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Abstract: The traditional ways of measuring global sustainable development and economic
development schemes and their progress suffer from a number of serious shortcomings.
Remote sensing and specifically nighttime light has become a popular supplement to official
statistics by providing an objective measure of human settlement that can be used as a proxy
for population and economic development measures. With the increased availability and use of
the Defense Meteorological Satellite Program Operational Linescan System (DMSP-OLS) and data
in social science, it has played an important role in data collection, including measuring human
development and economic growth. Numerous studies are using nighttime light data to analyze
dynamic regions such as expansions of urban areas and rapid industrialization often highlight the
problem of saturation in urban centers with high light intensity. However, the quality of nighttime
light data and its appropriateness for analyzing areas and regions with low and fluctuating levels of
light have rarely been questioned or studied. This study examines the accuracy of DMSP-OLS and
VIIRS-DNB by analyzing 147 communities in Burkina Faso to provide insights about problems related
to the study of areas with a low intensity of nighttime light during the studied period from 1992 to 2012.
It found that up to 57% of the communities studied were undetectable throughout the period, and only
9% of communities studied had a 100% detection rate. Unsurprisingly, the result provides evidence
that detection rates in both datasets are particularly low (3%) for settlements with 0–9999 inhabitants,
as well as for larger settlements with population of 10,000–24,999 (28%). Cross-checking with
VIIRS-DNB for the year 2012 shows similar results. These findings suggest that careful consideration
must be given to the use of nighttime light data in research and global comparisons to monitor
the progress of the United Nation’s Sustainable Development Goals, especially when including
developing countries with areas containing low electrification rates and low population density.
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1. Introduction

The traditional ways of measuring global sustainable development and economic development
schemes and their progress suffer from a number of serious shortcomings [1]. Official development
statistics are subject to high costs and capacity constraints. They are based on data collected through
traditional means such as surveys, which makes them expensive to produce. It also requires countries
to have high statistical capacities to produce statistics at the demanded levels of accuracy and
reliability. Many poor and developing countries lack such capacities despite decades of international
statistical support. Particularly, the problem of measuring economic growth has stimulated research in
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economic geography and economics for many decades [2–4]. Despite continuously revised and more
encompassing research on global comparisons of income and economic activity using conventional
data (time series or panels measured at country level), it is difficult to find reliable data for all countries
on lower administrative levels. Apart from the lack of data on low administrative levels, a number of
studies have pointed out serious measurement errors in gross domestic product (GDP) growth [5–8].

Traditional measures of development also tend to have low observational detail and lead to
heterogeneous global coverage. Data is collected for provinces or states, and typically only national-level
data is shared and distributed by the United Nations (UN) and other international organizations.
These global datasets do not permit analyses of trends and trade-offs between regions or city networks
nor between various population groups within and across countries. Furthermore, traditional measures
of development such as household surveys and population censuses are characterized by low temporal
frequency and heterogeneous temporal coverage. Most indicators are estimated annually or even once
every few years. In addition, data are typically one or several years old once they are made available.
Consequently, most of these official data cannot serve as an early warning function or in monitoring
development schemes.

It is highly unlikely that comprehensive, high-quality data for traditional progress indicators
or the global Sustainable Development Goals will be available for all countries within the next
20 years. In fact, the above shortcomings are common to most socio-economic statistics, especially in
developing countries.

Remote sensing data and methods have recently emerged as a viable option to help overcome
the above shortcomings. Mostly associated with biophysical applications, remote sensing has, for
some time, been used in social science research. The majority of that research has focused on relatively
marginal problems in contemporary social science, which are often related to land-use and land-cover
issues [9].

In a recent study with the aim of analyzing the socio-economic effects of the mining industry in
a selection of West African countries, it was observed that relatively large human settlements were
undetected in the nighttime light data [10]. More specifically, when the sum of intensity of lighting was
calculated for the period from 1992 to 2012, it was noted that some districts flickered between no lights
detected at all to relatively normal levels of lighting in an unrealistic way. In light of the increasing
applications of nighttime light in mapping human development, these findings provide important
insights about how low levels of light can fluctuate in the nighttime light datasets.

The aim of the paper is to bring light to the problems that can arise when analyzing geographical
areas with a very low intensity of nighttime light. This is an important contribution in an era where
nighttime light data is used by an increasing number of academic disciplines and contexts.

