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Abstract: Green spaces play an important role in improving the health and quality of life of urban
residents, and environmental justice has become one of the most debated topics for scholars and
governments in China. The accessibility of green space has been recognized as an effective method
for the assessment of environmental justice. Population and green space are the two basic elements
for evaluating green space accessibility. However, high-precision population data are difficult to
obtain. To address this issue, we propose a straightforward method to assess green space accessibility
using urban artificial building data and investigate how green space distribution is correlated with
the population. Our analysis uses urban artificial building data and green space data from 2018
in Nanjing, China. The results show that the overall amount of green space, is not only very low,
but also unevenly distributed. From the urban center to the city outskirts, the green space changed
representing an M-shaped pattern, while the population sharply declined. Given the serious mismatch
between the population and green space, only about 26.4% and 51.8% of Nanjing residents could
access green space within 400 and 800 m, respectively, which was far below that in cities in developed
countries. For residents’ wellbeing, governments must consider increasing green space provision and
promoting equal access.

Keywords: green space; accessibility; spatial equity; environmental justice; urban artificial building
data; Nanjing

1. Introduction

In the past few decades, humans have greatly changed the landscape of the earth through
processes such as deforestation, agricultural expansion, and urbanization [1,2]. Some of these land-use
changes, especially where natural land has been converted to built-up land, have negatively affected
ecology and the environment, threatening regional sustainable development [3,4]. Therefore, land-use
change has received continuous attention from scholars, particularly in cities and rapidly urbanizing
regions, which are characterized by high population concentration and artificial landscapes [5,6]. Apart
from the provision of ecosystem services, green spaces contribute positively to inhabitant recreation,
sports, social activity, and so on, which could promote human physical and mental development [7–9].
A growing body of research has confirmed that urban sprawl disrupts natural ecosystems and causes
environmental problems, thereby degrading the quality of life in urban areas [10–12].

In other words, green space plays a crucial role in supporting urban people’s high quality of
life. As green space is important for the wellbeing of residents, it has become one of the fundamental
objects of environmental justice research [13,14]. Related research includes the spatial pattern change
of green space [15,16], the utility of green space [7,17], and the accessibility of green space [10,18,19].
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Additionally, in recent years, green space provision has become an important element of urban planning
worldwide [20,21]. In particular, the accessibility of green space has been recognized as an effective
method to assess environmental justice. Green space and population are the basic elements for an
accessibility assessment. Whereas the distribution of green space can easily be measured by remote
sensing or ground surveys, it is difficult to obtain high-resolution population data because populations
are constantly moving. Previous studies have pointed out that the first basic principles of a green
accessibility assessment should be citizen-based [18]. Demographic data used in most previous studies
were taken from census or statistics, which were generally carried out in a specific administrative unit
with an interval of several years. Meanwhile, the administrative unit usually covered at least a few
square kilometers or even tens of square kilometers and the resolution of the data was particularly
insufficient when the study area was over hundreds of square kilometers [19,22].

Most studies focused on cities in developed countries, which are characterized by high urbanization
levels and low population growth rates. Cities with rapid urbanization and population growth have
not received sufficient attention, especially in China where serious environmental problems are present,
leading the Chinese government to focus on environmental justice [23]. Since the beginning of China’s
policy of reform and opening to the world in 1978, China has been undergoing rapid urbanization.
The urban population grew from 1.74 × 108 in 1978 to 8.13 × 108 in 2017, with the urbanization
rate increasing from 17.92% to 58.52% [24]. Previous studies showed that the landscape changed
significantly along with urbanization [25,26]. However, few studies focused on the accessibility of
green space [10,19,27] and high-resolution population data are difficult to obtain. Existing studies
mainly rely on population census data at a certain administrative level, which may affect the accuracy
of results. In other words, population data are a limiting factor in evaluating green space accessibility.

To address this problem, we proposed an alternative solution to assess population distribution.
Buildings are important indicators as they are places where people live and work. In this study, we look
at urban artificial buildings to represent the population and assume that the building density was
consistent with the population density. This allows us to evaluate the accessibility to green spaces at a
finer scale than previous research. We chose Nanjing as our study area because it is undergoing rapid
urbanization with a population of more than 8.34 × 106. This paper contributes to the existing literature
on the accessibility of urban green space on a finer scale in China. The objectives of this paper are to (1)
quantify the spatial pattern of green space, and (2) assess the accessibility of urban green space.

