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Abstract: In the context of high-quality urban development and the increasingly important role
of urban green infrastructure (UGI) in public life, landscape activity (LA) has gradually become a
dominant indicator for improving UGI quality and efficiency, as well as optimizing its environmental
friendliness and meeting the recreational needs of the public. Relevant studies have shown that the
ecological index (EI) and the public vitality index (PVI) can characterize LA from the perspectives
of greening quality and public activities, respectively, and their simultaneous analysis can provide
professional judgment and quantitative technical approaches for the LA analysis of UGI. At the
same time, with the support of remote sensing, big data, GIS, and other spatial information data,
the LA model coupling EI and PVI of UGI needs to be developed. First, this article established a
research framework for UGI landscape activity, and by combining environmental remote sensing
and location-based services (LBS) technology, a technical LA measurement strategy suitable for
the coupled analysis of EI and PVI was formed. Then, based on the MATLAB platform and the
entropy-weighted TOPSIS model, this research developed a fusion analysis algorithm of EI and
PVI to establish the LA model, taking the central urban area of Zhongshan as a case study. Finally,
four-quadrant classification and quantitative grading of LA were developed based on the ArcGIS
platform. Empirical research showed that the UGI area of the study area was about 176.43 km?,
and 160 UGI units were identified. The minimum LA value is 0.06, and the maximum is 0.85. The
LA of UGI in the study area can be divided into three grades: low (0-0.24), medium (0.24-0.46),
and high (0.46-0.85). Among them, the top 5% of UGI units mainly correspond to urban parks
and waterfront greenways, and the bottom 5% mainly correspond to islands and farmland. The
quantitative distribution of UGI in the four quadrants of LA in the study area is relatively balanced:
among them, the number of high-quality developing types is the largest, accounting for 29.4%, and
that of high-quality mature types is the least, accounting for 20.0%. This article forms a concise
model and technical process for the LA of UGI, which can be used for its quantitative analysis and
evaluation. It is expected that the research result will be significant for the high-quality construction
of UGI and the sustainable development of the urban landscape in terms of research and exploration.

Keywords: urban green infrastructure; landscape activity; measure; ecological index; public vitality
index; entropy-weighted TOPSIS model

1. Introduction
1.1. Background

The systematic integration and harmonious development of the natural environment
and the built environment has always been an important topic in scientific research on
human settlements, including landscape architecture. As a natural and artificial system
formed by the interconnection of all open green spaces, wetlands, and water bodies in
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and around a city, urban green infrastructure (UGI) has a variety of ecological, social, and
economic landscape functions [1]. With the support of synergistic research on landscape
architecture and landscape ecology, UGI has become a landscape strategy to support the
integration of people and nature in the process of urban development. As it is difficult to
make structural changes to the built environment in the era of urban stock development,
research on the spatial structure of the UGI network has little guiding effect on practice, and
the effect of UGI on sustainable urban development occurs more through the improvement
of the landscape effectiveness of its internal units. According to the actual construction and
humanized use, the stock UGI covers all the green spaces in and around a city; thus, it is not
only an important carrier of the city’s natural environment, but also a destination for public
activities, showing the landscape service characteristics of the coordinated development of
greening quality and public vitality, and increasingly becoming a landscape node where
human activities and the natural environment are integrated [2]. In the context of the
increasingly prominent landscape function of UGI, landscape activity (LA) has gradually
become a dominant indicator for UGI to improve its quality and efficiency [3]. Therefore,
how to scientifically evaluate and quantitatively study the LA of UGI in an urbanized
environment is not only a key issue in research on landscape performance and evidence-
based design, but also a related issue in the context of contemporary research on the
quality and efficiency improvement of UGI. In this sense, this research has scientific value
and practical significance for the high-quality construction and sustainable development
of UGL

Landscape activity (LA) describes the coordinated development of public vitality
and environmental quality in the same landscape space [4], which is a feature of the
people-environment isomorphism. The public vitality directly reflects the social use of the
landscape environment [5], and the physical environment represents the sustainability of
LA based on the quality of environmental elements [6]. With the deepening of relevant
research, the correlation between public vitality and environmental quality has gradually
become a research hotspot in urban landscape studies, and a lot of research has been carried
out on urban forests, public green spaces, and country parks, etc. Many research results
supported the fact that high-quality environmental elements have a positive effect on LA [7],
laying a research foundation for the development of UGI transformation and its landscape
activity. For the specific landscape object of UGI, considering green-based environmental
characteristics, the two characteristic dimensions of LA study should be public vitality
and green quality. Combining the professional vision of landscape architecture to carry
out the coupling research of greening quality and public vitality can provide a unique
analysis path for LA research of UGI against a background of urban green development in
the postindustrial city.

Quantitative description and coupling analysis of greening quality and public vitality
are the core issues of UGI landscape activity research. The ecological index (EI) and public
vitality index (PVI), two quantitative indices commonly used to assess the greening quality
and public vitality of a scenic recreation environment, aid in the subjective and objective
analysis of LA cognition. EI mainly includes a series of objective and explicit indices
of greening environment components and their overall characterization. Because it can
concisely characterize environmental quality without going deep into ecosystem research, it
is used for landscape environmental monitoring and greenery quality evaluation [8,9]. PVI
mainly characterizes the vitality of leisure activities in the public environment, including
the type, intensity, hot/cold spots, and spatial distribution of the population and their
activities [10]. In the context of built environment stock development, external indices such
as spatial pattern and location have little effect on the quality and efficiency improvement
demand of UGI, and thus, relevant indices describing the internal characteristics of UGI
patches are mainly selected when establishing the analysis mechanism of greening quality
and public vitality in this research. In the coupling analysis session, the contribution of the
characteristics of green quality and public vitality to the landscape activity system needs to
be further determined. It focuses on establishing a model that combines objective weight
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calculation and comprehensive evaluation, and realizing LA measurement through PVI
and EI coupling. The establishment of this model can provide a technical path for the UGI's
unique LA study against a backdrop of urban green development in the postindustrial era
and human-centered cities.

As an urban-scale landscape system, UGI has the characteristics of large scale, complex
shape, diverse constituent elements, and interlaced natural patches and green patches of
the built environment; therefore, a traditional field survey method cannot meet the related
research needs [11]. The development of spatial information technology and multisource
data fusion technology has provided a way of multisource data integration collection
and collaborative analysis for LA research on UGI [12]. Environmental remote sensing
technology and big data technology based on location services have been widely used
in urban-scale greening quality and public vitality research [13,14]. With this technical
background, the combination of the ecological index (EI) based on remote sensing tech-
nology and the public vitality index (PVI) based on big data provides observable data
and applicable indices for LA research of UGI at the urban scale. However, the current
integration of LA research with big data is low, and LA research for large-scale landscape
objects has not been carried out yet. Combining the LA analysis mechanism of UGI with
big data technology will contribute to the technical synergy of big data in LA research.
Based on that, this article establishes a coupling analysis mechanism between EI and PVI,
develops an LA model and key technology suitable for UGI, and further carries out the
spatial mapping, information integration, and quantitative evaluation of LA measurements.
The technical results of this research will provide an objective basis for UGI landscape
activity analysis, control, planning, and construction.

