
Citation: Zhang, P.; Zhang, T.;

Fukuda, H.; Ma, M. Evidence of

Multi-Source Data Fusion on the

Relationship between the Specific

Urban Built Environment and Urban

Vitality in Shenzhen. Sustainability

2023, 15, 6869. https://doi.org/

10.3390/su15086869

Academic Editor: Jian Feng

Received: 25 February 2023

Revised: 14 April 2023

Accepted: 18 April 2023

Published: 19 April 2023

Copyright: © 2023 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

sustainability

Article

Evidence of Multi-Source Data Fusion on the Relationship
between the Specific Urban Built Environment and Urban
Vitality in Shenzhen
Pei Zhang 1,2 , Tao Zhang 1,* , Hiroatsu Fukuda 2 and Moheng Ma 3

1 Innovation Institute for Sustainable Maritime Architecture Research and Technology, Qingdao University of
Technology, Qingdao 266033, China; ppppzhangpp@hotmail.com

2 Faculty of Environmental Engineering, The University of Kitakyushu, Kitakyushu 808-0135, Japan;
fukuda@kitakyu-u.ac.jp

3 Graduate School of Architecture, Planning, Columbia University, New York, NY 10027, USA;
mm5743@columbia.edu

* Correspondence: zhangtao841120@163.com; Tel.: +86-159-5489-8078

Abstract: Urban vitality is the key element of sustainable urban development. This paper aims to
explore the relationship between urban vitality and the existing built-up environment of the city
of Shenzhen. The regression models with multi-source geographic datasets from 2021–2022 were
applied to assess Shenzhen in three dimensions: economic, social, and cultural. The results show
that Shenzhen’s vitality originates from multiple popular centers. Dense road networks, abundant
transportation, and commercial, recreational, entertainment, sports, and leisure facilities are positive
indicators of vitality, while urban villages and residential areas have the opposite effect. The model
can explain 59% of vitality changes. This paper proposes a quantifiable and replicable adaptation
framework for urban villages that combines urban form with data vitality assessment in order to
deepen our understanding of urban villages and offer theoretical justifications for long-term urban
regeneration. The findings also suggest that spatial differences should be taken into account when
formulating urban regeneration responses to make them more targeted. Overall, this paper provides
valuable insights for urban planners, policymaker and researchers interested in promoting sustainable
urban development through vitality-based urban regeneration.
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1. Introduction

With the period of rapid urban growth that began with the reform and opening-up
in the 1970s approaching a gradual end, China’s urban development has shifted from
incremental development to stock development with urban renewal as a major form [1].
China’s urban construction has experienced a rapid development phase during its period
of economic reform. However, the lack of standardization in the rapid urbanization
process represented by urban sprawl alone makes it difficult to support sustainable urban
development. In addition, China’s governance has shifted from an economy-centric to
a people-centric approach [2]. New social issues have arisen from high-density urban
development and highly concentrated populations. The strategies to tackle them have
become the focal point of discussion among today’s urban managers, urban planning
professionals, and urban research scholars [3]. In this paper, we will discuss urban vitality,
which is one of the key objectives of sustainable development and urban renewal design.

Urban vitality is receiving increasing attention in the context of the gradual abandon-
ment of rough urbanization and the increasing demand for high-quality of urban space [4].
Prior studies on urban vitality have mainly mostly used qualitative analysis and concen-
trated on the economy and competitiveness of cities. As a result, they suffer from internal
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differences between processing levels, big data information, and selected indicators; the
validity of the analysis is also deficient. The evaluation results are inevitably constrained
or even biased. Moreover, most studies have focused on relatively mature and developed
urban cores with high building and population densities, such as central business districts,
subway stations, and shopping malls [5,6]. These studies related to urban form and vitality
have emerged to reflect the relationship between the physical environment and social life
at a macro level. For example, Jin’s study of the vitality of residential projects in old and
new urban areas in China found that new urban projects contribute negatively to higher
levels of vitality due to their much lower density of junctions, POIs, and LBS [7], while
Chen suggests that the classification of road networks has a positive effect on the prediction
of vitality to some extent [8]. The space for small food facilities greatly influences urban
vitality; POI can visualize the function, vitality, and development of individual urban
areas [9]. However, the vitality in urban village areas, which are also extremely dense and
have different spatial expressions, has been less discussed.

Rapid urbanization without proper urban planning has directly led to the emergence
of “urban villages.” The unique morphological characteristics of urban villages are often
referred to as fragmented, densely populated, poorly facilitated, and functionally homo-
geneous in spatial forms; these areas are far from being considered as vibrant. Urban
villages, with its low rents and high inclusiveness, have accommodated many floating
populations that continue to enter the city to work and reside as transitional spaces [10].
The high-density informal living space is accompanied by many problems in environment,
safety, and social equity [11,12]. The unmanaged growth and untreated problems and
challenges have resulted in chaotic spatial structures and loss of spatial identity [13].

In the past few decades, urban villages have been the main target of urban renewal
in Shenzhen. The renewal methods have changed from large-scale demolition and con-
struction to micro-renovation and micro-renewal; thus, the vitality and potential of urban
villages have slowly emerged. The social evaluation on urban villages has gradually be-
come objective rather than a one-sided negative event [14]. Before 2009, urban villages’
primary regeneration strategy consisted of extensive deconstruction and construction [15].
Most redevelopment projects have expelled floating populations and adopted the high-
rise tower type with few native characteristics [16], gradually losing the unique urban
landscape, historical and cultural connotations, and vitality of the previous urban villages.
Few researchers have paid attention to the urban form indicators included in urban vil-
lages [17,18], neglecting the role of urban villages as a product of informal urbanization in
the built environment. [19]. The street space of villages in the city carries a highly complex
commercial layout pattern, accommodates a variety of daily life behaviors, and reflects the
unique spatial vitality [10,20]. Urban villages provide affordable housing for migrants, and
include affordable public services and an urban environment that provides the employment
opportunities for migrants [21].

