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ABSTRACT

Few research studies have focused on the nature of the relationship between nighttime 
lights and electricity consumption at subnational levels in South America, a region with 
heterogeneous geography and urbanization levels and complex socioeconomic dynam
ics. This study shows that it is possible to estimate, for Bolivia, a wide range of indicators 
of electricity consumption at the municipality level and two temporal scales using 
features derived from nighttime lights and other spatial data sources, in combination 
with readily available municipality characteristics. The prediction errors for annual 
electricity consumption range between 13% MAPE for average residential consumption 
and 59% MAPE for average commercial consumption. Similar accuracies are obtained 
when predicting monthly values. For both annual and monthly electricity consumption, 
we highlight the variation in estimation accuracy for various municipality subsets and 
show that prediction can be significantly improved when selecting municipalities based 
on population size, energy poverty, or levels of sustainable development.
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1. Introduction

Electricity plays an essential role as an enhancer of social and economic development. In Latin America 
and the Caribbean, fourteen million people still lacked access to electricity in 2018, and most of them were 
living in rural and isolated areas, where electricity was only one of the missing basic services. It is widely 
thought that reducing energy poverty and ensuring energy security lie at the heart of overcoming major 
challenges such as poverty, climate change, food insecurity, or inequalities in income and health (Andersen 
and Branisa, 2023; Santillán et al. 2020; Siksnelyte-Butkiene et al. 2021).

In Bolivia, 93% of the population had access to electricity in 2018. The population with no access to 
electricity or other basic services lives in small and isolated rural communities, with low incomes derived 
from agriculture and livestock (Eras-Almeida et al. 2019; Fernandez Fuentes et al. 2021). In line with the 
sustainable development goals, the aim of the Bolivian government is to achieve 100% electrification by 2025, 
the target year of the current energy policy plan (Fernandez Fuentes et al. 2021). Covering electrification 
needs is only one side of the issue, with growing pressure on existing infrastructure being another. Energy 
demand is predicted to double by 2030, following the pattern of population growth and increased use of 
electricity in economic sectors such as industry, transport or heating (Cheng et al. 2022). Furthermore, the 
energy sector is the second largest contributor to the total GHG emissions in Bolivia, which leads to the 
development of initiatives to increase sustainability in production and consumption, with national-level 
plans that aim at increasing the proportion of renewable electricity production to 75% and electrifying 10% 
of the public transport sector by 2030 (Fernandez Vazquez et al. 2024). Finally, energy supply systems in 
developing countries function under uncertain future configurations (Moksnes and Rozenberg, 2019). Lower 
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rainfall could result in a diminished capacity to generate hydroelectricity (Moksnes and Rozenberg, 2019) 
while natural resource depletion could lead to decreased capacity for natural gas extraction (Fernandez 
Vazquez et al. 2024), an important resource for energy generation for export in Bolivia.

Accurate and up-to-date information on the existing electricity network and consumption could 
support multiple goals: planning for universal electricity access, managing demand, sustainable develop
ment of energy sources and designing region-appropriate electricity networks. These goals are especially 
relevant for countries like Bolivia with large variations in population density and where many rural areas 
are difficult to reach. Spatial and temporal electricity consumption data also harbour great potential to act 
as proxy indicators of socioeconomic conditions and inform the creation and monitoring of public welfare 
policies. This type of data, however, is seldom freely available at the most critical spatial scales – local or 
regional – or if available, it is corrupted by issues of time lag and spatial coarseness (Ivan et al. 2020; Lin 
and Raza 2021; Wang and Lu 2021).

New data sources and methods have been increasingly explored over the past two decades for the 
estimation of missing socioeconomic data. One of the most important data sources is satellite-borne Earth 
Observation (EO) products and geospatial data. A prime example of such data is nighttime lights (NTL) 
images, which are among the most widely used EO products for approximating the spatial distribution of 
the portion of electricity consumption (EC) that produces visible light (Elvidge et al. 2021). Furthermore, 
NTL images are empirically validated as robust resources for generating geocoded socioeconomic 
indicators in areas where data are missing or outdated (Kuffer et al. 2018; Wurm et al. 2019; Andreano 
and Simona, 2021; Georg et al. 2023).

Different sensors record NTL data, with various temporal frequencies and spatial resolutions. DMSP 
NTL data have the advantage of extended temporal coverage from 1992 to 2013, which enables long-term 
time series analysis, while VIIRS DNB data were first collected in 2012, at a higher spatial resolution and 
frequency than the DMSP sensor. The Black Marble Product Suite (Román et al. 2018) is a recent global 
NTL product, calibrated and scientifically validated, with similar spatial and temporal granularity as the 
VIIRS source. Newer NTL products include Luojia 1-01 data (Lu et al. 2025) and SDGSAT-1, which 
provides multi-band data with high spatiotemporal resolution (Chen et al. 2025). Since the relationship 
between NTL and EC can be affected by external parameters such as the economic activities performed in 
the area and environmental conditions (Li et al. 2019), accounting for the variation expressed by local land 
cover and land use conditions helps address spatial heterogeneity and improve estimation accuracy. For 
this reason, NTL data is used together with land use/land cover classification data and derived indicators 
such as the Enhanced Vegetation Index (EVI), total urban area, patch density of rural settlement (Xie and 
Weng 2016; Wang and Lu 2021), or urban functional zoning (Lu et al. 2025).

As a proxy for electricity consumption, the use of nighttime lights supports the evaluation of policies for 
rural electrification (Chindarkar and Goyal 2023), the identification and estimation of energy poverty (Min 
et al. 2024; Wang et al. 2021), assessing electrification needs (Falchetta and Pachauri, 2019; Alabi et al. 
2022; Chakraborty et al. 2025), or estimating CO2 emissions (Qin et al. 2025). While numerous studies 
have analyzed the relationship between NTL and EC, most studies have focused on country-wide analysis, 
with only a few focusing on the subnational scale (Fehrer and Krarti 2018; Jasiński 2019; Wang and Lu 
2021). Even fewer recent studies have addressed the fine-scale disaggregation of electricity consumption 
and other inherently related information, such as carbon emissions, using nighttime lights data (Cao et al. 
2025; Qin et al. 2025).

To the best of our knowledge, the relation between nighttime lights and electricity consumption has not 
been analyzed at the subnational level for Latin American countries. The region is an especially interesting 
study area, as it consists of low- and middle-income countries with distinctive land cover and urbanization 
patterns that can influence both NTL accuracy and EC patterns (Min et al. 2013; Wang and Lu 2021). 
Another focus of research that only a few studies have adopted is the investigation of different types of 
electricity consumption. In addition to their intrinsic value as input for diverse energy planning scenarios, 
these electricity consumption indicators act as proxies for socioeconomic life conditions, an important 
dimension of societal heterogeneity in Bolivia. Residential energy consumption can be linked to household 
income and consumption power, with wealthier households owning and using a larger set of electric 
appliances (Solis et al. 2022). Commercial energy consumption is a direct output of income generation 
activities and can indicate local potential for the development of business and commercial activities 
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(Sanchez Solis et al. 2023). The number of streetlights is an indicator of the quality of public service, of the 
level of infrastructure development, and more generally, of the quality of life.

With this study, we address the literature gap and contribute to existing research in several ways. The key 
goal of the analysis is to investigate the reliability of NTL data to estimate multiple indicators of electricity 
consumption at the municipal level in Bolivia. We first accomplish this by building a comprehensive set of 
variables that describe the spatial variability of NTL radiance by combining NTL data with land cover, 
building, and human settlement locations. This allows us to quantify the diverse geography and density of 
population and economic activity specific to the country. Second, we estimate a series of models that predict 
monthly and annual electricity consumption in the period between 2012 and 2016 using time-matched NTL- 
derived variables. The combination of spatially and temporally disaggregated data is infrequently encoun
tered, owing to data availability issues, in studies focusing on electricity consumption in Latin American 
countries. Furthermore, our results provide evidence of the relevance of NTL data to act as a proxy for 
various types of electricity consumption – electricity used for residential purposes, for commerce, and for 
public lighting – both in their aggregated form and as average consumption per user. Finally, the study 
examines the variation in the accuracy of electricity consumption estimates when considering various subsets 
of municipalities. Our data-driven machine learning approach leads to the identification of socioeconomic 
municipality characteristics that help define optimal subsets for both electricity nowcast and forecast tasks.

2. Materials and methods

2.1. Study area

The Plurinational State of Bolivia is a country in the western-central region of South America. The 
geography of the country is defined by diverse climate and ecological regions: the Andean region in the 
West, the sub-Andean region, characterized by valleys and temperate climes, and the lowlands, covering 
areas ranging from the Amazon rainforest in the North to the dry Chaco Forest in the South-East (INE 
2020). The country consists of nine departments–the primary administrative division–subdivided into 339 
municipalities. In 2020, the estimated population reached 11.6 million inhabitants, with 32.7% living in 
rural areas (CEPAL 2022). The urban population is growing rapidly, but is concentrated in three 
metropolitan areas: Santa Cruz, La Paz-El Alto and Cochabamba. According to CEPAL (2022), 31.1% 
of the Bolivian population were living in poverty in 2019, and 12.2% in extreme poverty.

