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Abstract: Unreliable electricity supplies are common in developing countries and impose large
socio-economic costs, yet precise information on electricity reliability is typically unavailable.
This paper presents preliminary results from a machine-learning approach for using satellite imagery
of nighttime lights to develop estimates of electricity reliability for western India at a finer spatial scale.
We use data from the Visible Infrared Imaging Radiometer Suite (VIIRS) onboard the Suomi National
Polar Partnership (SNPP) satellite together with newly-available data from networked household
voltage meters. Our results point to the possibilities of this approach as well as areas for refinement.
With currently available training data, we find a limited ability to detect individual outages identified
by household-level measurements of electricity voltage. This is likely due to the relatively small
number of individual outages observed in our preliminary data. However, we find that the approach
can estimate electricity reliability rates for individual locations fairly well, with the predicted versus
actual regression yielding an R2 > 0.5. We also find that, despite the after midnight overpass time of
the SNPP satellite, the reliability estimates derived are representative of daytime reliability.
Keywords: electricity; economic development; VIIRS; nighttime lights

1. Introduction
Unreliable electricity supplies can impose a variety of socio-economic costs. Recent studies
indicate that unreliable electricity can reduce firm productivity [1], with effects differing across
industries [2,3], distort the distribution of firm sizes [4], increase mortality [5], impair birth outcomes [6],
reduce household welfare [7,8], motivate purchases of backup power equipment [9,10], and impair air
quality [11].
The socio-economic costs of unreliable electricity are likely to be wide-ranging and substantial in
India, where power outages are frequent and widespread. A major obstacle to measuring the costs of
unreliable electricity in India, and in other developing countries, is the absence of data on electricity
reliability at a fine temporal and spatial scale. Unlike the case in developed countries, electricity
providers in developing countries are often not required to collect or disseminate data on service
reliability. As a result, estimates of reliability need to be derived indirectly. For instance, a recent study
by Allcott et al. [3] of the effect of unreliable electricity on manufacturing productivity in India uses
state-level estimates of annual energy shortages as a measure of reliability.
Remotely sensed data offer the potential to conduct large-scale and spatially-explicit studies of
electricity reliability. Electricity usage can be detected from space from images of outdoor lighting at
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night. Data from two satellite systems can be used: the older U.S. Air Force Defense Meteorological
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2.2. Representativeness
The after midnight (0–2 a.m.) timing of the SNPP satellite overpass casts doubt on whether
electricity reliability estimated during the overpass time is representative of reliability at other times of
the day when power outages can be more disruptive. To address this concern, we analyzed hourly
individual feeder-line voltage data for the state of Maharashtra obtained from the Maharashtra
State Electricity Distribution Company (MahaDiscom, Mumbai, India) for the seven-year period
2007–2013 [14] (Maharashtra was chosen as our study area because of the unusual availability of the
feeder-line voltage data. The feeder-line data are not geocoded, hence they cannot be used to develop
electricity reliability estimates at fine spatial scales). MahaDiscom provides electricity to nearly all of
Maharashtra, with the exception of Mumbai. Data for this period were aggregated for all years to the
division level. A MahaDiscom division corresponds to an area smaller than an administrative district;
there are 137 MahaDiscom divisions in Maharashtra but only 36 districts.
