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Abstract: In the realm of sustainable city development, evaluating the spatial vitality of urban green
spaces (UGS) has become increasingly pivotal for assessing public space quality. This study delves
into the spatial heterogeneity of park vitality across diverse urban landscapes at a city scale, address-
ing limitations inherent in conventional approaches to understanding the dynamics of park vitality.
Leveraging geotagged check-in data from 65 parks in the study case of Changsha City, a quantitative
analysis was undertaken to assess spatial vitality. The investigation incorporated data concerning
internal and external factors influencing park vitality, employing the Multi-scale Geographically
Weighted Regression (MGWR) model to dissect nuanced spatial heterogeneity. The research un-
covers notable spatial discrepancies in factors influencing park vitality across diverse urban areas,
emphasizing the reliance on adjacent residential communities and internal commercial amenities
provision. These dependencies correspond with economic development differences among urban
locales, revealing distinct geographic trends. This study has a novel perspective and methodology for
investigating urban park vitality, providing significant insights for urban green space planning and
management. It emphasizes the necessity of acknowledging spatial diversity in urban park planning
and design by incorporating the distinct socio-economic characteristics of each urban zone, which is
crucial for both urban planners and policymakers.

Keywords: urban parks vitality; spatial heterogeneity; MGWR; public space quality; urban livability

1. Introduction

Globally, including in China (the most populous developing nation), urbanization rates
have significantly increased, soaring from 30% in 1996 to 65% in 2022, presenting challenges
such as unequal resource distribution and unplanned urban expansion [1–3]. Urban parks,
as a crucial component of the urban ecosystem, play an indispensable role in mitigating
urban challenges such as the heat island effect, environmental quality degradation, and
increased stress among urban residents resulting from intense urbanization. Furthermore,
urban parks offer spaces for leisure, entertainment, and social interaction, acting as a vital
catalyst for community revitalization and urban development [4–7].

Currently, scholars focus not only on the quantity of Urban Green Spaces (UGS) within
cities, but also on the impact of UGS on surrounding residents post-construction. The
influence of different urban parks on the urban environment varies, as does their frequency
of use as public infrastructure. To accurately describe this impact, various indicators
have been employed by different scholars. Notably, the concept of urban spatial vitality
proposed by Montgomery and Jacobs has received widespread recognition within the
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academic community. This concept characterizes the vitality of urban spaces as activities
related to the number of people within and around streets or communities [8,9].

In UGS vitality research, accurately assessing vitality is challenging due to varying
analytical scales, datasets, and methodologies [6,10,11]. Traditional quantitative models
such as questionnaire surveys, field observations, and drone surveys [12–14] provide au-
thentic data, but are limited by time, resources, and potential biases [15]. Information
technology and increased smartphone usage have enabled social platforms’ open API
interfaces (e.g., Twitter, Weibo, Dazhong Dianping) to extract geospatial data for under-
standing spatial preferences and urban vitality [16–19]. This data is abundant, extensive,
and easily accessible, proving useful in urban studies across cities like Birmingham [20]
and Oslo [21]. Heatmaps and mobile phone signaling data also contribute to spatial vitality
research [22–24]. However, global models, while providing macro-level insights, may not
capture spatial heterogeneity as highlighted by the Second Law of Geography [25,26],
leading to potential discrepancies when applied to specific local contexts [27].

With the deepening research on urban spatial vitality, an increasing number of scholars
are focusing on the causes of the differences in the vitality of UGS. Against this backdrop,
scholars in the fields of geography and urban planning generally believe that spatial
heterogeneity is a key concept in explaining this phenomenon [28]. It delineates the
variance and disparity in spatial attribute values across diverse geographical locales. This
heterogeneity mirrors the impact of factors such as the natural environment, socioeconomic
conditions, and human endeavors on the spatial layout, serving as a fundamental theory
for comprehending and examining geographical phenomena [29–31].

In the face of such complex and diverse spatial variations, accurately identifying key
factors is a prerequisite for enhancing the vitality of UGS. The Geographically Weighted Re-
gression (GWR) model, a local regression analysis approach, performs local regressions on
all independent variables within the same bandwidth to unearth the spatial relationships be-
tween independent and dependent variables. This model has found extensive applications
in disciplines such as geography and economics [32,33]. Research shows that, compared
to the global model, the GWR model has a higher fitting degree [34–36]. However, UGS
vitality is influenced by a complex mix of factors like population, economy, environment,
and transportation, which exhibit spatial heterogeneity and vary across scales [22,37,38].
Therefore, an analytical method that effectively addresses spatial heterogeneity and scale
effects is essential for accurately assessing park vitality [23]

Fotheringham’s introduction of the Multiscale Geographical Weighted Regression
(MGWR) has provided a leap forward in spatial heterogeneity analysis by overcoming
the fixed bandwidth constraint of the traditional GWR [24], permitting an individual
bandwidth application for each variable. This advancement enhances the accuracy of such
analysis, substantiated by numerous studies demonstrating the MGWR model’s superior
fitting, precision, and practicality relative to the GWR model [39–41]. Amidst dynamic
shifts in urban landscapes and the behavioral patterns of residents, the integration of urban
parks’ dynamic nature and MGWR’s capabilities allows tailored updating strategies to
be formulated based on the spatial heterogeneity of different space vitality influencers.
This method transcends the traditional approach of relying on global model “averages”
to develop a strategy. It optimizes the GWR model’s fitness, grounding the research in
reality and thus amplifying the experimental authenticity. Furthermore, this more profound
insight into the urban park’s operational principles aids in reducing both the temporal and
technical costs associated with urban park updates.

Extant scholarly discourse on UGS vitality has achieved a commendable degree of
maturity. Yet, many of these studies still need to tackle the spatial variations in the impact
of different determinants on UGS vitality, suggesting an opportunity for more comprehen-
sive and rigorous investigation. The study aims to explore the spatial vitality of UGS in
Changsha City, employing the MGWR model alongside multi-source, voluminous datasets,
including Baidu Huiyan vitality data and Amap geospatial information. By assessing the
spatial heterogeneity of influencing factors, the research seeks to enhance the precision
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of evaluating UGS vitality and inform tailored strategies for urban park planning. Using
Changsha as a case study, this research offers a novel approach to examining urban park
vitality. It facilitates a deeper understanding of the global patterns and regional dispar-
ities in the vitality of urban green spaces, thereby providing valuable insights for other
international cities.

The remainder of this paper proceeds in the following way. Section 2 offers a com-
prehensive review of vitality and spatial heterogeneity studies. Section 3 delineates the
study area and delineates the data sources utilized in this research, and further expounds
on the analytical framework and procedural methodology employed in the investigation.
Section 4 presents the findings from the ordinary least squares (OLS), GWR, and MGWR
analyses. Section 5 delves into a discussion of the outcomes and underlying reasons for spa-
tial heterogeneity. Section 6 encapsulates the critical discoveries of the study and proposes
avenues for future research endeavors.

