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A B S T R A C T

The use of Earth Observation Data and Machine Learning models to generate gridded micro-level poverty maps has increased in recent years, with several high- 
profile publications. producing some compelling results. Poverty alleviation remains one of the most critical global challenges. Earth Observation (EO) technolo
gies represent a promising avenue to enhance our ability to address poverty through improved data availability. However, global poverty maps generated by these 
technologies tend to oversimplify the complex and nuanced nature of poverty preventing progression from proof-of-concept studies to technology that can be 
deployed in decision making. We provide a perspective on the EO4Poverty field with a focus on areas that need attention. To increase the awareness of what is 
possible with this technology and reduce the discomfort with model-based estimates, we argue that the EO4Poverty models could and should focus on explainability 
and operationalizability alongside accuracy and robustness. The use of raw imagery in black-box models results in predictions that appear highly accurate but that 
are often flawed when investigated in specific local contexts. These models will benefit for incorporating interpretable geospatial features that are directly linked to 
local context. The use of domain expertise from local end users could make model predictions accessible and more transferable to hard-to-reach areas with little 
training data.

1. Introduction

The Earth Observation for Poverty (‘EO4Poverty’) field has emerged 
in recent years with studies examining if and how Earth Observation 
data can be used to estimate and predict poverty. EO4Poverty, in part, is 
a consequence of the ‘Data Revolution’ that the UN says is needed to 
report progress towards the Sustainable Development Goals (IEAG, 
2014; Watmough and Marcinko, 2024). But the deficiencies and chal
lenges facing EO4Poverty techniques, and its conceptualisation of 
poverty, are not properly appreciated. Three recent reviews have 

examined how EO data are used in poverty mapping (Burke et al., 2021; 
Newhouse, 2024; Lamichhane et al., 2025) and we do not seek to 
re-review the literature and refer interested readers to these reviews. 
Instead, we focus on trends in the literature that need attention if EO 
poverty maps are to progress from proof-of-concept studies to being 
recognized as a genuine tool in policy implementation.

EO4Poverty models could and should focus on explainability, oper
ationalizability alongside accuracy and robustness - but recent publi
cations have focused on the latter aspects. Furthermore, models should 
not assume that the relation between Earth Observation and poverty is 
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static over space and time. These models will benefit from incorporating 
geospatial features alongside raw imagery as well as domain expertise 
from local end users to ensure accessibility. For these challenges to be 
addressed, a more systematic approach to building these maps is 
required, which can be readily adapted from existing technology 
assessment procedures.

Technology readiness levels (TRLs) are used to assess a product’s 
maturity and suitability for use in the market. These levels help to ensure 
that the technology is checked for appropriateness and robustness and 
assesses performance before the eventual deployment of the technology 
more widely (Lavin, 2022; NASA, 2020). There are ten TRLs, broadly 
covering three main domains of product creation: research, develop
ment and deployment. These domains include first principles (embedded 
with research) where new ideas are explored, proof-of-concept where the 
technology or algorithm is demonstrated in real scenarios (development 
domain) and deployment where the technology is operationalized in the 
real world and its performance monitored (Lavin, 2022). Most of the 
work on EO4Poverty to date suggests that estimating poverty from Earth 
Observation data is at, or around, the proof-of-concept level - level 4 in 
Lavin (2022).

1.1. Why do we need EO derived poverty maps?

Rapid, frequent and precise satellite data have much to offer, given 
the deficiencies of current survey and census data (Jerven, 2017), which 
are rarely sufficient for monitoring the SDG1 indicators (Fig. 1). Census 
data can be used to estimate multidimensional poverty, but the available 
indicators tend to be too few. Furthermore, these data are collected 
infrequently (typically once a decade), which cannot capture the 
changes required in a 15-year SDG cycle (Fig. 2). They often cannot be 
used to estimate monetary poverty because they rarely include income 
and consumption data. In addition, the gaps between census surveys 
mean that, it can be difficult to use these data to understand the drivers 
of change (Watmough and Marcinko, 2024). Household surveys that 
target representative samples of a population provide in-depth infor
mation on specific focal areas (e.g., demographics, health, 

expenditures). They are more frequently collected than census (typically 
conducted once every 3–5 years) but, although cheaper than a census, 
these surveys can still be expensive and increasing the number will be 
prohibitively expensive (Jerven, 2017). Therefore, it is unlikely tradi
tional surveys will be increased in frequency and will mean that gaps in 
data will remain in most countries for the foreseeable future.

