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A B S T R A C T   

Traditional survey and census data are not sufficient for measuring poverty and progress towards achieving the 
Sustainable Development Goals (SDGs). Satellite Earth Observation (EO) is a novel data source that has 
considerable potential to augment data for sustainable rural development. To realise the full potential of EO data 
as a proxy for socioeconomic conditions, end-users – both expert and non-expert – must be able to make the right 
decisions about what data to use and how to use it. In this review, we present an outline of what needs to be done 
to operationalise, and increase confidence in, EO data for sustainable rural development and monitoring the 
socioeconomic targets of the SDGs. We find that most approaches developed so far operate at a single spatial 
scale, for a single point in time, and proxy only one socioeconomic metric. Moreover, research has been 
geographically focused across three main regions: West Africa, East Africa, and the Indian Subcontinent, which 
underscores a need to conduct research into the utility of EO for monitoring poverty across more regions, to 
identify transferable EO proxies and methods. A variety of data from different EO platforms have been integrated 
into such analyses, with Landsat and MODIS datasets proving to be the most utilised to-date. Meanwhile, there is 
an apparent underutilisation of fusion capabilities with disparate datasets, in terms of (i) other EO datasets such 
as RADAR data, and (ii) non-traditional datasets such as geospatial population layers. We identify five key areas 
requiring further development to encourage operational uptake of EO for proxying socioeconomic conditions and 
conclude by linking these with the technical and implementational challenges identified across the review to 
make explicit recommendations. This review contributes towards developing transparent data systems to 
assemble the high-quality data required to monitor socioeconomic conditions across rural spaces at fine temporal 
and spatial scales.   

1. Introduction 

Measuring poverty across the Global South, understanding its 
multidimensional determinants, and tracing its dynamics are central to 
the sustainable development agenda. The world’s poverty profile is 
overwhelmingly rural and young (Olinto et al., 2013). An estimated 80% 
of the world’s extremely poor and 75% of the moderately poor reside in 
rural spaces (Castañeda et al., 2018) – spaces that are often typified by 
fragile infrastructure, limited services, social marginalisation, and are 
exposed to increased vulnerability to global change impacts (Prato, 
2018; Leichenko and Silva, 2014). The UN’s call for a data revolution 
(IEAG, 2014) is necessary because the world lacks adequate data to 
accurately locate poverty incidence (Devarajan, 2013) and to monitor its 
dynamics across low- and middle-income countries (LMICs) (Randall 
and Coast, 2015; Ponte and Brockington, 2020). If the international 

community is to achieve the SDGs it needs the requisite data to measure 
rural poverty and development, and to build an evidence base to inform 
poverty alleviation policies (Castañeda et al., 2018). Here, we argue that 
data from Earth observing platforms are equipped to augment tradi-
tional survey data collection and could generate more comprehensive 
diagnostics of rural poverty and development across LMICs. But there 
are unresolved research requirements and implementational challenges 
that must first be navigated before EO can be operationally integrated 
into mainstream reporting methodologies. Ultimately, developing so-
cioeconomic metrics from EO data could improve poverty reporting, and 
evidence-based policymaking for rural spaces across LMICs. 

Governments, development organizations and non-governmental 
organisations (NGOs) require contextual characterisations of multidi-
mensional poverty that are frequent, extensive and at fine spatial scales. 
For this to be achieved, new tools are required to enable the detection 
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and visualization of economic and social dimensions of rural spaces. 
This can only be realised by integrating evolving technologies and non- 
traditional sources of data alongside conventional data such as surveys 
(Fritz et al., 2019). Satellite EO could deliver novel capabilities for 
measuring rural socioeconomic conditions. The unique benefits of sat-
ellite EO data include its temporal legacy and continuity, open source 
and comparatively low acquisition costs, availability across multiple 
spatial resolutions, and its intrinsic comparability and complementarity. 
The high frequency revisit capacity and multiple spatial resolutions 
could enable targeted interventions – particularly during intercensal 
periods, and where ground data are unavailable or where their collec-
tion is unfeasible (See et al., 2018; Desai et al., 2018). Satellite EO data 
can be leveraged alongside complementary non-conventional datasets 
to enhance conventional data by delivering more timely statistical up-
dates, together with accurate and spatially explicit datasets, at a low 
cost, and at finer scales of analysis than would otherwise be possible. 

South-North, North-South and South-South partnerships are critical 
to operational integration of satellite EO into poverty measurement and 
rural development (Anderson et al., 2017; Kavvada et al., 2020). There 
remains a burgeoning requirement to transfer EO expertise to end users 
– National Statistics Offices (NSOs) and National Mapping Agencies 
(NMAs) – to facilitate improved reporting and to deliver informed policy 
at the subnational level (Kavvada et al., 2020). Efforts are underway to 
create a coordinated, transparent data system where conventional and 
non-conventional data sources coalesce to enable sustainable societies 
(Espey, 2019). EO and geospatial data are well placed to support con-
ventional data collection for monitoring various SDGs (GEO, 2020). The 
Group on Earth Observations (GEO) EO4SDGs initiative is notable in its 
mission to catalyse uptake of EO to support the 2030 Agenda and it is 
covered in more detail in Anderson et al. (2017), Kavvada et al. (2020) 
and in the Group on Earth Observations (GEO) strategic action plan 
(GEO, 2020). The need for operational integration of EO with traditional 
socioeconomic data collection became more evident during the COVID- 
19 pandemic, where, due to restrictions, many countries were unable to 
track socioeconomic change because NSOs were either fully or partly out 
of operation (The World Bank, 2020). 

One promising use case for satellite EO is in the application of 
geographic targeting. Geographic targeting is the process by which in-
terventions are specified for a given context, and where the required 
methods to achieve these policy interventions are adapted to the loca-
tion or target group (Baker and Grosh, 1994; Bigman and Fofack, 2000). 
Targeting development interventions improves the efficiency and 
implementation of poverty alleviation programmes (Lang et al., 2013), 
and governments frequently make use of the geographic variability in 
spatial wellbeing in the planning of these interventions (Elbers et al., 
2007). Concentrating on finer administrative units produces more pos-
itive impacts on the outcomes of poverty alleviation strategies, partic-
ularly at the household and village scales (Elbers et al., 2003; Lang et al., 
2013; Elbers et al., 2007; Baker and Grosh, 1994). This is because 
multiple dimensions drive spatial poverty incidence, and the prevalence 
of each dimension varies in geographical space – even within house-
holds, where gender and age influence poverty realities. Spatial well-
being disparities are evident throughout the world: concentrations of 
poverty in some regions are juxtaposed by islands of prosperity in 
others, while socioeconomic conditions can vary across even finer 
intraregional scales (Bigman and Fofack, 2000). To visualise spatial 
poverty incidence, “poverty maps” are developed that rely on welfare 
indices derived from disaggregated household and population census 
data at local-scale administrative units (Elbers et al., 2003; Elbers et al., 
2007). The central requirement is more frequent data at the subnational 
scale to improve poverty reporting. This could be produced by 
leveraging satellite EO alongside survey data to augment targeting 
programs and enable near real-time monitoring to support policy in-
terventions and monitor their effect. 

The aim of this review article is to provide a foundation from which 
researchers and practitioners can develop new capabilities for 

measuring socioeconomic conditions at the requisite scales and fre-
quency by leveraging EO. We unpack methodologies for integrating EO 
for investigating socioeconomic conditions as non-causal proxies of 
rural poverty and the novel challenges that incorporating EO data pre-
sents. This is nested within the broader sustainable development agenda 
and aims to set out what our capabilities are and where research should 
be focused in the near-term. We review the literature and present a 
checklist for leveraging EO and geospatial data toward investigating 
rural poverty and development. 

