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Understanding the difference of greenspace in different urban areas is a critical requirement for main-
taining urban natural environment and lessening environmental inequality. However, how urban
expansion impacts on people’s exposure to ambient green environments has been limitedly addressed.
Here we integrated multi-source geospatial big data including mobile-phone location-based service
(LBS) data, Sentinel-2, and nighttime light satellite imageries to quantitatively estimate changes in
people’s exposure to green environments for 290 cities in China from 1992 to 2015. Results showed that
the urban expansion process directly led to differences in green environments between old and new
urban areas. These differences were not only observed by the green coverage rate but also captured using
a dynamic assessment of people’s exposure to greenspace. For most of China’s large cities, people could
enjoy more greenspace in new urban areas than the old ones. A significant day-to-night variation of
people’s exposure to greenspace was identified between old and new urban areas. Our results also
revealed that urbanization did bring some positive effects to improve green environments for cities
located in harsh natural conditions (e.g., semiarid/arid and desert regions).

Human mobility

© 2019 Elsevier Ltd. All rights reserved.

1. Introduction

Urban greenspace, typically including open and undeveloped
land with green vegetation such as parks, gardens, street plants,
lawns, green roofs, and forests within urban areas (Mitchell and
Popham, 2008), is regarded as one of the most important factors
in people’s living environment. Previous studies have extensively
shown that urban greenspaces play a vital role in maintaining
environmental quality and alleviating numerous urban problems,
such as mitigating noise levels (Van Renterghem and Botteldooren,
2016), absorbing particle air pollutants (Janhall, 2015), infiltrating
stormwater (Livesley et al., 2016), and alleviating the heat island
effect (Andersson-Skold et al., 2015). Besides, urban greenspaces
also contribute to promoting residents’ activities and social in-
teractions, and improving both physical and mental health
(Ernstson, 2013; Wolch et al., 2014).

* Corresponding author.
E-mail address: bch@ucdavis.edu (B. Chen).

https://doi.org/10.1016/j.jclepro.2019.119018
0959-6526/© 2019 Elsevier Ltd. All rights reserved.

With rapid global urbanization, hundreds of millions of people
have moved into urban areas over the past decades (Lang et al,,
2016; Wang et al., 2012). Statistically, the world urbanization rate
increased from 30% to more than 50% from 1950 to 2015 (Jiang and
O’Neill, 2017) and was estimated to reach 75% in 2050 (Giles-Corti
et al., 2016). The dramatic growth of urban population undoubtedly
led to urban sprawls worldwide (Gong et al., 2012). For example,
during the period 1982—1997, urban areas in 281 American cities
increased by 47% (Fulton et al., 2001). A similar phenomenon was
also found in Europe, where urban was land increased by
1117.9km? per year from 2000 to 2006 (Hennig et al., 2015).
Moreover, urban expansion in China witnessed an average growth
rate of 16.32% per year from 1981 to 2010 (Xiao et al., 2014). In
addition to quantifying the magnitude of urban expansion, a better
assessment of the impact of such processes and the difference they
brought to the green environment between old urban areas and
newly built urban areas (“new urban areas” hereafter) is urgently
needed. However, previous studies addressing these issues are
quite limited, and answers about them remain unclear, especially
for small and medium cities.
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Urbanization is highly linked to the conversion of natural lands
to artificial surfaces (He et al., 2014). Some studies pointed out that,
with the deepening of urbanization, cities began to face a gradual
reduction of greenspaces, which brought great pressure to the
living environment (Chen et al., 2017; Grimm et al., 2008). How-
ever, does urbanization only have negative impacts upon urban
green environments? Also, compared with new urban areas, are
highly urbanized old urban areas doomed to have worse green
environments? To answer these questions, a more comprehensive
study is needed, drawing upon an adequate number of sample
cities with diverse physical and socioeconomic characteristics.
Generally, the widely used indicators such as green coverage rate
(GCR) and greenspace area per capita (GAC), are capable of
providing an overall assessment of urban greenspace (Yang et al.,
2014; Zhao et al., 2013). Nevertheless, the real experience con-
cerning individuals’ ambient green environment during different
temporal periods is another more important metric to evaluate the
fair or foul of urban greenery in terms of quantity and distribution.
In consequence, greenspace assessments that consider human
mobility should be applied to receive a better understanding of the
greenspace distribution in different urban areas.