1.2. Relevant Research Progress
1.2.1. Landscape Research on UGI Based on Remote Sensing Technology

In August 1999, the “GI Work Group” organized by the Conservation Fund and
the USDA Forest Service proposed the definition of green infrastructure (GI) for the first
time [15]. The practice of GI begins with regional-scale land use and conservation planning,
and has been gradually applied to ecological planning at the urban scale. In 2007, “The
Urban Green Infrastructure Plan for Seattle” received an analysis and planning honor
award from the American Society of Landscape Architects (ASLA). After that, the focus of
GI began to shift from the regional scale to the urban scale, and the concept of UGI was
formed. As a macro-ecology research unit, UGI has a long time span and a wide range in
its landscape research, and thus remote sensing images are essential basic data for such
research. In recent years, UGI landscape research based on remote sensing technology has
mainly focused on the landscape pattern [16] and landscape change [17] of UGI. Research
on landscape patterns and changes in UGI mainly concentrates on the spatiotemporal
distribution characteristics and morphological evolution of its landscape components.
Under the influence of ecological theories such as landscape connectivity and landscape
heterogeneity, related research is supported by geographic information technology, forming
a basic path for the remote sensing interpretation, landscape pattern evaluation, and
dynamic change analysis of UGI. The in-depth research mainly focuses on the analysis
of the internal mechanism about the driving force [18], ecological response [19], and
optimization simulation [20] of UGI landscape change.

At present, remote sensing mainly relies on high-resolution image data and image
interpretation technology to provide a quantitative analysis of UGI patches for related
research. In terms of data, ALOS (with a resolution of 10 m), SPOT (with a resolution
of 10 m), GF-6 (with a resolution of 2 m), GF-2 (with a resolution of 1 m), QuickBird
(with a resolution of 0.61 m), Pleiades (with a resolution of 0.5 m), and other high-scoring
data sources can all achieve high classification accuracy in the interpretation of landscape
elements. In terms of technology, remote sensing image interpretation methods can be
divided into “pixel-based” and “object-oriented” according to the different basic units
of classification. The object-oriented classification method was proposed by Baatz and
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Schape, and its superiority over the pixel-level classification has been proven [21], including
two steps: segmentation and classification [22]. Common segmentation methods include
traditional methods such as thresholds [23], edges [24], regions [25], and clusters [26], as
well as deep learning methods such as full convolutional network (FCN) [27], pyramid
scene parsing network (PSPNet) [28], Deep Lab [29], and Mask R-CNN [30], etc. Common
features used in UGI classification include various vegetation indices based on visible
and near-infrared bands, such as the normalized difference vegetation index (NDVI), ratio
vegetation index (RVI), and enhanced vegetation index (EVI). Commonly used classification
methods cover traditional methods (support vector machine (SVM), Bayesian, decision tree,
random forest, etc.) and deep learning methods (U-Net, SegNet, etc.). Combined with the
mature technology and methods of remote sensing processing, the remote sensing image
processing platform has simplified the process of remote sensing image interpretation and
improved the interpretation efficiency, which provides a stable platform and technical
support for remote sensing image interpretation.

Based on object-based image analysis (OBIA) theory and practice, the eCognition plat-
form integrates rich segmentation and classification algorithms, which have been effectively
applied to research on the urban landscape. Based on the OBIA and fuzzy classification
methods in eCognition, Hofmann et al. mapped the green space of the city of Bishkek,
Kyrgyzstan [31]. Saini et al. conducted change detection on multitemporal Landsat data
in Chandigarh, India, using an object-oriented classification method through eCognition,
to observe urban growth patterns in Chandigarh during rapid urbanization [32]. Using
eCognition as a platform, Tunay et al. carried out a green space extraction experiment in
downtown Bartin based on three different kinds of remote sensing data, namely, Landsat
7 ETM+, SPOT 4 level 2A, and IKONOS [33]. Macfaden et al. achieved fine-scale tree
canopy mapping in the complex urban environment of New York City through a combina-
tion of eCognition and human review based on high-definition LiDAR [34]. Object-oriented
classification methods based on eCognition are currently mainly used for component inter-
pretation, analysis of land use and land cover, and change detection in urban environments.
It can be seen from the research above that eCognition has a wide range of applicability to
the interpretation of landscape elements. How to combine relevant research progress to
build an object-oriented UGI interpretation process based on eCognition and realize the
accurate extraction of UGI is one of the focuses of this research.

1.2.2. Study on the Ecological Index and Public Vitality Index of Urban Landscape

The urban landscape provides ecological, social, economic, and other diversified ser-
vices for urban life, and its greening quality and public vitality are the dominant indicators
of landscape performance. With the popularization of big data (remote sensing, population
distribution, etc.) and its processing technology, related research is developing at the level
of method and technology. The ecological index (EI) integrates a series of basic observa-
tion indices of environmental ecology. Based on the theories of environment, geography,
and landscape ecology, relevant research has been carried out in various fields of urban
landscape greening quality, such as its spatial differentiation [35], change detection [36,37],
driving force analysis [38], and so on. EI mainly includes characteristic indices of environ-
mental components based on environmental science, and characteristic indices of ecological
pattern and process based on landscape ecology. After determining EI for specific objects
and goals, analytic hierarchy process (AHP), comprehensive evaluation method, value eval-
uation method, and ecological footprint analysis are commonly used methods of greening
quality evaluation. Based on the indices and methods above, as well as the different char-
acteristics and target needs of different landscape objects, diversified evaluation systems
have been developed and established. However, the methods, standards, and processes of
greening quality evaluation have not formed a unified standard up to now, and there are
large differences due to differences in countries and regions, spatial scales, and evaluation
objects. In 2006, the Ministry of Ecology and Environment of the People’s Republic of
China launched the ecological index (EI), applicable to the regional scale in the form of
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environmental protection industry standards, including five indices: vegetation coverage,
biological abundance, land degradation, water network density, and pollution load. The
EI standardizes the indices and calculation methods of greening quality evaluation to a
certain extent. However, due to the difficulty of obtaining data for thepollution load index,
it only supports the annual evaluation of greening quality at the regional level, which is not
conducive to real-time monitoring and change evaluation of greening quality. Moreover, EI
also does not have the potential for spatial visualization. With the continuous development
of remote sensing technology, a series of remote sensing indices provides opportunities
for EI improvement, including fractional vegetation coverage (FAV) [39], leaf area index
(LAI) [40], fraction of absorbed photosynthetically active radiation (FAPAR) [41], land
surface temperature (LST) [42], evapotranspiration (ET) [43], and aboveground biomass
(AGB) [44]. These indices are derived from the combination of remotely sensed observation
parameters and ecological models, and therefore have some ecological significance. In
2013, Xu selected four remote sensing indices that were highly related to EI according to
the expression of its subindices, combined with principal component analysis to establish
a remote sensing improved EI, and verified its consistency with the original EI [45]. The
improved EI compensates for the shortcomings of EI in terms of visualization and is widely
used in spatiotemporal analysis, change detection, modeling, and the prediction of greening
quality [46].

Based on MODIS data stored on Google Earth Engine (GEE), Xia et al. studied the
spatiotemporal changes and related factors of greening quality in California from 2000 to
2020 with RSEI [38]. Based on a series of Landsat images, Nie et al. used an improved RSEI
to monitor and evaluate the greening quality of Yangquan Coal Mine in Shanxi Province
from 1987 to 2020 [47]. At present, greening quality research, supported by remote sensing
technology, provides urban-scale quantitative ecological indices for urban landscape quality
monitoring. It has become a focus of current research to combine relevant research results
with the need to improve the quality and efficiency of urban landscapes, develop research
on landscape efficiency combined with quantitative indices of greening quality, and satisfy
the demand for the sustainable development of urban landscapes.

A public vitality index can quantitatively describe the ability of a space in terms
of attracting and supporting public activities. Relevant research based on the theory
of landscape environmental behavior and landscape psychology has been carried out
in the fields of type classification, vitality grading, and characteristic analysis of urban
landscape public vitality, and PV1 is also widely used in waterfront spaces, urban parks,
and greenways, etc. [48,49]. Behavioral observation is the most commonly used method
in research on public vitality and is carried out by investigating people’s behavior and
perceptions to obtain the relevant public vitality index. The traditional data sources of
the behavioral observation include field survey data obtained through spatial observation,
questionnaires, and on-site interviews, among which the public space and public life (PSPL)
survey proposed by Jan Gale is a representative one. However, research based on traditional
behavioral observation methods is time-consuming, labor-intensive, and expensive, and
these methods cannot meet the needs of large-scale public vitality research. In contrast,
big data such as social network data, environmental perception data, and positioning and
navigation data have the characteristics of wide coverage and strong objectivity, opening
up new perspectives and fields for the study of public vitality [50]. Relevant indices such
as cumulative population density, which represents vitality intensity; cold /hot spot, which
represents vitality aggregation; and population diversity and activity diversity, which
represent vitality diversity, have been studied and applied.

