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Abstract: Figuring out the effect of the built-up environment on artificial light at night is essential
for better understanding nighttime luminosity in both socioeconomic and ecological perspectives.
However, there are few studies linking artificial surface properties to nighttime light (NTL). This
study uses a statistical method to investigate effects of construction region environments on nighttime
brightness and its variation with building height and regional economic development level. First, we
extracted footprint-level target heights from Geoscience Laser Altimeter System (GLAS) waveform
light detection and ranging (LiDAR) data. Then, we proposed a set of built-up environment properties,
including building coverage, vegetation fraction, building height, and surface-area index, and then
extracted these properties from GLAS-derived height, GlobeLand30 land-cover data, and DMSP/OLS
radiance-calibrated NTL data. Next, the effects of non-building areas on NTL data were removed
based on a supervised method. Finally, linear regression analyses were conducted to analyze the
relationships between nighttime lights and built-up environment properties. Results showed that
building coverage and vegetation fraction have weak correlations with nighttime lights (R2 < 0.2),
building height has a moderate correlation with nighttime lights (R2 = 0.48), and surface-area index
has a significant correlation with nighttime lights (R2 = 0.64). The results suggest that surface-area
index is a more reasonable measure for estimating light number and intensity of NTL because it takes
into account both building coverage and height, i.e., building surface area. Meanwhile, building
height contributed to nighttime lights greater than building coverage. Further analysis showed the
correlation between NTL and surface-area index becomes stronger with the increase of building
height, while it is the weakest when the regional economic development level is the highest. In
conclusion, these results can help us better understand the determinants of nighttime lights.

Keywords: nighttime lights; GLAS; LiDAR; land cover; built-up environment

1. Introduction

Artificial light at night can describe human settlements and monitor human activities [1–3].
Nighttime light (NTL) is the fraction of artificial nighttime light emitted upwards which is detected by
sensors, and it has been widely used to study many socioeconomic activities [4–9]. Zhou et al. [10]
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mapped urban areas of the United States and China accurately and efficiently using Defense
Meteorological Satellite Program/Operational Linescan System (DMSP/OLS) NTL data based on
a cluster-based method. Amaral et al. [11] estimated urban population in the Brazilian Amazon
using DMSP/OLS nighttime light area by a linear regression model. Bhandari et al. [12] found that
Gross Domestic Product (GDP) at district level is effectively explained by NTL data in India by
multinomial non-linear regression techniques. Wang et al. [13] evaluated poverty at a provincial
scale in China using NTL data, and their results indicated that NTL data can assist in analyzing
provincial poverty evaluation issues. Although nighttime light has some clear benefits for humans,
it also has negative effects, also known as light pollution [14–16]. Bauer et al. [17] found positive
associations between nighttime lights and breast cancer risk in Georgia, especially among white people.
Miller et al. [18] found that artificial nighttime lights can affect the singing behavior of American robins.
Cinzano et al. [19] presented the first atlas of artificial night-sky brightness, and found about one fifth
of the global population have lost naked-eye visibility of the Milky Way due to atmospheric scattering
of artificial light.

To better understand NTL in the perspective of both social economy and ecology, it is vital to
study the determinants of NTL [1]. Several studies have shown that land-use type can affect observed
nighttime light intensity [14,20]. Li et al. [1] quantified the land-use contribution to nighttime light
using an unmixing model, and results indicated the estimated nighttime intensity correlated well
with the reference data. Levin et al. [21–23] found that land-use type and surface albedo all had
obvious correlations with the observed nighttime brightness. In addition to land-use type, built-up
environment properties would also affect NTL due to artificial illumination in buildings are the main
source of nighttime luminosity. Several studies have estimated properties of built-up environment
from satellite remote sensing data. Cheng et al. [24] extracted the percentage of building area in the 1
km × 1 km pixel level from the National Land-Use and Land-Cover (LULC) dataset for further urban
change analysis. Cheng et al. [24] and Gong et al. [25] decomposed the Geoscience Laser Altimeter
System (GLAS) full-waveform data to multiple Gaussian waveforms, and then obtained the building
heights with high accuracy. However, few studies have explored the effects of the built-up environment
factors on NTL, especially 3-D building factors.