The main objective of the present study is to test the accuracy of nighttime light (NTL) image
products (i.e., the Defense Meteorological Satellite Program Operational Linescan System (DMSP-OLS)
stable light products and Day/Night Band of the Visible Infrared Imaging Radiometer Suite (VIIRS-DNB)
composites) focusing on small geographical areas with low population and levels of nighttime light. To
fulfill this study objective, we first use the World Gazetteer list of human settlements to geographically
locate 147 communities in Burkina Faso. Then, we aim to detect these human settlements in the DMSP
OLS dataset over the period from 1992 to 2012 and to cross-check the result with VIIRS-DNB for the
year 2012. The detection rates are compared across the datasets with the projected population obtained
from the World Gazetteer list of human settlements [11]. Finally, we analyze household-level data
on electricity availability from 2006 in the 147 communities to compare the results of the nighttime
light detection.

2. Literature and Background

The distribution of artificial lighting on Earth provides a unique view of human activities and
development [12,13]. The potential of nighttime light data for the study of human activities was
recognized first by Croft [14] and then in the mid-1980s by various authors [15]. Although still not a
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well-used dataset within the social sciences, nighttime light data have been used in research related
to economic development (see, for example: [1,12,15–18]), population [19–24], urbanization (see, for
example: [25–28]), epidemiology (see, for example: [29,30]), wars and crime (see, for example: [31,32]),
and poverty (see, for example: [33–35]). Past research consistently confirms a strong relationship
between nighttime light and economic activity in a single year [14,16,36–38]. In cross-sectional analysis,
nighttime light tends to have a stronger relationship with GDP than population [15,39]. Across a
diverse group of 21 countries, lit area and GDP follow a log-linear relationship with an R2 of 0.97 [15].
The linkage between lit area and derivatives of sum of light with economic activity allows the mapping
and estimation of GDP from NTL at a range of scales in places where no standard accounts data
exists, as exemplified by the production of the first-ever 1 × 1 decimal degrees global map of GDP [40].
Although Sutton et al. [38] argue that NTL can only crudely, if still significantly, estimate sub-national
GDP due to its coarse spatial and spectral resolution, it has been used to accurately predict household
level wealth in local levels [41–44]. Bruederle and Hodler [45] studied the relationship between NTL
and human development at small geographical areas and concluded that nighttime lights are also
a good proxy for local human development when using a research design mapping cross-country
variation between small spatial units. Their study does not consider the problem with fluctuating
levels of NTL between the studied years for areas with low population density and low electrification
rates. Nighttime light has been used to estimate the level of the informal activities in the economy
using Cambodia as the study area. Tanaka and Keola [46] demonstrate that data on nighttime light are
particularly useful in capturing informal activity. Given the cross-sectional data on formal and informal
activity across regions, their approach is applied to estimate the shadow economy in Cambodia.
Their approach relies crucially on nighttime light to estimate the shadow economy. Their results
provide evidence that the growth of informal activity in Cambodia is larger than that of formal activity,
thereby leading to a growing share of informal activity over time in Cambodia. These studies have
made attempts to advance research in two directions: (a) estimation of the level of economic activities,
such as purchasing power parity (PPP), real GDP, and nominal GDP, and (b) disaggregation of these
measures into smaller administrative/non-administrative areas that lack official statistics. These earlier
studies provide important knowledge about the dynamic of nighttime light, arguing that human
activities can be seen through nighttime light imaginary. However, these studies lack a critical analysis
and discussion on the accuracy of nighttime light to detect low levels of nighttime light when analyzing
and comparing human development between small geographical areas with scattered population.

3. Materials and Methods

3.1. Study Area

Our analysis focuses on nighttime light observations from Burkina Faso, which is a landlocked
West African country of about 14 million people. Figure 1 illustrates Burkina Fas’s landlocked location:
it is about 1000 kilometers from the nearest coasts in Côte d’Ivoire, Togo, and Ghana—the poor state of
roads and railways is a key obstacle to sustained growth. Large parts of the country lack vegetation.
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Burkina Faso’s energy costs are the highest in the West African Economic and Monetary Union
(WAEMU) at XOF (1000 West African CFA Franc (XOF) equals 1.7 USD in June 2019) 118 per
kilowatt/hour, compared to XOF 56 for Benin and XOF 53 for Niger. The lack of supply and frequent
and lengthy power cuts both seriously affect the economy. Electricity access in Burkina Faso is one of
the lowest in the world, with a national rate of 18.83% in 2015 compared to the African average of
40%. The per-capita consumption of electricity by total population is only 50 kWh per year. The total
generation capacity in Burkina Faso is 256 MW, which is insufficient to meet peak demand within the
economy. Power demand is growing at close to 10% per annum [47]. While Burkina Faso employs
diesel generators to produce electricity, the high production costs attributed to fluctuating oil prices, as
well as growing demand, have forced the government to begin interconnecting Burkina Faso’s grid
with that of neighboring countries such as Ghana and Cote d´Ivoire to import additional electricity
requirements [48]. The country’s low levels of energy consumption and electricity access provide a
suitable case to test the ability and accuracy of the nighttime light to detect area with low levels of
nighttime light emissions.

