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1. Research background

Under the dual pressure of the functional saturation of the
central city and the backward development of the urban
fringe, the orderly disintegration of urban space to the
fringe has become an important topic in the spatial
reconstruction of megacities, and the urban fringe has
gradually become the focus of urban planning and spatial
reconstruction. As extensions of the city, urban fringe areas
exhibit significant changes, strong development mo-
mentum, and characteristics of dynamism, cyclicity, and
complexity (Liu, 2022). Studies have shown that enhancing
the attractiveness of urban fringe areas to populations has
become a key strategy for megacities and large cities to
alleviate population pressure in central urban areas (Long
et al., 2023). Street vitality has emerged as an essential
indicator for evaluating population attractiveness and sus-
tainable development potential (Li and Pan, 2023). As sig-
nificant public spaces, streets in urban fringe areas play a
crucial role in fostering social interactions, commercial
activities and improving residents’ quality of life. During
the rapid urban expansion, urban fringe areas have gradu-
ally developed large-scale, functionally integrated com-
mercial districts. The internal streets of these districts
exhibit high functional mixing and strong potential for
human activity, while also possessing clear boundaries and
stable spatial structures—making them ideal settings for
systematic and quantitative studies on the mechanisms of
street vitality (Fei, 2019). Focusing on such spaces not only
facilitates the exploration of vitality characteristics at the
street scale but also highlights the unique contribution of
commercial space to enhancing vitality in urban fringe
areas, thereby providing valuable insights for the orderly
renewal of fringe street spaces.

Streets serve as primary public spaces in cities, providing
venues for walking, socializing, working, shopping and
entertainment, thereby supporting urban diversity and vi-
tality (Li et al., 2024a). Street vitality primarily pertains to
the social vitality dimension of urban vitality, manifesting
as various human activities in street spaces (Guo et al.,
2021; Li and Lin, 2023). It can be measured by the num-
ber of people present on the street or the intensity of
crowd activities (Gehl, 2001). The built environment of
streets refers to the physical and spatial characteristics of
the street and its surroundings, which provide spaces for
and influence human activities. Existing research has
confirmed that the formation and evolution of street vi-
tality are closely linked to the built environment (Li and
Pan, 2023), making the relationship between the built
environment and street vitality a crucial topic in geography
and urban planning (Liu et al., 2023). Numerous studies
have explored different aspects of street vitality, including
measurement methods, spatiotemporal variation charac-
teristics, the construction of built environment indicator

583

systems, and the mechanisms through which the built
environment influences street vitality (Jiang et al., 2022;
Wu et al., 2022a; Zou et al., 2023). However, most
scholars have relied on traditional regression analyses to
establish linear relationships (Gou and Wang, 2011; Li
et al., 2021), thereby overlooking localized nonlinear re-
lationships and interaction effects among built environ-
ment factors. Although some studies have begun to explore
the nonlinear relationship between the built environment
and street vitality (Guo et al., 2021; Wu et al., 2022b; Yang
et al., 2023), this research is still in its early stages.
Meanwhile, current measurements of street vitality lack
high-precision methods based on high-frequency mobile
data, such as mobile phone signaling, that can cover wider
spatial areas. Moreover, street vitality research tends to
focus on central urban areas or historical districts, with
insufficient attention given to urban fringe areas.

Against this background, this study selects typical com-
mercial districts in the urban fringe areas of Wuhan as the
research area, using internal streets as the basic unit to
examine how built environment factors influence street
vitality within fringe commercial districts. First, mobile
signaling data is used to measure street vitality, and a built
environment indicator system is constructed based on the
*“5D” elements of the built environment. Then, XGBoost
(eXtreme Gradient Boosting) and LightGBM (Light Gradient
Boosting Machine) algorithms are employed to build
models, while the SHAP (SHapley Additive exPlanations)
interpretability algorithm is applied to explain the machine
learning results. This enables an analysis of the nonlinear
impacts of various built environment indicators on street
vitality across different time periods, as well as the inter-
action effects among these indicators. Finally, hierarchical
clustering is used to divide the types of street vitality, thus
depicting the formation mechanism of street vitality in
commercial districts in detail. On this basis, this study puts
forward strategies to improve the vitality of the streets in
the fringe areas, and provides reference for the refined
design of the streets in the urban fringe areas of Wuhan.