2. Meeting the challenges of conventional socioeconomic data 
assembly 

2.1. The Earth observation data landscape 

Satellites have been capturing Earth observations since the launch 
the Landsat mission in 1972 and, in the past two decades in particular, 
satellite remote sensing has proliferated, catalysed by technological 
innovation and private investors (Fig. 1). The unique benefits of satellite 
EO data can be summarised by its temporal legacy and continuity, open 
source or comparatively low acquisition costs, availability across mul-
tiple spatial resolutions, and its complementarity and comparability. 

2.1.1. Temporal legacy and continuity 
The temporal legacy incorporates complimentary satellite-based 

sensors and is centred on the Landsat programme. Landsat has pro-
vided a stable time-series nearing five decades, and at high spatial res-
olution with diverse applications for different user groups (Loveland and 
Irons, 2016). Alongside Landsat, there are coarser spatial resolution but 
higher acquisition frequency satellite sensors such as the Moderate 
Resolution Imaging Spectrometer (MODIS) and Advanced Very High- 
Resolution Radiometer (AVHRR), alongside the Visible Infrared Imag-
ing Radiometer Suite (VIIRs) satellite mission (Kugler et al., 2019) 
(Fig. 1). Each satellite or sensor measures different regions of the elec-
tromagnetic spectrum at different spatiotemporal resolutions and can 
deliver synergistic EO data that can be fused to provide a multifaceted 
understanding of a target feature or system. The temporal continuity 
delivers unparalleled opportunities for users to establish baseline con-
ditions, monitor policy implementation, and track progress towards 
achieving sustainability indicators (GEO, 2017). With the launch of the 
European Space Agency’s (ESA) Sentinel-2 constellation in 2015, the 
synergistic high-resolution time-series will continue beyond 2030, 
alongside the continued operation of MODIS, VIIRS, AVHRR, and other 
present and future missions. For socioeconomic research applications 
this means that there is an open access data resource with a fifty-year 
legacy that is systematically assembled, carefully calibrated, and 
primed for integration alongside conventional and other non- 
conventional data sources (Kugler et al., 2019). 

2.1.2. Low costs and open accessibility 
Data produced by the United States missions and the European Space 

Agency’s (ESA) Copernicus programme are free (Andries et al., 2019), 
open and readily obtainable through web based EO data portals (e.g. 
USGS Earth Explorer or the Copernicus Open Access Hub) (Fig. 1). The 
requirement is a computer with an internet connection and the expertise 
and software to process the imagery. For non-specialists the technical 
requirements can present a significant barrier (Ramirez-Reyes et al., 
2019). However, these data are increasingly accessible through cloud- 
based interfaces (e.g., Google Earth Engine - GEE) where ready-to-use 
data can be accessed and analysed using the computational power of 
remote servers (Kumar and Mutanga, 2018) (Fig. 1). Any user can freely 
access satellite data products from a public catalogue, which contains an 
extensive repository of open access geospatial datasets, including optical 
and RADAR satellite data products, climatic and meteorological data, 
topographic variables, and socioeconomic data layers (Gorelick et al., 
2017). Most datasets are packaged so that users need not contend with 
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the complexities of data management or costly computational power – 
something that could be particularly advantageous for NSOs where 
budgets and manpower may be a constraint. The number of cloud-based 
platforms for EO data exploration has rapidly expanded since the 
inception of GEE in 2008, with the launch of public interfaces including 
NASA’s Earth Exchange (NEX) and the ESA’s Copernicus Data and In-
formation Access Services (DIAS), amongst others (Sudmanns et al., 
2020) (Fig. 1). This means that EO data is more widely available, in an 
accessible format that is ready for analysis. Most importantly the tech-
nical barriers for EO data integration by non-specialists are now more 
easily navigable. 

Ultimately, the goal of EO is to deliver low-cost, high-quality imag-
ery, with extensive spatial coverage and rapid re-visit frequency. As 
satellite remote sensing enters an era of rapid technological prolifera-
tion, a suite of sensors at higher spatiotemporal and spectral resolutions 
are increasingly available (Jain, 2020). Technological advances have 

catalysed a surge in privately operated and funded satellite missions 
composed by discrete sensors and constellations of microsatellites 
capable of delivering targeted and repeated measurements (GEO, 2017). 
This proprietary EO data has expanded considerably over the past two 
decades with the launch of Quickbird, WorldView, GeoEye, and Skysat 
missions, inter alia (Fig. 1). These very-high spatial resolution (VHR) 
optical EO satellites provide multispectral imagery with between 1 and 
3-day revisit frequency and at 30 cm- to 3 m spatial resolution (Sup-
plementary Materials: Table 1). Acquisition time is made possible by off- 
nadir viewing capabilities, that is, the sensor can be pointed to a region 
of interest even if this region is not directly in the orbital path of the 
satellite. However, this adds complexity to analysis due to differences in 
viewing angle and illumination (Watmough, 2017). The industry itself 
shows signs of moving towards a “distributed satellite” concept 
composed by smaller and lighter constellations of satellite that are 
cheaper to produce and to launch. This should drive costs down in the 

Fig. 1. Development of the Earth observation data landscape including key auxiliary data sources, platforms, and technologies. The availability and diversity of 
datasets that can be used in the geospatial exploration of socioeconomic conditions in rural spaces has proliferated across the last five decades. The different cat-
egories include optical and radar EO satellites and sensors, EO data portals, geospatial population and infrastructure data layers, cloud-based interfaces, and open 
access socioeconomic survey data. Dashed lines mean that data sources are not operational, while dashed lines with discrete points represent the availability of a 
dataset for a single year. Filled lines represent continuous data availability or platform operation. 
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future and bring very high-resolution imagery more in line with open 
access datasets. Lower costs mean increased accessibility to more user 
groups but at present the higher pricing of very high-resolution imagery 
is a considerable obstacle. 

2.1.3. Spatial resolutions and comparability 
EO datasets can be used to directly measure certain SDG indicators 

(e.g., forest loss) but for socioeconomic indicators the main application 
is to deliver non-causal proxies that support conventional survey infor-
mation, and where it can be used to validate in-situ data (e.g., household 
surveys). EO data can also facilitate disaggregation alongside socio-
economic data to support sub-national assessments (GEO, 2017). This is 
made possible by the range of spatial resolutions available across EO 
platforms, from local and sub-national, to national, regional and global 
scales (Fig. 1). EO data are consistent and comparable. By leveraging EO 
data, this facilitates comparison between subnational areas, but also 
among countries. This offers a level of standardisation for comparing 
statistics as part of a transparent data system (GEO, 2017). Notwith-
standing, in the case of proxying socioeconomic conditions, there re-
mains a lack of consensus as to the transferability of measurement 
approaches and hence true standardisation has not yet been achieved 
(see Section 4.2). 

2.1.4. Complementarity 
As well as offering complementarity with statistical approaches, 

fusing complimentary EO data products can augment existent mea-
surement capabilities. Herein, data interoperability (generating com-
parable results with different sensors) and complementarity (adding 
information by integrating two or more satellites or sensors) are of 
particular interest (Lehmann et al., 2015). Data fusion works by inte-
grating remote sensing data from different sensors to generate a new 
data product containing additional information compared to that which 
could be derived from a single source (Joshi et al., 2016). The fusion 
process exploits differences in mode of acquisition, and spectral and 
temporal resolutions to overcome some of the limitations of single- 
source imagery by synthesising data with synergistic information on 
land or object properties (Joshi et al., 2016). For instance, synthetic 
aperture radar (SAR) and optical sensor data can be fused into data 
products that have a range of potential applications for producing social- 
ecological variables relevant to rural development including land cover 
(Symeonakis et al., 2018; Chatziantoniou et al., 2017; Dusseux et al., 
2014), above-ground biomass (Lehmann et al., 2015), deforestation and 
degradation (Ryan et al., 2012), and crop identification and monitoring 
(Forkuor et al., 2014; McNairn et al., 2009). 