Urban form is a sophisticated economic, cultural, and social phenomenon. It is the
overall imagery of the city that is perceived and reflected by people in various ways. Urban
morphology divides the urban built environment into interrelated and interdependent
components such as buildings, streets and blocks [22]. In the book “Creating a vibrant
urban center,” Pamir proposes that location, size, planning, and design are the practical
factors that make public places prosperous and vibrant [23]. Therefore, it is important to
investigate how social and physical environmental factors, such as building size, land use,
and road network density, affect urban vitality [1].

Big data has recently gained popularity as a research tool. Research techniques
based on big data evaluate urban vitality from the perspectives of built environment
and population density and have gained widespread acceptance [8,24]. It also makes it
possible to develop data-based urban development policy support systems [25]. From
the perspective of research methods, the development of massive geospatial data makes
it possible to more accurately describe the urban form of urban villages. Regarding the
approach used to determine the connection between urban vitality and form, the ordinary
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least squares (OLS) regression model is the most widely used due to its simplicity and
interpretability. However, it ignores the spatial dependence of regional data. More scientific
models and methods are needed to describe this relationship.

In order to comprehend the relationship between built environment components and
vitality at the block level, this study addresses the research opportunities and flaws previ-
ously described. The main contributions of this paper are as follows: (1) from an integrated
perspective of urban morphology, the multi-level characteristics of the built environment
are comprehensively delineated and three level metrics are designed, including formal
elements, functional elements, and atypical urban spatial elements; (2) three dimensions of
economic, social, and cultural data are used to quantify urban vitality, minimizing the bias
caused by a single indicator; (3) four regression models are used to explore the relationship
between built environment and vitality in a step-by-step analysis; and (4) it is proposed
that highly developed urban centers and underdeveloped urban peripheries should have
different strategies for enhancing vitality in urban regeneration.

The rest of the paper is organized as follows: Section 2 reviews relevant research
on urban form and urban vitality measurement: Section 3 describes the study area, data
sources, and data management process; Section 4 describes the research methodology;
Section 5 analyzes the results; Section 6 discusses the results and describes limitations and
future research; and the final section summarizes the conclusions.

2. Literature Review
2.1. Urban Vitality

The historical context of urban vitality dates back to the early 20th century when cities
began to experience rapid growth and development. Vitality is expressed in urban lifestyles,
such as bustling streets and a variety of lively activities [26]. Jacobs first defined urban
vitality as the diversity of the living environment, which includes interactions between
people and the environment [27]. Montgomery emphasized that it was possible to plan and
design vibrant cities through the principles of urban form, activity, street life, and urban
culture. He argued that mixed use, accessibility, human scale, block density, adaptability,
and permeability will facilitate the interaction between architecture and street activity [28].
As cities grow, social problems, such as overcrowding and environmental damage, appear.
In the 1980s and 1990s, urban regeneration emerged in the context of urban revitalization
and the focus shifted to improving the livability and attractiveness of urban areas [29]. The
social dimension of sustainable urban development manifests itself in cities with highly
developed human interaction, information transfer, and cultural prosperity, which are
characterized by stability, equity, and dynamism [30]. Although urban areas have faced
numerous challenges over the years, the creation of habitable and sustainable cities has
benefited from the idea of urban vitality.

Human activity is essential to urban planning and governance [31]. Urban vitality is
the foundation of urban evolution and the driving force of urban development [32]. Urban
vitality is receiving increasing attention from professionals [6]. The contribution of urban
form to urban vitality has become the most common consensus among urban planners [33].
The vitality of the city is the implicit and diverse soft force of the society, which is a
multidimensional complex system. Urban vitality is influenced by a variety of physical
and social characteristics. The content of vitality description can be roughly divided
into two aspects. One aspect is the vitality behavior itself, such as crowd performance,
crowd size, density, activity type, and activity duration. The second aspect is providing
a space for activities, which is directly tied to the city’s built environment. Space itself is
inactive; however, different spaces will guide and stimulate dynamic behaviors, reflecting
the spatiotemporal distribution of dynamic behaviors.

In general, scholars concentrate on the microscopic manifestations of urban vitality,
particularly the geographic dispersion of individuals and their financial, cultural, and
social activities. Compared with traditional methods, big data is good at recording and
analyzing human activity trajectories and communication methods and then exploring
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the characteristics and laws behind them. The core of urban vitality is tied to the ongoing
interaction of urban society, which is intimately related to human activities and move-
ment [34]. Population density can reflect the vitality of a region and is usually measured
by data from location-based services (LBS), including cell phone signaling [1], GPS, and
Baidu Heat Index, to directly represent the vitality of the city [24,35]. Commentary websites
and apps are interactive platforms that integrate merchant information and consumers’
feedback. This information covers areas such as food services, shopping, entertainment
and recreation, and living services. It information can well reflect economic vitality [36].
In addition, data in social media can also reflect the distribution of vitality (Sina Weibo
check-in data, Twitter, etc.) [35,37]. Moreover, data from bus credit card, taxi, shared bike,
and location-based food and beverage reviews are widely used to assess urban vitality [37].

In order to obtain a comprehensive description of vitality, some scholars have com-
bined relevant indicators with entropy methods to provide a basis for a comprehensive
multi-indicator evaluation [38]. For example, Feng et al. used entropy methods to obtain an
assessment of urban vitality by analyzing data from 35 cities [39]. Entropy weight method
is an objective method that considers the distribution of values. According to the definition
of information entropy, entropy value can be used to determine the degree of dispersion
of an indicator. The dispersion of the indication increases with decreasing entropy value,
while the weight of the indicator’s influence on the total evaluation increases.