The overall goal of this study is to determine the impact of the built-up environment on nighttime
lights in China and its variation with regional economic development level. To fulfill this goal,
three specific objectives were pursued: (1) proposing several built-up environment properties, i.e.,
building coverage, vegetation fraction, building height, and building surface area, to represent the
characteristics of human settlements; (2) extracting these built-up environment properties from GLAS
full-waveform data and GlobeLand30 land-cover data; and (3) assessing the relationship between
built-up environment properties and DMSP/OLS radiance-calibrated NTL data and its variation with
building height and regional economic development level.

2. Study Area and Data

2.1. Study Area

The study area is the whole of mainland China. China has a land area of about 9.6 million
km2 (4◦N–53◦N, 73◦E–135◦E) and a population of around 1.375 billion. China’s landscapes vary
significantly, with all kinds of mountains, plateaus, hills, basins, and plains. The climate of China
is diverse across its vast landscape, ranging from temperate continental climate in the arid north to
tropical monsoon climate in the wetter south. Since the economic reform in 1979, China has been
undergoing a rapid economic development and experiencing rapid urbanization [26], resulting in rapid
increases in the size and number of buildings. Based on economic background, development level, and
openness, China (except for Hong Kong, Macao, and Taiwan) has been divided into three economic
zones: eastern, central, and western regions. The eastern region of China contains 11 provinces, such as
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Beijing, Shanghai, Shandong, and Jiangsu. The central region contains 8 provinces, for example, Shanxi,
Henan, and Hubei. The western region contains 12 provinces, such as Gansu, Guizhou, and Sichuan.

2.2. Nighttime Light Data

To explore the effect of the built-up environment on nighttime light, we should choose DMSP/OLS
radiance-calibrated NTL data and GLAS waveform light detection and ranging (LiDAR) data in the
same year. GLAS was only operated between 2003 and 2009. National Oceanic and Atmospheric
Administration (NOAA) National Geophysical Data Center (NGDC) only published DMSP/OLS
radiance-calibrated NTL data in 2004 and 2006, which coincided with the age of GLAS. Therefore,
we choose NTL data and GLAS data in the most recent year (2006) to conduct this study. Therefore,
DMSP/OLS radiance-calibrated NTL data with a spatial resolution of 30 arc seconds (about 1000 m)
in 2006 were used in this study (Figure 1). These data are provided by NOAA NGDC (https:
//ngdc.noaa.gov/eog/dmsp/download_radcal.html). Ordinary DMSP/OLS NTL data have a very
limited dynamic range, thus they could not accommodate bright sources (i.e., urban centers) [27,28].
To solve the saturation problem of ordinary DMSP/OLS NTL data, the NGDC produced a set of global
NTL products with no sensor saturation based on the pre-flight sensor calibration. Radiance-calibrated
NTL data is deemed to be unit-less because of lack of on-board calibration system for all DMSP/OLS.
DMSP/OLS radiance-calibrated NTL data with a coordinate system of Geographic Latitude/longitude
based on WGS 1984 were used in this study.
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Figure 1. Spatial distribution of DMSP/OLS radiance-calibrated NTL data of mainland China in 2006.

2.3. Land-Cover Data

GlobeLand30 data with a spatial resolution of 30 m have been used in this study. These data
are obtained from the National Geomatics Center of China (NGCC) (http://www.globallandcover.
com/GLC30Download/index.aspx). Only the GlobeLand30 data in 2000 and 2010 are available.
The GlobeLand30 data in 2010 were selected in this study as their acquisition time is closer to
2006. The classification images used for data generation of GlobeLand30-2010 are mainly 30 m
multispectral images, including Landsat Thematic Mapper (TM) and Enhanced Thematic Mapper +