2.2. Challenges in assembling conventional socioeconomic data 

The advantages of EO data are contrasted by the challenges 
encountered when assembling conventional socioeconomic data. Pop-
ulation censuses and household sample surveys are the traditional mode 
of data assembly on socioeconomic conditions for measuring poverty 
and development. The typical periodicity of census enumeration is 10- 
years. During intercensal periods, nationally representative household 
surveys can be used to inform specific data gaps and are ordinarily 
conducted over 3 to 5-year intervals (Blumenstock et al., 2015). These 
include the Demographic and Health Surveys (DHS; DHS, 2021), The 
World Bank’s Living Standards Measurement Study (LSMS; The World 
Bankm, 2021), and UNICEF’s Multiple Indicator Cluster Surveys (MICs; 
UNICEF, 2021) (Fig. 1). These surveys deliver intercensal socioeconomic 
data and are typically integrated with census data to supplement un-
derstanding and increase coverage (Elbers et al., 2003). Census and 
household surveys are critically important for providing the funda-
mental socioeconomic data that cannot be assembled from satellite 
imagery and novel technologies alone. For example, the Sustainable 
Development Solutions Network (SDSN) estimates that interim surveys 
alongside consumption, agricultural and labour force surveys stand to 

deliver 26 percent of the data required across the SDGs (Espey, 2015). 
However, these surveys carry limitations – particularly in terms of cost 
and coverage. The estimated costs for gathering socioeconomic infor-
mation for the SDGs range from 300 million USD per annum (Demom-
bynes and Sandefur, 2014) to close current survey gaps, to as much as 
253 billion USD for the total lifetime of the SDGs (Jerven, 2014). 

The timescales over which data are collected prevents continuous 
survey-based monitoring of poverty dynamics. The census provides a 
static snapshot of socioeconomic conditions in each country and interim 
surveys may provide static updates. Where census and survey data are 
the exclusive sources of information, the viability of policy can only be 
assessed along these timescales and when socioeconomic changes occur 
between enumeration efforts it is often difficult to isolate the finer-scale 
drivers of change. The lag between census enumeration, analysis and 
data dissemination could risk policymakers crafting policies using out- 
of-date information due to population growth and dynamic migration 
patterns (Njuguna and McSharry, 2017). Meanwhile the nationally 
representative scale of interim surveys precludes some finer levels of 
disaggregated within-country poverty assessment. These factors impede 
the development and implementation of standardised approaches to 
tracking finer scale trends and formulating policy (Devarajan, 2013), 
and the formulation of context-specific recommendations and targeted 
interventions (Watmough et al., 2019). Finally, in regions experiencing 
political disorder or conflict, intercensal periods may be larger and 
interim surveys completely absent, resulting in a dearth of data (Blu-
menstock, 2016). The response should be to vastly increase the coverage 
of household surveys to provide the necessary data on an annual basis. 
However, this is prohibitively expensive, and the volume of data would 
fast overwhelm chronically underfunded NSOs. Even if vast amounts of 
funding were assembled, by the time the logistical complexities of this 
mass enumeration were determined, the SDG deadline of 2030 would be 
upon us. 

3. Integration of EO and survey data for poverty estimation 

3.1. Rural poverty and EO data 

The underlying principle behind integrating EO data into the anal-
ysis of socioeconomic conditions is this: certain natural and artificial 
landscape features that can be detected from space are also commonly 
associated with human wellbeing, and this is premised on observed link-
ages between rural populations and environmental spaces (Okwi et al., 
2007; Watmough et al., 2013a, 2013b). These landscape features have a 
location and associated attributes that can be mapped by satellite EO 
platforms. EO data can be used to construct proxies for indictors of so-
cioeconomic conditions by identifying statistical relationships between 
the metrics and socioeconomic data. The central idea is not to collapse 
all poverty measurement into a minimal set of satellite indicators. 
Rather, satellite derived EO data products should be used to estimate 
different dimensions of poverty and socioeconomic conditions by proxy 
to support data derived from census and surveys. This is achievable 
across scales that cannot be covered by survey information alone due to 
comprehensive spatiotemporal data coverage. 

Human wellbeing is a complex social phenomenon and applying 
uniform approaches to poverty measurement across large spatial scales 
risks obscuring contextual drivers. However, certain patterns are 
evident across rural spaces in LMICs that could characterize how EO 
data can support survey data. We know there is a greater incidence of 
chronic poverty in rural spaces (Castañeda et al., 2018). While small-
holder agriculture is a dominant source of income for the rural poor 
(Asfaw et al., 2019). Rural households rely, to varying extents, upon 
ecosystem services provided by the surrounding environment and which 
comprise natural capital assets that are often an important determinant 
of wellbeing. These shape livelihood strategies and deliver an essential 
source of income (Angelsen et al., 2014). Furthermore, household in-
come diversification is a mainstay of rural economies, but the challenges 
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of remoteness, accessibility and capability are key to shaping livelihood 
diversification outcomes and rural wellbeing (Fisher et al., 2014; Niel-
sen et al., 2013; Barrett et al., 2001). This is not to say that these sym-
metries apply equally within and between rural communities; however, 
when considering the contextual drivers of poverty, we need first 
consider the known determinants of wellbeing before refining mea-
surement approaches to characterise poverty realities. In the case of 
incorporating satellite EO, this means deciding what data products are 
best suited to achieving this. Most important is an iterative under-
standing of the socioeconomic, ecological, and political context of a 
region of interest informed through partnerships (local to governmental) 
to focus the application of EO. 

3.2. Applying EO data to poverty estimation 

Satellite EO can deliver auxiliary data, in the form of high spatial and 
temporal resolution data to provide spatially explicit insights into so-
cioeconomic conditions. These can be fused with conventional survey 
data and compared between regions and countries to proxy poverty and 
development during intercensal periods at fine spatial and temporal 
scales. We conducted a review of scientific publications that investigate 
the emerging applications of EO for proxying socioeconomic conditions 
and monitoring poverty in rural spaces with a focus on LMICs. The re-
view followed a replicable protocol that combined a methodical search 
with a thematic synthesis. This is covered in greater detail in the Sup-
plementary Materials. During the first phase, publications were assem-
bled by entering a predefined selection of keywords into two online 
databases: Web of Science and Google Scholar. Database searches were 
conducted in July and August 2020. For Web of Science, this comprised 
a two-phase approach where primary and secondary search strings 
based on Boolean operators were used to assemble peer-reviewed pub-
lications. Publications gathered through the search phase were sub-
jected to predefined inclusion criteria (e.g., article includes rural focus, 
and the research was conducted in a LMIC country). The second stage of 
the review process involved a thematic review. We developed a simple 
procedure to examine the methodological approaches for each research 
case. This included: (i) year of publication, (ii) statistical approach, (iii) 
geographic location of case study(ies), (iv) spatial scale of analysis 
(household, community, district, province, national etc.), (v) poverty 
measure in focus, (vi) remote sensing acquisition characteristics (satel-
lites, sensor(s), and spatio-temporal resolution), and (vii) remotely 
sensed proxies. The central objective of this review was to characterize 
these approaches and to consider the relative efficacy of each approach 
as a means to produce improved spatio-temporal data on rural poverty 
and socioeconomic conditions. 

