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Abstract 

Under a human-centered approach, accurately identifying the spatial patterns of 

urban vitality and revealing the mechanisms through which the built environment 

affects it can scientifically guide the organic cultivation of urban vitality. In light of this, 

the main urban area of Yantai City is taken as a case study, utilizing multi-source 

geographic big data to conduct both theoretical and empirical research. An index sys-

tem for the urban built environment is established based on four dimensions: human 

perception, functional, accessibility, and building form. Advanced methods, including 

Deep Fully Convolutional Neural Networks (SegNet), Random Forest Regression 

(RFR), and Spatial Lag Regression (SLR), are employed to explore the impact of 

the built environment on urban vitality. The research findings indicate that: (1) Urban 

vitality presents a composite spatial structure that embodies both “multi-center” and 

“clustered” characteristics, exhibiting two primary types of local spatial autocorrela-

tion: “high-high” clustering and “low-low” clustering. (2) The disparities in urban vitality 

reflect an imbalance in the distribution of functional, accessibility, building form, and 

human perception, with functional playing a more critical role in nighttime and day-

time urban vitality than other dimensions. (3) The effects of the built environment on 

daytime and nighttime urban vitality show varying degrees of heterogeneity regarding 

significance and direction. Factors such as BPOI(Commercial Points of Interest), 

integration, accessibility, and vibrancy have a substantial positive impact on vitality 

clustering, while human perception becomes increasingly important for enhancing 

nighttime vitality. These results provide refined technical support for urban micro-

renewal, enhancing the relevance and effectiveness of response strategies.
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Introduction

Urban vitality is an important indicator for assessing urban development and compet-
itiveness, as it largely reflects the quality of life for urban residents and the level of 
high-quality urban development. It has become a hot topic of interest in urban geogra-
phy and urban planning [1–3]. The United Nations has proposed Sustainable Develop-
ment Goals (SDG), among which SDG 11 aims to “make cities and human settlements 
inclusive, safe, resilient, and sustainable”, serving as a crucial objective for enhancing 
urban vitality. Meanwhile, the focus on the urban built environment has shifted from 
“morphology-oriented” to “life-oriented”, and the implementation and regulation of 
urban design have transitioned from a “two-dimensional plane” to a “three-dimensional 
space”. The approach of “human-centered scale, three-dimensional analysis perspec-
tive, and refined control as a means” is an inevitable requirement for the overall built 
environment in China to enter a stage of humane and refined development. However, 
the rapid urbanization during the era of incremental development has led to imbal-
ances and disorders within urban development, resulting in phenomena such as inef-
ficient and scarce spatial function layouts coexisting, urban decay in old cities while 
new districts remain uninhabited, traffic congestion accompanied by the separation 
of residential and working areas, as well as social stratification and insufficient inclu-
siveness. These issues have alienated and weakened the orderly distribution of urban 
vitality. In the context of cities transitioning from incremental outward development 
to the intrinsic renewal of existing stock, accurately identifying the spatial patterns 
of urban vitality and deeply revealing the mechanisms through which built environ-
ment factors influence it is of great significance for optimizing land layouts, improving 
infrastructure construction, upgrading built-up area functions, promoting urban spatial 
renewal, and enhancing the quality of urban spaces.

In 2021, the “14th Five-Year Plan and the Outline of Long-term Goals for 2035” 
proposed the “implementation of urban renewal actions”. In the same year, the 
Ministry of Housing and Urban-Rural Development issued a notification regarding 
the first batch of urban renewal pilot projects, with Yantai being selected as one of 
the first pilot cities nationwide. In this context, this paper attempts to take the main 
urban area of Yantai as a case study, measuring urban vitality based on multi-source 
data such as Baidu heat maps and street view images, focusing on the spatiotem-
poral attributes of urban residents’ daily activities. Building on this foundation, we 
expand the representation of “5D” built environment elements to create an urban built 
environment indicator system that includes material space, perceptual space, place 
space, and flow space elements. We then employ random forest regression models 
and spatial lag regression models to explore the mechanisms through which the built 
environment affects urban vitality, providing scientific reference for the fine optimiza-
tion of human-centered urban vitality.

Literature review

Analysis and measurement of urban vitality

Urban vitality was initially described as the ability of a place to induce active social 
and economic activities [4], and it has been extensively and deeply researched 
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in disciplines such as geography, landscape architecture, urban planning, architecture, and sociology [5–9]. The con-
cept was first introduced by American urban planner Jacobs, who believed that urban vitality stems from the diversity 
of activities and living spaces intertwined by people within the city. Lynch emphasized in urban morphology that urban 
vitality is the “ degree to which urban form supports important human functions, ecological requirements, and capabili-
ties” [10,11]. Gehl and others, based on urban sociology, defined urban vitality as “the activities of people in urban space” 
[12]. Montgomery defines urban vitality as continuous human flow, convenient amenities, rich cultural activities, and a 
sense of dynamism, further proposing that a vibrant place is characterized by people coming and going on the streets 
and engaging in diverse activities using various facilities over a 24-hour period. Urban vitality can be regarded as a city’s 
competitiveness and attractiveness, measured by the concentration of human activities across time and space [13,14]. 
As research advances, a growing number of scholars recognize that urban vitality should be a comprehensive concept. 
Grounded in urban sociological theory, it is defined as the integrated capacity of a city to sustain and develop itself, 
studied through multiple dimensions—economic, social, cultural, ecological, and others—thus shifting the understanding 
of vitality from a solely spatial dimension toward a multidimensional framework. Overall, although different studies may 
have different focuses, there is a consensus that urban vitality is a diverse range of resident activities influenced by urban 
spatial form and complex environmental interactions.

Early research on urban vitality was mainly focused on theoretical frameworks based on interviews, surveys, and audits 
[10,13,15–17], at smaller spatial scales such as communities and neighborhoods. Although these methods could pro-
vide detailed information on the aggregation of human activities in space, they had limitations such as small observation 
scopes, restricted sample sizes, and low spatiotemporal accuracy, making it challenging to comprehensively reflect the 
characteristics and changing patterns of urban vitality at larger scales [14,18]. In order to more comprehensively iden-
tify urban vitality, some scholars have constructed indicator systems from social, economic, cultural, and environmental 
dimensions to evaluate urban vitality comprehensively [7], or compared vitality differences between cities at a regional 
scale [19]. With the advancement of multi-source urban data and corresponding machine learning and geographic data 
analysis technologies, large-scale, high spatiotemporal accuracy geographic data provide the possibility to analyze the 
spatiotemporal characteristics and changes in urban vitality on a broad scale. Compared to traditional survey methods 
and related urban data, urban big data has strong penetration, wide coverage, and contains richer spatiotemporal and 
semantic information, making it particularly suitable for characterizing human-scale urban vitality. Based on this, scholars 
have used mobile phone signaling data [20], GPS data [21], social media check-in data [22], LBS location data [23], Baidu 
heat map data [24], restaurant review data [4], street view image data [25], and other sources to measure the activity 
intensity of spatiotemporal units to study urban vitality at different scales [4,20–25]. Currently, most research refers to 
static urban vitality as an indicative index, but there is a need to further consider the dynamism of geographic data and 
improve research reliability and effectiveness.

