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GRAPHICAL ABSTRACT

High-spatial-resolution images were
used for urban greenspace extraction.
City-level population exposure to urban
greenspace was dynamically assessed.
Neglecting human mobility led to erro-
neous results in exposure assessment.
Diurnal and daily variations of exposure
to urban greenspace were identified.
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Article history: A growing body of evidence has proven that urban greenspace is beneficial to improve people's physical and
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mental health. However, knowledge of population exposure to urban greenspace across different spatiotemporal
scales remains unclear. Moreover, the majority of existing environmental assessments are unable to quantify
how residents enjoy their ambient greenspace during their daily life. To deal with this challenge, we proposed
a dynamic method to assess urban greenspace exposure with the integration of mobile-phone locating-request
(MPL) data and high-spatial-resolution remote sensing images. This method was further applied to 30 major cit-
ies in China by assessing cities' dynamic greenspace exposure levels based on residents’ surrounding areas with
different buffer scales (0.5 km, 1 km, and 1.5 km). Results showed that regarding residents' 0.5-km surrounding
environment, Wenzhou and Hangzhou were found to be with the greenest exposure experience, whereas Zheng-
zhou and Tangshan were the least ones. The obvious diurnal and daily variations of population exposure to their
surrounding greenspace were also identified to be highly correlated with the distribution pattern of urban
greenspace and the dynamics of human mobility. Compared with two common measurements of urban
greenspace (green coverage rate and green area per capita), the developed method integrated the dynamics of
population distribution and geographic locations of urban greenspace into the exposure assessment, thereby pre-
senting a more reasonable way to assess population exposure to urban greenspace. Additionally, this dynamic
framework could hold potential utilities in supporting urban planning studies and environmental health studies
and advancing our understanding of the magnitude of population exposure to greenspace at different spatiotem-
poral scales.

© 2018 Elsevier B.V. All rights reserved.
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1. Introduction

Urban greenery is one of the most important factors in the urban en-
vironment and considerably mitigates many urban problems, such as
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regulating urban climate and alleviating urban heat island effects
(Andersson-Skold et al., 2015), absorbing particle air pollutants
(Janhdll, 2015), infiltrating storms (Livesley et al., 2016), and reducing
noise levels (Van Renterghem and Botteldooren, 2016). Additionally,
urban greenspace serves as the main places for residential activities
and social interactions, contributing a lot to citizens in both physical
and mental health. Previous studies have shown that as hotspots for cit-
izens' physical activities, those large urban greenspaces (e.g., urban for-
ests and parks) contribute indirectly to reducing risks of all-cause
mortality and numerous chronic diseases (Wolch et al., 2014). Psycho-
logical well-being was also verified to correlate with green colors from
urban greenspaces (Ernstson, 2013), since population exposure to
greenery has widely proven to reduce stresses (Woo et al., 2009), and
help self-recuperation and rejuvenation (Fuller et al., 2007).

Unprecedented rural-to-urban migrations have been witnessed in
China over the past decades, leading to a huge rise in urban population
from 191 million (1980) to 793 million (2016) (China, 2017), and the
urban population is projected to reach 830 million by 2030 (Gong
et al., 2012). Globally, the total population has been estimated to
reach 10 billion by 2050, and 75% of them will live in urban regions
(Giles-Corti et al., 2016). Thus, the urban environment is becoming crit-
ically important to the healthy cities and directly affecting every aspect
of daily lives for urban residents. However, the rapid urbanization has
greatly reshaped land cover and land use types, which dramatically
changed urban green space in both quality and quantity. For example,
a study of 90 Chinese major cities reported that more than 80% of the
analyzed cities suffered a decline of urban green coverage at both old
and new urban areas from 2000 to 2014 (Chen et al., 2017). Conse-
quently, the distribution of urban greenspace is rarely even or equitable
(Wolch et al.,, 2014). That is, the opportunities of exposure to greenery
will be considerably different for citizens that live in different regions.