High spatially and temporally resolved information has become
increasingly important in studies regarding urban environment
and public health. Specifically, in urban greenspace assessments,
some recently launched satellites equipped with advanced optical
sensors have the capability to provide remote sensing images with
much higher spatial-temporal resolution (e.g., Sentinel-2) (Zhang
et al,, 2018). These data significantly improved the accuracy of
greenspace mapping. Moreover, the appearing of geospatial big
data (e.g., social media data, mobile phone data, and taxi data)
provides further opportunities for researchers to uncover the pat-
terns of human mobility and dynamic distribution (Liu et al., 2015).
The utilization of these data is also regarded as an effective way to
reduce the uncertainty in quantifying the interaction between
people and their ambient environment.

By using multi-source geo-spatial big data and improved
methods, this study aimed to undertake a comprehensive analysis
of urban greenspaces in Chinese cities and answer the following
questions: (1) What are the differences in urban greenspace be-
tween old and new urban areas in Chinese cities? (2) How do the
differences vary when human mobility is considered? (3) What are
the impacts (positive or negative) of urbanization upon the green
environment of different urban areas? Compared with previous
studies concerning greenspace evaluation, this study advanced the
literature in several aspects. First, we integrated land cover data
and nighttime light images to produce more reasonable urban-area
boundaries for greenspace analysis. Second, greenspace mapping
with a higher spatial resolution was derived from Sentinel-2 optical
images based on a linear spectral unmixing model, thus providing
accurate and detailed information about greenspace distribution.
Third, human mobility was introduced into greenspace exposure
estimation, thereby providing an improved way to understand
people’ exposure to ambient green environment at different times
of the day. Lastly, for the purpose of giving a full picture of the
differences among Chineses cities, the proposed methods and as-
sessments were applied to 290 major cities in China.

2. Related works

Currently, some disagreements can be identified in existing
studies that examine urban greenspaces, and most of them are
mainly due to the differences in semantic definitions (Chen et al.,
2017). In some studies, urban greenspace was narrowly defined
as outdoor places with significant amounts of vegetation (Jim and
Chen, 2003), or only some particular categories of land (e.g.,

public parks or open gardens) were taken into account (Akpinar,
2016; Kong et al., 2007). Generally, urban greenspace was defined
as land with vegetation cover and has diverse characteristics,
varying sizes, and different species richness (Fuller and Gaston,
2009; Sister et al.,, 2010), including but not limited to parks,
sporting fields, riparian areas, greenways, trails, community gar-
dens, street trees, and nature conservation areas, as well as private
backyards and corporate campuses (Cameron and Hitchmough,
2016; Roy et al., 2012). Thus, in this study, the definition of urban
greenspace followed this broad concept that all areas covered by
green vegetation were considered as greenspaces.

Additionally, differences in data and methods used to map the
distribution of greenspaces contributed to another part of the dis-
agreements among existing studies. Although remotely sensed
images via satellites have significantly facilitated green vegetation
mapping by providing spatially explicit information (Chen et al.,
2017), the different levels of spatial details and classification ac-
curacies will lead to inevitable discrepancies. In order to accurately
capture and differentiate complex urban features, optical-image-
based greenspace map derived from hard classifiers (i.e., each
pixel belongs to the class it most closely resembles) always require
images with a spatial resolution of at least 5 m (Franke et al., 2009),
since it is quite challenging for medium- or coarse-resolution im-
ageries (e.g., Landsat and MODIS) with insufficient spatial details to
provide accurate greenspace mapping for complex urban area.
More importantly, information on each pixel is always a mixture of
several spectral signals from different land cover types, hard clas-
sification methods that group pixels into certain categories of land
cover (e.g., vegetation, water, soil, etc.) will further contribute to
biases in heterogeneous areas (Zhang et al., 2015). Consequently,
images with higher resolution and proper classification methods
(i.e., soft classifier) should be utilized for urban greenspace
mapping.

Unlike green coverage rate (GCR) or greenspace area per capita
(GAC) that just provides a general evaluation of urban greenspace,
greenspace exposure considering the spatial heterogeneity of
population distribution is regarded as a superior indicator for
appraising the rationality of greenspace distribution (Mitchell and
Popham, 2008). In terms of datasets, static population datasets
such as surveys, censuses, and gridded population maps (e.g.,
LandScan Global Population, Gridded Population of the World se-
ries) are widely applied to characterize the geographic distribution
of population and evaluate their ambient environmental factors
(Chen et al., 2018). However, people are not stationary, and most of
them spent less than fifty percent of their daily time at home or
their workplace (Gariazzo et al., 2016). Generally, people move
around and are engaged in various out-of-home activities in their
daily life while their ambient environments may change (Kwan,
2013, 2018a). This fact implies that human mobility should be
considered when assessing residents’ exposures to ambient green
environment. Due to the rapid development of mobile internet and
the popularization of diverse computing platforms (e.g., smart-
phones) and wearable smart devices, the location-based services
(LBS) embedded in most apps (application software) produce vast
amounts of location-based services data and make it possible for
researchers to access direct records of users’ distribution in space
and time (Liu et al., 2015). Besides, the associations between the
spatiotemporal characteristics of such location records and human
mobility have been revealed by several pioneering studies (Dunkel,
2015; Gariazzo et al., 2016). Compared with static population data,
geospatial big data can be used as useful indicators to depict the
actual dynamic distribution of population (Deville et al., 2014) and
have been successfully applied in several studies regarding envi-
ronmental exposure assessments (Chen et al., 2018; Dewulf et al.,
2016; Gariazzo et al., 2016; Kwan, 2018b; Nyhan et al., 2016).
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3. Study area and datasets
3.1. Study area

