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Abstract: Rapid urbanization has led to the expansion of Shenzhen’s built-up land and a substan-
tial reduction in urban greenspace (UG). However, the changes in UG in Shenzhen are not well
understood. Here, we utilized long-time-series land cover data and the Normalized Difference
Vegetation Index (NDVI) as a proxy for greenspace quality to systematically analyze changes in the
spatio-temporal pattern and the exposure and inequality of UG in Shenzhen. The results indicate that
the UG area has been decreasing over the years, although the rate of decrease has slowed in recent
years. The UG NDVI trend exhibited some seasonal variations, with a noticeable decreasing trend in
spring, particularly in the eastern part of Shenzhen. Greenspace exposure gradually increased from
west to east, with Dapeng and Pingshan having the highest greenspace exposure regardless of the
season. Over the past two decades, inequality in greenspace exposure has gradually decreased during
periods of urban construction in Shenzhen, with the fastest rate of decrease in spring and the slowest
rate of decrease in summer. These findings provide a scientific basis for a better understanding of the
current status of UG in Shenzhen and promote the healthy development of the city. Additionally, this
study provides scientific evidence and insights for relevant decision-making institutions.

Keywords: urban greenspace; greenspace exposure; greenspace inequality; Shenzhen

1. Introduction

Rapid urbanization has led to profound changes in urban land and a higher pro-
portion of impervious surfaces, affecting ecosystem functions and degrading the quality
of biological habitats [1–5]. In recent years, the contradiction between economic devel-
opment and urban ecological protection brought about through urban development has
also gradually increased. Currently, many cities face a common problem: the urban heat
island effect, which affects not only the ecological environment but also the quality of
life of urban residents [6–9]. The establishment of healthy cities has emerged as a pivotal
approach for achieving the goal of sustainable urban and community development [10–12].
As urban populations continue to grow, so do concerns regarding the livability of urban
environments [13].

As an important part of a healthy city, urban greenspace (UG) plays an important
role in mitigating the urban heat island effect [14,15]. In addition, UG enhances the
urban ecological environment and promotes the physical and mental well-being of urban
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residents [16–18]. Over the past few years, numerous studies have been conducted on the
layouts, development, and benefits of UG [19–21]. However, as cities continue to develop,
the existing UGs face potential encroachment, necessitating ongoing research to ensure
their preservation. Additionally, the mismatch between the spatial pattern of UG and the
population results in different amounts of greenspace providing ecosystem services that
can be enjoyed by people in different locations in the city. Environmental inequalities
caused by urbanization have garnered increasing attention from ecologists and policy
makers. For example, Chen et al. discovered substantial disparities in greenspace exposure
between cities in the Global South and North, with cities in the Global South having only
one-third the level of greenspace exposure of cities in the Global North [22]. Similarly,
in China, most cities are affected by high inequality in UG exposure [23]. Therefore, a
comprehensive understanding of the patterns and modes of UG is crucial for the rational
planning of urban construction, promotion of environmental equity, and improvement of
human living comfort.

Since the earliest special economic zone was established in 1978, Shenzhen has undergone
extensive urbanization [24–26]. This rapid urban expansion has resulted in a substantial
increase in impermeable surfaces and a notable decrease in UG. Due to the rapid expansion of
urban construction land and the continuous reduction in the total amount of urban natural
ecological space, Shenzhen is currently facing the double pressure of urban development and
ecological preservation [27]. Consequently, scholars have engaged in extensive discussions
on quantifying the ecological and environmental challenges brought about by urbanization
and achieving sustainable development in Shenzhen [28–31]. In the context of Shenzhen’s
rapid urbanization, Peng et al. discovered considerable degradation in urban ecosystem
health, with substantial spatial heterogeneity [32]. Li et al. assessed the services provided
by forests within Shenzhen’s urban ecosystems and identified notable spatial heterogeneity
in the supply of, and demand for, thermoregulatory services [7]. Qian et al. examined the
impact of urban growth patterns on UG [33]. Zhang et al. utilized multiple data sources to
assess the accessibility of UG in Shenzhen and discovered that non-elderly individuals are
more vulnerable to environmental justice issues [34]. In addition, some studies have focused
on assessing the potential of green roofs in Shenzhen using multi-source data to identify
suitable areas for implementation [35]. Although studies have recently investigated the UG of
Shenzhen, few studies have systematically analyzed it from a long-time-series perspective.
To date, ground data are the most accurate method for determining the condition of UG,
but the limited amount of such data and the lack of continuous time measurements make it
difficult to apply ground field measurements directly to time-series analysis on the regional
scale. Remote sensing data can provide large-area, continuous-time-series ground information,
which provides a good opportunity to analyze UG changes in Shenzhen over the past two
decades from a macroscopic perspective. Meanwhile, considering the changes in land cover
and the spatiotemporal changes in population distribution, there are limited reports on the
analysis of greenspace exposure and inequality among Shenzhen residents. Driven by the
spatiotemporal changes in human distribution, UG exposure and inequality have changed
over the past few decades. It is not known how UG exposure and inequality regarding UG
exposure have changed in Shenzhen. In addition, the effects of vegetation seasonality on the
degree of UG exposure and inequality require further investigation.

