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Abstract

Monitoring nighttime light (NTL) change enables us to quantitatively analyze the patterns of human footprint and socioe-

conomic features. NASA’s Visible Infrared Imaging Radiometer Suite (VIIRS) Day/Night Band (DNB) atmospheric and

Lunar-BRDF-corrected Black Marble product provides 15-arc-second daily global nighttime radiances with high temporal con-

sistency. However, timely and continuous monitoring of NTL changes based on the dense DNB time series is still lacking. In this

study, we proposed a Viewing Zenith Angle (VZA) stratified COntinuous monitoring of Land Disturbance (COLD) algorithm

(VZA-COLD) to detect NTL change at 15-arc-second resolution. Specifically, we divided the clear observations into four VZA

intervals (0-20°, 20°-40°, 40°-60°, 0-60°) to mitigate the temporal variation of the NTL data caused by the combined angular

effect of viewing geometry and the various kinds of surface conditions. Single term harmonic models were continuously estima-

ted for new observations from each VZA interval, and by comparing the model predictions with the actual DNB observations,

a unified set of NTL changes can be captured continuously among the different VZA intervals. The final NTL change maps

were generated after excluding the consistent dark pixels. Results show that the algorithms reduced the DNB data temporal

variations caused by disparities among different viewing angles and surface conditions, and successfully detected NTL changes

for six globally distributed test sites with an overall accuracy of 99.78% and a user’s accuracy of 68.25%, a producer’s accuracy

of 66.89% for the NTL change category.

1. Introduction

Human activities are continuously changing the Earth’s natural surface and the urban systems, comprising
a continuum of socioeconomic and demographic phenomena. Monitoring global human footprint patterns
is crucial for understanding global environmental change, sustainability, and socioeconomic status (Leu
et al., 2008; Venter et al., 2016; Zhu et al., 2020). Shifts in societies, cultures, economic system structures,
policies, technologies, and behaviors are rapidly affecting global ecosystems (Malecki, 1997; Ojima et al., 1994;
Steffen et al., 2006). Human footprint expansion and reconstruction actions are driven by social-ecological
changes, such as population growth and the consequential needs for natural resources. These drivers have
modified the long-term land cover and land use features over large areas of land surfaces (Deng et al., 2009;
Turner, 2010). Meanwhile, disturbance stresses caused by social shocks and behavioral changes (e.g., armed
conflict and gathering events) engendered short-term changes on the local scale (Baumann and Kuemmerle,
2016). Data-intensive frameworks for monitoring human-induced land changes at large-scale have become
essential to enable a more timely, comprehensive, and deeper understanding of human activity dynamics.
This demand calls for the need for reliable, timely, and large-area consistent information. In contrast to
available socioeconomic and field survey data, the remote sensing nighttime light (NTL) imagery provides
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a reliable measure of human activity changes at the global scale with fine temporal and spatial resolutions
(Jensen and Cowen, 1999; Xie and Weng, 2016).

The remotely sensed NTL data provides the direct imprint of both the spatial extent and emission intensity
of the artificial light, which is a good indicator of the human footprint changes (Elvidge et al., 1997; Levin
et al., 2020; Zhang and Seto, 2011). Characteristics of artificial nocturnal illumination are often associated
with the economic and demographic structures of modern society (Green et al., 2015). The artificial NTL
intensity is strongly responded to the growth or decrease of the health and development of the society
(Hölker et al., 2010). Strong correlations have been found among the NTL trends and socioeconomic status
(Ma et al., 2012), which enables us to estimate the spatial-temporal dynamics of society based on the NTL
changes. Accurate results have been produced by using the NTL datasets as the major inputs for mapping the
urbanization processes (Shi et al., 2014), estimating Gross Domestic Product (GDP) and mapping poverty
(Yu et al., 2015), monitoring natural hazards and recurrent disaster impacts on underserved communities
(Machlis et al., 2022; Román et al., 2019), armed conflicts (Li et al., 2018), cultural behaviors (Liu et al.,
2019; Román and Stokes, 2015), and detecting long-term landscape changes in the urbanized regions (Chen
et al., 2019).

Compared with the previous Defense Meteorological Satellite Program’s Operational Line Scanner
(DMSP/OLS) sensor, the Visible Infrared Imaging Radiometer Suite (VIIRS) Day/Night Band (DNB)
provides higher spatial resolution NTL data with significant improvement in its quality, traceability, and
consistency (Elvidge et al., 2017). However, high uncertainties caused by both the dynamics of the emission
sources and the environmental impacts still exist in the VIIRS DNB observations (Coesfeld et al., 2018;
Elvidge et al., 2022; Li et al., 2020; Wang et al., 2021) which makes time series analysis (e.g., daily) of DNB
observations extremely challenging. Moreover, the VIIRS DNB observations are inevitably subject to the
extraneous impacts of the angular effects, surface BRDF and albedo, lunar phases, atmospheric effects, cloud
and snow contamination, and vegetation canopy (Wang et al., 2021). To alleviate the significant variation
caused by the external effects, previous studies used the monthly or annual composited NTL data to smooth
the variation (Elvidge et al., 2021; Levin, 2017; Liu et al., 2019; Yang et al., 2020), which is a viable solution
but also significantly reduces the data temporal frequencies, making it difficult to provide timely information
and monitor short-term changes (Xie et al., 2019; Zhao et al., 2020; Zheng et al., 2021).

NASA’s Lunar-BRDF-corrected Black Marble NTL product (VNP46A2) provides daily 15-arc-second spatial
resolution Visible Infrared Imaging Radiometer Suite (VIIRS) Day/Night Band (DNB) data with operational
correction for the lunar phase effects (Román et al., 2018). Significant reduction of the temporal variation
has been achieved with the correction of the major sources of noise from the lunar cycle (Elvidge et al., 2022;
Wang et al., 2021) which provides new opportunities for analyzing NTL dynamics based on the daily DNB
data for the first time. However, there are still some remaining factors that could cause large variations in
NASA’s Black Marble products, such as cloud and snow missed in the Quality Assurance (QA) flag (Wang
et al., 2021), vegetation phenology, surface albedo (Levin, 2017; Tang et al., 2021), and angular effect from
the illuminating artificial lights (Li et al., 2022; Tan et al., 2022), which makes their direct usage for time
series analysis difficult.

In this study, we aimed to develop a new algorithm for continuous monitoring of NTL changes based on
daily VIIRS DNB observations from NASA’s Black Marble standard product suite, which adds robustness to
the large variation caused by cloud and cloud shadow missed in the Level 3 QA flagging process, vegetation
phenology, snow, and angular effects introduced by illuminating artificial lights.

2. Study Area and Data

We selected eight globally distributed regions from different land cover and land use types, and urban deve-
lopment transitions, corresponding to various NASA Black Marble Level-3 VIIRS tiles (latitude/longitude
extent of 10°10° per tile): h10v04, h13v11, h18v04, h17v08, h29v05, h32v12, h11v07, and h21v05 (Fig. 1).
The analysis employed all available 15-arc-second spatial resolution daily DNB atmospheric- and Lunar-
BRDF-corrected and Top of Atmosphere (TOA) Black Marble NTL radiance collected between 2013 and
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2020.

We also manually interpreted 610 calibration samples that have undergone various kinds of changes, such as
construction actions, economic growth, gathering events, armed conflict, power outages, and new streetlights,
as well as stable samples without any NTL changes, based on the opportunistic strategy around the major
cities and metropolitan areas within the study area (Table 1). To explore the complex angular effects,
the calibration samples were selected from areas with typical types of local geometry conditions, such as
downtown areas with skyscrapers, single- and multi-story residential regions, and areas with dense vegetation
canopy. For each calibration sample, we recorded the interval of each change event for the period between
2013 and 2020. Note that certain NTL changes, such as transition changes, defined as changes in long-term
trend, can last for more than a year.

Fig. 1. Eight VIIRS linear latitude/longitude 10°10° tiles in this study. The calibration samples were
collected from all eight tiles with red squares, and the validation samples were collected from the six titles
with red stripes. The numbers of the rows and columns represent the “horizontal” and “vertical” number of
the tiles, respectively. The background is the Esri ArcMap World image.

Table 1 . Calibration samples and their corresponding regions of interest.

Tile ID Tile Name Country/Region Major Cities Number of Samples (Pixels)
1 h10v04 U.S. New York; Boston 78
2 h13v11 Brazil Rio de Janeiro 82
3 h18v04 Italy Milan 70
4 h17v08 Ivory Coast Abidjan 74
5 h29v05 China Beijing; Baoding; 74
6 h32v12 Australia Melbourne 70
7 h11v07 Puerto Rico San Juan 74
8 h21v05 Egypt; Israel; Syria Cairo; Netanya; Aleppo 88

3. Methods

We proposed an algorithm called “View Zenith Angle (VZA) Stratified COLD” (hereafter referred to as
VZA-COLD), which is built on the Landsat-based COntinuous monitoring of Land Disturbance (COLD)
algorithm (Zhu et al., 2020). It includes three major innovations that are: (i) cloud/snow buffer; (ii) change
detection based on observations from four stratifications of VZA; and (iii) consistent dark pixel (DNB
radiance < 1.0 nW ∗m−2 ∗ sr−1) removal. The workflow of the VZA-COLD algorithm is illustrated in Fig.
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2. The first component involved removing the remaining cloud and snow observations based on the exclusion
of cloud and snow edge pixels that are partially influenced by clouds or snow. In the second component,
DNB observations were stratified into four groups based on the VZA intervals to mitigate the variance
caused by the compounded impacts from the different viewing geometry and surface condition, and thus,
reduce the overall time-series variation. For each VZA interval, NTL changes were monitored based on the
change detection framework similar to the COLD algorithm to obtain the individual sets of estimated time
series models and detect a unified set of breakpoints among all the VZA intervals continuously. The third
component involved filtering the consistent dark pixels with a minimum detectable NTL radiance threshold.
The VZA-COLD algorithm was calibrated based on the calibration samples, in which the changes detected
within the period of ± six months of the calibration sample change intervals were determined as the right call.
Metrics of omission rates, commission rates, and F1 score of NTL change were used to evaluate algorithm
performance. The final map accuracy was evaluated based on independent validation samples following the
“good practice” protocols (Olofsson et al., 2014).

Fig. 2. Flowchart of the VZA-COLD algorithm. NTL: nighttime light; VZA: View Zenith Angle; COLD:
COntinuous monitoring of Land Disturbance; DNB: Day/Night Band; BRDF: Bidirectional Reflectance
Distribution Function.