Research on the impact of the built environment on urban vitality

As a material carrier that supports a range of human activities and their impact, the urban built environment determines the 
potential and dynamics of urban diversity and will also influence the evolution of urban vitality. Currently, a large amount 
of research discusses the relationship between the urban built environment and urban vitality, constructing indicators for 
the urban built environment from qualitative and quantitative perspectives and analyzing their impact on urban vitality [26]. 
Cervero et al. constructed a “3D” quantification system for the built environment, including density, diversity, and design 
dimensions [27]. Subsequently, Ewing et al. added distance to transit and destination accessibility to supplement a more 
comprehensive “5D” quantification system for the built environment, which has become the main basis for quantifying built 
environments domestically and internationally [28]. Based on this, scholars have enriched the evaluation indicator system 
of the built environment from aspects such as traffic accessibility, functional, material form, socio-economic factors, land 
use, and neighborhood attributes, further exploring their impact on urban vitality [19,29–31], research has revealed that 
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these factors are all closely associated with urban vitality, yet their relative importance varies across cities [31,32]. Jiang et 
al. explored the relationship between vitality and the built environment through urban morphology, functionality, and human-
scale factors, finding functionality to be most influential, while some human-scale elements exhibited negative effects. In 
contrast, Xia et al., in their multi-city study on vitality and environment, noted that land use mix and building density had 
limited impacts, and the key influencing factors differed from city to city [33]. Jiang et al., in their study on Beijing, indicated 
that tall, large-area, multi-functional buildings have a significantly positive impact on urban vitality [34]. Jin et al. constructed 
a relatively comprehensive set of built-environment indicators and identified factors such as floor area ratio, POI density, 
and POI mix as key enhancers of urban vitality, whereas green space was found to somewhat suppress vitality [35]. How-
ever, current research focuses on the physical form of the built environment, the impact of objective perception on urban 
vitality, while neglecting human emotional perception. There is a lack of subjective evaluation of the built environment by 
humans and a more comprehensive assessment of the built environment from a human-centered perspective. More specifi-
cally, from a human-centered perspective, the built environment includes objective perceptions such as street greening, 
sky landscapes, building facades, pedestrian spaces [36], as well as subjective perceptions that reflect human psycholog-
ical feelings towards a place being beautiful, boring, lively, safe, prosperous, etc. [4,37,38]. Sense of security, aesthetics, 
prosperity, and vibrancy are considered positive subjective perceptions by humans [39], while boredom and other negative 
subjective perceptions indicate the lack or minimization of these features, significantly enhancing the attractiveness of cities 
to residents [38,40,41]. The above indicators are directly related to urban vitality.

The combination of multi-source urban data and deep learning algorithms provides technical support for a deeper 
understanding of the interaction between human behavior and subjective perceptions in cities. Domestic and international 
scholars have utilized various neural network models, based on street view image data, to quantify subjective perceptions 
categorized into six classes: safety, vibrancy, dullness, wealth, frustration, and beauty. By collecting perception scores from 
volunteers on a large number of street view images, they trained models to quantify the subjective perceptions of residents 
in different cities, thereby providing support for various city-related research [42,43]. In recent years, the combination of 
street scene images and deep learning algorithms has provided a new method of measuring human perception [44,45]. 
Zhang et al. used a combination of computer vision to identify heat maps and Convolutional Neural Networks to reveal the 
visual features that affect human subjective perceptions and consequently influence street vitality, exploring the street ele-
ments that shape high street vitality [46]. Ogawa et al. utilized deep learning models to estimate 22 different subjective per-
ceptions in the Setagaya area of Tokyo. Their research confirmed the impact of specific landscape elements such as roads, 
buildings, and vegetation on perceptions, indicating that urban designers and planners should prioritize certain factors when 
enhancing subjective perceptions [47]. In addition, with the development of computer vision, the SegNet network model 
has improved the efficiency and accuracy of image semantic segmentation. Many studies use this method to analyze street 
scene images to quantify human activities, street quality, and environmental comfort [44,48]. This allows the previously 
overlooked but important component of cities, which is human subjective perception that also has a significant impact on 
shaping urban vitality, to be quantified and integrated into the analysis framework of urban vitality and built environment.

Research framework, data, and methods

Research framework

To depict the relationship between the built environment and urban vitality, this paper proposes a research framework as 
shown in Fig 1. Firstly, based on the Baidu heatmap data of the daily activity patterns of urban residents, the urban vitality 
in the main urban area of Yantai city is measured during day and night. Secondly, a comprehensive indicator system of 
urban built environment impact factors is constructed, incorporating multiple spatial elements such as human perception, 
accessibility, functional, and building form. Finally, a Random Forest regression model and a Spatial Lag regression model 
are utilized to reveal the complex relationship between urban day-night vitality and the influencing factors of the built envi-
ronment, including the relative importance of related factors and quantitative effects.
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Study area overview

Yantai is located in the eastern part of the Shandong Peninsula, bordering the Yellow Sea and Bohai Sea. It is one of the 
first coastal cities opened up in China. Currently, it administers 5 districts, 6 county-level cities, and 5 economic and func-
tional zones, with a land area of 13,900 square kilometers and a population of 7.083 million. To focus on the research sub-
jects and objectives and highlight the spatial differentiation patterns of urban vitality between day and night and different 
spatial scales, this paper selects the main urban area of Yantai City, which has the highest population density, as the study 
area (Fig 2). For precise identification of human-oriented urban vitality, considering the walkability of the street network 
and residential areas, 300m × 300m grids are selected as the basic spatial analysis units. According to the administrative 
division of Yantai in 2023, the study area includes 12 street space units and 3372 grid space units, in order to ensure data 

Fig 1.  Research framework. Note: The imagery in this map is sourced from the OpenStreetMap Open-source mapping platform (https://openstreet-
map.org). This map bears a resemblance to the original imagery but is not identical.

https://doi.org/10.1371/journal.pone.0343003.g001

https://openstreetmap.org
https://openstreetmap.org
https://doi.org/10.1371/journal.pone.0343003.g001
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completeness for subsequent analysis, we excluded grid cells that had no roads and did not contain any data. After the 
exclusion, there are a total of 2,365 grid space units remaining.

Data source and processing

(1)	 Basic Urban Spatial Data

Based on Baidu Maps API interface, 37,851 pieces of POI data were obtained, covering 11 categories including 
accommodation, shopping, dining, residence, transportation, living facilities, sports and leisure, and public facilities. 
City building vector data and road data are from the OpenStreetMap open mapping platform (https://www.open-
streetmap.org/).

