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Abstract

Anthropogenic night light (ANL) provides a unique observable for the spatially explicit
mapping of human-modified landscapes in the form of lighted infrastructure. Since 2013,
the Visible Infrared Imaging Radiometer Suite (VIIRS) Day Night Band (DNB) on the Suomi
NPP satellite has provided more than a decade of near-daily observations of anthropogenic
night light. The objective of this study is to quantify changes in ANL in developed eastern
China post-2013 using VIIRS DNB monthly mean brightness composites. Specifically, to
constrain sub-annual and interannual changes in night light brightness to distinguish
between apparent and actual change of ANL sources, and then conduct a spatiotemporal
analysis of observed changes to identify areas of human activity, urban development and
rural electrification. This analysis is based on a combination of time-sequential bitemporal
brightness distributions and quantification of the spatiotemporal evolution of night light
using Empirical Orthogonal Function (EOF) analysis. Bitemporal brightness distributions
show that bright (>~1 nW/cm?/sr) ANL is heteroskedastic, with temporal variability
diminishing with increasing brightness. Hence, brighter lights are more temporally stable.
In contrast, dimmer (<~1 nW/cm?/sr) ANL is much more variable on monthly time scales.
The same patterns of heteroskedasticity and variability of the lower tail of the brightness
distribution are observed in year-to-year distributions. However, year-to-year brightness
increases vary somewhat among different years. While bivariate distributions quantify
aggregate changes on both subannual and interannual time scales, spatiotemporal analysis
quantifies spatial variations in the year-to-year temporal evolution of ANL. The spatial
distribution of brightening (and, much less commonly, dimming) revealed by the EOF
analysis indicates that most of the brightening since 2013 has occurred at the peripheries
of large cities and throughout the networks of smaller settlements on the North China
Plain, the Yangtze River Valley, and the Sichuan Basin. A particularly unusual pattern
of sequential brightening and dimming is observed on the Loess Plateau north of Xi’an,
where extensive terrace construction has occurred. All aspects of this analysis highlight the
difference between apparent and actual changes in night light sources. This is important
because many users of VIIRS night light attribute all observed changes in imaged night light
to actual changes in anthropogenic light sources—without consideration of low luminance
variability related to the imaging process itself.

Keywords: China; urban; night light; VIIRS; spatiotemporal; EOF; change

1. Introduction

Anthropogenic night light (ANL) provides a unique observable for spatially explicit
mapping of human-modified landscapes in the form of lighted infrastructure. From 1994
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to 2013, the Defense Meteorological Satellite Program (DMSP) [1] collected digital imagery
of the Earth at night using a series of Operational Line Scanner (OLS) instruments [2]. For
decades, the DMSP-OLS program provided the sole source of regular global observations
of moonlit clouds, as well as visible and infrared emissions of anthropogenic night light on
moonless nights. The seminal work of Elvidge, Sutton, and colleagues focused on the use
of ANL as a proxy for population distribution [3-5], while later studies focused on proxies
for economic development more specifically [6-10].

Subsequent studies of ANL demonstrated a consistent relationship between night
light brightness and settlement size to quantify spatial network structure and scaling
at continental to global scales [11,12]. Combining this brightness-dependent network
structure with spatiotemporal analysis revealed a persistent rank-size scaling of lighted
settlement networks in South and East Asia throughout the 1990s and 2000s. Specifically,
one study [13] applied the successive brightness thresholding used in another study [11] to
annual time series of DMSP night light to quantify the spatiotemporal network evolution
over two decades of rapid urban development in South and East Asia. The power law
scaling observed for static networks globally has been shown to persist over time for urban
network growth in Asia. However, all these studies using DMSP-OLS imagery were limited
to annual composite images with less than 2.5 km spatial resolution and were constrained
by sensor detection limits and the ubiquitous spatial “overglow” phenomenon by which
positional uncertainty and atmospheric scattering together cause the lighted area detected
by the OLS sensors to overestimate the spatial extent of light sources [14].