Among them, population density has gradually become the main data representation
of public vitality. Meng et al. selected the population density of LBS data as a spatial
vitality representation and evaluated the relationship between landscape features and urban
vitality through regression analysis [51]. On this basis, Gomez-Varo et al. demonstrated
that the combination of population density and environmental quality elements is an
important prerequisite for space vitality [52]. Public vitality research based on big data



Land 2022, 11, 1879

6 of 32

is mainly carried out on public spaces such as urban business districts, street spaces, and
waterfront spaces and has the advantages of quantification, indexation, high precision,
and transferability. At present, related research focuses on the groups and activities that
are the main body of vitality. How can we combine the relevant research results with the
need for improving the quality and efficiency of the urban landscape, explore the effect
of landscape environmental quality on vitality, and realize the integration of the “human-
space” perspective? These questions have become hot topics in current LA research.

To sum up, the research on the ecological index and public vitality index of urban
landscape has a sufficient foundation for joint research. Spatial information technologies
such as remote sensing, big data, and GIS provide objective indices for the ecological
index and public vitality index at the urban scale. Such indices are characterized by wide
coverage, fast update speed, and strong transferability, which make them highly suitable
for measuring UGI landscape activity. Fully applying the above techniques and indices, the
UGI landscape activity research coupled with the ecological index and public vitality index
can make up for the existing research’s inadequate response to the demand for high quality
of life, but can also be a new theoretical growth point for UGI research and may provide
scientific opportunities for collaborative innovation on related methods and technologies.

1.3. Purpose

With the increasing value of public activities, the landscape transformation of UGI
has become an important indicator of the high-quality development of human settlements.
Landscape activity characterizes the ability of UGI to attract crowd activities on the basis
of maintaining its own greening quality and is now an important indicator of its quality
improvement and efficiency. The first question the LA research of UGI faced is how to
establish a unique landscape activity analysis mechanism of UGI. By analyzing the concept
and characteristics of LA and combining the green-based environmental characteristics
of UGI, this paper selects greening quality and public vitality as the characteristics of
UGI landscape activity. Further research focuses on the selection of greening quality and
public vitality evaluation indices. Combined with big data technology, improved ecological
indices based on remote sensing data and public vitality indices based on LBS data are
selected to construct EI and PVI, which are used to quantitatively describe the greening
quality and public vitality, respectively, of UGI patches. On this basis, EI and PVI constitute
the two-dimensional characteristics of UGI landscape activity. A further question is how to
determine the contribution of the two to a landscape activity system and measure them
together. The entropy-weighted TOPSIS model, suitable for multi-index comprehensive
evaluation, is selected in this research to form the index weights and measurements of
UGI landscape activity. By integrating the measurements and indices’ values above, the
spatial differentiation map and eigenvalue table indexed by UGI patches are formed on
the ArcGIS platform. We used cluster grading and four-quadrant classification methods to
further evaluate and discuss the results.

This research focuses on the landscape activity (LA) of UGI, using the ecological index
(EI) to characterize the basic qualities of the green environment, and the public vitality
index (PVI) to characterize the openness and public service quality, combining big data and
35 technology to conduct coupled research on EI and PVI, and then realizing the logical
derivation and quantitative assessment of UGI landscape activity.

The research includes the following four steps:

(1) Analyze the actual needs of UGI landscape activity research, realize the logical
derivation of UGI landscape activity, and establish its analysis mechanism. Combined with
the research progress of LA and the environmental characteristics of UGI, this research
constructs a research framework of UGI landscape activity from the dual perspectives of
greening quality and public vitality, which provides a basis for the quantitative analysis of
UGI with “environment-human” coupling.

(2) Combine the concepts of greening quality and public vitality, as well as related
indices supported by big data, to construct an “EI-PVI” index system suitable for UGI,
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and then establish respective analysis mechanisms for EI and PVI. On this basis, develop
entropy-weight TOPSIS as the coupling algorithm model of EI and PVI for LA measurement,
and deepen the integrated research and technical synergy of remote sensing, big data, GIS,
and other spatial information technologies in UGI quality and efficiency improvement.

(3) Taking the central urban area of Zhongshan, Guangdong, as an example, conduct
an empirical study to verify the feasibility of the LA model and the credibility of EI and
PVIin terms of reflecting the greening quality and public vitality. Based on the quantitative
results and relying on the ArcGIS platform, we develop spatial discretization maps and an
eigenvalue table of measurements.

(4) Carry out the grading and classification evaluation of landscape activity. The
grading evaluation adopts the “Natural Breaks” method to form three types of LA levels,
high, medium, and low, which are suitable for the qualitative and quantitative description
of the overall LA state in the study area. The classification evaluation adopts the four-
quadrant method, which divides UGI into four categories according to the two-dimensional
eigenvalues. The classification results can reflect the LA composition of UGI units and
assist decision making on LA improvement.

2. Materials and Methods
2.1. Research Framework

The research steps are as follows:

(1) Collection of basic data: separately collect the remote sensing data required for
UGI interpretation and EI calculation, the population distribution big data required for the
calculation of PVI, and the vector data required to define and indicate the research scope.

(2) Interpretation of UGI patches: extract UGI patches in the study area from GF-6
remote sensing images based on eCognition interpretation technology, further combine the
morphological spatial pattern analysis (MSPA) to measure, identify, and segment the spatial
pattern of UGI, and then conduct a qualitative evaluation of the overall network pattern.

(3) Extraction of simultaneous indices:

(a) Obtain the ecological index (EI) based on the remote sensing technique. Landsat 8
remote sensing data with thermal infrared band are selected, and four remote sensing
ecological indices of greenness, wetness, dryness and heat are quantified and extracted
by the ENVI platform. After normalization, the first principal component is extracted
by principal component analysis (PCA) to represent the overall greening quality of
the study area. Finally, the zonal statistics method is used to obtain the EI of each
UGI patch.

(b) Obtain the public vitality index (PVI) based on the statistics of population distribution
data. Select the Baidu heat map data that display population density in real time, and
collect 28 heat maps in the study area over 2 working days and 2 rest days. Establish
a linear correlation between the alpha channel value of the heat map and the actual
crowd density, and then input the ArcGIS platform to invert and accumulate the
population density. Finally, the PVI of each UGI patch is calculated by the zonal
statistics method.

(4) Measure of LA: establish a two-dimensional indices matrix of EI and PVI of UGI
patches, and then develop the entropy-weighted TOPSIS algorithm based on the MATLAB
platform to conduct a comprehensive measure of two-dimensional indices.

(5) Spatial graphic expression: Form a table of LA and its indices” values, indexed by
UGI patches. Combine this with the graphical functions of ArcGIS to further express the
spatial differentiation of UGI landscape activity and its eigenvalues.

(6) Classification and grading evaluation: Based on the LA measurements, the grading
evaluation of UGI landscape activity is carried out using the “Natural Breaks” method
integrated with ArcGIS. The mean values of the two subindices, EI and PVI, are selected as
thresholds for the four-quadrant classification evaluation of UGI landscape activity.