In this study, 290 major cities in China were selected to assess
the difference in greenspace between old and new urban areas,
based on the city’s administrative level and the acreage of old urban
area (i.e., larger than 10 km?). These cities include 4 municipalities
directly governed by the central government, 15 sub-provincial
cities, 16 provincial capital cities, and 255 prefecture-level cities
(Fig. 1). Based on their geographic location and economic devel-
opment characteristics, these 290 cities were grouped into four
regions: East Coast, Central China, Northeast China, and Western
China. The population of these 290 cities accounts for 95.08% of the
total urban population in China (National Bureau of Statistics of
China, 2016), which would help to provide a comprehensive sam-
ple size of the urban green environments in China.

3.2. Nighttime light images

Nighttime light images (NTL) have been widely used to identify
and extract urban areas as well as monitor urban expansion from
regional to global scales (Huang et al., 2015; L. Imhoff et al., 1997;
Small et al., 2005; Wei et al., 2014). In this study, two types of
nighttime light data (i.e., DMSP-OLS NTL data in 1992 and NPP-
VIIRS NTL data in 2015) covering the 290 selected cities were
used. All the images were obtained directly from the website of the
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Earth Observation Group, NOAA (https://www.ngdc.noaa.gov/eog).
The DMSP-OLS NTL images used in this work were annual stable-
lights images (Version 4). The composite data of 1992 were pro-
duced using all the available data received by DMSP satellites F12
during 1992, with a spatial resolution of 30 arc-second (about
1 km). All the light from transient events (e.g., fire, ship lights) were
excluded before compositing (Ma et al.,, 2012). The values of the
DMSP-OLS NTL data range from 1 to 63, and zero was assigned to
background noise. The NPP-VIIRS NTL images were captured by an
improved sensor (Visible Infrared Imaging Radiometer Suite, VIIRS)
carried by the weather satellite Suomi NPP. The annual cloud-free
composites of 2015 used in this work was also produced using all
the available data without transient light. With a spatial resolution
of 15 arc-second (about 500 m), these NPP-VIIRS NTL images were
capable of providing more detailed information than the DMSP-OSL
NTL data (Shi et al., 2014). For the annual composites, interferences
from stray light, lunar illumination, and cloud cover were all
filtered out, and no-light areas (background) were set to zero.

3.3. Land cover data

The land cover data (LC) produced by the Climate Change
Initiative of the European Space Agency, namely ESA-CCI LC, were
also utilized as sample data for delineating the spatial extent of
urban areas. The ESA-CCI LC is a global landcover product with a
spatial resolution of 300 m and was updated annually from 1992 to
2015 (www.esa-landcover-cci.org). This land cover classification

0 250 500 1,000
B km

Fig. 1. Distributions of four regions with the forefront selected 290 cities in China.
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product was developed based on several earth observation datasets
and the GlobCover unsupervised classification chain from the ESA
(https://goo.gl/GgAdei). ESA-CCI LC provides a wealth of landcover
information and its overall weighted-area accuracy reaches about
71.1% (Defourny et al., 2009). There were thirty-seven land cover
types in ESA-CCI LC data, and the land cover type labeled “urban
areas” (i.e., impervious surfaces) in circa years 1992 and 2015
covering China was extracted and used in this study.

3.4. Sentinel-2A image

Launched in June 2015, Sentinel-2A is a sun-synchronous sat-
ellite with a 10:30 am descending node and its nominal revisiting
time is ten days. It was equipped with Multispectral Instruments
(MSI) proving multispectral images with 13 bands, and the spatial
resolutions of these bands are diverse (between 10 m and 60 m).
The full stack of Sentinel-2A data in 2016 archived in Google Earth
Engine were collected, and four bands (Band 2: blue, Band 3: red,
Band 4: green, and Band 8: near infrared) of Sentinel-2A images
with the same spatial resolution of 10 m were finally used for urban
greenspace mapping.