Fig 2.  Study area map. Note: The imagery in this map is sourced from the OpenStreetMap Open-source mapping platform (https://openstreetmap.org). 
This map bears a resemblance to the original imagery but is not identical.

https://doi.org/10.1371/journal.pone.0343003.g002

https://www.openstreetmap.org/
https://www.openstreetmap.org/
https://openstreetmap.org
https://doi.org/10.1371/journal.pone.0343003.g002
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(2)	  Urban Vitality Data

To measure urban vitality, population heat data, urban POI data, and online review data were selected [49], sequentially 
measuring “human flow agglomeration-dispersion vitality, activity facility vitality, and network perception vitality.” Finally, 
principal component analysis (PCA) [50] was employed to comprehensively calculate these three vitality indicators, yield-
ing the ultimate urban vitality as shown in Fig 3. Baidu Heatmap data was collected to characterize population agglom-
eration levels. From an external manifestation perspective, human flow density is the most direct indicator for measuring 
vitality, while the built environment of streets constitutes the decisive factor generating human activities—among which 
functional characteristics form the foundational condition for sustained human flow. From an intrinsic attraction per-
spective, the network effect of physical spaces embodies the essence of street vitality, and online reviews can reflect 
subjectively perceived vitality in a bottom-up manner. By using the location information of users of Baidu-related mobile 

Fig 3.  Day and night urban vitality. Note: This illustration is drawn by the author.

https://doi.org/10.1371/journal.pone.0343003.g003

https://doi.org/10.1371/journal.pone.0343003.g003
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applications (such as Baidu Maps, Baidu Search, Baidu Weather, etc.) and projecting it onto space, the Baidu Heat Index 
is calculated. Different colors are used to reflect the spatial distribution of users in a certain area, which has been widely 
used to measure population aggregation characteristics [51]. By accessing the Baidu dynamic API through a web crawler, 
heat maps of the main urban area of Yantai City for a period of 5 working days from June 13th to 17th, 2022, between 
7:00 and 24:00 were collected at 2-hour intervals. The period from 7:00–18:00 was defined as the daytime period, while 
18:00–24:00 was defined as the nighttime period, and the urban vitality was separately calculated for daytime and night-
time. Heatmap data is considered point data in ArcGIS, which includes fields such as identification number, longitude and 
latitude, time, and heat value. This data is imported into ArcGIS, where the Kernel Density Analysis tool is used to analyze 
the density values of each point within a certain range, resulting in raster data for each time period. Then, the raster data 
is converted into point data and assigned to the corresponding grid units to create a vitality map for each time period. 
Finally, the heat values for both daytime and nighttime periods are summed and averaged to obtain the final urban vitality 
data for day and night. Due to the climate reasons that Yantai City is in early summer in June, making it suitable for out-
door activities by residents, their behavioral activities tend to be average. The data collection took place on sunny days, 
which eliminates the impact of extreme weather conditions on residents’ mobility, making it suitable for studying through 
population heat maps.

(3)	  Subjective and Objective Perception Data

Street view images were obtained using Python language by accessing the Baidu Street View Image API with a sampling 
interval of 50m, generating 1599 sampling points. Street view images were captured from the front, back, left, and right of 
each sampling point with a 90-degree field of view and 0-degree horizontal line, resulting in a total of 3873 valid street view 
images. These images were then stitched together into panoramic images using OpenCV programming to provide a compre-
hensive coverage of street spatial environmental features at a human scale. The SegNet semantic segmentation model was 
used to identify elements such as sky, sidewalk, lane, building, and greenery within the street space features. Based on this, 
the proportion of each element in each street view image was calculated to create objective perception variables for human 
perception (Fig 4). This model’s code is open source(GitHub - CSAILVision/semantic-segmentation-pytorch: Pytorch imple-
mentation for Semantic Segmentation/Scene Parsing on MIT ADE20K dataset) and can be directly accessed and used in 
practice. The author of the code trained the model using the MIT ADE20K dataset, achieving an accuracy of 80.13%.

The VGG16 deep learning model was utilized to effectively identify and learn features from each street-view image. 
For this study, 48 volunteers were recruited. To ensure fairness in scoring, an average of three volunteers was selected 
from each subdistrict in Zhifu District to participate in image evaluation. Among them, 28 were male and 20 were female. 
In terms of age distribution, 14 volunteers were aged 20–30, 22 were aged 30–40, and 12 were over 40 years old. All 
volunteers had resided in Yantai for more than eight years and possessed a relatively comprehensive understanding of 
the city’s basic conditions. In this study, volunteers were gathered to rate 300 street view images based on five aspects: 
beauty, boring, lively, safe, and wealthy. The ratings were categorized into five levels: high-high, high, medium, low, and 
low-low. The scores from high to low represent the most subjective feelings of people towards the street environment. The 
300 images and their corresponding scores were input into the VGG16 model for recognition training, the accuracy of the 
trained model is shown in the Table 1. The trained model was then used to rate the remaining 600 street view images, 
resulting in scores for all street view images. This process forms subjective perception variables for human perception. In 
Fig 4. we selected a street scene image’s score prediction as an example. It can be seen that the corresponding score for 
this image is the highest, placing it in the high-score category.

Selection and characterization of built environment influencing factors

By integrating existing research results and incorporating the “5D” model elements of the built environment, the 
study compares the roles of environmental elements in place space and flow space, supplements with non-material 
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environmental elements perceived by humans, and analyzes the potential existence of specific attribute isolation and 
differentiation phenomena. This is to more diversely reveal the mechanisms of how the built environment influences urban 
vitality as a whole, supporting targeted vitality optimization strategies. Among them, the architectural morphology elements 
are the underlying supportive factors that affect the comprehensive vitality of the city. Buildings provide the foundation 
for urban construction and development, while building density and floor area ratio offer the capacity for the built environ-
ment. Functional elements are direct driving factors influencing urban vitality. Indicators related to urban functions, such as 
Point of Interest (POI) data, were used, selecting POI density and POI diversity to measure the level of functionality. POI 
density reflects the quantity of urban infrastructure related to retail, dining, entertainment, education, and healthcare, while 
POI diversity indicates the level of completeness of regional infrastructure. Accessibility serves as both an inducing and 
moderating factor affecting urban vitality, with indicators like selection degree, road density, and proximity chosen for rep-
resentation, which intuitively reflects the smoothness of traffic and the strength of spatial connections. Human perception 
elements represent subjective human experiences, which can better promote urban vitality. Based on previous research, 

Fig 4.  Flowchart of human perception. Note: The imagery in this map is sourced from the OpenStreetMap Open-source mapping platform (https://
openstreetmap.org). This map bears a resemblance to the original but is not identical.

https://doi.org/10.1371/journal.pone.0343003.g004

Table 1.  VGG16 training precision.

Classification Precision Average score

Beautiful 0.76 57.73

Boring 0.71 49.72

Lively 0.85 52.60

Safe 0.75 59.72

Wealthy 0.79 57.29

https://doi.org/10.1371/journal.pone.0343003.t001

https://openstreetmap.org
https://openstreetmap.org
https://doi.org/10.1371/journal.pone.0343003.g004
https://doi.org/10.1371/journal.pone.0343003.t001
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these were divided into subjective and objective perceptions. Specifically, a 24-factor indicator system was constructed 
based on four dimensions: human perception, accessibility, functional and building form. The calculation formulas for 
accessibility, functional, and other indices can be found in Table 2.