We focused on the findings of the papers reviewed to produce a 
roadmap for the operational integration of EO data into sustainable rural 
development and monitoring the socioeconomic targets of the SDGs. 
The number of published peer-reviewed articles concerned with the use 
of EO datasets for poverty and human wellbeing analysis has steadily 
increased since the turn of the millennium alongside the development of 
the EO data landscape (Fig. 1). The literature review search returned (n 
= 30) papers and the research is concentrated across three main regions: 
West Africa, East Africa, and the Indian Subcontinent (Fig. 2). 

Most studies combined satellite and socioeconomic data using a 
geographic information system (GIS) approach. Satellite data is most 
often linked by using polygons to delimit social ‘areas’ such as districts, 
villages, clusters and enumeration areas (Table 2: Supplementary Ma-
terial). EO metrics are extracted and related statistically to the socio-
economic conditions of households within these polygons. In cases 
where poverty measures were discrete point locations such as DHS 
cluster centroids (Jean et al., 2016; Zhao et al., 2019), cell phone towers 
(Steele et al., 2017) or village centroids (Watmough et al., 2016), 
polygons were created to replicate village boundaries or cell phone 
tower extents. The reasoning behind studies creating spatial extents is to 
estimate the landscape used by the community in question and therefore 
has some influence on poverty and livelihoods. Most studies used a 
single level approach to link poverty with EO data, where everything in 
the ‘delimited social area’ could be considered equally accessible and 
applicable to households and communities. But reality is typically more 
complex, and the socio-ecological conditions of communities in one 
region will differ from those of another. Recent research by Watmough 
et al. (2019) developed a multi-level model of rural household poverty 
informed by the socio-ecology of the area of interest. They were able to 
improve the predictive capacity by capturing how individual households 
utilise and interact with different aspects of the landscape. 

3.2.1. Satellite, sensors, and data products in use 
The most routinely integrated satellite data products were derived 

from Landsat (n = 10), followed by the Moderate Resolution Imaging 
Spectrometer (MODIS) (n = 8), and the Visible Infrared Imaging Radi-
ometer Suite (VIIRs) (n = 6). Very-high resolution (<3m spatial reso-
lution) imagery from a range of satellites were leveraged in (n = 6) 
cases. There are many more satellites and data products yet to be inte-
grated for socioeconomic analysis – particularly the European Space 
Agency’s Sentinel missions. The recent launch of the Sentinel platforms 
means that we are only now entering a phase in which they can be 
operationally integrated with available survey and census data. This is 
because contemporaneous satellite data is typically selected when 
linking with socioeconomic data. 

Fig. 2. Geographic distribution of research case studies considered across our review. Research to-date is primarily distributed across east and west Africa and the 
Indian Subcontinent. Countries highlighted in green are from studies (n = 25) that focused on ≤5 countries in their analysis. We do not include (n = 5) studies on this 
figure due to the scale of analysis, where the research was conducted across ≥5 countries. The figure highlights the need to expand satellite EO exploration of rural 
poverty and development to Central and South America, the transcontinental Middle East, South Asia and the wider sub-Saharan African region. (For interpretation 
of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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VHR data have been used the less frequently, and this is likely due to 
the high relative cost of these data, which limits wider scale usage at 
present. Although agreements with international agencies and avail-
ability of data for humanitarian purposes is likely to result in these being 
more widely accessible in the near future. VHR data – capable of 
providing information for areas as fine as single domestic household unit 
– offer unique opportunities for dis-aggregated spatial statistics on 
poverty and development. In a rural context this could include infor-
mation on the size and number of buildings composing a homestead; 
spatial proximity to agricultural land, pasture and forest; or the pro-
portion of agricultural land use classes within a homestead (Fig. 3). 

These can be linked to a household location to provide a socio- 
ecologically informed characterisation of poverty (Watmough et al., 
2019). 

The Normalised Difference Vegetation Index (NDVI) (n = 14) was the 
most widely used data product, alongside land use and land cover 
mapping (n = 19), and also Night-time Lights (NTL) data (n = 11). In a 
rural context, NDVI is used more often as a proxy for crop cycles and as 
an indicator for the length of agricultural seasons rather than an indi-
cator of greenness per se. This provides important information on 
agricultural productivity, which is often associated with rural poverty 
because longer growing periods can be indicative of higher yield, which 

Fig. 3. Multi-level requirements for estimating 
socioeconomic proxies from Earth observation 
data. Demonstrates the different levels of anal-
ysis required for estimating socioeconomic 
proxies from EO data by better characterising 
how rural communities use landscapes, their 
remoteness and connectivity to peri-urban and 
urban centres. (1) At the household level, 
poverty can be proxied using EO derived classi-
fications of building roof type, building size, 
agricultural field size, which often require very- 
high spatial resolution satellite imagery (VHR). 
(2) At the community level, poverty can be 
characterised by the types and amounts of roads 
connecting the community, and evidence of 
services such as schools and markets, all of 
which can be extracted from open public data-
bases such as OSM, alongside a combination of 
high-resolution and VHR satellite imagery. (3) 
At the regional scale, poverty can be partly 
characterised by access to larger towns and cit-
ies, agricultural productivity, and evidence of 
environmental shocks including droughts and 
floods, which can be extracted from medium and 
moderate resolution EO data.   
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can produce higher incomes (Okwi et al., et al., 2007; Christiaensen 
et al., 2006; Christiaensen and Demery, 2007). This is especially 
important for rural, agrarian populations where increasing the produc-
tivity of smallholder agriculture could reduce poverty and deliver 
improved food security (Burke and Lobell, 2017), which links SDGs 1 
(No Poverty) and 2 (Zero Hunger). 

NTL data are commonly used across the literature as a proxy for gross 
domestic product (GDP) in urban areas (Doll et al., 2006). However, the 
use of NTL across rural contexts in LMICs can be very limited due to low 
levels of electricity and limited prevalence of street lighting (Dugoua 
et al., 2018). For example, Doll and Pachauri (2010) estimated that 1.5 
billion people live in spaces without access to electricity and are 
consequently undetectable by NTL data. NTL have been applied most 
effectively to a rural setting by using them as a marker for development 
and integrating them into transfer learning models where they have 
been leveraged to detect landscape features of development in daytime 
imagery (Jean et al., 2016; Yeh et al., 2020). NTL can also offer data on 
rural–urban transitions (Bennett and Smith, 2017) and this is important 
for understanding urbanization and rural–urban migration patterns and 
how these interact with poverty dynamics. 

The use of different data products varied in different studies. The 
proportion of different land cover types within populated areas or 
administrative regions were often linked to different determinants of 
poverty including ecosystem services or livelihood strategies. Land 
cover maps were created manually using primarily Landsat and MODIS 
(Watmough et al., 2013a, 2013b, 2016, 2019; Malmborg et al., 2018; 
McNally et al., 2011). While existing land cover data products were also 
used (Berchoux and Hutton, 2019; Berchoux et al., 2019; Zhao et al., 
2019; Bosco et al., 2017; Steele et al., et al., 2017; Pokhriyal and Jac-
ques, 2017; Okwi et al., 2007). These offer processed land cover prod-
ucts in a more analysis ready format and include the European Space 
Agency’s MERIS GlobCover dataset (http://due.esrin.esa.int/page_glob 
cover.php); SYNMAP joint 1-km global land cover product (Jung 
et al., 2006); the National Geomatics Centre of China GlobLand30 
dataset (http://www.globeland30.org/home_en.html); the Indian Space 
Research Organisation Bhuvan Landcover dataset (https://bhuvan.nrsc. 
gov.in/bhuvan_links.php); the Food and Agricultural Organisation 
AFRICOVER Land cover dataset (Kalensky, 1998); and MODIS land 
cover (NASA, 2021). 