Since 2013, the Visible Infrared Imaging Radiometer Suite (VIIRS) Day Night Band
(DNB) on the Suomi NPP satellite has provided more than a decade of daily observations
of anthropogenic night light. In comparison to DMSP-OLS night light imagery, VIIRS DNB
offers considerably greater dynamic range (14 vs. 6 bit), higher spatial resolution (0.7 vs.
5 km), on-board calibration and greater sensitivity for low light imaging [15]. As a result,
VIIRS can detect a much greater diversity of night lights than the DMSP-OLS sensors were
able to resolve. Due to the improved spatial and temporal resolution, VIIRS is available as
individual swaths, as well as monthly and annual cloud-masked composites.

Extending the successive brightness thresholding approach to VIIRS DNB monthly
mean composites provided much more detailed spatial network structure than was possible
with DMSP-OLS, and showed consistent network scaling down to sub-kilometer resolu-
tion [16]. Having established the persistence of spatial network scaling with VIIRS monthly
composites, with now more than a decade of VIIRS observations, an obvious next step
would be a spatiotemporal analysis of urban growth and evolution since 2013. However,
the increased temporal frequency of imaging, with less temporal averaging than annual
composites and greater spatial resolution, now makes it necessary to consider the distinc-
tion between apparent temporal changes of measured night light related to the imaging
process and actual changes in the underlying sources of the night light being imaged.

The objective of this study is to quantify changes in ANL in eastern China since 2013
using VIIRS DNB monthly composites. Specifically, to constrain sub-annual and interannual
changes in night light brightness to distinguish between apparent and actual change of
ANL sources, and then conduct a spatiotemporal analysis of observed changes to identify
areas of human activity, development, and rural electrification. This is accomplished
through an analysis of brightness-dependent changes in month-to-month and year-to-year
night light distributions, followed by an Empirical Orthogonal Function (EOF) analysis of
VIIRS DNB monthly composites between 2013 and 2025. The variance-based EOF analysis
factors the spatiotemporal variance into orthogonal modes with complementary spatial and
temporal components. Because the principal component (PC) transform, upon which the
EOF analysis is based, ranks the orthogonal dimensions by contribution to total variance, it
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provides a basis for discriminating deterministic signal from stochastic noise of apparent
change in night light associated with the imaging process from actual change in the sources
of ANL.

The scope of the analysis is limited to eastern China, where almost all cities and
settlements are located. A small number of cities in western China have been omitted in
the interest of balance between lighted development and unlit, undeveloped areas.

2. Materials and Methods

Monthly and annual changes in the aggregate distribution of VIIRS night light are
first quantified using bitemporal distributions of Logj radiance for the entire study area.
Month-to-month distributions quantify changes across years in the same season as well
as changes from season to season. Year-to-year distributions in the same month (January)
quantify year-to-year changes for the month with the greatest average number of cloud-
free observations. Spatiotemporal changes in night light are quantified with an EOF
analysis of the mean monthly luminance for January of each year. The results of the EOF
analysis are presented as spatial principal components (i.e., maps) and temporal EOFs (i.e.,
decadal trends) and are substantiated with tri-temporal luminance maps. Decomposition
of the spatiotemporal array was done via Singular Value Decomposition using ENVI
software (v5.6, https:/ /www.nv5geospatialsoftware.com /Products/ENVI, accessed on
10 November 2025).

2.1. Data

The Visible Infrared Imaging Radiometer Suite (VIIRS) sensor was launched as the
primary payload on the NASA-NOAA Suomi satellite in 2011. The day/night band (DNB)
of the sensor collects low-light imagery in a 3000 km swath at a fixed resolution of 742 m
with an equator overpass time of ~1 AM local time. Individual VIIRS swaths are generally
composited across multiple dates to exclude clouds and intermittent sources like fires.
More detailed descriptions of the data, products, and applications of VIIRS imagery are
given by the authors of [15,17]. The VIIRS monthly mean night light composites and
cloud-free coverages used in this study were produced by the Earth Observation Group
at the Colorado School of Mines (https://payneinstitute.mines.edu/eog/, accessed on
10 November 2025). All analyses in this study use the stray-light-corrected monthly mean
radiance product. Because VIIRS radiances typically span four orders of magnitude, all
analyses are performed using Logo (radiance).