Research methods

Kernel density estimation method.  Kernel density estimation is a method that estimates the density distribution of 
data across the entire spatial range by smoothing the kernel function around each data point [52]. This technique can 
accurately and intuitively express the clustering characteristics of elements in space, infer the distribution of event density, 
and demonstrate the degree of spatial aggregation of urban vitality. In this study, kernel density analysis is used to simulate 
Baidu heat map data continuously, in order to reflect the spatial clustering of users in the region and the spatiotemporal 
dynamic characteristics of urban vitality. The mathematical expression for kernel density estimation is as follows:

	
f(x) =

1
nh

n∑
i=1

(
x – xi
h

)

	 (1)

In the formula: n represents the number of data points; h is the bandwidth; (x-xi) represents the distance from the esti-
mated point x to the sample point xi.

Bivariate spatial autocorrelation analysis.  Spatial correlation can be used to assess the relationships between 
specific areas, certain geographic phenomena, or attribute values and corresponding indicators in neighboring regions 
[53], thereby reflecting the spatial distribution of geographic phenomena or specific attribute values. To further explore 
the spatial correlations among multiple variables, Anselin and others proposed the use of bivariate spatial autocorrelation 
methods to study the spatial relationships of the same variable at different time points [54,55]. In this study, the GeoDa 
software is employed to conduct bivariate local spatial autocorrelation and reveal the spatial distribution characteristics of 
urban vitality during day and night. The calculation formula is as follows:

	
Moran′sIazy =

Xay – Xy
δy

×
n∑

c=1

Wac ×
Xcz – Xz

δz
, (a ̸= c)

	 (2)

In the formula provided:Xay  represents the value of attribute y in spatial unit a. Xcz represents the value of attribute z in spa-
tial unit c. Xy  and Xz are the average values of attributes y and z. δy  and δz are the variances of attributes y and z, respec-
tively. n is the number of spatial units, Wac is the spatial weight, defined using the Rook adjacency criterion. Attribute y 
refers to the exposure index or sensitivity index, z refers to the coping capacity index.

Random Forest Regression model (RFR).  RFR is an emerging and highly flexible machine learning algorithm that 
has been widely used to solve classification and regression problems [56,57]. Based on decision tree theory, random 
forest randomly generates multiple decision trees and selects the tree with the highest level of repetition as the final result 
[58], thereby obtaining the importance ranking of variables [59]. In this study, we builds a random forest model based on 
the “randomForest” package in R to conduct a regression analysis, examining the importance of various built environment 
variables on urban vitality. First, install the “randomForest” package in R Studio, import the processed data, and divide 
it into training and testing sets. Use the training set to construct the random forest model, and then evaluate the model’s 
accuracy using assessment metrics. Here, RMSE, MAE, R², and % Var explained are selected to assess the model’s 
precision. Finally, the importance ranking of the variables can be visualized and the results output.

Variation Partitioning Analysis (VPA).  Variation Partitioning Analysis (VPA) is an extension of Redundancy Analysis 
(RDA) that is used to decompose the total variance or total variability in a dataset to determine the contributions of 
different factors to the variability of the data. This method helps to reveal the relationships between dependent variables 
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Table 2.  Table of urban built environment indicators.

Dimension Variable Variable Description Formula

Accessibility Choice Choice looks at the number of times a space 
appears on the shortest topological path, indicating 
how much potential a space has to attract crossing 
traffic

Ei =
1

(N – 1)(N+ 1)

N∑
J=K=1

nj1k
(
i̇
)

nj,k  � (1)

In the equation, N represents the number of node spaces, rep-
resents the number of times the shortest path from node space i 
to node space j is traversed, and represents the total number of 
shortest paths in the system.

Integration Integration reflects the degree of aggregation or 
dispersion of a space relative to other spaces in the 
system

Ii = 1
RARi

= Em
RAi

=
m[log2(

m+2
3 –1)+1]

(m–1)|D–1| � (2)

In the equation: RARi represents actual relative asymmetry, RAi 
represents relative asymmetry, Em represents the standard value 
of RAi to RARi after processing, and m represents the number of 
node spaces in the system.

Road density Total length of roads per square kilometer of land D = L/M  � (3)
D represents road density, L represents the total length of roads 
in the area, in kilometers, and M represents the area of the 
region, in square kilometers.

Betweenness Calculating the average shortest path length 
from each node to all other nodes in the network, 
expresses the traffic flow passing through a road 
network in spatial scale, indicating the potential for 
flow through that street segment

TPBt(x) =
∑
y∈N

∑
zϵRy

OD(y, z, x)
P(z)

links(y) � (4)

Where TPBt(x) represents the through passage degree at node 
x, the formula OD(y, z, x) denotes the number of z nodes within 
the spatial scale of radius R centered at node y, with P(z) as the 
weight of node z, and links(y) as the number of nodes within the 
R spatial scale range around node y, where R = 300.

Closeness Quantifying spatial relationships between locations 
through spatial network analysis helps to reflect the 
distance or degree of connection between places

NQPDA(x) =
∑

y∈Rx

P(y)
d(x,y) (R = 400) � (5)

Where the proximity NQPDA(x) represents the closeness at node 
x, (y) is the weight at node y, d(x, y) is the shortest topological 
distance from node x to node y, Rx is a circle with x as its center 
and R as its radius, y ∈ Rx signifies that node y is contained 
within the Rx range.

Functional POI density Six types of POIs have been determined based on 
their types: Residential (RPOI), Public Administra-
tion and Service (PPOI), Business Service (BPOI), 
Industrial (IPOI), Transportation (TPOI), and Green 
Park (GPOI). The density of each POI type is 
calculated, and based on the density of POIs, the 
dominant functions of the grid area can be deter-
mined, and the vitality of the city can be assessed.

POI density = nij/Ni � (6)
nij represents the number of POIs of type j in the i-th grid, and Ni 
represents the total number of POIs in the i-th grid.

POI diversity Type ratio for each functional POI
SHDI = –

m∑
i=1

pilnpi
 � (7)

pi represents the area proportion of type i in the entire unit, and m 
represents the total number of POIs in the unit.

Building 
form

Building 
density

Ratio of building base area to site area
BD =

n∑
i=1

mi

S  � (8)
BD represents building density, i represents a building within the 
unit, mi represents the building footprint area of the i-th building, 
and S denotes the total land area of the unit.

Floor area 
ratio

Ratio of gross floor area to site area FAR = Ar
Ai  � (9)

FAR represents floor area ratio, Ar represents the total sum of 
building areas within the study unit, and Ai represents the area of 
a single study unit.

(Continued)
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and explanatory variables in the environment, as well as the extent to which different environmental variables influence 
the dependent variable [60]. In this study, VPA is conducted using the “vegan” package in R language to determine the 
contribution rates of various elements in the built environment to changes in urban vitality.

