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Geospatial data for research on economic development

It is estimated that in 2016 nearly 38 per cent of workers in the
world's least developed countries were living with their families
below the poverty line (approximately $1.90 per person per day) (UN,
2017), often without access to schools, healthcare, electricity, safe
water and other critical services. Yet, accurate data on the number of
poor people and their living conditions are scarcely existent, espe-
cially in developing countries. Census counts comprise the primary
source of this type of data, but are published infrequently, varying in
resolution and precision, due in part to limited available resources for
data collection.
The gap in the availability of data between the developing and the

developed world is, at least partially, the result of technological ad-
vances and innovative solutions for data collection. Novel sources of
data facilitate the development of new approaches for demographic
modeling and measurement in wealthy nations, while in developing
countries, fewer sources of big data exist (Blumenstock et al., 2015). For
example, while nearly half of today's world population has internet
access, more than 4 billion people - mostly in developing countries - still
don't have access to the internet.1 The result is an increasing gap in the
availability of data for developing and developed countries. Consider,
for example, the utilization of data gathered from online social media
for demographic research. Social media platforms such as Facebook,
Twitter and other collaborative virtual spaces are increasingly har-
nessed to track the digital traces (Bruno, 2007) of society, whether for
monitoring stocks of migrants (Zagheni Emilio et al., 2017) or for
generating taxonomies of happiness levels in US states (Mitchell et al.,
2013). This type of data only provides insights about those who parti-
cipate in such virtual spaces and does not always fully capture the social
complexity of the ever-changing developing world.
The lack of accurate and timely data on the distribution of poverty

also often forces policy-makers to make decisions based on limited (and
sometimes inaccurate) data (Blumenstock, 2016). For example, devel-
opment programs and policies are typically designed to change out-
comes (e.g. to raise incomes, to improve learning, or to reduce illness).
An impact evaluation is intended to evaluate the outcome of a program
by answering one specific question: What is the impact of a specific
program on an outcome of interest? (Gertler et al., 2016). Answering
this question requires to track and monitor the impacts of the program -
and this can only be done by a continuous and frequent collection of
data from multiple sources. Such data provides the basis for any evi-
dence-based policy making.

But poverty and other societal characteristics also hold a spatial
dimension. Poverty can often be identified visually and reflected in the
density of residential structures, patters of roads, the material of roofs
or the distribution and extent of green spaces. Many of these features
are observable from space. From the perspective of social science,
capturing this data may provide meaningful information about the
context that shapes social phenomena (Council and Stern, 1988). There
are more than 1400 satellites continuously collecting an unprecedented
amount of data from Earth at ever-improving spatial, spectral and
temporal resolutions, over increasingly short time intervals. Data col-
lected by these satellites and other sensors are progressively shifting the
way we measure and understand our world. These data allow re-
searchers to study and map the physical environment and infer about
social processes in near real time, in almost every corner of the world.
The heightened availability of satellite data has revolutionized our

ability to map human settlements and understand the distribution and
characteristics of the population on Earth. New methods for machine
learning, predictive analytics and remote sensing are reforming the way
we measure and address societal challenges, detect poverty and steer
efforts to reduce it. Researchers are continually discovering new ways
to convert remotely sensed data into meaningful information about the
nature and pace of change of human and physical landscapes.
Over the last few decades, researchers have been working to detect