3.2.1.1. Combining data products. Most articles (n = 20) combined 
different optical EO data products to derive interacting proxies. Here, 
Landsat and MODIS data products were the most commonly integrated. 
Fewer studies (n = 4) combined disparate data products, that is, data 
products collected by distinctly different means, such as using optical 
and RADAR data or mobile phone call data records (Pokhriyal and 
Jacques, 2017; Steele et al., 2017; Elvidge et al., 2009; Okwi et al., 
2007). Satellite RADAR data was integrated for topographical (e.g., 
elevation and slope) data products (Steele et al., 2017; Pokhriyal and 
Jacques, 2017; Elvidge et al., 2009; Okwi et al., 2007), but it was not 
leveraged for measuring vegetative biomass. These data products are 
key to understanding ecosystem services provision and agricultural 
conditions across rural spaces. 

There was also limited integration with other non-conventional data 
sources such as commercial data (e.g. mobile phone call data records - 
CDRs). CDRs were integrated with EO data in two studies (Steele et al., 
2017; Pokhriyal and Jacques, 2017). Pokhriyal and Jacques (2017) 
found that by using combined CDR-EO models in Senegal, the statistical 
outcomes improved compared to EO-only statistical models. While in 
Bangladesh, Steele et al. (2017) found a moderate improvement by using 
combined CDR-EO models for rural strata due to the coarse spatial 
resolution of the CDR data. The CDR data is spatially tied to cell towers 
which can be separated by large distances in rural regions, effectively 
creating coarse spatial resolution CDR data. Moreover, CDR data are 
limitedly accessible, typically expensive, and in using them we assume 

that everyone has access to a mobile phone. Like VHR satellite imagery, 
CDRs will likely become more accessible in the future where their 
application has a humanitarian focus. For example, CDRs and satellite 
data were recently combined with machine learning in Togo to rapidly 
identify households in need of humanitarian assistance through targeted 
unconditional cash transfers, in response to COVID-19 (Marchenko, 
2021). However, there are important ethical dimensions to consider 
here, such as whether people want their personal data to be used in this 
way, and if the ‘invisible millions’ want to be visible in the first instance. 

3.2.1.2. Geospatial population and demographic datasets. There was a 
limited integration (n = 6) of geospatial population and demographic 
datasets such as WorldPop (https://www.worldpop.org/), the High 
Resolution Settlement Layer (HRSL; https://www.ciesin.columbia.edu 
/data/hrsl/), Geo-Referenced Infrastructure and Demographic Data for 
Development (GRID3; https://grid3.org/), the Global Human Settle-
ment layer (GHSL; https://ghsl.jrc.ec.europa.eu/), or Open Street Map 
(OSM; https://www.openstreetmap.org/) (outlined in Fig. 1). These 
datasets are rapidly evolving alongside EO data and have significant 
future potential to update understanding of population dynamics in 
rural spaces. Population estimation data such as WorldPop, GRID3 and 
the Global Rural Urban Mapping Project (GRUMP; http://www.ciesin. 
org/documents/grump.pdf) could be used to identify the location of 
rural populations at a finer temporal scale than census or administrative 
units allow. Integrating measurements of poverty derived from remotely 
sensed data with these population locations could provide incremental 
temporal information that does not currently exist. For example, the 
population density estimates provided by WorldPop and HRSL could 
also be used as a proxy for regional social capital availability. Finally, 
the increasingly detailed data available from OSM on infrastructure 
could be an ideal dataset to integrate with existing methods as it can 
provide proxies for road density, road type, and the presence of 
important services such as schools and hospitals (see for example the 
Mapwith.ai project; https://mapwith.ai/). These data can be used sim-
ply to indicate how many roads and paths are available and their quality 
can be related to poverty measures (Fig. 3). Or they can be used to 
develop more comprehensive information such as access to towns, cities, 
and important resources such as hospitals and markets by estimating 
travel time by fusing with optical imagery and deriving a cost surface 
(see Watmough et al., 2016). This can inform policy to tackle the chal-
lenges of remoteness, accessibility, and capability of remote 
communities. 

Each study adopted a different approach to leveraging satellite EO 
data for monitoring poverty. This was due to several reasons such as the 
spatial extent of the study areas and type of socioeconomic data avail-
able. However, the lack of consistent research methods and approaches 
has important implications for defining future research directions. 
Collectively, the research considered in this review contributes to 
developing the knowledge base underpinning the integration of EO for 
rural socioeconomic analysis. But significant challenges remain if the 
research community is to effectively integrate EO data for rural devel-
opment research and ultimately to package data products and establish 
best practice protocols for end-users. 

4. Roadmap for using EO in mapping and monitoring 
sustainable rural development 

Based on the literature review we have identified five research re-
quirements that should govern the direction of focus for furthering the 
use of EO data in sustainable rural development in the near-term. 

4.1. Multi-spatial analyses 

The value of EO data is clearly the ability to monitor change across 
multiple spatial scales. This will enable the aggregation of satellite 
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proxies with survey data and will improve understanding of spatial 
poverty dynamics. In a policy context it could provide a link between the 
coarser scale at which policy is typically applied (e.g., provincial) and 
the fine scale (intra-household) at which policy outcomes are expected. 
For example, to better understand the characteristics of different social- 
ecological systems, VHR imagery can be fused with socioeconomic data 
to develop a multi-spatial consideration of how populations interact 
with their environment (Watmough et al., 2019). By creating mean-
ingful objects from household, community, and broader scales, satellite 
EO proxies can be extracted for each socially constructed level to create 
a spatial database of landscape uses and features for a region of interest. 
Contextual landscape characteristics at each level can be statistically 
related to household poverty data (Fig. 3). VHR imagery remains 
expensive. However, recent research by Ayush et al. (2020), who 
developed a reinforcement learning methodology to target the acquisi-
tion of VHR imagery, found that this reduced the number of required 
VHR images by 80%. Lowering costs of VHR data alongside novel ap-
proaches to target image acquirement could bring these data more in 
line with open access EO datasets and improve accessibility to more user 
groups, meaning that methods developed by Watmough et al. (2019) 
could be adapted and applied more widely. 

A key finding reported across articles was that at different scales of 
analysis predictive capacities varied for different EO metrics (Robinson 
et al., et al., 2007; Okwi et al., 2007). For instance, Okwi et al., tested 
satellite EO metrics at national and provincial levels in Kenya and 
established different prediction strengths at different spatial scales. 
Arguably, the two levels should be used to determine different aspects of 
local poverty and wellbeing. This is because district level characteristics 
will have an impact on local (village or household) level poverty. Rather 
than investigating how district level poverty is related to district level 
EO data, we should instead focus on what proxies at the district level can 
be extracted from EO data and relate this to local-scale poverty to sup-
port local proxies that are also required. Berchoux and Hutton (2019) 
show how participatory rural appraisals can be used to inform the fusion 
of satellite imagery with census information to map the accessibility of 
sustainable livelihood capitals at community (common pool assets) and 
household (private assets) scales. The authors established distinct spatial 
patterns for accessibility within and between common-pool assets and 
private assets across the Mahanadi Delta in India. In subsequent analyses 
(Berchoux et al., 2019; 2020) the researchers established that accessi-
bility to sustainable livelihood capitals at the household and community 
levels was an important determinant of precarious agricultural 
employment and vulnerability to climatic shocks. These findings 
emphasise the need to produce disaggregated data on poverty and 
human wellbeing using EO data products for development indicators – 
in particular Goals 1 (End Poverty), 2 (Zero Hunger) and 11 (Sustainable 
Cities and Communities) of the SDGs. 