2. Literature Review
2.1. Space Vitality

Urban vitality is a pivotal concept, intricately linked to the intensity of activities within
public spaces, particularly at the street and community levels [42]. Jacobs conceptualizes
urban vitality as the continuity and diversity of street life over 24 h [9]. Conversely,
Montgomery characterizes urban vitality as the volume of pedestrian traffic in streets
or communities and their adjacent areas across different time intervals [43]. This notion
underscores the dynamic and interactive nature of public spaces, mirroring the activities
and interactions of individuals within urban settings. Urban vitality extends beyond
mere population movements and gatherings; it encompasses various economic, cultural,
and social dimensions. It is a crucial metric for assessing the quality of urban life and
the capacity for sustainable development. Researchers delineate vitality through diverse
factors such as heatmap data [44], mobile signaling data [44], nighttime light data [45], and
online check-in data [42,46].

One of the defining characteristics of urban spatial vitality is the population fluctuation
within a space due to variables such as time and weather [47]. Location-based services (LBS)
data hold distinct advantages over traditional social check-in or survey data: firstly, social
check-in data fail to capture the dynamic population changes within a space over time,
whereas LBS data can accurately depict the population flow within a space during different
periods; secondly, check-in data only represent the habits of a subset of the population,
and cannot account for all participants in a space. In the era of information, LBS data can
encompass a broader range of individuals, thereby providing a more authentic reflection of
the number of people in a space.

In this research, we utilize heat data from Baidu Huiyan as the data source for park
vitality analysis. Baidu Huiyan leverages big data technology to collect and analyze users’
location information and search behavior on Baidu Maps, producing heat maps that depict
the density of people and the intensity of activities. This operational principle enables
Baidu Huiyan to capture the dynamic changes of heat thoroughly, offering a wealth of
representative and timely data. Its feasibility has been demonstrated in various fields [48,49].
For the study of the spatial heterogeneity of park vitality, Baidu Huiyan’s heat map data can
unveil the spatial distribution characteristics of vitality across different regions, providing
a scientific foundation for a deeper comprehension of park vitality.

2.2. Spatial Heterogeneity

Spatial heterogeneity is a fundamental concept in geography, urban planning, and
related disciplines, characterized by the uneven distribution and variability of attributes,
characteristics, or phenomena across diverse geographic locations or spatial scales [28].
This concept plays an integral role in understanding the complexity inherent in spatial
patterns and processes, acknowledging that distinct regions may display unique attributes
due to environmental conditions, socio-economic dynamics, and human interventions. The
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significance of spatial heterogeneity lies in its capacity to enhance the understanding of
spatial relationships and interactions, challenging the presumption of spatial homogeneity,
which can result in overly simplified models and inaccurate depictions of reality [50]. By
embracing spatial heterogeneity, researchers and planners are empowered to develop more
accurate and contextually relevant analyses, models, and strategies.

Spatial heterogeneity has gained widespread application in the domain of spatial
relationship analysis, including in areas such as urban public health [51], housing prices
and the built environment [52], social equity [53], and soil environmental analysis [54].
In the context of urban vitality analysis, research typically centers on urban landscapes,
streets, or morphologies [55,56]. However, previous studies have often neglected a crucial
aspect: the vitality of parks as urban public spaces, along with their influencing factors, can
display spatial heterogeneity in response to changes in the surrounding economy, activities,
and population structure [38,57]. More research is needed on the spatial heterogeneity of
urban park vitality. While traditional analysis methods (such as global regression, surveys,
and interviews) can provide detailed analyses of the vitality and its influencing factors for
parks across an entire city, these results may not be suitable for specific parks. They cannot
be extrapolated to a broader context.

2.3. Factors Affecting UGS Spatial Vitality

Investigating the influence of internal or external factors on park vitality is a research
domain that has been explored previously. Scholars across various regions have introduced
diverse analytical perspectives on park vitality in their respective study areas, considering
the disparities in national customs, economic development levels, urbanization processes,
and population structures. For instance, research has been conducted in Poland [58],
Berlin and Salzburg [59], and Melbourne, Australia [12]. The surrounding population and
economic activities significantly influence the vitality of parks; for example, parks equipped
with playgrounds are favored by children [60], while serene environments are preferred
by older people [12]. Moreover, factors such as accessibility, economic environment, and
residential and office areas, all contribute to park vitality [61–63]. Nonetheless, there are
variations in the factors affecting park vitality between different cities and even among
parks within the same city. Regrettably, the spatial heterogeneity analysis of park vitality
and its influencing factors remains insufficient.

Since adopting the reform and opening-up policy in 1978, China has witnessed a
substantial rise in urbanization rates and a rapid expansion of urban permanent populations.
Accompanying large-scale population movements, cities’ economic stratification and spatial
distribution differences have become increasingly pronounced, particularly in major cities
such as Beijing and Shanghai [64,65]. These transformations have resulted in variations
in the surrounding environment, population structure, and economic activities of urban
parks. In contrast to Western cities, the swift development of Chinese cities has attracted a
considerable influx of migrant workers, amplifying park vitality’s spatial heterogeneity [66].
Research indicates that distinct age and gender groups exhibit differing demands for
parks [12,60]. Consequently, considering the alterations in population structure and spatial
distribution, analyzing UGS vitality and its influencing factors from a spatial heterogeneity
perspective, and devising corresponding renewal strategies are imperative for enhancing
the vitality of UGS.

Research on the spatial heterogeneity of park vitality conducted in China offers distinc-
tive insights for the global academic community. The swift urbanization and population
mobility patterns in China starkly contrast with the racial geographical segregation in the
United States [67], immigration issues in Europe [68], and urban expansion in Australia [69],
thereby unveiling the diversity of park vitality across different socio-economic contexts. In
Chinese cities, the spatial heterogeneity of park vitality is predominantly influenced by in-
ternal population structures and economic activities. In contrast, in American and European
cities, park vitality is significantly shaped by racial and immigration factors. By examining
these varied influencing factors, researchers can attain a more holistic understanding of the
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intricacies of park vitality and devise targeted park planning and management strategies
for cities worldwide. Thus, research on park vitality in China guides domestic urban
planning and offers valuable insights for tackling similar challenges internationally.