This study focuses on the more densely populated region of eastern China, where
nearly all development is concentrated. Figure 2.2 shows a tri-temporal composite of the
eastern China study area for 2015, 2020 and 2025, along with a bivariate brightness distri-
bution showing the change between 2015 and 2025. In this composite, color implies change.
For comparison, monthly night light composites and single date false color composites
from individual acquisitions of EMIT imaging spectroscopy of four of the largest cities in
China are shown in Figure 2a,b. These side-by-side comparisons show the differences in
land cover associated with different brightnesses of night light.
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Figure 1. Tri-temporal VIIRS night light composite for eastern China and surroundings. Color
implies change. The study areas span urban-rural gradients of conurbations in diverse climates
and landscapes. Beijing and Chongqing are located at the mountainous peripheries of agricultural
basins. Shanghai and Guangzhou are on major river deltas. Wuhan and Xi’an are in inland river
valleys. While interannual urban growth and electrification contribute to decadal brightening,
background luminance (<~1nW/ cm?/ sr) is more sensitive to subannual variability in cloud cover
and atmospheric scattering [18].
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Figure 2. (a) EMIT reflectance and VIIRS tri-temporal luminance for Beijing and Chongging. The
latitudinal scale of each is ~155 km. Color implies change in tri-temporal luminance composites. Warmer
colors indicate brightening. Vegetation cover contrast of EMIT composites reflects different climates
and dates of acquisition. (b) EMIT reflectance and VIIRS luminance for Shanghai and Guangzhou.
The latitudinal scale is ~160 km for Shanghai and 220 km for Guangzhou. Color implies change in
tri-temporal luminance composites. Warmer colors indicate brightening. Note the overglow extent on
the water around Shanghai [18].

International Space Station (ISS) astronaut photos of example cities were obtained from
the NASA Gateway to Astronaut Photography of Earth (https://eol.jsc.nasa.gov/, accessed
on 10 November 2025). Nikon raw files were converted to DNG format and calibrated to a
common color temperature and tint when taken with the same model of camera.
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2.2. Methods

To establish the context within which changes in ANL occur, we first consider the
overall distribution of all night lights in the study area and how it changes over time.
Accordingly, this analysis is based on a combination of time-sequential bivariate brightness
distributions and Empirical Orthogonal Function analysis. Empirical Orthogonal Func-
tion (EOF) analysis, originally developed for statistical weather prediction [19], is now
a standard tool for analysis of spatiotemporal patterns and processes. Overviews of the
use of EOF analysis in oceanography and meteorology are given by Refs. [20-22]. The
combined use of EOF analysis with temporal feature spaces and temporal mixture models,
with application to DMSP night light time series, is described in detail by Refs. [23,24]. In
this study, the EOF analysis is used solely for characterizing the low-order temporal feature
space, without applying temporal mixture modeling.

EOF analysis uses the principal component transform to represent spatiotemporal
patterns as orthogonal modes of variance. Rotating the spatiotemporal coordinate system
to align with orthogonal dimensions of uncorrelated variance allows any location-specific
pixel time series Py; in an N image time series to be represented as a linear combination of
temporal patterns, F, and their location-specific spatial components, C, as:

N
Pyt = ) 1 Cix Fir 1)

where Cj, is the spatial Principal Component (PC) and Fj; is the corresponding temporal
Empirical Orthogonal Function (EOF), and i is the dimension. EOFs are the eigenvectors
of the spatiotemporal covariance matrix that represent uncorrelated temporal patterns of
variability within the data. The PCs are the corresponding spatial weights that represent the
relative contribution of each temporal EOF to the pixel time series Py at each location x. The
relative contribution of each EOF to the total spatiotemporal variance of the observations is
given by the eigenvalues of the covariance matrix. N is the number of discrete dimensions
represented by the time series of observations. In this analysis, the temporal mean has
not been subtracted prior to the PC transform being applied to the observations. The
PC transform was implemented via Singular Value Decomposition using ENVI + IDL
software (v.5.6).