2. Materials and Methods

2.1. Study Area

Nanjing is the capital of Jiangsu Province, which is one of the most prosperous provinces in China.
It is located in eastern China, between the longitudes 118◦22′ E and 119◦14′ E, and latitudes 31◦14′ N
and 32◦37′ N (Figure 1), covering an area of 6582 km2. This region is characterized by an east Asian
monsoon climate with an average annual temperature of approximately 15.4 ◦C and an annual rainfall
of approximately 1200 mm. According to the Statistical Yearbook of Nanjing, the population grew
quickly from 3.38 × 106 in 1978 to 8.43 × 106 in 2018, and about 82.29% of the population lived in cities
in 2018 compared with about 45.07% in 1978. The GDP per capita was about USD 2.31 × 104 in 2018,
which was significantly above the national average [28]. Nanjing consists of 11 districts; however,
only the central urban area was selected in this study, which we defined as the area within the outer
ring road and the Yangtze River. In terms of administrative districts, it includes the areas of Xuanwu,
Qinhuai, Jianye, Gulou, parts of Yuhuatai, Qixia, Jiangning, and Lishui, covering an area of 577.44 km2.
The population size is more than 5.0 × 106 and is still growing.
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In this study, urban artificial building data were obtained from the Data Center for Resources 
and Environmental Sciences at the Chinese Academy of Sciences (RESDC), with a scale of 1:2000, and 
covering the central urban area. The data contents outline and number the stories of each building in 
Nanjing in 2018. Referring to previous studies, green spaces are defined as parks, water, and forests 
where people can relax and spend time. Green space data were obtained from the Nanjing Bureau of 
Planning and Natural Resources and the Baidu electronic maps (https://map.baidu.com/). Generally, 
the size of the green space influences its function. However, there is no universal agreement about 
the standard size of the green space [18]. Based on previous research [18,20], we determined the area 
of the green space as a space which has a minimum size of 1 ha. All data were plugged into the 
geographic information system and corrected to the WGS-84 coordinate system. Then, we overlaid 
them to extract the central urban area. 

2.3. Methods 

2.3.1. Spatial Pattern Analysis 

The spatial pattern of green space significantly influences the accessibility analysis, and the 
spatial distribution of green space is usually uneven. Thus, for our analysis, it was necessary to 
quantify the spatial pattern of green space. Here, we use Moran’s I which has been widely applied to 
quantify the degree of spatial concentration or dispersion of disasters at a global scale, with the value 
ranging from −1 (minimum) to 1 (maximum). In general, negative values represent a dispersed 
pattern or negative spatial autocorrelation and value −1 represents perfect dispersion, whereas 
positive values represent a clustered pattern or positive spatial autocorrelation and value 1 represents 
a perfect cluster. Value 0 indicates a random spatial pattern [29]. It should be noted that the index 
values cannot be interpreted directly. They must be interpreted within the context of the null 
hypothesis, which is represented by two other parameters, namely z-score and p-value. A positive z-
score and statistically significant p-value indicates that the spatial distribution of objects is a clustered 
pattern. A negative z-score and statistically significant p-value indicates that the spatial distribution 
of objects is a dispersed pattern. 

Along with the process of urbanization, urban sprawl takes place to meet the land demands for 
the housing, industry, infrastructure, and so on. This causes the landscape to change gradient. In 
addition to the general spatial pattern, we used gradient analysis to detect green space change from 
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2.2. Data and Pre-Processing

In this study, urban artificial building data were obtained from the Data Center for Resources
and Environmental Sciences at the Chinese Academy of Sciences (RESDC), with a scale of 1:2000,
and covering the central urban area. The data contents outline and number the stories of each building
in Nanjing in 2018. Referring to previous studies, green spaces are defined as parks, water, and forests
where people can relax and spend time. Green space data were obtained from the Nanjing Bureau of
Planning and Natural Resources and the Baidu electronic maps (https://map.baidu.com/). Generally,
the size of the green space influences its function. However, there is no universal agreement about the
standard size of the green space [18]. Based on previous research [18,20], we determined the area of the
green space as a space which has a minimum size of 1 ha. All data were plugged into the geographic
information system and corrected to the WGS-84 coordinate system. Then, we overlaid them to extract
the central urban area.