3. Methodology
3.1. Study Area

Changsha, the capital city of the Hunan Province in China, administers six districts
(Furong, Tianxin, Yuelu, Kaifu, Yuhua, Wangcheng) and one county (Changsha County),
encompassing a total population of 10 million across 11,819 km2 as of the close of 2022
(Changsha Statistical Yearbook). As the vibrant political, economic, and cultural hub
of Hunan Province, Changsha has drawn a substantial migratory population for work
and residence. However, juxtaposed with the population influx and the swift urban
development, the urban park construction area expanded only modestly, from 575 km2 in
2001 to 2797 km2 by 2020. Considering the lower population density on the city’s periphery,
and the predominance of large forest parks resulting in lesser spatial utilization, this study
primarily focuses on the principal urban area of Changsha, precisely within the perimeters
of the Changsha Ring Expressway.

The delineated study area encompasses a total of 152 UGS. However, the scope of this
research does not extend to diminutive community parks, given their relatively limited
expanse and influence when juxtaposed with the city’s comprehensive spatial domain.
These smaller entities exhibit negligible spatial heterogeneity within their constrained
service radius, rendering them incongruent with the study’s foundational aim to scrutinize
urban parks that cater to the populace across more expansive vicinities. Consequently,
this investigation excludes small-scale pocket parks and community parks. In stark con-
trast, municipal parks, characterized by their extensive service range, heightened user
participation, and a myriad of influencing factors present a more compelling case for
analyzing spatial heterogeneity in factors affecting UGS vitality. In alignment with the
stipulations of the “Standard for the Planning of Urban Green Space (GB/T51346-2019)”,
this study meticulously selects 65 parks from the study region as the focal point of its
analytical endeavors.

This study is focused on the main urban area within the Changsha Ring Expressway
(Figure 1), guided by the following academic considerations: Firstly, this region is charac-
terized by a high concentration of economic activities and population density, highlighting
the significance of parks in the daily lives of urban residents. Furthermore, the abundance
and diversity of park resources in this area provide a comprehensive data foundation for
examining the spatial heterogeneity of park vitality. Ultimately, by concentrating on the
urban core, this research aims to enhance the precision and practical value of the study,
deepening the understanding of the characteristics and influencing factors of urban park
vitality, thereby contributing specific and targeted insights to the formulation of relevant
policies and renewal strategies.

3.2. Study Framework

Figure 2 illustrates the spatial heterogeneity assessment framework and procedures
for UGS vitality and its influencing factors. The assessment framework includes three steps,
as detailed below.

In step1, the process involves acquiring spatial location data pertinent to UGS vitality
and its influencing factors within the urban confines of Changsha City. At this juncture, it
is imperative to identify the specific nature and category of data pertinent to UGS vitality
and the contributory elements that should be encompassed within the dataset. Given
the necessity for an extensive dataset, the utilization of publicly accessible API interfaces
is employed to facilitate the aggregation of large-scale data. The harvested data must
undergo meticulous cleansing and calibration to maintain the experimental integrity. A
comprehensive outline of these procedural steps will be delineated in Section 2.2.
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In step2, an Ordinary Least Squares (OLS) regression is employed to conduct a global
analysis of UGS vitality in conjunction with selected spatial vitality determinants. This
approach is primarily adopted to circumvent the potential multicollinearity issues among
the influencing factors, which could compromise the integrity of subsequent spatial hetero-
geneity analyses. Concurrently, this step facilitates a comprehensive understanding of the
overarching analytical context.
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In step3, the influencing factors, having been rectified for multicollinearity through
the application of OLS, are subsequently processed through GWR and MGWR models,
respectively. This process involves a comparative reliability analysis of the experimental
data outcomes derived from both models, thereby elucidating the spatial heterogeneity
of factors influencing park vitality in Changsha City. The empirical findings are then
leveraged to inform targeted refinement strategies for UGS in subsequent interventions.
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3.3. Data Resources
3.3.1. AOI and POI Data

This research initially necessitates the acquisition of fundamental spatial data about
UGS within the study locale. Consequently, this article employs AOI and POI datasets to
depict the UGS and its adjacent amenities, and amalgamates them for subsequent analysis
via a Geographic Information System (GIS) platform. AOI data, a prevalent form of spatial
data in digital cartography, encompasses essential attributes like name, address, category,
and geographical coordinates. It also includes boundary coordinate information, rendering
it a comprehensive tool for depicting two-dimensional geographic entities on maps. Like
AOI data, POI data provides essential information, including name, address, category,
and coordinates. It is known for its substantial volume, extensive coverage, precision,
and ease of acquisition [70]. Therefore, the utilization of AOI and POI data within the
GIS platform effectively delineates the spatial information of urban UGS and its adjacent
facilities, thereby offering crucial data support for conducting spatial analysis of urban
UGS resources.

Acquiring AOI and AOI data is primarily facilitated through various navigation
platforms, including but not limited to Baidu Maps, Amap, and Google Maps [10,15,20].
For this study, AOI and POI data about UGS was meticulously sourced via the open
API interface of Amap (https://lbs.amap.com/, accessed on 1 October 2023). As China’s
leading electronic map, navigation, and Location-Based Services (LBS) platform, Amap
boasts an average daily active user count exceeding 100 million. This substantial user base
reflects the platform’s extensive reach and utility and corroborates the high quality of its
sample data. This feature has garnered widespread recognition and endorsement within
the academic community (Figure 3).
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3.3.2. UGS Vitality Data Source

In the wake of the relentless advancements in information technology, Baidu, a titan
in China’s internet industry, holds numerous apps and the geospatial big data platform
Baidu Huiyan under its aegis. Baidu Huiyan registers an astounding average of 120 billion
location requests daily, supporting 1.1 billion active hardware devices monthly. Many
scholars have harnessed the potential of the Baidu Huiyan platform, conducting diverse
analyses across several cities in China and establishing the precision and effectiveness
of the platform’s data. This study also taps into the city population geographic big data
platform of Baidu Huiyan (https://huiyan.baidu.com, accessed on 10 October 2023) to
extract real-time population distribution data for Changsha City for 2022. This data is a
derivative of the statistics collated from terminal positioning data that invokes the Baidu
Map Location SDK. Initially, Baidu Map sections the entire nation into 200 × 200 m grids
based on the Baidu Mercator coordinate system (bdmc09), tallying the number of terminals
that engaged the location SDK over a particular time frame (defaulted to one hour on
the platform). Importantly, all stages of data handling have been anonymized, ensuring
individuals’ privacy is not compromised (Figure 4).
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3.3.3. Descriptive Statistics of Key Variables

As shown in Table 1, upon contemplating the independent variables that bear upon the
UGS vitality, we categorize them into three groups: (1) external factors, (2) internal factors,
and (3) landscape factors. External factors primarily pertain to the facilities around the
park, which are capable of ushering in a primary pedestrian flux, such as residential areas,
commercial facilities, subway stations, bus stops, and public service amenities. Because the
principal users of various urban parks hail from the active population or permanent resi-
dents in a specific periphery, previous studies have unveiled a potent correlation between
economic-commercial activities and the intensity of population activities [71–73]. Concur-
rently, it has been discovered that commercial facilities and public service amenities can
significantly influence the vitality of urban parks [74,75]. The ongoing advancement in ur-
ban transportation has underscored the significance of accessibility as a pivotal determinant
of UGS vitality. This rationale has led to including urban public transportation facilities,
specifically subway stations and bus stops, as independent variables in our research. [76].

https://huiyan.baidu.com
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Another significant user demographic for UGS involves the permanent residents in the
surrounding areas, hence their inclusion in our scope of consideration.