Spatial Lag Regression model (SLR).  To address the spatial differences in urban vitality and the complex spatial 
variations, this study utilizes a linear regression method with spatial autoregressive disturbances known as Spatial Lag 
Regression Model (SLR) [61] to quantify the spatial autocorrelation of the dependent variable. The formula for the SLR 
model is as follows:

	 ln (yi) = βxi + ρwi̇jln (yj) + εi	 (3)

Where ln(yi) and ln(yj) are the logarithmic values of urban vitality for grid i and grid j respectively, xi is the vector form of 
the independent variables, β is the vector form of estimated coefficients, wijln(yj) represents the spatial lag term, wij is 
used to reflect spatial neighborhood relationships, known as the spatial weight matrix; ρ is the estimated coefficient for the 
spatial lag term, and εi is the random error term.

Analysis results

Analysis of the spatiotemporal pattern of urban vitality

ArcGIS tools were used to perform kernel density analysis on the obtained Baidu heatmap data, and the visualization of 
urban vitality for daytime and nighttime periods revealed that, overall, the urban vitality in the main urban area of Yantai 
City showed spatial and temporal dynamic changes of clustering-dispersion-clustering from 7:00–23:00. The distribution 
of high and low values of vitality during daytime and nighttime periods was spatially similar, indicating a relatively stable 
day-night variation in vitality (Fig 3).

Dimension Variable Variable Description Formula

Human 
perception

Building 
continuity

Pixel share of building walls in street view images Building continuity = Nw
M ∗ 100% � (10)

Nw  represents the number of wall pixels of the street view image, 
M represents total pixels of the street view image

Greenness Pixel share of vegetation in streetscape images Greenness =
Ng

M ∗ 100%� (11)
Ng represents number of pixels of green vegetation of the street 
view image, M represents total pixels of the street view image

Openness Pixel share of the sky in Street View images Openness = Ns
M ∗ 100%� (12)

Ns represents number of sky pixels of the street view image, M 
represents total pixels of the street view image

Visual 
richness

Proportion of elements owned in the streetscape 
image to the total number of elements

Visual richness = Nv
M ∗ 100%� (13)

Nv represents the total number of elements in view of the street 
view image, M represents total pixels of the street view image

Walkability Pixel share of pavements in Street View images Walkability =
Np

M ∗ 100%� (14)
Np represents the number of pavement pixels of the street view 
image, M represents total pixels of the street view image

Beautiful Subjective human perception scores of street view images

Boring

Lively

Safe

Wealthy

https://doi.org/10.1371/journal.pone.0343003.t002

Table 2.  (Continued)

https://doi.org/10.1371/journal.pone.0343003.t002
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From a spatial perspective, there are differences in urban vitality in the main urban area of Yantai City along the north-
south and east-west axes, with higher vitality in the north and lower in the south, higher in the east and lower in the west, 
and a high center surrounded by lower surrounding areas. The areas with highly concentrated urban vitality mainly include 
the northeastern regions such as Tongshen Street, Yuhuangding Street, and Xiangyang Street, as well as along the 
Dahaiyang Road and Airport Road, and the eastern part of Zhichu Street and the central region of Fenghuangtai Street. 
This is primarily due to a higher number of residential areas, relatively complete infrastructure, and a relatively full range 
of commercial and entertainment facilities, which strongly attract urban residents, resulting in a relatively dense population 
distribution and thus higher levels of urban vitality. At the same time, the urban vitality of the Yantai main urban area is 
also influenced by topographical factors. The central region, characterized by low vitality values, is significantly affected by 
the terrain, as it is located in a mountainous area with Huangjinding, Zhenshan, and Jinkuangding. East of Airport Road 
is Tashan, and the western edge is traversed by the Jia River. This area has a low population density, and daytime vitality 
values are low due to activities such as hiking and leisure. Nighttime vitality is extremely low. Overall, urban vitality in the 
main urban area of Yantai City tends to be concentrated in areas with high-density populations, leisure and entertainment 
hubs, and regions with developed transportation.

From a temporal perspective, the distribution of urban vitality in the main urban area of Yantai is generally similar 
between day and night, with slight differences in the levels of vitality. The daytime vitality values are relatively higher and 
have a wider distribution compared to nighttime values. At night, the vitality values show a concentrated pattern, with 
high-vitality areas almost entirely located in residential neighborhoods. This indicates that the urban vitality of the main 
urban area of Yantai is significantly influenced by the living and working habits of its residents. Further, a bivariate Moran’s 
I method is employed to explore the relationship between urban vitality during the day and night. Daytime vitality is chosen 
as the first variable, and nighttime vitality as the second variable. The results of the bivariate Moran’s I show the spatial 
autocorrelation of urban vitality at different times. Specifically, the global Moran’s I value for urban vitality between day and 
night is 0.722, and through significance testing, it indicates that urban vitality during the day and night exhibits significant 
spatial aggregation characteristics. As shown in Fig 5, urban vitality exhibits a notable high-high clustering phenomenon, 
indicating that the spatial distribution of urban vitality during the day and night generally follows the same trend. The high-
high regions are mainly distributed in areas such as Xingfu, Tongshen, Baishi, Xiangyang, Yuhuangding, and Shihuiyao 
streets, which are zones with concentrated populations in the main urban area of Yantai. The low-low vitality aggregation 
areas are primarily located in the western riverbank area along the Jia River, the central mountainous river area, and the 
northern coastal dock area. Additionally, some grid units exhibiting high-low clustering are primarily concentrated in indus-
trial land areas, aligning with the pattern of residents working during the day and resting at night.

Analysis of the relative importance of the elements of the built environment

Furthermore, to enhance the rigor of the indicator system and reduce interference with subsequent research, this study 
employed an ordinary least squares (OLS) model, utilizing tolerance and variance inflation factor (VIF) values to screen 
variables influencing urban vitality. Variables with tolerance > 0.1 and VIF < 7.5 were selected. Among the 24 initial vari-
ables, Choice and Integration were excluded, resulting in 22 retained variables (Table 3).

The random forest algorithm is used to further explore the relative importance of each element in the built environment. 
The relative importance of independent variables reflects the contribution of each independent variable to the prediction of 
results during the modeling process, and the sum of the relative importance of all independent variables is 100%. By rank-
ing the indicators in descending order of importance, a higher importance level indicates that the corresponding element 
in the built environment has a greater impact on urban vitality. Table 4 displays the performance metrics of the random 
forest regression results based on the validation dataset. Specifically, the RMSE (Root Mean Square Error) and MAE 
(Mean Absolute Error) are both less than 0.1, indicating that the difference between the predicted results of the random 
forest model and the actual results is minimal, reflecting a high level of accuracy for the model. Additionally, the R² and % 
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Var explained (overall explanatory power) are both greater than 67%, suggesting that the random forest model has a good 
fitting degree and can effectively explain the correlation between variables.

The relative importance of various elements in the built environment is measured by the impact of variables on the 
node mean square error during the node splitting process using the Random Forest algorithm. A bar graph is then plotted 
to illustrate this importance. From Fig 6, it can be observed that functional factors, building form factors, and accessibility 
factors all have a certain influence on the spatial distribution of urban vitality levels in the study area, as depicted in the 
graph.

