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Abstract: Comprehensively and objectively revealing the spatial relationship between ecosystem
services (ESs) and human activity intensity (HAI) is vital for achieving sustainable development
goals. However, existing studies still have an incomplete understanding of how ESs change with HAI
gradients. Therefore, taking Shenzhen City, China, as an example region experiencing rapid urban-
ization, the distribution of ESs and HAI in 2010 and 2020 were quantified using the InVEST model
and the human footprint index method; at the same time, the gradient perspective was introduced
and the spatial and temporal correlation characteristics of ESs along 10 HAI gradient bands, from
weak to strong, were captured by applying multiscale geographically weighted regression (MGWR)
and the bivariate spatial autocorrelation model. The findings showed that (1) the HAI demonstrated
an increasing trend (20.63 (2010) and 23.36 (2020)), and the area with high values of HAI (the 10th
gradient band) was distributed in the western part of the study area; meanwhile, the area with low
HALI values (the 1st gradient band) was more distributed in the eastern part of the study area. (2) On
the whole, the average levels of water conservation, soil conservation, carbon storage, and habitat
quality decreased from 2010 to 2020; the spatial distribution characteristics of these parameters were
similar. (3) In general, ESs were negatively correlated with HAI, and the negative correlation ratio
was more than 65%. At the same time, the spatial and temporal correlations between ES patterns
and HAI under different gradient bands were significant. These findings can effectively alleviate
the pressure on the ecosystem caused by human activities, which is of great significance for the
sustainable development of highly urbanized regions.

Keywords: human activity intensity; ecosystem services; INVEST; human footprint index; bivariate
spatial autocorrelation; multiscale geographically weighted regression

1. Introduction

Human activity intensity (HAI) refers to the degree of disturbance caused by human ac-
tivities in a certain area [1]; as a universal phenomenon in nature, HAI directly or indirectly
affects the succession of ecosystems [2]. Ecosystem services (ESs) are defined as benefits or
contributions provided by natural ecosystems that can be utilized by humans [3,4]; these
services are the material basis for human survival and development, and are the bridge
between natural ecosystems and human beings [5]. In recent years, the United Nations 2030
Agenda and the Sustainable Development Goals (SDGs) have aimed to reduce the impact
of human activities on the ecological environment and improve human well-being [6]. It
can be seen that understanding the relationship between HAI and ESs is an urgent problem
that must be solved, in order to achieve the sustainable development of human society [7].
Currently, rapid population growth and urbanization have led to the substantial shrinkage
of ecological land and serious environmental pollution, both of which have brought severe
environmental pressure to the global ecological environment [8]. The impact of this will
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continue to expand and intensify in the future, with its obvious gradient characteristics,
long-term evolution, and adaptation process [9]. Therefore, exploring and quantifying the
spatial characteristics of ESs along gradients of HAI can provide theoretical guidance for
the rational control of human activities and maintenance of service functions.

With the development of spatial analysis technology, the traditional non-spatialization
methods (i.e., statistical analysis methods) are gradually facing more difficulty in meeting
the needs of various types of applications; research on the spatialization of HAI has begun
to develop, and various methods of direct or indirect spatialization have been put forward
and widely used [10]. First, indirect spatialization methods include the vegetation index
method [11], the human appropriation of net primary production (HANPP), and the
global disturbance index method. Among these, the HANPP method has better evaluation
results, can also reflect the positive impacts of human activities, and has been applied
at different scales [12]. However, the method needs to be coupled with statistical data,
resulting in the insufficient spatial refinement of the data [13]. The global disturbance
index method couples surface temperature with the enhanced vegetation index, in order
to characterize the intensity [14]. Nonetheless, this method makes it difficult to isolate
the human factors, making it more suitable for large-scale vegetation belts. Second, direct
spatialization methods include the land use type change method, the comprehensive
indicator method [15], and the human footprint index method. Among these, the land
use change method evaluates HAI using a model based on construction land, and then
spatially expresses the evaluation results [10]. It has been applied at different spatial scales.
The comprehensive indicator method [16] considers that HAI is the result of the combined
effects of natural environmental conditions and human socio-economic activities. However,
the data prepared by this type of method mainly take the county as the smallest spatial unit,
with poor spatial refinement, and this applies to regions where administrative units are
the object of study [17]. The human footprint index method was proposed by Sanderson
and other scholars [18], and this method selects spatial data, such as population density,
land use change, and roads, to quantify HAI [19], which can make up for the weaknesses
of previous findings that were only calculated using a single indicator of landscape change
or land use change. In general, the study of the human footprint index method has made
some progress; this method is more suitable for quantifying HAI in land systems at a grid
scale [20]. However, in quantifying HAI, the methodology has a wide accuracy range in
terms of data selection, which means it has difficulties generalizing all human activities
and may underestimate HAI to a certain extent; thus, it still needs to be improved and
optimized [21,22]. Therefore, based on the research results of the human footprint index
method, this study fully considers the economic and social development of the high-speed
development area, and adds the urban facility density layer (POI data) to represent the
spatial distribution of HAIL

Various researchers have conducted more elaborate studies on the classification of
ESs, such as Costanza et al. [23], Ouyang et al. [24], Xie et al. [25], and Millennium Ecosys-
tem Assessment [26], all of whom elaborated on the classification system. Among them,
MA is an influential classification system, which mainly includes provisioning services,
regulating services, supporting services, and cultural services; it is widely acknowledged
and employed by scholars in the academic field [27]. Existing studies have found that
ES evaluation has mainly focused on the evaluation of service provision and regulation,
with many studies on land use change and ESs, but few studies on support and cultural
services [28]. In the meantime, ES evaluation methods have undergone a long development
process from simple ES measurement (quality and value) to the current composite model
method [29]. In recent years, research on ESs has become widespread in countries around
the globe, focusing mainly on service frameworks, developing value assessment method-
ologies, and analyzing internal trade-offs [30]. From the perspective of research objects and
spatial scope, the research objects regarding ESs have become broader, their spatial scope
has expanded, and their application fields have become more diversified. The research
objects involve ecologically fragile areas [31], river basins [32], hills and mountains [33], etc.
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With the rapid development of remote sensing technology, InVEST, ARIES, MIMES, and
other models have been applied for evaluating ESs [34], but the emphases of these models
are different. Among them, the InVEST model is the most systematic; not only does it have
a strong spatial analysis function, but its low application cost, strong open source, high
assessment accuracy, etc., are also superior to other models [35]. Therefore, it is widely
used in current ecosystem assessment models.