To address these emergent issues, in this study, we utilized long-time-series (2000–2020)
remote sensing data to comprehensively assess the dynamics of UG in Shenzhen in terms
of spatiotemporal and seasonal differences. The main objectives of this study were to
(1) investigate the patterns and analyze the spatiotemporal trends of UG in Shenzhen,
(2) compare the level of UG exposure across different areas within Shenzhen, and
(3) examine the inequality of UG in Shenzhen.
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2. Materials and Methods
2.1. Study Area

Shenzhen (113◦43′ to 114◦38′E, 22◦24′ to 22◦52′N) is located in the southern part of
Guangdong Province, adjacent to Hong Kong (Figure 1). Shenzhen is China’s first special
economic zone, which has gradually developed into China’s most influential and best-
constructed special economic zone over the course of 40 years. Shenzhen’s GDP is just below
that of Shanghai and Beijing, and it ranks third in China. Shenzhen has an administrative
area of 1997 square kilometers and a population of 17.68 million. Currently, Shenzhen
has nine administrative districts (Futian, Luohu, Nanshan, Yantian, Baoan, Longgang,
Longhua, Pingshan, and Guangming) and one functional district (Dapeng). Shenzhen
has a tropical monsoon climate characterized by long summers and short winters. The
climate is mild, with abundant rainfall (April–September is considered the rainy season)
and sufficient sunshine. In terms of terrain, Shenzhen is higher in the southeast and lower
in the northwest, with most of its land consisting of low hilly areas.
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Figure 1. (a) The location of Guangdong. (b) The location and elevation of Shenzhen (data source:
Global Multi-Resolution Terrain Elevation Data 2010). (c) Land cover of Shenzhen (data source: China
Land Cover Dataset 2020).
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2.2. Data
2.2.1. Land Cover

The land cover data used in this study were obtained from the China Land Cover
Dataset (CLCD), derived from Landsat imagery, and provide annual land cover data for
more than 30 years during 1990–2022 at a spatial resolution of 30 m [36]. In terms of land
use, the dataset was divided into nine categories: cropland, forest, shrub, grassland, water,
snow/ice, barren, impervious, and wetland. For this study, we adopted a broad definition
of UG, encompassing all vegetation-covered areas within the city [37], which allowed us to
systematically explore the spatiotemporal changes in the UG of Shenzhen.

2.2.2. Normalized Difference Vegetation Index (NDVI)

The NDVI is a parameter that quantifies the greenness of vegetation obtained using
specific combinations of different bands and is commonly used to measure the intensity
of photosynthetic activity [38]. Because of its extensive spatial coverage and long time
series, the NDVI is frequently employed to assess changes in UG. Moreover, the NDVI
enables the quantification of UG quality on the pixel scale. In this study, we used the
Chinese regional NDVI dataset produced by Gao et al., which was generated based on the
MOD13Q1 product and underwent several preprocessing steps to enhance the data quality
(the preliminary reconstruction of noisy pixels with similar features from single-period
imagery, Savitzky–Golay (S-G) filtering of long-time-series imagery, retention of high-
quality pixels, and 16-day monthly compositing) [39]. The dataset has a spatial resolution
of 250 m and a temporal resolution of monthly intervals. It covers the period from 2000
to 2022 and can be downloaded from https://data.tpdc.ac.cn/zh-hans/data/10535b0b-
8502-4465-bc53-78bcf24387b3, accessed on 10 July 2023. In addition, the maximum value
composition (MVC) method was used to generate NDVI data for each season.