The primary source of energy in Bolivia is fossil fuels, with natural gas, gasoline, and diesel covering three- 
quarters of the energy needs. Another quarter of energy consumption is covered from biomass and electricity 
(Fernandez Vazquez et al. 2024). Out of the total installed electricity generation capacity, in 2021, thermo
electric power plants contributed the highest share (71%), followed by 20.4% from hydropower plants, and 
8.6% from other renewable sources such as biomass, solar and wind (Jimenez Zabalaga et al. 2025). Following 
the goal of achieving universal access to electricity by 2025, Bolivia invested heavily in fossil fuel energy 
power plants until 2017 (Navia et al. 2022). Nevertheless, various efforts have been initiated that aim at 
reducing carbon emissions and, more generally, the use of conventional energy sources (Fernandez Vazquez 
et al. 2024). The addition of renewable energy sources to the electricity distribution network has been slower 
than in other countries, such as Uruguay, Brazil, Argentina, or Chile (Navia et al. 2022). Current expansion 
strategies include the future addition of mostly hydroelectric plants and, to a lesser measure, of wind, solar or 
geothermal plants, even though solar energy in particular could represent a suitable primary energy source 
for a large part of the country, since, owing to its altitude and dry climate, the country contains regions with 
the highest level of solar ratio worldwide (Navia et al. 2022). Long-term development plans are necessary to 
fulfil the high potential of a cost-effective mix of energy sources and mitigate the negative effects that the 
dependency on fossil fuels entails (Fernandez Vazquez et al. 2024). Updated energy demand data and 
forecasting are essential in developing such strategies (Jimenez Zabalaga et al. 2025).

2.2. Nighttime lights data

This study used moonlight-adjusted NTL composites and associated quality flags from the Black Marble 
Product Suite (Román et al. 2018). Black Marble data have been successfully used to detect power outages 
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(Wang et al. 2018) and for electricity restoration (Román et al. 2019), showing good potential to proxy 
electricity consumption. Figure 1 displays the annual NTL radiance in Bolivia in 2016; the highlighted 
areas are the cities of Santa Cruz de la Sierra, La Paz, and Tarija.

Black Marble is an NTL product from NASA derived from the VIIRS Day-Night band and accessible as 
open-source data in the LAADS DAAC platform from the VNP46A collection (NASA 2021). It consists of 
Top-of-Atmosphere (TOA) DNB radiance (nWcm-2sr-1) with a spatial resolution of 15 arc-seconds, 
available from January 2012 to the present day. For this analysis, we used the VNP46A3 and VNP46A4 
products, which provide monthly and annual all-angles nighttime radiance composites for 2012–2016. The 
all-angle composites are particularly suitable for this study because nighttime radiance is influenced by 
both sensor view angle and land-use characteristics. These products were generated from daily lunar and 
bidirectional reflectance distribution function (BRDF)-corrected radiance observations across three view 
angles and two snow conditions, enabling a comprehensive overview of multiple illumination sources, 
such as indoor lights and streetlights (Wang et al. 2022).

Before data distribution, the Black Marble preprocessing algorithm reduces the influence of external 
contamination by detecting clouds, correcting for atmospheric effects, and removing stray light, lunar 
illumination, background noise, and ephemeral light sources such as fires and aurora (Román et al. 2018; 
Wang et al. 2022; Wang et al. 2021). To further reduce surface reflectance effects, we selected snow-free 
composites to minimize the albedo’s impact in the Andean regions. We addressed cloud contamination by 
applying the quality masks defined by the NASA-provided quality assurance flags. Only pixels flagged as 
high-quality and cloud-free in the VNP46A2 products were used for analysis (Wang et al. 2022). No 

Figure 1. Distribution of NTL radiance in Bolivia, in 2016, with three departmental capitals highlighted.
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additional cloud or atmospheric corrections were applied beyond those implemented in the Black Marble 
processing chain.

2.3. Spatial data

We explored NTL data in conjunction with other relevant open-source remote sensing data, which served 
several purposes. First, we described the topography of municipalities using summaries of spatial 
attributes. Second, we delineated areas of human settlements and economic activity. Finally, we investi
gated the differences in NTL radiance across different types of settlements and land uses and assessed their 
impact on EC estimation. These auxiliary data include elevation (Takaku et al. 2014), land cover 
classification (Buchhorn et al. 2020), delineation of built-up areas (Esch et al. 2012; Deutsches Zentrum 
für Luft- und Raumfahrt (DLR) 2016; JRC 2019), and building footprints and points of interest (OSM 
2023). Table 1 summarizes the spatial data, including their resolution, year of collection, and sources.

Bolivia is a country with diverse geography, encompassing mountain ranges, high plateaus, and lowland 
regions, including flatlands, hills and valleys. We summarized the elevation features of each municipality 
using the Digital Surface Model (DSM) generated from sensors onboard the Advanced Land Observing 
Satellite (ALOS) (Takaku et al. 2014). We further explored the topography of the country using land cover/ 
land use data from the Copernicus Global Land Service (CGLS) (Buchhorn et al. 2020). In addition to the 
built-up areas identified in CGLS-LC100, three other data sources were used to identify settlement areas: 1) 
the Global Urban Footprint (GUF) - a world map of built areas at 12m resolution (Esch et al. 2012; 
Deutsches Zentrum für Luft- und Raumfahrt (DLR) 2016); 2) the built-up area grid (GHS-BUILT), 
published by the European Joint Research Center (JRC 2019); 3) buildings and points of interest from the 
open global crowd-sourced dataset, Open Street Map (OSM).

For estimating the most likely maximum extent of human settlements and economic activity between 
2012 and 2016 (with the denomination built versus non-built areas), we have combined the various 
information on built-up areas with population maps (WorldPop 2020) into a single spatial layer, as 
illustrated in Figure 2. Before merging, small areas such as individual buildings or points of interest have 
been expanded by a buffer with a radius equal to the NTL data resolution of 500 m. Due to irregular spatial 
and temporal resolutions, the layer is time-agnostic and has been used as a fixed mask for all temporal 
analysis. This layer can be used to filter NTL from sources such as fires, gas flares, or other irregular light 
activities and can also be used to identify eventual industrial or mining sites.

2.4. Electricity database and socioeconomic data

The electricity consumption database (ELBOL) contains observations of monthly consumption (MWh) for 
most Bolivian municipalities from January 2012 to December 2016 (Andersen et al. 2023). The electricity 
database allows the inspection of various uses of electricity: for residences, for commerce/services, for 
street lights, and for mining activities. Residential and commerce/services consumption account for 
approximately 20% of all EC, with the largest consumption registered by the transport and industry 
sectors (Fernandez Vazquez et al. 2024). The descriptive statistics in Table 2 show that for all usage types, 
the number of users and average EC per user show an increasing trend throughout the study period, a 
trend confirmed by official statistics for recent years (Cheng et al. 2022). The highest values of 

Table 1. Spatial data description and provenance.
Layer type Year Resolution Format Source name

Elevation 2011 30 m Raster ALOS Global Digital Surface Model (DSM) Takaku et al. ( 2014)
Land cover 2015 100 m Raster Copernicus Global Land Service (CGLS) Buchhorn et al. ( 2020)
Built-up area 2012 30 m Raster Global Urban Footprint (GUF) [46, 47]

2015 250 m Raster Global Human Settlement Layer (GHSL) JRC ( 2019)
2022* – Vector Building footprints from OSM “OpenStreetMap” (2022)

Points of interest 2022* – Vector POI from OSM “OpenStreetMap” (2022)
Population count 2012–2016 100 m Raster WorldPop WorldPop ( 2020)
Settlements 2012–2022* – Vector Own calculation
Nighttime lights 2012–2016 500 m Raster Black Marble Román et al. ( 2018)
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consumption are concentrated in the largest and most populated cities: Santa Cruz de la Sierra, La Paz, and 
Cochabamba. Figure 3 illustrates the spatial co-occurrence of low EC and high poverty rates.

Another important source of information on Bolivian municipalities is the Municipal Atlas of 
Sustainable Development Goals in Bolivia (Andersen et al. 2020). The Atlas compiles a wide range of 
indices informing on various socioeconomic living conditions at the municipality level. We have extracted 
for the purpose of analysis in conjunction with electricity consumption a set of municipality indicators, 
such as population size, degree of urbanization, levels of energy poverty, and an overall index expressing 
how well the different goals of sustainable development are covered in each municipality.