Changes in HAI affect the changes in the ecosystem structure, function, and service,
posing a threat to the ecosystem’s balance and the sustainable development of society and
the economy [2,36]. However, due to the complexity and uncertainty of human activi-
ties [37], the interaction mechanism between HAI and ESs is still being explored. Currently,
many studies have discussed the changing trend in the relationship between HAI and ESs
from different perspectives [20,38] and have reached different conclusions. For example,
Qi et al. [39] used the Sanderson human footprint model and InVEST model to measure
human activities and ecosystem services in the Qinghai Lake Basin, China, and simulated
the influence curves of human activities on six types of ecosystem services, including
carbon storage, habitat quality, soil erosion, and water yield, through the generalized
additive model. This model also reveals the evolution of complex nonlinear relationships
between human activities and these types of ESs. Existing studies show that most studies
start from the perspective of exploring the correlation between them, and often fail to
fully and specifically reveal their roles under different gradients. In terms of research
methodology, scholars have further explored the quantitative correlation between human
activities and environmental systems with the help of coupled coordination models [20],
while less research has been conducted on the spatial correlation between HAI and ESs,
as well as on the spatial distribution of the degree of correlation. There needs to be more
research on whether a spatial autocorrelation exists between HAI and ESs [1], what kinds
of characteristics that spatial aggregation may present, and whether the spatial relationship
between the two evolves with spatial and temporal changes. In real contexts, there are
different scales of action for the effect of HAI on ESs, and thus a single bandwidth cannot
well reflect the spatial process of the action intensity between variables [40]. Based on
this, Fotheringham et al. [41] proposed the use of multiscale geographically weighted
regression (MGWR) for estimating the spatial bandwidths of variable differentiation based
on traditional geographically weighted regression (GWR), which better solves the defects of
a single bandwidth of the GWR model, and has become an important method for revealing
the impacts and the scale of the effects between variables. Therefore, this study adopts the
bivariate spatial autocorrelation method and the MGWR model to explore the relationship
and clustering patterns between human activities and ESs under different gradients.

Thanks to the depth of research on this topic, the theoretical and methodological
system for quantifying ESs and HAI has gradually improved. However, there are some
shortcomings: (1) more attention has been paid to the study of ecologically fragile areas,
but fewer studies have focused on areas with higher levels of economic development; and
(2) most of the existing studies are limited to the quantitative relationship between HAI
and ESs, which, to some extent, limits the disclosure of their complex interactions from a
gradient perspective. In coastal cities with rapid economic development, such as Shenzhen,
China, human development activities are more frequent and intense due to the need to
source land from the sea in order to meet the social development requirements. ESs face a
significant challenge, which greatly hinders the sustainable development of the economy
in the Greater Bay Area [42]. In summary, we studied the distribution of HAI and ESs
in Shenzhen by analyzing spatial and temporal geographic data with the InVEST model,
human footprint index method, MGWR model, and the bivariate spatial autocorrelation
model. We also aimed to divide HAI into multiple gradient bands from weak to strong, and
explore the relationship between different gradients of HAI and ESs. The research objectives
are as follows: (1) to understand the spatial and temporal characteristics of ESs and HAI
in economically developed areas and (2) to explore the relationship between gradient
differences in ESs and gradient changes in HAI This study overcomes the deficiencies
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of existing research findings and explores the spatial relationship between HAI and ESs
from a gradient perspective, in order to provide data support and a scientific basis for the
sustainable development in high-utilization urban areas.

2. Materials and Methods
2.1. Study Area

Shenzhen City (113°45'~114°37" E, 22°26/~22°51' N) is located to the south of the
Tropic of Cancer, in the southern coastal area of China, with low terrain in the northwest
and high in the southeast (the average elevation is about 80 m), and is one of the four
central cities in the Guangdong-Hong Kong-Macao Greater Bay Area (Figure 1). The land
area of the study area is approximately 1997.47 km?, of which approximately 1005.95 km?
is built up, accounting for approximately 50.36% of the city; meanwhile, the topography of
the area is low in the northwest and high in the southeast. In the continuous development
and construction of urbanization in the study area, urban green space has been increas-
ingly eroded, fragmentation is serious, and eco-environmental problems are becoming
increasingly prominent, which seriously affects regional ESs [43].
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Figure 1. Location of study area.

2.2. Data Sources

The four sub-modules of the InVEST model selected in this study were water con-
servation (water yield), carbon storage, soil conservation, and habitat quality. The data
requirements of each module of the INVEST model are shown in Table 1. Secondly, the
human footprint index method mainly involves population, night-time lighting, land use,
and point of interest (POI) data, the sources of which are detailed in Table 1.
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Table 1. Summary of main data types and data sources.

Types Module Data Requirement Type Unit Format Data Sources
Grid Cas Geographic Data Cloud
Shared data Land use cover type map int (30 m S 30 m) (https:/ /www.casdc.cn/)
(accessed on 2 June 2023)
National Tibetan Plateau Data
Precipitation mm Center (https://data.tpdc.ac.cn)
(accessed on 14 June 2023)
Global Potential
evapotranspiration and Global
. Drought Index dataset
Potential evapotranspiration mm 1k Grldl K (https:/ / cgiarcsi.community /
(1 km > 1 km) data/global-aridityand-pet-
database/)
Wat (accessed on 10 June 2023)
ater
conservation Soil texture int HWSD Soil Database
Water content available to plants % Calculated based on the HWSD
soil database
Distribution map of int Sh DEM generation
catchment/subsets P 8
China 1:100,000 Soil Database
Plant root depth mm dbf (http:/ /www.soil.csdb.cn/)
(accessed on 11 June 2023)
Evapotranspiration coefficient - dbf Corrections InVEST model and
references
Carbon density data by land 2 Corrections InVEST model and
Carbon storage use type t/hm dbf references
DEM dat Grid (bt tGeo/sl/)atial da’ca1 Cloclild )
ata m ps:/ /www.gscloud.cn
(30 m > 30 m) (accessed on 11 May 2023)
. o MJ-mm/ Calculation based on
Rainfall erosivity R (hm? h-a) Grid precipitation data
Soil . Jhm?2 1km x 1km Icul he HWSD
conservation Soil erodibility factor (K) (ﬁ?ﬁlﬁ) ( : Caleu ate(siolijlacsiifclaggsz ¢ °
Distribution map of . .
catchment,/subsets int Shp DEM data generation
Vegetation management factor (C) - dbf Calculation based on NDVI data
Vegetation management factor (P) - dbf References
. Corrections INVEST model and
Major threat factors - dbf references
Habitat quality Threat source factor weights - dbf Correctlonfelfréllflizsmodel and
Sensitivity of land use types to ) dbf Corrections INVEST model and
stress factors references
Data Center for Resource and
P / Environmental Sciences, Chinese
Population data crson Academy of Sciences
P 1 km
. (http:/ /www.resdc.cn)
accessed on 2 June
a g km) d on 2 June 2023)
uman ational Eart stem Science
; Huma 4 National Earth Sy Sci
ootprint index . . N Data Center
Night-time lighting data - http:/ /www.geodata.cn/
(accessed on 14 June 2023)
Gao De Map
POI data - Shp https:/ /www.amap.com/