Green coverage rate (GCR, which is the greenspace area divided by a
city's urban area as a percentage) and greenspace area per capita (GAC,
which is the greenspace area divided by the urban population as m?/
capita) are the widely used indicators for assessing a city's green envi-
ronment quality (Fuller and Gaston, 2009; Yang et al., 2014; Zhao
et al., 2013). Although these indicators give an overall assessment of
greenery levels for the entire study area, they are unable to reveal
people's actual exposure to urban greenspace. Thus, some pioneering
studies have been working on the reasonability of urban greenspaces'
distribution and their service efficiency. For example, the assessment
of population exposure to greenspace and its related epidemiological
studies were conducted by means of questionnaire surveys and quanti-
tative approaches such as GIS techniques and geospatial data. Question-
naire surveys and in-depth interviews can help researchers accurately
know about interviewees' diurnal and daily green experience (Barbosa
et al., 2007). However, their high expenses and limited samples barri-
cade the data availability at large-scale studies (Chen et al., 2018). The
integration of GIS techniques with geospatial data overcomes the limi-
tation of spatial scales and sample sizes, thereby enabling it to quantify
the geographic distribution and accessibility of urban greenspace from
regional to global scales (Chen and Chang, 2015; Comber et al., 2008;
Higgs et al., 2012). Nevertheless, these methods are still unable to
fully estimate the actual time-varying exposure to greenspace, since
the previous studies using population data (e.g., census data) always as-
sumed that the population distribution is static without considering the
spatiotemporal changes of residents' locations (Chen et al,, 2018; Kwan,
2012), which inevitably lead to a biased assessment of population expo-
sure to urban greenspaces.

In reality, people living in cities are constantly moving and rarely
staying put in the same place all the time. Daily routines from working
to education, shopping, exercise, and other activities will make people
expose to different surroundings. Thus, how to combine human mobil-
ity into the context of greenery exposure assessments will be the key to
better quantify the relationship between human and their changing sur-
roundings across space-time scales. Fortunately, the rapid development

of mobile Internet and the popularization of diverse applications (apps)
with location-based services (LBS) on smartphones have generated
huge amounts of human activity records, making it possible for re-
searchers to access direct information of human geographical distribu-
tion (Liu et al., 2015). The high correlation between mobile-phone
location-based records and spatiotemporal characteristics of human ac-
tivities has also been verified in several studies (Dunkel, 2015; Gariazzo
et al., 2016). Compared with the static data sources such as demo-
graphic data, the location-based geospatial big data are much better in-
dicators to quantify the dynamic of population distribution with a finer
spatiotemporal scale. Meanwhile, the increasing release of open data,
such as Google Maps and OpenStreetMap (OSM) (Kitchin et al., 2017;
See et al., 2016), provides further opportunities for us to describe and
understand the surroundings of urban residents.

To addresses the abovementioned limitations of existing methods,
by combining human mobility into environmental exposure assess-
ment, we proposed a novel method to dynamically assess population
exposure to urban greenspace with the integration of multi-source
geospatial big data. Experimental tests with the developed method in
30 Chinese cities uncovered a better understanding of residents’ diurnal
and daily greenery exposure experiences and also revealed different
facets of residents’ greenery exposure among these cities with different
physical and socio-economic characteristics. The remainder of this
paper is organized as follows. Section 2 gives a brief description of the
study area and the selected datasets. Sections 3 and 4 provide detail il-
lustrations of the methods and results. We discuss the implications
and main findings in Section 5 and offer our conclusions in Section 6.

2. Study area and data
2.1. Study area

Based on the city's size (area and population) and the availability of
remote sensing imagery, thirty Chinese cities with population over 1.6
million (China, 2017) were selected as the experimental samples for
the greenery exposure assessment in this study. They included four
direct-controlled municipalities (Beijing, Shanghai, Tianjin, and Chong-
qing), thirteen provincial capitals (Zhengzhou, Xining, Nanchang, Yin-
chuan, Nanning, Kunming, Fuzhou, Wuhan, Nanjing, Hefei, Haikou,
Guangzhou, and Chengdu), and thirteen others (Tangshan, Luoyang,
Quanzhou, Shenzhen, Guilin, Wuxi, Xuzhou, Ningbo, Xiamen, Huizhou,
Jining, Hangzhou, and Wenzhou).

To make a comprehensive evaluation of urban greenspace, we gath-
ered several datasets (Table. S1 in Supplementary Materials) and pro-
vided the detailed information about them as below.

2.2. Nighttime light data

Nighttime light data from the Visible Infrared Imaging Radiometer
Suite (VIIRS) with a 15 arc-second (~500 m) spatial resolution was
used to identify the spatial extent of cities' urban areas. The nighttime
light data (monthly composites) were obtained directly from the
Earth Observation Group (EGO) of National Oceanic and Atmospheric
Administration (NOAA) website (https://ngdc.noaa.gov/eog/), and any
interference from stray light, lunar illumination, and cloud cover was fil-
tered out. Specifically, 13 scenes covering the 30 cities from April 2015
to April 2016 were collected in this study. Pixel-based average composi-
tion images of the 13 scenes was then conducted for each city to reduce
noise and recover bad values. Finally, the images were re-projected into
the UTM projection with a 500-m spatial resolution.