The theory behind using Earth Observation data to map poverty is 
that landscape characteristics are often indicative of socioeconomic 
conditions (Okwi et al., 2007), and these data can be used to ‘see’ some 
of these characteristics (Watmough and Marcinko, 2024). Therefore, EO 
data can be used to create metrics that represent these characteristics 
which can be statistically linked to aspects of local poverty and 
well-being and subsequently used to predict poverty and/or wellbeing 
(Watmough et al., 2016).

Earth Observation data have several features that make them suit
able for contributing to the SDG1 data revolution and poverty mapping 
in general: (1) They are, relatively speaking, available in standard for
mats for most of the globe and can be joined/integrated with traditional 
survey data relatively easily (Watmough et al., 2016); (2) They are 
collected frequently, e.g., daily, weekly or monthly, and could poten
tially fill gaps between traditional surveys in a cost-effective manner [8]; 
(3) They can provide data in locations where none are available (Chi 
et al., 2022; Smythe and Blumenstock, 2022; Hall et al., 2023; Lee and 
Braithwaite, 2022; McCallum et al., 2022; Watmough et al., 2019). As 
such, there have been several studies examining how Earth Observation 
data can be used to estimate poverty and wealth in small regions of 
Kenya and India (Watmough et al., 2016; Watmough et al., 2019; 
Marcinko et al., 2022), as well as country-level models in Sri Lanka 
(Engstrom et al., 2022) and Bangladesh (Steele et al., 2017). Each was 
able to link a measure of poverty with proxies derived from Earth 
Observation data or by using raw imagery sources.

2. How is EO used for poverty mapping?

There are many models that have been used to map poverty using EO 
data, including linear models (Watmough et al., 2013), structural 

Fig. 1. Sustainable Development Goal 1 Targets, Indicators and current reporting frequency of data collection/publication. All data taken from the SDG meta data 
portal from December 2023 https://unstats.un.org/sdgs/metadata/EU = European Union; LA = Latin America; NSO = National Statistics Office; HH = Household; 
EO = Earth Observation; govt = government, coops = cooperatives (Alkire and Foster, 2009).
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Fig. 2. (A) Showing the most recent year of national census data available prior to the SDGs start date in 2015; Eritrea and Western Sahara have never conducted a 
national census, South Sudan has not conducted a census but was included in the Sudan Census in 2008 before independence; (B) years since last census calculated 
from 2015 baseline – so for example 1 indicates the last census was in 2014; (C) Morten Jerven (2013) and others (United Nations, 2015) recommend that countries 
collect a census every 10 years, health surveys every 3–5 years and income/poverty surveys annually in order to monitor the SDGs (D) the majority of countries 
however collect a decadal census and then have Demographic and Health Surveys once every 5 years. (E) the expected year of a census during the SDG period, those 
countries in green may have a second census during the SDG time window. Several countries have no planned census during the SDG time period including Sudan, 
Cameroon, Libya and Ethiopia has had to repeatedly delay the planned 2017 census due to security concerns; (E) the number of census surveys that a country could 
complete and use for policy during the SDG time window – we have extended this to 2010 to allow for a baseline, the ideal situation would be for each country to 
have 2 census during this time. 7 countries (12 %) have zero census surveys available, 12 countries (21 %) will have only a single census whilst 39 (75 %) will have 2 
– note here we assume that countries with a planned census in 2015–2019 will perform another 10 years later; Source: the authors with data from UNSTATs.
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equation models (Steele et al., 2017; Van der Weide et al., 2024), 
tree-based methods (Watmough et al., 2019; Lee and Braithwaite, 
2022), random forest models (Krennmair and Schmid, 2022), 
augmented small-area estimations (Masaki et al., 2022) and deep 
learning (Chi et al., 2022; Jean, 2016). We acknowledge that each of 
these models has its respective strengths and limitations in the context of 
accuracy, explainability, robustness and usability. In this perspective, 
we focus on the way in which the EO data is used in these models. We 
recognise that there are two distinct ways: the first is the use of inter
pretable features where EO data is processed and analysed to create a 
series of proxy metrics for specific ground features related to poverty 
and wealth, and the second is the use of raw satellite imagery entered 
directly into the model.