(accessed on 15 July 2023)



https://www.casdc.cn/
https://data.tpdc.ac.cn
https://cgiarcsi.community/data/global-aridityand-pet-database/
https://cgiarcsi.community/data/global-aridityand-pet-database/
https://cgiarcsi.community/data/global-aridityand-pet-database/
http://www.soil.csdb.cn/
https://www.gscloud.cn/
http://www.resdc.cn
http://www.geodata.cn/
https://www.amap.com/

Sustainability 2024, 16, 2543 6 of 21

2.3. Methods
2.3.1. ESs Based on InVEST Model

This study used multiple modules of the INVEST model (Figure 2), a model system
used to assess ESs in order to support ecosystem management and decision making. The
module was set by referring to the InVEST Model User Guide [44] and to previous research
results [45,46]. The specific setting parameters are shown in Tables 2 and 3.

[
Carbon storage | Habitat quality
I z
— _ X
Ci = Ci-gbove T Ci-below T Ci-soit T Ci-dead : @ = Hy x (1 D% + K )
6 X
R Y,
Cootat = ) Ci XS; | W, ;
total = P29 Dy=ZZ(n—)XRyXlrxyxﬁxXSjr
i=1 I n=1y=1 Zr:l W

I Q,; is the habitat quality of grid x of land use type j; D,; is the degree of
| habitat degradation; H; is the habitat suitability; & is the half-saturation
| constant; R is the number of threat factors and r is the type of threat factor;

where i is a certain land use type, Ci.spover Cipetows Ciosoir aDd
Ci_geaa Yepresent the aboveground biomass carbon density,

belowground biomass carbon density, soil carbon density and
| ¥, is the total number of grids with threat factor r; W, is the weight of the

I threat factor r R, is the threat lntens1ty Of the grld cell Vs Ppx 18 the
Y
reachability of the grid cel X3 Uy is the threat level o to the habitat gri s
ir 1S the Senslt“lty of land use e j to r threat factors.

dead organic matter carbon density of land use type i,
respectively; C;is the carbon storage of land use type i;
Ciorar 18 the total amount of carbon storage; S; is the area of land

use type i.
Water conservation (Water yield) _ ! N V E ST ——————— Soil conservation
integrated valuation of RKLSX = Rx X Kx X Lsx
p environmental services
- ( AI’TU x el USLE, = R, X K, X LS, X C, X P,
x SDR, = RKLS, — USLE,
o o 09xTI. . Ksat ld
Retention = min(1, ) X min(1, ) xmin(l, ) x Yie where RKLS, is the potential soil erosion of grid x (tons-(ha-yr)™);

Velocity 3 "300

. . . . . S
Y, is the annual water yield of the jth land use/cover type grid x (mm); USLE*: s tIle actual SOII erosmrI of grid x(tons (hj ¥y )
P, is the annual average precipitation of the grid x (mm); SDRis soil conservation of grid x (tons-(ha-yr)_l),
R, is rainfall erosivity factor (MJ-mm-(ha-h-yr) );

I
I
I
I
AETYXj is the actual average annual evapotranspiration of grid x on the I
| K, is soil erodibility factor (tons-ha-h-(ha-MJ ‘mm));
I
|
I
I
I
I

Jjth land use/cover type (mm).

Lo . LS, is the slope-length factor, di ionless;
Retention is the amount of water conservation (mm); « 15 the slope-length factor, dumensioniess;

Ksat is soil saturated hydraulic conductivity (cm/d), calculated by Cis the vegetation coverage factor(dimensionless), between 0 and 1.

NeuroTheta;
Velocity is the velocity coefficient; 77 is the terrain index,

Generally, the C value of construction land and water area is set to 0, and the
unused land is set to 1; P, is a management factor, reflecting the difference in

dimensionless; Yield is the annual water yield calculated above soil loss caused by differences in vegetation management measures, between 0

and 1 (dimensionless).

Figure 2. Principles of ES estimation based on InVEST.

Table 2. Threat factors in the Habitat Quality module.

Threat Maximum Distance Weight Decay Type
Built-up land 8 1 Exponential
Cropland 4 0.7 Linear

Unused land 5 0.75 Linear




Sustainability 2024, 16, 2543 7 of 21

Table 3. Relevant parameters in carbon storage, soil conservation, and water conservation.

Carbon Density Values of Various Blophyswal Tablfas Biophysical Table for
Land Use . 2 Required for Soil .
Land Use Types (Unit: t/hm?) . Water Conservation
Types Conservation
Ci—above Ci—below Ci—soil Ci—dead c p VOOt—dePth Ke LULC veg
Cropland 16.61 415 10.84 0 0.05 0.15 700 0.65 1
Forestland 21.1 5.28 22.57 0 0.03 1 3000 1 1
Grassland 2.15 9.68 9.99 0 0.04 1 1500 0.6 1
Water 0 0 0 0 0 0 1 0.9 0
Unused land 18.32 1.83 0.84 0 1 1 100 0.5 0
Built-up land 0.92 0.09 15.88 0 0 0 1 0.3 0

2.3.2. Quantitative Modeling of HAI

Based on the human footprint index method, six types of human activity characteriza-
tion factors—namely land use, population density, night-time lighting index, scenic area
(POI data), commercial facility (POI data), and transport facilities (POI data)—were finally
selected based on the actual development of the study area and previous studies [20], and
combined with data availability. The formula is as follows:

Value(i) = PD(i) + NTL(i) + CFD(i) + TFD(i) + SD(i) + landuse(i) 1)

where Value(i) represents the HAI, landuse(i) is the land use index after assignment quan-
tification, PD(i) is the population density after assignment quantification, TFD(i) is the
transport facility density index after assignment quantification, SD(i) is the scenic spot
density index after assignment quantification, NTL(i) is the night-time lighting index af-
ter assignment quantification, and CFD(i) is the commercial facility density index after
assignment quantification (Figure 3).

a) PD(i)_2010

¢) NTL(i) 2010 d) NTL(i)_2020

i) SD(i)_2010

J) SD(i)_2020 k) Landuse(i)_2010

.