Principal Components are uncorrelated but not necessarily independent—unless the
data are normally distributed. In systems where the same deterministic processes are
manifest at many locations, but stochastic processes are uncorrelated, the variance of the
deterministic processes may be represented in the low-order PC/EOF dimensions while
the stochastic variance may be relegated to the higher-order dimensions [20]. If a clear
distinction can be made between a small number of physically meaningful EOFs (or PCs)
distinct from a continuum of uninterpretable EOFs (or PCs), this can provide a statistical
basis for attribution of deterministic and stochastic components of an image time series.
However, the PC transformation is purely statistical, so there is no guarantee that any
physical attribution to the spatial or temporal patterns will be physically meaningful.

3. Results

Bright (>~1 nW/cm?/sr) ANL is heteroskedastic, with temporal variability diminish-
ing with increasing brightness. Hence, brighter lights are more temporally stable. Figure 3
compares subannual and interannual bivariate distributions of Logj( radiance spanning
at least four orders of magnitude. Both month-to-month and year-to-year comparisons
are consistently heteroskedastic, characterizing similar brightness-dependent variability
on both time scales. In contrast, dimmer (<~1 nW/cm?/sr) ANL is more variable on both
subannual and interannual time scales. In this figure, year-to-year comparisons use January
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composites because clear sky probability is greatest in January throughout China and
diminishes monotonically with increasing cloud cover until the onset of the monsoon in
May and June (https:/ /weatherspark.com/compare/y/131055~126769~117232~137446/
Comparison-of-the- Average-Weather-in-Beijing-Guangzhou-Chongqing-and-Shanghai, ac-
cessed on 10 November 2025).

May 2025

Jan. 2015 10° 10°  Mar. 2015 10° 107 May 2015 10°

May 2020
May 2025

| " Density
Jan. 2015 102 10° Jan. 2020 102 102 Jan. 2025 10°

Figure 3. Seasonal and decadal changes in VIIRS night light for eastern China. All three months show
similar increases in luminance between 2015 and 2025, while all three years show similar distributions
of monthly luminance for 2015, 2020, and 2025. The lower mode of the luminance distribution
(<~10~! nW/cm?/sr) varies considerably from month to month but is consistently higher in 2025
than in 2015. Despite variations in this background luminance, higher luminances scale linearly and
show diminishing heteroskedasticity with increasing brightness across all months and years. The
increase of all luminance levels and the increase in the lower mode between 2015 and 2025 both
suggest either overall brightening of all sources or a persistent change in the imaging process, or
both. In contrast, the subannual and interannual variability of the lower mode is consistent with
daily, weekly and monthly variations in atmospheric opacity.

To substantiate the interannual changes seen in Figure 3, year-to-year annual changes
are quantified for the full 20132025 interval. Figure 4 shows bivariate distributions
spanning the same brightness range as Figure 3. The same patterns of heteroskedasticity
and variability of the lower tail of the brightness distribution are observed in the year-to-
year distributions. However, the year-to-year increases vary significantly among different
years. As with the examples in Figure 3, the bivariate distributions also show a contrast
between the stability of the upper tails of the distributions and the variability of the lower
tails. It is noteworthy that the two distributions with the greatest year-to-year increase in
upper tail brightness (20162017 and 2019-2020) correspond to opposite asymmetries in

lower tail distribution changes—suggesting that lower tail asymmetries do not affect upper
tail increases.


https://weatherspark.com/compare/y/131055~126769~117232~137446/Comparison-of-the-Average-Weather-in-Beijing-Guangzhou-Chongqing-and-Shanghai
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Figure 4. Year-to-year variation in January luminance for eastern China. For all bivariate distributions,
dispersion about 1:1 diminishes with increasing brightness, indicating that brighter lights are more
temporally stable. Year-to-year variability of low luminance (<~10° nW/cm? /sr) contrasts with
the generally increasing (>1:1) brightness from year to year. Changes in cloud masking algorithms
between 2016 and 2021 may also affect the lower tails of the distributions (C. Elvidge, Pers. Comm.).
The largest year-to-year increases (2016-2017 and 2019-2020) show opposite asymmetries in lower
tail distributions, suggesting that variability in the lower tails does not affect the upper tails of
the distributions.

While bivariate distributions quantify aggregate changes on both subannual and
interannual time scales, spatiotemporal analysis quantifies spatial variations in the temporal
evolution of ANL.

