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Improving Nighttime Light Imagery With
Location-Based Social Media Data
Naizhuo Zhao , Wei Zhang, Ying Liu, Eric L. Samson, Yong Chen, and Guofeng Cao

Abstract— Location-based social media have been extensively
utilized in the concept of “social sensing” to exploit dynamic
information about human activities, yet joint uses of social sensing
and remote sensing images are underdeveloped at present. In this
paper, the close relationship between the number of Twitter users
and brightness of nighttime lights (NTL) over the contiguous
United States is calculated and geotagged tweets are then used
to upsample a stable light image for 2013. An associated outcome
of the upsampling process is the solution of two major problems
existing in the NTL image, pixel saturation, and blooming effects.
Compared with the original stable light image, digital number (DN) values of the upsampled stable light image have larger
correlation coefficients with gridded population (0.47 versus 0.09)
and DN values of the new generation NTL image product
(0.56 versus 0.52), i.e., the Visible Infrared Imaging Radiometer
Suite day/night band image composite. In addition, total personal
incomes of states are disaggregated to each pixel in proportion to
the DN value of the pixel in the NTL images and then aggregate
by counties. Personal incomes distributed by the upsampled
NTL image are closer to the official demographic data than
those distributed by the original stable light image. All of these
results explore the potential of geotagged tweets to improve the
quality of NTL images for more accurately estimating or mapping
socioeconomic factors.
Index Terms— Location-based social media, nighttime
light (NTL) imagery, United States demographics, upsampling.

I. I NTRODUCTION
IGHTTIME lights (NTL) imagery has an extensive
record of utilization in human systems research. Since
Croft first recognized its potential to monitor emissions of
waste gas from oil fields in 1973 [1], NTL imagery has
been used to estimate and disaggregate socioeconomic factors (see [2]–[13]), map urban expansion (see [14]–[19]),
determine urban forms/patterns (see [20], [21]), and detect
impacts of human activities on natural systems (see [22]–[25]).
The Defense Meteorological Satellite Program’s Operational
Linescan System (DMSP-OLS) annual stable light image composites are presently the most widely used NTL image data
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because of its global coverage with relatively long temporal
span. Ephemeral lights, such as fires and lightning, have been
removed from the stable light image composites, which greatly
increases the utility and dependability of the NTL images as a
measure of socioeconomic factors [26]. However, the saturated
pixels in the stable light image products hinder the applications for areas with highly dense anthropogenic activities [7].
In addition, urban peripheries and water bodies inside cities
tend to be extensively brightened by urban lights, resulting in
lit areas much larger than actual urban/developed areas [14].
This distinctive phenomenon in NTL imagery is usually called
blooming [15]. The existence of saturated pixels and blooming
effects in DMSP-OLS stable light image products leads to
large under-estimations in urban areas and over-estimations in
suburban and rural areas when brightness of NTL is selected
as a proxy to estimate or spatially disaggregate socioeconomic
factors [13].
In 2013, the National Oceanic and Atmospheric Administration’s (NOAA) National Centers for Environmental Information (NCEI) (formerly National Geophysical Data Center)
released a new generation NTL image products named the
Visible Infrared Imaging Radiometer Suite (VIIRS) day/
night band (DNB) image composites collected by the
Suomi National Polar-orbiting Partnership (SNPP) satellite.
Compared with the DMSP-OLS stable light image products, the VIIRS-DNB composites have a larger quantization range (14 bit versus 6 bit) to avoid the issue of
pixel saturation. However, blooming effects, inherent to
NTL, still exist in the VIIRS-DNB images. In addition,
VIIRS-DNB image composites have a finer spatial resolution (0.00416° versus 0.00833°) than the DMSP-OLS NTL
images [27]. The difference in spatial resolution raises another
issue of NTL images: how to upsample the DMSP-OLS
NTL image products to make their spatial resolution consistent with the VIIRS-DNB composites for joint uses in
practice.
To overcome the problems of saturation and blooming and
to improve spatial resolutions of the NTL images, auxiliary
data that have the following two characteristics are often
needed: 1) close correlation to brightness of NTL and 2) the
ability to be formatted to raster layers with finer spatial
resolutions than the NTL images [13]. Previous studies have
demonstrated that the brightness of NTL strongly correlates
too many socioeconomic variables (e.g., population, gross
domestic product, electric power consumption, and fossil fuel
carbon dioxide emissions) [2]–[13], [28], [29]. However, data
of these variables are mostly survey or census based and
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released with administrative boundaries (e.g., counties/cities
and states/provinces). It is true that at present, gridded data sets
for certain socioeconomic factors (e.g., Landscan population
data sets [30]) are available, but most of the gridded data sets
do not have finer spatial resolutions than those of the NTL
image products. In fact, the brightness of NTL has been used
as a predictor in producing the gridded data sets, which renders
such data sets inappropriate to improve the NTL images [31].
Thus, handling the issues of saturation and blooming and
improving spatial resolutions of NTL images are not trivial
tasks using demographic or gridded socioeconomic data.
In the past several years, social media (e.g., Twitter and
Facebook) have experienced a spectacular rise in popularity.
Hundreds of millions of social media users, sometimes referred
to as “citizen sensors” [32], [33], share their opinion, experiences, and observations of surrounding environments via
social media, and at the same time generate a huge amount
of social media data (e.g., text messages, photos, videos, and
structure of social network). With the widespread adoption of
smart mobile devices and location-based services, locationaware mobile devices have become prevalent access points to
social media services to share whereabouts, opinions, and daily
activities. The inclusion of locations or spatial dimensions in
social media, or location-based social media (LBSM), blurs
the interface between the cyberspace of social media and
geographic space of the real world and renders the social
media as a promising lens to examine human behaviors and
social dynamics [34]. The advent of the LBSM provides
great opportunities to further understand anthropogenic activities [35] and creates possibilities to refine current NTL image
products. As a leading social media platform, Twitter currently
has over 200 million monthly active users publishing about
400 million tweets daily [36]. Twitter big data have been
widely used to discover occurrences of big social events and
natural hazards (see [37]–[39]), predict results of political elections (see [40], [41]), track human mobility (see [42]–[44]),
and detect outbreaks of infectious diseases (see [45]–[48]).
Despite the recognized potential of “social sensing” by integrating the LBSM and remote sensing [33], [49], joint applications of LBSM and remotely sensed images are still limited
and underdeveloped. Based on the estimation of daily tweets,
approximately 0.85% of tweets are geotagged with longitude
and latitude information indicating where the Twitter users
are when the tweets are posted [35]. Although the proportion
of geotagged tweets seems very small, they actually account
for more than 4 million tweets with exact location data posted
every day. Counts and posted locations of the geotagged tweets
reflect densities of population and human activities across
different geographic regions [50] just as the brightness of
NTL does [51]. Admittedly, LBSM users can be a biased
set of samples of the real-world population [44], [51] and
the GPS errors from mobile devices can lead to unreliable
locations of geotagged tweets especially in urban areas where
buildings occlude signals and enlarge the errors [52], [53].
However, previous studies showed that such biases in locations of geotagged tweets are minor at aggregated levels
and the geotagged tweets are qualified to track individual
movements at the block level [54] and define urban points