- C1s B s 0 1 2
s [ Je o L
Eema o7 EEEie

Figure 3. Spatial distributions of each index based on the human footprint index method.

The specific assignment method is as follows:
(1) Population density

In this study, grid pixels with population densities greater than 1000 person/km? were
assigned a value of 10, while those with population densities equal to 0 person/km? were
assigned a value of 1; the rest of the grid pixels, with population densities between 0 and
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1000 person/km?, were assigned a value from 2 to 9 (from smallest to largest) using the
equal division method.

(2) Land use

The land use data constitute an important factor reflecting human activities; this study
assigned a value of 10 to all construction land, 7 to cropland, and the rest of the land use
types were assigned a score of 1.

(3) Night-time lighting

The DN values of night-time lighting data were corrected to be between 0 and 63;
secondly, a grid with a DN value equal to 0 was assigned as 1; finally, the rest of the raster
data, with DN values greater than 0, were assigned 2-10 (from smallest to largest) using
the equal division method.

(4) Scenic area, commercial facility, and transport facilities (POI data)

The kernel density analysis function of GIS was used to obtain the density values of
scenic area, commercial facilities, and transport facilities according to a 1 km search radius;
secondly, using the normalization method, the density value was normalized as 0-1; finally,
the assignment steps were the same as for night-time lighting data.

2.3.3. Driving Mechanism Analysis

First, in this study, the MGWR model (the open-source platform MGWR 2.2 was
used) was used to measure the spatial heterogeneity in the pattern and intensity of the
interactions between ESs and HAI at different gradients. Compared to the traditional GWR
model, MGWR improves the GWR model by allowing the bandwidths of the individual
variables to differ, which, in turn, generates more plausible estimates [40,47]. The MGWR
model is formulated as follows:

k
yi:Zj:1Fi+£i 2)
Fi = Brwjx; ®3)

where y; denotes HAI (response variable), x;; denotes each ES (covariate), k is the total
number of spatial units involved in the analysis, ¢; denotes the random error term, and By,
is the jth local regression coefficient with bandwidth bw. In addition, the MGWR model
was built based on GWR estimation as the initial setting, and the quadratic kernel function
and Akaike Information Criterion (AICc) methods were used in this study to determine the
optimal bandwidth.

Second, the bivariate spatial autocorrelation can reveal the spatial distribution corre-
lation and dependence characteristics between variables [48]. The bivariate Moran index
is used to detect the correlation in the spatial distribution of variables and is between
—1 and 1; when it is closer to 0, this indicates a smaller spatial correlation between two
variables. The resulting aggregate graph can represent the local high value of ES-high
value of HAI (H-H)/low value of ES-low value of HAI (L-L) spatial positive correlation
between variables, or the high value of ES-low value of HAI (H-L)/low value of ES-high
value of HAI (L-H) spatial negative correlation between variables.

zzi1 Z]Zil Wij<xi,m - xm,mean) (xj,n - xn,mean)
N
UmcfnZ,»zl Z?:1 Wij

(4)

Imm =

where N represents the total number of spatial units; x; ,, and x;,, represent the values of
variables m and #n in the i and j region units, respectively; X mean and Xy yean represent the
average value of the two variables m and n, respectively; 07, and 0, represent the standard
deviation of m and n variables, respectively; and Wj; represents the weight of the space
between two regions, i and j.
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3. Results
3.1. Changing Characteristics of ESs

This study used the InVEST (Version 3.10.2) model to quantify and spatially map ESs
in the study area. From 2010 to 2020, the average levels of water conservation, soil conser-
vation, carbon storage, and habitat quality showed general downward trends. Furthermore,
from 2010 to 2020, the spatial patterns of ESs were similar.

First, the mean value of carbon storage decreased by 0.051 t/km? (3.158 t/km? in 2010
and 3.107 t/km? in 2020). At the same time, the carbon storage spatial pattern was high in
the east and low in the west. Among these, the low-value zones were mainly concentrated
in construction land and waters; the high-value zones were mainly dominated by forested
land, with high carbon densities and high carbon sequestration capacities (Table 4 and
Figure 4ae).

Table 4. Average level of ESs per unit area.

Water Conservation Soi Conservation Carbon Storage

Annual 10° m3/km?) 10% t/lam?) (t/lm?) Habitat Quality
2010 1.498 1.720 3.158 0.464
2020 1.266 1.529 3.107 0.447

f) Habitat quality_2020
Low

L 4 4 L 4 4
T T T T T T T 1

Figure 4. Spatial analysis of ESs from 2010 to 2020.

Second, the mean value of habitat quality decreased by 0.017 (0.464 in 2010 and
0.447 in 2020). At the same time, the high-value zones were distributed in high-altitude
areas (southeast and west in the study area), with excellent natural conditions suitable for
biological survival and a high level of biodiversity, while the low-value zones were mainly
distributed in urban areas, whose habitats had been severely damaged by urbanization
and development (Table 4 and Figure 4b,f).