The EOF analysis effectively separates the spatially varying overall brightness com-
ponent (PC 1) from orthogonal temporal trajectories of change (EOFs 2, 3). Moreover, the
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distribution of VIIRS temporal trajectories within the 2013-2025 temporal feature space is
virtually identical to that obtained from the results from [13] for the 1994-2013 analysis of
annual DMSP-OLS composites. A linear brightness axis accounting for spatial variations
is perpendicular to a 2D phase plane that combines a decadal trend EOF with a decadal
half-cycle EOF (Figure 5). Temporal EOF 1 is effectively flat in time, indicating that 88% of
the total spatiotemporal variance it describes is purely spatial, i.e., the stable difference be-
tween bright and dark areas. Linear combinations of EOFs 2 and 3 allow for both increases
(PC 2 > 0) and decreases (PC 2 < 0) over the study interval, with the concave (PC 3 > 0)
and convex (PC 3 < 0) half cycles of EOF 3 modulating the phase to allow the full range of
earlier and later increases and decreases (Figure 5).

Increasing

Increasing

£

Bright

PC 2

Increasing

Decreasing

Log,, Brigh‘mess

2015 2020 2025 2015 2020 2025

Figure 5. Temporal feature space and peripheral night light trajectories for the 2013-2025 January
VIIRS composite time series. The temporal feature space of spatial PCs 1 and 2 represents 84% and 6%

of total spatiotemporal variance (respectively). Individual pixel time series from the peripheries of
the feature space illustrate the asymmetry between significantly increasing and slightly decreasing
brightness. In the orthogonal projection of the 3D space, PC 3 represents only 2% of the total variance
with relatively few concave (Min) or convex (Max) trajectories. Largest in/decreases occur at lower
brightness levels.

The spatial distribution of brightening (and much less common dimming) shown by
PC 2 (Figure 6) indicates that most of the brightening occurred at the peripheries of large
cities and conurbations and throughout the network of smaller settlements throughout the
North China Plain. These patterns are shown in more detail in Figure 7a—c.

It is noteworthy that little brightening is seen in cities of northeastern China beyond
the North China Plain or in southern China, aside from the periphery of the Pearl River
Delta and some coastal cities. The lack of brightening in the northeast is consistent with
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the findings of the authors of [25]. The apparent dimming of some larger urban cores,
while slight, may be partially attributable to the replacement of brighter incandescent with
dimmer LED lighting sources, as seen in the contrast between warmer and cooler color
spectra in astronaut photographs [26]. However, this hypothesis cannot be supported or
rejected on the basis of broadband luminance observations (i.e., VIIRS) alone and requires
further investigation.

A particularly unusual pattern of sequential brightening and dimming is observed on
the Loess Plateau north of Xi'an (Figure 7c). The areas where this intermittent brightening
and dimming have occurred also showed similar patterns in DMSP data during the early
2000s [13]. Investigations into these and other intermittent light patterns using DMSP
and vicarious validation with Google Earth suggest that those on the Loess Plateau were
associated with terrace construction in the early 2000s, as evidenced by the presence of
heavy construction equipment, which would be required to construct terraces over such
large areal extents [27].

Comparing interannual to subannual changes with bivariate luminance distributions
and tri-temporal composites reveals relatively little change month to month but consid-
erable change on decadal time scales. This is particularly noteworthy around Wuhan
(Figure 8a) and Shanghai (Figure 8b), in that neither of these areas showed any signifi-
cant month-to-month change during the 2020 and 2022 COVID lockdowns (respectively).
What little change is apparent does not conform to the expected pattern of less or dimmer
night light during the lockdowns. This apparent contradiction to the conclusions of earlier
studies, finding evidence for reduced lighting during lockdowns, can be explained by the
disparity between temporally stable bright lights and temporally variable background
luminance. Spatially aggregate measures of total luminance contain much larger areas of
variable low luminance than stable bright light sources. As a result, studies using indi-
vidual overpass observations (without temporal averaging) aggregated in space will be
particularly sensitive to large areas of low luminance variability unrelated to actual changes
in anthropogenic sources. In contrast, the monthly mean composites (Figure 8a,b) clearly
show no consistent changes in the stable light distribution before and during lockdowns.
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Figure 6. Decadal night light luminance change map from spatial PC 2 of the January VIIRS time
series. Larger urban cores are darker, suggesting a slight decrease in luminance since 2013. In contrast,
larger urban peripheries and numerous smaller cities are lighter, indicating increasing luminance
since 2013. Temporal EOF 2 (inset LR) shows a slower increase post-2023.
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Figure 7. (a) Decadal luminance change for the North China Plain and Changjiang Delta. In both
regions, brightening occurred on peripheries of urban cores and in smaller outlying settlements.
(b) Decadal luminance change for the Yangtze River Valley and Pearl River Delta. In both regions,
brightening occurred on peripheries of urban cores and in smaller outlying settlements. (c) Decadal
night light change for Xi’an, the Wei River Valley, and the Loess Plateau. Brightening occurred on the
periphery of the urban core and in smaller outlying settlements, while significant dimming occurred
in the vicinity of terrace complexes to the north. Inset brightness trajectories (Logio nW/cm? /sr)
are color-coded for consistency with change colors on tri-temporal composite (UR). Arrows show