Table 1. Reasons for selecting independent variables and crawling keywords.

POI Type Description Crawl Keywords

Internal facilities

Open space Provide activity needs and social space
for different groups of people

Natural scenery, squares, scenic
spots, observation decks, etc.

Sport facilities Increase space usage and attract
sports-loving people Sports facilities

Entrance/Exit Reflection of park accessibility and
connection to surrounding communities Door, entrance, exit

Public toilet Provide parks with comfort and hygiene
levels to attract people Toilet

Business Meet the consumption needs and
diverse needs of visitors

Companies, wholesale markets,
snacks, catering, restaurants, etc.

External facilities

Residential communities Provide a stable source of visitors to
the park

Residential areas, dormitories,
communities, real estate

Transportation facilities Providing parks accessibility Subway, parking lot, bus station

Eateries Extend visitor stay time and increase
visitor social activities Snacks, catering, restaurants

Companies Increase daily users and the diversity of
park uses Companies, offices, etc.

Public infrastructure Increase the number of visitors and
promote interactive communication

Art galleries, museums, cultural
centers, planetariums, etc.

Internal factors encompass: park entrance, open space (like scenic spots, squares
and viewpoints), sports facilities, public toilets and business. The selection of variables
impacting the internal UGS vitality is based on the distinctive participation priorities of
various demographic groups in park spaces and the variable spatial vitality generated by
different facilities within the park. Studies have revealed that sports amenities, such as
sandpits and open fitness facilities, often lure a younger audience, thus contributing to
significant spatial vitality [77,78]. On the other hand, open spaces conducive to socialization,
leisure areas, and commercial zones also foster spatial vitality concentration [74,79,80].

The selection of the search radius for retrieving POI data significantly impacts the accu-
racy of spatial heterogeneity analysis. Both larger and smaller search ranges may result in
discrepancies with real-world situations and potentially compromise the fidelity of overall
distribution. Drawing upon insights from previous research, this study conducted multiple
experiments to determine the optimal search radius values [81–83]. This ensures that the anal-
ysis results retain greater detail and effectively portray the spatial distribution characteristics
of spatial heterogeneity. The search range of each influencing factor is shown in Table 2.

Table 2. Description of the POI’s search radius.

POI Type Number Search Radius

Internal facilities

Open space 413 Internal of UGS
Sport facilities 60 Internal of UGS
Entrance/Exit 200 Internal of UGS
Public toilet 169 Internal of UGS

Business 257 Internal of UGS

External facilities

Residential communities 10,779 600 m
Transportation facilities 525 400 m

Eateries 7125 300 m
Companies 3588 600 m

Public infrastructure 111 600 m

Landscape elements relate to the motivations that drive citizens to visit parks. Gener-
ally, a park is designed around a single theme, but preferences for landscape types vary
across different age groups. For instance, studies have indicated that the needs of older
adults [12,81] and adolescents [82] for park spaces and landscape elements [59] are distinct.
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Environments that inspire a sense of safety all influence spatial vitality [14]. Typically,
urban parks are themed around water or forest sceneries, or a combination of various
themes. However, it is not feasible to directly compare riverside, lakeside, or vegetation
landscapes or quantify multiple coexisting thematic landscape elements. Thus, this study
disregards landscape factors and concentrates on quantifiable internal and external factors
when analyzing UGS vitality.

3.4. Analysis Model
3.4.1. Global Analysis Model

A stepwise regression technique has been employed to address the issue of multicollinear-
ity among the variables. This involves systematically introducing variables; each time a new
variable is added, an evaluation of each of the variables already incorporated into the regres-
sion model is conducted, and those deemed insignificant are removed. This ensures that
every variable within the resulting subset of independent variables carries significance. This
procedure is repeated in numerous steps until no further variables can be incorporated. By this
stage, all variables within the regression model hold significant relevance to the dependent
variable while minimizing the collinearity among factors. The Ordinary Least Squares (OLS)
model is a global regression model, the results are displayed as panel data, representing math-
ematical significance only and excluding the geographic spatial attributes of the explanatory
and dependent variables. The corresponding formula is as follows:

y(i) = β̂0(i) + β̂1X1(i) + β̂2X2(i) + . . . + β̂kXk(i) + ε(i) (1)

In this model, y(i) represents the observed value of the dependent variable at the
ith position, β̂0 is the estimated intercept, Xk(i) denotes the observed value of the kth

explanatory variable at the ith position, β̂k is the estimated value of the kth parameter,
and ε(i) is the random error term, with i = {1, 2, 3, . . . , n}. The OLS model posits that
all variables are spatially constant. Nonetheless, the same variable may not reflect the
same influence due to geographical disparities or environmental variations. Under such
circumstances, the “average value” of all variables, as depicted by the OLS results, may not
apply to specific regions.

3.4.2. Spatial Heterogeneity Analysis Model

Compared to the OLS model, the GWR approach considers the spatial heterogeneity
of variables and presupposes non-smooth spatial fluctuations. At its core, GWR captures
spatial variations by calibrating a multivariate regression model consisting of a set of local
linear models at any number of positions. It allows for different geographic relationships
and “borrowing” data from nearby locations [50,51]. The equation is as follows:

yi = β0(ui, vi) + ∑k βk(ui, vi)Xik + ϵi (2)

In the equation, (ui, vi) are the specified coordinates of observation point i in space; β0
represents the intercept value at location i; βk is the local coefficient for each k explanatory
variable Xik at location i, and ϵi is the random error at that location. As a local regression model,
GWR results heavily depend on selecting criteria for goodness-of-fit. The Akaike Information
Criterion (AIC), renowned for its high level of fit, has been chosen for this study. The bi-square
kernel function is employed to select data borrowing and bandwidth. The reasoning is twofold:
firstly, the nearest neighbor definition of proximity is more stable for irregular spatial sampling;
secondly, the interpretation of the bi-square kernel function is that the bandwidth is the number
of nearest neighbors, and any data beyond the bandwidth has zero impact on the observation
point [23]. Minimizing the corrected Akaike Information Criterion (AICc) allows us to select the
optimal bandwidth parameter, which balances model variance and bias [50].