2.2. Urban Vitality and Urban Built Environment

At its core, urban vitality is constantly related to social interactions in cities [34],
while the built environment is the place where social interactions take place. Based on the
measurement of urban vitality, the researcher further quantitatively explores the impact of
characteristics of the built environment, such as location, functional mix, and density on
urban vitality [1,9,40,41]. Data on points of interest (POI) describe the built environment
that supports human activity and is often used to measure the density and diversity of
facilities [1]. Commonly employed as urban vitality, the density of points of interest is often
complemented by other measures [7]. Some studies have argued that urban vitality can
be measured by food and beverage facilities [4,6]. They argue that the survival of food
and beverage businesses relies on a large and active footfall and places where food and
beverage businesses thrive tend to be more dynamic [42]. Urban vitality is linked to the
characteristics of a cafe, such as its social connections and economic transactions [34]. These
characteristics make it an “indicator business” for the area [43].

Scholars in urban sociology believe that cities play a crucial part in the growth of
society and the economy. They see the city as a place where culture, society, and the
economy may reflect on their own existence. Economic, social, and cultural components
make up urban vitality. These traits demonstrate the city’s capacity to give its citizens
enough spaces and amenities [6,44]. According to academics, every element of urban
form is interrelated, interactive, and inseparable [4,37,45,46]; the combined impact of form
elements on vitality may be greater than their individual components [1]. Some scholars
have also attempted to develop a composite indicator that serves as a stand-in for urban
vitality, for instance by establishing a correlation between neighborhood characteristics,
urban form and function, landscape, location, and street arrangement [47]. Other scholars
have made an effort to evaluate urban vitality from a broader perspective, showing how it is
connected to the economic, social, and physical environment [48]. However, most scholars
still focus on the micro expressions of urban vitality; while existing research is strengthening
for one aspect of economic, social, and cultural vitality of cities, comprehensive research on
the three dimensions of urban vitality is still relatively rare. By defining urban vitality in
our study as the integration of the intensity of various activities performed by residents in
urban space, we aim to address the limitations of previous research. Three dimensions of
vitality—economic, social, and cultural—were included to examine the efficacy of different
urban vitality dimensions.
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Linear regression models are one of the most well-known modeling techniques. Linear
regression is usually one of the preferred techniques when one is learning predictive
models. Ordinary least squares regression models (OLS) are often used to deal with
the relationship between dynamism and urban morphology due to their simplicity and
interpretability [8,38]. However, they ignore the spatial influence of the variables; thus,
the spatial dynamics of the interaction between spatial variables cannot be explained [49].
The Barcelona study pointed out that there are differences in the degree of influence of
urban form on vitality in different geographical spaces [50]. Several studies have made
some efforts to compensate for the absence of minimum linear regression models for
spatial relationships. For example, geographically weighted regression (GWR) alleviates
the problem of spatial dependence by establishing local regression equations at each
point in the spatial scale to explore the spatial variation in the study object at a certain
scale and the associated drivers [51]. However, previous studies only focused on specific
factors of the built environment, lacking an integrated perspective on morphological
and functional synergy, which may lead to incomplete conclusions. Consequently, this
paper tries to explore the connection between built environment and vitality from an
integrated perspective.

3. Materials
3.1. Research Scope and Spatial-Temporal Analysis Unit

Shenzhen, the only mega-city in China with a 100% urbanization rate, was the main
target of this study. Shenzhen has been regarded as China’s fastest-growing cities with a
high level of urban vitality; it is an international metropolis that forms a special economic
zone and a national economic center [51]. The city contains 10 administrative districts,
including three central districts (Nanshan, Futian, and Luohu) and seven periphery districts,
with an overall land area of 1997.47 km2 and an urban area of 927.96 km2 (Figure 1). The
Seventh National Census figures indicate that by 1 November 2020, there were 17.56 million
people residing in Shenzhen.
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Existing administrative organization units, including districts and traffic analysis zones
(TAZ), were too large a boundary area to accurately reflect the qualities of vitality. This work
sought to investigate the effects of the village on the vitality of the city collaborative urban
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built environment using the prior urban vitality analysis method as the research object [24].
The typical urban villages in the central urban areas, such as Nantou Ancient City, Shuiwei
Village, and Gangxia Village, cover an area of approximately 500 m × 500 m. Therefore, a
500 m × 500 m grid was considered the best basic spatial units to study the morphological
elements of the urban built environment and urban vitality [41]. Accordingly, in this study
Shenzhen was divided into 8581 units.

3.2. Data Sources

There are seven main aspects of data used in this study: POI data, urban form data,
population data, comment data, shared bicycle data, and urban village data (Table 1). It is
worth noting that these data are also applied to the 500 m × 500 m basic spatial units as
mentioned above.

Table 1. Sources of data used in this study.

Data Data Source Data Period

POI data
Amap. Available at:

https://lbs.amap.com/
(accessed on 26 January 2022)

2021

Urban form data
OpenStreetMap. Available at:

https://www.openstreetmap.org
(accessed on 15 February 2022)

2022

Population Shenzhen Planning and Natural
Resources Bureau 2022

Comments data
Dianping. Available at:

https://www.dianping.com/
(accessed on 21 February 2022)

2017

Shared bike data

Shenzhen Government Data Open
Platform. Available at:

https://opendata.sz.gov.cn/
(accessed on 15 February 2022)

2021

Landsat RS image

National Earth System Science Data
Center. Available at:

http://www.geodata.cn/
(accessed on 21 February 2022)

2022

Urban village data
Amap. Available at:

https://lbs.amap.com/
(accessed on 26 January 2022)