3.2. Data and Methods

The National Oceanic and Atmospheric Association’s National Geophysical Data Center
(NOAA-NGDC) has operated the Defense Meteorological Satellite Program (DMSP) for more than
40 years. The program is aimed at monitoring weather using the Operational Linescan System (OLS),
which is a series of sensors that are designed to collect global cloud imagery. At night, the visible band
is intensified using a photomultiplier tube (PMT), allowing sensors to detect clouds illuminated by
moonlight. The boost in detection of lighting afforded by the PMT also leads to the detection of light
emitted by human activities including settlements, gas flares, and fishing boats, and new methods
to treat the problem of desaturation has been developed [38,49–52]. The DMSP-OLS sensors have a
resolution of 0.56 km, which is averaged on-board into five-by-five blocks to produce a “smoothed”
dataset with a resolution of 2.7 km [53]. The OLS is an oscillating scan radiometer, which collects 14
orbits daily in 3000-km swaths. This means that each OLS provides complete global daytime and
nighttime coverage of the Earth every 24 hours [38,52].

The NOAA-NGDC processes the remotely sensed nighttime lights data in order to produce
composites that exclude moon and sunlit data, glare, locations covered by clouds, and auroral
activity [53]. Each composite is an annual average of the daily useable observations for each satellite
sensor. Annual datasets have been freely available since 1973, but have only been digitally archived
since 1992. Each composite set contains three image types: cloud-free, average visible lights, and stable
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lights GeoTIFF images. Currently, there are 33 composite sets available online, spanning the period
from 1992 to 2012 and taken from six different satellites.

For this study, annual stable lights (version 4) imagery was used. This dataset is filtered to
remove ephemeral lights and background noise, including forest fires, lights from fishing vessels, and
reflections of moon or starlight, so that only persistent surface lights remain. The intensity of lighting
is coded in six-bit digital numbers (DN) that range from 0 to 63. In order to simplify the analysis, for
years with multiple satellites generating data, the DN values were averaged into one yearly DN value
for each pixel. The DMSP OLS data can detect radiances down to the 5E-10 W cm-2sr-1 range, which
means that the sensors are able to detect most types of bulbs used for external lightning, including faint
light sources from rural areas [53]. However, there are several known issues with the data. These issues
include signal saturation in urban areas due to six-bit quantization, overestimation of the actual size of
lighting on the ground, and a lack of on-board calibration [38,52]. For each satellite year, we only map
the occurrence of lit pixels (DN > 0) within each village location, and do no investigate changes in
levels nor spatial changes, as issues of that kind are not affecting our results.

We apply relative radiometric rectification to the images based on the concept of pseudo-invariant
features (PIFs) customized to NTL [54,55]. This is a regression-based calibration method that takes
a reference region where lighting intensity has changed very little over time, and uses this region
to standardize the datasets. This approach remains the most widely used calibration method for its
simplicity and adaptability, and for this reason, it was selected for this application. Hall et al. [56]
detail the procedure and calibration coefficients used for each image. Then, the calibration coefficients
were applied globally to each satellite product. Then, the individual satellite products were averaged
by year in order to create the final set of images used for analysis.