2.3. High spatial resolution satellite data
Although the satellite data with moderate spatial resolutions such as

Landsat have been widely used in vegetation extraction and urban
greenspace detection (Chen et al., 2017; Fung and Siu, 2001; Zhou and
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Wang, 2011), their spatial details may still over- or under-estimate the
actual coverage of greenspaces (Qian et al., 2015). Such kind of biased
magnitudes will be particularly large when small and fragmented
greenspace exists, which is very common in high-density cities
(Gariazzo et al., 2016). In contrast, satellite images such as QuickBird
and Worldview from Google Earth/Maps offer an efficient and free-
access proxy to extract urban greenspaces accurately (Pulighe and
Lupia, 2016; Taylor and Lovell, 2012). In this study, we collected all
high-spatial-resolution satellite images (~0.6 m) that are retrieved be-
tween 2014 and 2016 using the Google Static Maps application program
interface (API, https://goo.gl/jY4HTc) for all selected cities. All images
were further filtered by visual inspections to ensure that they were cap-
tured around summertime.

2.4. Mobile phone locating-request big data

Mobile-phone locating-request big data (MPL) were used to quan-
tify spatiotemporal variabilities of residents' distribution by retrieving
real-time locating-request records of location-based services (LBS)
from mobile phone apps. The data used in this study were from Tencent
(one of the largest Internet company in China), and the locating-request
records were retrieved every 5 min with a spatial resolution of approx-
imately 1.2 km. With the widespread use of Tencent apps (e.g., WeChat,
QQ, Tencent Map) and Tencent's location-based services, the daily
locating-request records were up to over 36 billion in 2016 (Tencent,
2016). Specifically, the dataset used in this study was collected between
March 19 and November 21, 2016 using the Tencent API (http://heat.qq.
com). The discrete locating-request records were first converted to ras-
ter images, and the generated time-resolved population distribution
maps were then used to measure hourly and daily exposure to urban
greenspace.

2.5. Other data

Administrative boundaries in the form of 1:4,000,000 maps were ob-
tained from the National Fundamental Geographical Information Sys-
tem of China. These boundaries were used to separate adjacent cities
and eliminate the blooming effects of nighttime light images, especially
for coastal cities.

The LandScan Global Population dataset with a 1-km spatial resolu-
tion in 2015 was acquired for calculating the greenspace area per capita
(GAC). This dataset was produced by the Oak Ridge National Laboratory
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using a multi-layered, dasymetric, spatial modeling approach with GIS
and remote sensing techniques (Dobson et al., 2000).

Points of interest (POIs) have been widely used in urban studies (Cai
etal,2017; Huetal,, 2016; Zhang et al., 2017), as they represent locations
with a series of information including function, location, and other geo-
graphic features. Here we used POIs in December 2015 from the Weibo
social media platform through the open API (http://open.weibo.com/).
All the POIs were categorized into nine groups (i.e., catering, retailing, au-
tomobile, accommodation, recreation, public facility, transportation, cul-
ture and media, others), and those highly relevant to human activities
were selected and labeled as “urban area” based on these categories
(Table S2 in Supplementary Materials). Finally, 300 thousand POlIs
(marked with urban area samples) were collected and used for extracting
the urban area of each city.

3. Methods

Fig. 1 presents a flowchart outlining the methodology used in this
study, including the following four main procedures. First, data prepro-
cessing consisted of (i) selecting and labeling POIs data as urban area
samples, (ii) averaging monthly nighttime light images, and (iii)
converting discrete Tencent-based MPL data into raster images. Second,
a self-adaptive method was applied to define each city's urban area
using POIs and nighttime light images (VIIRS). Third, urban greenspace
areas were extracted from fine-spatial-resolution satellite images. Fi-
nally, a dynamic assessment of population exposure to urban greenspace
at different spatial scales was conducted.

