can be related to other data on public goods etc.

→ with ML and regression analysis: socioeconomic status can be
inferred at different levels

→ Data Intensive Development Lab: https://didl.berkeley.edu/
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Using phone network data to map development

• Eagle et al. (2010):
◦ UK communication network data (2005): more than 90% of

the mobile phones and greater than 99% of the residential and
business landlines in the country

◦ Used to construct community diversity measures
◦ Combined with UK government’s Index of Multiple Deprivation
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Using MP data to map wealth distribution

• Blumenstock et al. (2015): individuals’ past history of mobile
phone can be used to infer their socioeconomic status

• To reconstruct the distribution of wealth of an entire nation or
to infer the asset distribution of microregions composed of just
a few households

• Create high-resolution maps of the geographic distribution of
wealth

• Using survey data on 856 individuals wealth with their phone
records:

◦ Show that individual’s wealth can be predicted from his or her
historical patterns of phone use

◦ Generate out-of-sample prediction for 1.5 million MP users

34 / 42



Organisation and Motivation Remote sensing Mobile phone

Using MP data to map wealth distribution
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Combining MP data with RS

• RS: Cost-effective information about physical properties of land,
but coarse for urban areas

• MP: CDRs have high spatial resolution in urban areas, but in-
sufficient coverage in rural areas (towers)

• Steele et al. (2017) combine the two: better predictive maps
of socioeconomic status
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Combining MP data with RS
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Measuring human mobility using MP data

• Location (Lat and Long) of the base transceiver stations (BTS)
that the cell phone was connected to

• Rubio et al. (2010): In DCs, smaller average travelled distance,
smaller geographical sparsity of social networks, etc.
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Measuring human mobility using MP data
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From description to causal analyses

• Blumenstock et al. (2020): How the private sector responds to
terrorist attacks in Afghanistan?

• Presence, entry, and exit of private firms measured at high
frequency and spatial granularity using administrative records
of corporate mobile phone activity

• Panel fixed-effects regressions: firm-by-district and month fixed
effects, as well as linear and quadratic district-specific time
trends

• Similarly, Lu et al. (2012) use MP data to analyse human mo-
bility after 2010 Haiti earthquake
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From description to causal analyses

https://www.youtube.com/watch?v=ga3y1QS9RiY 41 / 42
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Text Analysis: SM and online data

to be continued...
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Plan

4 Annexes
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Studies using NTLs

Source: Gibson et al. (2020)
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Studies using NTLs

Source: Gibson et al. (2020)
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Studies using NTLs

Source: Gibson et al. (2020)
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