3.5. Mobile phone location-based services big data

Mobile phone location-based services data (LBSD) from Tencent
was used to portray the spatiotemporal variation in population
distribution and measure people’s exposures to urban greenspace
during different temporal periods of a day. All the location data
were produced by recording real-time locations of active mobile
phone users when they are using the apps of Tencent or other
mobile apps with a built-in Tencent’s location-based service. It
should be noted that all information about users’ identities and
other private information was deleted before the data was released.
Given the widespread use of Tencent’s popular apps (e.g., WeChat,
QQ, Tencent Map) and its location-based services, the daily LBS
records from the 450 million of Tencent service users reached over
38 billion globally in 2016 (Tencent, 2016). The data were finally
released in raster form with a spatial resolution of approximately
1.2 km and a 5-min update frequency, and all the records produced
in 2016 were collected via the Tencent Location Big Data API
(https://heat.qq.com).

4. Methods
4.1. Definition of urban boundaries in 1992 and 2015

Generally, there is no clear demarcation between old and new
urban areas. New urban areas are usually defined as the newly
expanded parts of an urban area while old urban areas refer to the
earlier or original parts (Hennig et al., 2015). In this study, urban
areas that existed in 1992 were defined as old urban areas, while
urban areas that emerged from 1992 to 2015 were defined as new
urban areas.

Land cover classification data like ESA-CCI LC can well delineate
the extent of different land cover categories. However, areas labeled
“urban areas” in such optical-image-based products mainly refer to
impervious surfaces or built-up areas (Weng, 2012), but some
frequently accessed greenspaces located within or around urban
areas (e.g., central parks, forest gardens) were classified as grass-
land, shrubbery, or woodland. In other words, if we directly use the
“urban areas” of some land cover produces like ESA-CCL LC, certain
parts of greenspaces where people often visit would be excluded.
Therefore, the boundaries of land-cover-based urban areas should
be extended to incorporate more frequently accessed spaces into
the subsequent assessment and analysis. Given the capabilities of

nighttime light (NTL) images in mapping human activities, DMSP-
OLS NTL data in 1992 and NPP-VIIRS NTL data in 2015 were then
used to implement this task. Using ESA-CCL LC as sample data, a
more appropriate spatial extent for greenspace assessment was
extracted from nighttime light images through the method pre-
sented in Fig. 2a, and the detailed information regarding the
methodology was given in Section 1 of the Supplementary
Materials. Two methods (i.e., POIs-based and land-cover-based)
were then used to evaluate the performance of the proposed
method (see Section 2 in the Supplementary Materials), and the
plausible producer’s accuracies (>92.2%) and overall weighted-area
accuracies (>94.6%) illustrated the newly defined urban boundaries
were with a high-level confidence. Taking Shenzhen city as an
example (Fig. 2b), the NTL-based urban boundaries (red bound-
aries) surround the “urban area” from ESA-CCL LC data (within blue
boundaries) as a buffer, which means that the newly defined urban
boundaries could incorporate more frequently-visited spaces and
enable some important urban greenspace (e.g., center park, peri-
urban areas, and urban forest) to be included in the following
analysis. Statistically, compared with the total coverage of the ur-
ban areas of the 290 selected cities derived from ESA-CCL LC data
(1992: 27205 km?, 2015: 88465 km?), the coverage of the NTL-
based urban areas was about twice as big (1992: 51309 km?,
2015: 184786 km?).

Subsequently, expansion rate (i.e., the proportion of new urban
areas in 2015) was defined as:

NUAR =Y 100% 1)
Uzo1s
NU = Uz15 — Ui992 (2)

where Ujgg, and Uyg;s represent the urban area in 1992 and 2015,
respectively.

4.2. Urban greenspace mapping

Considering the widely existing mixed pixels due to heteroge-
neous and complex urban environments, a linear spectral unmixing
model (LSU) (Weng et al.,, 2004) was adopted to unmix the
Sentinel-2A data and produce a fraction map for urban greenspace
distribution (see Section 3 in the Supplementary Materials for more
information regarding LSU). Using cloud mask and quality assess-
ment (QA) information in the Sentinel-2A metadata, a pixel-based
quality check was first conducted to exclude those bad observations
contaminated by clouds and shadows from the year-round
Sentinel-2A data. To enhance the accuracy of greenspace map-
ping, NDVI (Eq. (3)) as a thematic index-derived band was added to
the originally selected four bands of Sentinel-2A (i.e., Band 2—4,
Band 8).