4.2. Methodological transferability 

Given the divergent socioeconomic contexts of rural spaces across 
the Global South, research into the utility of EO for monitoring poverty 
should be expanded to more regions to identify transferable EO proxies 
and methods. We found a geographic concentration of research location 
across the articles considered in our review (Fig. 2). The way in which 
poverty should be proxied by EO will inevitability differ in South Asia 
compared to sub-Saharan Africa or Central America. Proxies will also 
differ across urban, rural and agro-ecological contexts. For instance, in 
the rural context, proxies have been found to vary with agro-ecological 
conditions and climatic systems (Berchoux and Hutton, 2019; Berchoux 
et al., 2019). This means that a methodology developed for an area is not 
expected to transfer with ease to the other. Therefore, we need to better 
understand what the precise boundaries for methodological trans-
ferability are. The only way to achieve this is to expand data exploration 
and experimentation to identify the type of EO metrics that are related to 
poverty in different locations. 

The application of the same methods, EO data, and socioeconomic 
indicators across different contexts was tested in (n = 8) papers (Okwi 
et al., 2007; Sedda et al., 2015; Jean et al., 2016; Bosco et al., 2017; Head 
et al., 2017; Perez et al., 2017; Zhao et al., 2019; Yeh et al., 2020). Two 
research cases established a level of methodological transferability 
(Bosco et al., 2017; Zhao et al., 2019). However, researchers in each case 
stress the necessity to validate and calibrate any model if applied to a 
different context due to the variability in prediction capacity. In 
particular, Bosco et al. (2017) suggest the variability in model perfor-
mance underscores the need for context-specific approaches. It cannot 
be assumed that indicators of socioeconomic conditions across LMICs 
tell the same story for each context. In isolation these approaches could 
produce negative outcomes for the poorest populations. However, this 
does not negate the utility of such research. These approaches should be 
used as part of a triangulated targeting of methodologies, where broader 
scale analyses should inform geographic targeting at finer scales of 
analysis. Ultimately, this should rely on participatory appraisals and on- 
the-ground partnerships to inform and validate observed approaches 
and associations (See Berchoux and Hutton, 2019; Berchoux et al., 2019; 
Berchoux et al., 2020; Malmborg et al., 2018; and Watmough et al., 
2013a, 2013b, 2016, 2019). 

4.3. Multi-temporal monitoring 

All papers considered in this review measured poverty or human 
wellbeing at a single point in time. This is a necessary step when testing 
the applicability of EO metrics for measuring socioeconomic conditions 
because of economic development and the rapid nature of population 
dynamics. However, this snapshot estimation of socioeconomic condi-
tions does not tell us how the EO proxies behave at different points in 
time for the same region of interest. It is possible that a significant as-
sociation established through a static analysis could be an artefact and 
therefore considerable uncertainty remains. The clearest value of EO 
data for monitoring socioeconomic conditions is the frequency with 
which the data can be updated (weekly is currently possible – albeit with 
spatial resolution handicap). 

Multi-temporal monitoring is a complicated task because of the 
limited number of panel surveys needed to validate observed associa-
tions between poverty and EO data metrics. We found one paper that 
considered multi-temporal monitoring, but the prediction accuracy was 
limited, and this was attributed to discontinuous spatially explicit sur-
vey data (Yeh et al., 2020). Yeh et al. (2020) also suggest that the pre-
dictive performance of fine-scale temporal models are inevitably limited 
due to the temporal change in the value of a poverty metric being 
comparable to year-to-year noise in a dataset. However, this assumes 
socioeconomic development is slow in all contexts across LMICs, which 
may be true in selected circumstances and at certain points in time. 
However, this assumption cannot be implicitly inferred without first 
investigating multi-temporal models along different temporal scales and 
across different contexts. Therefore, there is a need to test EO prediction 
accuracy on longitudinal and panel datasets across LMICs to assess 
sensitivity to change. By doing this, we will better understand how EO 
can provide socioeconomic data across fine temporal scales to inform 
development indicators. 

4.4. Proxying different wellbeing metrics 

Across our review, most articles leveraged EO to predict a single 
dimension of poverty (e.g., asset index) derived from a sole source (e.g. 
DHS data). Fewer articles predicted individual indicators of wellbeing 
(e.g., female literacy and child malnutrition) (Watmough et al., 2013a, 
2013b; Bosco et al., 2017; Head et al., 2017) or different poverty metrics 
derived from various sources (e.g., assets or a multi-dimensional poverty 
index). For example, Steele et al., et al. (2017) developed satellite EO 
proxies to predict three wellbeing indicators (derived from different 
survey instruments) and established a different predictive capacity for 
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each. Similarly, Head et al. (2017) found their EO approach could pre-
dict wealth-based poverty, but it did not effectively generalise to 
proxying other development indicators. 

The poverty metrics used in each study were derived from secondary 
data. This means researchers have no control over the resultant survey 
data and therefore the types of poverty indices that can be created. 
Socioeconomic conditions are therefore estimated based on whatever 
information is available for a given context. This has important impli-
cations because there are subtle differences between different poverty 
metrics and each metric tells a different story about the underlying so-
cioeconomic conditions. The predictive capacity of different EO proxies 
for different poverty metrics is therefore an important consideration, 
particularly for NSOs and for informing international organisations (e. 
g., UNICEF or FAO) for whom the subtle distinctions between poverty 
metrics are key. If, in a given context we know an EO approach can 
accurately predict an asset index but do not know how well it predicts 
multi-dimensional poverty or income, then there remains considerable 
uncertainty as to the predictive capacity and transferability of the 
approach. 

Consideration is needed as to the temporal uncertainty associated 
with each EO proxy. Predictive capacity will vary through time because 
of changes in satellite image characteristics and elasticities in socio-
economic metrics. Moreover, it is crucial to consider how applicable a 
socioeconomic metric is to a region of interest. For example, consump-
tion data is universally applied to derive poverty lines, but this omits 
important facets of rural wellbeing and development, for example, 
productive assets in the form of land and livestock ownership (Brock-
ington et al., 2021). In places where productive assets are important 
determinants of long-term prosperity, a simple poverty index could not 
tell the full story. This means deriving and predicting multiple poverty 
metrics where possible and triangulating understanding of local condi-
tions with on-the-ground partnerships. 

Given the various methods by which poverty can be examined, there 
is an implicit argument for triangulation. That is, the considered inte-
gration of different methodologies to assemble data (Munafò and Smith, 
2018). If the results of different approaches converge, then this consis-
tency should produce robust insights. Combining different approaches 
lends itself to poverty analysis due to its multi-dimensional nature. By 
leveraging EO to predict various measures of poverty in a given context 
it will be possible to answer those central questions concerning what 
conditions are changing and why – not least to assemble different 
streams of evidence to corroborate observed trends. With the increasing 
uptake in multi-dimensional poverty approaches there is an impetus to 
continue producing multiple measures of poverty where possible as each 
approach has different uses and capacities to inform development 
indicators. 