The Day/Night Band (DNB) of the Visible Infrared Imaging Radiometer Suite (VIIRS) carried by
the Suomi National Polar-Orbiting Partnership (NPP) is the next generation in nighttime light data [57].
The VIIRS satellite was released in early 2013 by the NOAA-NGDC and gathers data on 22 channels,
one of which is the DNB. The Earth Observation Group of the NOAA-NGDC has now made available
two nighttime light composites from the DNB data collected on nights with zero moonlight during
18–26 April 2012 and 11–23 October 2012 [57,58]. The DNB is an improvement to the DMSP-OLS in
many aspects, because it was specifically designed to measure solar and lunar reflection and both
natural and anthropogenic nighttime light emissions, whereas the nighttime light data produced by
the OLS was a by-product of its original intended use for cloud detection [59]. Its other important
improvements are (a) reduced pixel saturation, (b) reduced overestimation of lighting, (c) better
calibration and radiometric resolution, (d) collocation with multispectral measurements on VIIRS and
other NPP sensors, and (e) increased spatial resolution and pixel-size variation [59]. The DNB has a
dynamic range of up to 2E-10 W cm-2sr-1 and 14-bit quantization [57,58]. The wider range boosts the
appearance of faint light sources, while the fine quantization ensures that bright pixels, such as those in
city centers, do not saturate [59]. The NPP-VIIRS data has a spatial resolution of 742 m over the entire
swath, meaning that images are equally sharp at the edge of the scan as they are at the nadir [60]. This is
achieved by using “sub-pixel” detectors, which are aggregated in 32 different aggregation zones, with
fewer detectors used farther away from the nadir [60]. The VIIRS-DNB has been preprocessed to select
the high-quality, cloud-free data to include in the composite. The currently available composites have
not been filtered to remove non-anthropogenic light sources such as fires, volcanoes, and background
noise [57]. Besides, the NPP-VIIRS data employ onboard calibration, which is not available for the
DMSP-OLS data [60]. Aside from these improvements, it is important to note that it is still a challenge
to apply time-series analyses using NPP-VIIRS [60]. In previous studies, some scholars have employed
NPP-VIIRS data to estimate the social economy, urban extent, and electric power consumption at the
regional scale, and also demonstrate that NPP-VIIRS nightlight data probably provide higher capacity
than that of DMSP-OLS imagery [61]. For example, Li et al. [62] employed NPP-VIIRS data to estimate
gross regional products (GRP) in China and demonstrated that the data have a strong capacity to
model regional economic indicators at the national scale.



www.manaraa.com

ISPRS Int. J. Geo-Inf. 2019, 8, 498 6 of 13

For the present study, the 11–23 October 2012 VIIRS-DNB nighttime lights composite was used to
cross-check and compare the detection rates with the DMSP-OLS imagery.

We examined a selection of 147 communities in Burkina Faso. This selection was taken from
the World Gazetteer and contained projected populations for 2012 and the geographical coordinates
of each community. Throughout the present research, the 2012 projected populations are used and
referred to as population. The World Gazetteer list contained 200 communities; however, only 147 of
those contained geo-referenced location information, and thus were the only communities used in this
study. In addition, the locations were confirmed by importing coordinates into Google Earth and then
visually checked to ensure that they coincided with inhabited areas.

The communities ranged in population from 7433 to 1,626,950 people. For each year over the
period from 1992 to 2012, we determined which communities were detectable in the DMSP-OLS stable
lights imagery. Communities were deemed as detectable if any cell within a three-by-three pixel
neighborhood of its point location (centroid) was lighted. Any type of stable electric nighttime light is
accounted for as a sign of human communities.

The same technique was used to determine which communities were detectable in the VIIRS-DNB
nighttime light data for October 2012. The only difference is that a nine-by-nine pixel neighborhood
was used in order to keep the search neighborhood areal size on the ground consistent with that
used for the DMSP-OLS data. The reason for the larger neighborhood area used for VIIRS-DNB is
the difference in resolution; thus, the size of the pixels from VIIRS-DNB is smaller than that of the
DMSP-OLS pixels. Then, the results were compared to the DMSP-OLS detection rate for 2012.

Household-level data on electricity availability in 82 communities was obtained from the Minnesota
Population Center Integrated Public Use Microdata Series [63], which assembles and standardizes
census microdata from around the world. The data for Burkina Faso was obtained from the National
Institute of Statistics and Demography and constituted a list of households as well as the community
in which they were located and a Boolean for whether the household had access to electricity. The data
available was for 2006. The household-level data was aggregated to the community level and compared
to the DMSP-OLS detection rate to evaluate how electrification levels are reflected in the detection rate.
Each community was geo-referenced and matched with the communities that were detected in the
DMSP-OLS dataset; this information is reported in Table 1.