3.1. Remove remaining cloud and snow impacted observations

Considering that cloud and snow edge pixels are very likely to be influenced by thin clouds and snow, a
spatial buffer was applied to remove these edge pixels. Confident/probable cloud, cirrus cloud, snow/ice,
and observations were firstly removed according to the QA flags of the standard NASA’s Black Marble
product. The cloud/snow edge pixels removal was tested by dilating cloud/snow pixels (at 8-connected
directions) from 0 to 11 pixels to find the optimal moving window size based on our calibration samples.
For the moving window size equal to or less than five pixels, both omission and commission errors dropped
gradually along with the increase of the window sizes (Fig. 3a). A decrease in F1 scores and an increase
in omission/commission errors were observed when the moving window size was larger than five pixels (Fig.
3a), which is mostly due to the removal of too many clear observations for change detection. Thus, the 5x5
pixel moving window was selected as the optimal buffer size for masking potential cloud/snow-influenced
pixels. Fig. 3b shows the cloud/snow masks and their 5x5 pixel buffer for an example image collected at tile
h10v04 on Day-of-Year (DOY) 45 in 2015, in which the red pixels are the ones that were captured by the
cloud/snow buffer.

4



P
os

te
d

on
30

N
ov

20
22

—
C

C
-B

Y
4.

0
—

h
tt

p
s:

//
d
oi

.o
rg

/1
0.

10
02

/e
ss

oa
r.

10
51

14
76

/v
1

—
T

h
is

a
p
re

p
ri

n
t

an
d

h
as

n
ot

b
ee

n
p

ee
r

re
v
ie

w
ed

.
D

at
a

m
ay

b
e

p
re

li
m

in
ar

y.

Fig. 3. Analysis of optimal buffer size for cloud/snow removal. (a) Calibration accuracies for the cloud/snow
buffer with different moving window sizes. (b) The cloud/snow mask with 5x5 pixel buffer for a NASA Lunar-
BRDF-corrected Black Marble product output (VNP46A2) from tile h10v04 on day-of-year 45 in 2015.

3.2. Viewing zenith angle stratification

The DNB observations were grouped into four VZA intervals, 0-20°, 20°-40°, 40°-60°, and 0-60°, to mitigate
the angular effect. Some pixels have uniform DNB values among different VZA ranges, while others have
uneven DNB magnitudes and large variations across the VZA (e.g., Fig 4). This VZA-related DNB radiance
disparity is mainly caused by the complex and case-by-case joint angular effects of their viewing angle and
local geometry (Li et al., 2019a; Tan et al., 2022; Wang et al., 2021). For low building and open area pixels
with streetlights fully shielded, such as rural settlements without adjacent occlusions (Fig. 4a), almost no
differences in the DNB value were observed among different VZA. While significant VZA interval related
disparities were observed in areas with multiple story buildings and rural settlements surrounded by dense
tree canopy (Fig. 4b-c). In downtown areas with skyscrapers, near-nadir observations have the largest overall
radiance and variations (Fig. 4b). In the dense residential areas, however, the off-nadir DNB radiances are
dramatically larger than the ones with lower VZA values (Fig 4c). This inconsistency of the DNB radiances
consequently led to inequalities in the sensitivity of monitoring NTL changes, therefore disparities in the
occurrences, magnitude, and timing of the changes across the VZA. Fig. 5 shows a sample with disparate
magnitudes and occurrences of DNB radiance change among the different VZA ranges. The near-nadir time
series has a larger magnitude of change in early 2016 than the ones with 20°-40° VZA, while this 2016 change
is hardly noticeable from the off-nadir time series with 40°-60° VZA (Fig 5). Thus, to enhance the temporal
consistency for angular affected NTL emission areas, we divided the VZA range into three equal ranges,
0-20°, 20°-40°, and 40°-60°, following the near-nadir (0-20°) and off-nadir (40°-60°) divisions of the NASA’s
Black Marble product. A fourth VZA interval of 0-60° is also included to balance the trade-off between
DNB time series temporal consistency and temporal density, as time series observations stratified by VZA
will substantially reduce the data temporal density and therefore reduce their capability in monitoring NTL
changes that can be only observed for a very short time (e.g., loss of electric grid power supply or large-scale
gathering events ).
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Fig. 4. The VZA stratified DNB time series (left) and the boxplot of DNB observations of different VZA
intervals (right) for the corresponding pixel on the left. The red, green, and blue dots indicate the DNB
observations within different VZA intervals. (a) A rural grocery store in Seekonk, MA, U.S.; (b) Downtown
Melbourne, Australia; (c) Dense residential area with multi-story buildings, Nahyan, Egypt.

Fig. 5. The VZA stratified DNB time series and high-resolution images of a riverside esplanade with new
pedestrians built in 2016 near Charles River in Massachusetts, U.S. (a) DNB time series at the riverside
esplana. The red, green, and blue dots indicate the DNB observations within different VZA intervals. (b)
The high-resolution Google Earth image in June 2015 of the selected pixel in Fig. 5a. The red rectangle
represents the location and size of the selected pixel. (c) The high-resolution Google Earth image in June
2017 of the selected pixel in Fig. 5a. The red rectangle represents the location and size of the selected pixel.

3.3. Continuous monitoring of NTL change

The VZA-COLD algorithms were applied to estimate time series models from DNB observations collected
within different VZA intervals while collectively identifying NTL changes across all VZA strata. For DNB
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observations stratified within each VZA interval, an individual harmonic model was estimated to capture the
seasonality and trend of the DNB time series, which could greatly reduce the impact from the intra-annual
(e.g., vegetation phenology and snow) and inter-annual (e.g., gradual economic growth and vegetation long-
term growth) changes. We tested the models with unimodal, bimodal, and trimodal seasonality (4, 6, and 8
coefficients) based on the Ordinary Least Square (OLS) regression, Least Absolute Shrinkage and Selection
Operator (LASSO) regression (Tibshiranit, 1996), and robust regression (Hampel et al., 2011; Zhu et al.,
2012) to explore the optimal combinations for modeling the daily DNB time series. We observed that models
with a single-term harmonics model (Eq. 1) and based on robust regression had the best results for our
calibration samples and were more robust to outliers and less likely to be overfitted. Therefore, the single-
term harmonic model (Eq. 1) estimated based on robust regression was selected to predict the overall DNB
magnitude, intra-annual seasonality, and inter-annual trends, which would be used in continuous monitoring
of NTL changes.

ρ̂i,x = a0 + a1 cos
(
2π
T x

)
+ b1 sin

(
2π
T x

)
+ c1x(1)

where,

ρ̂i,x: Predicted DNB value for the i th VZA interval at Julian date x.

x : Julian date.

T : Number of days per year (T = 365.25).

a0: Coefficient for overall value for the DNB.

a1, b1: Coefficient for intra-annual change for the DNB.

c1: Coefficient for inter-annual change (slope) for the DNB.

Continuous change detection was conducted based on the models estimated from each VZA stratification
following the COLD algorithms (Zhu et al., 2020), by comparing the actual observations with the model
predictions. Breakpoints were identified based on the number of consecutive anomaly observations beyond
the applied change probability thresholds. The VZA-COLD made three major changes compared with the
original COLD algorithm. First, due to the high temporal frequency and the large fluctuations observed
with the daily DNB time series, VZA-COLD would tolerate one of the observations (except for the first
one) not showing up as an anomaly in the consecutive anomaly test. Second, VZA-COLD detected changes
based on a set of four time series models estimated from observations of different VZA intervals (instead of
observations from different spectral bands), and when a breakpoint was identified by any of the VZA interval
models, it would be applied to all the four VZA-stratified models, and thus, dividing their time segments
with the same break time. Third, the optimal parameters for the change detection process were also different
from the default COLD algorithm. We tested the number of consecutive anomaly observations to confirm a
change from 12 to 16, along with the change probabilities of 70%, 75%, 80%, 85%, and 90%, and analyzed
the performance metrics of omission rate, commission rate, and F1 score based on the calibration samples
(Fig. 6). According to the results, the consecutive anomaly observation of 14 and 75% change probability
were selected to detect NTL changes.

7
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Fig. 6. Change detection results with different numbers of consecutive anomaly observations, and different
change probabilities. Where the shapes of the marker represent the selected number of consecutive anomaly
observations (from 12 to 16), the marker sizes indicate the applied change probability (70%, 75%, 80%, 85%,
and 90%), and the marker face colors show the F1 scores.

3.4. Consistent dark pixel removal

Change probability in VZA-COLD was normalized by the RMSE calculated from robust regression, which
could be still sensitive to pixels that are consistently dark due to their relatively low temporal uncertainties
and resulted very small RMSE values in model estimation. Therefore, a slight change in the DNB values
caused by outliers could lead to a substantial increase in the final normalized change probability, and result
in commission errors. To mitigate this issue, the detected breakpoints with low overall values of DNB and
small change magnitudes are considered as low confidence changes that are more likely to be commission
errors caused by the outliers. Changes detected over the consistent dark area were identified based on the
model predicted overall DNB values before and after the change, and the corresponding change magnitude.
A threshold of 1.0 nW ∗ m−2 ∗ sr−1, which is two times the breakthrough value of the NTL detection
limit (Lmin = 0.5 nW ∗ m−2 ∗ sr−1) defined in the daily Black Marble product (Román et al., 2018),
was applied to exclude the low confidence changes in consistent dark areas. The detected breakpoints, with
before-break overall value, after-break overall value, and change magnitude value all less than 1.0nW ∗
m−2 ∗ sr−1, would be identified as consistent dark pixels and would be removed from the final change
detection results. Commissions caused by the scattering light (Fig. 7) and salt-and-pepper noise (Fig. 8)
were substantially removed by this approach.