For each division, the percentage of zero voltage readings on its feeder lines was calculated for
three different periods during the day and compared: daytime hours (6 a.m.–6 p.m.), overpass time of
the SNPP satellite (midnight–2 a.m.), and overpass time of the DMSP satellite (7–10 p.m.). We interpret
a zero voltage reading as representing a power outage.
2.3. Remote Sensing
The Visible Infrared Imaging Radiometer Suite (VIIRS) is a scanning radiometer onboard the
SNPP satellite. The VIIRS collects visible and infrared imagery and radiometric measurements of the
land, atmosphere, and oceans. It is sensitive to 22 wavelength bands, including a “Day/Night band”
(DNB) with 750-m resolution. The DNB is sensitive to visible and near-infrared wavelengths ranging
from daylight down to low levels of nighttime radiance. The ability of the DNB to detect the low
levels of visible light present at night makes it well suited to studying night lights. We downloaded all
available VIIRS DNB 5-min swath data from the Level 1 and Atmosphere Archive and Distribution
System for our study region [15]. These data are corrected for stray solar light contamination, and
pixel geolocations are corrected for changes in elevation. Clouds and shadows were masked using
the VIIRS Cloud Mask Intermediate Product. DNB data were then filtered for clouds by removing all
pixels with cloud mask values greater than zero.
A series of statistics were calculated for each DNB stack, including the (global) mean, median,
and standard deviation. Since DNB radiance values are influenced by lunar illumination and phase
(DNB values can vary by several orders of magnitude between a new and a full moon), the radiance
values were linked to data on lunar illumination and phase for each image date and time.
2.4. Voltage Monitors
The known data used to train the random forest model (described below) include voltage
monitoring data from the Electricity Supply Monitoring Initiative (ESMI) established by the Indian
NGO Prayas in late 2014 [16]. The ESMI data are obtained from battery-backed-up voltage monitoring
devices plugged into electricity outlets in a few hundred homes and enterprises across India. Voltage
readings are taken at one-minute intervals and transmitted to a central database via the local
cellular network.
2.5. Power Outage Classifier
Ideally, power outages could be detected by simply examining the time series of DNB values for a
given location and identifying outages using traditional thresholding methods. However, the time
series are often noisy, rendering such methods inappropriate. This is illustrated in Figure 2, which
shows the time series of DNB values for a location in Saharkar Nagar, a suburb of Pune. Note that
there is one DNB value for each cloud-free day, measured at the satellite overpass time.
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Figure 2. Daily DNB radiance values for Saharkar Nagar for the period 1 January 2015 to 9 September
Figure 2. Daily DNB radiance values for Saharkar Nagar for the period 1 January 2015 to 9 September
2015. Time series plot of observed radiance values (black dots) for the study period.
2015. Time series plot of observed radiance values (black dots) for the study period.
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In addition to the 39 locations above at which electricity is supplied and voltage monitored,
26 additional locations with no electricity that are in, or adjacent to, Maharashtra were included in
the known data set. These locations correspond to ocean, lakes, forests and other naturally-occurring
vegetation. In all, the known data set consisted of 15,393 observations across 65 training sites for the
period 1 January 2015 to 10 September 2015. This data is broken into training and testing samples,
with 75% of observations reserved for training.
The known data set was used to train a random forest classifier using one of two loss functions
(described in the next section) with five-fold cross-validation, using R’s e1071 package (version,
Manufacturer, City, US State if applicable, Country) [20]. The model is of the following form:
lights_out = F(dnb, illum, phase, md_dnb, (dnb − md_dnb)).