(ETM+) multispectral images and multispectral images of Chinese Environmental Disaster Alleviation
Satellite (HJ-1). Ancillary datasets and reference materials, such as existing land-cover data and
global fundamental geospatial data, were used to support sample selection, classifier training, and
accuracy assessment. GlobeLand30-2010 data employ a 10-class land-cover classification scheme,
namely cultivated land, forest, grassland, shrubland, wetland, water bodies, tundra, artificial surfaces,
bareland, and permanent snow and ice. In this study, we mainly used the data of artificial surfaces and
vegetation, including cultivated land, forest, grassland, and shrubland.

https://ngdc.noaa.gov/eog/dmsp/download_radcal.html
https://ngdc.noaa.gov/eog/dmsp/download_radcal.html
http://www.globallandcover.com/GLC30Download/index.aspx
http://www.globallandcover.com/GLC30Download/index.aspx
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2.4. ICESat/GLAS Data

GLAS is a space-borne LiDAR instrument aboard the Ice, Cloud, and land Elevation Satellite
(ICESat), and it was operated between 2003 and 2009. The GLAS laser sensor emitted laser pulses
at a frequency of 40 Hz, with a wavelength of 1064 nm. The orbit altitude of the GLAS sensor was
approximately 600 km and the repeat cycle was 183 days. In contrast to wall-to-wall observation,
GLAS obtained individual footprint data, with a diameter of about 70 m and an interval of about 170 m
along track. GLAS records the vertical structure of targets within each footprint, and from which the
target height can be estimated.

GLAS data were provided by the National Snow and Ice Data Center (NSIDC) (http://nsidc.org/

data/icesat/), and 15 data products (GLA01 ~ GLA15) can be acquired. GLA01 records raw waveform
for each laser shot, which has 544 bins with the height interval of 0.15 m. GLA14 records the latitude,
longitude, and elevation of each laser spot. In this study, GLA01 and GLA14 data of China in 2006
were used.

3. Methods

The technical flow chart of the methods used in this research is presented in Figure 2. This figure
summarizes the steps of assessing the impact of built-up environment on nighttime lights. The five
main procedures are GLAS data processing, NTL data correction, extraction of built-up environment
properties, removal of the influence of lights from non-building areas, and analyses of the relationships
between NTL and built-up environment properties.Remote Sens. 2019, 6, x FOR PEER REVIEW  5 of 16
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3.1. GLAS Data Processing

Due to effects of atmosphere, clouds, and systematic noises, there are some noises in original
GLAS waveform LiDAR data [29]. To obtain effective signals, low-pass digital Gauss filter was used
to smooth the raw GLAS waveform data and reduce high-frequency noise at first [30]. Then mean
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background noise and the standard deviation of background noise were calculated from the first 20
and last 20 bins of waveform data [31]. The beginning and the end of signal were identified by the
condition that signal was greater than three times the standard deviation of noise [32].

To extract height information of ground targets, Gaussian decomposition was conducted on GLAS
waveform LiDAR data [33]. Each de-noised waveform was initially decomposed into multiple Gaussian
functions. The initial parameters of Gaussian components, including amplitude, peak position, and
standard deviation, were estimated at first, and then Levenberg-Marquardt (LM) algorithm was used
to generate optimal Gaussian parameters [33]. An example of the result of Gaussian decomposition
is shown in Figure 3. Several peak parameters, including peak position, peak amplitude, and peak
width, were calculated from waveform data [31,34]. Assuming the last peak near ground is reflected
from ground surfaces, the remaining peaks are reflected from targets [32,33]. Then the target height of
each peak was calculated as height difference between the peak and ground peak. In the end, echo
energy weighted height was calculated according to Equation (1), and it was used to represent average
target height within the footprint:

BH =
K∑

i=1

Hi ·Ai (1)

where BH is GLAS waveform data derived footprint-level building height, K is the number of Gaussian
waveforms derived from Gaussian decomposition, Hi the height of the ith Gaussian waveform, Ai is
the ratio of the area of the ith Gaussian waveform and whole area of GLAS waveform.
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Figure 3. An example of raw GLAS waveform (red dots), Gaussian fitting (blue line), and decomposed
Gaussian components (black line).

