
THE BOTTOM LINE

Monitoring progress toward 
universal electrification is crucial  
to the design of efficient and 
well-targeted energy access 
policies. This work investigates 
the application of satellite imagery 
and other geospatial data to 
complement household surveys in 
efforts to estimate electrification 
rates. Machine learning was used 
to develop a bottom-up model of 
electricity access based on reliable, 
regular, and real-time information.

Tracking Advances in Access to Electricity Using Satellite-
Based Data and Machine Learning to Complement Surveys

Why does tracking the progress of electrification 
matter?

What gets measured gets done

Access to electricity is widely considered a major determinant of 
socioeconomic development. But despite long-standing efforts to 
expand access, 789 million people remained without electricity in 
2018 (IEA, IRENA, UNSD, World Bank, and WHO 2020). The world has 
less than one decade to achieve the UN Sustainable Development 
Goal of universal electricity access by 2030 (as measured by indica-
tor 7.1.1). 

The COVID-19 crisis has further accentuated the need for 
reliable and affordable access—to power public facilities, pump 
water, and foster community resilience. In Sub-Saharan Africa, 
more than 70 percent of health facilities have no access to reliable 
electricity, and one in four health facilities has no electricity at all 
(WHO and World Bank 2015). Lack of electricity prevents the poorest 
populations around the world from realizing their full socioeconomic 
potential. As of 2018, 85 percent of those without access lived in 
rural areas, 69 percent resided in Sub-Saharan Africa, and 30 percent 
were located in fragile and conflict-affected areas. These patterns 
reflect substantial spatial discrepancies in access.

Accurate and reliable data to keep track of electrification 
efforts must be the first step toward achieving universal access. 
Monitoring access with the finest granularity and taking into account 
local socioeconomic characteristics enable a realistic depiction of 
electrification progress (Mentis et al. 2017). Such data can be used 
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to plan efficient and robust energy access policies and programs, to 
raise public awareness of the urgency of action, to sustain the pace 
of electrification, and ultimately to connect the hardest-to-reach 
populations (Korkovelos et al. 2019). Country-level information on the 
status and pace of electrification is essential to identify where efforts 
should be directed, including conflict-affected and high-risk areas.

As the official custodian agency for tracking SDG indicator 7.1.1 
(the share of the population with access to electricity), the World 
Bank strives to continuously improve its tracking methodology. 
Each year, it reports on the progress recorded in every country. This 
process is critical to the achievement of the SDG and draws global 
attention to well-performing countries that may have valuable 
experience to share—as well as to places where efforts need to be 
redoubled.

In addition to identifying where efforts should be targeted, 
high-resolution data are needed to show which electricity supply 
options are most relevant. Tools are available. Remote sensing 
techniques and geographic information systems have revolutionized 
data collection by providing a range of location-specific information 
that was not previously accessible. The use of standardized geo-
spatial tools and methods has made it possible to offer countries 
technical assistance and operational support for the development of 
national electrification strategies, least-cost electrification plans, and 
country-based investment prospectuses that combine grid, mini-grid, 
and off-grid technologies. Disaggregated geospatial data represent 
a valuable contribution to the preparation of electrification projects 
and identification of potential market opportunities.
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What are the challenges of tracking SDG 7.1.1?

Regularly and reliably tracking a multidimensional 
indicator is a costly and time-intensive task

The World Bank’s Global Electrification Database compiles nationally 
representative household survey data, and occasionally census data, 
from sources dating back as far as 1990. For missing years, it derives 
estimates from a suite of standardized household surveys conducted 
in most countries every two to three years, along with a multilevel, 
nonparametric model used to extrapolate data. The database there-
fore conveys a user-centric perspective on electrification, capturing 
what households report.

To complement the information available from the database, 
the World Bank’s Energy Sector Management Assistance Program 
(ESMAP) conducted a global survey across 16 countries using 
a comprehensive methodology that goes beyond a simplistic 
binary measurement of electricity access. The resulting Multi-Tier 
Framework (MTF) is designed to take into account all attributes of 
electricity access and thus to assess with precision the spectrum of 
service levels that households, institutions, and enterprises receive. 
The MTF measures availability, quality, reliability, convenience, 
affordability, and legality, as well as safety and health properties. In so 
doing, it provides a more granular picture of electricity access, com-
plementing the methodology of the Global Electrification Database. 