According to the above research steps, the research framework is constructed as
Figure 1.
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2.2. Survey and Data Sources of Study Area
2.2.1. Study Area

Zhongshan is located in the central and southern part of the Pearl River Delta, where
the lower reaches of Xijiang River and Beijiang River leave the sea. The terrain is high
in the middle and flat all around, and the plain area slopes from northwest to southeast.
Mountains such as Wugui and Zhusong stand out in the south-central part of the city. The
main peak of Wugui Mountain is 531 m above sea level, which is the highest point of the
city. The urban forest coverage rate of Zhongshan City reaches 35.5%, the urban green
coverage rate reaches 43.1%, and the per capita park green space area in the urban area
reaches 18.62 m2. The central urban area of Zhongshan covers five subdistricts (Shigi, East,
West, South, and Wuguishan), Gangkou Town, and Torch High-tech Development Zone
(west of Guangzhou-Macao Expressway and part of Qijiang New Town), with an area of
368.61 km? (Figures 2 and 3). Its UGI includes not only ecological reserves, but also a series
of urban green spaces and community parks, and thus, it presents the basic conditions for
carrying out research on landscape activity (LA).

Guangzhou

7 R,

{ ®

\ [ China Yo
A Guangzhou

B Location of study area

Figure 3. Study area and its administrative divisions.
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2.2.2. Data Sources and Preprocessing

The image data used in this research include two Landsat 8 OLI/TIRS remote sensing
images of Zhongshan City (imaging date: 29 October 2019) with a spatial resolution of
30 m (from the United States Geological Survey: https://earthexplorer.usgs.gov/ (ac-
cessed on 27 June 2022).), and one scene GF-6 PMS remote sensing image (imaging date:
30 September 2019) with a spatial resolution of 2 m (from Natural Resources Satellite Re-
mote Sensing Cloud Service Platform: http:/ /www.sasclouds.com/chinese/normal/ (ac-
cessed on 27 June 2022).). The vector data include the administrative division data of Zhong-
shan City (from National Catalogue Service For Geographic Information: http://www.
webmap.cn/ (accessed on 25 June 2022).). The vitality data include 28 Baidu heat maps
(from Baidu Huiyan: https://huiyan.baidu.com/ (accessed on 7 July to 10 July 2022).)
from 7 July to 10 July 2022, with a map level of 17 and a spatial resolution of 2 m.
The heat map data were captured using Python to create the Baidu map API interface,
and the researchers selected two working days (7 and 8 July 2022) and two rest days
(9 and 10 July 2022). The time period was from 9:00 to 21:00, with a time interval of 2 h.
The data sources of the study area are shown in Table 1.

Table 1. Data sources and processing platforms.

Data Year Resolution Data Source Processing
Platform
Landsat 8 United States Geological Survey:
OLI/TIRS 2019 30m https:/ /earthexplorer.usgs.gov/ (accessed on 27 June 2022). ENVIS.2
Natural Resources Satellite Remote Sensing Cloud Service
GF-6 PMS 2019 2m Platform: http://www.sasclouds.com/chinese /normal/ ENVI5.2
(accessed on 27 June 2022).
National Catalogue Service For Geographic Information:
Vector data / / http:/ /www.web-map.cn/ (accessed on 25 June 2022). /
Baidu heat map 2022 2m Baidu Huiyan: ArcGIS 10.7

https:/ /huiyan.baidu.com/ (accessed on 7 July to 10 July 2022).

The data that needed preprocessing included remote sensing images and Baidu heat
maps. In order to eliminate or correct the distortion caused by the sun height, atmospheric
quality, and sensor sensitivity in the image data, the remote sensing images were subjected
to radiometric calibration, atmospheric correction, image fusion, and clipping based on
the ENVI 5.2 platform. First, the digital number (DN) of the pixel was converted into
the radiance by radiometric calibration. Second, the FLAASH atmospheric correction
tool was used to perform atmospheric correction. Then, through image fusion, remote
sensing images not only retained multispectral features but also had high spatial resolution.
Finally, the remote sensing images were clipped with the vector data of the study area.
The raw data of Baidu heat maps were clipped, georeferenced, and projected through
the ArcGIS platform. All the data in this study were georeferenced based on the WGS-84
coordinate system.

2.3. UGI Interpretation Based on eCognition

The remote sensing image processing platform selected in this study was eCognition
Developer 9.0, and the data were preprocessed GF-6 PMS images. As the first object-
oriented intelligent image analysis and interpretation platform, eCognition adds an image
segmentation step before the traditional classification process and uses the homogeneous
object obtained by image segmentation as the smallest unit of classification [53]. In this
study, UGI interpretation included two steps: segmentation and classification. The multires-
olution segmentation technology in eCognition was used for image segmentation, and the
indices included the scale index, shape index, and compactness index. The specific values
of these indices were determined according to existing research and multiple experiments.
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http://www.webmap.cn/
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In this study, two segmentation layers, “a” and “b”, were established for hierarchical
classification, and the scale indices were 3000 and 2000, respectively. The other indices are
shown in Table 2.

Table 2. Multiscale segmentation parameters and classification features.

Object Segmentation = Shape Compactness Classification Classification Feature
Hierarchy Scale Weight P Target and Formula
Distinguish water
Layera 3000 0.1 05 o i oeator NDWI = (Bgreen — Bnir) / (BGreen + Bnir)
Distinguish UGI
Layer b 2000 0.1 0.5 and Eon—UGI NDVI = (Bnir — Bred)/ (BNir + Bred)

There is a relatively high degree of overlap between water and nonwater in the study
area. Layer a was mainly used to distinguish water and nonwater, so as to reduce the
interference of water and paddy fields with UGI identification. The normalized difference
water index (NDWI) was selected as the characteristic index during classification. It
was found through observation: when NDWI is within the range of [-0.08, —0.07], it
is difficult for visual interpretation to distinguish water and nonwater; accordingly, the
fuzzy classification method based on membership function was adopted, so that when the
NDWTI approaches —0.07, the probability of its membership in the water body approaches
1. Finally, all objects were divided into “water” and “nonwater” in layer a.

Layer b was mainly used to identify urban green infrastructure (UGI). First, the
classification results of “nonwater” in layer a were inherited at layer b. Then, taking NDVI
as the characteristic index, and determining 0.46 as the threshold based on sample selection
and eigenvalue observation, “nonwater” was subdivided into “green space” and “non-
green space”. Afterwards, based on the “rel. border to class” feature in eCognition, image
objects with eigenvalues greater than 0.8 were divided from nongreen spaces. Such image
objects are completely or partly surrounded by green space. Generally speaking, they
are gray space that host public activities in UGI. Finally, after reclassification, the “green
space” and the filtered gray space were merged, obtaining the UGI patches of the study
area (Figure 4).

GF-6 image data

™

Image Segmentation —M Layer 1 Classification — Layer 2 Classification

) 4

UGI Patches

‘prepmcessed RS image ‘

Y
|Iayer 2: non-green |

| Layer 1: non-water ‘ ‘ Layer 1: water

UGI patches

Layer 2: non-water
Layer 2: green

Figure 4. Flowchart of UGI interpretation.
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The accuracy evaluation of classification took the field manual survey data as a
reference, and an error matrix was established based on UGI sample database and remote
sensing analysis results for statistical calculation. In this study, 150 sample objects were
finally established. Through manual translation, the sample objects were used as statistical
objects, and the accuracy evaluation results were expressed, with the error matrix based on
samples and the overall accuracy (OA). This study adopted the error matrix provided by
eCognition, and the final overall accuracy was 90.8%.