2.5. Multivariate analysis

The main goal of our analysis was to investigate the relationship between electricity consumption and 
explanatory variables in two temporal dimensions, annually and monthly, using non-linear regression 
models. Supervised learning models such as random forests (Breiman 2001) have been shown to exhibit 
high accuracies for diverse types of regression outcomes and to minimize nowcast and forecast errors, in 
comparison with linear models. Moreover, it has been shown that for small temporal data series, Random 
Forests perform better than more complex, deep machine learning models. Variable prediction importance 
was judged based on Shapley values computed with the SHAP approach (Lundberg et al. 2020). To 
measure model goodness-of-fit, we used the coefficient of determination R2 and, to evaluate prediction 
accuracy, the Mean Absolute Percentage Error (MAPE). The model metrics we consistently report 
throughout the paper are test model errors, where all suitable data for training and prediction are 
considered.

Figure 2. Illustration of the spatial data used for the creation of a human settlement layer (also labelled as built area).

Table 2. Summary of selected indicators in the electricity consumption database (ELBOL) 
(Andersen et al. 2023).
EC indicators 2012 2013 2014 2015 2016

Municipalities with EC 247 293 314 323 329
Residential EC users (millions) 1.89 2.07 2.20 2.41 2.55
Commercial EC users (millions) 0.26 0.28 0.30 0.32 0.35
Residential EC (GWh) 2.43 2.65 2.82 3.03 3.20
Commercial EC (GWh) 3.10 3.25 3.39 3.54 3.67
Municipalities with street lights EC 176 200 235 221 237
Street lights EC (GWh) 0.30 0.32 0.36 0.40 0.42
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With a dataset spanning annual and monthly values over 6 years, it is difficult to implement cross- 
validation scenarios specific to time series data, such as blocked or extended cross-validation. To estimate 
model performance under different scenarios of data availability for training, we report on an adapted 
repeated cross-validation technique. We sample independently and without repetition k-1 folds in the data 
from the training year and 1 fold from the test year. This implies that it is possible, but not necessary, that 
the same municipality appears both in the training and test sets. The procedure is repeated 1,000 times for 
various numbers of folds (2, 5, and 10). We also report prediction intervals using the Python module 
forest-confidence-interval (Polimis et al. 2017), an implementation of the algorithm developed by Wager 
et al. (2014). The algorithm estimates the sampling variance of bagged predictors such as random forest 
trees using a bias-corrected method of the jackknife-after-bootstrap method that relies on the bootstrap 
replicates, which were used to form the bagged predictions (Wager et al. 2014). Figure 4 depicts a high- 
level overview of the data layers and main processing steps in the analysis.

We distinguished between different groups of explanatory variables to estimate the ability of readily 
available indicators to proxy electricity consumption, with or without the use of historical electricity data. 
The baseline model for comparison is the one where the explanatory variable is the EC of the previous 
year, or the EC of the same month in the previous year. Equations (1) and (2) summarize the different 
groups of variables in our predictive models. Predictions based on the model for year y are obtained using 
as training data the model from year y-1, or earlier years.

EC M NTL EC= + +y y y 1 (1) 

EC M NTL NTL EC EC= + + + +m y
k

m k y y y m y,
=0

3
, 1 1 , 1 (2) 

where EC are the different types of electricity consumption, NTL is the set of variables extracted from NTL 
data, and M is a set of fixed municipality attributes; y denotes the year and m the month.

The outcomes of interest are all the different types of electricity consumption made available in the 
electricity database: electricity used in residences (EC-R), used for commercial purposes – including 
companies, neighbourhood stores, city hall services and other (EC-C), used for street lightning (EC-SL), 

Figure 3. Average electricity consumption per electricity user (a) and poverty levels expressed as the level of unsatisfied 
basic need (Andersen et al. 2020) (b) in Bolivian municipalities. The nine departments are delineated on the left map, with 
three of the nine departmental capitals highlighted on the right map.
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and the total consumption for these three uses (EC Total); we also predicted the average residential 
consumption per user (Avg(EC-R)) and the average commercial consumption per user (Avg(EC-C)). We 
excluded EC from mining activities, as it is concentrated in only a few municipalities, with extreme values 
that distort the municipality’s overall EC consumption. All regression outcome variables were log- 
transformed prior to analysis, as well as the municipality population size.

The most important variables for estimating EC were derived from NTL data. We aggregated NTL 
luminosity values within specific spatial boundaries: at the level of the municipality, settlement areas 
(built), non-settlement areas (non-built), as well as within areas defined by CGLS land cover classes, such 
as built-up, forests, cropland, shrubland, and combinations thereof. The first forms of aggregation are the 
total number of pixels with non-null luminosity values and their total sum. Then, we computed various 
descriptive metrics to summarize the distribution of luminosity values within each type of spatial 
boundary: the mean, standard deviation, coefficient of variation, and skewness. Distribution metrics are 
computed both when including zeros in the set of values (e.g. mean) and when excluding them (e.g. 
zmean). The feature set initially included distribution statistics obtained by trimming the set of pixel values 
to exclude the top and bottom 5% and 10% outlier values. Model performance tests have proven, however, 
that these additional features do not improve the prediction capacity.

Other metrics derived from NTL data include the percentage change in luminosity between consecutive 
years or months, and luminosity per capita, within built and non-built areas. Municipality time-fixed 
characteristics include both spatial (elevation statistics, extent of land cover, and settlement areas) and 
socioeconomic (population size and density, degree of urbanization or degree of poverty) attributes. In this 
manner, we obtained a large set of 280 features, out of which over 230 were derived from the combination 
of NTL and various spatial data layers. As a feature selection technique, since Random Forests handles 
large-dimensional data well, solely highly correlated features (Pearson p = 0.85) were filtered out. Finally, 
to eliminate errors caused by outliers, both in the training and prediction steps, we eliminate observations 
where the outcome variable is either null or within the lowest 5% of non-null values.

Figure 4. Overview of the most important processing steps in the analysis of annual data. The methodology is 
representative of the analysis of monthly data as well.
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Bolivian municipalities are characterized by extreme values in both population size and development 
levels. The same high variability characterizes electricity consumption. For this reason, to highlight the best 
scenarios for EC prediction, we tested various subsets of municipalities. We classified municipalities based 
on one of the following dimensions: population size, degree of urbanization, degree of sustainable 
development and energy poverty. Global scenario models usually estimate energy demand based on 
different levels associated with assumptions regarding GDP, population, urbanization rates and market 
penetration of electric vehicles (Moksnes and Rozenberg, 2019). The dimensions selected are in line with 
these general drivers of electricity demand. Except for population size, all indicators are published in the 
Municipal Atlas of Sustainable Development Goals (Andersen et al. 2020). The municipal sustainable 
development index is a multi-dimensional index that indicates the degree to which a municipality is 
developed from the point of view of multiple goals, among which are access to public and infrastructure 
services, to education, safety, or resilience against climate change. Energy poverty is expressed as the 
number of households that consume less than 25% of a nationally proposed electricity consumption target 
(Tarifa Dignidad), which is used as a threshold for applying discounted electricity tariffs (Andersen et al. 
2019). For every dimension independently, municipalities were ordered according to increasing values of 
the chosen metric. We then extracted subsets starting at different values in the distribution of the ordering 
variable, from 0 with increments of 5 percentiles. We tested subsets of different sizes, ranging from 30% to 
75% of the total number of municipalities.1 The various subsets cover the entire distribution of munici
pality characteristics on the chosen dimension, i.e. from the most rural municipalities to the most 
populated, or the least energy poor. Figure 5 illustrates the distribution of values in 2016 for all types 
of electricity consumption considered in our analysis, as well as the distributions of the four indicators 
chosen as selection criteria for municipality subsets.

The availability of long time series of NTL luminosity values enables important forecast opportunities. 
Unfortunately, locally disaggregated information on electricity consumption has not been openly available 
for more recent years. For this reason, we have designed an exercise of forecasting annual residential 
energy consumption between 2017 and 2021 and comparing model predictions with the reported 
percentage change in national residential electricity consumption in those years with respect to 2016 
values: an increase of 1.3% in 2017, 4.3% in 2018, 3.5% in 2019, 7.7% in 2020 and 9.4% in 2021 
(International Energy Agency 2025).

2.6. Temporal analysis

In addition to the supervised learning approach, the relationship between monthly EC and monthly NTL 
radiance was explored using an unsupervised learning approach to detect general trends in EC and 
compare them with seasonal trends of NTL.

To observe the seasonal variation in total EC, we explored the monthly EC data using k-means clustering 
(MacQueen 1967) with the Euclidean distance as a measure of similarity between observations. Studies show 
that k-means with Euclidean distance is an efficient and robust method of time series clustering (Paparrizos 
and Gravano 2015), even when compared with more complex techniques of unsupervised learning. We 
evaluated the choice of the best number of clusters using the Davies–Bouldin index (Davies and Bouldin 
1979), a metric based on the principle of minimizing within-cluster differences and maximizing between- 
cluster separation. Each cluster is represented by its centroid, which was obtained with Dynamic Time Warp 
(DTW) Barycentric Averaging (DBA) (Petitjean et al. 2011). DTW distance (Sakoe and Chiba 1978) aims at 
identifying an alignment between two sequences by flexibly matching sequence indices. DBA averaging is an 
iterative procedure that computes the average of a set of time series sequences by minimizing the DTW 
distance between the average and the sequences. Compared with the simple arithmetic mean, barycentric 
averaging better captured the monthly variation in the cluster centroid. The time series analysis was 
performed with the tslearn Python package (Tavenard et al. 2020).