2.3. Methods

2.3.1. Spatial Pattern Analysis

The spatial pattern of green space significantly influences the accessibility analysis, and the spatial
distribution of green space is usually uneven. Thus, for our analysis, it was necessary to quantify the
spatial pattern of green space. Here, we use Moran’s I which has been widely applied to quantify the
degree of spatial concentration or dispersion of disasters at a global scale, with the value ranging from
−1 (minimum) to 1 (maximum). In general, negative values represent a dispersed pattern or negative
spatial autocorrelation and value −1 represents perfect dispersion, whereas positive values represent a
clustered pattern or positive spatial autocorrelation and value 1 represents a perfect cluster. Value 0
indicates a random spatial pattern [29]. It should be noted that the index values cannot be interpreted
directly. They must be interpreted within the context of the null hypothesis, which is represented
by two other parameters, namely z-score and p-value. A positive z-score and statistically significant
p-value indicates that the spatial distribution of objects is a clustered pattern. A negative z-score and
statistically significant p-value indicates that the spatial distribution of objects is a dispersed pattern.

Along with the process of urbanization, urban sprawl takes place to meet the land demands
for the housing, industry, infrastructure, and so on. This causes the landscape to change gradient.
In addition to the general spatial pattern, we used gradient analysis to detect green space change

https://map.baidu.com/
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from the urban center to the fringe, and annuli would be generated at 1000-m intervals. In addition,
the spatial pattern analysis of a building uses two indicators, namely building coverage ratio (BCR)
and floor area ratio (FAR). BCR is defined as the ratio of building footprint area to the size of the plot
upon which it is built, while FAR is the ratio of the building’s total floor area to the size of the plot
upon which it is built. The spatial pattern analysis was performed using ArcGIS 10.6 software.

2.3.2. Accessibility Analysis

There is no consensus in the literature on how to measure access to urban green space [8,21].
Generally speaking, distance to green space significantly affects people’s travel time and money
costs [30]. The closer the space, the lower the cost. Thus, distance to green space is the most
important factor for assessing the accessibility of green space. Furthermore, we focused on “daily
accessibility” by looking at which surrounding residents could visit certain spaces often on weekdays
rather than only on weekends. The walking distance is commonly used to estimate the accessibility
of green space [8,16,19]. However, there is no clear standard for the length of the walking distance.
According to previous studies, a walking distance of 300–800 m is often determined to evaluate spatial
accessibility. In addition, the average walking speed of the elderly and youth was about 1.2 and 1.5 m/s,
respectively [31]. Therefore, we selected 400 and 800 m as the walking distance, which corresponded
to about a 5-min and 10-min walk, respectively. However, we did not consider the specific walking
routes and simplified them as Euclidean distances. Then, we created buffer polygons around the green
spaces. If a building was located in a buffer polygon, the green space was accessible. Instead, if a
building was not located in a buffer polygon this meant the green space was inaccessible.

3. Results

3.1. Provision and Spatial Pattern of Green Space

As mentioned in the previous section, this study considered a single patch of more than 1 ha
in size as a green space. Through this prerequisite, 137 green spaces were selected with a total area
of 7492.77 ha, accounting for 13.06% of the landscape. As shown in Figure 2, green spaces varied in
location, size, and spatial form. Out of the total spaces, 84 spaces’ areas were less than 10 ha each,
accounting for about 61.31% of the total number of green spaces while occupying only 3.91% of the
total green area. On the contrary, there were eight green spaces whose area was more than 60 ha each
and they accounted for more than 81.54% of the total green area. Particularly, the largest green space
was the Purple Mountain Scenic Zone, with an area of 2587.76 ha, accounting for 34.54% of the total
green space. It is located in the east of Nanjing City, with a distance of less than 4 km from the city
center. Green spaces were not distributed equally across the city. They were predominantly distributed
in the northeast of Nanjing City within 10 km of the city center, and south of Nanjing City far away
from (>10 km) the city center. The Moran’s I z-score (2.92) and p-values (0.00) indicated that the spatial
distribution of green space was relatively clustered.