When examining the factors that influence the spatial vitality of urban parks, GWR
applies a uniform bandwidth to multiple variables for search computations. However,
different influencing factors and activities pertain to different spatial scales. The MGWR
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improves upon GWR by allowing varying bandwidths to study relationships instead of the
same bandwidth across the entire research area. This approach allows for better capture of
independent variables’ spatial heterogeneity and reduces parameter estimation errors [38].
The formula is as follows:

yi = ∑k
j=1 βbwj(ui, vi)xij + ϵi (3)

where bwj signifies the bandwidth of the jth variable estimated using the bi-square kernel
function, βbwj(ui, vi) stands for the MGWR estimate at the location (ui, vi), and ϵi is the
random error term. MGWR calibrates via a back-fitting algorithm, with the bandwidth
selection criterion being the Akaike information criterion, which is consistent with GWR.
As suggested by Yu et al., the bi-square kernel function is chosen as the optimal bandwidth
for independent variables in MGWR, given the usage of the GWR model as the basis [84].

The back-fitting algorithm is typically utilized to calibrate generalized weighted
models, assuming that all other terms are known and calibrating each term in the model
more smoothly [24]. The convergence criterion for the MGWR back-fitting algorithm is the
residual sum of squares (RSS). The formula follows:

SOCRSS =

∣∣∣∣RSSnew − RSSold
RSSnew

∣∣∣∣ (4)

where SOCRSS is the convergence criterion, RSSnew represents the residual sum of squares
calculated from the previous step, and RSSold stands for the residual sum of squares
calculated for the next step.

4. Results
4.1. UGS Vitality Analysis

In this study, the measurement of urban park vitality is predicated upon in-park check-in
data. Specifically, three representative time points for check-ins were selected, and the data from
these time points were superimposed to indicate the park’s vitality for that day. This approach
accounts for the utilization of the park during different periods, and can more comprehensively
reflect the level of activity within the park. Furthermore, to obtain a more stable and reliable
measurement of park vitality, the data were aggregated over seven consecutive days to yield
a weekly measure of park vitality. This method of continuous superposition mitigates daily
fluctuations. It captures the trend of park vitality over time, providing adequate data support
for analyzing the spatial heterogeneity of urban park vitality.

Considering the climatic conditions of Changsha City, this study identified three
pivotal time points (9 a.m., 1 p.m., and 7 p.m.). By employing superposition analysis on
these temporal datasets, the fundamental vitality distribution of parks in Changsha City
was computed (Figure 5).

The findings of this investigation elucidate pronounced spatial heterogeneity in the
vitality of urban parks within Changsha City. Specifically, parks west of the Xiangjiang
River near commercial and residential developments manifest heightened vitality levels.
Moreover, the University Town precinct, notably West Lake Park, a hub of dense student
population, demonstrates robust vitality. Comparatively, parks in the northwest region
exhibit notably diminished vitality compared to their counterparts in the southern region
west of the Xiangjiang River. This disparity is primarily attributable to the predominant
presence of industrial parks in the northwest and its relatively later stage of development.

Further analysis indicates that the vitality of park spaces in the eastern Xiangjiang area
could be much higher. Moreover, as the developmental focus of Changsha City is primarily
directed towards the area west of the Xiangjiang River, the population density surrounding
parks in the eastern sector of the Xiangjiang River, except the central urban area, needs to
be more extensive. This demographic distribution significantly contributes to the overall
low vitality observed in the parks of this eastern region.
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4.2. Statistical Tests

As shown in Tables 3 and 4, the global model generated a high R2, thereby substanti-
ating that a significant proportion of park vitality can be elucidated by the independent
variables chosen in this study. All VIF values of the elected independent variables are below
7.5, suggesting an absence of prominent collinearity problems among the independent
variables. Given the study’s relatively small number of observation points (n = 65), a t-test
was used to ascertain statistical significance. A t-test value of 1.96 was established. The
findings demonstrate that only the internal commercial facilities of the UGS exhibit statisti-
cal significance. The relative lack of statistical significance could be attributable to spatial
heterogeneity, manifesting in inconsistent internal and external facilities across parks of
divergent types, regions, and sizes. Moreover, the primary audience attracted by each park
varies, leading to a reduction in statistical significance. A review of the aforementioned data
reveals that the most influential factor with statistical significance is the internal commercial
facilities of the park, showing a robust positive correlation with park vitality. Following this
are the UGS’s internal sports facilities and external public buildings. Conversely, the most
significant negative correlation factor is the open space facilities within the UGS, trailed by
the park’s external transport facilities and dining establishments.

Table 3. OLS analysis result.

Variable Coefficients p-Value t-Value VIF

Intercept 112.44 1.00 1.43 n/a
Internal Facilities

Open space −16.50 0.065 −1.86 3.82
Sports facilities 25.16 0.445 1.16 1.96
Entrance/Exit 15.94 0.551 0.607 5.89
Public Toilet 27.69 0.391 0.96 7.11

Business 35.77 0.001 ** 3.89 4.00
External Facilities

Residential communities 1.67 0.111 1.53 3.05
Transportation facilities −3.73 0.827 −0.19 2.78

Eateries 1.17 0.460 0.70 2.77
Companies 1.56 0.451 0.74 1.72

Public infrastructure 19.65 0.293 1.29 1.87
** Correlation is significant at the 0.01 level.
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Table 4. Comparison of three analysis models.

OLS GWR MGWR

R2 0.745 0.854 0.854
Adjust R2 0.698 0.794 0.801

AIC 117.601 98.477 95.383
AICc 125.601 116.369 110.270

4.3. Spatial Heterogeneity Analysis of Impact Factors

This investigation has implemented three statistical methodologies, namely OLS, GWR,
and MGWR, to analyze the intricate relationship between UGS vitality and a spectrum
of internal and external determinants (Table 4). These models allow us to dissect the
research problem from varying angles and granularities, thus bestowing us a more holistic
understanding of the factors shaping park vitality and their corresponding impact levels.
The findings from each model will be meticulously dissected in the following in-depth
analyses to decipher the implications and influences of these results for the research into
park vitality and the practical sphere of UGS planning.

