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Abstract: The long-term monitoring of nighttime lights is essential for understanding
sources of light pollution. Nighttime lights observed in space are affected by atmospheric
conditions as they transmit from the Earth surface through clouds and aerosols to the top
of the atmosphere. In this study, based on the monthly cloud-free VIIRS/DNB products,
we analyzed the long-term nighttime lights in Hong Kong (2012-2020). We found that
the monthly variations in nighttime lights were large, especially in bright regions. The
12-month average of nighttime lights ranged from 13.0 to 18.9 nWem ~2sr~ 1. Public trans-
portation facilities, such as port facilities and the airport, were the brightest, twice as bright
as other urban areas. Public residential areas were slightly brighter than private ones. These
urban areas were at least four times brighter than undeveloped regions, showing a signifi-
cant alteration in light at night due to artificial facilities. Further, we used an unsupervised
clustering method to identify specific patterns. While nighttime lights were stable in most
regions, increasing trends were found at construction sites of a new artificial island and the
airport expansion. Abnormal patterns, such as wildfires, were also recognized. We found
that the background nighttime lights were brighter in wet months (e.g., April) and dimmer
in dry months (e.g., January). The amount of water in the atmosphere affects nighttime
light scattering, with a linear correlation (R = 0.68) between humidity and the occurrence of
bright nighttime lights each month. The diverse sources and variations in nighttime lights
call for continuous monitoring and advanced analytical methods to better understand their
environmental and societal impacts.

Keywords: nighttime lights; artificial light at night; VIIRS; light pollution; humidity;
wildfire

1. Introduction

Artificial light at night (ALAN), or nighttime lights, accompanies the development
of our civilization. Before the invention of electricity, fire was our sole source of warmth
and light at night [1]. To this day, gas flaring, a form of fire, continues to illuminate the
dark sky in remote areas, such as Siberia, as seen in satellite imagery [2]. In modern society,
the use of nighttime lights has expanded beyond practical purposes to include esthetic
functions. Artificial lighting has created an opportunity for cities to provide entertainment
and attract tourism [3,4]. In this context, satellite-observed nighttime lights are often
used to study socioeconomic phenomena [5-7]. However, overexposure to the increasing
intensity of nighttime lights could lead to health and environmental problems, such as
a heightened risk of cancer and a reduction in the density of sea turtles and seabirds in
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their natural habitats [8-10]. Light pollution, similar to air pollution caused by excessive
particulate matter, results from too much light at night and has become an emerging type
of environmental pollution [11-14].

To study light pollution, scientists have developed three primary measurement meth-
ods: measuring the brightening of the night sky, measuring the emitted lights into space,
and measuring horizontal light emission [15]. These measurements can be represented as
a brightness value using a one-dimensional meter, a two-dimensional image captured by
a camera, or a sequence of spectra obtained by a spectrometer. For the one-dimensional
meters, the most popular instrument is the Sky Quality Meter (SQM), which measures the
night sky brightness (NSB) [16-19]. Two-dimensional imagery can be captured upwards,
downwards, or horizontally, resulting in three branches of measurement. For the upward
branch, the All-Sky Transmission Monitor, which uses a fisheye lens and an integrated astro-
nomical charge-coupled device camera, is one of the most widely used instruments [20-22].
When horizontal, a camera equipped with a fisheye lens can observe light pollution from
a human perspective, which has the advantage of easily identifying light sources [23-25].
Finally, cameras and sensors installed on satellites or the International Space Station can
measure light emitted directly into space [26-29]. For satellite observations, the two most
popular data sources are the Defense Meteorological Program Operational Line-Scan Sys-
tem (DMSP/OLS) and the Visible Infrared Imaging Radiometer Suite Day/Night Band
(VIIRS/DNB) products. The DMSP/OLS product recorded annual global ALAN at a reso-
lution of 2.7 km between 1993 and 2012 [30]. Since then, the VIIRS/DNB products, with a
resolution of 742 m, have become the primary source for studying nighttime lights [7].