A methodology based on household surveys, however, has 
some limitations. First, it takes time to collect a sufficiently large 
number of surveys, consolidate answers, and process results—and 
it is expensive. Thus, building high-confidence data on the progress 
toward SDG 7.1.1 is a complex task that entails a trade-off between 
comprehensiveness and frequency. A shorter time span would 
allow decision makers to stay better informed of their countries’ 
current situation and therefore design better-tailored electrification 
plans. This is especially relevant for fast-moving countries that have 
placed access to electricity at the top of their political agenda (for 
instance Ethiopia, India, and Kenya). Second, the lower the spatial 
scale, the lower the precision of household surveys. Disaggregation 
of household survey results is limited to preserve a reasonable level 
of precision, and rural and urban access rates are usually presented 
at a national level. Such figures do not reflect discrepancies among 
territories and possibly heterogeneous progress at a local scale, 
and possibly at a village-level. Lastly, in complex cases—often 

conflict- and violence-affected environments—only a few surveys 
are available for the last 20 years,1 increasing the margin of error in 
trend calculations and leading to inconsistent extrapolations.

Can satellite imagery complement household surveys 
in tracking SDG 7.1.1?

Satellite imagery of night-time lighting could provide  
real-time information on electricity access across 
vast areas and clarify how many people could benefit 
from it

Improving the global tracking of electrification poses multiple chal-
lenges (i.e., in conflict-affected and fragile environments, and where 
there is little capacity to collect national statistics). Meanwhile, the 
COVID-19 pandemic has complicated field survey work in regions of 
primary interest. Complementary solutions based on remote sensing 
could limit delays and fill data gaps (Cader et al. 2018). Night-time 
light (NTL) satellite imagery can improve regularity for sensitive 
situations, the accuracy of extrapolations performed for years 
without surveys, and spatial disaggregation, potentially providing an 
estimation of electrification rates at the village level, complementing 
existing solutions at a limited cost. 

One manifestation of electrification is the illumination of 
buildings and streets. Satellites started recording NTL emissions 
from the Earth’s surface in 1992. Spatial resolution has increased 
over the years to reach 450 meters, and radiance is now given with 
high numeric precision. Every night since 2012, the Visible Infrared 
Imaging Radiometer Suite, embedded in a satellite operated by the 
U.S. National Oceanic and Atmospheric Administration, has recorded 
NTL data from every part of the globe.

NTL data have already proven to be significant predictors for 
several macroeconomic indicators, in particular, gross domestic 
product, residential electric consumption, demographic growth and 
distribution, and income inequality, as well as electrification.2 

1. Eritrea (2002); Somalia (2006); Syrian Arab Republic and Central African Republic (2010).
2. For example, the impact of street lighting and electrified homes on light emissions was 
evaluated in Vietnam (Min and Gaba 2014). Impressive work was later done to assess electricity 
fluctuations and outages in India and to identify regions with weak electrical systems (Min, 
O’Keeffe, and Zhang 2017). Subsequent work investigated the distribution of electricity access 
across locales in developing countries (Falchetta et al. 2019). Recent work has demonstrated 
the capacity of NTL data to capture sudden economic shifts and crises by analyzing the effect 
of COVID-19 in India (Beyer, Franco-Bedoya, and Galdo 2020).

Satellite imagery of night-

time lighting could improve 

regularity for sensitive 

situations such as Yemen, 

where surveys cannot be 

done.
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No study has so far tried to 

measure access rates using 

both household surveys 

and the new possibilities 

offered by satellite imagery. 

This work aims to fill the 

blanks and complement a 

survey-based approach.