3.1. Extraction of the urban area

The urban area was first extracted for all selected cities to ensure our
focuses on the urbanized environment. Here we applied a self-
developed adaptive approach to determine optimal thresholds for
each city's urban area extraction by the integration of nighttime light
imagery and POIs. First, nighttime light images were extracted with ad-
ministrative boundaries for all the 30 cities. Second, for each selected
city, by overlapping the POIs and nighttime light images, each P; (POIs
with urban area sample) would have a corresponding night-time-light
intensity value (NIV) N;. Taking Beijing for an instance (Fig. 2a), the ma-
jority of POIs' NIV ranged from 12 to 66 (Fig. 2b). To exclude potential
biases such as negative values, null values and noises from NIVs, we
assigned the cutting-off probability as 5% to refine NIVs of the POI sam-
ples, and the corresponding NIV was defined as the threshold for
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Fig. 1. Flowchart of the research methodology.
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Fig. 2. Extraction of the urban area, taking Beijing for an instance. (a) Nighttime light image extracted with Beijing's administrative boundary. (b) The frequency and percentage of night-
time-light intensity value (NIV) extracted by points of interest (POI) samples in Beijing. (c) Urban region extracted by the adaptive NIV threshold. (d) The final refined urban area.

extracting urban areas. That is, pixels with NIVs equal to or larger than
the threshold were regarded as urban areas (Fig. 2c). The final urban
area for each city was refined by keeping the urban center and removing
those spatially isolated pixels and small regions such as edge cities and
satellite towns (Fig. 2d).

3.2. Extraction of urban greenspaces

Urban greenspaces involve all kinds of areas covered by green vege-
tation within the urban region (e.g., greenways, street trees, nature con-
servation areas, private backyards, community gardens, parks, sporting
fields, etc.) (Wolch et al., 2014). With geographic boundaries of all se-
lected cities, we accessed to the Google Maps tile-based images with
an ~0.6-m spatial resolution at a zooming level of 18. All the selected
tiles were then mosaicked and re-projected into the UTM projection
system with a spatial resolution of 1 m. Due to the fact that the
downloaded images from Google Maps are all R-G-B composition with
digital values ranging from 0 to 255, we are unable to extract remote-
sensing indicators such as Normalized Difference Vegetation Index
(NDVI) and Enhanced Vegetation Index (EVI) that require near-
infrared bands. However, since our study areas are the context of
urban regions without extensive farmlands, we can regard all green
pixels identified from Google Map images as parts of urban greenspaces.

To eliminate potential noises from aquatic plants in water bodies, the
water body layer from OpenStreetMap was used to mask out the Google
Map images. Finally, we used the Normalized Difference Greenness
Index (NDGI) (Uto et al., 2008) to measure the greenness of each pixel
as

G—R
NDGI_—G+R (1)

where R, and G are digital values of red and green bands, respectively.
With lots of trial-and-error experiments in this study, the urban
greenspace pixels were defined as the NDGI value greater than 0.2
and the digital value of the blue band lower than 200. An example of
extracting urban greenspaces is presented in Fig. 3. The average accu-
racy of the obtained results was 85.14% (ranging from 79.52% to
91.20%). More detail information about the validation process can be
found in Supplementary Materials (accuracy validation of greenspace
extraction).

3.3. Dynamic green exposure assessment

Since the location of an individual is temporally varied, to objectively
reflect population exposure to ambient greenspace environment across
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Fig. 3. Urban greenspace extraction. a. High-resolution remote sensing image collected from Google Maps. b. Extracted greenspaces based on the Normalized Difference Greenness Index

(NDGI) and blue band.

different temporal scales, a model for dynamically assessing greenery
exposure, termed “green exposure” is defined as Eq. (2)

n
GE = —Z?G" (2)

where G; denotes the green level of the ith individual's surrounding en-
vironment, n is the total population within the study area, and GE is the
average green exposure of the targeted study area (e.g., the urban area
of a city).

In this study, the MPL data was used as an indicator to delineate the
spatiotemporal pattern of population distribution since the time-series
gridded MPL data could represent the relative population dynamics.
By incorporating the real-time dynamics of pixel-based population dis-
tribution into the green exposure assessment, we further modified the
model in Eq. (2) in a population-weighted manner. Thus, the green ex-
posure could be calculated as

i x Gy

GE =
Z?:ﬂ)i

3)

where p; is the relative amount of population in the ith grid, and G; is the
green level of the area around the ith grid. Specifically, we used the
green coverage rate to evaluate the green level of a region. GE denotes
the green exposure (population-weighted average greenery coverage)
of the target study area.