Thanks to increased spatial resolution, low-light sensitivity, on-orbit calibration, and
higher data dynamics, the VIIRS/DNB product offers significant improvements for study-
ing socioeconomic phenomena [31,32]. For example, Xu et al. [33] found that the VI-
IRS/DNB product provided a more sensitive detection of increasing nighttime lights in
protected areas in China compared to the DMSP/OLS data. Zhang et al. [34] corrected for
saturation and variation in nighttime lights and proposed a vegetation-adjusted index for
mapping urban areas. The nighttime lights data have also been used to evaluate poverty in
Africa and China using machine learning algorithms [35,36]. Beyond daily life applications,
Li and Li [37] used nighttime lights to assess war crises, using the Syria Crisis as an exam-
ple. Cao et al. [38] conducted two case studies using the VIIRS/DNB data to detect power
outages after severe storms in Washington DC in June 2012 and the East Coast of the United
States in October 2012. Wang et al. [39] and Roman et al. [40] conducted similar studies
using the improved VIIRS/DNB product (VNP46A1) in Puerto Rico, where Hurricane
Maria caused severe damage in September 2017. These nighttime lights data have also
been used to investigate the impact of light pollution on natural terrestrial ecosystems [41].

Despite the widespread use of satellite nighttime lights data, our understanding of
their sources, changes, and variations remains limited [42,43]. For example, Levin [44]
revealed the seasonal variation in VIIRS/DNB data due to vegetation and snow cover
in 2015. The primary source of nighttime lights is expected to be city lighting, but gas
flaring was found to emit unexpectedly high levels of light [45]. In 2019, angular effects
in the VIIRS/DNB data were revealed by Li et al. [46], which partially explained the
variation in VIIRS/DNB nighttime lights in both daily and monthly products. On the
other hand, satellite-observed nighttime lights within cities show temporal variations as
the reflection of real nighttime lights changes [47]. Further research is needed to better
understand the nature of nighttime lights and light pollution, particularly when using
nighttime satellite data.

Changes in nighttime lights might reflect actual changes in artificial lighting, such as
alterations in urban areas and lighting infrastructure, but variations can also arise from
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other factors. For example, nighttime lights data have been found to be valuable sources
for predicting PM2.5 air quality [48]. In technical terms, the diffuse light is influenced by
the transparency of the atmosphere or aerosol optical depth. The nature of diffuse light
near cities was discussed by de Miguel et al. [49], who stated that it was not solely due
to instrumental errors, as previously thought, but instead represented a real detection of
light scattered by the atmosphere. Other variations might come from transient phenomena,
such as wildfires [50]. Given the many factors at play, it is still challenging to analyze light
sources without a detailed and comprehensive analysis.

In this study, we analyze the long-term changes in nighttime lights in Hong Kong—one
of the most light-polluted cities—between 2012 and 2020, using all available VIIRS/DNB
monthly products. We seek to identify the long-term trends in nighttime lights, uncover
patterns, detect changes, and analyze the drivers behind these changes. To achieve this, we
analyzed the satellite-observed nighttime lights alongside a range of auxiliary datasets (e.g.,
land use, humidity, and air quality data) using methods such as time series regression and
agglomerative clustering. These datasets and methods will be described in the following
sections. The major contributions of this study are as follows.

¢  We analyzed the long-term pattern of nighttime lights from the VIIRS/DNB monthly
data in Hong Kong based on land use data. We utilized an unsupervised clustering
method to identify the specific sources and variations, including constructions of
artificial islands and airport expansion. The methods and analysis strategies used in
this study can be expanded to other studies for intra-urban analysis of nighttime lights.

¢ We find a significant correlation between diffuse light (background nighttime lights)
and relative humidity (R = 0.68). Background nighttime lights were brighter in wet
months and dimmer in dry months. With increased water content in atmosphere, Mie
scattering is stronger; thus, there is more diffuse light—a phenomenon constantly
being overlooked in nighttime lights.

2. Data
2.1. VIIRS/DNB Monthly Data

We obtained all available VIIRS/DNB monthly products from April 2012 to June
2020 via the Earth Observation Group website (https://eogdata.mines.edu/products/vnl/
(accessed on 15 July 2021)), resulting in a total of 99 months of data for analysis. The
VIIRS/DNB monthly products are composite data generated after preprocessing [51]. They
were averaged from the cloudless nights of each month, with the number of cloudless
nights provided. The preprocessing includes discarding sunlight, moonlight, and stray
light data, high energy particle (HEP) detection, lightning removal, cloud screening, outlier
removal, local background noise removal, and some manual editing [2].