3.2. NTL Data Processing

There are some abrupt bright pixels in DMSP/OLS radiance-calibrated NTL data, which may be
associated with oil fires oil in a refinery [35]. To address the issue of abrupt brightness, we employed a
correction method according to Li et al. [36] and Shi et al. [35] in this study. Shanghai, Beijing, and
Guangzhou are the three biggest and most developed cities of China. Theoretically, light-intensity
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values of the other regions should not exceed those three cities. We selected the maximum light-intensity
value of these cities as the maximum value for all pixels in China. Then we identified the pixels whose
light-intensity values were larger than the maximum value, and replaced them with the maximum
values of their corrected second-order neighboring pixels. After the correction, light-intensity values
of all pixels were less than or equal to the maximum light intensity.

3.3. Estimating Built-Up Environment Properties

To explore the effect of built-up environment on nighttime lights, several built-up environment
properties are proposed to describe human settlements. Different ground features have different
functions, so the distributions of ground features, which can be represented by building coverage and
vegetation fraction, may affect nighttime lights to some degree. The intensity of nighttime light was
determined by the number of lights exposed outside at night. Normally, lights are installed on every
building floor, and building height is proportional to the number of floors, thus building height can
determine the number of lights. Furthermore, building surface area seems to be more relevant to the
number of lights exposed outside, so a new building surface-area index was also proposed and taken
into account in this study.

All GlobeLand30 land-cover data were mosaicked to obtain the land-cover image of China by the
mosaic module embedded in ArcGIS software. GlobeLand30 land-cover data consist of ten different
land-cover types. Artificial surface represents building areas, while cultivated land, forest, grassland,
and shrubland all represent vegetation growth areas, which are considered to be vegetation regions
in this study. To estimate NTL pixel-level building coverage and vegetation fraction, the land-cover
data and NTL data were overlaid first. Then, building coverage of each NTL pixel is calculated by
dividing the number of building pixels by the total number of GlobeLand30 pixels within the NTL
pixel (Equation (2)). A GlobeLand30 pixel belongs to the NTL pixel which contains most of it. Similarly,
vegetation fraction of each NTL pixel is calculated by dividing the number of vegetation area pixels by
the total number of pixels within the NTL pixel (Equation (3)).

Building coverage =
Nb
Nt

(2)

Vegetation f raction =
Ng

Nt
(3)

where Nb and Ng represent the numbers of building pixels and vegetation pixels from GlobeLand30
image within the NTL pixel respectively, and Nt, represents the total number of GlobeLand30 pixels
within the NTL pixel.

To obtain NTL pixel-level building height, all GLAS footprints were overlaid with the land-cover
image of China first, and then GLAS footprints within building areas were extracted. GLAS
data is recorded as individual footprint data with a diameter of about 70 m, while DMSP/OLS
radiance-calibrated NTL data is recorded as wall-to-wall data with spatial resolution of about 1000 m
(30 arc seconds). To match the NTL data and GLAS data which have different data recording modes
for further analysis, all GLAS-derived footprint-level building height values within each NTL pixel
were calculated using Equation (4).

Building height =

N∑
i=1

BHi

N
(4)

where BHi is footprint-level building height of the ith GLAS waveform within one NTL data pixel, N is
the number of GLAS waveforms within one NTL pixel.

Surface-area index is the sum of all the building surface areas within the NTL pixel. Light cannot
be exposed outside through penetrating the roof, so we did not consider roofs into the building surface



Remote Sens. 2019, 11, 1712 7 of 16

areas in this study. Surface-area index is increasing with more lights exposed outside. Therefore,
surface-area index can affect nighttime light intensity. In reality, only a few buildings are larger than 30
× 30 m. Thus, surface-area index can be approximated as the sum of average building surface area of
each land-cover pixel within the NTL pixel, and its calculation method is shown in Equation (5).