4. Results

4.1. Detection of Communities using DMSP-OLS and VIIRS-DNB

The results of the investigation for DMSP-OLS are shown in Table 1. Only 12 out of the
147 communities were consistently detectable in the DMSP-OLS nighttime light imagery throughout
the 21-year period. This included Burkina Faso’s capital and most populated city, Ouagadougou,
which has a population of 1,626,950. In fact, the country’s five most populated cities were detected
for all 21 years. Of the remaining communities within the top 10 most populated communities in
Burkina Faso, only one other, Kaya—the country’s seventh most populated community—was detected
throughout the 21-year period. Three communities, Pouytenga, Fada N’gourma, and Tenkodogo, the
sixth, ninth, and 10th most populated communities respectively, were detected for 20 of the 21 years,
missing only the lighting data in 1992. Garango, the country’s eighth most populated community, with
a population of 63,527, fared the worst in terms of detection, as it was missing from the lighting data
during nine years, between 1992 and 2000.
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Table 1. Detection rate of communities in Burkina Faso in Defense Meteorological Satellite Program
Operational Linescan System (DMSP-OLS) nighttime lights data.

Detection Rate Communities Detected

Years Percentage Count Percentage Average Population

21 100% 12 9% 222,679
20 95% 12 9% 33,418

13–19 62%–91% 15 10% 21,743
7–12 33%–57% 7 5% 21,891
1–6 5%–29% 18 12% 13,852

0 0% 83 57% 11,248

Apart from the six communities within the top 10 most populated communities, only six
other communities were detected consistently for the 21-year period. These communities ranged in
population from 19,680 to 42,542. A further 11 communities apart from those already mentioned were
detected for 20 of the 21 years. All of these communities were only missing from the data during
1992. The overarching trend for communities that were detected only partially during the period was
that they usually went undetected during the early part of the period, and then began to be detected
consistently after that. In fact, communities that were detected during 13 to 19 years of the 21 years
were consistently detected after 2000. It was only between 1992 and 1999 that these communities were
missing from the data. In some of these cases, where communities suddenly began to be detected,
it could be an indication that lighting only became available at that time. However, there also exist
cases where communities were detected in some earlier years, then not in others, and then were again
detected in subsequent years. This occurred with some communities in the 13–19-year category, but
more consistently with those in the 1–6 and 7–12-year categories.

Eighty-three communities, or 57% of the 147 communities studied, went completely undetected
for the entire 21-year period. In total, this accounted for 933,606 people, which was 20% of the total
population of the 147 communities studied. In general, the undetected communities were those
with the lowest populations. Of the 83 undetected communities, 58% had a population under 10,000.
However, some communities that were never detected had substantial populations. For example,
Kindi, with a population of 32,207, is the country’s 16th most populated community and the most
populated community to be completely undetected in the DMSP-OLS imagery.

The highest rate of undetected communities occurred in 1992, followed by 1995, 1996, 1993, and
1994, in that order. In 1992, 92% of communities were not detected in the nighttime lights imagery.
This decreased to 82% by 1996, 73% by 2002, and by 2012, the percentage of undetected communities
was 60%.

The detection rates of DMSP-OLS data and the population of each of the 147 communities studied
are mapped in Figure 2. Here, it can be seen that there is no clear spatial pattern for the communities
that were detected or not detected in the DMSP-OLS data. That is to say, not one area of Burkina
Faso contains an uncharacteristic proportion of the undetected communities. However, the map does
make it clear that as communities decrease in population, their likelihood of being detected in the
nighttime light imagery decreases. There is a clear pattern relating the network of transmission lines
for electricity from the year 2009 to detected communities. The likelihood of detecting a community
served by the transmission lines increases; however, there are still exceptions in the communities with
0–49,000 inhabitants.



www.manaraa.com

ISPRS Int. J. Geo-Inf. 2019, 8, 498 8 of 13

ISPRS Int. J. Geo-Inf. 2019, 8, x FOR PEER REVIEW 8 of 13 

 

  
Figure 2. Detection rates of DMSP-OLS nighttime light data, population of communities, and the 
network of transmission lines in Burkina Faso. 

Table 2 breaks down the detection rate of communities by population. Again, it can be seen that 
the communities with larger populations are detected during a higher percentage of years in the 
nighttime light imagery. Those communities with less than 10,000 inhabitants are highly unlikely to 
be detected, with an average detection rate of less than one year out of the 21-year period.  

Table 2. Detection rate of communities in Burkina Faso in DMSP-OLS nighttime light data by 
population. 