(1)

Whether an image pixel reflects a power outage, normal electricity supply, or an area with no
electricity (lights_out) depends on its DNB radiance value (dnb), lunar illumination (illum) and phase
(phase), the (global) median DNB value (md_dnb) for that pixel, and the difference between the DNB
value at the time the image was taken and the median DNB value for that pixel (dnb − md_dnb).
The random forest approach implicitly determines the form of the relationship (F(·)) between the
predictors and the outcome. The relationship is not constrained to being linear, or even smooth.
The approach also allows for interactions among the predictors.
As noted earlier, lunar illumination and phase have a strong influence on DNB values, particularly
in rural communities, hence the inclusion of these variables as predictors. The median DNB value
is derived from the time series of DNB values for a given pixel. The inclusion of this variable as a
predictor facilitates identification of areas with no electricity. The difference between a DNB value for
a pixel and the median DNB value for that pixel facilitates identification of outages.
2.6. Individual Power Outages and Power Outage Rates
The objectives of this study are to assess whether VIIRS DNB data can be used to: (1) detect
individual power outages; and (2) estimate power outage rates. Power outage rates represent our
estimates of electricity reliability. The second objective is our primary one.
To assess the ability of the random forest classifier in Equation (1) to predict individual power
outages, we trained the classifier using a loss function that targeted the discrepancy between individual
predicted and actual outages, and then assessed the classifier’s predictive accuracy. When using the
classifier to estimate outage rates, we used a loss function that targeted the difference between predicted
and actual outage rates for each location. Outage rates for a given pixel are derived by determining the
number of (cloud-free) days for which the pixel has a predicted outage and dividing this number by
the total number of cloud-free images available for that pixel. Both models are tested on out-of-sample
data amounting to 25% of the total sample.
2.7. Sensitivity Analysis
We run a sensitivity analysis to estimate the influence of additional observations from existing
training sites on predictive accuracy. Starting with the middle of the monsoon season (estimated to
be day of the year 170 for 2015), we add additional observations in increments of 20 days before and
after this midpoint. Hence, the sample size increases with a greater proportion of days outside of
the monsoon season, until the entire sample is included. Sensitivity of the model is estimated as the
percentage of individual outages correctly classified using the out-of-sample testing data.
2.8. Validation
Our predicted outage rate estimates can be validated by comparing them with actual outage rates
derived from the ESMI voltage readings. Ideally, predicted and actual outage rates would be perfectly
correlated. To test the relationship between predicted and actual outage rates, we regress predicted

predicted rates on actual rates, and perform a Student’s t-test to test the hypothesis that the best-fit
line coincides with the one-to-one line.
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The ability of our random forest classifier to identify individual, household-level electricity
outages for our known data set is captured by the confusion matrix in Table 1. The overall rate of
misclassification of the out-of-sample testing data (or error rate) is a very low 2.69%. The entries in
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3.3. Power Outage Rates
Our primary objective is to predict power reliability rather than individual power outages.
Though our ability to predict individual outages is limited given the data at hand, our ability to
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Figure 5. Predicted versus actual outage rates for inhabited locations. Observations of predicted and

Figure 5. Predicted versus actual outage rates for inhabited locations. Observations of predicted and actual
actual outage rates (black dots), with 45-degree line (solid), best-fit regression line (dashed blue), 95%
outage rates (black dots), with 45-degree line (solid), best-fit regression line (dashed blue), 95% confidence
confidence interval (grey shade), regression results, and Student’s t-test statistic for equality of slope to
interval (grey shade), regression results, and Student’s t-test statistic for equality of slope to 1 in
1 in parentheses.
parentheses.

The random forest classifier is then used to estimate outage rates for each pixel of 750 m resolution
for our entire study region based on the values of the predictors in Equation (1) for that pixel.
The estimated outage rates on cloud-free days are presented in Figure 6. Pixels that are classified as
having no electricity (or undetectably low levels of nighttime lights) are colored black. Given the very
small size of the known data set used to train our classifier, the predictions in Figure 6 are best viewed
as illustrative of the potential of our approach.

Remote
Remote Sens.
Sens. 2016,
2016, 8,
8, 711
711

99 of
of 12
12

Figure
Figure 6.
6. Estimates
Estimates of
of electricity
electricity outage
outage rates
rates for
for Maharashtra
Maharashtra and
and surrounding
surrounding states.
states. Outage
Outage rates
rates
for
cloud-free
days
are
presented
on
a
low
to
high
scale
(white
to
purple),
with
state
boundaries
for cloud-free days are presented on a low to high scale (white to purple), with state boundaries
highlighted
highlighted (white
(white lines).
lines).