Figure 2 shows the gradient changes of green space from the city center to the fringe. The area of
green spaces and its percentage of the total landscape displayed similar changes as the distance to
the city center increased. Moving away from the city center, the number of green spaces increased,
decreased, and then continuously increased. Corresponding to the spatial distribution, green spaces
exceeded the peak in the fifth and the twelfth gradient circles. The area of green space in the gradient
circle ranged from 0.77 to 747.74 ha, whereas the percentage of each gradient circle varied from 0.25%
to 20.85%. As the central business district is in the city center, there were a few green spaces in the
first and second gradient circles, with 0.77 and 44.24 ha, which accounted for 0.25% and 4.69% of each
gradient circle, respectively.
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3.2. Spatial Pattern of Building

A total of 121,933 buildings are located in the study area, with a building area of 5509.4 and a floor
area of 26,205.6 ha. The tallest building is Zifeng Mansion, which is one of the most iconic buildings in
Nanjing with 89 stories. It ranks as the 10th tallest building in China and 22nd in the world. Referring
to the other studies, we classified the buildings into four categories according to their number of floors:
low-rise buildings, in which the number of floors was lower than or equal to 3; multistory buildings,
where the number of floors was between 4 and 10; high-rise buildings, with between 11 and 30 floors;
and super high-rise buildings, with more than 30 floors. The total building area was approximately
5509.4 ha in the central urban area, with a BCR of 9.65%, which is lower than the green space. However,
the FAR measured at 45.84%, with a floor area of 26,205.6 ha, which is approximately 3.51 times that of
the green space.

Low-rise buildings took up the most space, with an area of 2638.4 ha, followed by multistory
buildings (2513.5 ha) and high-rise buildings (346.5 ha). There was only a small number of super
high-rise buildings, accounting for 0.2% of the total building area. However, the floor area of each
category differed from its building area. The floor area of multistory buildings exceeded more than half
of the total floor area, with a percentage of 55.4%, followed by high-rise buildings (22.8%) and low-rise
buildings (20.2%). Thus, the difference between the building area and the floor area was significant.
As a booming city, many high-rise buildings have been built in Nanjing over the past few decades.
In particular, there were 326 buildings with more than 30 stories. Meanwhile, the super high-rise
buildings were mainly distributed in two regions. One region was within 2 km of the city center,
and the other was the Hexi Central Business District which was planned as the sub-center of Nanjing.

Figure 3 shows the distribution of buildings and the proportions of different types of buildings.
The gradient analysis shows that both FAR and BCR changed synchronously and display declining
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trends as we move from the city center to the fringe. The BCR value was measured at 34.55% in the
innermost circle to 0.59% in the outermost circle, whereas the FAR value was measured at 248.92% and
then 3.35%.Sustainability 2020, 12, x FOR PEER REVIEW 6 of 11 
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3.3. Green Space Accessibility