(NIR — Red)

NDVI= (NIR + Red)

(3)

Subsequently, we combined the year-round Sentinel-2A imag-
ery to generate the maximum NDVI composite (i.e., the greenest
composite), and the composites of the other four selected bands
were also produced using the created maximum NDVI band as a
per-pixel ordering function. A widely used three-endmember linear
mixing model was then adopted for urban greenspace mapping,
namely impervious area, water, and vegetation. Sampled pure
pixels representing each endmember were then selected from
Sentinel-2A images by visual interpretation and inspection with
the help of high-spatial-resolution (0.5—1 m) satellite images from
Google Earth. Finally, we evaluated the accuracy using another
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Fig. 2. (a) Flowchart of urban boundaries definition; (b) Comparison of urban areas from ESA-CCL LC data (within the blue boundaries) and NTL-based urban boundaries (red
boundaries) extracted by the proposed method: an example of Shenzhen city. (For interpretation of the references to color in this figure legend, the reader is referred to the Web

version of this article.)

satellite-based greenspace map with a very high resolution of 1 m
(see Section 4 in the Supplementary Materials), and the average
correlation coefficient of 0.92 verified the reliability of the Sentinel-
2A-based greenspaces maps derived from the linear spectral
unmixing model.

The green coverage rate (GCR) of an area can be directly calcu-
lated by averaging all corresponding pixels of the Sentinel-2A-
based greenspace map within the area. The GCR-based compari-
sons between old and new urban areas were then made through:

Dold/new = God/Gnew (4)
where Gy)q and Gpey denote the GCR in old and new urban areas
respectively, Dojg/new is their ratio. Specifically, a Dojg/new larger than
1 indicates that the green coverage rate in old urban areas is higher
than that in new urban areas. On the contrary, a Dojd/new l€ss than 1
means that the green coverage rate in new urban areas is higher.

4.3. LBSD-based greenspace exposure assessment

In this study, greenspace exposure is assessed based on the
greenspace coverage rate within a given radius (i.e.,, 0.6 km) of
people’s location. Therefore, a model for assessing the average level
of population exposure to ambient greenspace within an area (GE)
can be defined as Eq. (5).

GE = er'l:‘l Gi
n

(5)

where n denotes the population size within an urban area, G;j is
green coverage rate (GCR) within a given radius (i.e., 0.6 km) of the
ith person’s location.

Given the temporally varying population distribution, the time-
series gridded LBSD were utilized to identify people’s location
during different temporal periods. Due to the lack of information
about users’ precise positions in each pixel, we assumed that all the
people within a pixel are at the center point of the pixel. Therefore,
by integrating the pixel-based population distribution information,
the average level of population exposure to ambient greenspace
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within an area (i.e., GE) in Eq. (5) was further modified in a
population-weighted manner as shown in Eq. (6):

where p; represents the population size in the ith grid, and G; de-
notes the green coverage rate within the ith grid.

To be specific, the 5-min time-series LBSD was first aggregated
into hourly data to reduce computational costs. By averaging the
hourly GE, the average level of population exposure to ambient
greenspace within an area (GE) for the whole day (0:00 a.m.—24:00
p.m.), daytime (06:00 a.m. —18:00 p.m.) and nighttime (18:00
p-m.—06:00 a.m.) can be derived.

5. Results
5.1. Urban expansion

Based on the urban boundaries derived from ESA CCI land cover
classification data and nighttime light images, rapid urban expan-
sion in China from 1992 to 2015 was identified (Fig. 3a—b). The new
urban areas that emerged during this period accounted for a sub-
stantial proportion of the entire urban area in 2015, and the average
expansion rate of the 290 cities (i.e., NUAR) estimated by Egs. (1)
and (2) was as high as 68.09%. As shown in Fig. 3c, cities at
different administrative levels experienced different expansion
magnitudes. Prefecture-level cities had the highest average
expansion rate of 68.67%, which exceeded the total average rate of
all selected cities. Among the 255 prefecture-level cities, 69 cities
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had expansion rates exceeding 80%, while 16 cities had lower
expansion rates of less than 40%. In contrast, the average expansion
rates of cities at the other three administrative levels were all less
than the overall average rate, and they were 66.35% (provincial
capital cities), 62.62% (sub-provincial cities) and 59.19% (munici-
palities). In terms of the four regions in China (Fig. 3d), the cities
located in western China witnessed the highest expansion rate
(average rate = 74.43%). The cities in central and eastern China also
had relatively high expansion rates of 72.36% and 68.64%, respec-
tively. But the average expansion rate of the cities located in
northeast China was much lower (46.02%).