locations of 10 m Sentinel 2 false color composites (bottom) showing dry bare soil as lighter shades
of pink.
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Figure 8. (a) Decadal and monthly tri-temporal change maps for Wuhan and the Yangtze River Valley
in 2020. On both composites, color implies change. While some March brightening (red, right) is seen
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around Wuhan in 2020, and more extensively around Changsha, there is no detectable dimming
(blue, right) in Wuhan (or elsewhere) after January during the COVID lockdowns. In contrast, small
settlements outside the urban cores throughout the region have increased in luminance since 2020
(red, left). (b) Decadal and monthly tri-temporal change maps for Shanghai and the Changjiang Delta
in 2022. On both composites, color implies change. There is no detectable dimming (blue) in Shanghai
(or elsewhere) in early 2022 during the COVID lockdowns. In stark contrast, small settlements and
corridors outside the urban cores have increased in luminance since 2015 (yellow) and 2020 (red,
left). The most conspicuous changes in both composites occur on lighted ships moored offshore.
(c) Decadal tri-temporal change maps for Guangzhou and the Pearl River delta in January and May.
In addition to fishing boats offshore, numerous small point changes are seen throughout the region in
both months. Increased background luminance noise is apparent for all 3 years in the May composite
(right). This is consistent with fewer cloud-free coverages and greater atmospheric scattering at the
onset of the monsoon in late May. An identical linear stretch (10~!, 10%) nW/cm?/sr was applied to
both composites.

Comparing decadal changes in different months highlights the effect of seasonal vari-
ations in cloud cover and atmospheric opacity. Figure 8c compares decadal tri-temporal
maps for the Pearl River Delta and surroundings. It is immediately apparent from both the
tri-temporal maps and bivariate distributions that the level of background luminance varies
significantly between January and May in southern China. A comparison of cloud-free
coverage maps (Figure 9) for the monthly VIIRS composites confirms that the northward
movement of the Intertropical Convergence Zone (ITCZ) between January and May sig-
nificantly reduces the number of cloud-free coverages per month in all areas impacted
by upwelling of the ITCZ and its convergence with the Asian monsoon to produce more
extensive cloud cover and precipitation.