2.4. Analysis of UGI Ecological Index and Public Vitality Index
2.4.1. Ecological Index (EI) Calculation

In this research, an improved EI based on remote sensing technology was adopted to
quantify the greening quality, including four subindices: normalized difference vegetation
index (NDVI), the wetness component of tasseled cap transformation (WET), land surface
temperature (LST), and the normalized difference bare soil index (NDBSI). Among them,
NDVI stands for greenness, which is similar to the vegetation coverage index in the original
El, and is highly correlated with the biological abundance index; WET is an expansion of
the original EI's water network index, which can not only represent open water bodies,
but also the moisture of soil and vegetation; NDBSI indicates dryness, which is closely
related to the land degradation index in EI, and the higher the NDBSI, the more exposed
the surface and the more serious the land degradation; and LST stands for heat, which is an
expansion beyond the original indices of EI [45]. As an important indicator of urban thermal
environment, the improved El is suitable for greening quality research. The improved EI
used in this study was established entirely based on remote sensing technology, and its
consistency with the original EI has been verified. The remote sensing expression of EI is
as follows:

EI = f(NDVI, WET,NDBSI, LST). (1)

In the formula, NDVI represents the greenness index; WET is the wetness index;
NDBSI is the dryness index, which is the average of soil index (SI) and index-based built-
up index (IBI); and LST stands for the heat index. The calculation formulas of the EI
components are shown in Table 3.

Table 3. Calculation formulas and descriptions of EI subindices.

Sub-Index Calculation Formula Formula Description
Greenness NDVI = (Bnir — Bred )/ (Bnir + Bred) BRred, BGreen, BBlue, BNIR, Bswir1, Bswira corresponding to the
respective bands in Landsat 8 OLI images.
Wetness WETorr = 0.1511 X Bgjye + 0.1973 X BGreen + 0.3283 X Breq In the LST expression,
+0.3407 X Byir — 0.7117 x Bswiri — 04559 X Bswri Ki = 774.89 Wem 2-sr-1-um 1, Ky = 1321.08 K.
—0.7117 X Bswiry — 04559 x Bswiri Br is the black-body radiation brightness. In the Br expression, T
LTS = K»/ In(Ky /By + 1) — 237.15 is the trfmsmittance of the atmogphere ip the therma'l 'infrared
Heat (L. — _ band; ¢ is the land surface emissivity. L is the reflectivity of the
@Br = [Ly — (1 —¢)Ly] /e . . c s et
thermal infrared band after radiometric calibration. Ly and L, are
NDBSI = [SI + IBI| /2 the upward and downward radiance of the atmosphere, and the
@Sl = (Bswir1 +PRred )~ (Ptue +BNir) value needs to be obtained by querying the relevant atmospheric
Dryness (Bswir1 +BRed )+ (BBlue +BNir ) profile parameters on NASA

@IBl = 2xBswir1/

(Bswir1 +BNir) ~BNir/ (BNir *BRed ) ~BGreen/ (BGreen +Bswir1) (http:/ /atmcorr.gsfc.nasa.gov (accessed on 27 June 2022).).

2xBgwir1/

(Bswir1 +Bnir) +BNir/ (BNir +BRed ) +BGreen/ (BGreen +BSWIR1)

In this study, ENVI 5.2 was selected as the EI computing platform, and the data
were Landsat 8 OLI/TIRS images that had been preprocessed. Due to the water system
developed in the study area, NDWI was used to mask the water information, so the WET
index value could truly reflect the wetness of the land surface [54]. The formal experiment
consisted of four steps. First, after being calculated separately, the four indices (NDVI,
WET, NDBS]I, and LST) were normalized. Then, a principal component analysis was carried
out on the normalized four indices. It can be seen from Table 4 that the accumulative
eigenvalue of the first principal component (PC1) is 73.3%, indicating that PC1 contains
most of the information in the four indices. The synthetic PC1 can be used to replace the
original greenness, wetness, heat, and dryness indices. Afterwards, PC1 was normalized to


http://atmcorr.gsfc.nasa.gov
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obtain the EI of the study area. The value of EI ranges from 0 to 1; the closer it is to 1, the
better the greening quality of the area. Finally, the mean algorithm was used to calculate
the EI of each UGI based on the ArcGIS zonal statistics method (Figure 5).

Table 4. Principal component analysis statistics.

Landsat-8 image data

h 4

PC Layer Eigenvalue Percent of Eigenvalues Accumulative Eigenvalues
1 0.01299 73.3289 73.3289
2 0.00327 18.4511 91.7801
3 0.00135 7.6258 99.4059
4 0.00011 0.5941 100.0000
Component Index » t%): gﬁgyﬂgr%g %g%li' svt?ilt?:ti%g ET of each UGI unit

| | preprocessed RS image |

Water

Normalized Indexes

o
0
=
o
=
&
Principal Component w —
g\na ysi:? %
.“é’
£
&)
=]
)
=
=
Normalized PC1 —

EI of the study area

Figure 5. Flowchart of EI analysis.

2.4.2. Public Vitality Index (PVI) Calculation

Baidu Heat Map is a big data visualization product based on location service tech-
nology, which can dynamically reflect the characteristics of urban population aggregation
in real time. In terms of the working principle, Baidu Heat Map counts the number of
population activities in different regions based on the location information of hundreds
of millions of users accessing Baidu products. The relevant data are presented as visual-
ized heat maps after being processed by density analysis. Depending on the map zoom
level (ZL), the spatial resolution of Baidu heat maps is about 20871 m, and the level of
14-18 zoom corresponds to 1.0-16 m.
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In this study, ArcGIS 10.7 was selected as the platform for accumulating population
density, and the data were 28 pieces of 17-level Baidu heat maps that had been preprocessed.
According to Baidu’s official legend, the seven colors (red, orange, yellow, etc.) in the heat
maps correspond to different population densities. It has been found in relevant research
that the alpha channel value of a Baidu heat map ranges from 60 to 194, which has a
continuous corresponding relationship with the seven colors, as shown in Table 5.

Table 5. Correspondence between population density and alpha channel value.

Col ,
N Blue Light Blue Cyan Green Yellow Orange Red

Population activity density value
(person/ hm?)
Alpha channel value

/ / <10 >10-20 >20-40 >40-60 >60
60-132 >132-138 >138-151  >151-163 >163-170 >170-179  >179-194

According to research on the linear correlation between the alpha channel value of
the heat map and the population density [55], a reclassification function of the population
density was established in this study, and the expression is as follows:

100" x (SA; —60),60 < SA; < 151 (Blue, Light blue, Cyan)

151-60
1o 18r % (SA; —151) +10,151<SA; < 163 (Green)
Pi=1< 30732 x (SA; — 163) +20,163<SA; < 170 (Yellow) : 2)

159405 X (SA; — 170) +40,170<SA; < 179 (Orange)
60,179<SA; < 194 (Red)

In this expression, P; is the population density (person/hm?) of the “ith” raster, and
SA, is the alpha channel value of the “ith” raster. According to the classification function
above, this research first reclassified the data of the Baidu heat maps based on the ArcGIS
platform, and the pixel value of the raster pixel after reclassification was the corresponding
population density value. Then, the “raster calculator” function of ArcGIS was used to
accumulate the population density of 28 Baidu heatmaps to obtain the overall accumulated
population density in the study area. Finally, based on the zonal statistical algorithm of
ArcGIS, the average value of the accumulated population density was used as the PVI
of each UGL It should be noted that the calculation process of zonal statistical method
involves the actual area of the study area. In order to avoid the interference of the results in
areas where tourists cannot set foot in UGI (mountains, nature reserves, etc.), it is necessary
to set the pixels whose accumulated population density is 0 as “No Data” in advance
(Figure 6).
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Accumulated Mean value of PVI of each UGI unit

h 4

h J

Baidu heat map

#  Population Density zonal statistics

Pepulation Density

Dayl Tata

Day?2 Tata ‘

Day3 Tata |

Day4 Tata

Reclassify

Data Accomulation

Reclassify
UGI patches

I

Remove the
values “0"

PVI of UGI unit

Reclassify

Reclassify

Figure 6. Flowchart of PVI analysis.