of interest, even in skyscraper dense areas like Manhattan
of New York City [55], [56]. Since each geotagged tweet
indicates a specific geographic location, geotagged tweet data
can be flexibly conveyed to gridded data sets with different
spatial resolutions. In previous studies, location-based data
reported by mobile devices have produced 1 km × 1 km and
50 m×50 m gridded data sets for tracking human mobility and
detecting spatial accessibility, respectively [54], [57]. Present
NTL image products have two different spatial resolutions at
approximately 1 km × 1 km and 500 m × 500 m, both much
coarser than 50 m × 50 m. Thus, geotagged tweets meet the
two requirements to become a qualified variable for refining
NTL images: 1) strong correlation to brightness of NTL and
2) the ability to be conveyed to gridded data sets with finer
spatial resolutions than those of the NTL images.
In this paper, we explore the potential of employing geotagged Twitter posts to improve the DMSP-OLS annual stable light image composite for the United States. Two problems
adversely affecting estimations of socioeconomic factors in
stable light image products, i.e., saturated pixels and blooming
effects, are mitigated during the process of improving the spatial resolution from 0.00833° (∼1 km) to 0.00416° (∼500 m).
To quantitatively evaluate the tweet adjustment, we compare
the Pearson correlation coefficients of population densities to
DN values of the original and the tweet-adjusted stable light
images. We also disaggregate total personal incomes of states
to each pixel in proportion to the DN values of the original
and the tweet-adjusted stable light images and then compare
their disaggregated results at the county level. We select
the year 2013 but not other years, DMSP-OLS stable light
image composites because at present only in 2013 are the
DMSP-OLS and the VIIRS-DNB image products both available. Thus, the upsampled DMSP-OLS stable light image can
be compared with the VIIRS-DNB image to examine whether
the tweet-adjusted NTL image can still soundly reflect actual
situations of NTL on the ground. We refine the DMSP-OLS
stable lights but not the VIIRS-DNB image products because
stable light image products have lower spatial resolution and
more problems (e.g., saturation) than VIIRS-DNB image composites [27]. Thus, if this approach can successfully improve
DMSP-OLS stable light image composites, it should also be
feasible to refine VIIRS-DNB image products with a few
minor adjustments (e.g., changing the sizes of the gridded
tweet images).
II. DATA
The version 4 DMSP-OLS annual stable light image composite for 2013 is downloaded from NOAA’s NCEI [58].
This image product is a composite of all the available cloudfree DMSP-OLS NTL data for the calendar year of 2013
in the NCEI’s digital archive with a spatial resolution of
0.00833° × 0.00833°. Ephemeral lights, such as fire, lightning,
and other background noise, have been removed from the
image product. Digital number (DN) values in the annual
stable light image composite vary from 0 to 63 and represent
average brightness of NTL for the year except 63. The
maximal DN value, 63, is assigned for saturated pixels.
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Version 1 VIIRS-DNB image composites for the 12 months
of 2013 are also obtained from NOAA’s NCEI [59]. Stray
light, lightning, and lunar illuminations are filtered, but fires
are not removed from the 2013 version 1 VIIRS-DNB
image products. The pixel size of the VIIRS-DNB images
is half that of the DMSP-OLS stable light image composites (i.e., 0.00416° versus 0.00833°). The quantization range
(0–16 383) of the VIIRS-DNB image composites is much
larger than that (0–63) of the DMSP-OLS stable light image
products. Saturation is not found in the existing VIIRS-DNB
image composites but exceptionally large pixel values (typically >1000 and <5000) exist in nearly each of the monthly
DNB image products for the U.S. Such large values are
mostly derived from oil or natural gas flaring but not NTL
of human settlements [27]. To make the temporal span of
the VIIRS-DNB image consistent with the original and the
upsampled DMSP-OLS stable light images, we stack the
12 monthly VIIRS-DNB image composites together and average the 12 radiances for each pixel to produce a VIIRS-DNB
image for the year of 2013.
Geotagged tweets posted between January 1, 2013 and
December 31, 2013 are collected using the public Twitter
Stream Application Programmer’s Interface and archived to an
NoSQL database. Each of the geotagged tweets has a nonnull
coordinate for the geographic location of the tweet posted by
the user. All the geotagged tweets located in an extent of
66.00002° W to 125.00000° W and 24.00003° N to 50.00003°
N are picked out from the archive for uses in this paper. This
extent covers the entire contiguous U.S. and northern regions
of Mexico.
The Gridded Population of the World (GPW) data set for
2010 and 2015 is acquired from the Socioeconomic Data
and Application Center at Columbia University [60]. This
gridded population data set has the same spatial resolution
(i.e., 0.00833°) as the DMSP-OLS annual stable light image
composite. Differing from another well-known gridded population data set, LandScan Population [28], brightness of NTL
is not used as a variable for allocating census population to
settlement areas in producing the GPW data set. Thus, the
GPW data set can be used to evaluate accuracy of the tweetadjusted NTL image. The GPW data set is produced for every
five years. In this paper, the gridded population for 2013 is
produced by averaging the 2010 and the 2015 GPW raster
layers. The statistical total personal income for each state and
county is retrieved from the U.S. Department of Commerce’s
Bureau of Economic Analysis (BEA) [61].
III. M ETHODOLOGY
The main steps of upsampling the DMSP-OLS stable light
image product are exhibited in Fig. 1. We first produce
two annual tweet images for 2013 with two spatial resolutions of 0.00833° × 0.00833° and 0.00416° × 0.00416°.
Second, we use the tweet image at the spatial resolution of
0.00833° to adjust DN values of the saturated pixels in the
original stable light image product. Third, we upsample the
saturation-corrected DMSP-OLS image with the assistance of
the 0.00416° spatial-resolution tweet image.