Astronaut photographs taken from the International Space Station (ISS) provide ad-
ditional insights into some VIIRS observations. Specifically, the greater spatial resolution
of these photos, and high S/N of photos taken under clear sky conditions, illustrate the
size and spatial distributions of individual sources below the ~700 m resolution of VIIRS’
DNB. It is apparent from the photos in Figure 10a—c that most light sources are associated
with lighted thoroughfares, airports and seaports. While this can be inferred from some
monthly VIIRs composites, the astronaut photos show these features explicitly. Similarly,
the decameter spatial resolution of the motion-compensated photos taken with the 400 mm
telephoto lenses reveals spatial variations in image sharpness likely resulting from hetero-
geneity in the degree of scattering from tropospheric water vapor, as illustrated in multiple
examples in Figure 10a—c. Finally, differences in view geometry and acquisition times
can highlight sources of variability like non-vertical facade lighting and local time of day
relative to VIIRS” ~1 AM overpass time.
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Figure 9. VIIRS DNB monthly cloud-free coverages for Asia in 2025. By May, the northward
movement of the ITCZ produces increased cloud cover and reduced cloud-free coverages at lower
latitudes throughout Asia. Inset histograms (right) show distributions of cloud-free pixels for the
Pearl River delta region in Figure 8c. Inset histograms for E. China (left) generally has <10 (u: 8.9,
0: 4.4) cloud-free acquisitions per January.
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Figure 10. (a) Astronaut photographs of the Pearl River Delta taken from the International Space
Station. All photos shot with motion-compensated Nikon cameras and various focal length lenses.
Photos are not calibrated, so they reflect different white balance settings as shot. The 2021 image
(center right) shows spatially variable blurring and dimming—likely due to tropospheric water vapor.
Different colors and brightnesses of light are due to different incandescent and LED light sources.
At decameter resolutions, it is apparent that most lighted areas result from highways, streets, and
thoroughfares, as well as airports and seaports. (b) Astronaut photographs of Beijing taken from the
International Space Station. All photos were shot with motion-compensated Nikon cameras, but with
different focal length lenses. Photos are not raw calibrated, so they reflect different white balance
settings as shot. The greater number and brightness of white lights within the four inner ring roads
in the 2020 shot may be a combined result of the earlier local time and more oblique view geometry,
imaging more illuminated facades and commercial lighting not seen in the near-nadir view 2016 shot
taken after midnight local time. Spatially variable blurring and dimming, likely from tropospheric water
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vapor, is visible throughout the 2021 shot (UL). (c) Astronaut photographs of Shanghai taken from
the International Space Station. All photos shot with motion-compensated Nikon D5 cameras and
400 mm lenses. Each photo has been raw calibrated to 2500-3000 K color temperature. The 2022.03.05
image (LR) shows spatially variable blurring and dimming—likely due to tropospheric water vapor.
Different colors and brightnesses of light are due to different incandescent and LED light sources.
At these decameter resolutions, it is apparent that most lighted areas result from lighted highways,
streets, and thoroughfares, as well as airports and seaports.

4. Discussion

All aspects of this analysis highlight the difference between apparent and actual
changes in night light sources. This is important because many users of DMSP and VIIRS
night light products attribute all observed changes in imaged night light to actual changes
in anthropogenic light sources. Multiple examples shown here provide ample evidence
to the contrary. Most notably, pervasive variability in low luminance (<10~! nW/cm? /sr)
distributions of monthly averages. Given the averaging effect of tens of individual obser-
vations per month, this low luminance variability of the monthly means suggests even
greater variability from day to day. Therefore, attributing this low luminance variability
to month-to-month changes in anthropogenic light sources is implausible. Particularly
given the pervasive stability of higher luminance observations from month to month and
year to year. Attributing low luminance variability to anthropogenic processes begs the
question of why such variability is not present in higher luminance observations—and why
variance of brighter sources diminishes monotonically with increasing brightness. One
plausible explanation for this low luminance variability could be temporal variability in
atmospheric opacity. Particularly, the effect of tropospheric water vapor, which has been
shown to vary considerably in space and time (e.g., [28]). Varying atmospheric opacity
would be expected to affect the imaging of dimmer sources more than that of brighter
sources for obvious reasons.

Month-to-month changes in the cloud-free coverage maps provided by EOG, along
with all VIIRS monthly composites, reveal the effects of this source of month-to-month
variability in atmospheric opacity, particularly in monsoon Asia. The January—May decrease
in sharpness of the composite images for the Pearl River Delta (Figure 8c) is consistent
with increased atmospheric scattering resulting from increases in tropospheric water vapor
preceding the onset of the summer monsoon. This type of change in the magnitude of the
source signal to atmospheric noise affects the measurement of all light sources, but dimmer
sources more so. The concomitant annual decrease in the number of cloud-free acquisitions
(Figure 9) for southern China supports this assertion.

In the presence of VIIRS DNB S/N that varies both in space and time, the use of EOF
analysis to separate persistent signal from intermittent noise provides independent support
for several of the inferences drawn from observations in this analysis. Specifically, that
luminance increases revealed in tri-temporal composites are associated with persistent,
but variable, year-to-year increases since 2013. The ability of the EOF analysis to separate
spatial variations in stable source brightness (PC 1) from decadal change trajectories ef-
fectively isolates four fundamental categories of change that can be represented as linear
combinations of decadal trends (EOF 2) and decadal extrema (EOF 3), as illustrated in
Figures 5 and 6.