When using interpretable EO features to estimate poverty, satellite 
imagery is converted to land cover classes or other variables of interest 
such as a time series of vegetation greenness over agricultural fields 
(Steele et al., 2017; Watmough 2016; Watmough et al., 2019). These 
data are linked to human settlements using boundaries of villages, 
towns, counties, districts. Using a GIS, metrics can be created such as the 
proportion of different land cover types within a settlement, the length 
of the agricultural growing period, counts of buildings, types and density 
of road infrastructure. Although few studies go to this level of detail to 
describe the inclusion of each predictor (Newhouse, 2023). These met
rics are then statistically related to household, village or district level 
poverty measures (Engstrom et al., 2022; Watmough 2016; Steele et al., 
2017). The advantage to this approach is that hypotheses can be tested 
for specific EO variables and then described and explained, building a 
level of confidence in the models. The disadvantage to this approach is 
that providing hypotheses for individual EO variables might require 
local expert opinion and means model outputs apply to smaller areas.

More recently, several studies have approached mapping poverty 
using Earth Observation data using deep learning and raw imagery (Chi 
et al., 2022; Lee and Braithwaite, 2022; McCallum et al., 2022; Jean, 
2016; Zheng et al., 2025), alongside potentially using traditional ma
chine learning models on embeddings from pre-trained deep models. 
These have resulted in gridded micro-level poverty data outputs span
ning multiple countries which are easy to download and analyse. The 
accuracy of the poverty estimates from these models can be compelling 
as they are often in the range of 70–90 % (Chi et al., 2022; Jean, 2016; 
Yeh et al., 2020; Lee and Braithwaite, 2022). However, multi-country 
models such as the relative wealth index (Chi et al., 2022) have been 
found to give inaccurate estimates in specific locations (Gualavisi and 
Newhouse, 2024). Part of the reason for this is the large, generalised 
model smoothing local patterns and context. We argue that if the models 
are to be used in downstream decision-making and adopted into SDG 
reporting dashboards, they also need to be explainable, i.e., the user 
must be able to account for the patterns they show because explanation 
of the patterns is required for informing appropriate policy responses. 
These models usually use a convolutional neural network or a trans
former architecture that processes raw satellite imagery tiles to predict 
the poverty index. The advantage is that raw satellite imagery can be 
processed directly without extracting hand-crafted features. The disad
vantage is that it is difficult to understand what aspects of the imagery 
led to a decision on a specific poverty value. This lack of clarity in why 
the poverty map looks a particular way will limit the uptake in policy 
and decision-making and prevent the technology from progressing to
wards deployment.

3. EO4Poverty ambitions

Two recent developments in the field of EO4Poverty raise questions 
about the readiness of the technology for providing the explanations that 
would support policy-decision making and SDG monitoring. The first is 
the use of Earth Observation and Machine Learning to support 
geographic targeting of poverty reduction measures, including pro-poor 
cash transfer schemes (Smythe and Blumenstock, 2022). The second is 

the interest in using Earth Observation and Machine Learning in loca
tions where little or no data are published, such as the recent example in 
North Korea (Ahn et al., 2023). Considering the aims of these recent 
studies alongside the ideas set out by the Sustainable Development So
lutions Network (O’Connor et al. 2020), three key ambitions for 
EO4Poverty appear to be emerging: 

1. To support geographic targeting of poverty reduction measures;
2. To improve the frequency of updates on wealth and poverty in 

support of the SDG1 reporting, so that they can yield annual updates 
(Hall et al., 2022).;

3. To provide estimates of poverty and wealth in data-poor countries or 
regions.

We provide suggestions for how the field of EO4Poverty could move 
forward to operationalise such laudable ambitions. We are particularly 
focused on the models that combine black-box machine learning ap
proaches with raw EO imagery to provide micro-level (gridded data 
outputs at 1–3 km resolution) estimates of poverty rather than meso- 
level (administrative boundaries) estimates, as these seem to have the 
most focus in the literature and are more widely applicable to larger 
areas, meaning they can reach TRL9 deployment.

4. What needs to change?

The use of Earth Observation data in poverty monitoring and deci
sion making is rare (Hall et al., 2022). To arrive at technology deploy
ment (level 9) requires a period of evidence gathering from multiple 
locations and using a range of data sources to identify: 

1. What are EO derived poverty maps predicting?
2. Are the maps providing generalised patterns, or do they consider 

local context?
3. Which aspects of EO4Poverty maps are not being explored?