To validate this result, further variability decomposition analysis was conducted to explore the relative contributions of 
explanatory variables in the dimensions of functionality, accessibility, building form, and human perception to the spa-
tial distribution of urban vitality. The variability decomposition analysis results indicate that the dimensions of functional 
factors, building form factors, and accessibility factors together account for the highest percentage of variance, explaining 
18.0% of the daytime and nighttime urban vitality spatial distribution (Fig 7).

Fig 5.  Bivariate Moran’I clustering plot. Note: The imagery in this map is sourced from the OpenStreetMap Open-source mapping platform (https://
openstreetmap.org). This map bears a resemblance to the original but is not identical.

https://doi.org/10.1371/journal.pone.0343003.g005

https://openstreetmap.org
https://openstreetmap.org
https://doi.org/10.1371/journal.pone.0343003.g005
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Overall, functional factors contribute more significantly to the spatial distribution of urban vitality than morphological, 
accessibility, and perceptual factors. The individual explanatory power of perceptual factors is relatively low, which aligns 
with the findings of Ye et al.‘s study of Shenzhen, indicating that functional elements are the primary drivers of urban vital-
ity [4]. As time progresses, the importance of factors influencing urban vitality perception categories continues to increase, 
indicating the need for a more in-depth evaluation of places at a human scale [62].

In vertical spatial distribution, there are differences in the extent to which each factor of the daytime and nighttime built 
environment affects urban vitality, but BPOI, floor area ratio, building density, and proximity all show relatively high impor-
tance, and their effects are statistically significant. Further comparison of the importance of various factors in the daytime 
and nighttime built environment reveals the following results: (1) Functionality. Among all functional variables, BPOI plays 
a significantly more crucial role in shaping urban vitality than PPOI, TPOI, IPOI, RPOI, and GPOI. Its relative importance 
reaches 0.347 during the day and 0.273 at night. The diversity of POIs contributes more to shaping nighttime urban vitality 
than daytime vitality, which aligns with residents’ daily activity patterns (working during the day and engaging in dining, 
shopping, and entertainment at night). Liu et al.’s study of Nanshan District, Shenzhen, yielded a similar finding: specif-
ically, that recreational functions significantly boost urban vitality [63]. This suggests that while commercial facilities can 
enhance daytime vitality to a greater extent, the spatial agglomeration of diverse amenities serves as a crucial measure 
for promoting nighttime vitality. (2) Building Form. Floor area ratio and building density are important indicators affecting 
urban vitality, with relative importance of 0.132 and 0.179 during the daytime and nighttime respectively for floor area 
ratio, and contributions of 0.095 and 0.099 for building density to daytime and nighttime vitality. This indicates that urban 
vitality is essentially the interaction between residents and the elements of the built environment, representing the ability 
of a place to provide facilities and spatial elements to meet the residents’ activities, especially in large cities where land 
for construction is scarce, vertical growth of construction space is more important for urban vitality than horizontal growth. 
It is worth noting that the relative importance of building density is higher at night than during the day, which is related to 
the fact that the main urban area is an old town, and many young workers reside in city villages with high building density. 

Table 3.  Variable multiple covariance test.

Variable Tolerance VIF Variable Tolerance VIF

Beautiful 0.755 1.324 Closeness 0.555 1.802

Boring 0.734 1.362 Betweenness 0.762 1.312

Lively 0.565 1.770 Choice 0.095 10.537

Safe 0.536 1.865 Road area ratio 0.121 8.246

Wealthy 0.595 1.681 Integration 0.070 14.200

Visual richness 0.957 1.045 POI diversity 0.417 2.400

Bulidingcontinuity 0.287 3.480 TPOI 0.390 2.567

Greenness 0.511 1.955 IPOI 0.659 1.517

Openness 0.532 1.880 PPOI 0.256 3.908

Walkability 0.837 1.194 GPOI 0.758 1.319

Groundspaceindex 0.385 2.595 BPOI 0.146 6.861

Floorspaceindex 0.318 3.145 RPOI 0.438 2.284

https://doi.org/10.1371/journal.pone.0343003.t003

Table 4.  Random forest model performance metrics.

RMSE MAE R2 % Var explained MSR

Daytime 0.072 0.055 0.682 68.23 0.017

Nighttime 0.066 0.05 0.673 67.25 0.015

https://doi.org/10.1371/journal.pone.0343003.t004

https://doi.org/10.1371/journal.pone.0343003.t003
https://doi.org/10.1371/journal.pone.0343003.t004
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(3) Accessibility. Closeness, Betweenness, and road density are three indicators that impact urban vitality. Closeness, in 
particular, exhibits a relative importance level of 0.074 during the daytime and 0.075 at nighttime. Overall, these five indi-
cators contribute more to nighttime urban vitality than during the day. (4) Human Perception. Subjective variables related 
to human perception exhibit stronger explanatory power in the evaluation of urban vitality compared to objective variables. 
Additionally, subjective variables have a greater influence on nighttime vitality, primarily reflected in the variables of liveli-
ness and affluence.

Analysis of the relationship between built environment and urban vitality

The relationship between various factors of the built environment and urban vitality was explored through the global model 
and spatial lag regression (SLR) model under ordinary least squares (OLS) method. The Moran’s I values for daytime and 
nighttime urban vitality were 0.735 and 0.745 respectively, showing significant statistical significance at the 0.01 level. 
Therefore, the spatial lag regression model is suitable for further exploring the mechanisms influencing urban vitality. 
Diagnostic information of the spatial lag regression model is shown in Table 5, the R² values for both the daytime and 
nighttime spatial lag regression models are around 0.8, indicating that these models fit well with the relationship between 

Fig 6.  Importance of urban built environment variables a) daytime and b) nighttime.

https://doi.org/10.1371/journal.pone.0343003.g006

https://doi.org/10.1371/journal.pone.0343003.g006
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urban vitality and the built environment during both day and night. The RSE (Residual Standard Error) values are 0.103 
and 0.094, respectively, which are relatively low, suggesting high model accuracy. Furthermore, the AIC (Akaike Infor-
mation Criterion) values for both the daytime and nighttime models are also quite low, indicating that these models are 
suitable for explaining the relationship between independent and dependent variables. Furthermore, the Moran’s I test of 
SLR residuals showed a random distribution within the 95% confidence interval, indicating that the spatial lag regression 
model could effectively explain the relationship between urban vitality and its variables.

The statistical results of the coefficients in the spatial lag regression model (Table 6) indicate that the direction of 
change in the coefficients of various factors of the built environment and their relationship with urban vitality during 
the day and night show considerable similarity. The safety factor has a relatively small effect in the daytime vitality 
model, while the GPOI (Green Points of Interest) and greenery ratio factors have a limited impact in the nighttime 
vitality model. Moreover, these variables also exhibited relatively low importance in the random forest regression 
analysis.

In terms of accessibility impact, factors such as betweenness, road density, and closeness all have relatively obvious 
positive effects on enhancing urban vitality. Consistent with previous research conclusions, accessibility is an important 
indicator for evaluating urban vitality. The convenience of travel strengthens bidirectional communication between the 
local area and its surroundings, thereby attracting and consolidating urban vitality in that area.