For capturing both between- and within-year trends in electricity consumption, we analyzed the 
monthly values between January 2015 and December 2016. First, we excluded municipalities with at 
least one null monthly EC value in this interval. This was done to prevent drawing interferences from 
noisy data, where a sudden drop to zero in EC was considered a possible indicator of an aberration in the 
monthly time series, and the data for the municipality in question were flagged for further data processing. 
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Our sample for the monthly analysis consisted of 295 municipalities (87% of all municipalities, home to 
some 95% of the population). Second, pre-processing steps included applying a rolling average in a 
window of two months and then normalizing each municipal time series through min–max scaling. These 
techniques were intended to smooth noise in the data and bring all time series to the same scale, between 
zero and one. The clustering features are the 24 monthly values. Each cluster is represented by a single time 
series, the centroid or profile. Then, starting from the clusters of the EC time series, we extracted NTL 
profiles from the NTL monthly values within the same municipality cluster. Finally, the representative EC 
profiles and corresponding NTL profiles were compared based on seasonality patterns over the two years 
under analysis.

3. Results

3.1. Spatio-temporal distribution of nighttime lights

Bolivia's landscape heterogeneity and predominance of rural areas, small villages, and peripheral moun
tainous regions naturally produce none to very low NTL radiance for large parts of the country. Between 
2% (2016) and 5% (2012) of the municipalities show no NTL radiance. These municipalities are located in 
departments with the lowest GDP (INE 2021). A significant number of municipalities also register no 

Figure 5. Distribution of 2016 annual values of different types of electricity consumption: electricity used in residences 
(EC-R), used for commercial purposes – including companies, neighborhood stores, city hall services and other (EC-C), used 
for street lightning (EC-SL), the total consumption for these three uses (EC Total), average residential consumption per user 
(Avg(EC-R)), and average commercial consumption per user (Avg(EC-C)). The distributions of significant municipality 
attributes are also displayed. The electricity consumption variables and the municipality population size have been 
log-transformed.

10 O. M. GARBASEVSCHI ET AL.



electricity consumption: between 34% (2012) and 6% (2016) of all municipalities. For 2016, most of these 
municipalities are rural communities with low population counts and high levels of poverty.

NTL radiance is generally concentrated within settlement areas. Nevertheless, in 11% of all munici
palities, more than 25% of the radiance is recorded in out-of-settlement areas, which are mostly located in 
areas of herbaceous vegetation and in the immediate vicinity of a settlement. Since these are small rural 
communities, we can deduce that the perimeter of economic activity is larger than what the available built- 
up datasets might indicate. Other areas with out-of-settlements NTL radiance are located around petrol 
and gas extraction fields, such as Margarita or San Alberto in the Tarija department; gas and condensate 
extraction fields, such as Incahuasi in the Santa Cruz department; and gold mines, such as Lake Suches in 
the La Paz department. The identification and monitoring of areas with mining activity with remote 
sensing data enables the evaluation of their environmental impact and sustainability, an important link 
with the socioeconomic development of the regions concerned (Rodríguez López et al. 2020).

Between 2012 and 2016, the median NTL radiance within settlement areas increased by 270%. The 
greatest increase was recorded in very rural and poor communities, which were predominantly located in 
La Paz. Among the few urban municipalities that recorded a high increase in radiance are the munici
palities of Rurrenabaque and Reyes in Beni. The latter experienced a boom in tourism during that period 
due to important natural attractions (the Madidi National Park and the Pampas of Beni). There is no 
correlation pattern between the change in NTL radiance in settlement and non-settlement areas. In non- 
settlement areas, the NTL median luminosity increased by 290% between 2012 and 2016. Most of the 
municipalities that experienced the highest increase are highly urban municipalities, indicating that the 
high increase in NTL is very likely to be associated with urban developments located outside the core city 
areas – driven by population growth and socioeconomic factors such as immigration and house prices 
(Parés-Ramos et al. 2013).

We generally found the relationship between the percentage change in NTL radiance and the percent
age change in EC is weak, as illustrated in Figure 6. A moderate correlation can be observed between the 
percentage change between 2012 and 2016 in total EC and NTL radiance outside settlement areas. The 
percentage changes between consecutive years are more closely related than the percentage changes across 
longer periods, as shown in Table 3. The most important correlations found concern the changes taking 
place between 2013 and 2015. For this period, we observe that the change in average commercial electricity 
consumption increases with the change in NTL intensity. Finally, we find that changes in NTL intensity, 
either as total or average, are more spatially concentrated than changes in any of the electricity 
consumption outcomes.

3.2. Annual models

Predicting current annual EC consumption using past annual values as input is moderately successful, as 
illustrated in Table 1 in the Appendix. For the 2016 predictions, the errors range from 20% for predicting 
total electricity consumption to 35% for predicting average commercial consumption per user. Using data 
from the previous year yields higher accuracy than other historical annual data. Model goodness-of-fit tests 
showed that the NTL-derived variables explained between 83% (2012) and 87% (2016) of the variance in 
total annual EC, as illustrated in Table 4. The cross-validation results reported in Table 5 show the impact 
that the choice of training and test data has on the prediction accuracy. Larger training sets lead to lower 
overall errors, while smaller test sets lead to higher variability in errors because of higher probabilities of 
choosing extreme values for prediction. The highest variability in model performance is observed for the 
prediction of commercial electricity consumption.

As expected, population size, degree of urbanization and poverty levels are important predictors for all 
types of electricity consumption. In terms of NTL-derived predictors, highlighted are the average 
aggregates of luminosity values over both built and non-built areas, as well as aggregates that express 
the variation in the distribution of luminosity values. These variables and their Shapley importance values 
are listed in Figure 7.

Prediction errors are considerably high when the predictor variables are solely extracted from NTL data: 
from 41% for predicting average residential EC to 88% for predicting average commercial EC. 
Nevertheless, the combination of NTL-derived variables and fixed municipality characteristics lowers 
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prediction errors by as much as 30%. The highest errors are recorded for rural municipalities, located 
predominantly in the departments of Oruro and La Paz, which experienced a sharp increase in EC between 
2014 and 2016. The most accurate estimates are obtained for residential EC per user, while the least 
accurate estimates are obtained for commercial EC per user. Figure 8 shows the geographic distribution of 

Figure 6. Percentage change in annual total EC (a) and NTL radiance (b) between 2012 and 2016, at the municipality 
level.

Table 3. The most important correlations (Pearson statistic p > 0.2) between changes in EC and changes in NTL 
intensity, considering the most important variables of each type, and all temporal ranges. The degree of spatial 
autocorrelation of each variable has been computed using Moran’s I statistic.
EC variable NTL variable Year Start Year End Pearson (EC, NTL) Moran I (EC) Moran I (NTL)

Avg(EC-C) Sum[NTL(Municipality)] 2013 2015 0.43 0.04 0.03
EC-SL Sum[NTL(Not_Built)] 2014 2015 0.41 0.11 0.19
Avg(EC-C) Sum[NTL(Built)] 2013 2015 0.36 0.05 0.06
EC-C Zmean[NTL(Built)] 2013 2015 0.36 0.06 0.13
EC-SL Sum[NTL(Municipality)] 2014 2015 0.31 0.11 0.01
EC-C Zmean[NTL(Not_Built)] 2013 2015 0.31 0.06 0.19
EC-SL Zmean[NTL(Built)] 2014 2016 0.28 0.14 0.04
EC-SL Sum[NTL(Not_Built)] 2014 2016 0.28 0.14 0.07
Avg(EC-C) Sum[NTL(Municipality)] 2013 2016 0.26 0.03 0.10
EC-C Zmean[NTL(Municipality)] 2013 2015 0.26 0.06 0.15
EC-SL Zmean[NTL(Municipality)] 2014 2015 0.26 0.11 0.18
EC-SL Zmean[NTL(Municipality)] 2014 2016 0.26 0.14 0.01
EC-R Zmean[NTL(Not_Built)] 2012 2015 0.26 0.05 0.21
EC Total Sum[NTL(Not_Built)] 2014 2015 0.25 0.08 0.14
EC-R Sum[NTL(Not_Built)] 2012 2015 0.25 0.05 0.17
EC-C Zmean[NTL(Not_Built)] 2013 2016 0.25 0.04 0.14
Avg(EC-C) Sum[NTL(Built)] 2013 2016 0.24 0.03 0.07
EC-SL Sum[NTL(Municipality)] 2014 2016 0.24 0.14 0.02
EC-SL Zmean[NTL(Not_Built)] 2013 2016 0.23 0.04 0.21
EC Total Zmean[NTL(Not_Built)] 2012 2015 0.22 0.06 0.17
EC-SL Zmean[NTL(Not_Built)] 2013 2015 0.22 0.11 0.17
EC-C Zmean[NTL(Built)] 2013 2016 0.21 0.05 0.14
EC-R Sum[NTL(Not_Built)] 2012 2016 0.21 0.05 0.18
EC-R Zmean[NTL(Built)] 2012 2015 0.20 0.05 0.12
EC-SL Zmean[NTL(Not_Built)] 2014 2015 0.20 0.11 0.28
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Table 4. Model goodness of fit (R2) and mean absolute percentage error (MAPE) for the prediction of annual values of 
different types of electricity consumption. Regression models include NTL-derived variables, extended by municipality 
attributes (model 1) and past values of electricity consumption (model 2). Including/excluding in the model each 
additional group of variables is marked by 1/0.