4.1. What are EO derived poverty maps predicting?

Poverty is multi-facetted. It can cover, inter alia, aspects of health, 
education, well-being more generally, wealth, assets, expenditure or 
income. If we are to know about data poor regions, or geographically 
target poverty alleviation schemes, then it is essential to be specific 
about what form of poverty we are talking about. For example, cash- 
transfers are anti-poverty policies that should be targeted using reli
able poverty statistics that accurately identify specific forms of poverty.

It is often unclear what Earth Observation indices are measuring 
because terms such as wealth, welfare, wellbeing and poverty are used 
in a variety of ways and often interchangeably (Chi et al., 2022; 
McCallum et al., 2022; Watmough et al., 2019; Yeh et al., 2020). 
Different forms of wealth, well-being and poverty are correlated but 
different (Johnston, 2016) and how they are defined and measured can 
lead to differences in who is classed as being poor (Pu et al., 2024). 
Wealth can measure the historical acquisition of assets (from durable 
consumption goods like houses and cars, financial instruments and 
liquid savings to ownership of capital goods) over a relatively longer 
period. Poverty is measured in terms of income, diet or consumption (to 
afford a minimum standard of living) (Johnston, 2016; Pu et al., 2024). 
It is possible for people to be wealthy in terms of their assets, but rela
tively poor in terms of diet or consumption, for example when families 
are restricting their expenditure to invest in land, houses education or 
their businesses.

Household income and expenditure surveys are not as widely 
available as those measuring durable household items, and as such most 
Earth Observation approaches use wealth indices based on assets rather 
than poverty statistics to train models. Even then, asset indices can rank 
households differently than consumption-based poverty measures (Ngo 
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and Christiaensen, 2019). Cash-transfers focus on cash-income and thus, 
using an asset-based wealth index to geographically target a 
cash-poverty policy is not optimal and may go some way to explain why 
almost a third of eligible recipients of a theoretical cash transfer scheme 
in Indonesia were missed when the policy was targeted using the Earth 
Observation-derived relative wealth index (Sartirano et al., 2023). If a 
policy is targeting cash poverty, then the data should measure income or 
expenditure poverty and not asset-based wealth, as the two are related 
but different and it would not be possible to defend allocations of cash 
resources using a wealth or asset-based dataset.

4.2. Are the maps providing generalised patterns, or do they consider local 
context?

There might be insufficient training data to generate micro-level 
poverty maps using machine learning for individual countries. To 
overcome this, models combine multiple countries into the same 
training set. When applied across dozens of countries, models effectively 
assume that the relationships between Earth Observation-derived met
rics and wealth are static, i.e., the Earth Observation features or proxies 
have fixed relationships with wealth/poverty across space and time. 
However, assets do not have universal value to people, and the same 
asset can be worth different things to different people (Jonhston and 
Abreu, 2016; Steinert, 2016) and therefore simply identifying the 
presence of an asset is not always enough to estimate wealth (Gallemore 
et al., 2022). Ultimately, this means that when multi-country models are 
produced local context is often being ignored. Many of the deep learning 
models take a relatively standard approach to the construction of a 
wealth index from Earth Observation data (Filmer and Pritchett, 2001) 
whereby, multiple features or latent representations derived from Earth 
Observation data are statistically combined into a single index value 
(Chi et al., 2022; jean et al., 2016; Yeh et al., 2020; Hall et al., 2022). For 
example, the RWI (Chi et al., 2022) uses 2048-dimensional latent rep
resentation reduced using PCA to around 200 components. It is very 
difficult to identify (1) what is driving the model output when 200 PCs 
are used as predictors and (2) how local context is being considered.

Understanding spatial diversity is particularly important when using 
EO4Poverty to explore data-poor regions. The recent attempt to estimate 
economic development in North Korea (Ahn et al., 2023) using geo
spatial data demonstrated a key strength of the EO4Poverty field. Some 
countries cannot or will not release data publicly. Earth Observation 
data are uniquely placed to provide information on places without 
requiring a physical presence (albeit a limited one if no ground data is 
available to be combined with the Earth Observation data). Ordinarily, 
transferring a model developed on one location should require the 
identification of comparable countries. But which metrics should be 
used to show countries are comparable? Arguably all countries will 
differ when considering a combination of economic, social, historical 
and climatic factors. But can they be compared in this way using thou
sands of raw-imagery variables that have been reduced in a statistical 
manner.