8
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Fig. 7. DNB time series, high-resolution image, and annual NTL change maps for the selected consistent
dark pixel with scattering light. It is located near a desert highway with improvement in electrification
around 2017, in northwestern Saudi Arabia. (a) DNB time series at a dark barren pixel with a commission
error before the consistent dark pixel removal was applied. The red, green, blue, and grey colors indicate
the different VZA intervals, lines represent the fitting models, small dots are the DNB observations, and the
large magenta dot is the detected change (red cross in Fig. 7c) that would be excluded by the dark pixel
removal process (red cross in Fig. 7d). (b) The high-resolution Google Earth image in July 2018 of the
selected pixel in Fig. 7a. The red rectangle represents the location and size of the selected pixel. (c) The
accumulated annual NTL change maps before the dark pixel removal process. (d) The accumulated annual
NTL change maps after the dark pixel removal process. The dark background in Fig. 7c and Fig. 7d is the
Esri ArcMap Dark Gray Canvas base map.
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Fig. 8. DNB time series, high-resolution image, and annual NTL change maps of the selected consistent
dark pixel with pepper-and-salt noise. It is located in the vegetation areas of Mifflin, PA, US. (a) The DNB
time series of a selected pixel with a commission error before the consistent dark pixel removal was applied.
The red, green, blue, and grey colors indicate the different VZA intervals, lines represent the estimated
models, small dots are the DNB observations, and the large magenta dot is the detected change (red cross in
Fig. 8c) which would be excluded by the dark pixel removal (red cross in Fig. 8d). (b) The high-resolution
Google Earth image in October 2015 of the selected barren pixel. The red rectangle represents the location
and size of the selected pixel. (c) The accumulated annual NTL change maps before the dark pixel removal.
(d) The accumulated annual NTL change maps after the dark pixel removal. The dark background in Fig.
8c and Fig. 8d is the Esri ArcMap Dark Gray Canvas base map.

3.5. Accuracy assessment

A total of six VIIRS tiles, including h10v04, h13v11, h18v04, h17v08, h29v05, and h32v12, were selected as
the validation tiles to cover all six non-polar continents (Fig. 1). The stratified random sampling strategy
(Olofsson et al., 2014) was applied for selecting the validation samples. The annual change maps from 2013
and 2021 of all the validation tiles were used for the stratification, and a total number of 1,088 samples,
of which 931 from the stable stratum and 157 from the change stratum were selected. Each reference
sample represents not only a location on the ground but also a place in time. Manual interpretation of the
validation samples was conducted based on original NTL imagery, high-resolution images from Google Earth
and PlanetScope data, International Space Station (ISS) nighttime photos, and other available socioeconomic
data. A reference sample will be labeled as correct if the mapped category (e.g., change or stable) is the
same as it is interpreted in the selected calendar year.

4. Results

4.1. Visual assessment

We applied the VZA-COLD algorithm to all the selected tiles (Fig. 1) to examine its change detection
performances for various kinds of human-related NTL changes over different regions. The annual and day-
of-year NTL change maps from 2013 to 2021 were created for every pixel. To demonstrate the algorithm’s
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abilities in monitoring NTL changes, we investigated a range of urban and peri-urban regions with human
activity changes corresponding to different land use, demographic, and socioeconomic typologies (Stokes and
Seto, 2019). The results, shown in Figs. 9-16, illustrated how the algorithm can accurately capture NTL
changes caused by the major types of both short-term and long-term transitions. These factors include, but
are not limited to, urbanization processes in sub-urban areas, non-residential constructions of public facilities,
land cultivation of a new modern agriculture field, redevelopment of a pre-existing urban area triggered by
the economic growth, de-electrification derived by the renovation of lighting technologies and environmental
policies, armed conflicts, and power grid loss caused by natural hazards. Meanwhile, the identified changed
areas covered a wide range of human footprints with different land cover and land use types, including the
highly populated urban areas, urban green space, suburban and rural areas, agricultural fields, roads, and
barren land regions with human activities.

Urbanization with constructions of residential and non-residential developments is one of the most prevalent
human-driven land cover and land use changes. Fig. 9 showed the urban expansion process of a new
residential community in the suburban area of Melbourne, Australia that converted the agriculture fields to
impervious surfaces. A gradual NTL change was captured by the algorithm at this site, which is consistent
with the built-up period of this new settlement from 2017 to 2021 (Fig. 9c). Figs. 10-11 showed the
construction actions of a newly built international airport in the suburban areas of Beijing, China (Fig.
10) and the Olympic Parks in Rio de Janeiro, Brazil (Fig. 11). Multiple NTL changes were identified for
the new international airport, which aligned well with the different construction stages (Fig. 10c). The
timing of these three identified changes agreed with the start of land clearance in February 2016, the time
when the major construction of the airport was finished in 2018, and its opening date in September 2019.
At the Olympic Parks in Rio, an increase in artificial light emissions was caused by the new facilities and
the large gathering event of the Olympic Games in summer 2016, and this abrupt NTL change was also
successfully captured (Fig. 11). In addition to urban developments, the land cultivation engendered by
the food consumption in agricultural land can also be captured by the DNB time series. Fig. 12 showed
a new modern organic vegetable greenhouse built with LED plant light at night in the low light area of
Canada. According to the time series result of the selected pixel (Fig. 12c), a dramatic increase of the
NTL was captured in 2017 after the greenhouse was put into use. Redevelopment driven by the population
and economic growth, and de-electrification caused by new technologies and environmental policies can shift
intensities of the artificial NTL over pre-existing developments without land conversions. Fig. 13 showed
the redevelopment of urban areas in Abidjan, Ivory Coast. Foreign investments promoted both GDP and
population density of the urban environment of Abidjan (Ramiaramanana et al., 2021), which was detected
in 2014. The large-scale renovation of LED streetlights in the suburban areas of Milan that were planned by
environmental policies encouraged by the International Registered Exhibition in 2015 (World EXPO) can
also be detected from the annual NTL change map (Fig. 14). A significant drop in the NTL radiances was
captured in 2014 after the new energy-saving LED streetlights with less upward emission were installed.

Changes in human behavior at night, armed conflict, and power grid loss can lead to short-term NTL shifts.
VZA-COLD successfully detected these short-term changes in a timely manner. In urban areas with high
dynamics of NTL caused by armed conflicts such as the Syrian Civil War in Raqqa, the algorithm identified
multiple NTL changes between the stable periods with relatively short durations (Fig. 15). In September
2017, Puerto Rico was hit by two powerful hurricanes, and the abrupt power outage and gradual restoration
were successfully identified by the VZA-COLD algorithm (Fig. 16).
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Fig. 9. The NTL change maps, the time series plot of a selected pixel, and high-resolution images for
an urbanized suburban area in Melbourne, Australia. (a) The accumulated annual NTL change maps from
2013 to 2021 with the latest detected change year presented. (b) The day-of-year NTL change maps over
the region enlarged from the white rectangle from Fig. 9a. (c) The time series plot of a selected pixel (red
cross in Fig. 9b) and the corresponding VZA-COLD detection results, in which the red, green, blue, and
grey colors indicate the different VZA intervals, lines represent the estimated models, small dots are the
DNB observations, and the large magenta dot is the detected change. (d) The high-resolution Google Earth
image in January 2015. The red rectangle represents the location and size of the selected pixel. (e) The
high-resolution Google Earth image in March 2020. The red rectangle represents the location and size of
the selected pixel. The dark background in Fig. 9a and Fig. 9b is the Esri ArcMap Dark Gray Canvas base
map.

Fig. 10. The NTL change maps, the time series plot of a selected pixel, and high-resolution images for
a new airport built in Beijing, China. (a) The accumulated annual NTL change maps from 2013 to 2021

12
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with the latest detected change year presented. (b) The day-of-year NTL change map in 2019 enlarged from
the white rectangle from Fig. 10a. (c) The time series plot of a selected pixel (red cross in Fig. 10b) and
the corresponding VZA-COLD detection results, in which the red, green, blue, and grey colors indicate the
different VZA intervals, lines represent the estimated models, small dots are the DNB observations, and the
large magenta dots are the detected changes. (d) The high-resolution Google Earth image in January 2015.
The red rectangle represents the location and size of the selected pixel. (e) The high-resolution Google Earth
image in August 2020. The red rectangle represents the location and size of the selected pixel. The dark
background in Fig. 10a and Fig. 10b is the Esri ArcMap Dark Gray Canvas base map.

Fig. 11. The NTL change maps, the time series plot of a selected pixel, and high-resolution images for
the Olympic Park in Rio, Brazil. (a) The accumulated annual NTL change maps from 2013 to 2021 with
the latest detected change year presented. (b) The day-of-year NTL change map in 2016 enlarged from
the white rectangle from Fig. 11a. (c) The time series plot of a selected pixel (red cross in Fig. 11b) and
the corresponding VZA-COLD detection results, in which the red, green, blue, and grey colors indicate the
different VZA intervals, lines represent the estimated models, small dots are DNB observations, and the large
magenta dot is the detected changes. (d) The high-resolution Google Earth image in September 2015. The
red rectangle represents the location and size of the selected pixel. (e) The high-resolution Google Earth
image in June 2016. The red rectangle represents the location and size of the selected pixel. The dark
background in Fig. 11a and Fig. 11b is the Esri ArcMap Dark Gray Canvas base map.
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Fig. 12. The NTL change maps, the time series plot of a selected pixel, and high-resolution images for
a new organic vegetable greenhouse built in Canada. (a) The accumulated annual NTL change maps from
2013 to 2021 with the latest detected change year presented. (b) The day-of-year NTL change map in 2017
over the region enlarged from the white rectangle from Fig. 12a. (c) The time series plot of a selected pixel
(red cross in Fig. 12b) and the corresponding VZA-COLD detection results, in which the red, green, blue,
and grey colors indicate the different VZA intervals, lines represent the estimated models, small dots are the
DNB observations, and the large magenta dots are the detected changes. (d) The high-resolution Google
Earth image in August 2013. The red rectangle represents the location and size of the selected pixel. (e)
The high-resolution Google Earth image in May 2017. The red rectangle represents the location and size of
the selected pixel. The dark background in Fig. 12a and Fig. 12b is the Esri ArcMap Dark Gray Canvas
base map.

Fig. 13. The NTL change maps, the time series plot of a selected pixel, and high-resolution images for the
city of Abidjan, Ivory Coast. (a) The accumulated annual NTL change maps from 2013 to 2021 with the
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latest detected change year presented. (b) The day-of-year NTL change map in 2014 over the region enlarged
from the white rectangle from Fig. 13a. (c) The time series plot of a selected pixel (red cross in Fig. 13b)
and the corresponding VZA-COLD detection results, in which the red, green, blue, and grey colors indicate
the different VZA intervals, lines represent the estimated models, small dots are the DNB observations, and
the large magenta dot is the detected changes. (d) The high-resolution Google Earth image in January 2013.
The red rectangle represents the location and size of the selected pixel. (e) The high-resolution Google Earth
image in December 2015. The red rectangle represents the location and size of the selected pixel. The dark
background in Fig 13a and Fig. 13b is the Esri ArcMap Dark Gray Canvas base map.