Since Hong Kong is a coastal city surrounded by sea and experiences an East Asian
monsoon climate with frequent heavy clouds, some regions had zero valid observation in
certain months. This can be inferred from the global average direct normal irradiation map
(or simply the sunshine map) in Figure 1. East Asia has a lower-than-average direct normal
irradiation due to the subtropical monsoon climate (more clouds, less sunshine), especially
during the summer months. We filtered out the non-valid observations in our study.

Based on the monthly average, we observe four hot spots of nighttime lights in Hong
Kong. The first hot spot is in the city center, which includes the downtown area and a major
port (located on the west side of downtown). To the north, and closely connected to the
downtown, are three satellite towns: Shatin, Tai Po, and Sheung Shui. The third hot spot
is the airport, located on the western part of the map. The final hot spot consists of two
satellite towns (Yuen Long and Tuen Mun) in the northwest part of the map. Outside the
administrative area of Hong Kong lies the nearby city of Shenzhen.
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Figure 1. Long-term average of direct normal irradiation and the long-term monthly average of
VIIRS/DNB nighttime lights data. Data source of the direct normal irradiation: Solar resource data ©
2019 Solargis. The data are published in Global Solar Atlas under a Creative Commons 4.0 Attribution
International license, CC BY 4.0. Source link: https:/ /solargis.com/maps-and-gis-data/overview
(accessed on 15 July 2021).

2.2. Land Use Data

The land use data were downloaded from the Planning Department (https://www.
pland.gov.hk/pland_en/info_serv/open_data/landu/ (accessed on 15 July 2021)). The
original dataset consisted of 27 land use classes. We grouped similar classes to create a
simplified dataset with eleven land use categories: Private Residential, Public Residential,
Rural Settlement, Commercial, Industrial, Open Space and GIC (Government, Institution,
or Community), Roads and Railways, Airport, Port Facilities, Other Urban, and Vegetation.
Due to the coarse resolution of the VIIRS/DNB data, we resampled the land use data from a
spatial resolution of 10 m to match the resolution of the VIIRS/DNB data using the nearest
neighbor algorithm (Figure 2).

The number of pixels for each land use class is shown in Table 1. Vegetation is the
dominant land use class, largely due to the restrictions on development in mountainous
regions and the resulting lack of high-rise development. The major urban land use class is
Roads and Railways, which reflects a combination of the high-density road network and
the resampling of land use data to a coarser resolution. Commercial areas accounted for
the smallest area among all land use classes and were found only in scattered locations
within the coastal downtown area. The port facilities consist of two parts: one to the west
of downtown and the other to the south of Tuen Mun (refer to Figure 1 for the names and
locations of these areas).


https://solargis.com/maps-and-gis-data/overview
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Figure 2. Land use data in Hong Kong.

Table 1. Land use data. GIC stands for Government, Institution or Community.

Index Land Use Number of Pixels Original Land Use
1 Private Residential 121 Private Residential
2 Public Residential 88 Public Residential
3 Rural Settlement 175 Rural Settlement
4 Commercial 17 Commercial
5 Industrial 131 Industrial Land

Industrial Estates/SciTech Parks
Warehouse and Open Storage
6 Open Space and GIC 259 GIC Facilities
Open Space and Recreation
7 Roads and Railways 288 Roads and Transport Facilities
Railways
8 Airport 67 Airport
9 Port Facilities 23 Port Facilities
10 Other Urban 225 Cemeteries/Funeral Facilities
Utilities
Vacant Land /Construction in Progress
11 Undeveloped 4233 Agricultural Land
Fish Ponds/Gei Wais
Woodland
Shrubland
Grassland
Mangrove/Swamp
Badland
Rocky Shore
Reservoirs
Streams and Nullahs