2.5. UGI Landscape Activity Measure Based on Entropy-Weighted TOPSIS Model

The entropy-weighted TOPSIS model is a comprehensive evaluation model that com-
bines the entropy method and the TOPSIS method. Entropy is a method to determine the
weight of each evaluation index according to the degree of dispersion, which can objectively
describe the importance of each index in the index system. TOPSIS is the “technique for or-
der preference by similarity to ideal solution”. Its action principle is to rank the evaluation
objects according to their proximity to the ideal target, and it is mainly used to solve multi-
objective decision-making problems with limited solutions. The entropy-weighted TOPSIS
model first determines the weight of the evaluation index through the entropy, and then
uses TOPSIS to approximate the ideal solution to determine the ranking of the evaluation
objects. After establishing an entropy-weighted TOPSIS model on the MATLAB platform,
this study measured the landscape activity (LA) of the two-dimensional index matrix of
ecological index (EI) and public vitality index (PVI). The main steps were as follows:

(1) Construct a judgment matrix based on 160 UGI units and 2 indices (EI and PVI):

X=(xg), (=12, mj=12-n). 3)

In the formula, m is the number of evaluated objects, 160; # is the number of indices,
(2) Standardize the judgment matrix:

x/” . xi]' — min (xl']') (4)

7" max(x;;) — min(x;;).

(3) Calculate the information entropy of EI and PVI separately:

Hi= —kY " pij In(p;j). )
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Xii
In the formula, pij = Z:T/x”, = ﬁ
(4) Define the weight of the index j:
1—H; ©)
W= ———"—.
! 11— Hj)
n
In the formula, w; € [0,1], and ) w; = 1.
j=1
(5) Calculate the weighting matrix:
R = (rij)mxn rrij = (,U] . Xl](l = 1,2,- <. ,m;j = 1,2,' .. ,1’1) (7)
(6) Determine the optimal solution S;* and the worst solution S;:
S]+ = maX(le,T’zj, cee ,Tm]‘), S]_ = min(rlj,rzj, cee ,T’mj). (8)

(7) Calculate the Euclidean distance between each scheme and the optimal and
worst solutions:

sen =\ (55 — ) sevr = (57 )’ ©

(8) Calculate the comprehensive evaluation index:

Ci=—Fi __ celo] (10)
sep; +sep;

In the formula: the larger the C; value, the better the evaluated object.

2.6. Grading and Classification of UGI Landscape Activity

Based on the calculation of EI, PVI, and LA, we conducted a grading evaluation of the
measurements and a classification evaluation based on the indices’ values. The grading
method adopted was “Natural Breaks”, proposed by George Frederick Jenks, which is
a grading statistical method to find the natural turning point in the statistical sequence
according to the law of numerical statistical distribution. The “Natural Breaks” method
ensures the maximum similarity of data within groups and the maximum difference
between groups by iterating the data, while taking into account that the range and number
of elements between each group are as similar as possible. In this article, the number of
grading targets for LA was set to three (high, medium, and low), and the key thresholds
were obtained based on the “Natural Breaks” algorithm integrated on the ArcGIS platform.

The landscape activity classification method used in this article was the four-quadrant
method proposed by management scientist Stephen R. Covey. This method sets two-
dimensional descriptive features for specific decision-making goals and classifies the
decision-making objects into four quadrants according to the eigenvalue. The classifi-
cation results can reflect the support degree of a decision object for the decision goal in
different dimensions, which is suitable for supporting decision making in landscape man-
agement. In this study, the analysis mechanism of UGI landscape activity is constructed
from the two dimensions (namely, EI and PVI), which is in line with the application scenar-
ios of the four-quadrant method. Selecting the EI and PVI mean of UGI in the study area as
the coordinate axis origins, a four-quadrant conceptual model of UGI landscape activity
was constructed, as shown in Figure 7.
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High PVI
3
@ Low-quality @ High-quality
mature type mature type
Low EI > High EI
® Low-quality @ High-quality
developing type developing type
Low PVI

Figure 7. The four-quadrant conceptual model of landscape activity.

3. Results
3.1. UGI Network Pattern in the Study Area

The remote sensing interpretation results of UGI are shown in Figure 8. A total of
160 UGI units were extracted in the study area, including farmland, green links, urban
parks, community green spaces, and woodlands, showing obvious spatial differences in
land use from north to south. UGI in the northern part of the study area is dominated by
green links and farmland, and the distribution relies on the water system. UGI in the central
part of the study area is dominated by urban parks and community green spaces, with
scattered woodlands, which are closely integrated with public life. UGI in the southern
part is dominated by large-scale mountains and forests, which have the main ecological
functions. To further describe the overall pattern of UGI in the study area, we measured,
identified, and segmented the spatial pattern of UGI based on the MSPA method, so as to
distinguish the hubs, links, and sites of the UGI network. According to the relationship
between them, the connectivity of the UGI landscape pattern in the study area can be
judged. It can be seen from Figure 9 that the overall connectivity of UGI in the study area
is poor, showing several small groups in the north and central parts and forming a green
network with strong connections in the south.

According to the statistical analysis of data, the total area of UGI is about 176.43 km?,
accounting for 47.9% of the total area of the study area. The total area of UGI hubs is
152.36 km?, accounting for 86.4%, of which there are five patches whose area is larger than
1 km?; they are the core ecological sources in the UGI network. The total area of UGI links
is 19.30 km?, accounting for 10.9% of the total area of UGI. They are important bridges to
realize the ecological function of UGI and the connectivity of public services. The total area
of UGI sites is 4.77 km?, accounting for 2.7% of the total area of UGI. They are important
sites for the integration of human activities and natural environment in the UGI network.
The relevant statistical results are shown in Table 6.
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Figure 9. UGI spatial pattern components.
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Table 6. Component statistics of UGI spatial pattern.

Area (km?) :
Component Type . Proportion to the Total
Sum Mean Maximum Area of UGI
Hubs 152.36 1.30 100.81 86.4%
Links 19.30 0.03 0.32 10.9%
Sites 4.77 0.03 0.21 2.7%

The overall distribution of UGI in the study area is “large and isolated, small and
scattered, and poorly connected”. Large UGI patches are concentrated in the southern part,
while small ones are deeply embedded in the urban built environment, including a series
of urban parks and community green spaces. The UGI links in the study area mainly rely
on rivers and roads, which have weak ecological functions.

3.2. Analysis on the UGI Greening Quality in the Study Area

The ecological index (EI) in this study is based on the first principal component (PC1)
of greenness, wetness, dryness, and heat. The positive and negative eigenvalues of the
four subindices in PC1 represent the positive and negative effects of their contribution on
greening quality. It can be seen from the PC1 load values of the four subindices in Table 7
that NDVI (representing greenness) and WET (representing wetness) have positive values,
while NDBST (representing dryness) and LST (representing heat) have negative values.
This is consistent with the fact that greenness and wetness have positive effects on the
environment, while dryness and heat have negative effects on it. The contribution of NDVI
is 0.73, which is the maximum value among the four subindices, indicating that vegetation
plays a great role in improving the greening quality of UGI in the study area.

Table 7. Statistics of ecological index (EI) and subindices.