Fig. 1.
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Flowchart for upsampling the DMSP-OLS stable light image.

A. Producing Tweet Images
We define the geotagged tweets that are posted in two (or
more) far-away (>500 km) places within a very short period
(<1 h) by the same user ID as spam tweets, and suppose such
tweets are generated by hackers or errors of the Twitter system
or GPS of the mobile devices [44]. Thus, the collected Twitter
posts are first preprocessed to filter out these spam messages.
Then, we establish an empty frame with an extent of 66.00002°
W to 125.00000° W and 24.00003° N to 50.00003° N. This
empty frame is then divided into 22 089 600 cells (3120 rows ×
7080 column) with a uniform size of 0.00833° × 0.00833°.
This cell size (0.00833°) is the same as the pixel size of
the DMSP-OLS stable light image products. We count tweets
located in each of the cells and value the cell with the tweet
count. Our intention is to use the number of tweets as a proxy
of population density to adjust DN values of saturated pixels
in the stable light image product. In addition, locations of
the geotagged tweets are used to delimit extents of human
activities to reduce blooming effects. Thus, multiple tweets
reported in any one cell by one ID user are counted as one
tweet while multiple tweets reported in different cells by one
ID user are counted multiple times for the individual cells. The
value of a cell actually represents the number of distinct Twitter users who posted at least one tweet in the cell area in 2013.
This valued grid is cropped by the contiguous U.S. boundary
and export as a 32-bit tweet image [see Fig. 2(a)]. With the
same method, we produce another 32-bit tweet image with a
spatial resolution of 0.00416° × 0.00416° [see Fig. 2(b)]. This
spatial resolution (0.00416°) is equal to the spatial resolution
of the VIIRS-DNB image composites. Henceforth, the two
tweet images with the cell sizes of 0.00833° and 0.00416°
are referred to as the coarse-resolution and the fine-resolution
tweet images, respectively.
It needs to be particularly emphasized that the tweet images
are produced by all-day (i.e., day and night) and not only
night-time Twitter posts. The basic logic of using NTL
imagery to assess socioeconomic factors is that a region with
brighter NTL usually has a more developed economy and
larger population and so produces more wealth, consumes
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Fig. 2.
(a) Coarse-resolution and (b) fine-resolution tweet images for
2013, which were produced by 58 272 064 and 59 789 690 geotagged tweets,
respectively.

more energy, and emits more greenhouse gasses [3]. Thus,
NTL imagery can be used to estimate total electric power
consumption and not only the amount of electricity consumed
by NTL [3], [11], [12]. Brightness of NTL can be deemed as
a proxy of population density [62] and one of the variables
for spatially disaggregating population (e.g., in producing the
well-known LandScan Population data set) [30]. In those
studies, brightness of NTL is used for mapping distribution
of people all day and not only at night. In this paper, we
utilize locations of tweets to suggest the spatial extents that
human activities reach during both daytime and night. Thus,
the tweets posted at both nighttime and daytime should be
used to upsample NTL images.
The DMSP overpass time is at 19:30 [27] and so we
divided all of the geotagged tweets into two groups based on
their posted time: nighttime tweets (19:30–07:29) and daytime
tweets (07:30–19:29). Then, we produce a nighttime and a
daytime tweet image at the 0.00833° spatial resolution using
the nighttime and daytime tweets, respectively. At the pixel
level, the correlation coefficients of the DN value of the
stable light image product to the DN value of the nighttime
(r = 0.12, p < 0.01) and daytime (r = 0.11, p < 0.01)
tweet images are both apparently smaller than that (r = 0.24,
p < 0.01) of the coarse-resolution tweet image. Results of
these correlation tests further suggest that all-day tweets have
better potential to adjust and upsample stable light imagery
than only nighttime (or daytime) tweets.
B. Revaluing Saturated Pixels
In DMSP-OLS stable light image products, numerous pixels corresponding to urban areas are saturated. Thus, it is