Outcome

Model EC Total EC-R EC-C EC-SL Avg (EC-R) Avg(EC-C)

(1) (2) Train Predict R2 MAPE R2 MAPE R2 MAPE R2 MAPE R2 MAPE R2
MA
PE

0 0 2012 2013 0.83 107 0.79 121 0.82 139 0.69 400 0.86 52 0.37 191
2014 0.80 85 0.81 68 0.78 97 0.74 114 0.95 52 0.10 223
2015 0.78 91 0.79 66 0.75 107 0.72 104 0.94 55 0 231
2016 0.78 78 0.80 68 0.75 93 0.71 102 0.93 56 0 229

2013 2014 0.79 75 0.82 58 0.74 93 0.77 97 0.87 55 0 136
2015 0.76 83 0.81 56 0.72 95 0.76 87 0.87 51 0.20 138
2016 0.76 69 0.79 58 0.72 77 0.75 85 0.87 50 0.09 133

2014 2015 0.86 67 0.88 53 0.82 88 0.82 72 0.95 39 0.31 106
2016 0.85 58 0.87 58 0.81 81 0.80 72 0.95 41 0.11 112

2015 2016 0.87 55 0.88 56 0.83 78 0.81 77 0.95 41 0.28 88
1 2012 2013 0.87 92 0.87 82 0.85 121 0.83 96 0.89 29 0.38 234

2014 0.87 52 0.87 43 0.85 62 0.81 81 0.98 30 0 282
2015 0.83 58 0.85 42 0.81 77 0.79 76 0.97 28 0 302
2016 0.82 52 0.83 44 0.81 63 0.75 74 0.97 28 0 272

2013 2014 0.91 38 0.90 34 0.89 44 0.84 70 0.89 31 0.35 122
2015 0.86 43 0.86 37 0.85 51 0.82 63 0.90 24 0.26 136
2016 0.84 40 0.85 40 0.84 44 0.80 60 0.89 25 0.27 112

2014 2015 0.94 33 0.96 28 0.91 50 0.90 46 0.98 16 0.44 81
2016 0.93 29 0.96 27 0.89 45 0.87 49 0.98 17 0.29 83

2015 2016 0.94 30 0.96 25 0.91 44 0.89 48 0.99 14 0.44 65
1 1 2012 2013 0.87 92 0.87 82 0.85 121 0.83 96 0.89 29 0.38 234

2014 0.87 52 0.87 43 0.85 62 0.81 81 0.98 30 0 282
2015 0.83 58 0.85 42 0.81 77 0.79 76 0.97 28 0 302
2016 0.82 52 0.83 44 0.81 63 0.75 74 0.97 28 0 272

2013 2014 0.91 58 0.88 19 0.93 37 0.88 54 0.92 20 0.48 56
2015 0.87 57 0.82 28 0.91 43 0.84 63 0.93 16 0.35 112
2016 0.84 60 0.82 30 0.90 48 0.84 51 0.92 18 0.58 64

2014 2015 0.97 21 0.97 18 0.97 28 0.95 28 0.99 9 0.67 44
2016 0.95 24 0.97 19 0.93 39 0.91 31 0.99 11 0.46 59

2015 2016 0.96 21 0.97 20 0.95 32 0.97 20 0.99 9 0.72 33

Table 5. Model goodness of fit (R2) and mean absolute percentage error (MAPE) for the prediction of annual values of 
different types of electricity consumption. Model metrics are listed as average and standard deviation values over 
repeated (1000 repeats) cross-validation with a varying number of validation folds. The training data contains k-1 folds of 
all available data in the training year and the test data 1 fold of all available data in the prediction year, sampled 
independently and without repetition. Regression models include NTL-derived variables, extended by municipality 
attributes and past values of electricity consumption.

Train Predict K-folds

Outcome

EC Total EC-R EC-C EC-SL Avg(EC-R) Avg(EC-C)

R2 MAPE R2 MAPE R2 MAPE R2 MAPE R2 MAPE R2 MAPE

2013 2014 2 0.82 
± 0.05

63 ± 29 0.79 
± 0.06

30 ± 3 0.84 
± 0.04

45 ± 9 0.81 
± 0.04

63 ± 14 0.97 
± 0.03

22 ± 8 0.45 
± 0.14

58 ± 15

5 0.82 
± 0.08

60 ± 57 0.76 
± 0.10

26 ± 4 0.84 
± 0.07

41 ± 17 0.81 
± 0.08

60 ± 28 0.98 
± 0.03

22 ± 17 0.51 
± 0.26

56 ± 23

10 0.80 
± 0.13

59 ± 85 0.74 
± 0.17

25 ± 5 0.84 
± 0.11

41 ± 25 0.8 
± 0.13

59 ± 42 0.99 
± 0.02

22 ± 25 0.59 
± 0.34

56 ± 34

2014 2015 2 0.95 
± 0.01

30 ± 4 0.94 
± 0.01

29 ± 4 0.94 
± 0.01

39 ± 5 0.92 
± 0.02

37 ± 6 0.99 
± 0.0

13 ± 2 0.59 
± 0.15

46 ± 16

5 0.96 
± 0.01

25 ± 5 0.96 
± 0.02

24 ± 6 0.96 
± 0.02

33 ± 7 0.94 
± 0.02

31 ± 8 1.0 
± 0.0

11 ± 2 0.64 
± 0.2

44 ± 19

10 0.96 
± 0.02

24 ± 7 0.96 
± 0.03

23 ± 8 0.96 
± 0.03

31 ± 10 0.94 
± 0.03

30 ± 11 1.0 
± 0.0

10 ± 3 0.69 
± 0.28

45 ± 28

2015 2016 2 0.95 
± 0.01

25 ± 4 0.95 
± 0.01

25 ± 5 0.94 
± 0.01

38 ± 8 0.9 
± 0.03

29 ± 4 0.99 
± 0.0

11 ± 1 0.70 
± 0.08

39 ± 8

5 0.96 
± 0.02

22 ± 8 0.96 
± 0.02

22 ± 9 0.95 
± 0.03

34 ± 15 0.91 
± 0.05

25 ± 8 1.0 
± 0.0

10 ± 2 0.76 
± 0.13

37 ± 13

10 0.95 
± 0.04

22 ± 12 0.96 
± 0.03

21 ± 14 0.95 
± 0.04

34 ± 23 0.90 
± 0.09

24 ± 12 1.0 
± 0.0

10 ± 3 0.81 
± 0.16

36 ± 20
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actual and predicted 2016 values for these two types of EC, with the distributions for all other EC types 
illustrated in Figure 1 in the Appendix. We observe that the average commercial EC is largely over
estimated both in the far north and the far south of the country. An important difference between average 
residential and average commercial EC is that residential ECs increase with increasing numbers of users 
and with the size of the municipality, while the relationship between commercial EC and the number of 
users is more susceptible to change between years, as illustrated in Figure 2 in the Appendix.

Concerning temporal consistency, there is a discernible improvement in predicting EC since 2014, 
compared with the 2012–2013 period. This can be explained by increased electricity coverage and smaller 
variability in EC in the same municipality between years. Pooling data from multiple previous years for 
creating a richer training data improves the prediction accuracy across all outcomes, as illustrated in 
Table 6. This is particularly useful for models based on NTL-derived variables and fixed municipality 
characteristics, and for predicting street lightning, for which the prediction improves from a MAPE of 48% 
to 27%.

When analyzing the prediction intervals of the EC values of individual municipalities, as shown in 
Figure 9, we observe a moderately high correlation between the uncertainty of prediction and municipality 
population size for outcomes that represent total electricity consumption. No relation was observed 
between the size of the prediction interval and other observed municipality characteristics, such as the 
degree of urbanization or economic or energy poverty. For a few EC outcomes, uncertainties have a 
geographic location aspect. Over all types of EC outcomes, higher uncertainties are observed for the 
prediction of average commercial EC, especially for municipalities in the Oruro and Pando departments. 
For street lightning, significantly large prediction intervals are associated with the EC values of munici
palities in the Potosi department. For average residential EC, higher uncertainties are observed for 
municipalities in the Beni, Santa Cruz, and Pando departments.