2021

POI data and urban village data were acquired from Amap at https://lbs.amap.
com/ (accessed on 26 January 2022). POI data includes 23 broad categories, 267 medium
categories, and 869 sub-categories, with wide coverage, large numbers, ease of access, and
high accuracy. We also attempted to research human perception and behavior by integrating
these qualities’ spatial distribution with other category attributes [9,52]; Data related to
urban form were acquired from the open-access voluntary GIS platform OpenStreetMap
at https://www.openstreetmap.org (accessed on 15 February 2022). These data included
road networks, transportation facilities, building vector data, etc.; The Commentary data
were obtained from Dianping at https://www.dianping.com/ (accessed on 21 February
2022), a Chinese counterpart of Yelp, which records data on restaurants and food, shopping,
leisure and entertainment, lifestyle services, and events. Acknowledged as a consumer
guide to Chinese cities, Dianping data proved to be very useful in understanding China’s
urban geography [53]; The Shenzhen Data Open Platform at https://opendata.sz.gov.cn
(accessed on 15 February 2022) provided bicycle sharing data including details of the start
and end locations and use of time for a shared bicycle for each use. As a location-based
service (LBS) data source, the bicycle sharing data reflected specific aspects of the city’s
spatio-temporal dynamics [1,54].

https://lbs.amap.com/
https://www.openstreetmap.org
https://www.dianping.com/
https://opendata.sz.gov.cn/
http://www.geodata.cn/
https://lbs.amap.com/
https://lbs.amap.com/
https://lbs.amap.com/
https://www.openstreetmap.org
https://www.dianping.com/
https://opendata.sz.gov.cn
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3.3. Measurements

The measure of urban vitality, urban form, and their interactions made up the three
components of the analytical framework for this research. We proposed a quantitative
study strategy to comprehend the connection between urban morphology elements and
street-level urban village vitality. Firstly, we measured urban vitality through open-source
geospatial data and determine the weights of factors affecting vitality through the entropy
value method to determine the final comprehensive vitality value. Secondly, we mined
the built environment of the street where urban villages are located to define and measure
urban morphological elements. Finally, we used the regression method to construct an
econometric model to quantitatively analyze the impact on the urban built environment of
specific attributes where urban villages are located on urban vitality; we also analyzed the
differences between different elements affecting vitality from multiple perspectives in order
to propose urban renewal spatial optimization strategies for stimulating urban vitality.

In this paper, Shenzhen was gridded using tool for establishing fishing nets in ArcGIS.
The tool for establishing fishing nets in ArcGIS was used to create a grid with 500 m× 500 m
as a spatial unit and the administrative boundary of Shenzhen as the scope of establishing
fishing nets. The point data was dropped into the grid through spatial connection, while
the connection index was the unique geo-ID of each grid.

3.3.1. Vitality Measurements

For the measurement of urban vitality, three main aspects of city vibrancy have been
widely assessed through previous literature and case studies of vibrancy prediction: eco-
nomic vibrancy measured by Dianping data and enterprise data; social vibrancy measured
by population density data, Weibo check-in data, and bike-sharing data; and cultural
vibrancy measured by point-of-interest (POI) density of cultural facilities.

Urban economic vitality was used to describe a city’s capacity and potential for
economic growth. China’s cities are currently expanding quickly and their economic
dynamism is mainly expressed in their ability to bring in capital and attract highly qualified
labor. Dianping is China’s top lifestyle information and trader platform that can provide
referential data to measure this economic growth [55]. It is an interactive platform for cyber
users with information on merchants, consumer offers, and post-consumer reviews [36].
Relevant studies also confirmed that the increase in creativity, such as the number of patents
and enterprises, has a greater driving effect on the economic growth of cities [34]. Therefore,
drawing on existing research this paper measures the economic vitality by using the data
for public reviews and companies.

Urban social dynamism is linked to human activity and mobility, while the core of
urban dynamism is related to constant urban social interaction [34]. Increasing population
brings vitality to cities; population density can be the most intuitive reflection of urban
vitality. Urban spatial vitality is now mostly determined by “spatial social interaction,”
which results from people’s social demands [56]. In addition, bicycle sharing has been
widely used in past studies such as urban spatial linkages because of its wide coverage,
all-weather availability, and the precise spatial–temporal characteristics of the data, which
can show more objective information about residents’ travel. This study was based on bike-
sharing arrival location data for a weekend in Shenzhen in 2021 and measures travel vitality
through the weekly average density of bike-sharing arrivals per hour in the study unit.
People mainly traveled to commute on working days, whereas most of their activities were
active on weekends; thus, the weekend data was chosen to reflect active social dynamics.
Based on this, population density data and bike-sharing data were chosen to measure social
vibrancy in this paper.

Cultural vitality is essential to urban vitality. Employment, income generation, inno-
vation, and regional competitiveness are all influenced by culture [57]. Cultural vibrancy
includes two interrelated components: facilities and people flow [58]. Data on the people
flow of venues is difficult to obtain; thus, this paper referred to existing studies and used
the POI density of cultural facilities as a measure, where cultural venues and facilities are
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attractive to the crowd and become an extension of the concept of cultural vitality [58]. The
region’s cultural facilities include theaters, music halls, exhibition halls, libraries, planetari-
ums, art galleries, museums, planetariums, and conference centers. Table 2 describes these
indicators in detail.

Table 2. Description of indicators for urban vitality.

Component Name Description

Economic vitality Company density
The number of companies divided by the
space unit area, reflecting the distribution

of enterprises

Comments number The total comments number of amenities
in the unit

Social vitality Population density Population divided by space unit area,
reflecting population characteristics

Shared bike data Weekly average density of shared bike
arrivals per hour in the unit

Cultural vitality
Cultural facilities density

(science/culture &
education services)

Cultural facility POI density of space unit

To determine the total vitality value (V value) of the city, we employed the entropy
approach. The entropy approach was used to explain the level of indicator dispersion.
The impact of the indication on the overall evaluation increases with the degree of disper-
sion [59]. This method determined the indicator weights of subsystems and constituent
elements and, in the case of the integrated vitality indicator, entropy was derived from
the data and effectively avoided the shortcomings of the subjective weighting method. In
previous study, 22 indicators were subjected to entropy weighting by Liu et al. to calcu-
late a composite vitality assessment value [39]. For this work, the social, economic, and
cultural vitality values were standardized and calculated in the following steps using the
entropy method:

Firstly, the original data were processed and collected to form the initial matrix of the
evaluation system. We assumed that the urban vitality of m spatial unit grids needed to be
evaluated; the evaluation system had n indicators. The matrix is as in Formula (1):

X =


x11 . . . x1n

... .
...

x1m . . . xmn

 x =
{

xij1 ≤ i ≤ m, 1 ≤ j ≤ n
}

(1)

We then performed data translation using Formula (2). To avoid the nonsense of
logarithms when finding the entropy value, the data were panned.

x′ij = xij + 0.01 (2)

Next, we used Formula (3) to calculate the proportion yij of index j in the spatial unit i.

yij =
x′ij

∑m
i=1 x′ij

(
0 ≤ yij ≤ 1

)
(3)

Formulas (4) and (5) were used to determine the index information entropy value ej, K
value and information utility value dj.

ej = −K
m

∑
i=1

yij ln yij,
(

K =
1

ln m

)
(4)

dj = 1− ej (5)
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The weight wj was calculated using Formula (6).

wj =
dj

∑m
i=1 di

(6)

Finally, we calculated the comprehensive vitality value by using the weighted summa-
tion Formula (7).

U =
n

∑
i=1

yijwj (7)

3.3.2. Measurement of Urban Built Environment

The built environment, as an integral part of overall well-being, is a spatial reflection of
urban design and construction; its importance is currently increasing. There is an increasing
variety of methods for measuring the built environment. All cities can be conceptualized
as urban form elements, usually consisting of three main components: streets, blocks,
and buildings [8]. Researchers have investigated several indexes to determine neighbor-
hood morphological traits from morphological components (roads, blocks, buildings, and
POIs) [8,37,42,47]. In 2020, Li summarized the built environment characteristics into two
dimensions: formal and functional. Urban village acts as a specific spatial component of the
city; on one hand, the urban form of the urban village has been described as inefficient [60].
On the other hand, the ability of urban economic and social life is significantly impacted
by the mixed-use buildings and fine-grained street networks of urban villages [61]. Urban
villages assume a wealth of urban functions. Therefore, this paper used urban villages as a
third morphological dimension based on traditional formality and functionality. A total of
12 indicators were selected from the three morphological dimensions to measure the urban
built environment. Table 3 describes these indicators in detail.

Formally, road network density (RND), transportation facilities density (TFD), and
building density (BuD) were chosen to be the indicator. The total number of roads in the
space unit divided by the unit’s area was used to calculate the road network density (RND).
We also calculated the total number of the transportation facilities in a unit to describe the
transportation facilities density (TFD). The building density (BuD) of a unit was calculated
by dividing the total area of the buildings in the unit by the unit’s area.

Functionally, various types of POI data were used as indicators to identify city func-
tions and sort out the internal spatial structure of a city. In this paper, eight common
categories of POI data that highly correlated with human were selected as indicators: food
facilities, shopping facilities, public service facilities, recreation and entertainment, resi-
dential facilities, medical facilities, outdoor and recreation, and sports and leisure. Specific
facilities and classifications can be found in Table 2. We then figured out the density of each
POI within the uni.

We included the urban village indicator as one of the independent variables. Kernel
density estimation (KDE) was used to map the distance between geographical location and
urban villages. This approach reflected the spatial clustering of analysis targets [51]. In
this study, we obtained the urban village point data from Amap and analyzed the distance
from urban village (DUV) data for each cell by KDE.
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Table 3. Description of indicators for built environment.

Component Variables Description Mean Std. Max Min

Urban form Road network
density (RND)

The total length of roads in the space
unit divided by the area of the unit 1541.97 1785.70 15,639.50 0.00

Transportation
facilities density

(TFD)

The total number of transportation
facilities in a unit divided by the area

of the unit
4.65 9.14 118.00 0.00

Building density
(BuD)

The total area of building footprints in
a unit divided by the area of the unit 363,834.56 607,483.34 5,834,529.17 0.00

Urban village Distance from urban
villages (DUV)

The straight-line distance from the
centroid of the space unit to the

nearest urban village
0.11 0.13 0.75 0.00

POI Food facilities
density (FoD)

The total number of food facilities in a
unit divided by the area of the unit 14.64 34.49 415.00 0.00

Shopping facilities
density (ShD)

The total number of shopping facilities
in a unit divided by the area of the unit 19.75 47.97 1112.00 0.00

Public service
facilities density

(PuSD)

The total number of public service
facilities in a unit divided by the area

of the unit
10.07 21.14 236.00 0.00

Recreation &
Entertainment density

(REnD)

The total number of recreation &
entertainment facilities in a unit
divided by the area of the unit

0.83 2.34 72.00 0.00

Residential facilities
density (ReD)

The total number of residential
facilities in a unit divided by the area

of the unit
3.59 6.99 164.00 0.00

Medical facilities
density (MeD)

The total number of medical facilities
in a unit divided by the area of the unit 2.49 5.98 62.00 0.00

Outdoor and
recreation density

(ORD)

The total number of POIs in the
outdoor and recreation category
divided by the area of the unit

0.47 2.01 74.00 0.00

Sports and leisure
density (SLD)

The total number of sports and leisure
in a unit divided by the area of the unit 0.89 2.16 29.00 0.00

4. Modeling Approach
4.1. Ordinary Least Squares Model

Ordinary least squares regression model (OLS) is the most popular technology to study
the relationship between urban vitality and urban morphology. It explains the connection
between the dependent and independent variables [8,38]. Multiple linear regression models
were used to help explore the relationships between incompatible parameters [62]. The
dependent variable in this paper was the composite vitality value determined through
economic, social, and cultural vitality, while the built environment indicators were the
independent variables. The formula is as follows:

y = β0 +
m

∑
j=1

β jxj + ε (8)

where y is the dependent variable, xj is the jth independent variable, βj denotes the corre-
sponding estimated coefficient, and ε is the residual.