Fig. 3. (a) Logarithmic correlation between the number of tweets and the DN
value of the original DMSP-OLS stable light image. (b) Logistic correlation
between the natural logarithm of the number of tweets and the DN value of
the original DMSP-OLS stable light image.

necessary to first adjust DN values of the saturated pixels
before upsampling the stable light image. We overlay the
coarse-resolution tweet image on the stable light image to
calculate the average numbers of Twitter users corresponding
to nonsaturated pixels with the same DN values of the NTL
image. Fig. 3(a) shows that the number of Twitter users tends
to logarithmically correlate to the brightness of NTL (i.e., the
DN value of the stable light image). Thus, we expect a linear
correlation between the brightness of NTL and logarithm of
the number of Twitter users. However, after transforming the
coarse-resolution tweet image with the natural logarithm, it can
be clearly seen that a logistic rather than a linear model more
accurately describes the relationship between the DN value of
the stable light image and the natural logarithm of the number
of the tweeters [Fig. 3(b)]. We also attempt to use multivariate
adaptive regression splines (MARS) to model the nonlinear
correlation between the brightness of NTL and logarithm of
the number of Twitter users, but preliminary assessments show
that the results of fit from the MARS are much lower quality
than those from a logistic function. Thus, we establish a model
that quantitatively describes the correlation between brightness
of NTL and the number of Twitter users as
1
×γ +δ
(1)
D=
(−α×(lnT
c −β))
1+e
where D denotes the DN value of a pixel in the NTL image
and Tc represents the DN value of a pixel in the coarseresolution tweet image. α, β, γ , and δ are four parameters shaping the logistic model and were estimated in this
paper as 2.88, 1.70, 62.09, and 3.79, respectively, by the

Authorized licensed use limited to: Texas Tech University. Downloaded on July 18,2020 at 19:03:28 UTC from IEEE Xplore. Restrictions apply.

ZHAO et al.: IMPROVING NTL IMAGERY WITH LOCATION-BASED SOCIAL MEDIA DATA

2165

TABLE I
F ITTED F OUR PARAMETERS ( I . E ., α, β, γ , AND δ) OF THE L OGISTIC
M ODELS AND THE RMSE S IN THE F OURFOLD C ROSS -VALIDATION

general-purpose optimization based on the quasi-Newton algorithm in R [63]. Generally, the algorithm starts with an initial
estimate of the optimal value, x 0 = [α0 , β0 , γ0 , δ0 ]T , and
proceeds iteratively to refine the estimate until the estimate
cannot be further improved. At the j th iteration, the derivatives
of the function gk := ∇ f (x j ) identify the direction of
the steepest descent and determine the estimate at the next
iteration, i.e., x j +1 . The minimized objective function f is the
sum of squared differences between actual DN values of the
NTL image and the estimated DN values by (1). A tolerance
value of 1e−8 is set for convergence. Then, saturated pixels in
the stable light image ware revalued while nonsaturated pixels
in the stable light image remained unchanged
⎧
1
⎪
⎪
⎨ 1 + e(−2.88× (ln(T ) − 1.70)) × 62.09 + 3.79,
c
DNr =
(2)
DNo = 63
⎪
⎪
⎩
DNo , DNo = 63
in which DNo denotes the DN value in the original stable light image product and DNr represents the DN value
in the saturation-adjusted stable light image. Due to blooming
effects, water bodies in urban areas are lit by surrounding
lights and possibly correspond to saturated pixels in the
stable light image [14]. However, very few or even no tweets
are posted in the water body areas and consequently, such
water body areas are likely to correspond to very small DN
values in the coarse-resolution tweet image. Thus, 16.86% of
the saturated pixels are assigned values smaller than 63 after
the tweet image adjustment.
To further verify that the logistic relationship between the
DN value of the stable light image product and the logarithm
of the number of Twitter users is general and stable at the
national scale, we randomly divided the 48 states of the
contiguous U.S. into four groups and then conduct a fourfold
cross-validation. Thus, in each of the validations, 36 states’
(three groups) NTL and tweet data were chosen to fit the model
while the remaining 12 states’ (one group) data are used to
validate the model. The root-mean-squared error (RMSE) is
selected as a metric to quantitatively evaluate performance of
the model. Table I shows the specific fit models and errors of
the models.
C. Upsampling the Stable Light Image
The close correlation between brightness of NTL and the
number of Twitter users has been illustrated by Fig. 3(b).
In addition, it can be seen from Table I that in each of the
validations, four parameters (i.e., α, β, γ , and δ) that shape
the logistic model and the RMSE that assesses the error of the
model are very close to those in the other three validations.

Fig. 4.

Upsampled DMSP-OLS stable light image for 2013.