Figure 7. Most important NTL-derived variables for the prediction of 2016 EC values using 2015 values as training data. 
The prediction models include NTL-derived features.

14 O. M. GARBASEVSCHI ET AL.



In all years available for analysis, there is a significantly high variability in electricity consumption 
between municipalities. A diverse pool of examples, while highly generalizable, yields low estimation 
accuracies. For practical purposes, we aimed to identify the optimal subset of municipalities for which 
yearly forecasts, based on NTL variables and fixed municipality characteristics, would be most accurate. 
Figure 10 illustrates the results of this process when predicting total EC for 2016 using 2015 data. The 
results for the other outcome variables are included in the Appendix. Most criteria were found to be 
important for selecting successful subsets, except for the urbanization degree. This is due to the fact that 

Figure 8. Prediction intervals versus actual values for various types of EC in 2016. The predicted annual values for 2016 
are obtained by learning from 2015 data with a model containing all types of relevant features.

Table 6. Model goodness of fit (R2) and mean absolute percentage error (MAPE) for the prediction of annual values of 
different types of electricity consumption using pooled data from all years previous to the year for which predictions are 
made. Regression models include NTL-derived variables, extended by municipality attributes (model 1) and past values of 
electricity consumption (model 2). Including/excluding in the model each additional group of variables is marked by 1/0.

Predict

Outcome

Model EC Total EC-R EC-C EC-SL Avg(EC-R) Avg(EC-C)

(1) (2) R2 MAPE R2 MAPE R2 MAPE R2 MAPE R2 MAPE R2 MAPE

0 0 2014 0.80 72 0.83 56 0.77 87 0.75 99 0.89 51 0.28 134
2015 0.89 51 0.91 41 0.87 66 0.87 56 0.97 27 0.35 115
2016 0.91 37 0.92 45 0.89 49 0.89 48 0.98 24 0.36 87

1 2014 0.90 39 0.90 36 0.89 45 0.84 70 0.9 34 0.34 125
2015 0.93 33 0.93 29 0.92 41 0.91 40 0.98 14 0.40 100
2016 0.94 26 0.95 26 0.93 32 0.92 34 0.98 13 0.55 59

1 0 2014 0.82 68 0.79 28 0.86 44 0.82 66 0.93 24 0.42 63
2015 0.97 22 0.94 21 0.95 31 0.95 27 0.99 11 0.65 50
2016 0.96 24 0.96 26 0.96 31 0.94 27 0.99 11 0.72 45

1 2014 0.82 59 0.77 25 0.85 39 0.82 57 0.92 22 0.40 58
2015 0.97 18 0.96 18 0.96 26 0.96 24 0.99 9 0.67 44
2016 0.96 21 0.97 21 0.96 31 0.94 23 0.99 11 0.70 45
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most types of electricity consumption increase with population size, and the urbanization degree is the 
municipality attribute the least correlated with population size, as illustrated in Figure 5. For all EC types, 
we can find multiple subsets of municipalities for which prediction is improved compared with the whole 
set, as illustrated in Table 7. The best results across multiple prediction tasks are obtained for munici
palities that are either medium in size, have average to higher-than-average degrees of sustainable 
development, or are among the least energy poor. We also identify subsets where prediction is improved 
on singular tasks. For example, total residential and total EC are estimated more correctly for larger than 
average municipalities while average residential EC per user is estimated more correctly for municipalities 
that experience higher than average degrees of energy poverty.

The subset analysis has shown that in all cases, eliminating municipalities with the most extreme values 
on either one of the four dimensions improves prediction accuracy. This confirms expectations: on the one 
hand, it is difficult to predict EC in small communities with an unpredictable pattern of consumption, and 
an irregular pattern of NTL luminosity; on the other hand, municipalities with more homogeneous 

Figure 9. Actual and predicted values for average residential and commercial energy consumption in 2016. The 
predicted annual values for 2016 are obtained by learning from 2015 data with a model containing all types of relevant 
features.
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Figure 10. Mean absolute percentage error (MAPE) for the prediction of 2016 annual values of total electricity 
consumption. Predictions are performed for subsets of municipalities of various sizes, selected based on specific values 
in the distribution of a municipality characteristic. Selections are defined by the first percentile in the distribution of values 
of the criteria variable, and by the size of the subset: 30%, 40%, 60% and 75% of the total number of municipalities. 
Prediction models include NTL-derived features and municipality attributes.

Table 7. Mean absolute percentage error (MAPE) for the prediction of 2016 annual values of different types of electricity 
consumption. Predictions are done for subsets of municipalities, of various sizes, selected based on specific values in the 
distribution of a municipality characteristic (criteria). Selections are defined by the first and last percentiles in the 
distribution of values of the criteria variable. Only optimal subsets in terms of MAPE are included.

Outcome

Subset attributes Prediction

Criteria Subset size (count) Subset size (%) First percentile Last percentile MAPE (1) MAPE (2)

EC Total Population size 91 30 40 70 25 20
Population size 87 30 35 65 25 22
Population size 96 30 60 90 25 15

EC-R Energy poverty 94 30 10 40 18 10
Energy poverty 94 30 20 50 18 11
Population size 90 30 40 70 18 13
Population size 96 30 60 90 19 12
Energy poverty 140 45 10 55 20 14

Sustainable development 125 45 30 75 21 14
Population size 129 45 25 70 22 14
Energy poverty 184 60 20 80 22 20
Energy poverty 227 75 10 85 23 21

EC-C Population size 91 30 40 70 35 40
Sustainable development 78 30 5 35 40 44

EC-SL Sustainable development 61 30 45 75 30 18
Sustainable development 95 45 40 85 31 16
Sustainable development 127 60 25 85 39 17

Avg(EC-R) Energy poverty 91 30 50 80 12 8
Energy poverty 138 45 35 80 11 8

Avg(EC-C) Energy poverty 93 30 15 45 32 17
Energy poverty 137 45 15 60 37 19
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economic activities are more likely to share patterns of NTL luminosity. Conversely, it is most difficult to 
estimate total and residential EC in municipalities that have a higher-than-average urbanization degree 
and in smaller-than-average municipalities. The electricity for street lighting is more difficult to estimate 
both in municipalities that are very small or have lower degrees of development, and in municipalities that 
have higher than average urbanization degrees. Average commercial EC per user is more difficult to 
estimate in municipalities that are either poorer than average in terms of energy consumption or that have 
lower than average degrees of development.

Finally, in our forecast exercise, we observe that when the entire set of observations and a regression 
model with all available predictors and data from 2016, the forecasts underestimate future residential 
energy consumption: between −18% in 2019 and −25% in 2021. When focusing on the best subset of 
observations for prediction, forecasts are found approximately in trend with the values reported at the 
national level (International Energy Agency 2025). These results are listed in Table 8. The evolution of 
residential EC in large municipalities (population sizes between the 60th and 90th percentile of the 
population size distribution) is the most likely to mirror the increasing trend in residential EC. This holds 
true, albeit in a less marked manner, for two other groups of municipalities–average in size and average in 
degree of sustainable development–groups comprising almost half of all municipalities. The 2019 residen
tial EC forecasts for these two subsets are displayed in Figure 11, expressed as a percentage change with 
respect to the 2016 values. Further tests show that combining forecasts resulting from the two subsets, by 
averaging the common values, leads to an estimated overall decrease in residential EC, which deviates from 
the expected national trend. We cannot, however, firmly (in)validate our results without official statistics at 
sub-national levels. Of note is the fact that across all subsets of observations tested, models based on NTL- 
derived data estimate that EC has an upward trend until 2020 and a pronounced downward trend in 2021. 
This attests to the fact that the NTL data captured a considerable decrease in economic activity in the first 
year of the COVID-19 pandemic, although the overall electricity consumption in the country did not 
decrease, according to official reports.

3.3. Monthly models

Using unsupervised learning, we detected four municipality clusters based on 2015–2016 monthly total 
EC, labelled based on increasing average urbanization degree of municipalities within the clusters, as 
illustrated in Figure 12. Two profiles are consistent in terms of the degree of urbanization, poverty levels, 
and population sizes of the municipalities they contain: the first profile, with mostly poor and rural 
municipalities, and the last profile, with more affluent municipalities, which are mostly localized in the 
eastern part of the country. The third profile shows a decreasing trend in EC between 2015 and 2016, while 
the other profiles show increasing EC between 2015 and 2016 and similar seasonal patterns between the 
two years. The seasonality pattern is profile-specific. The mostly rural and poorer municipalities of the first 
profile show a significant peak in EC in October and November. Municipalities in the fourth profile show 
increased EC several times throughout the year, in January, April, May and November. In comparison, 
municipalities of the second profile register less variation in EC throughout the year.

Table 8. Percentage change in predicted values of annual residential electricity consumption for the years 2017–2021, 
with respect to 2016 values. Predictions are done for subsets of municipalities, of various sizes, selected based on specific 
values in the distribution of a municipality characteristic (criteria). Selections are defined by the first and last percentile in 
the distribution of values of the criteria variable. Only optimal subsets in terms of prediction MAPE for 2016 are included.