Fig. 14. The NTL change maps, the time series plot of a selected pixel, and high-resolution images for
Milan, Italy. (a) The accumulated annual NTL change maps from 2013 to 2021 with the latest detected
change year presented. (b) The day-of-year NTL change map in 2014 over the region enlarged from the
white rectangle from Fig. 14a. (c) The time series plot of a selected pixel (red cross in Fig. 14b) and
the corresponding VZA-COLD detection results, in which the red, green, blue, and grey colors indicate the
different VZA intervals, lines represent the estimated models, small dots are the DNB observations, and the
large magenta dot is the detected changes. (d) The high-resolution Google Earth image in March 2013. The
red rectangle represents the location and size of the selected pixel. (e) The high-resolution Google Earth
image in July 2015. The red rectangle represents the location and size of the selected pixel. The dark
background in Fig. 14a and Fig. 14b is the Esri ArcMap Dark Gray Canvas base map.
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Fig. 15. The NTL change maps, the time series plot of a selected pixel, and high-resolution images for
Raqqa, Syria. (a) The accumulated annual NTL change maps from 2013 to 2021 with the latest detected
change year presented. (b) The day-of-year NTL change map in 2015 over the region enlarged from the
white rectangle from Fig. 15a. (c) The time series plot of a selected pixel (red cross in Fig. 15b) and
the corresponding VZA-COLD detection results, in which the red, green, blue, and grey colors indicate the
different VZA intervals, lines represent the estimated models, small dots are the DNB observation, and the
large magenta dots are the detected changes. (d) The high-resolution Google Earth image in January 2013.
The red rectangle represents the location and size of the selected pixel. (e) The high-resolution Google
Earth image in July 2020. The red rectangle represents the location and size of the selected pixel. The dark
background in Fig. 15a and Fig. 15b is the Esri ArcMap Dark Gray Canvas base map.

Fig. 16. The NTL change maps, the time series plot of a selected pixel, and high-resolution images for
Puerto Rico. (a) The accumulated annual NTL change maps from 2013 to 2021 with the latest detected
change year presented. (b) The day-of-day NTL change map in 2017 over the region enlarged from the
white rectangle from Fig. 16a. (c) The time series plot of a selected pixel (red cross in Fig. 16b) and
the corresponding VZA-COLD detection results, in which the red, green, blue, and grey colors indicate the
different VZA intervals, lines represent the estimated models, small dots are the DNB observations, and the
large magenta dots are the detected changes. (d) The high-resolution Google Earth image in July 2017. The
red rectangle represents the location and size of the selected pixel. (e) The high-resolution Google Earth
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image in October 2017. The red rectangle represents the location and size of the selected pixel. The dark
background in Fig. 16a and Fig. 16b is the Esri ArcMap Dark Gray Canvas base map.

4.2. Quantitative evaluation

Based on 1,088 stratified random samples and following the “good practice” (Olofsson et al., 2014), the overall
accuracy of the map is 99.54%±0.19% (95% confidence interval), with a user’s accuracy of 68.25%±3.40%
(95% confidence interval) and producer’s accuracy of 66.89%±16.19% (95% confidence interval) for the NTL
change category.

5. Discussion and Conclusions

Understanding heterogeneity in human settlements is important for linking development patterns to eco-
logical, economic, and social health (Stokes and Seto, 2019). While daytime optical remote sensing has
tracked urban land cover change for decades (Zhu et al., 2019), there is a need for new data and analytical
tools to be able to monitor whether changes in urban infrastructure are keeping pace with key factors tied
to global sustainability trends and opportunities. NTL data derived from the Suomi-NPP and NOAA-20
VIIRS DNB, have the potential to add our understanding of urban infrastructural transitions. But to date,
the high temporal variation of the VIIRS DNB observations (Elvidge et al., 2022; Li et al., 2019; Wang et
al., 2021) has made it challenging to monitor and detect these factors, at the characteristic temporal scales
necessary to capture urban development processes. With the major environmental effects of atmosphere and
moonlight removed, the atmospheric- and Lunar-BRDF-corrected NASA’s Black Marble products provide
new opportunities to use extremely dense (e.g., daily) NTL time series. In this study, we developed a VZA
stratified algorithm for continuous monitoring of NTL changes based on the daily Black Marble products.
With the observations stratified into four VZA intervals, this approach estimated an individual time series
model for each VZA interval. Based on the predicted and the observed values, consistent breakpoints were
identified and applied to all VZA stratified models as potential NTL changes when any of the VZA interval
models detected consecutive anomaly observations (can tolerate one exception). Quantitative evaluation of
the NTL change detection result showed that the algorithm can detect NTL changes with omission and
commission error rates < 30%. In addition to the detected breakpoints of the NTL patterns, slopes of the
estimated models can also provide extra information on the trend of gradual NTL radiances changes.

We developed new methods to filter, fit, and mitigate the high temporal uncertainties of the daily DNB
time series observations. The applied 5x5 pixel buffer filtered potential outliers surrounding cloud and snow
pixels to mitigate the cloud and snow contamination. The single term harmonic model can estimate the
intra-annual patterns of the DNB time series as a result of joint factors including vegetation phenology,
winter snow coverage, and cyclical human activity changes. We mitigated and simplified the complex and
combined effects of the wide ranges of sensor viewing angle and different surface geometry conditions by
stratifying the DNB time series based on four sets of VZA intervals. Compared with correcting the viewing
angle effect (Tan et al., 2022), the stratification strategy avoided the need for collecting local 3-dimensional
structure data and would not be influenced by the potential bias introduced in the correction approaches.
The combined knowledge derived from VZA interval subsets, and all data models reduced the variance across
VZAs without decreasing the temporal frequency of the data. This new VZA stratification approach would
be particularly useful for pixels with strong angular effects and changes that can only be observed under
specific viewing angles. For pixels with homogeneous emission among different viewing angles and short-term
NTL changes, all data models with 0-60 VZAs could provide accurate and timely results.

The VZA-COLD algorithm can accurately detect different types of human-related NTL changes, either with
or without land cover conversion (e.g., urban expansion). For NTL changes with land cover conversion, the
concurrent changes of urbanization processes, construction actions, and land cultivation can be well detected
with the potential in providing additional information about the land cover conversion stages. For the NTL
changes without land cover conversion, the algorithm can identify the long-term and short-term land cover
condition change, such as de-electrification of the electric infrastructure, electric grid variations, and human
behavior related disturbances. Compared with the daytime optical remote sensing imagery, the NTL change
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metrics can provide complementary information of the human activity patterns that do not necessarily cause
changes in land cover and provide a better understanding of coupling human-environment systems with a
unique perspective.

Although VZA-COLD can model and detect the abrupt, cyclical, and gradual NTL changes for both the
view angle affected and unaffected regions, it also has some limitations. For example, high latitude areas
with large coverage of winter snow/ice could still lead to many commission errors if the cloud/snow QA and
their buffers did not exclude them well. This error could be reduced in the upcoming Collection 2 Black
Marble products after reprocessing all the data with an improved snow flag derived from the VIIRS snow
product with higher spatial resolution. Moreover, the change probability threshold for each time series model
is currently calculated based on the same RMSE for all periods, and the temporally varying fluctuations
caused by the winter weather are more likely to be identified as NTL changes. To overcome this issue, further
adjustments could be performed to consider the changing temporal variation of NTL data within a year,
such as applying the temporally adjusted RMSE values for change detection (Zhu et al., 2015). Moreover,
further post-processing steps such as filtering or including NTL changes based on their spatial patterns could
also be explored.

In conclusion, we developed a VZA stratified COLD algorithm to continuously monitor NTL changes based on
the daily atmospheric- and Lunar-BRDF-corrected Black Marble product. This method enabled the dense
daily time series analysis of the DNB data by reducing the viewing angle introduced variations without
decreasing the temporal frequency of the data. The results indicate that this method could be applied for
operational mapping of global NTL changes at a spatial resolution of 15-arc-second with a daily updating
frequency.
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Abstract 12 

Monitoring nighttime light (NTL) change enables us to quantitatively analyze the patterns of 13 

human footprint and socioeconomic features. NASA’s Visible Infrared Imaging Radiometer 14 

Suite (VIIRS) Day/Night Band (DNB) atmospheric- and Lunar-BRDF-corrected Black Marble 15 

product provides 15-arc-second daily global nighttime radiances with high temporal consistency. 16 

However, timely and continuous monitoring of NTL changes based on the dense DNB time 17 

series is still lacking. In this study, we proposed a Viewing Zenith Angle (VZA) stratified 18 

COntinuous monitoring of Land Disturbance (COLD) algorithm (VZA-COLD) to detect NTL 19 

change at 15-arc-second resolution. Specifically, we divided the clear observations into four 20 

VZA intervals (0-20°, 20°-40°, 40°-60°, 0-60°) to mitigate the temporal variation of the NTL 21 

data caused by the combined angular effect of viewing geometry and the various kinds of surface 22 

conditions. Single term harmonic models were continuously estimated for new observations from 23 



2 

each VZA interval, and by comparing the model predictions with the actual DNB observations, a 24 

unified set of NTL changes can be captured continuously among the different VZA intervals. 25 

The final NTL change maps were generated after excluding the consistent dark pixels. Results 26 

show that the algorithms reduced the DNB data temporal variations caused by disparities among 27 

different viewing angles and surface conditions, and successfully detected NTL changes for six 28 

globally distributed test sites with an overall accuracy of 99.78% and a user’s accuracy of 29 

68.25%, a producer’s accuracy of 66.89% for the NTL change category.  30 

 31 

Keywords: nighttime light; change detection; time series; human activity; VZA; COLD; VIIRS; 32 

DNB; Black Marble Product 33 

 34 

1. Introduction 35 

Human activities are continuously changing the Earth’s natural surface and the urban systems, 36 

comprising a continuum of socioeconomic and demographic phenomena. Monitoring global 37 

human footprint patterns is crucial for understanding global environmental change, 38 

sustainability, and socioeconomic status (Leu et al., 2008; Venter et al., 2016; Zhu et al., 2020). 39 

Shifts in societies, cultures, economic system structures, policies, technologies, and behaviors are 40 

rapidly affecting global ecosystems (Malecki, 1997; Ojima et al., 1994; Steffen et al., 2006). 41 