2.2.3. Population

The population data used in this study were obtained from WorldPop, which is
based on the WorldPop Open Population Repository, using the Random Forest method.
It provides annual grid data with two spatial resolutions of 100 m and 1 km. It is widely
used in geoscience research owing to its high spatial and temporal resolution and its high
accuracy [22,23,40]. It available at https://hub.worldpop.org/project/categories?id=3,
accessed on 10 March 2023. In this study, we used the population of the Chinese region
from 2000 to 2020, with a spatial resolution of 100 m.

2.3. Methods
2.3.1. Assessment of Urban Greenspace (UG) Coverage

Greenspace coverage (GC) is the ratio of greenspace to the total surface area of a city
or region. The GC of the study area was calculated by determining the ratio of the UG area
to the total study area. Therefore, the GC can be expressed as:

GC =
∑n

i=1 Gi
N

, (1)

where Gi is the GC of the ith grid, and N is the total pixel number of the study unit.
In this study, the greenspace coverage for each study unit was calculated based on the

CLCD land cover dataset.

2.3.2. Assessment of NDVI Trend in UG

Sen’s slope estimator and the Mann–Kendall (MK) test were used to quantify the
change trend of the NDVI in UG [41,42]. These methods have been extensively utilized in
geoscience research for trend analyses [43–46]. The formula can be expressed as:

https://data.tpdc.ac.cn/zh-hans/data/10535b0b-8502-4465-bc53-78bcf24387b3
https://data.tpdc.ac.cn/zh-hans/data/10535b0b-8502-4465-bc53-78bcf24387b3
https://hub.worldpop.org/project/categories?id=3
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β = median
( xj − xi

j− i

)
∀j > i (2)

where β represents the NDVI trend of UG; xi and xj are NDVI values for times i and j,
respectively. When β is greater than 0, it indicates an upward trend in the NDVI, while
when β is less than 0, it indicates a downward trend. The method was used to calculate the
NDVI trend in the study area on a pixel-by-pixel basis for the period of 2000–2020.

2.3.3. Assessment of Urban-Population-Weighted Greenspace Exposure

Population-weighted exposure modeling is a bottom-up assessment method that
quantifies the interaction between a population distribution and study elements [47,48]
and has been widely used in several previous studies [49–53]. Considering the population
density and distribution of UG, we used urban population weighting to calculate UG
exposure. The spatial interactions between the population and UG distribution can be
quantified using this method. This can be calculated as follows:

PGE =
∑n

i=1 Popi·GCi

∑n
i=1 Popi

(3)

where PGE represents the population-weighted UG exposure in a specific unit, Popi is the
population in grid i, and GCi is the greenspace coverage for grid i. n is the number of grids
in the corresponding region.

These analyses were conducted in ArcGIS 10.8 for Windows.

2.3.4. Assessment of Inequality in Urban Population-Weighted Greenspace Exposure

Based on previous studies conducted by Song et al., we employed the Gini index
to characterize the inequality in UG exposure across various regions of Shenzhen [37].
The Gini index was calculated based on the Lorentz curve, which was the UG exposure
distribution curve used in this study. The specific calculations are as follows:

Gini =
A

A + B
(4)

B =
∑n

k=1 (Pk + Pk−1)(Sk − Sk−1)

2
(5)

where A represents the area enclosed by the Lorenz curve and the line of absolute equity.
B represents the area below the Lorentz curve enclosed by the line of absolute inequality.
n is the amount of UG acquired by an individual, with k ranging from 1 to n. Pk is the
cumulative proportion of the population, and P0 = 0 and Pn = 1. Sk is the cumulative
proportion of UG acquired by the corresponding population, and S0 = 0 and Sn = l.