2.3. Environmental Data

We used the monthly averages of the environmental data from each year to explore po-
tential correlations between diffuse nighttime lights and environmental factors that might
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influence atmospheric conditions. The relative humidity and sunshine hours data were re-
trieved from the Hong Kong Observatory (https://www.hko.gov.hk/en/cis/climahk.htm
(accessed on 15 July 2021)). Air quality data, including fine suspended particulates (PM2.5),
nitrogen dioxide, nitrogen oxides, ozone, respirable suspended particulates (PM10), and sul-
fur dioxide, were downloaded from the Hong Kong Environmental Protection Department
(https://cd.epic.epd.gov.hk/EPICDI/air/station/?lang=en (accessed on 15 July 2021)).
The monthly averages of environmental data were utilized to provide a comprehensive
representation of conditions across the entire city. These averages were then compared
with the statistics derived from the brightest pixels in nighttime light data. A total of eight
environmental factors were examined in this study.

3. Method
Agglomerative Clustering

We used the agglomerative clustering method from the SCIKIT-LEARN library version
0.21 on the PYTHON 3.8 platform to analyze spatial patterns in the nighttime lights
data [52]. Agglomerative clustering is an unsupervised algorithm that clusters similar
patterns together using a bottom-up approach. We applied the WARD linkage method
to minimize the variance within each cluster using Euclidean distance [53]. In practice,
determining the optimal number of clusters can be challenging. A small number of clusters
may result in mixed clusters that are difficult to distinguish, while a large number of clusters
may lead to over-categorization, making the analysis meaningless (e.g., one instance per
class in extreme cases). In our analysis, we show all the pixels’ time series within each
cluster; as such, if there exist time series that appear to be outliers, they would be easily
spotted and suggest that a larger number of clusters is necessary. A few metrics or scoring
systems have been developed to quantify the quality of clustering, e.g., the silhouette
score [54]. In our case, the silhouette score decreases with an increasing number of clusters,
even when the number is relatively small (starting at 10)—a level not acceptable for granular
analysis given the complexity of nighttime events. As such, in our analysis, based on visual
inspection, we used a larger number and decided on 48 clusters to avoid missing small
nighttime events that lead to changes in nighttime lights. At this level, nighttime light
patterns can be easily identified, and the mixture of light signals is acceptable for analysis.

4. Results and Analysis
4.1. Long-Term Nighttime Lights in Hong Kong

We show the long-term trend of nighttime lights in Hong Kong in Figure 3 across
various quantiles. The figure’s background color is set to gray for the dry months (October
to April). Nighttime lights in Hong Kong showed significant variability, with the 99%
quantile around 100 nWem ~2sr~1, the average value around 17 nWem ™ 2sr~ 1, and the 50%
quantile around 5 nWem 2sr~ L. The large difference between the 50% quantile and the
average value indicates that most regions in Hong Kong are relatively dark, consistent with
the fact that many areas are protected mountainous vegetation zones.

The nighttime lights data were highly scattered during these months. For instance, in
some months, nighttime lights dropped significantly, such as in July 2012 and February 2017,
which made it difficult to discern a clear overall trend. Additionally, seasonal variations
may be present in the nighttime lights data due to changes in vegetation cover [47]. To
better visualize the trend, we plotted the 12-month moving average of nighttime lights as a
dashed line in Figure 3, using the method described earlier. The 12-month moving average
started at 13.0 nWem ~2sr~! in March 2013 and increased to 17.7 nWem ~2sr~! by June 2014.
Its highest value was 18.9 nWem ~2sr~! in July 2018, and since then, it has remained stable
above 17.0 ntWem ~2sr 1.
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Figure 3. Quantiles of long-term nighttime lights in Hong Kong. Gray background: October to April
(dry month); white background: April to October (wet month). The x-axis label is month in the format
of YYMM, where “YY” denotes the last two digits of the year and “MM” represents the month.

4.2. Monthly Nighttime Lights Based on Land Use

We show a plot of the monthly time series nighttime lights grouped by land use
in Figure 4. Note that the y-axis is on a logarithmic scale. Among all land use classes,
port facilities were the brightest, with a value of 129.7 nWem ™ 2sr~! in June 2020, closely
followed by the airport at 111.8 nWem ™ 2sr 1. Among the five land use classes in urban
areas (Public Residential, Roads and Railways, Commercial, Open Space and GIC, and
Private Residential), the values of their nighttime lights were similar, ranging from 48.14
to 65.68 nWem ~2sr~! in June 2020. Interestingly, Public Residential exhibited the highest
nighttime light values among the five urban land use classes, while Private Residential had
the lowest. These five urban land use classes were significantly brighter than industrial
areas and rural settlements. Undoubtedly, vegetation had the lowest nighttime light value,
at9.5 nWem 2sr— 1.