Third, the mean value of soil conservation decreased by 0.191 X 10% t/km?
(1.720 x 103 t/km? in 2010 and 1.529 x 10® t/km? in 2020). At the same time, the high-
value zones were mainly concentrated in the southeast and western parts of the study
area. Although the soil was easily eroded due to the large slope, the surface vegetation
was dense and the forest land dominated, thus creating a better preservation effect on the
soil. While the low-value zones were flat and human activities were frequent, the degree of
development was high, mostly for construction land, cultivated land, and water area; the
soil was easily eroded (Table 4 and Figure 4c,g).
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Fourth, the mean value of water conservation decreased by 0.232 X 103 m3/km?
(1.498 x 10% m3/km? in 2010 and 1.266 x 10°> m>/km? in 2020). At the same time, the low-
value area was mainly construction land and water areas, with low vegetation coverage
rates, significant evapotranspiration, and less rainfall than the central area, resulting in
a lessened annual water quantity. In the high-value region, the annual precipitation was
more abundant, the woodland was widely distributed, and the precipitation was strongly
intercepted; thus, the water conservation function was stronger (Table 4 and Figure 4d,h).

3.2. Changing Characteristics of HAI

In terms of time scale, during the period from 2010 to 2020, the mean HAI values
in the study area showed an increasing trend (20.63 (2010) and 23.36 (2020)). Moreover,
HAI showed an expanding trend during the study period. Specifically, the Luohu District,
Futian District, and Nanshan District had higher mean HAI values (above 25). Secondly,
the Longgang District, Longhua District, Guangming District, and Bao’an District had
medium HAI levels, with mean values mainly between 20 and 25. Finally, the Dapeng New
District, Yantian District, and Pingshan District had lower HAI, with mean values below
20 (Table 5).

Table 5. The mean HAI values of each district and county in the study area.

Year Nanshan  Futian Luohu Yantian D;I;;r;g Pingshan Longgang Longhua Guangming Bao’an
District  District  District  District District District District District District District

2010 27.69 42.75 31.89 18.51 11.51 17.96 25.41 25.96 20.79 26.07

2010 27.52 39.06 28.15 15.69 10.23 13.96 21.86 23.27 17.77 22.95

In this study, based on the HAI assessment results, we classified 10 gradients with the
help of the average breakpoint method, in which the first gradient band was 0 < HAI < 6,
the second gradient band was 6 < HAI < 12, the third gradient band was 12 < HAI < 18,
the fourth gradient band was 18 < HAI < 24, the fifth gradient band was 24 < HAI < 30,
the sixth gradient band was 30 < HAI < 36, the seventh gradient band was 36 < HAI < 42,
the eighth gradient band was 42 < HAI < 48, the ninth gradient band was 48 < HAI < 54,
and the tenth gradient band was 54 < HAI < 60. In terms of the spatial scale, there
was significant spatial variability in the HAI (first gradient band to tenth gradient band),
with HAI in the western part of the study area being higher than that in the eastern
part. Among the gradients, the eighth to the tenth bands were mainly concentrated in the
southwestern part of the study area, and were located in the region where construction
land was concentrated. The first to the third gradient bands were mainly concentrated in
the southeastern part of the study area and located in regions with high vegetation cover;
the fourth to the seventh gradient bands were mainly concentrated in the northwestern,
northeastern, and central parts of the study area. At the same time, the high-intensity
regions in the study area were surrounded by medium-intensity areas, while the medium-
intensity areas were surrounded by low-intensity areas (Figure 5).

A comparison of HAI in 2010 and 2020 revealed that most of the gradient bands
shifted from low to high, and the area transferred out was larger than the area transferred
in. Firstly, the first gradient band accounted for the highest total area in 2010 and 2020, and
this gradient band mainly shifted to the second—fourth gradient bands. The highest region
was transferred to the second gradient band, which accounted for 6.30% of the total area,
and the lowest region was transferred to the fourth gradient band, which accounted for
1.67% of the total area. Secondly, the region transferred out of the second—fourth gradient
bands was around 5% of the total area. In particular, the transfer from the third to the
fourth gradient band accounted for 5.30% of the total area, while the transfer from the
fourth to the fifth gradient band accounted for 5.59% of the total area. Finally, the region
transferred out of the 5th-9th gradient bands was about 3% of the total area. In particular,



Sustainability 2024, 16, 2543 11 of 21

the transfer from the fifth gradient band to the sixth gradient band was 3.60% of the total
area, and the transfer from the ninth gradient band to the tenth gradient band was 0.64% of
the total area (Figure 6).

- 1st Gradient band
- 2nd Gradient band

B 3rd Gradient band || 7th Gradient band
- 4th Gradient band [[] 8th Gradient band

[]5th Gradient band [ 9th Gradientbana ' 00 20— dkw
|:| 6th Gradient band - 10th Gradient band F—

Figure 5. Spatial distributions of HAI

gradient 9 gradient 10
gradient 8
gradient 1
gradient 7
gradient 6
gradient 2

gradient 3

gradient 4

Figure 6. Gradient transfers of HAI in study area from 2010 to 2020.

3.3. Gradient Response of ESs Pattern Based on HAI
3.3.1. Changes in ESs along Gradients of HAI

The ESs under gradient bands with different HAIs were summarized and mapped.
When the HAI increased (1st-10th gradient bands), carbon storage, habitat quality, soil
conservation, and water conservation showed decreasing trends in both 2010 and 2020.
Among these, the average values of each ES reached high values in the first gradient band,
whereas the average values of each ES in the ninth or tenth gradient band reached low
values (Table 6). In addition, the variations in carbon storage, habitat quality, and soil
conservation were relatively similar. There was a stepwise decrease in the levels of the
three services in the 1st-6th gradient bands, and a more gradual change in the levels of
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the three services in the 7th—10th gradient bands; the change trends in water conservation
were somewhat different. In the 1st-6th gradient bands, the range of service changes
was small, while, in the 7th-10th gradient bands, there was a stepwise decrease in the
service (Figure 7a—d).

Table 6. The mean values of ESs based on gradient bands.