Sur f ace area index = 4 · 30 · Building height ·Nb (5)

3.4. Removing Influence of Lights from Non-Building Areas

DMSP/OLS NTL data has a spatial resolution of about 1000 m. The pixel size is large enough to
contain not only building areas but also non-building areas, such as parks and roads. Therefore, the
lights from non-building areas, such as streetlights, also contributed to the light-intensity value of each
NTL pixel. To analyze the relationship between NTL data and built-up environment properties more
accurately, effects from non-building areas should be removed.

According to Chen et al. [37], we used a supervised method to remove light from non-building
areas (Equation (6)). Firstly, we manually selected 250 pixels which contain no building areas with
the help of high-resolution images from Google Earth [37]. Then, we counted the building coverage
values of these pixels, and we found their building coverage were almost all lower than 0.2, which is
consistent with previous studies [10]. Therefore, pixels with building coverage values lower than 0.2
were classified as non-building pixels, and the remaining pixels were classified as mixed pixels, which
may still contain building and non-building areas. Finally, we calculated the average light intensity
(ALI) of all non-building pixels based on Equation (7), and then we subtracted ALI from NTL value for
each mixed pixel to remove non-building area effects for mixed pixels.

NTL =

{
NTL−ALI, i f Building coverage ≥ 0.2
NULL, i f Building coverage < 0.2

(6)

ALI =

∑Nnon−build
i=1 NTLi

Nnon−build
(7)

where Nnon−build is the number of pixels which was classified as non-building area, NTLi is the light
intensity of the ith pixel in non-building area, ALI is average light intensity of all non-building areas.

4. Results

Linear regression analyses were conducted to examine the relationship between NTL data and
each built-up environment property, i.e., building height, building coverage, vegetation fraction, and
surface-area index. From the definition and calculation equation of surface-area index, we can see
that surface-area index is a variable which combines the information of building height, building
coverage, and vegetation fraction. Surface-area index is directly related to building height and building
coverage, and it also indirectly related to vegetation fraction. Therefore, we did not run a multiple
regression with all three explanatory variables in this study. The coefficient of determination (R2) and
root-mean-square error (RMSE) were all calculated to assess the regression results. The scatter plots of
DMSP/OLS radiance-calibrated NTL data and built-up environment properties are shown in Figure 4,
together with R2 values and RMSE values.



Remote Sens. 2019, 11, 1712 8 of 16

Remote Sens. 2019, 6, x FOR PEER REVIEW  9 of 16
  

all have positive correlation with NTL data, and only vegetation fraction has weak negative 
correlation with NTL data. 

 

 

 

R² = 0.48
RMSE=110.7

0

200

400

600

800

1,000

1,200

0 10 20 30 40 50 60

N
TL

 v
al

ue

building height (m)
(a)

R² = 0.16
RMSE=141.9

0

200

400

600

800

1,000

1,200

0.00 0.20 0.40 0.60 0.80 1.00

N
TL

 v
al

ue

building coverage
(b)

R² = 0.10
RMSE=147.3

0

200

400

600

800

1,000

1,200

0.0 0.2 0.4 0.6 0.8 1.0

N
TL

 v
al

ue

vegetation fraction
(c)

Figure 4. Cont.



Remote Sens. 2019, 11, 1712 9 of 16Remote Sens. 2019, 6, x FOR PEER REVIEW  10 of 16
  

 
Figure 4. Correlations between DMSP/OLS radiance-calibrated NTL data and built-up environment 
properties: (a) building height; (b) building coverage; (c) vegetation fraction; (d) surface-area index. 

5. Discussion 

5.1. Performance of Built-Up Environment Properties 

Several limitations should be identified before discussing the performance of built-up 
environment properties. The first limitation is the time differences between GlobeLand30 land-
cover data, GLAS waveform data, and DMSP/OLS radiance-calibrated NTL data. GLAS waveform 
data and NTL data were all acquired in 2006, while GlobeLand30 land-cover data were obtained in 
2010. Due to urbanization, there are some changes in land cover between 2006 and 2010. However, 
the building areas in 2006 mostly remained the same as the building areas in 2010, so the accuracy 
of built-up environment properties would not be obviously affected. Another limitation is the small 
error caused by the trees around buildings. The trees within the GLAS footprint would affect 
LiDAR echo waveform, therefore they would affect the accuracy of building height slightly.  