As shown in Figure 4, there were 41,579 buildings with a building area of 1552.7 ha and a floor
area of 6925.5 ha located in the 400-m buffer polygons of green spaces, measuring 28.2% of the total
building area and 26.4% of the total floor area. In other words, our data indicate that about a quarter of
the residents could conveniently access green space within 400 m from their homes. Here, there is a
serious mismatch between the population and green space. Furthermore, there is a huge discrepancy
in the accessibility of green spaces among these buildings. For example, there was only one green space
available with an area of less than 10 ha for 11,191 buildings with a floor area of 2054.0 ha, whereas
in another area 3189 buildings with a floor area of 427.8 ha could access two green spaces totaling
an area of more than 60 ha. Additionally, the average number and area of the accessed green spaces
were approximately 1.4 and 318.1 ha, respectively. Due to the significant differences in the area of
green space, there is a huge gap between the average value and median value of the accessible green
space areas. The median value of the accessible green space area was only 26.4 ha, which was about a
twelfth of the average value. In addition, the accessibility of buildings with different heights had some
differences too. The super high-rise buildings had the highest accessibility: 37.3% of these buildings
could visit green spaces within 400 m, with 36.2% of super high-rise floor area having access to green
spaces. This was followed by low-rise buildings (28.7% of total low-rise floor area had access to green
spaces) and multistory buildings (37.6% of multistory floor areas had access to green spaces). High-rise
buildings had the lowest accessibility and 21.0% of its buildings were located in the buffer polygons.
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The number of buildings located in the buffer polygon increased significantly when the buffer
radius was set to 800 m. A total of 74,813 buildings could access green spaces within 800 m, with a
building area of 1552.7 ha and floor area of 6925.5 ha. However, the respective overall proportion is
still unsatisfactory, where 52.9% of the total building area and 51.8% of the total floor area could access
green spaces. This meant that only slightly more than half of the Nanjing residents could access green
space within 800 m. As the walking distance increased, the average number and area of the accessed
green space increased to 2.1 and 318.1 ha, respectively. The median value of the accessed green spaces
was about 44.15 ha, which is still far below the average value. In addition, the access ratios among each
type of building were similar to those found in the 400 m buffer. The super high-rise buildings had the
highest accessibility, about 67.2% of their floor area could access green spaces within 800 m. On the
contrary, only 48.0% of the high-rise buildings were within the 800 m buffer polygon.

Generally speaking, whether the buffer radius was set to 400 m or 800 m, the green space
accessibility of Nanjing was far below that of developed countries [21]. Moreover, our results differ
from those in a previous study by Yu et al. [32], where the authors found that 60.44% of Nanjing
residents could access green spaces within 800 m. This difference may largely be caused by “population
data.” In Yu et al.’s study, population data were represented by 2709 units of housing, while we used
more than 1.2 × 105 buildings.

There was a significant difference among the functions of green spaces that residents visited,
for the total area of green spaces with an area of less than 10 ha is only one-twentieth of the total area
of green spaces with an area of more than 60 ha, but the population they serve is about twice the
people served by green spaces with an area of more than 60 ha. Green spaces with an area under 10 ha,
which accounted for 3.91% of the total green space area, served most residents, and the building area
and floor area of buildings located in its buffer region were 930.41 ha and 4534.50 ha, respectively.
Green spaces with areas between 10 and 30 ha followed with about 666.68 ha of building area and
2890.98 ha of floor area distributed in the 500 m radius of these spaces. However, the building area and
floor area in the buffer regions of green spaces larger than 60 ha was much lower than that in the buffer
regions of green spaces smaller than 10 ha. We found that 555.15 ha of building area and 2188.01 ha of
floor area benefited from green spaces that were larger than 60 ha, which occupied more than 80%
of the total green area. Green spaces between 30 and 60 ha served the fewest residents with roughly
334.90 ha building area, and 1464.70 ha floor area distributed in its buffer regions.
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4. Discussion

4.1. Demographic Data

Readily available fine spatial resolution population distribution is a key variable for assessing
accessibility. In this study, we proposed using building data instead of population data. Although
government survey statistics remain a primary method to obtain demographic data, they are carried
out in specific administrative units and cost much money and time [33,34]. As administrative units
vary in size, and timelines become an issue in the data collection process, it is difficult to directly use
these data for studying human–environment interactions, especially for small-scale research areas,
such as business decisions, resource allocation, and urban planning [22,35]. Building data (such as
building outline, number of floors) have been widely used for modeling high-precision and fine-scale
population distribution [36]. For example, Dong et al. [37] found that the mean absolute relative
error of population distribution can be improved to 7% based on residential buildings. Unlike from
population estimation studies, we think that the exact number of people is not very important for
assessing accessibility. We are more concerned with the proportion of the population that experiences
accessibility. In addition, public resources such as urban green space should be equally allocated
among all residents.