Temporal dynamics are vital for understanding the relationship be
tween different forms of poverty and their causes. If the dynamics of an 
area change, for example, the main economic activity changes from 
agriculture to industry, this is highly likely to be missed using large 
models with raw-imagery variables derived from multiple years. More
over, the performance of these models can deteriorate in short periods of 
time (months), and they may perform very unevenly across sub-national 
units (Sartirano et al., 2023). To improve results, the focus should be on 
developing approaches that account for local drivers of poverty and how 
changes in these can be identified using Earth Observation.

As SDG reporting requirements specify, Earth Observation data can 
provide data annually in support of SDG 1, but to date, there have been 
no studies examining how estimates derived from Earth Observation 
capture annual changes in poverty or wealth. Kondmann and Zhu (2020)
found that the transfer learning methods commonly used in predicting 

relative poverty using Earth Observation were able to predict relative 
wealth in Rwanda at two fixed time points using separate models. 
However, they were unable to predict change in wealth using changes in 
Earth Observation metrics over the same period for the same areas. In 
fact, the transfer learning model predicted a reduction in wealth in 
several areas despite the household survey data used to train the model 
showing the opposite outcome. The authors suggest that the features 
extracted from Earth Observation changed slowly, meaning that they do 
not provide a strong enough signal for models (Kondmann and Zhu, 
2020). However, the model used Landsat 7 data with a 30m spatial 
resolution, which cannot be used to identify small-scale changes such as 
building roof material types (Table 1) that might be indicative of poverty 
(Brockington and NOE, 2021; Östberg, 2018).

A further challenge of EO4Poverty for annual updates to SDG1.1 and 
1.2 is that most of the approaches so far have prioritised accuracy by 
maximising the amount of data used for prediction (Chi et al., 2022; 
McCallum et al., 2022; Jean, 2016). This has served to create some 
compelling overall results ranging from 70 to 90 % and products such as 
the RWI (Chi et al., 2022; Lee and Braithwaite, 2022). However, this 
approach assumes that, first, the relationship between Earth Observa
tion and poverty does not change over time. As we have already dis
cussed, this is unreasonable. Second, it requires that both data (Earth 
observation and household survey) have been acquired at consistent 
time. Given the datasets are often collected at different time intervals, e. 
g., household surveys can span over months while high-resolution sat
ellite products can pool data over years, it makes it difficult to examine if 
the approaches can detect subtle changes in wealth/poverty reliably on 

Table 1 
Examples of domain-knowledge being used in the selection of geospatial data
sets and how the reason for their inclusion can help to make models mode 
explainable.

Geospatial data Reason for inclusion (explainable)

Nighttime lights The nighttime lights have been correlated 
with GDP and wealth in the past. It can be 
used in combination the settlement extents 
to estimate the % of lit area which has been 
used for predicting a wealth index (
McCallum et al., 2022).

Length of growing period Shorter growing periods can mean lower 
amounts of food available in markets with 
subsequent impacts on market activity and 
local economies (Watmough et al., 2019).

Building roof material (improved/ 
metal)

Improved material is indicative of better- 
quality building and higher incomes (
Watmough et al., 2019).

Proportion of agricultural land Having some agricultural land is expected to 
be positive as it should mean more food 
available, easier local access. But it can vary, 
for example large commercial plantations 
have been found to lead to increased local 
population poverty for some rural areas with 
lower human capital to diversify livelihoods 
(Berchoux et al., 2019)

Proportion of shrubs, closed and 
open forest and herbaceous 
vegetation

Typically expect to see these positively 
associated with wealth and livelihoods as a 
mixture of different land cover types 
indicates opportunities for different 
ecosystem services etc.

Proportion of bare ground Typically this is a negative in resource 
dependent areas as it indicates unproductive 
land that either isn’t being used or cannot be 
used which limits local agriculture and food 
etc.

Road density Often expect more roads to be a positive 
influence on wealth and deprivation as they 
allow for easier access to assets such as 
school, health and markets

Walking travel time to health centre Longer time to travel is a negative for health 
as it can mean treatments are delayed or not 
sought at all for children (Watmough et al., 
2022).
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an annual basis while using a range of different datasets included from a 
variety of different periods (i.e., Earth Observation, household survey, 
census etc.).