Criteria

Subset attributes EC-R Forecasts using 2016 data

Subset size 
(count)

Subset 
size (%) First percentile Last percentile MAPE 2017 2018 2019 2020 2021

Population size 96 30 60 90 12 3.2 2.9 3.5 4.0 3.1
Sustainable 

development
125 45 30 75 14 2.1 2.5 2.3 4.1 1.4

Population size 129 45 25 70 14 1.7 1.6 2.9 2.2 1.1
Energy poverty 94 30 20 50 11 −0.1 0.0 0.8 0.9 −0.7
Energy poverty 185 60 15 75 20 −0.1 0.5 0.0 0.5 −0.1
Energy poverty 184 60 20 80 20 −1.0 −1.5 −0.8 −2.1 −1.3
Energy poverty 224 75 15 90 21 −1.0 −0.9 −0.6 −0.6 −1.3
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The temporal profiles of the NTL and EC are distinctly different. While EC monthly consumption is 
consistently high for most municipalities, with seasonal variations, the corresponding NTL values remain low 
with a small number of peaks, generally around the months of February—March and September—October. 
The lack of NTL radiance data for many months makes it difficult to directly correlate the monthly NTL and 
EC values for most months. This is reflected when predicting monthly EC values from the NTL-derived 
variables extracted from the same month’s data. First, models that rely only on NTL-derived variables yield a 
prediction error for total EC between 54% for the month of March and 91% for the month of October. We 

Figure 11. Percentage change in predicted values of annual residential electricity consumption for the year 2019, with 
respect to 2016 values. Comparison of two subsets of municipalities for which prediction errors are minimized (top maps). 
The bottom map aggregates results from the prediction models applied to each subset.
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observe no improvement between using NTL information from 1 month versus using it for several months. 
Then, including municipality characteristics improves the prediction significantly, with errors for total EC 
prediction ranging between 27% in July and 39% in October, as illustrated in Table 9, Appendix. Finally, 
when using simple EC-derived variables such as the EC of the previous year, we obtain errors between 19% 
in April and 26% in October. Finally, the addition of the information of the EC for the same month of the 
previous year does not improve predictions. Errors are similar between all months, except for October, for 
which the highest errors are recorded. As observed with the annual models, the monthly predictions for the 
later years are improved compared to the beginning of the period under analysis.

We expect that, similarly to the annual models, the predictions can be improved when filtering 
observations. Figure 13 illustrates the differences between estimations performed using the entire set of 
observations versus optimal subsets of various sizes. The predictions are significantly improved, especially 
for total and average commercial EC. Predictions respect the average monthly trend for all EC types, and 
for the various subsets tested. Figure 14 illustrates the temporal patterns of actual and predicted monthly 
values of electricity consumption when using the subset of observations that is optimal for each outcome. 
Figures 8–10 in the Appendix illustrate the temporal patterns for the entire set of municipalities and the 
other various subsets considered. Across the different EC types, we observe that the predictions tend to 
underestimate the range of values and to reduce the number of statistically extreme values. As already 
identified with the help of temporal clusters, the average monthly trend over different subsets of 
municipalities is not the same. This attests to the variety of paths to electrification and of patterns of 
electricity usage, shaped by socioeconomic and geographic conditions, that many Bolivian municipalities 
are undergoing.

Figure 12. Summary profiles of monthly total electricity consumption (a), total electricity users (b) in Bolivian 
municipalities between 2015 and 2016, obtained by time series clustering, and the equivalent NTL profile for each EC 
cluster (c).
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4. Discussion

4.1. Prediction accuracy

Estimating electricity consumption using proxies such as nighttime lights is complex owing to the 
influence of population structure, land use, and seasons, among other issues. This is related to the general 
understanding that standalone nighttime lights data are unable to fully capture the different facets of 
electricity consumption, which are largely due to diurnal activities, but merely approximate them. 
However, meaningful relationships between nighttime lights information and electricity consumption 
can still be established, as our analysis and the larger related literature have documented.

In this study, we show that NTL data can successfully proxy multiple types of electricity consumption at 
the municipality level in Bolivia, both at the annual and monthly temporal scales. Using models based on 
features derived from NTL data and municipality attributes such as population size, urbanization degree, 

Table 9. Mean absolute percentage error (MAPE) for the prediction of monthly values of different types of electricity 
consumption, expressed as the mean and standard deviation aggregated over all months. Regression models include NTL- 
derived variables and municipality attributes, extended by the past annual value of electricity consumption (model 1) and 
the past monthly value of electricity consumption (model 2). Including/excluding in the model each additional group of 
variables is marked by 1/0.
Model

Train Predict

Outcome

(1) (2) EC Total EC-R EC-C EC-SL Avg (EC-C) Avg (EC-R)

0 0 2013 2014 41 ± 13 36 ± 13 66 ± 25 73 ± 11 183 ± 103 26 ± 8
2014 2015 34 ± 1 29 ± 2 54 ± 5 55 ± 7 96 ± 20 20 ± 2
2015 2016 30 ± 3 26 ± 5 52 ± 5 49 ± 4 80 ± 9 19 ± 2

1 0 2013 2014 50 ± 22 24 ± 2 60 ± 38 55 ± 6 95 ± 81 17 ± 4
2014 2015 23 ± 4 21 ± 3 33 ± 10 31 ± 3 54 ± 9 13 ± 2
2015 2016 21 ± 2 18 ± 3 34 ± 3 22 ± 5 41 ± 8 12 ± 1

1 2013 2014 50 ± 22 24 ± 2 60 ± 38 55 ± 6 95 ± 81 17 ± 4
2014 2015 22 ± 3 20 ± 3 32 ± 10 30 ± 3 51 ± 10 13 ± 1
2015 2016 21 ± 2 18 ± 3 34 ± 4 21 ± 4 43 ± 16 12 ± 1

Figure 13. Mean absolute percentage error (MAPE) for the prediction of 2016 monthly values of different types of 
electricity consumption. Predictions are performed for the entire municipality set and for subsets of municipalities of 
various sizes, which minimize prediction errors. The prediction models include NTL-derived features, municipality 
attributes, and annual electricity consumption in the previous year.
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and poverty levels, we can estimate annual total electricity consumption with a mean absolute percentage 
error of 26%, residential electricity consumption with 26%, commercial electricity consumption with 31%, 
electricity used for street lightning with 34%, average residential consumption with 13%, and average 
commercial consumption with 59% MAPE. On the one hand, our results for Bolivia are consistent with 
similar studies for different areas across the globe that have reported high and very high model goodness- 
of-fit metrics (Falchetta et al. 2019; Wang and Lu 2021). On the other hand, our results clearly show the 
importance of reporting estimation errors and align with similar studies in this sense (Shi et al. 2016), since 
within a small range of very high values of model performance, there is a great variability in prediction 
errors.

For monthly electricity consumption, our results show that the combination of NTL-derived features, 
municipality attributes, and past values of annual electricity consumption is sufficient to obtain estimates 
that replicate the accuracy of annual predictions, for all types of electricity consumption, and with small 
variations between the different month estimates. This is an important finding for energy policy imple
mentation and monitoring whenever only scarce official data are available. More generally, increasing the 
ability to nowcast or forecast temporally disaggregated EC at sub-national levels, while minimizing 
auxiliary data needs, is an essential part of planning long-term energy demand, alongside the development 
of scenarios that assess planning feasibility, required investments, and environmental impacts (Fernandez 
Vazquez et al. 2024).

As an indicator of light intensity during the night, NTL data can only imperfectly approximate 
economic activities with a strong daily component. This is reflected in lower estimation accuracies for 
total and average commercial residential consumption. This can be partially explained by significant 

Figure 14. Actual monthly EC values in 2015–2016 for all municipalities considered in a learning scenario using 45% of 
all municipalities. The predicted monthly values for 2016 are obtained by learning from the 2015 data. The red line marks 
for each month the average EC value over all municipalities.
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heterogeneity in commercial activities across the different municipalities. In many rural areas in Bolivia, 
the main income-generating activities are not commerce, but agriculture (Sanchez Solis et al. 2023). 
Different geographic regions have specific profiles of commercial activity: in the lowlands, the predomi
nant businesses are entertainment businesses, workshops, grocery stores, and restaurants, while in the 
highlands, the predominant businesses are grocery stores, dairy shops and restaurants (Sanchez Solis et al. 
2022). With respect to average commercial consumption per user, we also attribute lower accuracies to the 
heterogeneity of activities within the municipality. We consider a worthy direction of further research, the 
investigation of various metrics that summarize the variability in electricity use for commercial activities at 
local levels, in relation to higher spatial resolution NTL data (Lu et al. 2025).