The contrast between the low luminance variability and the high luminance stability
evidenced by both the bitemporal distributions and the tri-temporal maps in this study, and
previously by the authors of [29], provides a possible explanation for the lack of lockdown
effects demonstrated in Figure 8a,b. Previous studies based on spatially aggregated mea-
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sures of VIIRS luminance, with no low luminance thresholding, risk conflating apparent
and actual change. Without applying thresholds to exclude the natural variability of low-
luminance sources and atmospheric effects, such aggregate measures of change presumably
incorporate natural month-to-month low-luminance variability, thereby introducing ar-
tifacts resulting from the large areas of low-luminance sources and overglow subject to
variable atmospheric opacity. This further highlights the importance of characterizing the
full range of luminance and its natural temporal variability before attributing observed
changes in measured luminance to actual changes in anthropogenic light sources.

The limitations of using hectometer to kilometer resolution broadband imagery to
distinguish actual from apparent change in ANL are primarily related to the spatial scale of
aggregation within VIIRS’ ~700 m (and DMSP’s ~5 km) Instantaneous Field of View (IFoV)
that determines the effective footprint of individual pixels. Because this IFoV is much
larger than the individual point sources of light measured, and incorporates the effects of
atmospheric scattering of these sources in the aggregation, the actual light sources give
rise to the time variable scattering processes that are a primary source of apparent change.
However, the ability of astronauts on ISS to obtain high-quality decameter resolution
images with commercially available digital cameras and telephoto lenses suggests that
the spatial resolution available to current operational night light mapping and monitoring
missions could supplement the hectometer resolution observations of VIIRS. The nature
of this tradeoff in spatial, spectral and temporal resolution has been examined in detail
by the authors of [30]. Given the uniqueness of ANL and its ability to resolve forms of
development that are difficult or impossible to distinguish with optical sensors designed
for reflected daytime solar radiance, the potential benefits of future ANL imaging sensors
with decameter resolution could be considerable.

5. Conclusions

The objective of this study was to quantify changes in ANL in eastern China since
2013 using VIIRS DNB monthly composites, which was achieved using both bitemporal
luminance distributions and spatiotemporal EOF analysis, with results substantiated using
tri-temporal composites and decameter resolution ISS astronaut photographs. Despite the
caveats given above, the VIIRS monthly composites do provide some robust observations
on the spatiotemporal dynamics of ANL in China since 2013.

e  Persistent, monotonic increases in ANL brightness have occurred on the peripheries
of most large cities and conurbations—as well as in networks of smaller settlements
on the North China Plain, the Sichuan Basin and the Yangtze River Valley.

e  Nolockdown effects are detectable as month-to-month changes of ANL in and around
either Wuhan in January-March 2020 or Shanghai in January-March 2022. Both bitem-
poral luminance distributions and tri-temporal change maps show the vast majority of
stable luminance (>~1 nW/cm2/sr) as unchanged—despite the month-long duration
of both lockdowns. Furthermore, both bivariate regional luminance distributions
show brighter low-luminance (<~1 nW/cm2/sr) tails than before either lockdown.

e Intermittent changes in non-urban ANL observed on the Loess Plateau with DMSP in
the early 2000s persist in post-2013 VIIRS monthly composites. Meter and decameter-
resolution optical imagery suggest that these changes are associated with extensive
large-scale terracing for agriculture.

e  Astronaut photos taken from the ISS reveal intermittent spatial variations in atmo-
spheric opacity over Beijing, Shanghai, and the Pearl River Delta—even under oth-
erwise clear atmospheric conditions. These scattering effects, most likely due to
tropospheric water vapor, are observed in astronaut photos of ANL worldwide and
certainly contribute to variability in lower luminance VIIRS observations.
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e  Attribution of low luminance variability to month-to-month changes in anthropogenic
light sources is generally implausible. Particularly given the pervasive stability of
higher luminance observations from month to month and year to year.
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