  Communities Detected 
Population Average Detection Rate (%) Count Percentage 

0–9999 3% 59 40% 
10,000–24,999 28% 62 42% 
25,000–49,000 69% 17 12% 
50,000–499,999 93% 7 5% 

500,000+ 100% 2 1% 
 
Using VIIRS-DNB data, 66 communities or 45% of the 147 communities studied were detected. 

This is compared to 40% (59 communities) for 2012 using the DMSP-OLS data. The VIIRS-DNB and 
DMSP-OLS data detected 56 communities consistently in 2012. The VIIRS-DNB data was able to 
detect 10 communities that were not detected by the DMSP-OLS data; however, it also did not detect 
three communities that were detected by the DMSP-OLS data. The VIIRS-DNB data was able to detect 
four communities with a population under 10,000 that were not detected by the DMSP-OLS data. 

4.2. Access to Electricity and Rate of Detection  

In total, 1.14% of the households included in the microdata had access to electricity in 2006. On 
average, 1.16% of the households in each community had access to electricity. Table 3 presents the 
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Table 2 breaks down the detection rate of communities by population. Again, it can be seen
that the communities with larger populations are detected during a higher percentage of years in the
nighttime light imagery. Those communities with less than 10,000 inhabitants are highly unlikely to be
detected, with an average detection rate of less than one year out of the 21-year period.

Table 2. Detection rate of communities in Burkina Faso in DMSP-OLS nighttime light data by population.

Communities Detected

Population Average Detection Rate (%) Count Percentage

0–9999 3% 59 40%
10,000–24,999 28% 62 42%
25,000–49,000 69% 17 12%

50,000–499,999 93% 7 5%
500,000+ 100% 2 1%

Using VIIRS-DNB data, 66 communities or 45% of the 147 communities studied were detected.
This is compared to 40% (59 communities) for 2012 using the DMSP-OLS data. The VIIRS-DNB and
DMSP-OLS data detected 56 communities consistently in 2012. The VIIRS-DNB data was able to detect
10 communities that were not detected by the DMSP-OLS data; however, it also did not detect three
communities that were detected by the DMSP-OLS data. The VIIRS-DNB data was able to detect four
communities with a population under 10,000 that were not detected by the DMSP-OLS data.

4.2. Access to Electricity and Rate of Detection

In total, 1.14% of the households included in the microdata had access to electricity in 2006.
On average, 1.16% of the households in each community had access to electricity. Table 3 presents



www.manaraa.com

ISPRS Int. J. Geo-Inf. 2019, 8, 498 9 of 13

the average level of access to electricity per community within each of the detection rate categories
used previously.

Table 3. Access to electricity of communities in Burkina Faso by detection rate in DMSP-OLS nighttime
light data.

Detection Rate Electrification

Years Percentage Electrified
Households

Total Number
Households

Percentage
Electrified

Average Electrified
per Community

21 100% 38 7597 0.50% 0.68%
20 95% 57 3852 1.48% 1.23%

13–19 62%–91% 55 9980 0.55% 0.64%
7–12 33%–57% 96 4835 1.99% 2.14%
1–6 5%–29% 103 9263 1.11% 1.22%
0 0% 333 23,719 1.49% 1.26%

5. Discussion

While nighttime light imagery has been shown to correlate strongly with population and has been
used to estimate and model the distribution of global population [22,24], this study clearly reveals
new insights as to the limitations of the datasets. The DMSP-OLS dataset was only able to accurately
detect (with a 100% detection rate over 21 years) approximately 9% of the 147 communities studied
in Burkina Faso. The communities that were most accurately detected were those with the largest
populations, while communities with populations below 10,000 were generally undetected. Therefore,
it is evident that in Burkina Faso, the detection of human settlement becomes more difficult as the
population of the settlement decreases. This could be due to a number of reasons. First, it is possible
that the DMSP-OLS sensor was unable to detect the low levels of radiation emitted by communities
with a low population density. Second, it is likely that many communities were undetected due to low
levels of electrification in Burkina Faso. Furthermore, it is possible that even in those communities
that do have access to electricity, most of it is dedicated to indoor lighting or other activities using
electricity such as water pumps, which would not be detected in the nighttime light imagery.