The OLS results operate on the premise that the influence of independent variables
on the static state of park vitality within the research locale is acknowledged. However,
in the context of spatial heterogeneity, the implementation of GWR was chosen for our
investigation. In comparison to the OLS model, which yielded an R2 of 0.745 and an
AIC of 117.601, the GWR model enhanced the R2 to 0.854 and reduced the AIC to 98.477.
Moreover, the MGWR model, transcending the fixed bandwidth constraints of GWR, is
also incorporated into this study. Despite no change in its R2 the adjusted R2 ascended
from 0.794 in GWR to 0.801, coupled with a decrease in AIC from 98.477 in GWR to
95.383. The GWR model, vis-à-vis the OLS model, furnishes a more nuanced picture by
augmenting model fitting and minimizing the information criterion, thereby unveiling
potential divergent relationships between park vitality and its influencers across varying
geographical locations. The MGWR model, surpassing the limitations of GWR, designates
the optimal bandwidth for each explanatory variable individually, facilitating a more
detailed examination of the spatial heterogeneity of each influence factor. Hence, on the
whole, MGWR emerges as more befitting for the research at hand.

Table 5 reveals a notable discrepancy in bandwidth search between the internal com-
mercial facilities of parks and the residential neighborhoods, whereas the bandwidths for
other impact factors remain identical. This could suggest that in the research area, the inter-
nal commercial facilities of parks and the facilities in residential neighborhoods external
to the parks exhibit a more significant density difference compared to other independent
variables, necessitating different bandwidths for processing. Given the slight bandwidth
difference between MGWR and GWR, their adjusted R2 value and AIC differences are
similarly minimal. However, this still sufficiently demonstrates the superior applicability
of the MGWR model to this study.

Table 5. Both MGWR and GWR rely on adaptive bandwidth for their calculations.

GWR MGWR

Internal Facilities
Open space 63.000 62.000

Sports facilities 63.000 64.000
Entrance/Exit 63.000 64.000
Public Toilet 63.000 62.000

Business 63.000 45.000
External Facilities

Residential communities 63.000 51.000
Transportation facilities 63.000 64.000

Eateries 63.000 64.000
Companies 63.000 64.000

Public infrastructure 63.000 64.000
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4.3.1. Internal Factors

The spatial distribution of the estimated coefficients of the internal variables selected
is depicted in Figure 6, where different colors represent the impact of various factors on the
vitality of UGS. From the results of the MGWR model, the internal influencing factors show
significant regional differences in their impact on the vitality of Changsha’s UGS; that is,
spatial non-stationarity exists.
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(b) public toilet; (c) business; (d) sport facilities; (e) open space.

Looking at the results of each influencing factor, these variables show spatial hetero-
geneity in their impact on UGS vitality in different regions. For example, business and
public toilets positively correlate with the dependent variable. In contrast, open space has a
negative correlation with UGS vitality. In addition, the effects of sports facilities, entrances,
and exits on vitality show similar trends, with significant differences in spatial distribution.

In terms of the influence of internal business on UGS vitality, the southwestern region
demonstrates a stronger positive correlation compared to the central urban and northeastern
areas. Due to the relatively recent development of Changsha County in the northeast region,
the divergent trends between the southwestern and northeastern sectors suggest that urban
parks in the southwest area of Changsha are more effective at attracting visitors and stimulat-
ing park vitality through their business, like catering and commercial features. Interestingly,
data indicates that the presence of public toilets, which also positively correlates with urban
park vitality, exerts a significantly more substantial impact in the northeastern and central city
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regions than in the southwestern region, signifying that the influence of public toilets on park
vitality contrasts starkly with that of business on spatial vitality.

The effects of sports facilities and entrance–exit points on urban park vitality do not exhibit
a uniformly positive correlation across different spatial distributions. For example, sports
facilities mainly promote the park’s vitality in the central area along the Xiang River in eastern
Changsha. As they move away from the Xiang River, their effects tend to decrease. However,
the beneficial impact of entrance and exit points on enhancing the vitality of UGS is mainly
reflected in the northwest area of Changsha, which gradually decreases from north to south.

4.3.2. External Factors

In the context of external indicators (Figure 7), our analysis identified three significant
factors—the presence of external public facilities, residential communities, and nearby
companies—all of which predominantly demonstrate a positive correlation with the vitality
of UGS in Changsha City. Regarding the impact of external transportation facilities on
park vitality, although they have a common inhibitory effect on vitality, their spatial
distribution differs from that of external catering facilities and enterprises. The influence
in the Northeast is significantly more potent than in the central city and southwest. In
addition, residential community factors have the most substantial impact on park vitality,
with the overall pattern showing a high in the west and a low in the east.
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5. Discussions

A deep understanding of the interplay between the vitality of UGS and their associated
influencing factors bears considerable relevance for our nuanced appreciation of urban
development and its “micro” environmental contexts. Notably, existing investigations focus
on the holistic vitality of urban green spaces, often neglecting the spatial non-stationarity
of their influential factors. Consequently, these studies generally employ an “average” to
represent the weight of the influencing factors on the vitality of a city’s green spaces, be
they comprehensive, specific, or regional, thereby suggesting updated strategic approaches.
However, shifts in the surrounding milieu may render the results derived from global
models inapplicable to particular parks. This critical observation underpins the motivation
for exploring the spatial heterogeneity of the factors affecting park vitality.

5.1. Accuracy Improvement of UGS Vitality Assessment

The use of MGWR necessitates an extensive amount of observational point data, and
its integration with network information big data can maximize the advantages inherent in
each. On the one hand, alongside economic and societal advancement, the utilization of
mobile phones and their social applications is on the rise. The spatial vitality, represented
as a dependent variable, is quantified by the count of individuals accessing the network
within a given area, providing a more realistic representation of spatial vitality [85]. On
the other hand, POI data with spatial location enables an effective enumeration of spatial
vitality influencing factors within the research boundary. Consequently, the employment of
MGWR to compute and scrutinize big data with spatial location attributes is predicted to
yield superior fitting outcomes compared to both global and GWR models. This assertion
has been corroborated across various disciplines [39–41].

This investigation employs a suite of analytical models, namely the OLS, GWR, and
MGWR, to meticulously probe the intricate nexus between park vitality and an array of
intrinsic and extrinsic determinants. It entails a comparative evaluation of the UGS activity
simulations yielded by these distinct models. The MGWR model distinguishes itself by
exhibiting heightened sensitivity to spatial heterogeneity and robust multi-scale analytical
capabilities within this analytical framework. These attributes contribute substantially
to the enhancement of model fitting and precision. This enhancement is quantitatively
evidenced by a marked increment in the adjusted R2 value, which ascends to 0.801, and
a concurrent reduction in the AIC to 95.383, thereby affirming the superior performance
of the MGWR model over its OLS and GWR counterparts in capturing the dynamics of
UGS vitality.