However, the relationship between geographic variables usually varies with location,
which affects the accuracy of regression models. The spatial dynamics of the interaction
between spatial variables cannot be explained by the OLS model since it ignores the spatial
influence of variables [49].

4.2. Global Moran’s I

We calculated the Moran’s I to understand the spatial patterns of urban dynamism.
Moran’s I is a critical research indicator for studying dependence between variables [47].
Moran’s I typically has a value between−1.0 and 1.0, with greater absolute values denoting
stronger spatial autocorrelation. The local relationship between the vitality and built
environment was defined using the local indicator of spatial association (LISA) under
various spatial and urban built environment conditions [6].
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4.3. Spatial Lag Multiple Regression Model

The urban form elements were spatially inter-related because urban planning had the
characteristics of spatial continuity. For example, roads and communities were connected
in adjacent space units. Therefore, the spatial element studied may have been affected
by its adjacent elements. The ordinary least squares (OLS) model based on independent
assumptions has limited ability to analyze this type of data. However, spatial lag multiple
regression model (SLM) can weaken the deviation of autocorrelation, thus reducing the
mutual interference of adjacent units [47]. The formula is as follows:

Y = β0 + ρWY + ∑
i

βiXi + ε (9)

where Y denotes the dependent variable, Xi represents the explanatory variable i, β0 is the
intercept, βi is the estimated coefficient of the explanatory variable, W is the spatial weight
matrix, ρ is the spatial autoregressive coefficient, and ε is the error term. In this paper, the
dependent variable was the urban vitality and the explanatory variable was the factors of
the built environment.

5. Results and Analysis
5.1. Spatial Patternning of Urban Vitality

Using a Geographic Information System (GIS), this study illustrates how the variables
are spatially distributed. Figure 2 depicts the geographical spread of the composite urban
vitality. Urban vitality is observed to have a uneven spatial distribution. The central
district of Shenzhen, consisting of Nanshan District, Futian District and Luohu District,
has a high-level vitality. The central district of Bao’an in the west, the central district of
Longhua Shenzhen North Railway Station, and the central district of Longgang in the
northeast also show high levels of vitality. This is consistent with the map of Shenzhen’s
urban development pattern. Other non-focused peripheral areas show lower levels of
urban vitality.
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Figure 3 shows the spatial distribution of selected urban built environment variables.
In terms of urban form, road network density performs highly across the region, with an
average road network density of 9.7 km/km2, which is higher than China’s planned road
network density target of 8 km/km2. In comparison to the northern region, the southern
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central area has a larger density of roads. Moreover, compared to other central areas
and ahead of other regions, the Luohu central area has a higher density of transportation
facilities; in terms of the distribution of building density, the central city is slightly higher
compared to other urban areas and the overall distribution is more stable. In terms of
urban villages, the indicators reflect the scattered spatial layout of urban villages in all
areas of Shenzhen. In terms of urban functions, for POI the high-density units in FoD,
ShD, PuSD, and MeD, are evenly distributed in all regional centers of Shenzhen, showing a
polycentric layout structure. REnD, SLD, and ORD have a lower overall density and are
more scattered, while the western and northern parts of ReD are slightly denser than the
southern central areas.
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We conducted a spatial autocorrelation analysis of the city’s vitality values using
GeoDa version 1.20.0.20 software and created a weight matrix using the Queen’s continuum.
As shown in Figure 4, after using 9999 permutation tests, the Moran Vitality Index has
a value of 0.366, which is highly positively correlated at a significance level p-value of
0.001. The local Moran’s I was also utilized to locate geographic clusters with statistically
low or high urban vitality (Figure 5); the outcomes support the idea that urban vitality is
unequally spatially distributed. As shown in Figure 4, there are clusters of high vitality in
the centers of Bao’an and Nanshan, as well as Futian and Luohu districts. However, the
overall scale of urban dynamism is much lower in Yantian and Dapeng districts on the
eastern coast, as well as in localized areas in the north.
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5.2. Regression Model Outcomes

As shown in Figure 6, food (FoD), shopping (ShD), public services (PuSD), and health
care (MeD) show a strong positive correlation (correlation coefficient r > 0.8). We, therefore,
only selected the indicator shopping facilities (ShD) for modelling, reducing the problem of
multicollinearity. Three aspects of other urban built environment factors were modelled
and analyzed in relation to urban vitality; these aspects contained roads, transportation
facilities, and building floor area in terms of form, were in proximity to urban villages
in terms of urban village factors, and contained dining facilities, recreational facilities,
housing, outdoor attractions, and sporting health in terms of function. Table 4 presents
the results.
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Table 4 displays the findings of a linear regression analysis with road network density
(RND), transportation facilities (TFD), building density (BuD), distance from urban villages
(DUV), shopping facilities (ShD), recreation and entertainment (REnD), residential (ReD),
outdoor and recreation (ORD), and sports and leisure (SLD) as the independent variables
and urban vitality as the dependent variable. The model R2 value of 0.334 implies that
RND, TFD, BuD, DUV, ShD, REnD, ReD, ORD, and SLD can explain 33.4% of the variation
in urban vitality. The regression model passed the F-test (F = 477.683, p < 0.05). P-values for
the significance analysis of the eight explanatory variables of RND, TFD, BuD, DUV, ShD,
REnD, ReD, and SLD on urban vitality were all less than 0.05, indicating that the indicators
in three dimensions of urban form, urban village, and urban function had a significant
impact on vitality. The regression coefficients of DUV and ReD were negative, indicating a
negative effect of the variables on urban vitality, while RND, TFD, BuD, ShD, REnD, and
SLD showed a significant positive effect on urban vitality. The ORD variable appeared
non-significant (p = 0.7312) and was excluded.
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Table 4. Result of OLS model.