The area enclosed between the line of absolute equity and coordinate axis was 50% of
the total area. Therefore, A can also be expressed as:

A = 0.5− B (6)

Therefore,

Gini =
0.5− B

0.5− B + B
= 1− 2B = 1−

n

∑
k=1

(Pk + Pk−1)(Sk − Sk−1) (7)

The Gini index ranges from 0 to 1, where a value closer to 0 indicates a more equal
greenspace distribution, and vice versa.
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3. Results
3.1. Spatiotemporal Changes in Urban Greenspace in Shenzhen

Figure 2 illustrates the changes in greenspace coverage (GC) in Shenzhen from 2000
to 2020. Shenzhen’s GC decreased from 69.8% in 2000 to 55.3% in 2020 at an annual rate
of −0.00701 (p < 0.01). The district with the highest GC was Dapeng (>90%). The GC in
Futian has always been low. Except for Dapeng, where the GC change was minimal, the
rest of the districts showed a decreasing trend, and the rate of decline was initially fast and
then slowed down. Among these districts, Longhua experienced the fastest decline in GC,
dropping from 72.1% to 43.6%. Before 2008, the lowest GC value was observed in Futian.
Meanwhile, the GC in Baoan sharply decreased from 0.506 in 2000 to 0.383 in 2008, making
Baoan the lowest GC district after 2009.
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Figure 2. Changes in the urban greenspace (UG) coverage of Shenzhen and its ten districts (Futian,
Luohu, Nanshan, Yantian, Baoan, Longgang, Longhua, Pingshan, Guangming, and Dapeng) from
2000 to 2020.

Figures 3 and A1, show the distribution of UG in Shenzhen from 2000 to 2020. The UG
in Shenzhen gradually increased from west to east, and the reduction in UG in the west was
much greater than that in the east. Since 2000, Baoan and Nanshan, in southwest Shenzhen,
have seen the greatest reduction in UG, whereas in Yantian, Pingshan, and Dapeng, UG
protection is better. In addition, the UG reductions in Guangming, Longhua, and Longgang
were also significant. In the past 20 years, the rate of decrease in UG has changed from fast
to slow, and it has stabilized in recent years.
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Figure 4 shows the mean NDVI of UG (stable UG for 21 consecutive years) in different
seasons and its trend from 2000 to 2020. Regardless of season, the eastern part of Shenzhen
exhibited higher NDVI values than the western part. The areas with higher NDVI values
in the west were primarily concentrated at the junction of Baoan, Longhua, and Nanshan
in Yangtai Mountain National Forest Park. In addition to summer (June–July–August, JJA),
we found that the NDVI was also high in autumn (September–October–November, SON).
Throughout the year, UG’s NDVI was the lowest in spring (March–April–May, MAM). Our
study revealed significant spatial heterogeneity in the NDVI trend of UG in Shenzhen, with
some areas exhibiting opposite trends. The areas with faster rates of decline were mainly
concentrated in the areas of Fenghuang Mountain in Baoan, Tiegang Reservoir in Baoan,
and Dashukeng Reservoir in Longhua. The trend of decline also varied across seasons,
with the most significant decrease in the NDVI occurring in MAM, and the decreased area
accounted for approximately 25.2% of the total area (the significant area was 20.9%). In
winter, the NDVI increased the most, accounting for approximately 90.3% of the total area
(the significant area was 16.6%). Notably, Guangming consistently showed a decreasing
NDVI trend, regardless of the season.
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(e,f) SON, and (g,h) DJF (December–January–February, winter) from 2000 to 2020 (these maps only
display the pixels that represent UG and have remained unchanged for 21 consecutive years from
2000 to 2020).