4.2. Walking Distance

The setting of the walking distance length has a great influence on the accessibility assessment.
In this study, accessibility increases significantly along with walking distance, similarly to in previous
studies [32,38,39]. Furthermore, this indicates that the distance setting may produce different
conclusions. Logan et al. [39] show that the portions of the population without green space access in
Baltimore and Chicago were considerably different when the walking length increased from 400 m to
1000 m. The threshold distance setting should consider the maximum distance to urban green space,
for the maximum distance changes depending on the city. For example, Wüstemann et al. [21] found
that the maximum distance to urban green space ranged from 541 m in Bergisch Gladbach to 1804 m
in Augsburg across 53 major cities in Germany. Mears and Brindley [38] concluded that almost all
residents in Sheffield could access green space within 500 m. In other words, the walking threshold
distance setting should be set below the maximum distance to the nearest green space when evaluating
accessibility and especially when comparing accessibility in different cities.

4.3. Green Space Provision

China has been experiencing rapid urbanization since its reform and opening-up policy in 1978.
The landscape has changed dramatically in cities, where natural land has been converted to built-up land,
causing the urban environment to deteriorate. For example, the official ratio of green space was only
13.7 m2 per capita in China in 2018, which was much lower than developed countries, for example, the per
capita area of green space in the US is more than 50 m2 and in most German major cities is more than
21 m2 [8,21]. Although the government has paid attention to green space planning, this topic has lagged
far behind real estate investment. According to the Statistical Yearbook of Nanjing (2018), the annual
increase in green space area was about 3.67× 107 m2 during the past 10 years, whereas the annual increase
in the floor area of buildings completed was up to 1.0 × 107 m2, and green space per capita was only
about 15.5 m2 in 2018. In this study, the total area of green space was about 7492.77 ha, which is lower
than what previously reported by the official statistics (9991 ha). This might be due to two reasons:
(1) the official statistics area included the whole administrative area of Nanjing, whereas we selected the
central urban area as the statistics area; and (2) the minimum size in the official statistics was 400 m2,
whereas we determined this as 1 ha for our study. We wish to highlight the importance of increasing
green space provision. There is a significantly negative correlation between the Gini index (that measures
the distribution of income across a population) and per capita green space according to the supplementary
data of Wüstemann et al. [21]. Furthermore, the spatial distribution of green space is very important
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and should meet the demand of residents. In this study, most green spaces were distributed far away
from the city center and were strongly concentrated in several areas where the land was not suitable for
development. For example, the eight largest green spaces were all mountains and lakes. Thus, not only
was the total amount of green space insufficient but its spatial distribution was uneven.

4.4. Limitations and Directions for Future Work

Given the difficulty in obtaining high-resolution population data for the green space accessibility
assessment, in this study, we proposed relying on extensive building data. Despite this novel
contribution, our study has some limitations. For instance, we assumed that the building density
was consistent with the population density. This assumption may only apply to cities with growing
populations, as there are ghost cities in newly developed areas in China [40]. Furthermore, we adopted
a buffer overlay analysis, which ignores the actual commute conditions. This may have led to an
overestimation of green space accessibility. In addition, green space itself was another important
element for the accessibility assessment. Location and area were just two of the many attributes of
green space. We did not consider the quality of green space, which can influence whether people use
it [41]. These problems need to be addressed in the future. Although there are still some uncertainties,
our study can further enhance accessibility assessments of urban areas in China.

5. Conclusions

Green space has an important impact on the health and wellbeing of urban residents, and has
received increasing attention from various scholars, especially in China, where severe urban
environmental problems are experienced. In this study, we explored the spatial pattern of green
space in Nanjing, China, and proposed a straightforward method to assess the accessibility of green
space based on urban artificial building data. The results showed that the provision of green space in
Nanjing was uneven and there was a serious mismatch between the population and the available green
space. We found that green space provision increased as the distance from the city center increased,
while population density decreased along with the distance from the city center. The results further
showed that only about 26.4% and 51.8% of the residents could access green space within a 400 and
800 m buffer around their place of residence, respectively. However, we disregarded road conditions,
thus this accessibility may be overrated. Furthermore, nearly three-quarters of residents lacked access
to green space within 400 m of their residence, which indicated that green space distribution was
unequal and insufficient. The green space per capita was far below developed countries, therefore
governments must consider increasing green space provision and promoting equal accessibility.
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