Building height showed a moderate and positive correlation to NTL data (R2 = 0.48); i.e., as 
building height increased, NTL value increased (Figure 4 (a)). Higher building height values 
correspond to more floors; therefore, they would contain more lights, which would lead to higher 
NTL value. These results were consistent with Kocifaj et al. [38], and they found total lumen output-
normalized radiant intensity is depicted as a function of emission zenith angle for a set of building 
height values. For tall buildings, the light emissions directed upwards exceed the emissions to low 
elevation angles. Therefore, increasing building height results in an increase of NTL. However, 
building height also shapes light output pattern, meaning that the relative contribution of emissions 
to different angles changes as building height increases. This information is difficult to obtain from 
DMSP/OLS NTL data, so we cannot analyze the phenomenon clearly. Figure 4 (a) showed that 
several points are below the regression line. This can be explained as although building height is 
high, there is only a small region within the NTL data pixel that is covered by buildings, so the 
number of lights is small, which leads to low NTL value. There are also several points obviously 
higher than the regression line in Figure 4 (a). This may be caused by large building coverage in 
these NTL data pixels.  

Building coverage did not exhibit strong correlations with NTL data. Figure 4 (b) showed a 
weak positive correlation between building coverage and NTL (R2 = 0.16). Building coverage is the 
ratio of building area and total area within the NTL pixel, which demonstrates the coverage of 
buildings. Higher building coverage values mean that NTL pixel was more covered by buildings. 
According to Kocifaj et al. [38], the low correlation may be due to missing information on the light 

R² = 0.64
RMSE=94.1

0

200

400

600

800

1,000

1,200

0 1,000,000 2,000,000 3,000,000 4,000,000 5,000,000

N
TL

 v
al

ue

surface area index
(d)

Figure 4. Correlations between DMSP/OLS radiance-calibrated NTL data and built-up environment
properties: (a) building height; (b) building coverage; (c) vegetation fraction; (d) surface-area index.

Figure 4a shows that radiance-calibrated NTL data ranges from 0 to 1300, and building height has
a range of 0 m to 60 m. There is a moderately positive correlation between NTL data and building
height, with the R2 value of 0.48 and the RMSE value of 110.7. Figure 4b shows the correlation between
building coverage and radiance-calibrated NTL data is positive and small, with the R2 value of 0.16
and the RMSE value of 141.9. Vegetation fraction ranges from 0 to 1, and it has a weakly negative
correlation with radiance-calibrated NTL data, with the R2 value of 0.10 and the RMSE value of 147.3
(Figure 4c). Surface-area index has a range of 0 m to 35 m. The R2 value of surface-area index and NTL
data is 0.64, and the RMSE value of them is 94.1 (Figure 4d). Surface area index and radiance-calibrated
NTL have the highest R2 value, followed by building height and building coverage, and vegetation
fraction has lowest R2 value with radiance-calibrated NTL data. Meanwhile, vegetation fraction has the
highest RMSE value with radiance-calibrated NTL, followed by building coverage and building height,
and surface-area index has the lowest RMSE value with radiance-calibrated NTL data. Therefore,
surface-area index has the highest correlation with NTL data, followed by building height and building
coverage, and vegetation fraction has the lowest correlation with NTL data. In addition, surface-area
index, building height, and building coverage all have positive correlation with NTL data, and only
vegetation fraction has weak negative correlation with NTL data.