3.2. Urban Greenspace Exposure in Shenzhen

To explore seasonal differences in UG exposure, we quantified UG exposure in MAM,
JJA, SON, and DJF in Shenzhen from 2000 to 2020 (Figure 5). Overall, the UG exposure
was higher in SON (average: 0.047; range: 0.041 to 0.053) and JJA (average: 0.045; range:
0.038 to 0.050) than in DJF (average: 0.039; range: 0.031 to 0.047) and MAM (average: 0.037;
range: 0.029 to 0.044). However, UG exposure varied across different locations, generally
decreasing from west to east. Dapeng had the highest UG exposure, followed by Pingshan,
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and Baoan had the lowest UG exposure. The highest value of UG exposure was found for
Dapeng in SON (average: 0.082; range: 0.076 to 0.089), whereas the lowest value was found
for Baoan in MAM (average: 0.025; range: 0.018 to 0.034).
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In the past 20 years, the UG exposure of Shenzhen has shown an upward trend in all
seasons and is significant at the 0.01 level (Figure 6). However, there were significant spatial
discrepancies among the different districts in terms of UG exposure. For example, in MAM,
there was a downward trend in Luohu and Yantian and an insignificant upward trend
in Dapeng and Pingshan, which was not consistent with the overall pattern in Shenzhen.
Although UG exposure was higher in MAM and SON than in DJF, it increased the fastest
in DJF. In addition, while UG exposure in Shenzhen increased, there is a slight but not
significant decreasing trend observed in Yantian and Guangming. Notably, while the
southeastern region had the highest UG exposure, the rate of increase was smaller than
that in other areas. By contrast, Nanshan, Futian, and Longhua exhibited faster growth
rates. In particular, the UG exposure trend for Nanshan in SON and DJF was higher than
0.001, with a significance level of 0.01.
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3.3. Inequality in Urban Greenspace Exposure in Shenzhen

The inequality of UG exposure in Shenzhen is shown in Figures 7 and A2. Of the four
seasons, inequality was higher in MAM and DJF and lower in JJA and SON. In JJA, Son,
and DJF, the largest spatial inequality was observed in 2001, with Gini indices of 0.160,
0.152, and 0.172, respectively. In MAM, the largest Gini index was observed in 2005, with
a value of 0.182, which was also the highest among the four seasons during 2000–2020.
The lowest values of UG exposure inequality were those in MAM and SON in 2019, JJA in
2020, and DJF in 2015. Overall, this inequality showed a downward trend in each season,
although the rate of decline varied across the seasons. The inequality in MAM showed
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the fastest rate of decline, followed by the inequality in DJF, whereas the inequality in JJA
demonstrated the slowest rate of decline.
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4. Discussion

In this study, we explored the spatiotemporal variation in UG in Shenzhen using
long-term time-series data and quantified urban population-weighted greenspace exposure
and inequality across seasons. We found that the urban greenspace coverage in Shenzhen
gradually decreased from 2000 to 2020, but the rate of decline was faster and then slower,
which may be attributed to the implementation of the “basic ecological control line” in
the early 21st century, which aimed to restrict urban expansion in Shenzhen [54]. The
distribution of UG in Shenzhen showed obvious spatial differences, and over the past
20 years, the reduction in UG was higher in the western part of Shenzhen than in the
eastern part. The UG has become enlarged because of urban expansion. This is consistent
with the finding that the direction of urban expansion in Shenzhen is eastward [55]. By
contrast, eastern Shenzhen features a significant number of ecological reserves, resulting in
less greenspace reduction. Notably, areas such as Wutong Mountain, located on the border
of Longgang and Yantian, and Qiniang Mountain in Dapeng possess higher elevations and
slopes, limiting the extent of urban expansion and preserving more UG. The establishment
of Dapeng as an ecological protection zone in 2011 further supports this preservation effort.
Studies have also shown that the habitat quality in Shenzhen has significantly deteriorated
in recent years, with areas of high habitat quality primarily concentrated in the eastern



Remote Sens. 2023, 15, 4957 12 of 17

part of the city [29]. In addition, we found that the autumn NDVI of the UG in Shenzhen
was relatively high, which may be related to the saturation of the NDVI in areas with
high photosynthetic rates [56]. The small change in the NDVI trend in Dapeng may also
be partially responsible for this. Notably, Guangming consistently showed a decreasing
NDVI trend regardless of the season, which may be closely linked to urban construction
activities. Recent studies have indicated that, although the equivalent area of ecological
land is decreasing, the average quality of ecological land has improved [57]. In 2005, the
Shenzhen Municipal Government implemented an urban growth boundary, altering the
pattern of urban expansion towards inward regeneration, which led to negative NDVI
trends in many areas [58–60]. Overall, the rapid urbanization process in Shenzhen has
led to the expansion of built-up areas, resulting in a substantial reduction in UG. From
2000 to 2020, the built-up area of Shenzhen expanded from 330.5 square kilometers to
more than 900 square kilometers. This rapid urbanization has altered existing land use
patterns, consequently affecting the species composition of Shenzhen’s municipal parks [61].
Considering the decreasing amount of ecological land in Shenzhen, the government has
implemented policies to improve the sustainability of land use and restrict the availability
of land for development.