Despite the relatively stable ranking of land use classes by nighttime light intensity,
their absolute values changed dramatically over the study period. Take the brightest land
use class, Port Facilities, as an example: it peaked in the summer (June to August) and
dropped in the winter. This pattern appears rather regular, which might indicate specific
seasonal variations in the satellite-observed nighttime lights in Hong Kong.

Interestingly, the highest value of nighttime lights did not come from the downtown
core urban areas but from large public transportation facilities such as port facilities and
the airport. These public transportation facilities are often owned or operated by the
government and could be prime candidates for implementing sustainable lighting solutions
to reduce unnecessary nighttime light emissions to space, as their lighting is not essential
for residents’ daily activities.
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Figure 4. Land use ranking by nighttime lights. Gray background: October to April (dry months);
white background: April to October (wet months). GIC stands for Government, Institution or
Community. The x-axis label is month in the format of YYMM.

4.3. Identified Regions of Interest

Using the unsupervised clustering method, we seek to identify areas with nighttime
light changes, either increasing or decreasing. As Hong Kong is a developed city, we expect
little change in most areas, which is confirmed by previous analyses using land use data.
When applying the unsupervised clustering method, we focus our analysis only on areas
that have changed.

4.3.1. Regions with Increasing Nighttime Lights

As shown in Figure 5, most nighttime lights remained stable or slightly increased over the
nine years. Some regions became consistently brighter with slopes greater than 0.4, specifically
clusters c5 (1.426), c8 (0.414), c26 (0.612), c45 (0.610), c46 (0.852), and c48 (2.406). In Figure 6,
alongside Figure 5, we show the corresponding land use class percentages for each cluster. As
observed, the land use distribution is inconclusive: some clusters are pure (e.g., c48), while
others are mixed (e.g., c1). For the identified clusters with slopes greater than 0.4, most are
relatively pure. For clusters 5 and 48, the dominant land use class is Open Space and GIC. For
clusters 8 and 46, the dominant land use class is Airport. The remaining clusters, 26 and 45,
are mixed: cluster 26 includes Open Space and GIC, Roads and Railways, and Other Urban,
while cluster 45 contains Sea, Rural Settlement, and Airport.

We show these regions in Figure 7. Clusters 5 and 48 are located at the artificial island
of the Hong Kong-Zhuhai-Macau Bridge. These regions became brighter starting in winter
2014 and reached their current brightness in 2018—the year when the bridge was opened
for business. According to the Hong Kong Highways Department (https:/ /www.hyd.gov.
hk/en/our_projects/road_projects/hzmb_projects/hkbcf/index.html (accessed on 15 July
2021)), the construction of the artificial island commenced in 2011. All construction work
began in December 2015. We observe that the increase in nighttime lights began after the
initial construction phase, before the final phase was completed, and peaked when the
bridge opened for business. The satellite-observed nighttime lights align with the actual
construction and development timeline.


https://www.hyd.gov.hk/en/our_projects/road_projects/hzmb_projects/hkbcf/index.html
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Figure 6. Land use distribution of the 48 clusters.
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Figure 7. Regions with increasing nighttime lights. Note that zero represents the sea and was not
included in the land use analysis. We used a buffer the include some seashore regions as they are
affected by the coastal nighttime lights.

The airport was the second brightest region identified, with a slope of 0.852 (c46). The
airport midfield concourse began construction in 2011 and was completed at the end of
2015. From the data (c46 in Figure 5), we can see that the increase in nighttime lights was
steady over time, rising from below 25 to over 100 n(Wem ™~ 2sr~! by 2020.