To calculate the green coverage rate in the surrounding areas, a cen-
ter point for each grid was first defined with the assumption that all of
the locating-request records (representing people's real-time locations)
within the grid (1 km = 1 km) were centered with this point. Buffers
with different distances were then built from the center point to define
different surrounding areas. In this study, three buffer scales regarding
the green exposure were assessed with distances from 0.5 km to
1 km, and 1.5 km away from the center point of each grid. Specifically,
green exposure with the buffer scale of 0.5 km was used to evaluate
population exposure to immediate surrounding greenspaces which
was shown to have the function of improving the microenvironment
and exerting positive effects on mental health (Bowler et al., 2010).
The larger 1.5-km buffer scale was used to account for greenspaces
nearby and within a certain distance, since greenspaces within a certain
distance can also contribute to purifying local air quality and relieving
local heat island effects (Mitchell et al., 2011). The 1-km buffer scale
was selected as the transitive level to understand the change pattern
of a city's green exposure from small to large scales. As it was hard to
provide any information about the individuals' precise positions in
each pixel (e.g., indoor-outdoor ratio), the defined green exposure in
this study represented as the maximum potential exposure level to
the surrounding greenspaces.

With the high-spatial-resolution greenspace mapping and the real-
time dynamics of MPL-based dynamic population distribution, we can
estimate the magnitude of population exposure to their ambient
greenspaces based on Eq. (3) with different updating frequencies from
5 min to one day, one month or even one year. In this study, to reduce
computational costs, we first aggregated the 5-min MPL data into hourly
MPL data for each city and aimed to give a general assessment of hourly
population exposure to surrounding greenspaces in the 30 selected cities.

3.4. Evaluation of urban greenspace distribution

To quantify the difference in greenspace distributions among the 30
selected cities, a sensitivity analysis was conducted by comparing each
city's rankings in the magnitude of green exposure across different
buffer scales. Generally, if a city has relatively stable rankings in differ-
ent buffer scales (i.e., 0.5 km, 1 km, and 1.5 km), it means that the city
is less sensitive to the change of buffer scales in terms of green exposure,
otherwise, the targeted city will be more sensitive to the variation of
buffer scales. Ideally, if a city has high rankings and a low sensitivity
across different buffer scales, it means that the distribution of urban
greenspaces in this city is quite reasonable and the total green coverage
is with a relatively high level. For those have high sensitivity, cities with
high ranking in a smaller buffer scale is better than those having high
ranking in a larger buffer scale, since the former cities put most of the
limited greenspace close to their citizens.

3.5. Comparison of exposure assessment between the dynamic and static
methods

In order to investigate whether the dynamic model dose make a dif-
ferent in the assessment of population exposure to urban greenspace, we
intuitively compared the rankings of the results from the MPL-based dy-
namic method and the commonly used static method for all the selected
cities. The rankings of dynamic-based results were received based on the
average of all the hourly green exposure from March 19 and November
21, 2016. For the evaluation of urban greenspace environment using
the static method, we calculated green coverage rate and greenspace
area per capita with the extracted greenspace distribution map, the
urban region, and LandScan Global Population dataset for each city. It
should be noted that the total population of each city was derived by ag-
gregating the pixel-based population of LandScan within the newly de-
fined urban area for the calculation of greenspace area per capita.

4. Results
4.1. Estimation of urban area and urban greenspaces

The urban areas of all cities were extracted by the integration of
nighttime light images and POIs, while the urban greenspaces were
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extracted from high-spatial-resolution images from Google Maps.
Quantitatively, Shanghai (4373.10 km?) and Beijing (3399.96 km?)
were two cities with the largest urban area, and Xining (188.44 km?)
was with the smallest urban area. Regarding the green coverage rate
in the extracted urban region, the three cities with the highest green
coverage rate were Chengdu, Wenzhou, and Guangzhou, whereas the
lowest was Zhengzhou (Fig. 4). The total average green coverage rate
for all the 30 cities was 36.41% (95% CI: 22.73%-49.20%).

4.2. Average green exposure

By taking the dynamics of population distribution into consider-
ation, the hourly green exposures in three buffer scales were received
(Fig. 5), from March 19 and November 21, 2016. Here we take the 0.5-
km buffer scale for an example. As the whisker plot showed in Fig. 5,
Chengdu, Wenzhou, and Hangzhou were the top three cities with
highest green exposure in 0.5-km buffer scale, where residents could
enjoy more greenspace than other cities within their 0.5-km surround-
ing context. In contrast, Zhengzhou, Tangshan, and Nanning were the
lowest ones. Additionally, the green exposures of all the cities witnessed
an upward trend along with the increasing buffer scales (Fig. 5), because
a lager buffer size would gradually include more greenspaces in remote
regions (e.g., parks, public spaces, grass land or forest land). Meanwhile,
an obvious variability of hourly green exposure was identified from the
whisker plot in Fig. 5 that the quartile values of some cities were found
to be up to +-25% wider than their median values, which demonstrated
that the human mobility contributed significantly to their varied sur-
rounding greenspace environment.