However, no study has so far tried to measure access rates with 
a bottom-up approach using both household-level information and 
the new possibilities offered by satellite imagery. Despite the steady 
progress made in data collection in Sub-Saharan Africa, Central 
America, and Southern Asia, top-down methodologies based solely 
on satellite data and aggregated survey results are not sufficient 
to represent the reality on the ground. Most analysis have only 
distinguished lit areas from dim ones and assumed the lit to be fully 
electrified and the dim entirely unserved. Predictions based solely  
on satellite data also ignore discrepancies among villages and 
countries, and assume a constant relation between light output  
and access rate. 

This work aims to fill the blanks and complement a survey-based 
approach. The model we have built could help reduce the 
uncertainty about electrification efforts between two consecutive 
surveys without incurring additional costs. It also addresses the 
lack of subnational information by producing annual high-resolution 
electrification mapping of developing territories based on national 
specificities captured by the MTF surveys. Thanks to spatial and 
temporal extrapolation, no territory is excluded from the scope for 
lack of data collection. As an example, the model could provide 

our first understanding of the effect of the Covid-19 crisis on the 
progress of electrification. On the other hand, the explanatory power 
of the model we developed does not yet allow it to respond to the 
multidimensional aspect of access to electricity, pivotal information 
that remains accessible only through household surveys. For these 
reasons, highly reliable and comprehensive household surveys and 
generic models derived from them appear to offer one solution to 
improve the quality of SDG 7.1.1 tracking indicators.

How are NTL data used in assessing levels of 
electricity access? 

Combining NTL data with household surveys and 
geospatial datasets makes it possible to calibrate 
access rate models

Where data are scarce, satellite imagery is a remarkable source 
of information, irrespective of countries’ internal situations. We 
created a machine-learning model to predict electricity access rates 
at a 450-meter-resolution based on both local- and national-scale 
regressors (figure 1).

Figure 1. schematic overview of the methodology

Source: Original compilation. 

Note: MTF = Multi-Tier Framework. 
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The final dataset contained 

2,667 clusters across the 

12 MTF countries. For 

each cluster, an estimation 

of the access rate was 

calculated and a local 

set of predictors was 

built including corrected 

radiance, population, road 

density and distance to the 

electric grid.

Data selection. Even though NTL data are strongly correlated 
with electrification, they are best cross-referenced with other 
geospatial data. We used the WorldPop dataset3 to account for 
population size and the effects of per capita electricity consumption. 
The High-Resolution Settlement Layer4 was used to locate unpop-
ulated areas and correct radiance from NTL data accordingly. For 
infrastructure, we used the Gridfinder geospatial dataset, which 
specifies the location of high- and medium-voltage electric grids.5 We 
also added road network data from OpenStreetMap,6 which includes 
information on street lighting and other electrical infrastructure. To 
reflect discrepancies among countries,7 macroeconomic and demo-
graphic indicators (per capita gross domestic product, population 
density, rural share) were taken from the World Bank’s Development 
Indicators Database. Finally, the target variable—local access rates—
was built from MTF surveys of 12 countries in Sub-Saharan Africa, 
Southern Asia, and Central America.8

Data preparation. To assemble the different data types, we 
decided to rasterize, downsample, and reproject every dataset to 
the resolution of NTL data (450 meters). Road network data were 
rasterized using the road density (length of roads per unit of area) 
and grid data using the distance to the grid. Households from the 
MTF surveys were clustered based on their GPS coordinates and 
their enumeration areas.9 This resulted in dropping isolated house-
holds in scattered villages and merging enumeration areas if they 
were too close from each other, generally in large conurbations.10 
An estimation of the local access rate was then calculated using a 
population weighted average for every cluster (figure 2). For instance, 

3. WorldPop population counts: https://www.worldpop.org/geodata/listing?id=29.
4. The High-Resolution Settlement Layer (HRSL) from Facebook and the Center for International 
Earth Science Information Network at Columbia University (CIESIN).
5. World Bank’s Gridfinder product, released in 2017.
6. Humanitarian OpenStreetMap Team.
7. Country borders were drawn according to Global Administrative Areas data, version 3.6 
(https://gadm.org/).
8. Cambodia, Ethiopia, Honduras, Kenya, Liberia, Myanmar, Nepal, Niger, Rwanda, São Tomé and 
Principe, Uganda, and Zambia.
9. The clustering algorithm uses a DBSCAN-like approach, with a radius of 450 meters, and 
a minimum number of households of one. Clusters have also been limited to a maximum of 
three enumeration areas.
10. A cluster generally corresponds to one village or one neighborhood in large conurbations.