5. Which aspects of EO4Poverty maps are not being explored?

It is often not possible to identify which features are driving the 
prediction of the wealth indices because of the black-box nature of the 
models combined with the use of raw –imagery in many models. 
Therefore, these models in their current formulations do not provide the 
transparency required to understand the mechanisms that are driving 
the changes in wealth or poverty (Sekara et al., 2024). Until this is 
achieved, the field might not progress from TRL4 – proof-of-concept.

Explaining model outputs is hard because ‘features’ extracted by an 
algorithm are neither tangible nor legible to potential users. Ultimately, 
poverty is not directly related to the amount of radiance detected in the 
red portion of the electro-magnetic spectrum (to give an example of one 
such raw feature used in some models). Instead, it is associated with 
physical access to agricultural land (as well as land tenure rights), road 
surfaces/access to services, agricultural productivity, and the in
teractions between each of these. Trust in these Earth Observation- 
driven methods requires transparent and explainable results, which 
have been lacking in several recent papers.

Alongside transparency, another crucial aspect to consider is un
certainty quantification, particularly when the model is being deployed 
to areas it has not been trained on. Rather than returning a single value 
of poverty for an area, uncertainty estimates provide information on 
how confident the methods are in predicting these values. Considering 
the model’s uncertainty helps the end user judge whether the resulting 
poverty values should be trusted and acted upon, particularly when 
transferring these models to areas they have not been seen before.

Our focus has been on the quantitative aspects of EO4Poverty, while 
various other qualitative facets can also influence their operationaliz
ability and adoption in practice, including the lack of awareness of these 
tools and, as a result, a possible lack of trust from policymakers. A 
detailed discussion on this has been beyond the scope of this perspective, 
and we acknowledge that further studies might explore the awareness, 
accessibility, expertise, opportunity and accountability required to 
facilitate the safe integration of these tools in decision-making.

5.1. Conceptualising improvements to EO4Poverty using TRL

Earth Observation-driven representations of poverty need to be both 
accurate and explainable. The complexity and opacity of current 
EO4Poverty modelling approaches leaves policymakers and NGOs 
struggling to explain the basis on which decisions were being made, 
potentially compromising the trust and support of electorates and do
nors (von Eschenbach, 2021). We have first-hand experience of UNICEF 
questioning how the poverty maps were created and without providing 
interpretable model features they do not feel they can be fully incor
porated into operational processes. There is also a risk of disen
franchising people who do not have the technical knowledge to 
challenge the ways that decisions are being made, particularly if Earth 
Observation-based monitoring approaches are coupled with any kind of 
automated decision-making techniques (Adams, 2018). We can use the 
TRL approach to specify the pathways through which the required im
provements required may be possible.

Reliance on obscure black boxes and offering incomprehensible 
variables as explanations put some elements of EO4Poverty in TRL Level 
0 ‘first principles’ (Lavin, 2022). This is because the technology is un
likely to be accepted in downstream decision-making without estab
lishing how EO4Poverty works by ensuring that models can be 
explained. More reliable outputs and trust in them could be addressed by 
improving the way models are trained, rethinking the level at which 
poverty can be predicted using these models (e.g. meso-level models 
estimating population at the administrative units as opposed to 

micro-level models estimating population at a gridded level) and better 
inclusion of domain knowledge and context-specific expertise. 
Meso-level (administrative boundaries) poverty predictions typically 
use Bayesian models and are conditioned on the surveys but the existing 
micro-level (gridded poverty predictions we focus on here) are affected 
by the fact that there is very little training data because most pixels in a 
country have no training label available. Table 1 gives a theoretical 
example of how domain-knowledge can be used to identify geospatial 
data for use in a model and provide reasons for the use of data. This is 
how the authors have approached this with stakeholders. Working out 
how this domain-knowledge can be generalised or not is a key question 
for the future of the EO4Poverty field and should not be based solely on 
model performance. To date, there have been only one or two attempts 
to use domain-knowledge (Sartirano et al., 2023; Watmough et al., 
2013) to define the Earth Observation proxies, and both had limited 
spatial extents. Providing descriptions of which geospatial variables 
were used to generate poverty predictions and what the relationships 
look like (e.g., areas with longer growing periods are predicted to be 
wealthier) helps link local expert knowledge with the modelling ap
proaches and will help to build confidence in downstream users. These 
relationships can be explored with various linear and nonlinear (e.g., 
tree-based models) alongside model-agnostic explainability tools such as 
the Shapley decomposition or SHAP values (Lundberg et al., 2020). 
Domain expertise can be used to identify geospatial indicators relevant 
for poverty mapping in a particular location. It is likely that a 
sub-sample designed to create proxies for specific aspects of poverty 
would be selected from a list of globally available indicators. The 
interpretation of how these proxies are linked to poverty would also 
benefit from local domain-expertise (Alatas et al., 2012).