The MGWR model’s prowess lies in its capacity to discern and elucidate nuanced
disparities in the spatial distribution of diverse influencing elements, including, but not
limited to, internal commercial amenities within parks and adjacent external real estate
developments. This capability accentuates the regional specificity and local nuances of
these variables. By meticulously calibrating the optimal bandwidth for each explanatory
variable, the MGWR model transcends the mere representation of spatial heterogeneity in
park vitality. It profoundly augments the model’s proficiency in elucidating and predicting
park vitality’s spatial dynamics. Consequently, given its pronounced efficacy in unraveling
complex spatial interrelations and elevating simulation precision, the MGWR model is un-
equivocally validated as the preeminent methodological choice for this research endeavor.

This study takes Changsha, China as a case to explore the spatial heterogeneity of
urban park vitality and its influencing factors. Interestingly, from the perspective of spatial
heterogeneity, the findings of this study are consistent with the results of research in other
regions of the world, such as sports facilities in Melbourne parks [86], commercial facilities
in Shanghai parks [87], sports facilities and open spaces in Singapore studies [77], and
public transportation in Seoul studies [88]. However, this study breaks through the scale
limitations of traditional research, allowing for a more precise description of the differences
in park vitality and its influencing factors in different urban areas. Additionally, the
vitality of parks in Changsha and their influencing factors are significantly impacted by
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economic activities, which contrasts sharply with characteristics such as racial segregation
in the United States [67], immigration issues in European cities [68], or urban expansion
in Australia [69], reflecting the specificity of this study. Nevertheless, the universality is
manifested in that the vitality of parks and their influencing factors in different regions all
exhibit variations due to social, racial, economic, cultural, and other factors. Therefore, this
study not only provides profound insights into the spatial heterogeneity of park vitality in
Changsha but also offers important references and inspirations for other regions studying
the spatial heterogeneity of park vitality and its influencing factors.

Overall, the determinants influencing urban park vitality do not manifest uniform
impacts across disparate spatial domains [89,90]. In the context of the evolving urban
and economic landscape, examining elements influencing urban park vitality necessitates
the incorporation of dynamic perspectives. The MGWR model, in comparison to its
counterparts, is particularly adept at capturing the spatial non-stationarity inherent in
factors affecting urban park vitality. It comprehensively accounts for spatial heterogeneity,
thereby facilitating the attainment of simulations more aligned with empirical realities.
This nuanced approach ensures that the model reflects the spatially variable nature of
influencing factors and underscores the dynamic interplay of these factors within the urban
fabric, resulting in a more nuanced and authentic representation of UGS vitality.

5.2. Effect of Urban Spatial Structure on the Heterogeneity of UGS Vitality

Considering the urban spatial structure, the trajectory of commerce and sports facilities’
development in Changsha City has been profoundly dictated by its inherent geographical
conditions.

Traditionally, Changsha’s bustling commercial zones have predominantly unfurled
along the banks of the Xiang River. As the ancient city walls were dismantled and large-scale
road infrastructures were erected in modern times, there was a notable southeastward shift
and expansion of the city’s area and populace. This shift became particularly pronounced
post-2000, with the urban residential areas gradually moving eastward following the
successful completion of the Wuyi Avenue expansion project. The current urban planning
strategy, an iteration of the 2014 blueprint, revolves around the “Wuyi square” central
axis and multiple auxiliary centers evolving synchronously. This strategic approach has
given rise to mature urban sections like Yuelu University Science and Technology City and
Huangxing Commercial Sub-center.

Under this framework, the western region is home to a cluster of universities, a pre-
dominantly young and middle-aged demographic, and comprehensively outfitted campus
sports facilities. Conversely, the eastern region leans heavily towards commercial shopping,
fostering a vibrant tourism economy with commercial streets densely interspersed. This
stark contrast in the business orientation and demographic profile of Changsha’s Xiang
riverbanks prompts noticeable discrepancies in the impact and correlation of the internal
metrics on the vitality of the city’s eastern and western divisions. This nuanced observation
underscores the heterogeneous nature of UGS preferences across different city regions.

The results unveiled by the MGWR bolster a trend wherein the variables under
study depict pronounced heterogeneity in their influences on urban park vitality across
spatial distribution, with each singular variable showcasing a clear linear trend within the
urban spatial distribution. For instance, dining and shopping positively correlate with
urban park vitality, with their influence intensifying from northeast to southwest in spatial
distribution—a pattern echoed by other metrics. This insinuates the crucial role of urban
location in impacting the efficacy of dependent variables on park vitality, thus underlining
that any renewal strategies for Changsha’s UGS must prioritize the variability of a single
factor’s influence on park vitality across diverse regions.

These results likely arise from differences in population demographics, economic
composition, and transportation conditions among varying regions. For instance, Changsha
exhibits a balanced pattern in the city center, with stark job-residential separation in the city
outskirts [91]. The westward Yuelu District has universities, implying a broad educational
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distribution. The eastern Furong District—hosting Wuyi Square, Yuanjialing, and the
railway station also presents its commercial structure’s highest concentration of large-scale
integrated shopping centers. Such findings further underline the significance of examining
spatial heterogeneity in UGS usage for subsequent construction.

5.3. Heterogeneous Differences in Factors Affecting UGS Vitality

The analytical outcomes derived from the MGWR model’s assessment of factors
impacting UGS vitality are comprehensively tabulated in Table 6. Notably, within the
ambit of internal indicators’ influence on vitality, open spaces predominantly correlate
negatively with the vitality of urban green spaces in Changsha City. This finding diverges
from established research paradigms yet does not inherently contradict other scholarly
works that identify a positive linkage between open spaces and spatial vitality. In this
context, ‘open space’ pertains to areas within urban parks designated for activities such
as rest, social interaction, and other quotidian engagements, encompassing plazas, open
grasslands, and sheltered bridges. Prior research predominantly pivots on the premise
that open spaces foster interpersonal interactions and pauses, concluding a psychological
experiential perspective. While prevailing studies advocate that open spaces are instrumen-
tal in attracting individuals, the empirical observations in actual park design suggest that
an overabundance of open spaces may inadvertently lead to the dispersal of individuals,
thereby attenuating the vibrancy of these spaces. This phenomenon aligns with the insights
garnered from previous scholarly investigations [75].

Table 6. Summary statistics for MGWR parameter estimates.