Variable Coefficient Std. Error t-Statistic Probability Model Diagnosis

CONSTANT −74.0718 18.525 −3.9985 0.0000

R2 = 0.3340
Adjusted

R2 = 0.3333
LogL = −72,861.6

AIC = 145,743
F = 477.683

p = 0

RND 0.0595 0.0091 6.5149 0.0000
TFD 36.4748 2.5703 14.1909 0.0000
BuD 0.0001 0.0000 3.8882 0.0001
DUV −887.301 126.55 −7.0115 0.0000
ShD 4.1320 0.4255 9.7103 0.0000

REnD 195.617 8.2414 23.736 0.0000
ReD −45.6359 2.9904 −15.2609 0.0000
ORD −2.2176 6.4593 −0.3433 0.7312
SLD 81.0221 9.0196 8.9829 0.0000
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The model was then optimized and further spatial regression models were used to
lessen the influence of spatial autocorrelation [47]. The SLM model was selected because
both the Robust LM (lag) and Robust LM (error) tests were significant; the Robust LM
(lag) values were higher. This was determined via Lagrange multiplier tests for LM lag,
LM error, Robust LM lag, and Robust LM error. Therefore, the SLM regression analysis
was carried out with the dependent variable and urban vitality after excluding ORD.
The results are shown in Table 5, where the model R2 value increased from 0.334 in
Table 5 to 0.445, indicating a significant optimization of the SLM model compared to
the OLS model. Seven variables—RND, TFD, DUV, ShD, REnD, ReD, and SLD—had a
significant impact on vitality (p < 0.05), while building density had no significant effect
on urban vitality (p = 0.6098). It is worth noting that road network density, transportation
facilities, shopping facilities, recreation and entertainment, and sports and leisure facilities
significantly increased urban vitality.

Table 5. Result of SLM model.

Variable Coefficient Std. Error t-Statistic Probability Model Diagnosis

CONSTANT −29.6145 16.9158 −1.7507 0.0800

R2 = 0.4451
LogL = −72,260.6

AIC = 144,541
p = 0

RND 0.0214 0.0083 2.5625 0.0104
TFD 14.7271 2.3713 6.2107 0.0000
BuD 0.0000 0.0000 0.5104 0.6098
DUV −834.246 115.517 −7.2218 0.0000
ShD 4.7488 0.3890 12.2079 0.0000

REnD 161.501 7.5144 21.4922 0.0000
ReD −38.382 2.7266 −14.0767 0.0000
SLD 70.5386 8.2414 8.5591 0.0000

5.3. GWR Results

Geographically weighted regression (GWR) was used to estimate spatial heterogeneity
using the factors strongly linked with urban dynamism in the SLM; the findings are reported
in Table 6. An AIC of 141,859 and average adjusted R2 of 0.5899 indicate a high level of
explanatory power. Compared to OLS and SLM, it displays a better model fit. The range
of standardized residuals is [−18.14, 28.72], with approximately 95% at [−2, 2], indicating
a good overall performance for GWR. The local R2 values ranged between 0.30 and 0.90,
indicating that the GWR model effectively fit the data (Figure 7).

Table 6. Result of GWR model.

Variable Mean Std Min Max Model Diagnosis

RND 0.0203 0.0568 −0.0950 0.3329
R2 = 0.6146
Adjusted

R2 = 0.5899
LogL = −72,260.6

AIC = 141,859

TFD 8.3607 17.8053 −80.6268 98.4331
DUV −130.8055 921.8018 −4939.5691 1369.5485
ShD 4.6223 8.4785 −3.6611 43.3419

REnD 68.1365 138.6568 −189.3592 824.1901
ReD −15.8130 49.0429 −269.1397 97.4530
SLD 34.8054 64.5109 −81.1455 479.9015
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6. Discussion
6.1. Research Novelty: Reconstruct Definition of Urban Vitality and Establish Examine Model

There is not a single definition for urban vitality as groups from different social
backgrounds have different understandings of this concept. The data sources of urban big
data are rich and diverse and widely available for various economic social fields and sectors.
With rich types and large quantities, big data can reflect the phenomena and problems in
urban development in a more scientific way. By using urban big data in economic, social,
and cultural aspects to describe urban vitality, it is found that the urban vitality in Shenzhen
is distributed in multi-centered clusters. The central districts, such as Luohu, Futian, and
Nanshan, have higher urban vitality indices; the vitality performance is also better in
the central areas of some periphery districts, such as Bao’an, Longhua and Longgang,
while the non-central areas of northern and eastern parts of Shenzhen show lower vitality
areas, with an uneven distribution of urban vitality and a polycentric structure. This trend
occurs because of the uneven development process of Shenzhen’s urban districts. On this
basis, a system of factors influencing urban vitality in Shenzhen is constructed from three
aspects: form, function, and atypical urban space. In order to understand the influencing
factors of the regional differentiation of vitality in Shenzhen, the link between significant
influencing factors and vitality is investigated using a geographically weighted regression
(GWR) model.

6.2. Contribution: Finding of Positive and Negative Factor to Urban Vitality

The study obtained significant results for seven urban built environment factors
(RND, TFD, DUV, ShD, REnD, ReD, and SLD) in three dimensions (urban form, urban
village, and urban function). At the global level, Shenzhen’s urban vitality is strongly
influenced by the accessible distance to urban villages (DUV) and the density of recreational
facilities (REnD). A denser road network, public transportation stops, commercial facilities,
entertainment/sports facilities, and leisure facilities attract more people. Resulting social
activities can create more economic, social, and cultural vitality. On the other hand, distance
to urban villages (DUV) and residential facilities density (ReD) shows a dampening effect
on vitality.

Dense road networks (RND) are vital in promoting urban vitality; the small-scale
neighborhoods formed by dense road networks are prone to promote human interaction
on the streets [27]. This is consistent with previous research findings [63]. The possible
reason for this is that as cities develop, roads not only function as commuting zones, but
the U-shaped spaces of the streets are also increasingly converted into open spaces where
people can rest and stay, increasing the vitality of the streets. This trend is aligned with
China’s urban upper planning, which calls for the return of roads to pedestrians and
promotes cities with small blocks and dense road networks. The impact of transportation
facilities (TFD) suggests that more transportation facilities, such as subways and bus stops,
can improve accessibility and promote urban vitality. This feature is more evident in Futian
and Luohu districts (Figure 7).