5.2. Greenspace in old and new urban areas

The green coverage rate (GCR) was first estimated for the entire
urban area in 2015 for each city. As shown in Fig. 4a, the colored
circles stand for the magnitudes of GCR, with darker circles (e.g.,
dark blue circles) representing higher GCR and lighter circles (e.g.,
pale yellow circles) representing lower GCR. Note that some cities
had a relatively lower greenspace coverage rate, such as the two
cities with the lowest GCR were Jinchang (18.18%) and Karamay
(16.48%) (Fig. 4a). Statistically, the average GCR for the selected 290
cities was 45.03%, and 11.7% of the 290 cities had a GCR of under
35% (Fig. 4b). In terms of the four regions in China, cities located in
Northeastern China and Central China had higher green coverage
rate than those located in the East Coast and Western China
(Fig. 4c).

The differences in GCR between old and new urban areas were
identified as shown in Fig. 5. Taking the city of Harbin as an
example (Fig. 5a), an obvious greener “circle-ring” associated with
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Fig. 3. Urban expansion among the 290 selected cities in China: (a) expansion rate and total urban area in 2015; (b) urban expansion from 1992 to 2015 around Beijing-Tianjin-
Hebei region; (c) whisker plot of expansion rate of cities at four administrative levels; (d) whisker plot of expansion rate in the four regions of China.
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its new urban areas could be found (the area between the red and blue boundaries in Fig. 5a). To be specific, the GCR of Harbin’s old
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urban area was 48.65% while it was 69.50% for its new urban areas,
thus leading to a relatively lower GCR-based Dgjgjnew (0.7). Addi-
tionally, the small circles with red, orange, yellow and green colors
spreading across the majority of the selected cities in Fig. 5¢ indi-
cated that these cities were facing similar situations as Harbin
(GCR-based Dojdjnew < 1). That is, the new urban areas in these cities
were having higher GCR when compared with the old urban areas.
As for the city of Jinchang (Fig. 5b), an opposite situation was
identified, where higher green coverage rate was found in its old
urban area (leading to a GCR-based Dgdjnew > 1). In addition to
Jinchang, we could also identify some other cities experiencing a
similar situation (purple circles in Fig. 5¢), and almost all of them
were in western China. In terms of the regions in China, the largest
differences in greenspace coverage rate between old and new ur-
ban areas (the lowest average GCR-based Dgjdjnew Values) appeared
in Central China (Doigjnew = 0.705), followed by the East Coast (Doiq;
new = 0.753), Northeast China (Dojd/new = 0.759) and Western China
(Dold/new = 0.851) (Fig. 5d). Overall, new urban areas had higher
rates of greenspace coverage (48.91%) than old urban areas
(36.85%) in the 290 selected cities in China, with a GCR-based Doyq/
new = 0.768.

5.3. Greenspace exposure

Based on the mobile-phone LBSD and the greenspace coverage
map derived from Sentinel-2A data, the population means of
greenspace exposure (GE) during different periods (whole day: GE,
day time: GEqay, night time: GEpgn:) were computed separately for
each city’s old and new urban areas, using the method described in
Section 4.3.

The differences between GCR and GE, namely (GCR - GE), could
help us understand the impact on urban greenspace evaluation
when spatiotemporal heterogeneity of population distribution was
considered. Fig. 6a—b presented the comparisons (GCR - GE) of old
and new urban areas in each selected city. As shown in Fig. 6a, in
almost all old urban areas of the cities, the value of GE was lower
than that of the GCR (i.e., GCR - GE < 0). Taking the city of Suihua for
an instance, the GCR of its old urban area was 49.32%, but its cor-
responding GE was estimated to be much lower (20.08%). Similar
situations were also found in the old urban areas of several cities,
such as Shanwei and Songyuan (Fig. 6a), and the new urban areas of
some cities, such as Weihai, Ningbo, and Zhongshan (Fig. 6b).
However, we only identified limited opposite situations (i.e., GCR -
GE > 0) in the old urban areas of seven cities (e.g., Karamay, Lincang,
Hechi) and the new urban areas of four cities (e.g., Jiayuguan,
Karamay, Fangchenggang). Statistically, the average GE of old and
new urban areas for the 290 cities was 25.36% and 35.63%,
respectively, which were both lower than the corresponding GCR
(old areas: 36.86%, new areas: 48.91%). These generally lower GE
indicated that, in the vast majority of Chinese cities, the average
greenspace coverage rate of residents’ ambient environment was
actually lower than the overall rate of the corresponding urban
area. That is, more green vegetation was located in the places far
away from people.