Figure 2. Household clustering and local access rate estimation 

Source: HRSL (Facebook), VIIRS (NOAA), MTF (ESMAP), Google Satellite (© CNES/Airbus, Maxar 
Technologies, 2020).

Note: Cluster boundaries in blue; households with access in green; households without access 
in red; populated areas in orange; NTL in grayscale.

for a cluster containing 10 households that all have the same 
population weight, if 8 of them had access to a reliable source of 
electricity,11 the local access rate was assessed to be 80 percent in 
the corresponding area.

To avoid seasonal effects (i.e., vegetation, snow, and atmospheric 
conditions) and other regular phenomena (moonlight, pollution, 
and residual cloud effects), NTL data were aggregated to create an 
annual average composite. It should be noted that the combination 
of datasets we suggested involves arbitrary decisions that are not 
neutral in terms of uncertainty. Using the lowest available resolution 
of 450 meters induces a modifiable areal unit problem, which is 
hard to quantify and thus circumvent. The final dataset also includes 
geo-semantic uncertainty related to the localization of households 
and roads. Lastly, error might increase because population and grid 
input data have not been observed but rather derived from other 
models with limited predictive accuracy.

11. Reliable sources included national and regional grids, mini-grids, electric generators, solar 
home systems, pico-hydro systems, solar lanterns, and rechargeable batteries, but excluded 
dry-cell batteries.

https://gadm.org/
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Even though radiance 

output is strongly and 

positively related to the 

electrified population,  

a substantial country  

effect persists.

Model estimation. The final dataset contained 2,667 clusters 
across the 12 MTF countries. Each cluster comprised 7.89 house-
holds, on average. The countries with the smallest and largest  
number of clusters were Cambodia, with 207 clusters, and Nepal, 
with 530. For each cluster, a local set of predictors was built, includ-
ing corrected radiance, population, road density, and distance  
to the electric grid, as well as other equivalent attributes of their  
surroundings. To handle this large amount of information, with 
possible correlations, we opted for the use of a nonparametric 
random forest model.

What aspects of electrification are best explained by 
NTL data?

NTL data outline general patterns where data are 
otherwise scarce 

NTL-only models are unable to predict access rates with 
accuracy. Even though radiance output is strongly and positively 
related to the electrified population, a substantial country effect 
persists. As an example, for the same density of people with access 
to electricity, Nepalese households emit less light than Ugandan 
households, which emit less than Zambian households. Multiple 
socioeconomic factors could account for this finding, particularly 
different consumption choices, less outdoor activity, energy-saving 
measures, the absence of street lighting, and other specificities of 
buildings and infrastructure. Country effects might also originate from 
the qualitative differences access to electricity takes on. Hence, this 
result highlights the need to go beyond previous work that assumed 
that electric consumption characteristics depended only on popula-
tion and radiance output, and not on location (Falchetta et al. 2019).

The performance of the complete random forest model was eval-
uated using cross-validation. To understand how the model reacts to 
clusters from an unknown country, cross-validation implied isolating 
each country from the dataset. Calibration of a pseudomodel based 
on the 11 remaining countries was performed, and predicted results 
were cross-checked against actual households’ answers to survey 
questions (figure 3). 

Figure 3. results of the prediction of electrified population 
made by the random forest model subject to cross-validation 
constraints

Source: Original compilation, based on MTF.

Note: MTF = Multi-Tier Framework.
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The model was integrated 

over the entire area of 

countries to compare the 

estimation of national 

access rates with figures 

for 2016–18 from the World 

Bank’s Global Electrification 

Database (figure 4).

The model performed reasonably well; its mean absolute 
error was calculated to be 14 percent overall. The electrified 
population of smaller and rural clusters was relatively less well 
predicted, whereas highly populated and urban clusters—which 
usually have higher access rates—showed better results (respec-
tively 16 percent against 13 percent). Yet, the model did not show 
skewing, as errors were equally distributed between overprediction 
and underprediction.