The functional built environment indicators ShD, REnD, and SLD contribute signifi-
cantly to the vitality of urban areas. The density of shopping facilities, leisure and recreation
facilities, and sports and health facilities have a significant positive effect on urban vitality.
This can be explained by the reality that individuals can more easily access these functional
destinations to meet their daily needs, which aligned with the results of earlier research [64].
According to Figure 8, the increase in facilities in the central area of Shenzhen can result in
a significant increase in urban vitality. A negative association between residential density
and urban vitality is also shown in this study. Due to the mismatch between population
and urban space, urban vitality is weaker in certain single-function residential areas [47].
This trend may occur because people expect more diverse and convenient services, such as
shopping, transportation, leisure, and other facilities, to enrich their daily activities.
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In addition, the study reveals a negative correlation between urban villages and urban
vitality. It demonstrates that the closer a place is to the urban village, the more dynamic
it will become. The reason for this trend is likely that urban villages usually have a poor
living environment, high building and population density, and fewer supporting facilities.
As a result, urban villages rarely become urban destinations and hardly generate urban
dynamism. On this basis, GWR has expanded to explain the characteristics of spatial
differentiation. The urban central area composed of Luohu, Nanshan, Futian, and Bao’an
has lower vitality as it is closer to the urban village. On the contrary, in periphery districts
such as Bao’an, Longhua, Guangming, and Longgang, villages often have a positive impact
on urban vitality (Figure 9). Urban villages are significantly clustered and denser in these
areas, providing possible spaces and places for various activities of urban development.
Urban villages, as unique urban spaces, evoke a sense of identity related to place, which in
turn enhances urban memory. Residential areas have a similarly negative impact on vitality
in central districts; however, they have a positive effect on vitality in periphery districts
(Figure 9).
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6.3. Significance: Diverse Strategies to Develop Built Environment for Central Districts and
Periphery Districts

The results of the spatial differentiation show clear boundaries between the highly
developed urban centers and the less developed non-urban centers. The dynamism of the
highly developed urban centers (Baoan, Luohu, Futian, and Nanshan) is dampened by the
urban villages and residential areas, while the flourishing of other formal and functional
elements of the built environment has a positive impact. The six underdeveloped non-
central urban areas, however, have the opposite effect. Therefore, urban planners should
avoid strategies of major demolition in urban regeneration construction in non-core areas,
instead encouraging strategies that are more likely to stimulate urban vitality. This finding
contributes to the achievement of more sustainable urban development goals.

Highly developed urban centers have a high level of vitality, which is depicted by the
findings of some studies on the vitality of other cities [38]. For example, the study found
that the high vitality areas in the main city of Xining are concentrated near shopping centers,
pedestrian streets, rivers, and schools [65]. Due to their geographic advantages, metropoli-
tan centers have more diverse urban design and regeneration policies when it comes to
social, environmental, and economic variables. As an example, the city government of
Kayseri proposes that in urban regeneration, a design quality standard approach should be
developed according to the specific locational situation of the project, contributing to the
revitalization of the city [66]. The case of Cairo proves the key role of changes in functional
neighborhood on the perceived impact of people. Diverse activities stitch up the gaps
between different urban forms [67], which explains the higher distribution of vitality in the
city center.

7. Conclusions

One of the main goals of sustainable urban growth is to promote vitality, especially in
the context of the gradual abandonment of rugged urbanization and increasing demand
for quality urban space. As one of the first metropolises to undergo urbanization in China,
the logic and phenotype behind Shenzhen’s urban development is worth studying. This
study uses a multi-source urban dataset to give strong knowledge of urban vitality and
analyses the results through an urban built environment dataset to validate the scientific
validity of urban big data in perceiving urban space.

By merging economic, social, and cultural data, this research, using Shenzhen as a
sample, re-evaluates the spatial patterning of urban vitality and its affecting elements and
creates a comprehensive urban vitality indicator. A system is proposed by integrating
urban built environment factors. The system consists of three dimensions (urban form,
urban village, and urban function) including 12 indicators. The model and variables were
progressively screened and, finally, a spatial lag model was used to explain the effects
of built environment elements on vigor globally. The GWR model was then extended to
analyze the factors influencing the spatial differentiation of vitality. The findings show that:
(1) dense road networks, rich and diversified transportation facilities, dense commercial
facilities, recreational facilities, and sports and leisure facilities are beneficial elements
that promote urban liveliness. However, urban villages and residential compound have
negative effects on urban liveliness, while building density has a minimal impact on a
city’s vitality; (2) the built environment has a spatially heterogeneous impact on vitality.
Thus, urban design strategies should be designed to maximize resource use for sustainable
development in various places; and (3) the current urban form presents inhibiting influences
between urban villages and vitality. The problem of urban villages deserves attention in
terms of urban planning and design and there is an urgent need for scientific regeneration
and development methods in both localized optimization and overall improvement.

As a conclusion, it is proposed that highly developed urban centers and underdevel-
oped urban peripheries should have different strategies for enhancing vitality in urban
regeneration. A crude deconstruction of an urban village or an unplanned construction of
a commercial facility will equally harm the heritage of the place and diminish its urban
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vitality. This paper focuses on environmental and sustainable development issues in society
and has both academic and practical implications for sustainable urban development and
planning. The findings give a better understanding of the current dynamics of China’s cities
and identify and develop urban design strategies to optimize the allocation of resources
for sustainable development in different regions. These insights can function as principles
globally to support future urban planners, policymakers, and researchers interested in
promoting sustainable urban development through vitality-based urban regeneration.
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