Thus, the logistic correlation between the DN value of the
NTL image and the logarithm of the number of Twitter users
is stable at the national scale, and the number of Twitter users
can be used as an indicator to upsample the DMSP-OLS
stable light images. Since we intend to improve the spatial
resolution of the NTL image from 0.00833° × 0.00833° to
0.00416° × 0.00416° to make the spatial resolution of the
upsampled DMSP-OLS NTL image consistent with that of
the VIIRS-DNB image, each pixel in the saturation-corrected
NTL image is disaggregated to four individual pixels. We overlay the saturation-corrected stable light image on the fineresolution tweet image and then, each pixel of the NTL
image covers four cells of the fine-resolution tweet image.
DN values of the four tweet-image cells are used to calculate
the upsampling weights for the four in-process NTL pixels.
Specifically, the upsampling weight (W ) is computed by the
following equations:
⎧
⎨  Bi
× n, 0 < n ≤ 4
n
Bk
(3)
Wi =
⎩ k=1
0,
n= 0
1
× 62.09 + 3.79
(4)
B =
(−2.88×(ln(T
h )−1.70))
1+e
where i denotes a pixel in the fine-resolution tweet image,
k represents a pixel holding a nonzero DN value and corresponding to the same pixel in the saturation-corrected NTL
image with pixel i , and n is the number of pixels with nonzero
DN values in the fine-resolution tweet image included in the
pixel in the saturation-corrected NTL image. Th denotes the
DN value of a pixel in the fine-resolution tweet image. The
four parameters shaping (3) are the same as those estimated
by the general-purpose optimization method in (1). Therefore,
the upsampled stable light image (Fig. 4) is produced by multiplying the upsampling weights by DN values of their corresponding pixels in the saturation-corrected stable light image.
D. Evaluating the Upsampled DMSP-OLS
Stable Light Image
To examine whether the upsampled DMSP-OLS stable light
image can still soundly reflect situations of NTL on the

Authorized licensed use limited to: Texas Tech University. Downloaded on July 18,2020 at 19:03:28 UTC from IEEE Xplore. Restrictions apply.

2166

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 57, NO. 4, APRIL 2019

ground, we perform the Pearson correlation test for DN
values between the upsampled DMSP-OLS stable light image
and the VIIRS-DNB image. We also test the correlation
between DN values of the original stable light image and
the VIIRS-DNB image. To ensure that the correlation test
is smoothly conducted, we forcibly adjust the cell size of
the original DMSP-OLS stable light image from 0.00833° ×
0.00833° to 0.00416° × 0.00416° using the nearest-neighborassignment approach in ArcGIS 10.4.1. This approach avoids
changing any pixel’s value during the resampling process [64].
Our aim for employing the geotagged Twitter posts to
refine the DMSP-OLS stable light image products is not only
to improve its spatial resolution, but also to reduce adverse
impacts of saturation and blooming on estimating or distributing population and socioeconomic factors. We examine
correlations of the original and the upsampled DMSP-OLS stable light images with the GPW data set, which is produced by
proportionally allocating subnational census data to developed
areas. Thus, if the tweet adjustment successfully mitigates the
problems of saturation and blooming, DN values of the saturated pixels located in the highly populated urban areas should
be adjusted larger and lit areas should be in more agreement
with the developed, and result in a closer correlation of the
adjusted NTL image to the gridded population compared with
the original NTL image. In the U.S., more or less everyone has
access to electricity which renders NTL imagery as a reliable
data source for indicating human activities. In 2013, there
were 51 million monthly active Twitter users in the U.S. [65]
and only 1% of the Twitter users selected to geotag their
tweets [66]. Thus, posting geotagged tweets is more “opportunistic” than using lights at night. To investigate whether the
integration of such “opportunistic” social media data generates
apparent biases on DN values of the upsampled NTL image
(e.g., a region with the relatively small number of Twitter users
having relatively low accuracy of the adjusted DN values), we
calculate correlation coefficients between the DN value of the
upsampled stable light image and the population density for
all of the individual 48 states in the contiguous U.S.. These
correlation coefficients were then compared with Twitter use
rates. A state’s Twitter use rate is computed through dividing
the state’s total twitter users (i.e., the summed DN value of the
coarse-resolution tweet image) by the state’s total population
(i.e., the summed DN value of the GPW data set).
Emulating previous approaches [3], [6], [9], [12], [25], [31],
we additionally produce two personal income maps through
spatially disaggregating state-level total personal incomes to
each pixel in proportion to the DN values of the original and
the upsampled stable light images. This disaggregating process
can be expressed by
PIi =

PIs
× DNi
SDNs

(5)

where i and s denote a pixel and a state, respectively.
PI denotes total personal income, DN is the DN value
of a pixel in the original or the upsampled stable light
image, and SDN represents a summed DN value of a region
(i.e., a state in this paper). The disaggregated total personal
incomes are aggregated again to each county and compared

with the demographic county-level total personal incomes.
Mean absolute error (MAE) and RMSE are used as standard
statistical metrics to evaluate prediction accuracy or model performance [67]. However, at present, there is still not consensus
on which metric, MAE or RMSE, is a better indicator to assess
estimation accuracy. Thus, in this paper, we select both metrics
to compare accuracy of the spatial distributions accomplished
by the original and the refined stable light images as has
been done in previous geographic studies (see [68], [69]). The
MAE and the RMSE are calculated by the following equations,
respectively:
MAE =

n
1 
|PIc − PIc |
n

(6)

c=1

n

RMSE =

 − PIc )2
n

c=1 (PIc

(7)