Variable Mean STD Min Median Max

Intercept 0.000 0.015 0.026 −0.004 0.040
Internal Facilities

Business 0.514 0.175 0.158 0.595 0.674
Open spaces −0.280 0.034 −0.328 −0.284 −0.206

Sports facilities 0.048 0.017 0.014 0.046 0.083
Entrance/Exit 0.091 0.017 0.055 0.090 0.119
Public Toilet 0.183 0.030 0.146 0.175 0.251

External Facilities
Residential communities 0.364 0.122 0.183 0.370 0.572
Transportation facilities −0.179 0.042 −0.238 0.187 −0.097

Eateries −0.026 0.025 −0.065 −0.027 0.017
Companies 0.133 0.023 0.090 0.135 0.163

Public infrastructure 0.172 0.013 0.145 0.173 0.192

Contrastingly, amenities such as catering and commercial facilities serve as focal points
for congregation, thereby amplifying the density of spatial vitality. This phenomenon un-
derpins the observed positive correlation between indicators of catering businesses and
park vitality in internal assessments. A noteworthy observation from the study is the
predominantly positive correlation between the selected dependent variables and the north-
eastern quadrant of the study area. This pattern may be intricately linked to the temporal
dynamics of urban development. Relative to the central urban core and the southwestern
district, the northeastern sector is a later entrant in urban evolution, characterized by
comparatively lower population density and infrastructural development. This area’s bur-
geoning demographic, fueled by urban–rural migration and the swift expansion of suburbs
and emergent towns, has precipitated an escalating demand for multifunctional UGS. This
trend underscores the heightened necessity for amenities within parks, resonating with the
community’s evolving requirements. The observed correlation suggests that the internal
park facilities, as delineated in the study, play a pivotal role in catalyzing the vitality of
green spaces in the northeastern region. The research findings imply that the construction
of internal indices, as conceptualized and implemented in this study, is instrumental in
nurturing and enhancing the vibrancy of local green spaces, particularly in the burgeoning
northeastern areas, thereby underscoring the efficacy of strategic amenity placement in
fostering dynamic and lively UGS.
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Previous research hinged on the notion that open spaces stimulate interpersonal in-
teraction and dwell time, emphasizing psychosocial perception-based results [27,59,79].
Despite the conventional wisdom that open spaces effectively draw crowds, actual park
development with a surplus of open spaces could lead to an overdispersion of individuals,
suppressing vitality and aligning with prior investigations [75]. Conversely, dining and
commercial facilities that can effectively concentrate people and elevate spatial vitality
density may explain why such indices positively correlate with park vitality internally [74].
Notably, the selected dependent variables generally correlate positively with the northeast-
ern region, potentially linked to its developmental timeline. Relative to the central and
southwestern districts, the northeast experienced delayed development, with its popu-
lation density and infrastructure level being relatively low. However, with the surge in
urban-rural migration in recent years, rapidly expanding suburbs and newly developed
towns face an escalating demand for multifunctional UGS.

Consequently, the higher demand for UGS infrastructure among participants sug-
gests that the selected internal metrics could effectively kindle green space vitality in
the northeastern region. As observed from the external factors, the vitality of UGS in
Changsha City predominantly hinges on elements such as public infrastructure, external
eateries, housing communities, and companies. This observation aligns seamlessly with
prior studies [87,92,93], reiterating that residents from neighboring communities and cor-
porate personnel persist as the primary contributors to UGS. Particularly in the northeast,
the presence of companies significantly bolsters vitality. This might be attributed to this
region’s dense concentration of industries and vocational institutions, where personnel
from surrounding companies form a crucial segment of UGS participants.

Concurrently, the south witnesses a notable concentration of municipal public infras-
tructures, contributing more significantly to UGS vitality. While transportation facilities
seemingly exert a suppressive impact on UGS vitality across all areas, their inhibitory influ-
ence is comparatively less pronounced in the northeast, indicating the indispensable nature
of public transportation facilities, such as subway stations, particularly for urban parks
farther from the city center. The suppressive role of transportation facilities on UGS vitality
can be deciphered from the spatial patterns of Changsha’s job–housing distribution, which
is marked by significant commuting distance and time disparities. With a high frequency
of population movement and dense residential communities, especially in the southwest,
which has a dearth of office facilities, the problem of job-housing segregation becomes
pronounced. This intensifies the commuting pressures on residents, thereby triggering a
negative impact on park vitality—an effect most conspicuous in the southwest. Conversely,
in the southeast and northeast regions, public infrastructure and businesses have effectively
addressed local employment concerns, thereby centralizing job-housing and minimizing
the impact of commuting.

In summary, findings from the MGWR study underline the considerable spatial vari-
ations in how the chosen independent variables influence the vitality of UGS. From an
urban developmental history perspective, the increasing urban migration and peripheral
expansion have amplified the differential manifestations of urban population characteris-
tics, economic conditions, and transportation facilities across various urban regions. These
evolving regional disparities and urban growth have resulted in heterogeneous park space
needs, further echoed in the diverse promoting effects of different built environment indica-
tors on UGS vitality. The diversity of parkgoers and the evolving nature of the surrounding
built environments necessitate a fresh evaluation of the varied roles of different indices in
stimulating park vitality during the construction of urban parks in diverse regions.

6. Conclusions

This study innovatively utilizes the MGWR model and multi-source big data, includ-
ing Baidu Huiyan vitality data and Amap geospatial data, to investigate the spatial vitality
of urban green spaces at the city scale. The research reveals marked spatial heterogeneity in
factors influencing park vitality across diverse urban sectors, providing insights into intri-
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cate spatial patterns and dependencies between park vitality, residential communities, and
commercial amenities. This methodological advancement beyond traditional frameworks
enhances precision in assessing UGS vitality, offering valuable guidance for urban planners
and policymakers. The study highlights the importance of recognizing and incorporating
spatial heterogeneity in urban park planning, catering to dynamic urban evolution and
economic development levels.

Furthermore, the methodologies and outcomes of this study hold considerable im-
portance for park planning in Chinese urban centers, particularly Changsha, and offer
novel perspectives and tools for investigating park vitality in other international cities. By
examining the characteristics and determinants of park vitality across various countries
and regions, this research contributes to a deeper comprehension of the global patterns
and regional disparities in urban green space vitality. Consequently, it provides valuable
references for planning and managing urban green spaces worldwide.

The research highlights factors influencing UGS vitality, both internal and external
facilities, in Changsha’s case study. These factors exhibit non-uniform spatial distributions,
such as eateries impacting more from the northeast to the southwest, while sports facilities
show an east–west divergence. The MGWR model outperforms traditional ones, offering
nuanced insights for tailored UGS strategies. The study suggests prioritizing multifunc-
tional UGS in Changsha’s northeast for enhanced vitality, emphasizing minimal influence
from augmenting transportation infrastructure. A customized approach is advocated for
addressing specific human resource needs in different areas.

The limitations of our study primarily stem from potential inaccuracies in spatial
vitality data due to errors in data location features and potential underrepresentation of
particular demographic groups, notably older people and children. There is a recommenda-
tion to explore and implement novel data collection methods to address these limitations
in future research. Such efforts aim to ensure a more comprehensive and representative
dataset, ultimately enhancing the precision of UGS updates, fostering improved park
environments, and contributing positively to urban dwellers’ overall quality of life.
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