We can highlight municipality groups for which prediction errors can be further reduced. While 
varying the purpose of the prediction task, population size, energy poverty, and sustainable development 
levels can all be successful criteria for selecting subsets of municipalities that optimize prediction. Among 
them, population size produces the most consistent results as a municipality selection criterion. These 
municipality attributes, alongside the urbanization degree, mediate the regional heterogeneity in NTL data 
and significantly improve mapping with electricity consumption data. This is expected since attributes of 
this type are essential parameters in global scenarios for forecasting future energy demand (Moksnes and 
Rozenberg, 2019).

The data under analysis covers a period (2012–2013) when a significant number of municipalities were 
in the process of gaining access to electricity, either for residential or commercial purposes. For this reason, 
models that use either past electricity consumption or NTL-derived information do not perform well on 
prediction tasks in earlier years. This is likely replicated in other areas in the Global South where the 
electrification process is still ongoing. With increasing coverage, we believe that the accuracy of estimation 
can only increase. Future energy demand is difficult to estimate for developing countries because of 
uncertainty in economic activities and industries (Cheng et al. 2022). The increased population density in 
urban areas, growth of road networks, or development of industrial activities would all translate into 
higher NTL radiances, which would better correlated with the increased economic activity. Overall, for 
further prediction and forecast scenarios, we expect that errors will be higher for smaller municipalities or 
municipalities that still experience high levels of energy poverty.

4.2. Important predictors

A large set of NTL-derived indicators has been generated, including both total aggregates and measures 
of variance in pixel intensity, with the goal of mapping the spatial distribution of human and economic 
activities, in line with recent studies (Qin et al. 2025). Methodologically, complex variance indicators 
have the purpose of enriching the NTL information associated with rural areas that are predominantly 
unlit. Conceptually, these indicators are meaningful in view of the significant spread and fragmentation 
of human settlements in many rural municipalities in Bolivia. The variance in nighttime lights intensity 
in such areas stands in contrast with that observed in large consolidated urban municipalities.

While indicators describing the variance in NTL radiance were found to be important for the 
estimation of all types of electricity consumption, the aggregation of NTL radiance over the area of the 
municipality outside of what was labelled as built or settlement had the largest positive impact on 
prediction accuracy. This is an important result that first points to the spread of economic and human 
activity outside of conventionally defined settlement boundaries. Second, it attests to the variability of 
urban expansion in many areas in developing countries, and the difficulty in precisely estimating them 
in a manner that is both accurate and consistent over time (Parés-Ramos et al. 2013; Duque et al. 2015). 
Further methodological refinements, such as the definition of intermediate boundaries to delineate the 
increasing density of human and economic activity, will likely result in more accurate estimates, 
especially in terms of commercial electricity use or electricity use for street lighting. Then, the 
aggregation of NTL radiance over areas of distinct land use—forests, vegetation, or cropland—was 
also deemed important for prediction. Accurate mapping of land use classes pertaining to industrial 
purposes would further enhance the ability to predict electricity consumption generated by sources 
other than residential sources.
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4.3. Data limitations

Despite the extensive preprocessing applied to the Black Marble NTL products, NTL data still suffers from 
inherent technical limitations. First, cloud contamination reduces the number of valid observations and 
represents a major source of outliers. In this analysis, we relied on the cloud mask provided with the Black 
Marble product, which is reported to have 94% accuracy for areas between 60°S and 60°N, Bolivia 
included (Wang et al. 2021). However, residual cloud misclassification may persist in regions with 
consistently high cloud frequencies, potentially leading to an underestimation of artificial light radiance. 
Second, light scattering and overglow are common issues in which the radiance emitted from brightly lit 
urban centres spreads into adjacent pixels because of atmospheric scattering along the satellite scan 
direction. This effect can lead to inflated radiance values in peri-urban areas (Wang et al. 2021). With a 
majority of rural and mid-sized urban areas under analysis, we postulate that this issue affects our results 
to a lesser measure. Third, angular effects introduce uncertainties, as repetitive observations of the same 
area may report changes that are not related to actual NTL brightness variations, but rather to the viewing 
angle (Tan et al. 2022). According to Wang et al. (2021), nadir observations in urban centres could be up to 
three times higher than off-nadir observations. Even though we considered images with different viewing 
angles for our composites to cover the different light sources, this uncertainty poses a challenge when 
comparing composites of different years and months. Additionally, given the diverse range of landscapes 
within the study area, the angular effect can exhibit variations influenced by landscape factors such as 
vegetation and buildings, thereby introducing additional uncertainty into the analysis (Li et al. 2019; Tan 
et al. 2022).

The annual Black Marble composites used for this study generally have more than 97% high-quality 
pixels. However, the sensitivity of the sensors is insufficient for detecting low NTL emissions in low- 
density rural areas of the Andean and Amazonian regions. The detection of electrification in rural areas 
using nighttime lights is difficult because of low luminosity (Min and Gaba 2014), and our results reflected 
this issue. Errors in forecasting annual EC were greater for rural areas, and we encountered both over- 
estimation and under-estimation errors for these types of areas. This limitation becomes evident when 
comparing month-to-month EC and NTL values.

Seasonality plays an important role in capturing accurate information in a consistent manner using 
NTL images. On the one hand, Bolivia is a country with low solar seasonality, which minimizes variations 
in night length throughout the year. On the other hand, the long duration of the rainy season, from 
December to March, hinders sensor activity. The region East of the Andes is especially characterized by 
more intense precipitation during the nighttime (Giles et al. 2020). Vegetation phenology and snow 
presence are other key sources of error that are related to seasonality. Snow amplifies the scattering of the 
NTL, while the variations in the vegetation canopy cause the seasonal occlusion effect, influencing the 
amount of surface light that penetrates the canopy during the leaf-on and leaf-off periods (Wang 
et al. 2021).

While the spatial resolution of the Black Marble data is generally sufficient for electricity consumption 
estimations at regional or national scales, it limits intra-urban small-scale analyses. Additionally, in 
topographically complex and remote regions such as the Andean highlands and the Amazon rainforest, 
the 500 m resolution may lead to mixed-pixel effects and increased sensitivity to terrain obstruction and 
persistent cloud cover. These factors can reduce the precision of NTL measurements. While preprocessing 
mitigates several of these challenges, future research could benefit from higher-resolution NTL measure
ments; for example, the SDGSAT-1 data provide fine spatial detail and have shown potential for fine-scale 
socioeconomic analysis (Chen et al. 2025).

4.4. Policy implications

Tracking residential energy consumption is instrumental in the implementation of appropriate energy 
subsidy policies. A key reason for which the Tarif Dignidad policy had a positive welfare effect was its 
targeted design, with the monthly 70 kWh threshold ensuring that subsidies reached predominantly low- 
income households (Rubin de Celis Cedro and Espinoza Vasquez 2025). Moreover, predicting future 
energy consumption can enable long-term policy planning. The variation in energy demand is an essential 
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input for energy planning and energy system models (Sanchez Solis et al. 2022). Measuring the effects of 
different subsidy and pricing interventions on residential consumption is critical for designing energy 
conservation measures (Rubin de Celis Cedro and Espinoza Vasquez 2025). Furthermore, energy policies 
and investment initiatives need to take into consideration local realities for optimal effect. Interruptions in 
the electricity network are more likely to occur and take longer in rural areas (Delavechia et al. 2023). Very 
small rural communities generate a demand that renders the installation of micro-grids feasible economi
cally and technically, due to the dispersed nature of such communities (Sanchez Solis et al. 2023).

The availability of annual and monthly EC data at subnational levels has opened the path towards a 
high-resolution analysis of energy demand. Households in different types of regions – such as the Bolivian 
highlands versus the lowlands – have differing types of electrical appliances and needs for electricity 
systems. The country’s location in the tropics makes it a prime candidate for the development of renewable 
energy sources, solar energy and biomass (Lopez et al. 2021; Cheng et al. 2022). Combining energy needs 
with the local potential for renewable sources or with region-specific infrastructure requirements is one of 
multiple ways to fulfil the potential of the electricity database.

5. Conclusion

The available data and analysis captured a shift in electricity coverage and electricity consumption in a country 
on the path of growing energy demand, coupled with increasing urbanization. This trend is expressed as high 
spatial variation in both NTL-radiance and electricity consumption patterns, and as considerable mismatch 
between the two sets of indicators at fine temporal scales. Despite these limitations, the data-driven approach in 
our study has shown that a comprehensive exploration of various forms of NTL-derived information, in 
combination with other spatial data sources and municipality attributes such as population size, energy poverty 
levels, or sustainable development, can produce reliable estimates of various types of electricity consumption. 
Furthermore, documenting the inherent uncertainty in accuracy and identifying optimal prediction scenarios 
facilitates the further use of electricity forecasts and nowcasts for planning and policy modelling. Finally, with 
continuous efforts in the production of consistent time series of spatial data, such as nighttime lights, but also 
land cover, the ability to proxy important socioeconomic developments will only improve.

Endnotes
1. The total number of municipalities after eliminating those where the EC is either null or within the lowest 5% of 
non-null values.
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