Human footprint expansion and reconstruction actions are driven by social-ecological changes, 42 

such as population growth and the consequential needs for natural resources. These drivers have 43 

modified the long-term land cover and land use features over large areas of land surfaces (Deng 44 

et al., 2009; Turner, 2010). Meanwhile, disturbance stresses caused by social shocks and 45 

behavioral changes (e.g., armed conflict and gathering events) engendered short-term changes on 46 
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the local scale (Baumann and Kuemmerle, 2016). Data-intensive frameworks for monitoring 47 

human-induced land changes at large-scale have become essential to enable a more timely, 48 

comprehensive, and deeper understanding of human activity dynamics. This demand calls for the 49 

need for reliable, timely, and large-area consistent information. In contrast to available 50 

socioeconomic and field survey data, the remote sensing nighttime light (NTL) imagery provides 51 

a reliable measure of human activity changes at the global scale with fine temporal and spatial 52 

resolutions (Jensen and Cowen, 1999; Xie and Weng, 2016). 53 

 54 

The remotely sensed NTL data provides the direct imprint of both the spatial extent and emission 55 

intensity of the artificial light, which is a good indicator of the human footprint changes (Elvidge 56 

et al., 1997; Levin et al., 2020; Zhang and Seto, 2011). Characteristics of artificial nocturnal 57 

illumination are often associated with the economic and demographic structures of modern 58 

society (Green et al., 2015). The artificial NTL intensity is strongly responded to the growth or 59 

decrease of the health and development of the society (Hölker et al., 2010). Strong correlations 60 

have been found among the NTL trends and socioeconomic status (Ma et al., 2012), which 61 

enables us to estimate the spatial-temporal dynamics of society based on the NTL changes. 62 

Accurate results have been produced by using the NTL datasets as the major inputs for mapping 63 

the urbanization processes (Shi et al., 2014), estimating Gross Domestic Product (GDP) and 64 

mapping poverty (Yu et al., 2015), monitoring natural hazards and recurrent disaster impacts on 65 

underserved communities (Machlis et al., 2022; Román et al., 2019), armed conflicts (Li et al., 66 

2018), cultural behaviors (Liu et al., 2019; Román and Stokes, 2015), and detecting long-term 67 

landscape changes in the urbanized regions (Chen et al., 2019).  68 
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Compared with the previous Defense Meteorological Satellite Program’s Operational Line 69 

Scanner (DMSP/OLS) sensor, the Visible Infrared Imaging Radiometer Suite (VIIRS) Day/Night 70 

Band (DNB) provides higher spatial resolution NTL data with significant improvement in its 71 

quality, traceability, and consistency (Elvidge et al., 2017). However, high uncertainties caused 72 

by both the dynamics of the emission sources and the environmental impacts still exist in the 73 

VIIRS DNB observations (Coesfeld et al., 2018; Elvidge et al., 2022; Li et al., 2020; Wang et al., 74 

2021) which makes time series analysis (e.g., daily) of DNB observations extremely challenging. 75 

Moreover, the VIIRS DNB observations are inevitably subject to the extraneous impacts of the 76 

angular effects, surface BRDF and albedo, lunar phases, atmospheric effects, cloud and snow 77 

contamination, and vegetation canopy (Wang et al., 2021). To alleviate the significant variation 78 

caused by the external effects, previous studies used the monthly or annual composited NTL data 79 

to smooth the variation (Elvidge et al., 2021; Levin, 2017; Liu et al., 2019; Yang et al., 2020), 80 

which is a viable solution but also significantly reduces the data temporal frequencies, making it 81 

difficult to provide timely information and monitor short-term changes (Xie et al., 2019; Zhao et 82 

al., 2020; Zheng et al., 2021). 83 

 84 

NASA’s Lunar-BRDF-corrected Black Marble NTL product (VNP46A2) provides daily 15-arc-85 

second spatial resolution Visible Infrared Imaging Radiometer Suite (VIIRS) Day/Night Band 86 

(DNB) data with operational correction for the lunar phase effects (Román et al., 2018). 87 

Significant reduction of the temporal variation has been achieved with the correction of the 88 

major sources of noise from the lunar cycle (Elvidge et al., 2022; Wang et al., 2021) which 89 

provides new opportunities for analyzing NTL dynamics based on the daily DNB data for the 90 

first time. However, there are still some remaining factors that could cause large variations in 91 
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NASA’s Black Marble products, such as cloud and snow missed in the Quality Assurance (QA) 92 

flag (Wang et al., 2021), vegetation phenology, surface albedo (Levin, 2017; Tang et al., 2021), 93 

and angular effect from the illuminating artificial lights (Li et al., 2022; Tan et al., 2022), which 94 

makes their direct usage for time series analysis difficult. 95 

 96 

In this study, we aimed to develop a new algorithm for continuous monitoring of NTL changes 97 

based on daily VIIRS DNB observations from NASA’s Black Marble standard product suite, 98 

which adds robustness to the large variation caused by cloud and cloud shadow missed in the 99 

Level 3 QA flagging process, vegetation phenology, snow, and angular effects introduced by 100 

illuminating artificial lights.  101 

 102 

2. Study Area and Data 103 

We selected eight globally distributed regions from different land cover and land use types, and 104 

urban development transitions, corresponding to various NASA Black Marble Level-3 VIIRS 105 

tiles (latitude/longitude extent of 10°✕10° per tile): h10v04, h13v11, h18v04, h17v08, h29v05, 106 

h32v12, h11v07, and h21v05 (Fig. 1). The analysis employed all available 15-arc-second spatial 107 

resolution daily DNB atmospheric- and Lunar-BRDF-corrected and Top of Atmosphere (TOA) 108 

Black Marble NTL radiance collected between 2013 and 2020.   109 

 110 

We also manually interpreted 610 calibration samples that have undergone various kinds of 111 

changes, such as construction actions, economic growth, gathering events, armed conflict, power 112 

outages, and new streetlights, as well as stable samples without any NTL changes, based on the 113 

opportunistic strategy around the major cities and metropolitan areas within the study area (Table 114 
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1). To explore the complex angular effects, the calibration samples were selected from areas with 115 

typical types of local geometry conditions, such as downtown areas with skyscrapers, single- and 116 

multi-story residential regions, and areas with dense vegetation canopy. For each calibration 117 

sample, we recorded the interval of each change event for the period between 2013 and 2020. 118 

Note that certain NTL changes, such as transition changes, defined as changes in long-term 119 

trend, can last for more than a year. 120 

 121 

 122 

Fig. 1. Eight VIIRS linear latitude/longitude 10°✕10° tiles in this study. The calibration samples were 123 

collected from all eight tiles with red squares, and the validation samples were collected from the six titles 124 

with red stripes. The numbers of the rows and columns represent the “horizontal” and “vertical” number 125 

of the tiles, respectively. The background is the Esri ArcMap World image. 126 

 127 

 128 

 129 

 130 

 131 

 132 

 133 

 134 

 135 

 136 
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Table 1. Calibration samples and their corresponding regions of interest. 137 

Tile ID Tile Name Country/Region Major Cities Number of Samples (Pixels) 

1 h10v04 U.S. New York; Boston 78 

2 h13v11 Brazil Rio de Janeiro 82 

3 h18v04 Italy Milan 70 

4 h17v08 Ivory Coast Abidjan 74 

5 h29v05 China Beijing; Baoding;  74 

6 h32v12 Australia Melbourne 70 

7 h11v07 Puerto Rico San Juan 74 

8 h21v05 Egypt; Israel; Syria Cairo; Netanya; Aleppo 88 

 138 

3. Methods 139 

We proposed an algorithm called “View Zenith Angle (VZA) Stratified COLD” (hereafter 140 

referred to as VZA-COLD), which is built on the Landsat-based COntinuous monitoring of Land 141 

Disturbance (COLD) algorithm (Zhu et al., 2020). It includes three major innovations that are: (i) 142 

cloud/snow buffer; (ii) change detection based on observations from four stratifications of VZA; 143 

and (iii) consistent dark pixel (DNB radiance < 1.0 𝑛𝑊 ∗ 𝑚−2 ∗ 𝑠𝑟−1) removal. The workflow of 144 

the VZA-COLD algorithm is illustrated in Fig. 2. The first component involved removing the 145 

remaining cloud and snow observations based on the exclusion of cloud and snow edge pixels 146 

that are partially influenced by clouds or snow. In the second component, DNB observations 147 

were stratified into four groups based on the VZA intervals to mitigate the variance caused by 148 

the compounded impacts from the different viewing geometry and surface condition, and thus, 149 

reduce the overall time-series variation. For each VZA interval, NTL changes were monitored 150 

based on the change detection framework similar to the COLD algorithm to obtain the individual 151 

sets of estimated time series models and detect a unified set of breakpoints among all the VZA 152 
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intervals continuously. The third component involved filtering the consistent dark pixels with a 153 

minimum detectable NTL radiance threshold. The VZA-COLD algorithm was calibrated based 154 

on the calibration samples, in which the changes detected within the period of  six months of 155 

the calibration sample change intervals were determined as the right call. Metrics of omission 156 

rates, commission rates, and F1 score of NTL change were used to evaluate algorithm 157 

performance. The final map accuracy was evaluated based on independent validation samples 158 

following the “good practice” protocols (Olofsson et al., 2014).  159 

 160 

 161 
Fig. 2. Flowchart of the VZA-COLD algorithm. NTL: nighttime light; VZA: View Zenith Angle; COLD: 162 

COntinuous monitoring of Land Disturbance; DNB: Day/Night Band; BRDF: Bidirectional Reflectance 163 

Distribution Function.  164 

 165 

3.1. Remove remaining cloud and snow impacted observations 166 

Considering that cloud and snow edge pixels are very likely to be influenced by thin clouds and 167 

snow, a spatial buffer was applied to remove these edge pixels. Confident/probable cloud, cirrus 168 

cloud, snow/ice, and observations were firstly removed according to the QA flags of the standard 169 