5. Discussion

5.1. Performance of Built-Up Environment Properties

Several limitations should be identified before discussing the performance of built-up environment
properties. The first limitation is the time differences between GlobeLand30 land-cover data, GLAS
waveform data, and DMSP/OLS radiance-calibrated NTL data. GLAS waveform data and NTL
data were all acquired in 2006, while GlobeLand30 land-cover data were obtained in 2010. Due to
urbanization, there are some changes in land cover between 2006 and 2010. However, the building
areas in 2006 mostly remained the same as the building areas in 2010, so the accuracy of built-up
environment properties would not be obviously affected. Another limitation is the small error caused
by the trees around buildings. The trees within the GLAS footprint would affect LiDAR echo waveform,
therefore they would affect the accuracy of building height slightly.
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Building height showed a moderate and positive correlation to NTL data (R2 = 0.48); i.e., as
building height increased, NTL value increased (Figure 4a). Higher building height values correspond
to more floors; therefore, they would contain more lights, which would lead to higher NTL value.
These results were consistent with Kocifaj et al. [38], and they found total lumen output-normalized
radiant intensity is depicted as a function of emission zenith angle for a set of building height values.
For tall buildings, the light emissions directed upwards exceed the emissions to low elevation angles.
Therefore, increasing building height results in an increase of NTL. However, building height also
shapes light output pattern, meaning that the relative contribution of emissions to different angles
changes as building height increases. This information is difficult to obtain from DMSP/OLS NTL data,
so we cannot analyze the phenomenon clearly. Figure 4a showed that several points are below the
regression line. This can be explained as although building height is high, there is only a small region
within the NTL data pixel that is covered by buildings, so the number of lights is small, which leads to
low NTL value. There are also several points obviously higher than the regression line in Figure 4a.
This may be caused by large building coverage in these NTL data pixels.

Building coverage did not exhibit strong correlations with NTL data. Figure 4b showed a weak
positive correlation between building coverage and NTL (R2 = 0.16). Building coverage is the ratio
of building area and total area within the NTL pixel, which demonstrates the coverage of buildings.
Higher building coverage values mean that NTL pixel was more covered by buildings. According
to Kocifaj et al. [38], the low correlation may be due to missing information on the light emissions
to different zenith angle. Several points were obviously above the regression line, which might be
caused by very high building heights. Figure 4b showed that although some points had high building
coverage values, the NTL values were still very small, which might be caused by low building heights.

Vegetation fraction had a weak negative correlation with NTL, with R2 of 0.10 (Figure 4c).
Vegetation fraction is the ratio of vegetation area and total area within the NTL pixel, which demonstrates
the coverage of vegetation. Higher vegetation fraction values mean that NTL pixel was more covered by
vegetation, which would affect the intensity of nighttime light. These points, which obviously deviate
from the regression line, may also be interpreted as very tall buildings. According to Kocifaj et al. [39],
vegetation can reflect light from built-up elements, which implies flux emitted upward. Due to the
chlorophyll concentration and vegetation nutrient change with season, the light-reflecting ability of
vegetation also changes with season, which would cause seasonal NTL. Therefore, the correlation
between NTL and vegetation fraction may show seasonal behavior. However, due to limited data
sources, we cannot analyze the seasonal variation of the correlation between NTL and vegetation
fraction in this study, which will need to be studied in the future.

Surface-area index correlated with NTL data strongly and positively, with the R2 value of 0.64;
i.e., as surface-area index increased, NTL value increased (Figure 4d). Surface-area index is a metric
that corresponds to building surface area. Higher surface-area index values represent larger building
surface area, so the light exposed outside would be more, which would result in higher NTL value. The
correlation between NTL and surface-area index is stronger than the relationships between NTL and
building height and between NTL and building coverage. This can be explained as the surface-area
index containing both building height properties and the number of building pixels, which is related
to building coverage properties, so it can describe human settlements more accurately, which would
obviously affect the nighttime light intensity. Therefore, surface-area index has a better explanatory
power for NTL value than other built-up environment properties.

5.2. Effects of Building Heights

Due to the differences in architectural styles and economic conditions, the building heights
across China are diverse. According to the code for design of civil buildings in China, buildings
below four floors are low-rise buildings, buildings between four floors to six floors are middle-level
buildings, and buildings above six floors are high-rise buildings. The residential building module
coordination standard of China indicated that single-floor height is about 2.8 m. Therefore, in this
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study, the maximum heights of the buildings within GLAS footprint smaller than 8.4 m are classified
as low-rise buildings, the maximum height of the buildings between 8.4 m and 16.8 m are classified as
middle-level buildings, and the maximum height of the buildings larger than 16.8 m are classified as
high-rise buildings.