The UG exposure in Shenzhen shows a spatially decreasing trend from west to east.
This is mainly because the eastern part of Shenzhen not only has more greenspace but also
has a lower population density than the west. The southeastern part of Shenzhen is far from
the administrative boundary of the city center, and planning focuses on urban ecosystem
services, while the western part focuses more on economic development. In southeastern
Shenzhen, which is predominantly covered by artificial evergreen forests, the UG exposure
remained relatively stable throughout the year [62]. Therefore, in recent years, the center of
the urban ecological land has gradually moved southeast [7,57]. Temporally, UG exposure
was higher in JJA and SON than in MAM and DJF. Shenzhen has a subtropical monsoon
climate, characterized by high temperatures and rainfall in JJA and lower temperatures and
rainfall in DJF. Because of the lagging effect of climate on plant growth, the UG exposure
of urban residents was higher in JJA and SON than in MAM and DJF. Over the years, as
living standards have improved and demand for cultural services has increased, the UG
exposure of urban residents in Shenzhen has gradually increased across all seasons. To
address the inequality in UG exposure, future UG construction efforts should focus on
western Shenzhen to increase UG exposure for residents in that area. This would contribute
to reducing the disparities in UG exposure among different parts of the city.

Notably, the ten districts of Shenzhen differ in terms of geographical location and
ecosystem characteristics. Furthermore, the regional development of these districts varies,
leading to differences in UG exposure inequality [60]. In this investigation, we found that
the inequality in UG exposure was higher in MAM and SON than in JJA and DJF. This
phenomenon can be attributed to two possible reasons. First, the vegetation in MAM and
DJF may not be as lush as that in JJA and SON. Second, the index used to measure UG
exposure was the NDVI, which may be subject to saturation. In addition, we found that the
rate of inequality in MAM declined the fastest over the 21 years investigated, which may be
associated with phenological changes in urban vegetation. These factors contribute to the
current state of inequality in UG exposure in Shenzhen. The decrease in inequality over the
past two decades indicates that Shenzhen has made notable progress in UG development.
Compared to other cities in China, Shenzhen’s Gini index is less than 0.2 and displays
a downward trend, suggesting that the level of UG exposure inequality in Shenzhen is
relatively low [37].

In the context of a healthy city, protecting the amount of greenspace and improving
its quality can help to optimize the level of greenspace exposure and reduce inequality
in greenspace. When formulating an urban greenspace planning scheme for Shenzhen
based on our research, it is necessary to fully consider the spatial heterogeneity of Shen-
zhen’s UG. To protect greenspaces and improve their quality, greening modes in different
regions should be determined according to local conditions. In addition, during the devel-
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opment of Shenzhen, greenspace should be optimized based on scientific research and a
dynamic population distribution model, and the layout of land use should be rationally
distributed in different regions to improve residents’ exposure to greenspace and reduce
greenspace inequality.

5. Conclusions

In this study, we investigated the spatiotemporal patterns, population-weighted ex-
posure, and inequality in urban greenspace (UG) in Shenzhen over the past two decades
using gridded data (land cover, NDVI, and population). Our findings revealed that the UG
area in Shenzhen has been decreasing in recent years, although the rate of decrease has
slowed down. Owing to the area’s unique climatic conditions, the NDVI of UG does not
vary much between seasons, but there are some differences in the NDVI trends between
seasons. By quantitatively assessing UG exposure, we found that although the overall UG
exposure has increased in Shenzhen over the past two decades, the eastern part of the city
has much higher UG exposure than the western part. However, the good news is that the
inequality between the ten districts is decreasing each year. In the future, Shenzhen needs to
improve its greenspace supply and create more greenspace in areas with low UG exposure
to enhance the quality of human habitation and reduce inequality. This study expands our
understanding of UG in Shenzhen and provides scientific methodological support for its
sustainable development. Nevertheless, this study has some limitations, such as the lack
of quantification of driving factors In addition, the accuracy of remote sensing data may
lead to errors in urban greenspace measurements. More high-resolution remote sensing
datasets are required to explore subtle differences within a city and comprehensively assess
UG quality.
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