As for the Shek Kong Stabling Sidings, it was a side construction project alongside
the high-speed rail in Hong Kong. The high-speed rail opened on 23 September 2018.
We observe that the nighttime lights began to rise between 2016 and 2017. The Hong
Kong-Zhuhai-Macau Bridge, the airport expansion, and the high-speed rail have been
the three largest construction projects in Hong Kong in recent years. Between 2012 and
2020, there were no major urban development plans. The next major development is
the Tung Chung East extension (to the southeast of the airport), which is expected to
provide public housing for 10,000 families by 2025, though the project has been delayed
(https:/ /www.tung-chung.hk/about.php (accessed on 15 July 2021)). Nonetheless, we
anticipate that the next bright region will be Tung Chung East in the near future.

From the records above, we can conclude that the VIIRS nighttime lights data effec-
tively capture the early stages of three large public transportation projects, with brightness
peaking after the opening of public transportation facilities (the cross-border bridge and
the airport expansion). For the remaining regions with increasing nighttime lights, the
differences were relatively small. These regions include Happy Valley (c26) and several
hot spots along the remote east coast (c15). Happy Valley is a well-developed urban area,
and the presence of two large public sports facilities, the Happy Valley Racecourse and the
Hong Kong Stadium, may introduce some variability in the nighttime lights. As for the hot
spots on the remote east coast, they may be related to fishing boat activities in the summer.


https://www.tung-chung.hk/about.php

Remote Sens. 2025, 17, 1447

11 0f 18

i :,:- I..i.

"ir

R: Feb2016
G:Jun2020
B: Mar2018

.Df

-

Since Hong Kong was historically a fishing village and still hosts some fishing industries,
these activities are expected.

4.3.2. Wildfires

In Figure 8, we show two identified wildfire cases based on our unsupervised clus-
tering (28, ¢30). The red, green, and blue channels of the nighttime lights RGB composite
correspond to February 2016, June 2020, and March 2018, respectively. A red color indicates
regions that were brighter in 2016, while blue represents areas that were brighter in 2018.
The red region, located in Castle Park, was exceptionally bright in February 2016 when a
wildfire was reported (https:/ /hongkongfp.com/2016/02/07 /in-pictures-dramatic-hill-
fire-rips-through-tuen-mun-hillside/ (accessed on 15 July 2021)). The blue region, located
between Lau Fau Shan and Lam Tei, experienced a wildfire lasting over 33 h in March
2018 (https:/ /news.now.com/home/local/player?newsld=258246 (accessed on 15 July
2021)). These two wildfires resulted in unprecedented high values of nighttime lights in the
monthly VIIRS/DNB product. Without dedicating significant time to analyzing individual
pixels, these wildfires could be difficult to identify. However, with the assistance of the
unsupervised clustering method, these transient phenomena were easily detected in the
satellite-observed nighttime lights.

Figure 8. Daytime image (a) and nighttime lights RGB composite of the same region (b): R = February
2016, G = June 2020, B = March 2018. The extremely bright objects in February 2016 (red) and March
2018 (blue) were the reported wildfires. (c) Zoomed-in view of the wildfires region (yellow polygon)
in (b).

4.4. Correlation with Humidity

In Figure 9, we observe that the locations of the brightest months in a year appear to be
influenced by seasonal factors. During April, the brightest regions were concentrated in the
background areas, such as the sea and mountains, corresponding to diffuse light. This trend,


https://hongkongfp.com/2016/02/07/in-pictures-dramatic-hill-fire-rips-through-tuen-mun-hillside/
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though weaker, can still be seen in May. In contrast, the heat regions shifted towards major
light sources, such as cities, in January, when the distinction between urban areas (light
sources) and the background was more pronounced. Hong Kong has a subtropical climate,
with high humidity levels in the summer and low humidity levels in the winter, as shown
in Figure 9. When humidity is high, the scattering of diffuse light increases [55,56]. As a
result, regions that would typically be dark are illuminated by scattered diffuse light. This
enhanced diffuse light, influenced by humidity levels, may explain the observed seasonal
trend in the background nighttime lights in Hong Kong. A linear correlation (R = 0.6825)
was found between the relative humidity level and the number of maximum nighttime
lights for each month, indicating that the diffuse light captured in satellite imagery is
correlated with the relative humidity level.