High Values Corresponding Low Values Corresponding
ESs Gradi Gradi
2010 2020 radient 2010 2020 radient
Carbon storage . Gradient 9 (2010)
(t/km?) 4.373 4.287 Gradient 1 1.916 1.878 Gradient 10 (2020)
. . . Gradient 9 (2010)
Habitat quality 0.868 0.838 Gradient 1 0.058 0.042 Gradient 10 (2020)
Soil conservation 3 3 . 3 3 Gradient 10 (2010)
(t/km2) 4.131 x 10 4514 x 10 Gradient 1 0.206 x 10 0.253 x 10 Gradient 9 (2020)
Water conservation 3 75 03 1504 x 103 Gradient 1 1297 x 10°  1.071 x 10° Gradient 10
(m”/km*)
Value Value
4.3 4.38 0-8 0.87
gradient 10 (Unit:t/km2) gradient 10
gradient 9 o 4.07 gradient 9 0.77
gradient 8 3.76 gradient 8 0.67
gradient 7 3.45 gradient 7 0.56
gradient 6 gradient 6
3.15 0.46
gradient 5 gradient 5
gradient 4 2.84 gradient 4 % 0.36
gradient 3 2.53 gradient 3 / 0.26
gradient 2 222 gradient 2 0.16
gradient 1 1 % 1.91 gradient 1 0.t 0.0 0.06

(a) Gradient

gradient 10
gradient 9
gradient 8
gradient 7
gradient 6
gradient 5
gradient 4
gradient 3
gradient 2

4

(c) Gradient

gradient 1

Carbon storage

Carbon storage (b) Gradient Habitat quality Habitat quality

(2010) (2020) (2010) (2020)
Value e . nValue 173
4.1 4.5 4.14 . . 150 -
(Unit:10° t/km?) gradient 10 ——
— 3.65 gradient 9 — 1.67
3.16 gradient 8 1.62
2.66 gradient 7 1.56
gradient 6 —
2.17 1.51
gradient 5
4
1.68 gradient 4 1.46
1.19 gradient 3 1.40
— ] 0-69 gra:fen: ? 103 ms/ka) 1.35
03 03 0.20 gradien 1.30 107 1.30
Soil conservation Soil conservation (d) Gradient Water conservation Water conservation
(2010) (2020) (2010) (2020)

Figure 7. The variations in ESs under different gradients of HAI

3.3.2. Agglomeration Type between ESs and HAI at Different Gradients

The relationships between ESs and HAI were negative. Among these, the Moran’s
I between carbon storage and HAI was —0.183 (2010) and —0.223 (2020); the Moran’s
I between habitat quality and HAI was —0.358 (2010) and —0.362 (2020); the Moran’s I
between soil conservation and HAI was —0.216 (2010) and —0.206 (2020); and the Moran’s I
between water conservation and HAI was —0.073 (2010) and —0.095 (2020) (Table 7). At the
same time, in order to deeply grasp the relationship and spatial aggregation characteristics
between ESs and HA], this study was based on a bivariate spatial autocorrelation model.
Firstly, in the 1st—-4th gradient bands, the L-L and H-L agglomeration types dominated,
showing a decreasing trend, while the 5th-10th gradient bands contained almost none
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of the above agglomeration types. Secondly, in the 3th-10th gradient bands, the H-H
and L-H aggregation types dominated, showing an increasing and then decreasing trend,
and reaching a peak in the sixth gradient band (Figure 8a,b). In addition, the spatial
agglomeration types of ESs and HAI showed variability in different gradient bands, mainly
reflecting the first gradient band and sixth gradient band. In the first gradient band, the
main spatial agglomeration types were L-L and H-L, which accounted for between 60%
and 80% of the corresponding aggregation types. In the sixth gradient band, the main
spatial agglomeration types were H-H and L-H, which accounted for about 30% of the
corresponding aggregation types (Figure 8b).

Table 7. ESs and HAI in Moran’s I.

Moran’s I Carbon Storage = Habitat Quality  Soil Conservation =~ Water Conservation
vs. HAI vs. HAI vs. HAI vs. HAI
2010 —0.183 —0.358 —0.216 —0.073
2020 —0.223 —0.362 —0.206 —0.095
20, .
A e
b oA T A

k)
Carbon storage vs HAI(2020)

Habitat quality vs HAI (2020)

Soil conservation vs HAI (2020)

T
Water conservation vs HAI (2020)

Gradient

Gradient

Gradient

Non-significant 0 10 20 40 km
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go|omE% ——H-H——L-L| §071Unit:% —=—H-H——L-L 807unit:% e i1 1907 Unit:% ——H-H——LL
—*—L-H——H-L —*—L-H——H-L —+—L-H——H-L —+—L-H——H-L|
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Figure 8. Spatial aggregation characteristics of ESs and HAI (a) Spatial agglomeration types of ESs

and HAI (b) spatial agglomeration types of ESs and HAI on different gradient bands.
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3.3.3. Interactive Relationship between ESs and HAI at Different Gradients

Compared with the classical GWR model, the AICc value of the MGWR model was
smaller, and the adj R? reached 0.816 (2010) and 0.821 (2020); these values were both higher
than those of the GWR model (0.695 (2010) and 0.638 (2020)), indicating that the fitting
results of the MGWR model were superior. Secondly, the bandwidth of classical GWR was
3185.75, while, based on the MGWR model, the variable bandwidths were richly valued,
which could directly reflect the average of the differentiated action scales of different
variables (Table 8).

Table 8. Parameters related to MGWR and GWR running results.

Year Model Variable Bandwidth ~ R2 adj.R? AlCc
Carbon storage vs. HAI 1903.73
Habitat quality vs. HAI 1779.06

MGWR - - 0.862 0.816 15,707.71
2010 Soil conservation vs. HAI 1460.81
Water conservation vs. HAI 1938.82

GWR ESs vs. HAI 3185.75 0.712 0.695 17,168.33

Carbon storage vs. HAI 1813.23
Habitat quality vs. HAI 1590.76

MGWR - - 0.876 0.821 15,716.28
2020 Soil conservation vs. HAI 1446.42
Water conservation vs. HAI 1948.02

GWR ESs vs. HAI 3034.12 0.705 0.638 17,935.68

The influence of ESs on HAI and the trends in their effects varied regionally across
gradient bands, with positive and negative “bidirectional” effects. In general, in 2010, the
influence of ESs on HAI had a large negative driving effect, with the negative proportion
of the regression coefficient reaching approximately 65%; then, the negative influence
gradually increased in 2020, with the negative proportion of the regression coefficient
reaching about 70%, and the scope of coverage was enlarged (Figure 9a). Among these, in
2010, the negative proportions of regression coefficients of carbon storage, soil conservation,
water conservation, and habitat quality on HAI reached 64.91%, 64.61%, 65.69, and 78.29%,
respectively; in 2020, the negative proportion of regression coefficients of carbon storage,
soil conservation, water conservation, and habitat quality on HAI reached 72.78%, 68.73%,
72.35%, and 83.51%, respectively.