Index NDVI WET NDBSI LST EI
Mean 0.853 0.530 0.766 0.502 0.68
Maximum 0.928 0.633 0.824 0.595 0.82
Minimum 0.747 0.440 0.722 0.383 0.52

PC1 load value 0.73 0.42 —-0.33 —0.42 /

The greening quality of the overall study area and each UGI unit is shown in
Figures 10 and 11, respectively. The greening quality of UGI shows a distribution pattern
that gradually increases from northwest to southeast. In order to further analyze the
greening quality of UGI, the ecological indices (EI) were divided into five grades according
to previous research results: excellent (0.8-1.0), good (0.6-0.8), medium (0.4-0.6), poor
(0.2-0.4), and bad (0-0.2). In the study area, the minimum EI value of the UGI units was 0.52,
the maximum value was 0.82, and the mean value was 0.68, indicating that the greening
quality was generally good. Among them, 4 UGI units were graded “excellent”, with a
total area of 114.12 km?, accounting for 64.7%; 141 UGI units were graded “good”, with a
total area of 59.75 km?2, accounting for 33.9%; and 15 UGI units were graded “medium”,
with a total area of 2.56 km?, accounting for 1.4%. The results of further grading prove that
the overall greening quality of UGI in the study area was good. The relevant statistics are
shown in Table 8.
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Figure 11. The ecological index of UGL

In addition, to verify the reasonableness of the EI assessment of greening quality,
4 UGI units with a grade of “excellent” and 15 UGI units with a grade of “medium” were
subjected to a whole-layer sampling survey. The UGI units with a grade of “excellent”
corresponded to four natural areas dominated by Wuguishan subdistrict (Table 9, sample 1).
The UGI units with a grade of “medium” mainly corresponded to the green space by the
expressway, the green space of the urban highly built-up area, and the agricultural land.
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This result is in line with the commonsense perception of greening quality, and typical
samples are shown in Tables 9 and 10.

Table 8. UGI area and proportion of each greening quality grade.

Grade UGI Statistics ¢ ellent (0.8-1.0) Good (0.6-0.8) Medium (0.4-0.6)

Number 4 141 15
Total area (km?) 114.12 59.75 2.56
Proportion 64.7% 33.9% 1.4%
Average area (km?) 28.53 0.42 0.17

Table 9. Distribution and typical samples of UGI with a quality grade of “excellent”.

Distribution Map of UGI with a Sample 1 Index Sample 2 Index

Quality Grade of “Excellent”

EI =0.82 EI =0.81
NDVI = 0.929 NDVI = 0.926
WET = 0.560 WET = 0.559
NDBSI = 0.733 NDBSI = 0.733
LST = 0.404 LST = 0.417
Index Index
EI =0.80 EI = 0.80
NDVI =0.924 NDVI =0.921
WET = 0.569 WET =0.763
NDBSI = 0.729 NDBSI = 0.727
LST = 0.438 LST = 0.445

Table 10. Distribution and typical samples of UGI with a quality grade of “medium”.

Distribution of UGI with a Quality

Grade of “Medium” Sample 1 Index Sample 2 Index
EI=0.52 EI=0.54
NDVI = 0.766 NDVI = 0.765
WET = 0.457 WET = 0.476
NDBSI = 0.824 NDBSI = 0.810
LST =0.577 LST = 0.555
Index Index
EI=0.58 EI=0.59
NDVI =0.813 NDVI = 0.795
WET = 0.473 WET = 0.490
NDBSI = 0.780 NDBSI = 0.797
LST =0.574 LST =0.535

3.3. Analysis of the Public Vitality of UGI in the Study Area

Figures 12 and 13 show the overall public vitality of the study area and each UGI
unit. It seems that UGI public vitality is generally high in built-up areas and low in
surrounding areas. In order to further analyze the public vitality of UGI, the PVIs were
divided into three grades by using “Natural Breaks”: low (0-31.12 persons/hm?), medium
(31.12-80.13 persons/ hm?), and high (80.13-166.70 persons/ hm?). The minimum PVI
value of UG units in the study area was 0 person/hm?, the maximum was 166.70 persons/hm?
and the mean was 44.38 persons/hm?. Among them, there were 26 UGI units with a public
vitality grade of “high”, with a total area of 6.39 km?, accounting for 3.6%; 69 UGI units
were graded “medium”, with a total area of 156.86 km?, accounting for 88.9%; and 65 UGI

7
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units were graded “low”, with a total area of 13.18 km?, accounting for 7.47%. The relevant
statistics are shown in Table 11.

Figure 13. UGI public vitality index of the study area.

In addition, in order to verify the validity of the PVI assessment of public vitality,
26 UGI units with a public vitality grade of “high” and 15 UGI units with a grade of “low”
were subjected to a whole-layer sampling survey. The former mainly correspond to urban
parks, roads, and waterfront greenbelts. The latter mainly correspond to natural areas
and some farmland that are difficult for humans to access. This result is in line with the
commonsense perception of public vitality, and typical samples are shown in Table 12.
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Table 11. UGI area and proportion of each public vitality grade.

UGI Statistics High Middle Low
Grade (80.13-166.70 persons/hm?) (31.12-80.13 persons/hm?) (0-31.12 persons/hm?)

Number 26 69 15
Total area (km?) 6.39 156.86 13.18
Proportion 3.6% 88.9% 7.5%
Average area (km?) 28.53 0.42 0.17

Table 12. Distribution and typical samples of UGI with public vitality grades of “high” and “low”.

Grade .
High
m ig Low

Distribution

Sample

Public Vitality

Index 117 persons /hm? 98 persons/hm? 0 person/hm? 0 person/hm?

3.4. The Landscape Activity (LA) of UGI in the Study Area

The entropy-weighted TOPSIS method was used in this paper to measure the coupled
two-dimensional indices of landscape activity. The entropy-weighted method determined
that the weight of EI is 0.183, and that of PVI is 0.817, which reveals the contribution of
the two to the LA system generated by their coupling. This result is in line with the fact
that the greening quality of UGI in the study area is generally good, but the PVIs are very
different. On the basis of the entropy-weighted analysis, we calculated the comprehensive
LA value of the UGI according to the TOPSIS method.

The maximum LA value of UGI in the study area was 0.85, and the minimum value
was 0.06, with the spatial distribution shown in Figure 14. For further overall qualitative
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description, the “Natural Breaks” was used to divide the LA into three grades: low (0-0.24),
medium (0.24-0.46), and high (0.46-0.85). The classification results are shown in Figure 15.

Figure 15. Grading of UGI landscape activity in the study area.

On the whole, the UGI landscape activity of Gangkou Town and South subdistrict was
generally low, while the UGI in other areas showed high LA. Among them, UGI units with
an LA grade of “high” were distributed in the Torch Development Zone and the Shigi, West,
and East subdistricts, and the overall UGI landscape activity of Wuguishan subdistrict was
at a medium level.

At the individual level, after arranging the UGI units in positive order according
to the LA value, the top 5% and the bottom 5% are shown in Tables 13 and 14. The top
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5% of UGI units mainly include urban parks and waterfront greenways, while the bottom
5% are mainly islands and farmland. Among them, the UGI unit ranking the first in LA
corresponds to Xingzhong Stadium and the green space along Xingzhong Road, with an
EI of 0.57, a PVI of 166 person/ hm?, and a LA value of 0.85. The last UGI unit in the
LA ranking corresponds to the Dajianshan Camping Park, with an EI of 0.61, a PVI of
0 person/hm?, and an LA value of 0.06.

Table 13. The top 5% of UGI units for landscape activity and their measurements.

No. 1 No. 2 No. 3 No. 4

Table 14. The bottom 5% UGI units for landscape activity and their measurements.

No. 153 No. 154 No. 155 No. 156
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3.5. Integration of UGI Landscape Activity Information in the Study Area

Integrating the results obtained through the above technologies, we formed a visual
information model of landscape activity on the ArcGIS platform, including the spatial
differentiation map of LA and the eigenvalue table linked to it. The LA map can show the
overall spatial distribution of UGI landscape activity (Figure 16), while the eigenvalue table

supports the query of the LA measurement and indices” values of a specific UGI patch
(Table 15, Figure 17).
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Figure 16. The landscape activity map.

Table 15. Landscape activity eigenvalue table (partial data).

FID LA EI PVI WET NDVI NDBSI LST
1 0.28 0.69 44 0.541 0.856 0.760 0.504
2 0.20 0.73 24 0.541 0.889 0.752 0.479
3 0.23 0.69 44 0.533 0.858 0.765 0.505
4 0.17 0.75 11 0.578 0.884 0.736 0.491
5 0.07 0.57 10 0.468 0.794 0.807 0.551
6 0.15

0.63 22 0.510 0.805 0.783 0.500

The retention digits of the data in the table are determined according to the 1/4 standard deviation of the
statistical values.
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Figure 17. LA information query for a specific UGI patch.