In addition, the comparison between old and new urban areas
based on GE could be conducted in the same way introduced in
Section 4.2, as Dojq/new = GEold/GEnew, and the results were shown
in Fig. 6¢. Note that, when the spatiotemporal heterogeneity of
population distribution was taken into consideration for the
assessment, the differences in urban greenspace between old and
new urban areas also changed accordingly. Specifically, compared
with the results based on GCR, more cities with GE-based Dgjd/new >
1 emerged (purple circles in Fig. 6¢), and most of them were also
located in Western China. Besides, in terms of different regions in
China, the region with the lowest average GE-based Dojgjnew Was

Northeast China (Dojd/new = 0.621), followed by Central China (Doiqy
new = 0.675), the East Coast (Dojd/new = 0.718), and Western China
(Dold/new = 0.843) (Fig. 6d). In the meantime, the average GE-based
Doidjnew Of all these four regions were smaller than the corre-
sponding results of GCR-based Dojdjnews Which means that the
disagreement between old and new urban areas was amplified
when the evaluation was conducted based on greenspace exposure.

5.4. Dynamic change of greenspace exposure

People are exposed to different green environments as they
move around throughout the day, which would inevitably change
the GE in old or new urban areas during different temporal periods.
As shown in Fig. 7a, for the old urban areas of many cities, the
greenspace exposure in daytime was higher than that during
nighttime (i.e., GEgay - GEnjgnt > 0), such as the cities of Dali, Yang-
jiang, and Liaoyuan. Similar results could also be found in the new
urban areas in cities like Dandong, Sanya, and Kashgar (Fig. 7b).
Statistically, the old urban areas in 84 of the 290 cities had higher
GEday, while the new urban areas in 137 cities had high GEgay. The
average GEgay of the old and new urban areas were 25.25% and
35.59%, respectively; and the average GEjght of the old and new
urban areas were 25.51% and 35.67%, respectively. The difference
between GEgay and GEpight (i.€., GEgqay - GEpjgne) for urban area
indicated that human mobility did have a significant impact on
people’s ambient green environment and thus change the value of
GE-based Dojq/new Of a city during different periods (Table S6 in the
Supplementary Materials).

6. Discussion

Urbanization directly led to the difference in green environment
between the old and new urban areas in Chinese cities. These dif-
ferences were not only observed using the general evaluation index
as green coverage rate (i.e., GCR-based Dgjdjnew) but also captured
by the LBSD-based greenspace exposure (i.e., GE-based Dojdjnew)-
Except for a few cities that are mainly located in Western China,
new urban areas of most Chinese cities had better green environ-
ments (i.e., higher green coverage rate or greenspace exposure
level) than their corresponding old urban areas. The emerging
“greener” new urban areas could be attributed to a number of
factors, for example, the favorable natural endowment, the low
intensity of land development, and the positive policy-driven
intervention. It should be noted that the pleasant environment in
new urban areas were likely to draw more people to live, which
would increase both rural-urban and inter-city migrations. How-
ever, when lots of people moved to the new urban areas for better
green environments, old urban areas would become unvital and
even begin to degenerate (Deng and Ma, 2015). Meanwhile, the
migration-induced increase of population density in new urban
areas might also give rise to or accelerate some emerging envi-
ronmental issues, such as air pollution, noise pollution, and
greenspace degradation (Chen et al., 2017; Han et al, 2014;
McMahon et al, 2017; Wei et al., 2019), which undoubtedly
intimidate the sustainable development of city.

Obvious regional discrepancies in GCR-based Dojdjnew and GE-
based Dgldjnew Were also observed in China. This type of regional
difference could be caused by the geographical, climatic, and so-
cioeconomic features of different regions. For example, the ideal
physical and climatic conditions in northeast China contribute to
favorable ecological natural environments surrounding urban
areas. At the same time, profit-oriented land finance of local gov-
ernments in recent years (i.e., a type of fiscal revenue strategy
based on land grant premiums and related tax revenues) has
accelerated urban sprawl (Cao et al., 2008; Qun et al., 2015) but low
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land-use intensity (Long and Gao, 2019). It means that a consider-
able part of new urban area would remain its original land cover
type (mainly for grassland and woodland). Therefore, this extensive
development pattern may ultimately result in the significantly
higher greenspace exposure level of new urban areas in the cities of
northeast China (i.e., lowest average GE-based Dgid/new). Besides,
the lack of policy and financial support from the local governments
may also hinder the construction of greenspace in old urban areas
(Byomkesh et al., 2012), thus further enlarging the differences be-
tween old and new urban areas.