In 2010 and 2020, the regression coefficients of ESs on HAI were somewhat different.
The highest values of positive regression coefficients of carbon storage on HAI were 20.34
(2010) and 21.95 (2020), which were located in the first gradient band; the lowest values of
negative regression coefficients were —9.23 (2010) and —7.67 (2020), which were located
in the eighth gradient band. The highest values of positive regression coefficients of
habitat quality on HAI were 59.91 (2010) and 47.99 (2020), and the lowest values of negative
regression coefficients were —52.31 (2010) and —54.71 (2020), which were located on the first
gradient band. The highest value of positive regression coefficients of water conservation
on HAI were 50.21 (2010) and 51.04 (2020), which were located in the first gradient band,
and the lowest values of negative regression coefficients were —67.31 (2010) and —69.73
(2020), which were located in the fourth and second gradient bands, respectively. The
highest values of positive regression coefficients for soil conservation on HAI were 1.02
(2010) and 1.04 (2020), which were located in the first gradient band, and the lowest values
of negative regression coefficients were —1.02 (2010) and —1.01 (2020), which were located
in the seventh and third gradient bands, respectively (Figure 9b).
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Figure 9. Regression coefficients of HAI and ESs. (a) Spatial distribution of regression coefficients of
ESs and HAI; (b) regression coefficients between ESs and HAI on different gradient bands.

In summary, the positive relationships between ESs and HAI were mainly distributed
in gradient bands 1-6, while the negative relationships were mainly distributed in gradient
bands 1-8; the area covered by the negative relationships was larger than the area covered by
the positive relationships in each gradient band. The highest span of regression coefficients
between ESs and HAI was found in gradient band 1. This band contained the highest value
of positive regression coefficients and the lowest value of negative regression coefficients,
mainly because it was dominated by L-L and H-L agglomeration types. As the gradient
increased, the regression coefficients on the second to seventh gradient bands shifted to
negative values, and there were few positive regression coefficients, mainly because these
gradient bands were gradually dominated by L-H and H-L. However, the fifth to seventh
gradient bands had higher proportions of H-H. The regression coefficients for gradients 8
to 10 were shifted to positive values, mainly because the region was dominated by H-H
and L-H agglomeration types (Figure 9a,b).
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4. Discussion
4.1. Validation of ES Assessment Results

Currently, InVEST is used as an evaluation model to evaluate ESs; it has been widely
used on various scales, and its scientificity and rationality have been verified [35,49]. Hence,
this study used this model to carry out ES assessments. To further ensure the quality and ac-
curacy of the ES assessment results, the NPP-based CASA model was selected for verifying
the accuracy of the estimation results for water conservation, soil conservation, and habitat
quality (ecosystem service diversity) [50,51]. In light of the different analysis results, we dis-
cuss the results from a spatial distribution perspective. The evaluation results of ESs in 2010
and 2020 were obtained using the INVEST model in this study. Among these results, water
conservation was lower in the central and western regions, and higher in the southeast
regions. Secondly, the spatial distribution of soil conservation in the east was significantly
higher than that in the west, and was significantly higher in the south than in the north.
Moreover, the distribution of biological mass gradually increased from the northwest to the
southeast. This is basically in line with the research results of Chen et al. [52]. In summary,
the resulting data regarding water conservation, soil conservation, and habitat quality
in Shenzhen, as assessed using the CASA model, are similar to the spatial distribution
results of high and low values of various ESs simulated using the model, indicating that
the simulation results of ESs in the high-speed urbanization region obtained using various
models are highly reliable. They can reflect the actual situation of ES changes [53]. The
differences in values may be related to the spatial and temporal scales of the selected study
area and the setting of model parameters. In addition, in terms of carbon sequestration, the
parameters in the INVEST model of this study were determined by referring to the existing
carbon density results of the Guangdong-Hong Kong-Macao Greater Bay Area [54]. To a
certain extent, this also ensured the scientific results of this study.

4.2. Validation of HAI Results

Currently, the human footprint index method selects spatial data directly related to
human activities (land use, population density, night lighting index, and road network
data) for data preparation [19,20]. However, due to the differences in topography and
regional development conditions in different regions, this method needs to be adjusted
and optimized in different regions. Therefore, this study fully considered the economic
and social development of the high-speed development area, and increased the density
layer of urban facilities to represent the spatial distribution of HAI in the study area in 2010
and 2020. The areas with higher HAI were located in the western part of the study area,
where various development and construction activities exist; meanwhile, the areas with
lower HAI were located in the eastern part of the study area, which are mainly areas with
higher vegetation cover. The results obtained in this study show that areas with a high level
of economic development, low vegetation cover, and predominantly built-up land have
high HAI, while areas with a low level of economic development, high vegetation cover,
and nature reserves have low HAI This is very similar to the results of Wang et al. [55]
and Huang et al. [20]; to a certain extent, this proves the feasibility and scientificity of the
human footprint index model constructed in this study.

In addition, a comparison was made between the various methods used to study the
spatialization of HAI. From the point of view of methodological difficulties, the global
disturbance index method is the simplest in that it directly uses MODIS product data,
followed by the land type change method [56]; however, the global disturbance index
method is only applicable to forested areas and can only evaluate the impacts of a few types
of human activities, while the land type change method has obvious shortcomings in terms
of the accuracy of the evaluation results [57]. From this point of view, the comprehensive
index method is the best, followed by the human footprint index method [1], but data
prepared using the comprehensive index method have obvious shortcomings in terms of
spatial refinement and fineness [58]. In summary, we found that the human footprint index
model is more suitable for the spatial quantification of HAI in terrestrial systems.
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4.3. Exploring the Relationship between HAI and ESs

The scientific question regarding “the gradient response of HAI to ESs” originates from
topographic gradients [59]. Based on existing studies, it has been shown that the qualities
of an ecological environment, or its ESs, exhibit a certain regularity as the topographic
gradient changes [60]. In addition, human activities are a central factor in ecological
environment changes. With an increase in HAI, ESs are drastically perturbed. Moreover,
there are significant spatial differences in the impacts of human activities on ESs, mainly
negative impacts, which is similar to the results of Zhang et al. [36] and Sun et al. [2].