Fig 7.  Results of VPA interpretation of the impact of different dimensions of built environment elements on urban vitality a) daytime and b) 
nighttime.

https://doi.org/10.1371/journal.pone.0343003.g007

Table 5.  Diagnostic information for spatial lag regression models.

OLR SLR

Daytime Nighttime Daytime Nighttime

R2 0.610 0.614 0.798 0.808

RSE 0.143 0.133 0.103 0.094

AIC −3518.550 −3991.160 −5396.62 −5989.16

https://doi.org/10.1371/journal.pone.0343003.t005

https://doi.org/10.1371/journal.pone.0343003.g007
https://doi.org/10.1371/journal.pone.0343003.t005
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In terms of functional impact, it can be observed that, (1) The most significant difference is that GPOI does not have a 
noticeable impact on nighttime urban vitality, while it is negatively correlated with daytime urban vitality. This supports the 
recent research results of Jiang et al. (2024) on quantifying urban form and urban vitality, as well as the conclusion that 
green patches are negatively correlated with urban vitality. This finding reveals the complex dynamics of green spaces 
in urban planning. Although green spaces are generally considered to have a positive impact on urban vitality [2], an 
excessively high proportion of large green parks may have a negative effect on urban vitality. This could be due to the 
fragmentation and regionalization of urban space caused by a large number of green patches, reducing opportunities for 
social and cultural interactions among city residents, thus weakening the overall urban vitality. IPOI is positively correlated 
with daytime urban vitality and negatively correlated with nighttime urban vitality, while RPOI and GPOI exhibit exactly the 
opposite relationship. This aligns with residents’ daily work habits, where factories or industrial parks operate during the 
day and rest at night, and residents leave their homes during the day and return home at night, often choosing to go out 
for leisure and relaxation. (2) BPOI exerts a significant positive effect on urban vitality, while PPOI also demonstrates a 
certain positive effect, with both exhibiting weaker impacts at night than during the daytime. POI diversity shows a positive 
influence on urban vitality, aligning with the finding by Sun et al. in their Nanjing study that “the diversity of service facilities 
has a substantial positive effect on urban vitality [64].” Furthermore, this study reveals that its positive effect is stronger 
at night than during the day. This is consistent with the importance results from the random forest model, indicating that 

Table 6.  Spatial lag regression coefficients of built environment factors during day and night time.

Type Independent variable Daytime coefficient Standard deviation Nighttime coefficient Standard deviation

hysteresis coefficient 0.7040 0.0140 0.7245 0.0137

constant −0.0002 0.0040 −0.0069 0.0036

Human perception Building continuity 0.0331 0.0431 0.0719 0.0395

Greenness −0.0008 0.0357 −0.0123 0.0324

Openness 0.0736 0.0307 0.0845 0.0280

Walkability 0.0216 0.0303 0.0247 0.0277

Visual richness 0.1116 0.1020 −0.0326 0.1019

Beautiful 0.1101 0.0583 0.0941 0.0534

Boring −0.0432 0.0612 −0.0103 0.0559

Lively 0.2052 0.0920 0.2685 0.0838

Safe 0.0086 0.0901 0.0105 0.0820

Wealthy 0.0792 0.0822 0.0967 0.0755

Accessibility Choice 0.2629 0.1251 0.1308 0.1140

Integration 0.4441 0.1196 0.2104 0.1090

Road density 0.2783 0.0448 0.1969 0.0409

Closeness 0.0266 0.0240 0.0912 0.0243

Betweenness 0.0174 0.0160 0.0207 0.0159

Functional BPOI 0.3862 0.0784 0.3661 0.0716

IPOI 0.0262 0.0811 −0.0413 0.0740

TPOI −0.1895 0.0551 −0.1924 0.0503

RPOI −0.0677 0.0461 0.0556 0.0421

GPOI −0.0345 0.0482 0.0062 0.0440

PPOI 0.1768 0.0633 0.1625 0.0578

POI diversity 0.1818 0.0135 0.2041 0.0123

Building form Building density 0.0562 0.0160 0.0259 0.0145

Floor area ratio 0.1419 0.0381 0.2173 0.0349

https://doi.org/10.1371/journal.pone.0343003.t006

https://doi.org/10.1371/journal.pone.0343003.t006
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while BPOI can enhance urban vitality, only mixed-use neighborhoods can maximize urban attractiveness by attracting 
population, promoting the development of commerce and industry, and providing opportunities for communication and 
interaction. In general, functional indicators such as BPOI, POI diversity, and PPOI can effectively enhance urban vitality, 
and these indicators are also of high importance in the random forest model results.

In terms of building form impact, floor area ratio, and building density are strongly positively correlated with urban 
vitality. Higher floor area ratios and building coverage ratios contribute to reducing vacancy rates, providing a wider range 
of spatial use options, and increasing the variety and capacity of continuous activities, thereby promoting an increase in 
urban vitality [4]. In their study of Lanzhou, Zhang et al. also noted that greater development intensity and higher building 
density are more conducive to enhancing urban vitality [65].

Subjective perceptual variables have both positive and negative correlations with urban vitality, but they are increas-
ingly important for nighttime urban vitality. Boring has a weak negative correlation with urban vitality, indicating that 
residents tend to go to lively places. Safety has a positive correlation with nighttime street vitality, as a safe nighttime envi-
ronment can promote nighttime street vitality, making it more impactful at night. Attributes such as liveliness, beauty, and 
prosperity have a positive impact on both daytime and nighttime urban vitality, suggesting that improving the appearance 
and prosperity of the streets can be an effective way to enhance urban vitality.

Discussion

Although existing literature has explored the impact of the built environment on urban vitality, this study offers new 
insights. In urban renewal, to enhance urban vitality, it is essential to identify and understand the spatial and temporal 
needs of residents’ daily activities, while also ensuring equitable policies based on individuals, time, and location, so as to 
improve the relevance and effectiveness of urban renewal (Fig 8).