50
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Figure 9. Relationship between humidity and number of maximum nighttime lights from the
background. First to third rows: the locations of maximum records on the specific month. Fourth
row (left to right): January RGB composite (R: 2013, G: 2016, B: 2019); average number of maximum
background nighttime lights; average monthly humidity in Hong Kong; linear relationship between
humidity and the number of maximum nighttime lights from the background.

4.5. Correlation with Environmental Factors

Beyond humidity, we also examined the correlations between the maximum values
for each month and other environmental factors. However, the results were not significant.
These factors, along with the maximum values in the background for each month, are
presented in Figure 10. For completeness, the correlations, including the R coefficient and
p-value, are summarized in Table 2.

Among all the factors analyzed, only the correlation between humidity and the maxi-
mum values for each month yielded a p-value smaller than 0.05 (p = 0.0144). For all other
factors, including sunshine hours, PM2.5, nitrogen dioxide, nitrogen oxides, ozone, PM10,
and sulfur dioxide, the correlations were insignificant. This comparison suggests that the
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Figure 10. Number of the maximum values of each month, sunshine hours, humidity, and other
environmental factors.

Table 2. Correlation in terms of R coefficient and p-value between environment factors and the
number of maximum values of each month.

Factor R Coefficient p-Value

Humidity 0.6825 0.0144 *
Sunshine hours —0.4009 0.1965
PM2.5 —0.3692 0.2375
Nitrogen Dioxide —0.2272 0.4778
Nitrogen Oxides —0.1212 0.7074
Ozone 0.1258 0.6967
PM10 0.3494 0.2656
Sulfur Dioxide 0.1147 0.7225

* p-value smaller than 0.05.

5. Discussion

This study demonstrates the application of VIIRS/DNB data in analyzing the sources
and spatiotemporal variations in nighttime lights in Hong Kong, a compact, high-density
city in a subtropical region. We examined long-term nighttime light patterns through
a land use-based analysis, unsupervised clustering, and correlation with environmental
factors. Our findings indicate that port facilities and airports were the brightest land
use categories, with their nighttime brightness levels approximately twice that of typical
residential and commercial urban areas. Within urban areas, public residential areas
exhibited the highest nighttime brightness (65 nWem 2sr— 1), followed by commercial
areas (54 nWem 2sr 1), private residential areas (48 nWem2sr 1), and industrial areas
(38 anm_zsr’l). These urban land use classes were more than four times brighter than
vegetation-covered regions, which registered only 9 nWem ~2sr~!. Given these disparities,
regulatory measures for artificial light at night should prioritize critical areas. One possible
approach is the implementation of appropriate shielding to minimize upward emissions
wherever feasible. Another strategy involves reducing the use of reflective surfaces to
mitigate excessive light scattering and diffusion.
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Our study is unique in that an analysis at the intra-city level using VIIRS/DNB data
has not been conducted before. Existing studies typically adopt and analyze the data at
a global or national scale [44,57], lacking the granularity necessary to connect nighttime
lights observed from satellites with human activities and urbanization processes. However,
understanding both the capabilities and limitations of VIIRS/DNB data is fundamental for
leveraging nighttime light observations to study socioeconomic effects. Our analysis reveals
significant fluctuations in the monthly data, suggesting that either resolution constraints or
natural atmospheric factors are at play. Given the long transmission path from the Earth’s
surface to the satellite, these variations must be considered in any interpretation. Due to these
limitations, we can only confirm the large-scale nighttime light changes induced by major
construction projects, such as the development of artificial islands or new airport runways.
Detecting more subtle urban renewal processes within dense urban areas remains challenging.
Although we cannot definitively determine whether Hong Kong has become brighter or
dimmer over the years based solely on VIIRS/DNB data, this does not imply that permanent
changes have not occurred. A more sophisticated approach, likely involving higher-resolution
satellite imagery, is required to capture finer-scale urban transformations. Given the spatial
resolution of VIIRS/DNB data, a detailed analysis such as ours provides valuable insights that
can inform the design of next-generation nighttime satellite missions tailored for urban studies.