However, the study does reveal that detection rates have increased over time in Burkina Faso.
In 1992, only 8% of communities were detected in the nighttime light imagery, while by 2012, 40%
of the communities were detected. This corresponds to a detection rate of 66% of the population of
the 147 communities studied in 1992 and a detection rate of 79% in 2012. This increase in detection
over time could be explained by two reasons. Firstly, the processing of the nighttime light imagery
has improved, and the algorithms used are now better at detecting areas of low lighting and low
population. Secondly, these communities were not electrified early in the 21-year period, and over
time, electrification has increased. Electrification has, in fact, increased over time in Burkina Faso;
however, compared to global rates, it remains very low. In 1992, the World Bank estimated that 6.1%
of households in Burkina Faso were electrified. This figure had increased to 13.1% by 2012. It can
be seen that the detection rate and the level of access to electricity appear to be unrelated. Access to
electricity is generally low, but there is no relationship that indicates that communities that are more
often detected have higher levels of access to electricity. This finding seems counter intuitive, as one
would expect that communities with lower levels of electricity would have lower lighting intensities
and would therefore be more difficult to detect.

The 2012 detection rates by DMSP-OLS and VIIRS-DNB nighttime light data were quite consistent.
While the VIIRS-DNB data was able to detect some additional communities, it did not provide a
very large improvement over the DMSP-OLS dataset. This may provide evidence that it is a lack of
electrification (or electrification at intensities that can be picked up by both the DMSP-OLS and VIIRS
sensors) that leads to communities being undetected by the nighttime light datasets and not an issue
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with the processing of the datasets. However, it should be highlighted that the results can be seen as
preliminary with a possible future expansion by using a VIIRS-DNB dataset with a longer time period.

Previous studies have also attempted to quantify the population detection level of the nighttime
light imagery. Doll [64] found that in sub-Saharan Africa, up to 60% of the population was undetected
at population densities of 2000 people/km2, and that on average, 20% of the population was undetected
at the same population density. Doll and Pachauri [35] found that in Africa, the percentage of unlit
pixels remains high for increasing levels of population density. Both of the mentioned studies were
built on global population density grids. This study contributes to and expands on the findings from
those studies by identifying specific communities that are undetected in the nighttime light imagery
as well as the time period of their detection rather than relying on population density estimations.
The present study expands earlier findings by relating the detection rate to household data regarding
the access to electricity and the location of the community in relation to the transmission line network
for electricity. The results indicate that communities that are more often detected have higher levels of
access to electricity.

It should also be noted that there exist clusters of nighttime light that appear to be communities, but
that do not correspond to any community in the list used. This could reflect one of the 53 communities
from the original list of 200 communities, which did not contain coordinates, or they could reflect other
communities not contained on the list at all.

6. Conclusions

The use of the DMSP-OLS nighttime light dataset for social science applications has increased
substantially over time and is becoming an often-used proxy for economic development and population
in places with poor statistical data. With the recent availability of VIIRS-DNB nighttime light data
and the improvements in data quality and spatial resolution that they afford, scholars have become
increasingly interested in the continued use of nighttime light data in socio-economic research. For this
reason, it is important that the accuracy of the both the DMSP-OLS and VIIRS-DNB datasets for
identifying human settlement is understood and taken into account when conducting research.

This study examined the DMSP-OLS nighttime light stable lights composites from 1992 to 2012 to
determine their ability to detect communities in Burkina Faso. It found that up to 57% of the communities
studied were undetectable throughout the period and that only 9% of communities studied had a 100%
detection rate. Interestingly, detection improved over the years, reflecting either improved OLS sensors
and image processing or increasing electrification. The examination of VIIRS-DNB nighttime light data
for October 2012 revealed that the VIIRS-DNB data were not much better at detecting communities.
In fact, the VIIRS-DNB detection rate was only 5% higher than that of DMSP-OLS for 2012.

The similarities in detection between the DMSP-OLS and VIIRS-DNB nighttime light datasets
reveal that the improvements that are said to come along with the new generation of light detection
satellites do not have a significant impact for small communities in Burkina Faso. Further tests in
other countries and regions could be beneficial in developing a better understanding of the ability of
nighttime light datasets to detect human settlements throughout the world. Nonetheless, the findings
of this study are important because they illustrate the limitations of the nighttime light datasets, at the
very least in areas where access to electricity is limited. These findings should be taken into account
when using the DMSP-OLS and VIIRS nighttime light data as proxies for human settlement because
significant portions of the population may be unrepresented by these datasets.
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