4.5. Integrating disparate datasets 

There are different roles to be performed by different satellite EO 
datasets and derived products. Operationalising the integration of 
different EO sensors and data products along with non-conventional 
data sources such as volunteered geographic information, social-media 
data, and mobile phone or call data records will provide more 
nuanced information on socioeconomic conditions. In two research 
cases satellite EO data products were integrated alongside mobile phone 
call data records (Pokhriyal and Jacques, 2017; Steele et al., 2017) but 
the researchers established varying outcomes (detailed in Section 4.2). 
Moreover, across the review satellite RADAR data was leveraged for 
topographical data but not was not integrated for measuring vegetative 
biomass. Given the frequent integration of NDVI and optical data for 
mapping vegetation and agriculture across the reviewed literature, it is 
possible that the technical requirements for analysing RADAR data 
present a barrier to integration. Promoting the use of RADAR data 
should be a priority across the research and development communities. 
RADAR offers unique advantages for mapping vegetation and 

agriculture – particularly when fused with optical imagery. This high-
lights the need to test the integration of different types of data. In doing 
this, it will be possible to exploit the complementarity of different 
datasets to improve data coverage and potentially prediction accuracy. 

There are barriers to integrating disparate datasets. For example, the 
most vulnerable in society are often ‘invisible’ in national statistics and 
are unlikely to have mobile phones. Using non-conventional data sour-
ces therefore needs to be carefully considered. If we are to ensure the 
2030 agenda remains a “people centred” framework, we should ensure 
that measurement does not exclude the most vulnerable (Bidarbakhtnia, 
2020). To avoid this, we should also focus on identifying where the 
‘invisible millions’ are as well as estimating their socioeconomic con-
ditions. This has been made increasingly possible through population 
estimation projects such as WorldPop, GRID3 and HRSL. However, 
ensuring these population estimations are accurate even in the most 
remote and isolated regions of LMICs will vastly improve our ability to 
locate the poorest populations, and, to quote the SDG mantra, “leave no 
one behind”. This will enable the production of more frequent, dis-
aggregated statistics for those populations who are furthest behind and 
where policy needs targeting to alleviate extreme poverty. 

5. Practical implementation of EO data 

There are considerable technical and implementational challenges 
encountered in implementing EO for monitoring socioeconomic condi-
tions. These challenges include capacity development, establishing best 
practice protocols, reconciling the ethical dimensions of leveraging EO 
for socioeconomic research, and enabling ground truthing and valida-
tion efforts alongside the development of EO proxies for rural 
development. 

5.1. Capacity development and a rural development observatory 

One of the more complex processes is supporting the routine inte-
gration of satellite EO data into national data systems, where capacity 
development remains a central challenge. Senthil Kumar et al. (2020) 
developed a conceptual framework to enable coordinated capacity 
development for EO data integration among signatory nations of global 
development agendas, particularly the SDGs. They found that global 
efforts to facilitate capacity development have been confounded by 
limited coordination among agencies offering capacity development 
efforts (Senthil Kumar et al., 2020). However, efficient targeting of ca-
pacity development can be achieved, and will be most effective where 
countries can identify their institutional and technical requirements 
(Senthil Kumar et al., 2020; Balogh, 2011). Horizontal and vertical co-
ordination of satellite EO capacity development among institutions 
within each country needs to be managed to implement the SDGs 
(Kavvada et al., 2020). This model should be replicated in the integra-
tion of EO into rural development indicators. For example, in LMICs 
with persistent extreme poverty, the cycle of proxy development should 
start at the local scale where proxies can be co-created and calibrated 
iteratively to deliver meaningful data. This is only achievable if there is 
EO capacity across institutional levels alongside effective coordination 
of data collection. Only then can countries produce spatially dis- 
aggregated data to enable implementation of the SDGs across scales. 

A second and equally important component necessary to enable the 
effective integration of EO data for rural development is a web-based 
resource that compiles datasets, tools and practical guidance to help 
end-users to make informed decisions on the integration of EO data for 
rural development monitoring. This ‘Rural Development Observatory’ 
could be built on similar architecture to the toolkit developed by the 
EO4SDGs initiative and UN Habitat for SDG11 (Sustainable Cities and 
Communities) (https://eo-toolkit-guo-un-habitat.opendata.arcgis.co 
m/). The toolkit can be informed by learnings taken from the research 
requirements discussed in Section 5. For example, once the issues of 
transferability, predictive capacity, scale and temporal monitoring have 
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been resolved the requisite EO datasets, tools and products can be 
centralized. Data collection and policymaking for rural development 
need to be coordinated in much the same way as capacity development. 
Such an open access platform could offer a space for knowledge sharing 
and partnership development. As far as the authors are aware, this is 
something that does not currently exist for the indicators and targets of 
the SDGs pertaining to rural development. 

5.2. Ethics and ground truthing 

5.2.1. Ethics and a rationale for partnerships 
Acknowledging the limitations and particular challenges presented 

by this research agenda is critical to its effective integration. First is an 
inability to perceive the imperceptible. It is possible, if not probable, 
that the misuse of these methodologies will all too easily deliver erro-
neous inferences. From an uninformed position, what may look to be a 
bare or little-used landscape as observed by a satellite image specialist, 
will most definitely be inhabited, utilised and subject to governance 
structures that simply cannot be rationalised by the electromagnetic 
spectrum (Scoones et al., 2013). This is particularly important when we 
consider indigenous and local perceptions of land use, land cover, and 
governance. In an analogous way the uninformed operation of EO data 
risks delegitimizing the rights of indigenous and local peoples by dis-
regarding indigenous knowledge systems (Ramirez-Reyes et al., 2019). 
There is an implicit requirement for strong on the ground cooperation 
with local partners to develop capacity and to calibrate EO proxies. This 
should target a reversal in the dominant narrative where EO research 
capacity still resides in the developed world (Cassells et al., 2011). There 
is a danger of preserving intrinsic power imbalances because external 
researchers bear extrinsic assumptions and ascribed motivations. EO 
data users should ensure research is not conducted in isolation without 
considering the contextual drivers of wellbeing. At the basis of it all we 
are conducting research about people and there is a moral imperative to 
remember that. 

Ethical challenges extend to leveraging EO for measuring poverty. 
This is most evident in largescale machine learning approaches (Jean 
et al., 2016; Yeh et al., 2020) in which diverse countries are amalgam-
ated with a minimal suite of satellite EO proxies predicting a limited set 
of socioeconomic indicators. If this methodology was used in isolation, it 
would conceal subnational, local scale heterogeneities and eliminate the 
agency of the rural poor themselves. Poverty and human wellbeing 
research must be approached from an informed position that relies on 
deep local partnerships that elucidate the dimensions of contextual 
poverty realities. Humanity has entered a big data paradigm and there is 
a concerted push towards its uptake for the SDGs (MacFeely, 2019). Big 
data requires complex artificial intelligence (AI) and machine learning 
methods to make sense of it. In applying this to people, Kalluri (2020) 
states of AI model development: “it is time to put marginalized and 
impacted communities at the heart of AI research”. To this end, the 
‘invisible millions’ must be put at the centre of the research agenda, 
where their knowledge and perspective must guide development of EO 
proxies. This is where exploratory analyses are distinguished from 
geographic targeting approaches, but also highlights how these ap-
proaches should be aligned to produce informative data. The former can 
adequately rely on machine learning or data mining approaches to 
identify EO metrics at the broad spatial scale, but its primary use should 
be to inform geographic targeting approaches alongside contextual in-
formation to expose poverty realties at disaggregated scales. In the 
absence of geospatial disaggregation, data cannot inform progress reli-
ably beyond a course level and this precludes the identification of crit-
ical areas where policy targeting is required (Prakash et al., 2020). 