4. Discussion
4.1. Four-Quadrant Classification of LA

Based on the overall EI mean (0.68) and the overall PVI mean (44 persons/ hm?) of
the 160 sites, the LA of UGI is divided into four categories (Figure 18): (1) High-quality
mature type, accounting for 20.0%. It manifests higher EI and PVI than the average level
of the study area, which indicates good greening quality and high population density.
(2) Low-quality mature type, accounting for 23.1%. It manifests low EI but high PVI in
the UGI unit, which means poor greening quality and high population activity density.
(3) Low-quality developing type, accounting for 27.5%, which means that the EI and PVIin
the UGI unit are lower than the average level of the study area, indicating that the greening
quality is poor and that the population activity density is low. (4) High-quality developing
type, accounting for 29.4% of the total, is characterized by high EI but low PVI in the UGI
unit, indicating good greening quality but low population activity density.

165 N . ® High-quality mature type
150 + Low-quality mature type
A . = Low-quality developing type
135 » + High-quality developing typg
5 i A O Sample
é 120 | .
5 105 ) A e
g‘\ 90 A 5 ° e .
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Ecological Index

Figure 18. Four-quadrant classification of UGI landscape activity.
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From the perspective of LA, the construction of high-quality mature UGl is its goal [56],
and the existing high-quality mature UGI units can be used as references for UGI landscape
improvement. Among the other three types of UGI, low-quality mature UGI has a strong
ability to attract people, but the greening quality needs improvement. The low-quality,
developing UGI has poor greening quality and does not have the ability to attract pop-
ulation activities. It is the key area for improving the quality of UGI stock and needs to
be improved according to the location of the site. The high-quality developing UGI has
high greening quality but cannot attract population activities. It should be kept as it is now
or moderately increase its attraction to the public according to the specific conditions of
the venue. Here, we select samples from the four types of UGI for further demonstration
(Table 16).

Table 16. Four types of UGI samples.

Type High-Quality Low-Quality Low-Quality High-Quality
TDescription Mature Type Mature Type Developing Type Developing Type

Sample 1 Sample 2 Sample 3 Sample 4

Sample
EI 0.76 0.58 0.54 0.76
PVI 67 persons/hm? 78 persons/hm? 39 persons/hm? 13 persons/hm?

Sample 1 corresponds to Zhongshan Park, a high-quality mature UGI unit with both
good greening quality and high public vitality; it can be used as a target case for UGI
landscape quality improvement. Sample 2 corresponds to a waterfront greenbelt next to the
“Qiwan Road” water system, located in the urban built-up area. It has high public vitality
but the greening quality needs to be improved, and it is a typical low-quality mature UGI.
Sample 3 corresponds to Dongmingqiao Aquatic Botanical Park and a waterfront green
space connected to it. It is a low-quality developing UGI whose greening quality and public
vitality need improving. It is necessary to further analyze the reasons for the lack of LA,
and to improve both the greening quality and the public vitality. Sample 4 corresponds
to the Shigoupo ecological patch, which has the potential to further develop in terms of
public vitality, but the first priority should be to maintain greening quality. It is a typical
high-quality developing UGL

4.2. Qverall Research

Landscape activity (LA) is a landscape performance characterization that reveals
the ability of a UGI to maintain internal greening quality and attract people to continue
engaging in public activities. Based on the ecological index (EI) and the public vitality
index (PVI) derived from big data, we have established a coupled model of the two, thereby
forming a widely applicable method for the LA measurement of UGI.

Taking the central urban area of Zhongshan as a study case, we extracted a total of
160 UGI units with an area of about 176.43 km?. The minimum EI value of UGI in the study
area is 0.52, and the maximum value is 0.82. The minimum PVI value is 0 persons/ hm?, and
the maximum is 166 persons/hm?. A normalization matrix was established based on “EI-
PVI” two-dimensional indices, and the entropy weighting method determined the weights
of El and PVI to be 0.183 and 0.817. Based on the weighted matrix, the minimum LA value
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of UGI obtained by the TOPSIS method was 0.06, and the maximum value was 0.85. Among
them, the top 5% of UGI patches corresponded to urban parks and waterfront greenways,
and the first-ranked patch corresponded to the greenway and stadium on the central axis
of the city; the bottom 5% mainly included islands and farmland, and the last-ranked patch
corresponded to the camping park, which was affected by COVID-19. This result is in
line with general assumptions about landscape activity, and verifies the rationality and
sensitivity of the UGI landscape activity model built in this article. Based on that, a further
study was conducted to grade and classify the landscape activity. The grading showed
that UGI patches with high LA were mostly distributed in urban built-up areas; the LA
of ecological UGI patches such as Wugui Mountain was mostly moderate, which may be
attributed to the construction of the national park; most of the farmland-like UGI patches
presented low landscape activity. According to the four-quadrant LA classification, UGI in
different quadrants faces different challenges in improving the quality of landscape activity.
In combination with samples, the application rationality of this classification method to
landscape management has been verified.

5. Conclusions

Based on the need for UGI quality improvement in the era of urban stock development,
we established an analysis framework of UGI landscape activity, combining big data
technology and the entropy-weighted TOPSIS method to establish an LA model, and then
a corresponding information model and supporting evaluation method. As shown in the
Section 3, the measurement, information integration, and evaluation analysis methods
proposed in this research have practical significance for the landscape quality improvement
and stock renewal of UGI and are applicable to UGI’s landscape management, monitoring,
and decision making. However, the technical process still has room for development and
horizontal expansion.

At the theoretical and technical levels, this research combined the perspectives of
environmental determinism and humanism in assessing landscape activity, selected green-
ing quality and public vitality as indicators of UGI landscape activity to establish the
research framework, and then integrated remote sensing, big data, GIS, and other spatial
information technologies to construct two-dimensional subindices of EI and PVI for LA
research at the urban scale. Specifically, mathematical evaluation methods such as principal
component analysis and entropy-weighted TOPSIS were used to establish the technical
process of subindices’ calculation and coupling [57], thereby forming an LA model coupling
EI and PVI. Combined with the values of the LA and its subindices, a clustering-grading
method and a four-quadrant classification method were established to provide further
evaluation methods for LA research on UGL. At this stage, the indicator system of this study
has the potential for further improvement. Further research can systematically expand and
optimize the indices of the model in this article according to related research on EI, PVI,
and LA. The expansion of EI should integrate the multidisciplinary perspectives of ecology,
landscape ecology, environmental science, geography, and so on, while considering the
pattern and internal spatial characteristics of UGIL. The expansion of PVI should further
combine the characteristics of the type, preference, persistence, and stability of activities,
and develop in depth at the level of data types and a diversity of indices. At the same
time, the expansion of indices should bear in mind the availability, accuracy, and matching
degree of data.

At a practical level, the technical achievements of this study are oriented to the needs
of quantitative research on UGI landscape activity at the urban scale, which can not only
present the overall spatial structure and differentiation of UGI landscape activity, but
also quantitatively describe the objective LA status of each individual UGI unit with its
measurement and subindices’ values, thereby realizing the identification and extraction of
key UGI units. The landscape model proposed in this study can effectively quantify the
UGI landscape activity represented by the study area and thus has practical significance
for landscape management, decision assistance, and achievement detection of UGI stock
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improvement. At the current stage, the technical process of this research has potential for
further development. Further research can combine the research results of this study to
focus on temporal and spatial changes, driving forces, optimization simulation, and even
correlation with landscape elements of UGI landscape activity, contributing to the deeper
development of UGI landscape activity research.
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