Y. Song et al. / Science of the Total Environment 634 (2018) 1315-1325

4.3. Difference of greenspace distribution across the selected cities

As shown in Fig. 6, cities with relatively stable rankings in different
buffer scales were assigned with a low sensitivity, otherwise, their sen-
sitivity would be high. Based on the magnitude of green exposure and its
corresponding sensitivity, here we categorized them into four groups.
(1) The first group includes cities with low sensitivity & high green ex-
posure in all buffer scales (LS-HG), such as Wenzhou, Hangzhou, and
Chengdu, indicating the greenspace distribution in these cities is reason-
able and amount of greenspace is also large, and residents in these cities
are able to enjoy more greenspace than those in other cities. (2) The sec-
ond group includes cities with low sensitivity & low green exposure in
all buffer scales (LS-LG), such as Beijing, Nanjing, Tangshan and Zheng-
zhou. Compared with other groups of cities, residents in these cities
are limited to experiencing enough greenspace during their daily life.
(3) The third group includes cities with high sensitivity & low green ex-
posure in smaller (0.5 km) buffer scale (HS-LGs). Cities in this group
have low rankings in a smaller buffer scale but better rankings in a larger
buffer scale. For example, the cities such as Huizhou, Guilin, Quanzhou,
and Wuxi, their rankings are becoming better with a larger buffer
scale, which means that the majority of greenspaces are far from resi-
dents rather than being nearby. (4) The fourth group includes cities
with high sensitivity & high green exposure in smaller (0.5 km) buffer
scale (HS-HGy). This group of cities has better performance in smaller
buffer scales but poor performance in larger buffer scales (e.g., Haikou,
Wuhan, Kunming, and Tianjin), which means that the distribution of
urban greenspaces is friendly. Despite of the limited amount of
greenspaces, the majority of them are distributed near the residents so
that people can immediately and easily benefit from them.
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Fig. 5. Whisker plot of hourly green exposure in 0.5-km, 1-km and 2-km buffer scales.

4.4. Dynamic change of green exposure

Based on the hourly population distribution map, we assessed the 30
cities' dynamic green exposure changes in 0.5-km buffer size for week-
days and weekends, respectively. All the results were presented in the
form of rose diagrams in Fig. S1 (Supplementary Materials). For the pur-
pose of uncovering different exposure patterns across temporal scales,
we selected four cities with representative green exposure patterns,

including Guilin, Tianjin, Huizhou, and Yinchuan, as shown in Fig. 7.
For convenience, we used workplaces and schools to represent the
places where people are in the daytime and used home and residences
to represent the places where people are in the nighttime. (i) As Fig. 7a
shown, the magnitude of green exposure in 0.5-km buffer scale be-
tween 24:00 and 06:00 was obviously greater than that between
09:00 to 18:00. This pattern illustrated that people living in cities such
as Guiyang enjoyed more greenery during nighttime (when most

City Rank Rank City
Wenzhou 1 1 Wenzhou
Hangzhou 2 2 Huizhou
Chengdu 3 3 Hangzhou
Nanjing 4 4 Chengdu
Chongging 5 5 Guilin
Ningbo 6 6 Nanjing
Huizhou 7 7 Chongging
Haikou 8 8 Ningbo
Hefei 9 9 Xiamen
Guilin 10 10 Guangzhou
Wuhan 11 11 Quanzhou
Kunming 12 - 12 Hefei
Guangzhou 13 13 Xuzhou
Xiamen 14 14 Jining
Xuzhou 15 15 Haikou
Jining 16 16 Wuhan
Tianjin 17 17 Wuxi
Yinchuan 18 18 Kunmin’
Quanzhou 19 | 19 Luoyan,
Wuxi 20 20 Yinchuan
Luoyang 21 21 Fuzhou i
Nanchang 22 22 Tianjin Hligh:is
Fuzhou 23 23 Shenzhen
Shanghai 24 24 Nanchang %0
Shenzhen 25 25 Shanghai &
Xining 26 26 Xining -
Beijing 27 27 Nanning %D
Nanning 28 28 Tangshan -é
Tangshan 29 29 Beijing c‘é‘
Zhengzhou 30 30 Zhengzhou Low: -7
0.5 km 1 km 1.5 km o

Fig. 6. Inter-city ranking and sensitivity analysis for 30 cities' green exposure with three different buffer scales. The thickness of line indicates the absolute value of the ranking change
(Ranky skm-Ranko skm): the thicker the larger. The color of line denotes positive (orange) or negative (blue) values.
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Huizhou