NASA’s Black Marble product. The cloud/snow edge pixels removal was tested by dilating 170 
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cloud/snow pixels (at 8-connected directions) from 0 to 11 pixels to find the optimal moving 171 

window size based on our calibration samples. For the moving window size equal to or less than 172 

five pixels, both omission and commission errors dropped gradually along with the increase of 173 

the window sizes (Fig. 3a). A decrease in F1 scores and an increase in omission/commission 174 

errors were observed when the moving window size was larger than five pixels (Fig. 3a), which 175 

is mostly due to the removal of too many clear observations for change detection. Thus, the 5x5 176 

pixel moving window was selected as the optimal buffer size for masking potential cloud/snow-177 

influenced pixels. Fig. 3b shows the cloud/snow masks and their 5x5 pixel buffer for an example 178 

image collected at tile h10v04 on Day-of-Year (DOY) 45 in 2015, in which the red pixels are the 179 

ones that were captured by the cloud/snow buffer.  180 

 181 

 182 
Fig. 3. Analysis of optimal buffer size for cloud/snow removal. (a) Calibration accuracies for the 183 

cloud/snow buffer with different moving window sizes. (b) The cloud/snow mask with 5x5 pixel buffer 184 

for a NASA Lunar-BRDF-corrected Black Marble product output (VNP46A2) from tile h10v04 on day-185 

of-year 45 in 2015. 186 

 187 

 188 

 189 
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3.2. Viewing zenith angle stratification 190 

The DNB observations were grouped into four VZA intervals, 0-20°, 20°-40°, 40°-60°, and 0-191 

60°, to mitigate the angular effect.  Some pixels have uniform DNB values among different VZA 192 

ranges, while others have uneven DNB magnitudes and large variations across the VZA (e.g., 193 

Fig 4). This VZA-related DNB radiance disparity is mainly caused by the complex and case-by-194 

case joint angular effects of their viewing angle and local geometry (Li et al., 2019a; Tan et al., 195 

2022; Wang et al., 2021). For low building and open area pixels with streetlights fully shielded, 196 

such as rural settlements without adjacent occlusions (Fig. 4a), almost no differences in the DNB 197 

value were observed among different VZA. While significant VZA interval related disparities 198 

were observed in areas with multiple story buildings and rural settlements surrounded by dense 199 

tree canopy (Fig. 4b-c). In downtown areas with skyscrapers, near-nadir observations have the 200 

largest overall radiance and variations (Fig. 4b). In the dense residential areas, however, the off-201 

nadir DNB radiances are dramatically larger than the ones with lower VZA values (Fig 4c). This 202 

inconsistency of the DNB radiances consequently led to inequalities in the sensitivity of 203 

monitoring NTL changes, therefore disparities in the occurrences, magnitude, and timing of the 204 

changes across the VZA. Fig. 5 shows a sample with disparate magnitudes and occurrences of 205 

DNB radiance change among the different VZA ranges. The near-nadir time series has a larger 206 

magnitude of change in early 2016 than the ones with 20°-40° VZA, while this 2016 change is 207 

hardly noticeable from the off-nadir time series with 40°-60° VZA (Fig 5). Thus, to enhance the 208 

temporal consistency for angular affected NTL emission areas, we divided the VZA range into 209 

three equal ranges, 0-20°, 20°-40°, and 40°-60°, following the near-nadir (0-20°) and off-nadir 210 

(40°-60°) divisions of the NASA’s Black Marble product. A fourth VZA interval of 0-60° is also 211 

included to balance the trade-off between DNB time series temporal consistency and temporal 212 
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density, as time series observations stratified by VZA will substantially reduce the data temporal 213 

density and therefore reduce their capability in monitoring NTL changes that can be only 214 

observed for a very short time (e.g., loss of electric grid power supply or large-scale gathering 215 

events ).  216 

 217 

 218 
Fig. 4. The VZA stratified DNB time series (left) and the boxplot of DNB observations of different VZA 219 

intervals (right) for the corresponding pixel on the left. The red, green, and blue dots indicate the DNB 220 

observations within different VZA intervals. (a) A rural grocery store in Seekonk, MA, U.S.; (b) 221 

Downtown Melbourne, Australia; (c) Dense residential area with multi-story buildings, Nahyan, Egypt.  222 

 223 
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 224 
Fig. 5. The VZA stratified DNB time series and high-resolution images of a riverside esplanade with new 225 

pedestrians built in 2016 near Charles River in Massachusetts, U.S. (a) DNB time series at the riverside 226 

esplana. The red, green, and blue dots indicate the DNB observations within different VZA intervals. (b) 227 

The high-resolution Google Earth image in June 2015 of the selected pixel in Fig. 5a. The red rectangle 228 

represents the location and size of the selected pixel. (c) The high-resolution Google Earth image in June 229 

2017 of the selected pixel in Fig. 5a. The red rectangle represents the location and size of the selected 230 

pixel. 231 

 232 

3.3. Continuous monitoring of NTL change 233 

The VZA-COLD algorithms were applied to estimate time series models from DNB observations 234 

collected within different VZA intervals while collectively identifying NTL changes across all 235 

VZA strata. For DNB observations stratified within each VZA interval, an individual harmonic 236 

model was estimated to capture the seasonality and trend of the DNB time series, which could 237 

greatly reduce the impact from the intra-annual (e.g., vegetation phenology and snow) and inter-238 

annual (e.g., gradual economic growth and vegetation long-term growth) changes. We tested the 239 

models with unimodal, bimodal, and trimodal seasonality (4, 6, and 8 coefficients) based on the 240 



13 

Ordinary Least Square (OLS) regression, Least Absolute Shrinkage and Selection Operator 241 

(LASSO) regression (Tibshiranit, 1996), and robust regression (Hampel et al., 2011; Zhu et al., 242 

2012) to explore the optimal combinations for modeling the daily DNB time series. We observed 243 

that models with a single-term harmonics model (Eq. 1) and based on robust regression had the 244 

best results for our calibration samples and were more robust to outliers and less likely to be 245 

overfitted. Therefore, the single-term harmonic model (Eq. 1) estimated based on robust 246 

regression was selected to predict the overall DNB magnitude, intra-annual seasonality, and 247 

inter-annual trends, which would be used in continuous monitoring of NTL changes.  248 

�̂�𝑖,𝑥 =  𝑎0 +  𝑎1𝑐𝑜𝑠 (
2𝜋

𝑇
𝑥)  + 𝑏1𝑠𝑖𝑛 (

2𝜋

𝑇
𝑥)  +  𝑐1𝑥                              (1) 249 

where, 250 

�̂�𝑖,𝑥: Predicted DNB value for the ith VZA interval at Julian date x. 251 

x: Julian date. 252 

𝑇: Number of days per year (𝑇 = 365.25). 253 

𝑎0: Coefficient for overall value for the DNB. 254 

𝑎1, 𝑏1: Coefficient for intra-annual change for the DNB. 255 

𝑐1: Coefficient for inter-annual change (slope) for the DNB. 256 

 257 

Continuous change detection was conducted based on the models estimated from each VZA 258 

stratification following the COLD algorithms (Zhu et al., 2020), by comparing the actual 259 

observations with the model predictions. Breakpoints were identified based on the number of 260 

consecutive anomaly observations beyond the applied change probability thresholds. The VZA-261 

COLD made three major changes compared with the original COLD algorithm. First, due to the 262 

high temporal frequency and the large fluctuations observed with the daily DNB time series, 263 
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VZA-COLD would tolerate one of the observations (except for the first one) not showing up as 264 

an anomaly in the consecutive anomaly test. Second, VZA-COLD detected changes based on a 265 

set of four time series models estimated from observations of different VZA intervals (instead of 266 

observations from different spectral bands), and when a breakpoint was identified by any of the 267 

VZA interval models, it would be applied to all the four VZA-stratified models, and thus, 268 

dividing their time segments with the same break time. Third, the optimal parameters for the 269 

change detection process were also different from the default COLD algorithm. We tested the 270 

number of consecutive anomaly observations to confirm a change from 12 to 16, along with the 271 

change probabilities of 70%, 75%, 80%, 85%, and 90%, and analyzed the performance metrics 272 

of omission rate, commission rate, and F1 score based on the calibration samples (Fig. 6). 273 

According to the results, the consecutive anomaly observation of 14 and 75% change probability 274 

were selected to detect NTL changes.  275 

 276 

   277 
Fig. 6. Change detection results with different numbers of consecutive anomaly observations, and 278 

different change probabilities. Where the shapes of the marker represent the selected number of 279 

consecutive anomaly observations (from 12 to 16), the marker sizes indicate the applied change 280 

probability (70%, 75%, 80%, 85%, and 90%), and the marker face colors show the F1 scores. 281 

 282 
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3.4. Consistent dark pixel removal 283 

Change probability in VZA-COLD was normalized by the RMSE calculated from robust 284 

regression, which could be still sensitive to pixels that are consistently dark due to their relatively 285 

low temporal uncertainties and resulted very small RMSE values in model estimation. Therefore, 286 

a slight change in the DNB values caused by outliers could lead to a substantial increase in the 287 

final normalized change probability, and result in commission errors. To mitigate this issue, the 288 

detected breakpoints with low overall values of DNB and small change magnitudes are 289 

considered as low confidence changes that are more likely to be commission errors caused by the 290 

outliers. Changes detected over the consistent dark area were identified based on the model 291 

predicted overall DNB values before and after the change, and the corresponding change 292 

magnitude. A threshold of 1.0 𝑛𝑊 ∗ 𝑚−2 ∗ 𝑠𝑟−1, which is two times the breakthrough value of 293 

the NTL detection limit (𝐿𝑚𝑖𝑛 =  0.5 𝑛𝑊 ∗ 𝑚−2 ∗ 𝑠𝑟−1) defined in the daily Black Marble 294 

product (Román et al., 2018), was applied to exclude the low confidence changes in consistent 295 

dark areas. The detected breakpoints, with before-break overall value, after-break overall value, 296 

and change magnitude value all less than 1.0 𝑛𝑊 ∗ 𝑚−2 ∗ 𝑠𝑟−1, would be identified as consistent 297 

dark pixels and would be removed from the final change detection results. Commissions caused 298 

by the scattering light (Fig. 7) and salt-and-pepper noise (Fig. 8) were substantially removed by 299 

this approach.   300 
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  301 
Fig. 7. DNB time series, high-resolution image, and annual NTL change maps for the selected consistent 302 

dark pixel with scattering light. It is located near a desert highway with improvement in electrification 303 

around 2017, in northwestern Saudi Arabia. (a) DNB time series at a dark barren pixel with a commission 304 

error before the consistent dark pixel removal was applied. The red, green, blue, and grey colors indicate 305 

the different VZA intervals, lines represent the fitting models, small dots are the DNB observations, and 306 

the large magenta dot is the detected change (red cross in Fig. 7c) that would be excluded by the dark 307 

pixel removal process (red cross in Fig. 7d). (b) The high-resolution Google Earth image in July 2018 of 308 

the selected pixel in Fig. 7a. The red rectangle represents the location and size of the selected pixel. (c) 309 