in which PIc denotes total personal income of the county c
c
retrieved from the U.S. Department of Commerce’s BEA, PI
represents total personal income of the county c extracted from
the NTL-imagery-derived total personal income map, and n is
the number of counties involved into the calculation.
IV. R ESULTS AND D ISCUSSION
A. Visual Comparison
We first illustrate efficacy of employing the Twitter data to
improve quality of NTL images through visually comparing
the upsampled DMSP-OLS stable light image with the original
DMSP-OLS stable light image composite, the VIIRS-DNB
image, and the gridded population density data set in two
regions where the problems of saturation and/or blooming
typically exist in the stable light image. It can be seen from
Fig. 5(d) that population densities are dramatically varied
across the Dallas–Fort Worth Metropolitan area. Yet, in the
original DMSP-OLS stable light image [i.e., Fig. 5(a)], urban
areas of the Dallas–Fort Worth Metroplex are overwhelmingly
pixels with a DN value of 63, representing pixel saturation.
In addition, extensive suburban and rural areas are lit in the
DMSP-OLS stable light image, leading to the urban core areas
of the Dallas–Fort Worth Metroplex and its surrounding small
cities/towns being linked up into a uninterrupted stretch of
light. In the 2013 annual VIIRS-DNB image, variation in
brightness of NTL in the urban core areas can be discerned
[Fig. 5(b)]. In addition, the effect of blooming is eased,
demonstrating that the lit area in the VIIRS-DNB image
is apparently smaller than that in the original DMSP-OLS
stable light image and the urban core areas of the Dallas–Fort
Worth Metroplex in the VIIRS-DNB image are separated from
the surrounding small cities/towns in light.
Compared with the VIIRS-DNB image, variance in brightness of NTL (i.e., DN values of pixels) across the urban areas
of the Dallas–Fort Worth Metroplex becomes sharper in the
tweet-upsampled DMSP-OLS stable light image [Fig. 5(c)].
Although blooming phenomena in VIIRS-DNB images have
been greatly lessened, blooming that is inherent to NTL cannot
be completely eradicated from any type of NTL imagery
and will provide certain amounts of noise. In other words,
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Fig. 5. (a) Original DMSP-OLS stable light image, (b) VIIRS-DNB image, (c) upsampled DMSP-OLS stable light image, (d) 2013 gridded population data
set, (e) fine-resolution tweet image, and (f) open street map for the Dallas–Fort Worth metropolitan area.

a pixel’s brightness of NTL is always affected by that of its
surrounding pixels once NTL exists in the neighboring pixels.
Hence, although change in brightness of NTL across urban
areas can be discerned, such change is fairly well smoothed
in the VIIRS-DNB image. By contrast, in the tweet images, the
number of Twitter users of a cell area does not interfere with
those of its surrounding cells [see Fig. 5(d)]. Thus, relatively
large changes in DN values across adjacent pixels are likely to
exist in the tweet-upsampled DMSP-OLS stable light image.
Blooming phenomena are created not only by NTL from
urban areas but also by gas flaring associated with fossil fuel
production in usually rural areas. Fig. 6(a) and (b) shows
that no matter whether we consider the original DMSP-OLS
stable lights or the VIIRS-DNB image, exceptionally large lit
areas exist in very rural northeast North Dakota. Gas flaring
of petroleum production in the Williston Basin generated very
strong blooming effects [70], which result in lit areas being
much larger than human settlement areas and DN values in
the NTL images being seriously disproportionate to population
density [see Fig. 6(a), (b), and (d)]. In the tweet-upsampled
DMSP-OLS stable light image such exceptionally large litareas are nonexistent [Fig. 6(c)] because even though in
original stable light images numerous pixels located in rural
areas are assigned considerably large values due to blooming effects, these areas lack human activities (i.e., posting
tweets) [see Fig. 6(e)] and consequently are revalued as zero
with the tweet images involved making an adjustment. Instead,
major cities (e.g., the cities of Williston and Minot, ND),
small human settlements, and even roads connecting the
cities/human settlements, can be clearly discerned in the
upsampled DMSP-OLS stable light image [Fig. 6(c) and (f)].
Therefore, in the process of using geotagged tweets to

upsample stable light image products, blooming effects can
be effectively reduced while the removal of small human
settlements are avoided.
B. Quantitative Comparison
Although the DMSP-OLS stable light image and the
VIIRS-DNB image in this paper both display information
for NTL of 2013, and DN values between the two images
are significantly correlated at the 0.01 level, the correlation
coefficient (0.52) is not large. As previously stated in the above
“visual comparison” section, different intensities of pixel saturation and blooming as well as existence of a limited number
of fires in the VIIRS-DNB image composite lead to relatively
large differences between the two images collected by the
DMSP-OLS and the SNPP-VIIRS in reflecting brightness of
NTL for the same year. Compared with the original DMSPOLS stable light image, the tweet-upsampled stable light
image has closer correlation with the VIIRS-DNB image that
is demonstrated by the larger correlation coefficient (0.56).
The VIIRS-DNB images have better quality and are closer
to the ground truth of NTL than DMSP-OLS stable light
images [27]. Thus, the increase in correlation coefficient with
the VIIRS-DNB image suggests that the tweet-upsampling
leads to the stable light image more accurately reflecting actual
brightness of NTL on the ground.
Although brightness of NTL has been used as a variable in
allocating population (see [30], [71], [72]) and even a proxy
of population [62] in the previous studies, the correlation
between DN values of NTL images and population density
is weak at the pixel level [29] presumably because lit areas in
NTL images are much larger than actual settlement areas [17].
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Fig. 6. (a) Original DMSP-OLS stable light image, (b) VIIRS-DNB image, (c) upsampled DMSP-OLS stable light image, (d) 2013 gridded population data
set, (e) fine-resolution tweet image, and (f) open street map for the Williston Basin in North Dakota.

Fig. 7. Correlation coefficients between the DN value of the upsampled stable light image and the population density, and Twitter use rates for all of the
48 states in the Contiguous U.S. (All of the correlations are significant at the 0.01 level.)