To explore whether building height would affect the relationship between radiance-calibrated
NTL data and surface-area index, we conducted simple linear regressions between radiance-calibrated
NTL data and surface-area index at different building heights, and the results are shown in Figure 5.
Figure 5a shows that radiance-calibrated NTL data of low-rise buildings has a moderate positive
correlation with surface-area index, with the R2 value of 0.36. Figure 5b shows that the correlation
between radiance-calibrated NTL data and surface-area index of middle-level buildings was positive
and higher, with the R2 value of 0.56. Radiance-calibrated NTL data and surface-area index of
high-rise buildings is also positive, and the R2 value was 0.66. Therefore, the correlation between
radiance-calibrated NTL data and surface-area index of high-rise buildings is the highest, followed by
middle-level buildings, and the correlation of low-rise buildings is the lowest. It can be concluded
that building height affects NTL data, and the higher the building height, the stronger the correlation
between NTL data and surface-area index. This can be explained by the fact that in some building
areas with lower building heights, the trees around buildings may be higher than the buildings, which
would lead to higher surface-area index estimation values than true values. In addition, due to the
limitation of the statistical method used in Section 3.4, there are still some lights from non-building
areas that cannot be removed when the values of non-building lights are very high.

5.3. Effects of Regional Economic Development Level

To investigate whether regional economic development level would affect the relationship between
radiance-calibrated NTL data and surface-area index, we conducted linear regressions between NTL
data and surface-area index of the three economic zones in China, and results are shown in Figure 6.
Figure 6a showed that radiance-calibrated NTL data of China’s eastern region had a positive correlation
with surface-area index, with the R2 value of 0.53. Figure 6b showed that the correlation between
radiance-calibrated NTL data and surface-area index of China’s central region was higher (R2 = 0.71).
Radiance-calibrated NTL data and surface-area index of China’s western region was also positive,
and the R2 value was 0.70. Therefore, the correlation between radiance-calibrated NTL data and
surface-area index of the eastern region is the lowest, and the correlation of the central and western
regions are all high. It can be concluded that regional economic development level affects nighttime
lights, and when regional economic development level is high, the relationship between NTL data and
surface-area index is relatively weak. This may be explained by the fact that China’s eastern region
has a relatively developed economy, and the public lighting infrastructure is better. Therefore, there
are more lights from non-building areas (such as streets and parks) in the eastern region of China,
which cannot be completely removed by the statistical method used in Section 3.4. However, the
central and western regions of China are economically underdeveloped areas. where the influences of
non-building areas on NTL data are not obvious, and any such influences could have been removed in
Section 3.4.
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6. Conclusions

In this study, the effect of the built-up environment on nighttime light was investigated. Four NTL
pixel-level built-up environment properties—building height, building coverage, vegetation fraction,
and surface-area index—were proposed, and they were extracted from GLAS waveform LiDAR data,
GlobeLand30 land-cover data, and DMSP/OLS radiance-calibrated NTL data. We also removed the
influence of non-building area on nighttime lights. Statistical regression results showed that building
coverage, building height, and surface-area index all had positive correlations with NTL data, while
vegetation fraction had a negative correlation with NTL data. Surface-area index had the highest
correlation with NTL data (R2 = 0.64 and RMSE = 94.1), followed by building height (R2 = 0.48 and
RMSE = 110.7), and building coverage and vegetation fraction all had weak correlations with NTL
data (R2 < 0.2). Therefore, building height has a moderate impact on NTL, and surface-area index
affects NTL significantly, because it is proportional to the number of lights exposed outside. Moreover,
sensitivity analyses indicate that the relationship between nighttime lights and surface-area index
is stronger with the increase of building height, and the correlation becomes relatively weak when
regional economic development level is higher. Overall, these results make us identify the determinants
of nighttime light clearly. Future research should consider whether the effect of built-up environment
on nighttime light will be different or consistent in other years, other countries, and other scales.
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