Currently, there are few studies on the gradient response between HAI and ESs
and a lack of comparative exploration. In this study, the MGWR and bivariate spatial
autocorrelation models [61] were introduced on the basis of gradient division results, and it
was found that HAI is negatively correlated with ESs as the gradient changes. Firstly, from
2010 to 2020, the HAI in the study area showed a downward trend in the 1st-3th gradient
bands and an upward trend in the 4th-10th gradient bands, indicating that the HAI region
is advancing from a low-intensity region to a medium-intensity region. Secondly, in the
low-intensity human activity regions (1st-3th gradient bands), the mean values of each
ES were higher than the average level in the study area; as the gradient increased in the
high-intensity human activity regions (6th-10th gradient bands), the mean values of each
ES were at more similar levels. Thirdly, the L-L and H-L aggregation types are mainly
distributed in the 1st-3rd gradient bands, while the H-H and L-H aggregation types are
mainly distributed in the 6th gradient band, which is mainly because the ES levels in the
6th-10th gradient bands are closer to each other; the 6th gradient band is the area with a
high intensity of human activities in which ESs reached a higher level. Finally, from the
perspective of geospatial distribution, there were large spatial differences in the effects
of ESs on HAL In the first to third gradient bands, the absolute value of the regression
coefficient of ESs on HAI was small, mainly because the region is dominated by forested
land and other vegetated land. Such land is weakly affected by HAI, and the emphasis on
green protection in ecological barrier areas has made the degree of influence of ESs on HAI
in this region relatively stable. In the 6th to 10th gradient bands, the region is dominated
by construction land, which is highly affected by HAI; the absolute value of the regression
coefficient gradually increased, so that the negative effect of ES weakening, due to the
increase in HAI, increased for this region. Therefore, to a certain extent, this shows that ESs
can be maintained at a better level under the influence of a medium HAI level.

4.4. Measures Recommendations

In this rapidly developing region of China, frequent human activities affect the changes
in the ecosystem'’s structure, function, and services, resulting in an overall negative corre-
lation between HAI and ESs [4]. Based on the distribution characteristics of ES changes
along HAI gradients and on their functional relationships, corresponding suggestions have
been put forward to alleviate the pressure of human activities on ecosystems and promote
the sustainable development of highly urbanized areas [54,62]:

In the first to third gradient bands, the L-L and H-L types dominate. Of these, the L-L
region should take ecological environment protection and restoration as its priority, avoid
excessive development and construction activities, and promote the overall enhancement
and optimization of ESs; the H-L region should continue to take ecological protection as
its top priority, follow the principles of scientific planning, ecological priority, and strict
protection, and pay attention to protecting ecological barrier areas and strengthening
ecological financial support.

In the sixth gradient band, the region is dominated by H-H and L-H agglomeration
types. Of these, the H-H region should pay attention to the advantages of high-speed eco-
nomic development areas in terms of resources, should promote the construction of green
spaces in neighboring areas, and should enrich urban ecosystem diversity; the L-H region
should take into account ecological protection and resource utilization, optimize urban
spatial layout, promote the efficient use of construction land, reduce the ecological land
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fragmentation caused by human over-development activities, and improve the intensive
use of land.

In other gradient bands, HAI was negatively correlated with ESs as a whole. In terms
of construction land, in these areas, more attention should be paid to the restoration of the
ecological environment in terms of economic development; for non-construction land areas,
we should reduce the damage to the urban ecological environment caused by human activi-
ties, and integrate the goals of urban economic development and environmental protection.

4.5. Limitations and Prospects

First of all, some of the parameters required by the InNVEST model, for calculating
water conservation, soil conservation, habitat quality, and carbon sequestration function,
were obtained from previous studies, such as vegetation cover and crop management
factors, soil conservation measures factors, etc. The values of the parameters in different
regions may be slightly biased, which may have affected the calculation results. Secondly,
in quantifying HAI this study simply added up the indicators without considering the
mutual influences between the various types of activities, resulting in potential uncertainty
in the evaluation results. Meanwhile, this study selected six indicators with the help of
spatial and temporal geographic data (e.g., night-time light remote sensing, POI, etc.),
which, to a certain extent, satisfies scale unity for each indicator. However, the breadth and
precision of data coverage are still urgent issues to be solved. Finally, HAI with different
gradients has a bidirectional relationship with ESs. For example, rapid urbanization has
a negative relationship with ESs, while ecological restoration projects improve habitat
quality and have a positive relationship. However, in this study, only the bivariate spatial
autocorrelation model and MGWR model were used to explore the action intensity and
aggregation types of ESs and HAI at different gradients. This means that the bidirectional
relationship between HAI and ESs may not be well reflected; such a problem could be the
focus of future research.

After examining the shortcomings of existing studies, firstly, in future studies, the
interactions between ESs and HAI should be analyzed through other relationship types
besides spatial ones; additionally, the mechanism of influence of different HAI gradient
changes on the interrelationships between different kinds of ES should be analyzed. Sec-
ondly, based on the human footprint index model and the InVEST model, data sources
should be enriched, data accuracy should be improved, and the accuracy and precision of
HAI and ES measurements should also be improved.

5. Conclusions

This study captured the HAI and ESs in the study area; 10 gradient bands of HAI were
delineated using the average breakpoint method and additionally, the aggregation types
and relationship between ESs and HAI were analyzed from a gradient perspective. Our
study’s main conclusions are as follows:

(1)  From 2010 to 2020, the HAI not only exhibited an increasing trend in terms of numeri-
cal value, but the area of the high gradient band of HAI also showed an expanding
trend, with an overall progression towards the southwest coast of the study area.

(2) From 2010 to 2020, the carbon storage, habitat quality soil conservation, and water
conservation showed relatively similar numerical changes in their trends; although the
value fluctuation range was different, the change amplitude was the same. Secondly,
the spatial distribution pattern of ESs was similar, showing a high distribution in the
southeast and a low distribution in the west and middle regions.

(3) In the low-intensity human activity regions (1st-3rd gradient bands), the mean values
of each ES were higher than the average level in the study area; as the gradient
increased, in the high-intensity human activity regions (6th-10th gradient bands),
the mean values of each ES were at more similar levels. In addition, the ESs have a
significant negative relationship with HAI, which is mainly concentrated in the 1st to
3rd gradient bands.
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In conclusion, this study attempts to build a bridge between HAI and ESs from
a gradient perspective. The research results are conducive to the fine management of
high-speed urbanization areas, and can provide a basic reference for decision makers
in implementing corresponding maintenance service function measures under different
HAI gradients.
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