4. Discussion
Discussion
The after midnight
midnight overpass time of the SNPP
SNPP satellite
satellite can call
call into
into question
question the
the suitability
suitability of
the VIIRS data to estimate electricity reliability.
reliability. Although lighting peaks in the evening before 10 pm,
recent studies using VIIRS DNB data reveal that
that aa considerable
considerable amount of lighting is present
present even
even
after midnight [12,13]. This is not surprising given that satellite images primarily capture streetlights
and other forms of outdoor lighting that are likely to be present even after midnight.
The ability of the
the early-morning
early-morning VIIRS data to provide
provide representative
representative estimates
estimates of electricity
electricity
reliability
reliability is corroborated
corroborated by
by our
our analysis of seven years’ worth of hourly feeder-line voltage data for
Maharashtra.
Maharashtra. These
These data
data reveal
reveal a correlation
correlation of 0.85 between the frequency of outages during daytime
hours
during
VIIRS
overpass
times
(midnight–2
a.m.).
Although
this
hours (6
(6a.m.–6
a.m.–6p.m.)
p.m.)and
andthe
thefrequency
frequency
during
VIIRS
overpass
times
(midnight–2
a.m.).
Although
high
correlation
between
daytime
reliability
and and
reliability
during
the VIIRS
overpass
times
maymay
not
this high
correlation
between
daytime
reliability
reliability
during
the VIIRS
overpass
times
hold
true
everywhere,
that
it
holds
true
in
one
of
India’s
largest
states
is
encouraging
(Maharashtra
has
not hold true everywhere, that it holds true in one of India’s largest states is encouraging
2). However,
a(Maharashtra
population ofhas
112amillion
and an
areamillion
of 308,000
However,
the km
downward
bias of
population
of 112
andkm
an2 ).
area
of 308,000
theobservations
downward
in
Figure
3 indicates that
the nighttime
outagethat
rates
estimated
here
wouldrates
understate
the frequency
of
bias
of observations
in Figure
3 indicates
the
nighttime
outage
estimated
here would
outages
during
daytime hours.
understate
the frequency
of outages during daytime hours.
A further
reliability
areare
derived
solely
from
images
on cloud-free
further concern
concernisisthat
thatour
ourestimates
estimatesofof
reliability
derived
solely
from
images
on clouddays.
Thus,
these
estimates
may
not
be
representative
of
reliability
on
non-cloud-free
days.
free days. Thus, these estimates may not be representative of reliability on non-cloud-free days. This
This
concern is especially pointed if the fraction of cloud-free days for the time period of interest is small.
In Maharashtra, as well as in much of India,
India, the proportion of cloud-free days is low during
during the
monsoon season, which runs from June through September, roughly.
roughly. This affects our sample period,
as a large
large portion
portion of
of itit coincides
coincides with
with the
the monsoon
monsoon season
season of
of 2015.
2015. At the median, the proportion of
cloud-free pixels for our study area is 42.70%, with a range extending from 0.33% in extremely small
pockets
pockets along inland waterways
waterways and protected coastal inlets, up to 66.40% along the north
north eastern
eastern
portion
portion of
of the
the study
study area.
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cloud-free days during other seasons would over- or under-estimate reliability during the monsoon
season. Available evidence [21] indicates that power reliability during the monsoon season is
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cloud-free days during other seasons would over- or under-estimate reliability during the monsoon
season. Available evidence [21] indicates that power reliability during the monsoon season is typically
higher than it is during other seasons, for two reasons: (1) increased availability of hydroelectric power
due to rainfall; and (2) reduced demand for electric cooling given lower temperatures during the
monsoon season. This implies that our cloud-free-day-based estimates of power reliability would
under-estimate reliability during the monsoon season.
Studies of night lights to date have relied almost entirely on DMSP-OLS data. These data have
been used in a wide variety of applications (see [22] for a survey). However, for estimating electricity
reliability, the newer VIIRS DNB data are demonstrably superior. The VIIRS sensor has: better low
light detection; higher spatial resolution (750 m vs. 5 km); greater radiometric sensitivity (in this
context, radiometric sensitivity refers to the ability of a satellite sensor to discriminate between different
amounts of light emitted or reflected from the earth’s surface.); in-flight calibration that renders image
data comparable over time; easier identification of burning and gas flares; and it does not suffer from
saturation over brightly lit urban areas [12,13]. The sole advantage of the DMSP-OLS data is that there
is a longer time series available. DMSP-OLS data are available from 1992; VIIRS data are available
from November 2011.
The voltage monitoring data being collected by the Indian NGO Prayas as part of its Electricity