One important finding from this study is the relationship between nighttime lights
and humidity, particularly in April. From March to May, before the onset of the monsoon
season, East Asian countries experience an extended period of extreme humidity known as
the East Asian rainy season [58—60]. During this time, relative humidity can reach 100%,
with a monthly average of 82% (Figure 10). Aerosol particles are known to influence light
scattering, leading to variations in diffuse light levels. Some studies have leveraged this
characteristic to estimate nighttime air pollution, particularly for PM2.5 and PM10 [61].
In our analysis, we have examined a broader range of other aerosol pollutants, including
PM2.5, Nitrogen Dioxide, Nitrogen Oxides, Ozone, PM10, and Sulfur Dioxide. However,
none of these pollutants exhibited a significant relationship with diffuse light. To further
ensure the robustness of our analysis, we also accounted for sunshine duration as a potential
confounding factor and found no evidence of bias. Spring and early summer (March to
June) are humid in Hong Kong, and thus it is unlikely that more nighttime activities occur
around these times of year. Previous research has demonstrated that ambient relative
humidity affects in situ light scattering, with the ambient scattering coefficient at 85%
relative humidity being three times higher than that under dry conditions, independent
of wavelength [56]. As atmospheric water content increases, Mie scattering intensifies,
resulting in greater diffuse light. Despite this well-established relationship, the influence of
relative humidity on remotely sensed nighttime lights has been largely overlooked.

Apart from the findings, several factors in this study must be acknowledged. First,
the VIIRS/DNB data used in this analysis have a spatial resolution of 742 m, which is too
coarse to capture detailed intra-urban lighting patterns. Given the high-density urban
design of Hong Kong, most data pixels encompass a diverse array of light sources while
also including background areas without direct illumination. This complex urban setting
contributes to the observed variations in nighttime lights. Second, due to significant
month-to-month brightness fluctuations and the inherent limitations of spatial resolution,
conducting a highly detailed analysis within urban areas remains challenging. These
variations stem from multiple factors, including atmospheric conditions, cloud cover,
moonlight, satellite observation angles, and time of observation, in addition to actual
changes in nighttime lights. Third, the determination of the number of clusters in the
unsupervised clustering method is based on trial and error and depends on the number
of data pixels available within the study area and the complexity of the nighttime light
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patterns. In our study area, we identified that 48 clusters are sufficient to capture most
significant nighttime light changes in a developed city with relatively stable infrastructure.
For areas that are larger and are undergoing more rapid developments, more clusters may
be needed to separate the various conditions. For this purpose, restricting the analysis
within a specific period could help to reduce the complexity.

6. Conclusions

This study analyzed the long-term nighttime light patterns in Hong Kong from 2012 to
2020 using VIIRS/DNB data. From our analysis using an unsupervised clustering machine
learning method, we observed that most areas retained a stable nighttime brightness.
A few changes occurred, with increased nighttime lights primarily due to large-scale
infrastructure development such as the Hong Kong-Zhuhai-Macau Bridge and the airport
expansion. Additionally, transient events like wildfires contributed to short-term variations
in nighttime lights, which can be helpful given the increasing occurrence of wildfires. Our
analysis further highlights the seasonal variation in nighttime lights, with background
regions (sea and vegetation) appearing brightest in April (high humidity) and urban areas
peaking in brightness in January (low humidity). The brighter background as a result of
stronger diffuse light appeared to be related to higher relative humidity, with a moderate
linear correlation (R = 0.68) between maximum brightness in background pixels and relative
humidity, a phenomenon explainable using the Mie theory. Given the findings from this
study, future research on nighttime lights should consider atmospheric factors in their
analysis. Leveraging higher-resolution nighttime light data, potentially from new-designed
satellites, can increase the signal and reduce the uncertainty in analysis, which will help in
gaining better insights into nighttime urban environments.
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Abbreviations

The following abbreviations are used in this manuscript:

ALAN Artificial Light at Night;

DMSP/OLS  Defense Meteorological Program Operational Line-Scan System;
VIIRS Visible Infrared Imaging Radiometer Suite;

DNB Day/Night Band;

NSB Night Sky Brightness;

SOM Sky Quality Meter;

GIC Government, Institution or Community;

HEP High Energy Particle;
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PM2.5 Fine Suspended Particulates;
PM10 Respirable Suspended Particulates.
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