Our results also demonstrate that urbanization did not always
negatively impact on the urban green environment, especially in
regions with harsh natural conditions, which is opposite to that of
some other works (Zhao et al.,, 2013; Zhou and Wang, 2011). Cities
located in western China generally had semiarid/arid climates or
desert climates, characterized with low precipitation (less than
400 nm), and significant seasonal differences in temperature, thus
leading to less dense vegetated areas in these areas compared with
eastern China. However, the willingness to live in a greener envi-
ronment prompts people to make every endeavor to improve this
undesirable situation (e.g., planting more trees, irrigating urban
greenery). This finding can be used to explain why, in some cities in
the arid regions of western China, highly urbanized old urban areas
had better green coverage rates than their adjacent newly
expanded parts (i.e., GCR-based Dojdjnew > 1). Moreover, compared
with GCR-based Dojd/news the relatively larger GE-based Dojd/new in
some of these western cities indicated that more green vegetations
were artificially put in the places near people.

An excellent urban green environment is the ultimate goal of
urban development, but it cannot be realized without the support
of the government. Active policy and encouragement from the
government have been considered as one of the most important
factors for urban greenspace improvement and construction (Maas
et al., 2006; Zhou and Wang, 2011). Over the past three decades,
several policies and standards had been issued by the central
government of China, such as the Regulations of Urban Greening
(1992), Standards of National Garden City (2000, 2005, 2010). All
these guidelines set strict standards to ensure the quantity and
quality of urban greenspace during the process of urbanization in
China. However, as presented in above results, the principle of a
balanced development is not adequately addressed in practicing
these standards, thus leading to an obvious difference in green-
space supply among different urban areas. Accordingly, reasonable
and sustainable urban greenspace construction with comprehen-
sive schemes considering the equitable development in both old
and new urban areas are essential for the future urban develop-
ment in China.

In addition, the assessment based on greenspace exposure
presents a better way for urban greenspace analysis. Traditional
evaluation methods can only provide a general evaluation for
whole study areas but ignore the dynamic interaction between
people and their environmental contexts. The significant differ-
ences between the green coverage rate and greenspace exposure in
both old and new urban areas not only reveal that most of the ur-
ban greenspaces were far away from their residents but also indi-
cated that traditional static evaluations could not provide accurate
assessments of people’s exposures to ambient green environment.
The limitations of static data and methods have been discussed in
many urban planning and environmental health and geographic
studies (Kwan, 2012, 2013). Kwan (2012) articulated this issue as
part of the uncertain geographic context problem (UGCoP), which
highlights that delineations of the geographic and temporal con-
texts of people’s environmental exposures can have a significant
influence on the research conclusions about the effects of envi-
ronmental influences. This problem arises when the exposure

assessments were conducted using static administrative areal units
(e.g., census tracts) which cannot accurately capture individuals’
exact location in space and time (Kwan, 2018a, b; Park and Kwan,
2017). Further, specific statistical biases (neighborhood effect
averaging) in exposure assessments may also arise due to the
neglect of individual mobility (Kwan, 2018a). Therefore, the LBSD-
based dynamic assessment used in this study proposed a prac-
tical solution to these problems to some extent.

Meanwhile, some potential biases and limitations in this study
should be pointed out. Geospatial big data (e.g., cellular signaling
records, social media posts, public transit card transactions, points
of interest (POls), and location-based service (LBS) data from
smartphone apps) are regarded as non-representative data (Kwan,
2016; Zagheni and Weber, 2015). This kind of data tend to leave out
some sections of the society (e.g., children, the elderly, and the
poor) since a lower proportion of these people use mobile phones
when compared to society at large. We should thus remain cautious
about the results and conclusions obtained using these data. Be-
sides, the urban boundaries derived from NTL images maybe leave
out a fraction of areas with high-level human activity but low-level
nighttime light. But the satisfactory POI-based producer accuracy
illustrated that the NTL-based urban boundaries could include the
vast majority of the areas with dense human activities.

7. Conclusions

This study sought to use Sentinel-2 derived greenspace coverage
and mobile-phone location-based service big data to provide a
comprehensive comparison of urban greenspace between the old
and new urban areas in 290 Chinese cities. Our results showed the
rapid urban expansion from 1992 to 2015 had led to large differ-
ences in green environments between old and new urban areas in
China. These differences were both captured by the general eval-
uation index as green coverage rate and the dynamic assessment of
people’s exposure to greenspace. Generally, for most of China’s
large cities, people could enjoy more greenspace in new urban
areas than in old urban areas, except for a few cities located in
Western China. Additionally, we also identified significant day-to-
night variations of people’s exposure to greenspace between old
and new urban areas, which provided new insights about how
people were exposed to different green environments when they
moved around throughout a day. The measurements and compar-
isons provided in this work would help us better understand the
differences and changes in people’s ambient greenspace during
rapid urbanization and offered potential utilities for improving our
nearby living environment as well as lessening environmental
inequality.
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