For example, Liu et al. [14] found that in China, the official
built-up area is less than 6% of the lit area extracted from
the DMSP-OLS stable light image products. This paper finds
that 2 436 078 lit pixels with different nonzero DN values
correspond to population density of 0. In addition, due to
the existence of the saturation problem, in urban areas, different population densities are likely to correspond to the
same DN value (i.e., 63) of NTL images. We find that the
correlation coefficient between DN values of the original
stable light image and population densities derived from the
GPW data set is quite low at only 0.09 for 2013. Compared
to the DN values of the original stable light image, DN values of the (coarse resolution) tweet image have a stronger

correlation (r = 0.37, p < 0.01) with population densities.
After the tweet adjustment, the number of lit pixels with
nonzero DN values and corresponding to population density
of zero decreases to 130 805, and 103 807 saturated pixels
are assigned larger values. Hence, the correlation coefficient
between the DN value of the tweet-adjusted stable light image
and the population density greatly increases to 0.47 (significant
at the 0.01 level).
Fig. 7 shows that Twitter use rates change relatively great
across different states. For example, in Idaho and Montana,
the Twitter use rates are both 0.06 while it is 0.21 in Nevada.
However, small (or large) Twitter use rates do not necessarily
lead to exceptionally low (or high) adjustment accuracy of
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TABLE II
E RRORS OF THE S PATIAL D ISAGGREGATION C ONDUCTED BY THE
O RIGINAL AND THE T WEET-A DJUSTED DMSP-OLS
S TABLE L IGHT I MAGES

TABLE III
D EMOGRAPHIC AND D ISTRIBUTED T OTAL P ERSONAL I NCOMES OF
THE 13 C OUNTIES C OMPRISING THE D ALLAS –F ORT
W ORTH M ETROPLEX

DN values in the upsampled NTL image. The correlation
coefficients between the DN value of the upsampled stable light image and the population density are both 0.70
for states of Idaho and Montana, which is larger than the
average correlation coefficient (0.63) of the 48 individual
states in the contiguous U.S. Such correlation coefficients
are not significantly associated with the Twitter use rates
(r = −0.10, p = 0.52). It can be seen from Fig. 7 that
the correlations between the DN value of the tweet-adjusted
stable light image and the population density are always strong
and the correlation coefficients do not change greatly across
different states. The smallest correlation coefficient, existing in
the state of New York, is still as large as 0.48 (significant at the
0.01 level). The above results indicate that the integration of
the relatively “opportunistic” social media data in our approach
does not produce apparent biases on the DN values of the NTL
image, even in the regions with relatively small numbers of
Twitter users.
Besides the Pearson correlation tests, we also use the
original and the upsampled DMSP-OLS stable light images to
spatially disaggregate the total personal income of each state to
each pixel and then evaluate the disaggregation accuracy at the
county level. Table II shows that the disaggregation produced
by the tweet-upsampled NTL image has smaller errors (i.e., the
smaller MAE and RMSE) than that produced by the original
stable light image.
Table III exhibits the distributed personal incomes of the
13 counties comprising the Dallas–Fort Worth Metroplex
before and after the application of the tweet data. Dallas,
Tarrant, Collin, and Denton are the most economically developed and populated of the 13 counties [61]. In the original
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DMSP-OLS stable light % of the pixels located in the four
highly developed/populated counties are saturated. These saturated pixels are largely under-valued, and thus the amounts
of the distributed personal incomes of the four counties
are far smaller than their official ones. After values of the
saturated pixels are adjusted, the amounts of the distributed
personal incomes for the four counties all increased. Although
these amounts are still smaller than the demographic values,
the differences between the demographic and the distributed
amounts of personal incomes are greatly reduced (Table III).
For example, the total personal incomes of Dallas and Tarrant
counties distributed by the original stable light image are U.S.
$38 104 million and U.S. $37 950 million, respectively, far
smaller than their official values of U.S. $120 394 million, and
U.S. $83 840 million. After the tweet adjustment, the distributed personal incomes are increased to U.S. $75 734 million
and U.S. $ 71 997 million. Except Dallas, Tarrant, Collin,
and Denton, the other nine counties (i.e., Delta, Ellis, Hood,
Hunt, Johnson, Kaufman, Parker, and Wise) are located on the
periphery of the Dallas–Fort Worth Metroplex [see Fig. 5(d)].
Due to blooming effects, numerous pixels corresponding to
undeveloped or less developed areas in the nine counties are
brightly lit and consequently over-valued [29]. Relative to
their official values, the nine counties’ personal incomes are
all over-distributed. Through the tweet adjustment, the pixels
without posted tweets or with relatively small numbers of
tweets are assigned zero or smaller DN values, respectively.
In addition, more personal incomes are distributed to urban
core areas (e.g., the four counties of Dallas, Tarrant, Collin,
and Denton) with a fixed total personal income of the state
of Texas in 2013. Thus, personal incomes distributed to
suburban and rural areas are accordingly reduced. For the nine
counties located on the periphery of the Dallas–Fort Worth
Metroplex, distributed personal incomes of seven of these
over-estimations are reduced by using the tweet-upsampled
NTL image to replace the original stable light image. Only
Ellis and Rockwall counties’ distribution errors are increased
(see Table III).
The 13 selected counties are located in the highly populated
and economically developed Dallas–Fort Worth Metroplex
area and thus, saturated pixels extensively exist in those counties. With DN values of saturated pixels being adjusted larger,
these counties’ sum lights (summed DN value of pixels in the
NTL images) are all increased (see Table IV). As stated above,
the counties of Dallas, Tarrant, Collin, and Denton are located
in the core areas of the Dallas–Fort Worth Metroplex where the
problems of saturation are more severe [see Fig. 5(a)]. Thus,
although sum lights of the four counties are much larger than
those of the other nine counties, the four counties’ personal
incomes are still greatly under-allocated. The four counties’
ratios of sum tweet to sum light are apparently larger than
those of the other nine counties (see Table IV), which suggests
that the four counties have relatively more tweet posts, so DN
values of their saturated pixels can be adjusted larger by the
tweets compared to the other nine counties. Thereby, after
the tweet adjustment, the four counties’ under-allocations are
mitigated. To the contrary, the ratios of sum tweet to sum
light in the seven counties of Delta, Hood, Hunt, Johnson,
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TABLE IV
Z ONAL S TATISTICS OF THE 13 D ALLAS –F ORT W ORTH C OUNTIES ON THE
O RIGINAL S TABLE L IGHT, T WEET-A DJUSTED S TABLE L IGHT, AND
THE (C OARSE R ESOLUTION ) T WEET I MAGES