Overlap Weekday

Weekend

Yinchuan

Fig. 7. Patterns of hourly green exposure in 0.5-km buffer scale for the cities Guilin, Tianjin, Huizhou, and Yinchuan. Regions in yellow are the green exposure on weekdays, regions in blue

are that on weekends, and regions in green are the overlaps.

people were at home) than daytime (when most people were at their
workplaces or schools). (ii) However, cities like Tianjin (Fig. 7b) were
in the opposite situation, where the green coverage within people's sur-
rounding 0.5 km area during nighttime was less than that during day-
time. (iii) The third pattern is quite different from the first two, as the
hourly green exposure changed drastically during the day. People in cit-
ies such as Huizhou (Fig. 7c) enjoyed obviously greener environment at
around 07:00 and 12:00. Typically, during these two periods, most peo-
ple in China are on the way to work or school (around 07:00) and go out
for lunch or other non-work activities (around 12:00), which change
their locations from indoor to outdoor. Therefore, in the cities like
Huizhou, comparing with the relatively less greenspace surrounding
citizens' residences or workplaces (or schools), more green vegetation
was located along the streets, roads and other places where people
were during these two periods. (iv) The exposure pattern in cities like
Yinchuan (Fig. 7d) appears to be a combination of the patterns of Tianjin
(Fig. 7b) and Huizhou (Fig. 7c), as more green vegetation was located
around people's work spaces than around their residences, and abrupt
changes can also be found at around 07:00 and 12:00.

4.5. Difference of green exposure between weekdays and weekends

As shown in Fig. 7 and Fig. S1, the diurnal variations of green ex-
posure on weekdays and weekends are in similar patterns for most

cities. However, they do exhibit some differences, for example in
Yinchuan (Fig. 7d), the average green exposure on weekdays at
around 07:00 was much higher than that on weekends. One possi-
ble reason is that people need to collectively move from their
homes to their workplaces (or schools) in the morning on week-
days, whereas the majority do not commute over the weekends.
Thus, we calculated the change rate of green exposure in 0.5-km
buffer scale using Eq. (4) to describe the difference between week-
days and weekends.

 AE;—AE.
pP= T 100% (4)

where P is the change rate of green exposure between weekdays
and weekends, AE, is the city-scale average green exposure on
weekdays, and AE, is the city-scale average green exposure on
weekends.

As shown in Fig. 8, residents in nine of the thirty cities enjoy fewer
greenspaces on weekdays than weekends (AE,; < AE.), and Shanghai
has the largest change rate of green exposure (1.67%). In contrast, resi-
dents in the other 21 cities are exposed to a better greenspace on week-
days than weekends (AE; > AE.), and the city exhibiting the largest
difference was Nanchang (1.47%).
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Fig. 8. Change rate of city-scale green exposure in 0.5-km buffer scale between weekdays and weekends.
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Fig. 9. Rankings of all 30 cities in terms of green area per capita (GAC), green coverage rate (GCR), and green exposure. The criterion differentiates the magnitude of green levels from
greenest (30) to least green (1).
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4.6. Comparison of different exposure assessment methods

The 30 cities' rankings on two indexes (green coverage rate and
greenspace area per capita) as well as the rankings based on the dy-
namic green exposure were shown in Fig. 9. Each box plot displays the
ranking of the city in the corresponding index, and the city with the
highest green level was marked as 30 (e.g., Chengdu in green coverage
rate) and the city with the lowest green level was marked as 1
(e.g., Zhengzhou in green coverage rate). It can be obviously identified
that the rankings of most cities in terms of these three indexes are dif-
ferent. Taking Wuxi for an example, both its green coverage rate and
greenspace area per capita are relative plausible, however, by consider-
ing the dynamics of population distribution into the assessment of pop-
ulation exposure to greenspace, results show that the residents'
surrounding greenspace environment is not satisfied. Meanwhile, cities
such as Wuhan has an opposite situation that even the city's overall
green level in terms of green coverage rate and greenspace area per
capita is not very high, but the majority of greenspaces are distributed
nearby residents.