The accumulated annual NTL change maps before the dark pixel removal process. (d) The accumulated 310 

annual NTL change maps after the dark pixel removal process. The dark background in Fig. 7c and Fig. 311 

7d is the Esri ArcMap Dark Gray Canvas base map. 312 

 313 
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 314 
Fig. 8. DNB time series, high-resolution image, and annual NTL change maps of the selected consistent 315 

dark pixel with pepper-and-salt noise. It is located in the vegetation areas of Mifflin, PA, US. (a) The 316 

DNB time series of a selected pixel with a commission error before the consistent dark pixel removal was 317 

applied. The red, green, blue, and grey colors indicate the different VZA intervals, lines represent the 318 

estimated models, small dots are the DNB observations, and the large magenta dot is the detected change 319 

(red cross in Fig. 8c) which would be excluded by the dark pixel removal (red cross in Fig. 8d). (b) The 320 

high-resolution Google Earth image in October 2015 of the selected barren pixel. The red rectangle 321 

represents the location and size of the selected pixel. (c) The accumulated annual NTL change maps 322 

before the dark pixel removal. (d) The accumulated annual NTL change maps after the dark pixel 323 

removal. The dark background in Fig. 8c and Fig. 8d is the Esri ArcMap Dark Gray Canvas base map. 324 

 325 

3.5. Accuracy assessment 326 

A total of six VIIRS tiles, including h10v04, h13v11, h18v04, h17v08, h29v05, and h32v12, 327 

were selected as the validation tiles to cover all six non-polar continents (Fig. 1). The stratified 328 

random sampling strategy (Olofsson et al., 2014) was applied for selecting the validation 329 
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samples. The annual change maps from 2013 and 2021 of all the validation tiles were used for 330 

the stratification, and a total number of 1,088 samples, of which 931 from the stable stratum and 331 

157 from the change stratum were selected. Each reference sample represents not only a location 332 

on the ground but also a place in time. Manual interpretation of the validation samples was 333 

conducted based on original NTL imagery, high-resolution images from Google Earth and 334 

PlanetScope data, International Space Station (ISS) nighttime photos, and other available 335 

socioeconomic data. A reference sample will be labeled as correct if the mapped category (e.g., 336 

change or stable) is the same as it is interpreted in the selected calendar year. 337 

                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                      338 

4. Results 339 

4.1. Visual assessment 340 

We applied the VZA-COLD algorithm to all the selected tiles (Fig. 1) to examine its change 341 

detection performances for various kinds of human-related NTL changes over different regions. 342 

The annual and day-of-year NTL change maps from 2013 to 2021 were created for every pixel. 343 

To demonstrate the algorithm’s abilities in monitoring NTL changes, we investigated a range of 344 

urban and peri-urban regions with human activity changes corresponding to different land use, 345 

demographic, and socioeconomic typologies (Stokes and Seto, 2019). The results, shown in Figs. 346 

9-16, illustrated how the algorithm can accurately capture NTL changes caused by the major 347 

types of both short-term and long-term transitions. These factors include, but are not limited to, 348 

urbanization processes in sub-urban areas, non-residential constructions of public facilities, land 349 

cultivation of a new modern agriculture field, redevelopment of a pre-existing urban area 350 

triggered by the economic growth, de-electrification derived by the renovation of lighting 351 

technologies and environmental policies, armed conflicts, and power grid loss caused by natural 352 
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hazards. Meanwhile, the identified changed areas covered a wide range of human footprints with 353 

different land cover and land use types, including the highly populated urban areas, urban green 354 

space, suburban and rural areas, agricultural fields, roads, and barren land regions with human 355 

activities.  356 

 357 

Urbanization with constructions of residential and non-residential developments is one of the 358 

most prevalent human-driven land cover and land use changes. Fig. 9 showed the urban 359 

expansion process of a new residential community in the suburban area of Melbourne, Australia 360 

that converted the agriculture fields to impervious surfaces. A gradual NTL change was captured 361 

by the algorithm at this site, which is consistent with the built-up period of this new settlement 362 

from 2017 to 2021 (Fig. 9c). Figs. 10-11 showed the construction actions of a newly built 363 

international airport in the suburban areas of Beijing, China (Fig. 10) and the Olympic Parks in 364 

Rio de Janeiro, Brazil (Fig. 11). Multiple NTL changes were identified for the new international 365 

airport, which aligned well with the different construction stages (Fig. 10c). The timing of these 366 

three identified changes agreed with the start of land clearance in February 2016, the time when 367 

the major construction of the airport was finished in 2018, and its opening date in September 368 

2019. At the Olympic Parks in Rio, an increase in artificial light emissions was caused by the 369 

new facilities and the large gathering event of the Olympic Games in summer 2016, and this 370 

abrupt NTL change was also successfully captured (Fig. 11). In addition to urban developments, 371 

the land cultivation engendered by the food consumption in agricultural land can also be 372 

captured by the DNB time series. Fig. 12 showed a new modern organic vegetable greenhouse 373 

built with LED plant light at night in the low light area of Canada. According to the time series 374 

result of the selected pixel (Fig. 12c), a dramatic increase of the NTL was captured in 2017 after 375 
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the greenhouse was put into use. Redevelopment driven by the population and economic growth, 376 

and de-electrification caused by new technologies and environmental policies can shift 377 

intensities of the artificial NTL over pre-existing developments without land conversions. Fig. 13 378 

showed the redevelopment of urban areas in Abidjan, Ivory Coast. Foreign investments 379 

promoted both GDP and population density of the urban environment of Abidjan 380 

(Ramiaramanana et al., 2021), which was detected in 2014. The large-scale renovation of LED 381 

streetlights in the suburban areas of Milan that were planned by environmental policies 382 

encouraged by the International Registered Exhibition in 2015 (World EXPO) can also be 383 

detected from the annual NTL change map (Fig. 14). A significant drop in the NTL radiances 384 

was captured in 2014 after the new energy-saving LED streetlights with less upward emission 385 

were installed. 386 

 387 

Changes in human behavior at night, armed conflict, and power grid loss can lead to short-term 388 

NTL shifts. VZA-COLD successfully detected these short-term changes in a timely manner. In 389 

urban areas with high dynamics of NTL caused by armed conflicts such as the Syrian Civil War 390 

in Raqqa, the algorithm identified multiple NTL changes between the stable periods with 391 

relatively short durations (Fig. 15). In September 2017, Puerto Rico was hit by two powerful 392 

hurricanes, and the abrupt power outage and gradual restoration were successfully identified by 393 

the VZA-COLD algorithm (Fig. 16). 394 

      395 
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 396 
Fig. 9. The NTL change maps, the time series plot of a selected pixel, and high-resolution images for an 397 

urbanized suburban area in Melbourne, Australia. (a) The accumulated annual NTL change maps from 398 

2013 to 2021 with the latest detected change year presented. (b) The day-of-year NTL change maps over 399 

the region enlarged from the white rectangle from Fig. 9a. (c) The time series plot of a selected pixel (red 400 

cross in Fig. 9b) and the corresponding VZA-COLD detection results, in which the red, green, blue, and 401 

grey colors indicate the different VZA intervals, lines represent the estimated models, small dots are the 402 

DNB observations, and the large magenta dot is the detected change. (d) The high-resolution Google 403 

Earth image in January 2015. The red rectangle represents the location and size of the selected pixel. (e) 404 

The high-resolution Google Earth image in March 2020. The red rectangle represents the location and 405 

size of the selected pixel. The dark background in Fig. 9a and Fig. 9b is the Esri ArcMap Dark Gray 406 

Canvas base map. 407 

 408 

 409 

 410 

 411 
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 412 
Fig. 10. The NTL change maps, the time series plot of a selected pixel, and high-resolution images for a 413 

new airport built in Beijing, China. (a) The accumulated annual NTL change maps from 2013 to 2021 414 

with the latest detected change year presented. (b) The day-of-year NTL change map in 2019 over the 415 

region enlarged from the white rectangle from Fig. 10a. (c) The time series plot of a selected pixel (red 416 

cross in Fig. 10b) and the corresponding VZA-COLD detection results, in which the red, green, blue, and 417 

grey colors indicate the different VZA intervals, lines represent the estimated models, small dots are the 418 

DNB observations, and the large magenta dots are the detected changes. (d) The high-resolution Google 419 

Earth image in January 2015. The red rectangle represents the location and size of the selected pixel. (e) 420 

The high-resolution Google Earth image in August 2020. The red rectangle represents the location and 421 

size of the selected pixel. The dark background in Fig. 10a and Fig. 10b is the Esri ArcMap Dark Gray 422 

Canvas base map. 423 

 424 

 425 

 426 
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 427 
Fig. 11. The NTL change maps, the time series plot of a selected pixel, and high-resolution images for the 428 

Olympic Park in Rio, Brazil. (a) The accumulated annual NTL change maps from 2013 to 2021 with the 429 

latest detected change year presented. (b) The day-of-year NTL change map in 2016 over the region 430 

enlarged from the white rectangle from Fig. 11a. (c) The time series plot of a selected pixel (red cross in 431 

Fig. 11b) and the corresponding VZA-COLD detection results, in which the red, green, blue, and grey 432 

colors indicate the different VZA intervals, lines represent the estimated models, small dots are DNB 433 

observations, and the large magenta dot is the detected changes. (d) The high-resolution Google Earth 434 

image in September 2015. The red rectangle represents the location and size of the selected pixel. (e) The 435 

high-resolution Google Earth image in June 2016. The red rectangle represents the location and size of 436 

the selected pixel. The dark background in Fig. 11a and Fig. 11b is the Esri ArcMap Dark Gray Canvas 437 

base map. 438 

 439 

 440 

 441 
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 442 
Fig. 12. The NTL change maps, the time series plot of a selected pixel, and high-resolution images for a 443 

new organic vegetable greenhouse built in Canada. (a) The accumulated annual NTL change maps from 444 

2013 to 2021 with the latest detected change year presented. (b) The day-of-year NTL change map in 445 

2017 over the region enlarged from the white rectangle from Fig. 12a. (c) The time series plot of a 446 

selected pixel (red cross in Fig. 12b) and the corresponding VZA-COLD detection results, in which the 447 

red, green, blue, and grey colors indicate the different VZA intervals, lines represent the estimated 448 

models, small dots are the DNB observations, and the large magenta dots are the detected changes. (d) 449 