Firstly, compared to other built environment characteristics, the functional dimension is the most crucial aspect in 
enhancing urban vitality during both day and night. BPOI, POI diversity, and PPOI are the variables contributing the most 
to various urban functions and are also the focus of urban designers. Wu et al. have shown that in communities with a 
high proportion of residential land use, diversity in land use functions is essential. Land use diversity refers to the degree 
of combination of different types of land use in a specific area, and urban vitality is closely related to land use diversity. 
Mixed land use patterns can create various activity opportunities for residents, businesses, etc., leading to a vibrant urban 
environment. The positive correlation between land use diversity and urban vitality has been widely recognized in previ-
ous studies. For instance, research indicates that communities with high functional diversity are conducive to walking and 
biking, stimulating more social interaction and stronger community awareness, all of which contribute to enhancing urban 
vitality [18,28]. From this, it can be seen that, a higher degree of mixed land use can also lead to more effective land use, 
improve environmental governance, and help establish a more sustainable and livable city [66,67], in light of this, we 
should actively explore ways to enhance and increase the quality of living facilities in urban planning and construction. For 
instance, we can carry out comprehensive renovations of old communities such as Happy New Town and urban villages, 
and improve public service facilities around residential areas, including education, healthcare, and elderly care. Many 
previous studies have primarily focused on functional diversity as a key indicator of functional metrics, while neglecting 
to identify which specific functions play the most critical roles among various urban functionalities. Therefore, this study 
incorporates the density of various functional Points of Interest (POIs) as a metric. The results indicate that in the main 
urban area of Yantai, Business POIs (BPOIs) are the most significant type of function contributing to urban vitality. This 
suggests that areas rich in commercial facilities, particularly various commercial centers, can greatly satisfy people’s daily 
shopping and consumption needs, while also addressing their requirements for dining, leisure, and social interactions. 
Consequently, these areas attract substantial foot traffic and make the greatest contribution to urban vitality. This implies 
that in mixed-use urban functions, commercial functions play a dominant role. By developing commercial facilities to 
attract foot traffic, it can subsequently promote the construction of other functional facilities and drive urban development, 
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thereby maximizing urban vitality. Compared to form characteristics that have long-term impacts on human perception and 
behavior [68,69], functionality reflects current human needs in the short term. Unlike the physical form of a city, functional 
features are easier to change in urban design practice. Government agencies and planners can foster new urban func-
tions through urban renewal, allowing for mixed-use development and compatibility of functions, especially in the con-
struction of commercial facilities, generates synergistic effects among these functional areas, thereby meeting people’s 
diverse needs for physical space.

Spatial accessibility measures the potential of a space to attract transportation access, with higher accessibility 
leading to stronger urban vitality. It can influence the development patterns, functional layout, and resource allocation 
of a city by affecting people’s choices of various activity locations, thereby impacting the economic, commercial, cul-
tural, public spaces, and amenities development of the city. In the accessibility indicators, the importance of proximity 

Fig 8.  Mechanism for enhancing the vitality of built environment elements.

https://doi.org/10.1371/journal.pone.0343003.g008

https://doi.org/10.1371/journal.pone.0343003.g008
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and choice during the day and night is relatively higher than that of integration and permeability, which is contrary to 
the findings of Wu et al. This discrepancy may be attributed to the road system in Yantai’s main urban area. Although 
the road network in Yantai’s main urban area is dense and offers good accessibility, most of the roads have low clas-
sifications and there are many T-junctions, resulting in weak connectivity and insufficient ability to attract pedestrian 
traffic. Therefore, urban planners and decision-makers should prioritize investments in transportation infrastructure 
and services during urban renewal efforts, further optimizing the road network structure in Yantai’s central urban area. 
This includes addressing dead-end roads and T-junctions, implementing intersection channelization, enhancing overall 
traffic capacity, and promoting compact, multifunctional, and walkable communities to improve accessibility and foster 
urban vitality [33].

Higher building density and floor area ratio promotes economic activities and social interactions in cities. The wider 
the spatial extent of human activities, the greater the capacity to accommodate more people and buildings, leading to 
increased urban vitality, which is consistent with previous research findings [3,33]. Therefore, as a pilot city for urban 
renewal, Yantai should upgrade and renovate the old buildings in traditional commercial districts, adjust their functional 
usage, encourage the development of high-rise buildings with diverse functions, create varied and vibrant public spaces, 
and make full use of both the horizontal and vertical space of existing land to enhance urban vitality.

The method of measuring residents’ perceptions from a human-scale perspective provided in this article can offer 
more accurate implementation suggestions for urban renewal efforts. The street environment related to the subjective 
and objective variables of the human perception dimension are potential focus areas for enhancing future urban vital-
ity. Integrating street view images to comprehensively evaluate the built environment can help address the need for 
micro-updates in cities and provide precise support for street environment improvements. Green environments support 
better experiences and aesthetics for pedestrians; however, urban greening should take residents’ visual experiences 
into account. Overly abundant greenery can instead lead to a feeling of dullness and insecurity, causing residents to stay 
away, the site should provide a variety of interface elements while ensuring residents have access to green landscapes, 
novel visual experiences, and diverse functional experiences to attract pedestrian traffic. Establishing complete and con-
tinuous sidewalks and improving local pedestrian-related facility attributes can significantly promote walkability, enhance 
urban vitality, and increase safety. At night, residents rely more on their perception of the surrounding environment and 
accessibility, while street safety facilities such as fences and street lights, as well as life service facilities, have a crucial 
impact on pedestrians’ psychological safety, residents tend to prefer places that are safer, more open, and less enclosed 
[70]. Therefore, urban planners should focus more on the micro level during urban renewal efforts, further integrating the 
“people-centered” concept into the process. Enhancing the safety and accessibility of green public spaces is crucial for 
promoting nighttime vitality.

Conclusion

During the transitional phase from incremental outward expansion to stock-based intrinsic renewal in urban development, 
precise identification of the spatial patterns of urban vitality under a human-oriented perspective and an in-depth explora-
tion of the underlying mechanisms through which the built environment influences it serve as a foundational prerequisite 
for scientifically enhancing urban vitality. In light of this, this research, leveraging geospatial big data and related analytical 
techniques, measured urban vitality based on the spatiotemporal attributes of urban residents’ daily activities. It con-
structed a comprehensive impact indicator system for the urban built environment, encompassing multiple spatial dimen-
sions, and integrated relevant theoretical and empirical studies. The primary findings are as follows:

(1)	  The integrated use of multi-source geospatial big data can identify the spatiotemporal differences between daytime 
and nighttime urban vitality. Combining the Random Forest model and Spatial Lag Model enables a precise analysis of 
the complex impact mechanisms of multidimensional built environment elements on urban vitality.
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(2)	 Urban vitality in Yantai’s central city exhibits a composite spatial structure combining “polycentric” and “cluster-based” 
patterns, demonstrating significant positive spatial autocorrelation. This is primarily manifested as spatially segregated 
clusters of “high-high” and “low-low” agglomerations.

(3)	 Urban vitality results from the unbalanced allocation of multidimensional elements, including functionality, accessibil-
ity, building morphology, and human perception. Functionality is the most critical dimension influencing both daytime 
and nighttime vitality, with the direction and intensity of influence from different functional factors showing marked 
heterogeneity between day and night due to variations in activity demands. Within accessibility, road density, choice, 
and integration positively promote urban vitality. In building morphology, floor area ratio and building density have a 
significant positive impact on vitality agglomeration, particularly more pronounced at night. Regarding human percep-
tion, subjective perception exerts a greater influence on vitality than objective perception, with its role in enhancing 
nighttime vitality becoming increasingly important.

This article incorporates subjective and objective perception variables of human perception into the study of the impact 
mechanism of urban vitality. It uses random forest and spatial lag regression models to explore the complex dynamic 
relationships between various variables of the built environment and urban vitality. This study has significant reference 
value for expanding the theoretical understanding of urban vitality, improving quantitative analysis methods, and guiding 
practical applications. In the future, leveraging multidimensional geographic big data to construct a vitality model covering 
spatiotemporal attributes of activities will help identify the spatial pattern of urban vitality comprehensively. This will open 
up innovative paths for integrating top-down multiscale studies on urban vitality and provide scientific references for the 
fine optimization of people-oriented urban vitality.
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