Kaufman, Parker, and Wise are relatively small, which leads
to relatively small increases in sum light after the tweet
adjustment. Because sum lights of the counties located in the
core areas of metropolises such as Dallas, Tarrant, Collin,
and Denton have larger increases, the seven counties’ sum
lights in the tweet-adjusted NTL image become relatively
smaller compared to sum lights of the other counties in Texas
and consequently their over-allocations of personal incomes
can be mitigated. Personal incomes in the remaining counties
of Ellis and Rockwall are also over-allocated, yet the two
counties’ ratios of sum tweet to sum light are relatively large
compared with the seven counties (see Table IV). Thus, the
tweet adjustment leads to relatively large increases in the DN
values of the saturated pixels in the two counties resulting in
greater over-allocations. In brief, the relatively large numbers
of Twitter users and relatively low personal incomes of the
two counties are the reasons for the increases in distribution
errors result.
Despite the increase of Ellis and Rockwall counties’ distribution errors, distribution accuracies of the other 11 counties are
increased an average of 50.19%. Thus, it can be inferred that
the use of the tweet data produces positive effects on distributions of personal incomes for the Dallas–Fort Worth metropolitan area. At the national scale, there are 3054 counties with
available demographic total personal incomes for 2013, and
absolute values of disaggregating errors of 2452 are reduced
after the tweet adjustment. The null hypothesis of a sign
test that the tweet adjustment generated equal influences on
increasing and decreasing accuracy of the spatial disaggregation is rejected with the counts of 2452 and 3054 input into the
test. The result of this nonparametric test indicates that at the
national scale, the tweet adjustment can improve accuracy of
the NTL image on spatially disaggregating personal incomes.

It can be expected that the counties located in populated
urban core areas have more under-valued saturated pixels and
thus are more likely to be distributed personal incomes smaller
than their actual incomes. The tweet adjustment leads to DN
values of these saturated pixels being larger and consequently
more accurate allocations of personal incomes. To the contrary,
the counties located in sparsely populated rural areas have
small numbers of active Twitter users and nearly no saturated
pixels in the NTL image. Hence, the tweet adjustment revalues
the pixels, lit by blooming effects but not corresponding to
any tweets, as zero and results in sum lights of the counties
being smaller. If in the original NTL image, these rural
counties’ personal incomes have been under-distributed, after
the tweet adjustment the problems of under-distribution would
become more severe. In addition, some counties located on the
periphery of metropolitan areas have relatively small amounts
of personal incomes but relatively large numbers of Twitter
users such as Ellis and Rockwall. If in the original NTL
image, their personal incomes have been over-distributed, after
the tweet-adjustment these counties would be distributed more
personal income. Therefore, 602 counties with decreased distribution accuracy are mostly located in rural or suburban areas
while most highly populated counties obtain more accurately
distributed personal income after the tweet adjustment.
In modern societies, economic status of a country or a
region greatly determines its amount of energy consumption
and greenhouse gas emissions [73], [74]. Therefore, the above
quantitative comparison results indicate that with the use of
tweet data for upsampling, the stable light image, adverse
impacts of pixel saturation, and blooming are effectively
reduced, resulting in the upsampled NTL image more accurately reflecting actual NTL situations, and consequently more
appropriate to be used to estimate or spatially disaggregate
socioeconomic factors.
V. C ONCLUSION
In this paper, we produce two tweet images at spatial resolutions of 0.00833° and 0.00416° through extracting geographic
and user ID information from geotagged tweets. Based on
the tweet images, we explore the close relationship between
brightness of NTL and the number of Twitter users and
developed a method to improve the spatial resolution of the
stable light image. During the upsampling process, we follow
the assumption that saturated pixels should be valued larger
according to their corresponding numbers of tweeters while
areas lacking human activities (i.e., posting tweets) should be
assigned a DN value of zero. Thus, the problems of saturation
and blooming in the stable light image are effectively mitigated
by the Twitter data which leads to the correlation between
DN values of the NTL image and population densities being
stronger at the pixel level, and spatial disaggregation of total
personal incomes to be more accurate with the upsampled
NTL image.
The geotagged tweets with point coordinate information
can be flexibly translated to images with different spatial
resolutions. Thus, although in this paper, we only display the
use of LBSM to refine the DMSP-OLS stable light image,
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similar methods and tweet data can be readily applied to
refine VIIRS-DNB image products as well. Besides the two
tweet images mentioned in this paper, we also have produced
and released 2014 monthly tweet images at GitHub (https://
github.com/thestarlab/twitter-image) to facilitate our colleagues to use them in conjunction with monthly VIIRS-DNB
image composites in the future. The upsampled DMSP-OLS
stable light image for 2013 is also available from GitHub.
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