and map poverty and wealth from space, primarily with nighttime light
data. Based on the assumption that poorly lit areas with high popula-
tion counts signify higher percentages of poor people and lower wealth,
researchers have been able to estimate the number of individuals living
in poverty, globally (Elvidge et al., 2009). Nighttime lights are also
being extensively used to map urbanization. According to this ap-
proach, a pixel's nighttime light value exceeding a specified threshold
(which may vary across regions or countries) signifies urban develop-
ment. Moreover, because the intensity of light emitted at night is clo-
sely related to economic development, this proxy is also leveraged to
predict national economic growth (Henderson et al., 2012) as well as
regional economic development (Doll et al., 2006). However, inference
of human activity with Nighttime lights is often inaccurate, particularly
in low-density urban areas (Zhang and Seto, 2013). DMSP-OLS sensors,
which until recently (with the availability of data collected by the
Visible Infrared Imaging Radiometer Suite (VIIRS)) have been the pri-
mary source for nighttime light data can exaggerate the extent of urban
areas (Henderson et al., 2003) while overlooking small or developing
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settlements. In addition, the extent and intensity of lit areas cannot
directly delimit urban regions due to the “blooming” effect (the iden-
tification of lit areas as consistently larger than the settlements with
which they are associated) (Imhoff et al., 1997) and “over saturation” of
pixels (i.e., pixels in bright areas, such as in city centers, reach the
highest possible intensity and no further details can be recognized)
(Hsu et al., 2015). As a result, there has been a significant move towards
mapping poverty with daytime satellite data at higher spatial resolu-
tions. For example, Engstrom et al. (2017) showed that object and
texture features extracted from high-resolution satellite imagery over
Sri Lanka (e.g. the number and density of buildings, number of cars,
density and length of roads, roof material, etc.) could explain nearly 60
percent of poverty headcount rates and average log consumption,
compared to models built using nighttime lights that could explain only
15 percent of the variation in poverty or income. Jean et al. (2016)
combined nighttime maps with high-resolution daytime satellite images
to estimate consumption expenditure and asset wealth. The authors
showed, that a convolutional neural network can be trained to identify
image features that could explain up to 75% of the variation in local-
level economic outcomes in Africa. Other studies develop novel
methods designed to map slums and informal settlements in developing
countries by capturing some of their unique spatial features (e.g.
building density, building heights, and sizes), differentiating between
informal from formal settlements (Taubenböck and Kraff, 2014). With
around 1 billion people living today in slums (UN-Habitat, 2015)
lacking access to drinking water, sanitation facilities and durable
housing conditions, accurate and up-to-date information on the extent
of slums and the number of slums dwellers is fundamental for the
preservation of a sustainable human society.
These new sources of geospatial data are transforming our under-

standing of the modern world. Novel machine-learning algorithms are
combined with satellite imagery from multiple sources to estimate road
quality in developing countries, predict consumption expenditure,
measure wealth and inequality, monitor small-holder farmers' yields in
regions affected by drought, and monitor electricity provision in rural
areas. Parallel computing platforms with large storage capacities are
becoming increasingly available, allowing for the extraction of mean-
ingful information about the developing world and encouraging new
design of environmentally responsible approaches to measuring and
monitoring economies.
This special issue of Development Engineering highlights 5 case

studies that illustrate novel use of technology and new sources of big
geospatial data to derive insights pertaining to societal processes,
primarily in developing countries. Augusto Zagatti et al. utilize na-
tionwide de-identified Call Detail Records (CDR) to investigate
nighttime and daytime population densities and commuting patterns
in Haiti. The authors construct origin-destination matrices of
weighted connections between home and work locations to identify
fragmented labor markets in the country. Eitzel et al. evaluate the
potential of ‘medium-tech’ digital mapping technologies as solutions
for empowering disenfranchised communities in rural Zimbabwe. The
authors demonstrate that digital collaborative mapping with rela-
tively simple technology allows spreading information among rural
farmers in Zimbabwe. This case study demonstrates the potential of
geospatial data as a tool to address poverty and sustainability and
improve the well-being of the most vulnerable populations on our
planet. Marty et al. apply a Geographic Simulation and Extrapolation
(GeoSIMEX) approach to mitigate the spatial imprecision inherent in

the geoparsed data when evaluating the impact and success of in-
ternational aid and interventions projects. The authors present ana-
lysis of the impact of Chinese aid on vegetative land cover in Rwanda
and Burundi and find that Chinese investments have slowed the loss
of vegetation in Rwanda. Rivera Ballesteros et al. utilize satellite
imagery collected by Sentinel-2 satellite for supervised image classi-
fication to estimate the extent of tree cover in twelve gazetted forests
in semi-arid Burkina Faso. The authors show this source of imagery
allows to detect patches of forest cover in arid and semi-arid regions
that could not be identified with lower resolution imagery and eval-
uate the extent and characteristics of deforestation in these regions.
Finally, Goldblatt et al. discuss the challenges of measuring urbani-
zation in developing countries that lack the resources and infra-
structure needed to produce reliable data. The authors highlight the
potential use of publicly available remotely sensed data for mapping
changes in the built-up LC/LU in Ho Chi Minh City, Vietnam, in the
period between 2000 and 2015.
The invention of computerized Geographic Information Systems

(GIS) in the 1960s revolutionized how we collect, map and analyze
spatial data and give meaning to the world around us. With advances in
computer processing power and data storage, increased availability of
personal computers, the invention of the internet (the World Wide
Web) and the growing popularity of mobile and “smart” phones, the
volume of data we generate and consume is growing exponentially.
Devices on satellites, airplanes and UAVs collect massive amounts of
imagery that capture the characteristics of Earth. All these studies
featured in this special section illustrate novel research methods to
analyze these unique sources of data to achieve a better understanding
of the nature of developing countries.
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