Supply Monitoring Initiative introduced in late 2014 provides novel national-level data that can be
used to validate estimates of electricity reliability derived from satellite data. Voltage is currently
monitored at 205 locations in 17 states. A few hundred more locations will be added in the coming
year. This rapidly growing set of voltage monitoring data will allow for a much larger training dataset
in the coming years.
The findings of our preliminary efforts to estimate electricity reliability using VIIRS data are
encouraging on the whole. In terms of our secondary objective of using the VIIRS data to identify
household-level outages, our random forest classifier yields an overall misclassification error of
2.69%. This low out-of-sample error rate reflects the perfect classification of pixels without electricity
(1741 of 1741) and the near-perfect classification of cells with normally operating electricity (1689 of 1737)
(see Table 1). This points to the ability to apply the approach used here to address issues such as rural
electrification and urban land use classification [23]. This said, the classification error rate for electricity
outages was 62%. This high error rate stems, at least in part, from the small number of outages in the
known data set used to train the random forest classifier (383 outages in a total of 11,162 observations).
Dramatically increasing the number of observations used for training is an ongoing objective of
our research. A larger known data set, particularly with more observations of outages outside the
monsoon season, would almost certainly improve the error rates of the classifier (see Figure 4). This
speaks to the importance of increasing not just the quantity of data, but also its quality.
Even with a much larger data set, there are a number of factors that could artificially increase
intra-pixel daily variation in DNB radiance and result in misclassification of individual power outages.
These factors include: (1) geolocation uncertainty of VIIRS DNB, which may range from 249 m (nadir)
to 1141 m (edge of swath) [24]; (2) uncertainty in DNB radiometric error (8.9%) [24]; (3) atmospheric
effects, such as scattering loss from aerosols, and other sources of airglow [25]; and (4) undetected
thin cirrus and other clouds. This may be particularly true in dense urban areas where smaller scale
outages may be masked by saturation of the sensor and/or air glow.
In terms of our primary objective of estimating electricity reliability, our approach shows promise,
despite the small temporal and spatial extent of this preliminary study. We find a correlation between
predicted and actual outage rates of over 0.5. The less than unit slope of the fitted line indicates that
power outage rates are, on average, underestimated. Once again, use of a much larger training data set
should improve the ability of our approach to estimate outage rates. The power of our approach is
illustrated by Figure 6, which presents estimates of outages rates derived from our classifier for an
entire state.
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5. Conclusions
Despite the importance of reliable electricity for households, firms and public health, information
on electricity reliability is not available for much of the developing world. We explore the use of
VIIRS nighttime lights data, together with data from household voltage meters, to estimate electricity
reliability in Western India. We employ a machine learning approach to identify power outages at
the pixel level and to estimate the frequency of power outages, using data from the first nine months
of 2015.
One concern is that the frequency of power outages during the after midnight satellite overpass
time might not reflect their frequency during the day, when outages are disruptive to many economic
activities. To evaluate this concern, we obtained seven years of hourly feeder line voltage data for the
state of Maharashtra and compared the frequency of power outages for different periods during a day.
We found a high correlation (R2 = 0.85) between the frequency of outages during the satellite overpass
time and during the day.
Our machine learning algorithm successfully identified pixels without electricity, pixels with
normal electricity supply, and to a lesser degree, pixels with known outages. The overall classification
error rate was quite low (<3%), but the error rate for detecting individual outages was much higher
(62%). This is likely due to the very short period of training data available and the limited number of
outages observed at the household level (383 outages in a total of 11,162 observations). Our machine
learning algorithm was able to estimate the frequency of power outages reasonably well: we obtained
an R2 of 0.51 between observed and predicted outage rates. The results of this study should be viewed
as preliminary and suggestive, but we also find them encouraging for further study. Future efforts
might focus on expanding the training data set, better preprocessing, improved labeling of stray lunar
light, and refinement of the classification algorithm.
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