The high-resolution Google Earth image in August 2013. The red rectangle represents the location and 450 

size of the selected pixel. (e) The high-resolution Google Earth image in May 2017. The red rectangle 451 

represents the location and size of the selected pixel. The dark background in Fig. 12a and Fig. 12b is the 452 

Esri ArcMap Dark Gray Canvas base map. 453 

 454 

 455 



25 

 456 
Fig. 13. The NTL change maps, the time series plot of a selected pixel, and high-resolution images for the 457 

city of Abidjan, Ivory Coast. (a) The accumulated annual NTL change maps from 2013 to 2021 with the 458 

latest detected change year presented. (b) The day-of-year NTL change map in 2014 over the region 459 

enlarged from the white rectangle from Fig. 13a. (c) The time series plot of a selected pixel (red cross in 460 

Fig. 13b) and the corresponding VZA-COLD detection results, in which the red, green, blue, and grey 461 

colors indicate the different VZA intervals, lines represent the estimated models, small dots are the DNB 462 

observations, and the large magenta dot is the detected changes. (d) The high-resolution Google Earth 463 

image in January 2013. The red rectangle represents the location and size of the selected pixel. (e) The 464 

high-resolution Google Earth image in December 2015. The red rectangle represents the location and size 465 

of the selected pixel. The dark background in Fig 13a and Fig. 13b is the Esri ArcMap Dark Gray Canvas 466 

base map. 467 

 468 

 469 



26 

 470 
Fig. 14. The NTL change maps, the time series plot of a selected pixel, and high-resolution images for 471 

Milan, Italy. (a) The accumulated annual NTL change maps from 2013 to 2021 with the latest detected 472 

change year presented. (b) The day-of-year NTL change map in 2014 over the region enlarged from the 473 

white rectangle from Fig. 14a. (c) The time series plot of a selected pixel (red cross in Fig. 14b) and the 474 

corresponding VZA-COLD detection results, in which the red, green, blue, and grey colors indicate the 475 

different VZA intervals, lines represent the estimated models, small dots are the DNB observations, and 476 

the large magenta dot is the detected changes. (d) The high-resolution Google Earth image in March 477 

2013. The red rectangle represents the location and size of the selected pixel. (e) The high-resolution 478 

Google Earth image in July 2015. The red rectangle represents the location and size of the selected pixel. 479 

The dark background in Fig. 14a and Fig. 14b is the Esri ArcMap Dark Gray Canvas base map. 480 

 481 
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 482 
Fig. 15. The NTL change maps, the time series plot of a selected pixel, and high-resolution images for 483 

Raqqa, Syria. (a) The accumulated annual NTL change maps from 2013 to 2021 with the latest detected 484 

change year presented. (b) The day-of-year NTL change map in 2015 over the region enlarged from the 485 

white rectangle from Fig. 15a. (c) The time series plot of a selected pixel (red cross in Fig. 15b) and the 486 

corresponding VZA-COLD detection results, in which the red, green, blue, and grey colors indicate the 487 

different VZA intervals, lines represent the estimated models, small dots are the DNB observation, and 488 

the large magenta dots are the detected changes. (d) The high-resolution Google Earth image in January 489 

2013. The red rectangle represents the location and size of the selected pixel. (e) The high-resolution 490 

Google Earth image in July 2020. The red rectangle represents the location and size of the selected pixel. 491 

The dark background in Fig. 15a and Fig. 15b is the Esri ArcMap Dark Gray Canvas base map. 492 

 493 

 494 

 495 

 496 

 497 

 498 

 499 
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 500 
Fig. 16. The NTL change maps, the time series plot of a selected pixel, and high-resolution images for 501 

Puerto Rico. (a) The accumulated annual NTL change maps from 2013 to 2021 with the latest detected 502 

change year presented. (b) The day-of-day NTL change map in 2017 over the region enlarged from the 503 

white rectangle from Fig. 16a. (c) The time series plot of a selected pixel (red cross in Fig. 16b) and the 504 

corresponding VZA-COLD detection results, in which the red, green, blue, and grey colors indicate the 505 

different VZA intervals, lines represent the estimated models, small dots are the DNB observations, and 506 

the large magenta dots are the detected changes. (d) The high-resolution Google Earth image in July 507 

2017. The red rectangle represents the location and size of the selected pixel. (e) The high-resolution 508 

Google Earth image in October 2017. The red rectangle represents the location and size of the selected 509 

pixel. The dark background in Fig. 16a and Fig. 16b is the Esri ArcMap Dark Gray Canvas base map. 510 

 511 

4.2. Quantitative evaluation 512 

Based on 1,088 stratified random samples and following the “good practice” (Olofsson et al., 513 

2014), the overall accuracy of the map is 99.54%±0.19% (95% confidence interval), with a 514 

user’s accuracy of 68.25%±3.40% (95% confidence interval) and producer’s accuracy of 515 

66.89%±16.19% (95% confidence interval) for the NTL change category. 516 

 517 

5. Discussion and Conclusions 518 

Understanding heterogeneity in human settlements is important for linking development patterns 519 

to ecological, economic, and social health (Stokes and Seto, 2019). While daytime optical remote 520 
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sensing has tracked urban land cover change for decades (Zhu et al., 2019), there is a need for 521 

new data and analytical tools to be able to monitor whether changes in urban infrastructure are 522 

keeping pace with key factors tied to global sustainability trends and opportunities. NTL data 523 

derived from the Suomi-NPP and NOAA-20 VIIRS DNB, have the potential to add our 524 

understanding of urban infrastructural transitions. But to date, the high temporal variation of the 525 

VIIRS DNB observations (Elvidge et al., 2022; Li et al., 2019; Wang et al., 2021) has made it 526 

challenging to monitor and detect these factors, at the characteristic temporal scales necessary to 527 

capture urban development processes. With the major environmental effects of atmosphere and 528 

moonlight removed, the atmospheric- and Lunar-BRDF-corrected NASA’s Black Marble 529 

products provide new opportunities to use extremely dense (e.g., daily) NTL time series. In this 530 

study, we developed a VZA stratified algorithm for continuous monitoring of NTL changes 531 

based on the daily Black Marble products. With the observations stratified into four VZA 532 

intervals, this approach estimated an individual time series model for each VZA interval. Based 533 

on the predicted and the observed values, consistent breakpoints were identified and applied to 534 

all VZA stratified models as potential NTL changes when any of the VZA interval models 535 

detected consecutive anomaly observations (can tolerate one exception). Quantitative evaluation 536 

of the NTL change detection result showed that the algorithm can detect NTL changes with 537 

omission and commission error rates < 30%. In addition to the detected breakpoints of the NTL 538 

patterns, slopes of the estimated models can also provide extra information on the trend of 539 

gradual NTL radiances changes. 540 

 541 

We developed new methods to filter, fit, and mitigate the high temporal uncertainties of the daily 542 

DNB time series observations. The applied 5x5 pixel buffer filtered potential outliers 543 
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surrounding cloud and snow pixels to mitigate the cloud and snow contamination. The single 544 

term harmonic model can estimate the intra-annual patterns of the DNB time series as a result of 545 

joint factors including vegetation phenology, winter snow coverage, and cyclical human activity 546 

changes. We mitigated and simplified the complex and combined effects of the wide ranges of 547 

sensor viewing angle and different surface geometry conditions by stratifying the DNB time 548 

series based on four sets of VZA intervals. Compared with correcting the viewing angle effect 549 

(Tan et al., 2022), the stratification strategy avoided the need for collecting local 3-dimensional 550 

structure data and would not be influenced by the potential bias introduced in the correction 551 

approaches. The combined knowledge derived from VZA interval subsets, and all data models 552 

reduced the variance across VZAs without decreasing the temporal frequency of the data. This 553 

new VZA stratification approach would be particularly useful for pixels with strong angular 554 

effects and changes that can only be observed under specific viewing angles. For pixels with 555 

homogeneous emission among different viewing angles and short-term NTL changes, all data 556 

models with 0-60 VZAs could provide accurate and timely results.  557 

 558 

The VZA-COLD algorithm can accurately detect different types of human-related NTL changes, 559 

either with or without land cover conversion (e.g., urban expansion). For NTL changes with land 560 

cover conversion, the concurrent changes of urbanization processes, construction actions, and 561 

land cultivation can be well detected with the potential in providing additional information about 562 

the land cover conversion stages. For the NTL changes without land cover conversion, the 563 

algorithm can identify the long-term and short-term land cover condition change, such as de-564 

electrification of the electric infrastructure, electric grid variations, and human behavior related 565 

disturbances. Compared with the daytime optical remote sensing imagery, the NTL change 566 
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metrics can provide complementary information of the human activity patterns that do not 567 

necessarily cause changes in land cover and provide a better understanding of coupling human-568 

environment systems with a unique perspective. 569 

 570 

Although VZA-COLD can model and detect the abrupt, cyclical, and gradual NTL changes for 571 

both the view angle affected and unaffected regions, it also has some limitations. For example, 572 

high latitude areas with large coverage of winter snow/ice could still lead to many commission 573 

errors if the cloud/snow QA and their buffers did not exclude them well. This error could be 574 

reduced in the upcoming Collection 2 Black Marble products after reprocessing all the data with 575 

an improved snow flag derived from the VIIRS snow product with higher spatial resolution. 576 

Moreover, the change probability threshold for each time series model is currently calculated 577 

based on the same RMSE for all periods, and the temporally varying fluctuations caused by the 578 

winter weather are more likely to be identified as NTL changes. To overcome this issue, further 579 

adjustments could be performed to consider the changing temporal variation of NTL data within 580 

a year, such as applying the temporally adjusted RMSE values for change detection (Zhu et al., 581 

2015). Moreover, further post-processing steps such as filtering or including NTL changes based 582 

on their spatial patterns could also be explored. 583 

 584 

In conclusion, we developed a VZA stratified COLD algorithm to continuously monitor NTL 585 

changes based on the daily atmospheric- and Lunar-BRDF-corrected Black Marble product. This 586 

method enabled the dense daily time series analysis of the DNB data by reducing the viewing 587 

angle introduced variations without decreasing the temporal frequency of the data. The results 588 
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indicate that this method could be applied for operational mapping of global NTL changes at a 589 

spatial resolution of 15-arc-second with a daily updating frequency. 590 
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