5. Discussion

In this study, by combining high-spatial-resolution remote sensing
images from Google Maps and mobile-phone locating-request (MPL)
data from Tencent, a novel model for dynamically assessing population
exposure to urban greenspace was proposed and applied in 30 Chinese
cities. Different from traditional methods of evaluating urban greenspace
in terms of green area per capita and green coverage rate, or the static
green exposure assessments based on census-based population data,
the developed model well considered the spatiotemporal variability of
population distribution and the accurate extraction of urban greenspaces,
thereby contributing to a better assessment of population exposure to
urban greenspace. The potential highlights of this model can be concluded
as follows. First, given that the commonly used Landsat series (30 m) and
MODIS 250-1000 m) data are still unable to capture sub-pixel complex
urban environment accurately, especially for the highly urbanized areas,
the high-spatial-resolution remote sensing images (0.5-1 m) are used
in this study for extracting urban greenspace and deriving greenspace dis-
tribution maps with fine spatial details. Second, the human mobility is
considered in the construction of the assessment model. Previous studies
regarding the assessment of green exposure always used the census data
based on the assumption that the population distribution is stationary.
However, in reality, people will be in different places and experience dif-
ferent greenspace environment across different times. Thus, the mobile-
phone locating-request (MPL) big data are used in this study to quantify
dynamic changes of people's surrounding greenspace. The combination
of high-spatial-resolution greenspace distribution maps and the real-
time dynamics of population distribution will surely provide us more in-
formation about population exposure to different greenspaces during
their daily life.

The temporal variation of green exposure reveals the shift of people's
surrounding greenspace environment, which is mainly determined by
the characteristics of greenspace distribution in urban areas. For exam-
ple, the cities with a relatively higher magnitude of green exposure in
the night always have better greenspaces for residential places. In con-
trast, cities with a higher magnitude of green exposure in the daytime
will have better greenspaces for workplaces. Recently, more cities have
been planting green vegetation along the streets and in public spaces,
and such kind of efforts will contribute much to increasing the magni-
tude of green exposure when people are walking and commuting out-
side. In addition, the uncovered difference of green exposure between
weekdays and weekends in this study results from the changes of
people's commuting patterns and surrounding greenspace environment
between these two periods.

The comparison of cities' rankings derived from the dynamic or static
methods also supports our argument that ignoring human mobility may

lead to biased assessment of population exposure to urban greenspace.
The shortcomings of those static-based assessments have already been
discussed in previous researches on environmental health/exposure,
which are grouped as part of the uncertain geographic context problem
(Kwan, 2012). That is, research conclusions about the effects of environ-
mental influences on a person's health are sensitive to different delinea-
tions of the geographic and temporal contexts used to derive the
relevant environmental variables. This issue can be found in the studies
that use datasets with very low spatiotemporal resolution or aggregated
over large regions (e.g., census tracts) that do not necessarily reflect in-
dividuals' travel trajectories or the dynamic change of population distri-
butions, thereby limiting the ability to collect the actual ambient
environment of people during their lives (Kwan, 2012; Park and Kwan,
2017). Therefore, the developed method for dynamic assessments of
population exposure to green exposure in this paper provides an alter-
native to solve the uncertain geographic context problem and advance
our understanding of the interaction between environment, human
being, and public health.

Meanwhile, some potential concerns about the implementation
of our methods should be addressed. First, geospatial big data
(e.g., mobile phone location data, social media check-in records)
are non-representative, they may omit some population groups of
society such as children, the elderly, and the poor, who are less-
frequent active users (Chen et al., 2018; Zagheni and Weber, 2015).
However, such kind of big data are still good indicators for delineat-
ing real-time population distribution from local to regional scales.
Second, the extraction of urban greenspace was conducted based
on an empirical threshold method, which may limit the accuracy of
greenspace distribution mapping to some extent. Therefore, how to
integrate other data resources and methods to better map the high-
spatial-resolution greenspace distribution will be our future work.

6. Conclusion

With the integration of multi-source geospatial big data, this
study sought to propose a dynamic model of assessing population
exposure to their surrounding greenspace environment, thereby
providing a better way to understand how people expose to their
ambient greenspace environment across different spatial-temporal
scales. Experimental tests with 30 major cities in China revealed ob-
vious diurnal and daily variations of population exposure to their
surrounding greenspaces with different buffer scales, and the distri-
bution pattern of urban greenspaces and the magnitude of green ex-
posure were also varied across different cities. Compared with the
static methods, the developed method uncovered a more reasonable
assessment of green exposure by taking the urban greenspace
patterns and the spatiotemporal variabilities of population distribu-
tion into consideration. This dynamic framework could hold poten-
tial utilities in supporting urban planning studies such as assessing
the reasonability of urban greenspace distribution, adjusting the al-
locations of greenspaces and advancing our understanding of the
magnitude of population exposure to greenspace at different spatio-
temporal scales. Additionally, these methods and findings may contrib-
ute to building quantitative relationship between green exposure and
related public health issues.
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