The model was then integrated over the entire area of countries 
to compare the estimation of national access rates with figures 

for 2016–18 from the World Bank’s Global Electrification Database 
(figure 4). We found a similar error (14.5 percent), this time with a 
skewed distribution. Countries with low access rates were predicted 
to be more electrified in general, and countries with high rates 
less electrified than what the latest household surveys showed. 
For instance, the estimation of Bangladesh’s access rate—72 per-
cent—is lower than the 88 percent from the database, but that of the 
Democratic Republic of Congo is higher (38 percent vs 18 percent). 
Generally, countries from the MTF campaign, circled in blue in 
figure 4, show a greater consistency with the database. 

Figure 4. Model output vs. World Bank estimates

Source: Original compilation using 2016–18 figures from World Bank Global Electrification Database. 

Note: ESMAP = Energy Sector Management Assistance Program; GDP = gross domestic product.
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NTL data are promising. 

Their fine geospatial 

resolution (450 meters) 

highlights the inequality of 

access within populations 

and may be used to tailor 

electrification programs. 

Moving forward, the 

accuracy of estimation 

could be improved with 

additional georeferenced 

household surveys.

Inaccuracy could lie in the difficulty of capturing light signals 
among natural noise due to NTL resolution. Remote households 
included in the learning dataset and electrified through off-grid 
solutions according to the MTF do not contribute to light emissions 
and therefore mislead the model by causing it to predict a nonzero 
access rate in all other areas that are populated but dark. The model 
also used a limited number of countries, and few from Sub-Saharan 
Africa, a region of particular interest and huge heterogeneity. Finally, 
the MTF surveys were not designed to present the electrification rate 
at the village level, resulting in an estimation of the local rate based 
on just a few households.

That the model’s output does not precisely match the Global 
Electrification Database was expected, as its purpose is to provide 
additional information for countries with limited survey availability. 
Therefore, the focus should be on low-confidence data in the Global 
Electrification Database, including in Afghanistan, Yemen, Somalia, 
or Eritrea, where the model provides insights on unrealistic access 
rates. Indeed, Eritrea’s and Sudan’s access rates are not overesti-
mated by the model. While Eritrea’s access rate should be around 
50 percent according to the database, the model estimates a rate 
below 30 percent, and the same is true for Sudan (55 percent vs. 
42 percent). 

What have we learned, and where do we go from here?

Our work paves the way to a faster estimation tool 
able to generate results at closer intervals and at a 
regional scale 

In this study, more than 50 countries were processed beteween 2016 
and 2019. Based on the study results, NTL data appear to be a strong 
predictor of electrification at a local scale but remain unable to fully 
reflect countries’ socioeconomic nuances, such as the development 
of off-grid solar solutions, different rates of electricity consumption, 
or varying interurban characteristics. 

The comprehensive bottom-up geospatial model estimates 
access rates with a 14 percent error, both at local and country levels. 
This result is still significant for countries where electrification data 
are regularly collected and published. However, it might compare 

equally for countries where household surveys are difficult to 
conduct and provide a confidence level simiilar to that of the Global 
Electrification Database. Importantly, the model identifies outlier 
countries with significant gaps between NTL and household survey 
data and helps navigate the effort of better understanding what may 
be the cause of these inconsistencies.

NTL data are still promising. Their fine geospatial resolution 
(450 meters) highlights the inequality of access within populations 
and may be used to tailor electrification programs. Moving forward, 
our team will keep investigating the behavior of the model to correct 
wrong predictions and release consolidated electrification maps. The 
accuracy of estimation could be improved with additional georefer-
enced household surveys such as the MTF ones. More and better 
georeferenced microdata would improve the model’s calibration and 
reduce the margin of error. Such a model also demonstrates great 
potential to follow progress in fast-moving countries by focusing on 
time-series trends instead of cross-sectional levels. Future develop-
ments in this direction could make possible real-time evaluation of 
commitments to ambitious electrification policies. 
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