Building on the explainable models and inclusion of domain 
knowledge could allow the technology to be integrated into downstream 
decision-making for regions or countries that have been unable to 
publish statistics on their populations. This would allow the technology 
to reach TRL 6 ‘Application Development’ where the approach can be 
applied to specific use-cases (Lavin, 2022) prior to it being ‘Deployed’ 
(TRL Level 9).

Ahn (2023) provide a good case study in North Korea using a model 
that combined human expertise with models that were trained on other 
countries that publish data. In this example, specific domain-knowledge 
was acquired from human experts on how poverty or wealth is deter
mined. These narratives of poverty/wealth were used to identify geo
spatial data sets to act as proxies for the local determinants. We suggest 
that this could represent a way for EO4Poverty to move from First 
Principles (level 1) to Proof-of-concept (level 4) and beyond because a 
model using these predictors is more explainable to the end-user and 
therefore more likely to be adopted. This is because direct connections 
can be drawn between the determinant of poverty and the geospatial 
variable used in the model. Should the model not produce an expected 
output, this can be explored further with experts, perhaps identifying 
how to weight variables differently, calculate them in different ways or 
finding new variables to use instead.

An advantage of combining interpretable features with expert 
interpretation is that it places power and control back into the hands of 
the local experts that can be characteristic of the highest TRL levels. The 
‘panoptic gaze’ of satellites (Davis et al., 2021) creates an abundance of 
opportunities, but with these opportunities comes the risk of further 
disempowering people who are already disadvantaged or marginalised. 
Making sure that EO4Poverty approaches are contextualised and open to 
challenge, by represented people themselves where possible and by area 
experts where not, is an important step to mitigating the risk that rep
resented people lose even more agency over the ways their lives are 
represented and governed. There are still important conversations to be 
had, however, about whether it is equitable or fair for the power to 
represent poverty to be concentrated among people external to the 
contexts in which poverty is directly experienced.

Limited understanding of temporal and spatial dynamics puts many 
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EO4Poverty initiatives on TRL Level 2 ‘Proof of Principle’. To improve the 
field needs to develop models for specific years using household survey 
and Earth Observation from the same period and repeat this for multiple 
years to see how consistent the relationships are and establish the 
effectiveness of development monitoring through Earth Observation. 
The field also needs to identify if Earth Observation data can capture 
specific metrics, that are informative of different aspects of wealth and 
poverty, at certain resolutions and if it can detect changes in particular 
indicators, and crucially, if these indicators are related to changes in 
poverty or wealth in the local populations being studied. These models 
should also be preferably dynamic in nature to accommodate in
consistencies in data collection, and to allow the relationship between 
Earth Observation and poverty to change over time.

6. Conclusion

There has been great progress made in the field of EO4Poverty in 
estimating poverty and wealth from Earth Observation data. Several 
data-driven models have been published demonstrating the proof-of- 
concept that Earth Observation can indeed be used to estimate some 
aspects of poverty and wealth. Recent studies have started to consider 
how the approaches can be integrated into downstream decision-making 
by contributing to geographic targeting of anti-poverty policies. Further 
ambitions are suggested in the literature of using the technology to 
update annual poverty and wealth estimates and providing estimates of 
wealth in countries that have no published statistics. The ambition is 
laudable but there are some limitations in the current set of approaches 
that need to be overcome before the Earth Observation data can be 
considered as part of the solution for mapping and monitoring of SDG1 
indicators. The models need to be more explainable to allow decision 
makers to understand the drivers of poverty, make decisions on local 
contextual information and justify their choices for allocating scarce 
resources. Increasing the ability of purely data-driven models to account 
for domain knowledge will likely help cement Earth Observation’s role 
in the Sustainable Development Goal 1 data revolution.
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