5.2.2. Ground-truthing and validation 
A careful route must navigate the “seduction of quantification”, that 

is, the drive to enumerate and juxtapose social realities that are them-
selves very complex (Brockington et al., 2021; Merry, 2016). This can be 

addressed by ground truthing and validating simultaneously to any 
research that seeks to use EO to proxy poverty and wellbeing. This is a 
complex and yet obligatory component of the research agenda. The 
veracity of remote sensing hinges on accuracy assessments directed by 
independent validation data (Jain, 2020). For example, various studies 
use EO to proxy a single metric of poverty or wellbeing (Yeh et al., 2020; 
Watmough et al., 2016; Imran et al., et al., 2014; Watmough et al., 
2013a, 2013b; Robinson et al., 2007; Okwi et al., 2007). However, 
Steele et al. (2017) explored the predictive capacity of EO against 
multiple poverty metrics and established varying predictive outcomes 
for each. This shows for any given context there are various predictive 
results, where validation is necessary to parse local realities, and this 
should be implemented as best practice to minimise erroneous 
conclusions. 

Researchers, practitioners and end-users must consider the use of 
validation data and resultant uncertainty in the application of remote 
sensing for socioeconomic analysis (Jain, 2020). As humans we produce 
a lot of data about ourselves that can be used to understand socioeco-
nomic, demographic and socio-environmental conditions, and their 
spatiotemporal dynamics. There are, consequently, multiple streams of 
data that can be leveraged to validate observed trends, such as social 
media data (Ilieva and McPhearson, 2018), volunteered geographic in-
formation (Fritz et al., 2019), and mobile phone call data records 
(Blumenstock et al., 2015). The question then is how best to leverage 
this data and what strategies should be used. This links to the need to 
triangulate data streams and methodologies therein to validate observed 
trends and to reduce uncertainty. This is no easy feat, there are 
considerable barriers to integrating EO data for non-specialists (see 
Ramirez-Reyes et al., 2019; Pettorelli et al., 2018) and for NSOs more 
broadly – namely the logistical overhaul required to establish new 
practices and workflows (Prakash et al., 2020). There are also important 
considerations concerning the structure of satellite EO data, propagation 
of measurement error and uncertainty, and how it is integrated into 
socioeconomic analyses. These factors influence the conclusions made 
by researchers. See Jain (2020) for a thorough review of the errors and 
difficulties associated with land cover mapping for economics research. 

5.3. Acting on technical and implementational challenges 

5.3.1. Associations across scale 
The multiple spatial resolutions available across EO platforms opens 

new opportunities for producing data on poverty and development 
across different scales. Next steps will involve relating coarser scale EO 
proxies to local scale socioeconomic conditions to direct geographic 
targeting efforts. Similarly, producing higher resolution EO proxies at 
the household level and relating this to aggregated proxies at different 
levels will improve understanding of associations between socioeco-
nomic conditions and EO proxies across scales. This could provide 
important information on policy needs and provide a means for moni-
toring policy outcomes. 

5.3.2. Partnerships & Collaboration 
Collaboration to iteratively produce bottom-up proxies is essential to 

operationalising EO for measuring rural poverty and development 
across LMICs. This centres on horizontal and vertical capacity devel-
opment and means aligning institutional priorities while fostering 
linkages between institutions to share data, calibrate and validate EO 
proxies. This is a continuous process and the need for coordination is 
evident, not least in the face of rapid changes – both socially and envi-
ronmentally – which demand frequent and detailed data for monitoring 
rural development. 

Collaboration among intrinsically linked sustainability domains 
including poverty, food security, equality, and health is critical. Our 
review suggests there is a role for EO to play in each of these domains 
and therefore there is considerable space for collaboration to oper-
ationalise EO and to improve development reporting across rural 

P.K. Hargreaves and G.R. Watmough                                                                                                                                                                                                      



International Journal of Applied Earth Observation and Geoinformation 103 (2021) 102466

11

contexts in LMICs. For example, EO and geospatial datasets can be fused 
to better understand proximity of communities to health centres in rural 
areas. This information can be integrated with socioeconomic data to 
deliver a multifaceted understanding of rural development, which works 
across sustainability domains (Blanford et al., et al., 2012). 

5.3.3. Validation 
Accurate and contextual application of EO data is paramount. This 

applies to the application of EO data across scales, from local to regional. 
When EO data is used to proxy socioeconomic conditions at local scales, 
highly contextual information is required to target the application of the 
EO data, while generalisation risks obscuring important dimensions of 
rural development. Similarly, at broader spatial scales, EO data must be 
applied iteratively, to transmit a relational and nuanced understanding 
of the social-ecological system. Validation is key, and this relates to 
entrenching horizontal and vertical EO expertise to facilitate a bottom- 
up process of proxy development that relies on expert and local 
knowledge. 

5.3.4. Interpretability and transparency 
The careful selection EO data used to characterise objects and fea-

tures is central to producing transparent data systems. The more abstract 
the inputs become the less interpretable the proxy will be. This also 
applies to the models developed to relate the EO data to socioeconomic 
conditions. The more complex the model, the less interpretable the in-
ternal workings of the proxy. Transparency works alongside interpret-
ability. If EO proxies cannot be interpreted with ease then there is a lack 
of accountability and accessibility, and this acts in opposition to col-
lective aspirations for a transparent data system to measure sustainable 
development. Lastly, data openness – the accessibility of data – relies in 
part upon investment in national data systems but equally, EO and other 
non-traditional data sources have an important role to perform in aug-
menting established data systems to produce accessible indicators for 
sustainable development (Fritz et al., 2019). 

6. Conclusion 

This review presents a roadmap of what needs to be done to increase 
the use of, and confidence in, EO data for sustainable rural development 
and monitoring the socioeconomic targets of the SDGs – in particular 
Goal 1: End Poverty. To fully operationalize satellite EO to enable NSOs, 
NMAs, and development organisations to measure socioeconomic con-
ditions at the requisite scales and frequency that can deliver targeted 
policymaking across rural spaces, it is critical to resolve the following 
outstanding research requirements:  

1. Develop EO approaches for monitoring poverty dimensions across 
multiple spatial scales,  

2. Standardise approaches for monitoring socioeconomic conditions 
through time,  

3. Set boundaries for the transferability of methodologies between 
different socioecological systems, 

4. Test the predicative performance of EO proxies for different mea-
sures of rural poverty, and  

5. Operationalise the integration of disparate datasets. 

By resolving these outstanding research requirements, it will be 
possible to construct targeted spatio-temporal profiles of poverty for 
specific contexts. Big data from satellite EO and other non-conventional 
data sources (citizen generated data (e.g. social media), commercial data 
(e.g. CDRs), geospatial population data) could provide the requisite data 
to fill the information gaps. These data should be used to target up-to- 
date and spatially explicit decision making and should inform in-
dicators of sustainable development (Fritz et al., et al., 2019). It is in this 
space that satellite EO can generate data during intercensal periods, 
detect anomalies, and facilitate geographically targeted interventions: 

achievable at fine spatio-temporal scales and at aggregated levels 
together with census and survey information. This should take the form 
of a triangulated system, where different methodological approaches for 
assembling socioeconomic data are integrated at the resolution and 
within the space that they best function. These applications have the 
potential to reinforce and enable national statistics systems in LMICs, 
where there is a responsibility to work to develop capacity and expertise 
for the long-term: acting across South-North, North-South, and South- 
South partnerships. The roadmap offered through this review is inte-
gral to developing the transparent data systems platform for assembling 
the frequent and high-quality data necessary for monitoring socioeco-
nomic conditions in rural spaces across LMICs. 
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