2. Literature review

2.1. Urban fringe areas

In 1936, Louis (1936) formally introduced the concept of
urban fringe areas from the perspective of urban ecology,
building upon the theories of garden cities and concentric
zone models. In 1980, Gu and Xiong (1989) introduced the
concept of “urban fringe areas” to China. Since then,
numerous scholars both domestically and internationally
have conducted extensive research on related concepts,
and it is generally believed that urban fringe areas are
complex transitional zones that exhibit both urban and
rural characteristics (Xie and Fu, 2023). Research on urban
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fringe areas primarily focuses on spatial structure and
functional evolution (Sui and Lu, 2021), socio-economic
characteristics (Zhao and Wan, 2021), ecological and envi-
ronmental issues (Guan et al., 2022), land use and planning
policies (Feng et al., 2022), and urban-rural integration and
social governance (Luo et al., 2024), with the delineation of
urban fringe areas being a key area of interest for scholars.
Early definitions of urban fringe areas in China were pri-
marily based on administrative boundaries (Cui and Wu,
1990). With the development of quantitative analysis
methods, Li and Bai (2005) used a comprehensive analysis
method to analyze the gradient changes of various in-
dicators in urban space, thereby delineating the urban
fringe area. Similarly, Ju et al. (2019) evaluated land use
intensity using the impervious surface index and applied
the maximum entropy threshold method to determine the
inner and outer boundaries of the urban fringe area in
Haikou. Zhou et al. (2017) adopted an indicator system
comprising impervious surface cover, landscape fragmen-
tation, and population density, using information entropy
and sliding t-detection methods to identify the urban fringe
area in Xi’an. The identification of urban fringe area
boundaries provides a solid foundation for further research
in this field.

A study (Xu et al., 2024) pointed out that vitality
assessment provides a new perspective for addressing the
issues in urban fringe areas. Based on the identification of
the urban fringe area in Hangzhou, the study explored the
vitality levels of Hangzhou’s urban fringe from two di-
mensions: population vitality and spatial vitality. As a dy-
namic transitional area, the vitality assessment of the
urban fringe is crucial for understanding the socio-
economic characteristics, ecological conditions and resi-
dents’ quality of life in this region. Therefore, strength-
ening the quantitative evaluation and research on urban
fringe vitality is of significant theoretical and practical
value for promoting sustainable urban development, opti-
mizing urban spatial structure and advancing urban-rural
integration. However, the research on vitality assessment
in urban fringe areas is still noticeably underdeveloped.

2.2. Identification of commercial streets

Commercial districts in urban fringe areas play a key role in
driving economic growth, alleviating pressure on core
areas, and shaping the city’s image. These districts not only
attract investment and provide job opportunities, but also
alleviate congestion in the core areas. Additionally, through
planning and design, they enhance the appeal of fringe
areas. Fully utilizing the potential of commercial districts is
crucial for achieving sustainable development in urban
fringe areas and enhancing the overall competitiveness of
the city. Large-scale, integrated, and diverse commercial
facilities in these districts attract significant foot traffic,
increasing street vitality and becoming important support
points for economic and social activities. Most studies use
Points of Interest (POI) data to identify commercial dis-
tricts, but various identification methods are employed.
Wang et al. (2015) used basic unit division and K-means
clustering for functional type classification. Cui et al.
(2020) combined kernel density analysis with contour tree
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extraction to identify commercial centers. Yang et al.
(2019) used intersection commercial kernel density and
the three standard deviation method to extract commercial
district boundaries. Numerous studies have shown that
kernel density analysis is an effective and accurate method
for identifying commercial districts. Therefore, this study
employs kernel density analysis to identify the commercial
district areas in urban fringe zones, using the streets within
these areas as the research subjects.

2.3. Concept and measurement of street vitality

The concept of “vitality” was first introduced in geography
for urban-scale studies. Jane Jacobs argued that urban vi-
tality primarily stems from interpersonal interactions and
the diversity generated by the interweaving of activity
spaces within the city (Jacobs, 1961). Building on this, Maas
(1984) emphasized the importance of social interaction and
commercial-cultural resources for urban vitality. Streets, as
fundamental spatial units connecting various urban spaces,
play a crucial role in shaping urban form and public space.
They serve multiple functions, including transportation,
commercial activity, and social interaction, and are key
spatial carriers of urban vitality (Gong et al., 2019; Huang
et al., 2023). While traditional research in architecture
and urban planning has mainly focused on visual aesthetics,
spatial form, and traffic efficiency (Li et al., 2024a), the
built environment itself does not directly generate vitality;
rather, it provides the setting for human activities (Zhou
et al., 2019). Therefore, understanding street vitality re-
quires examining the interaction between physical space
and human behavior (Yang et al., 2023). Although there is
no unified definition of “street vitality,” most studies re-
gard it as the presence of dense populations and concen-
trated activities along the street (Niu et al., 2022; Wu
et al., 2021), reflecting the attractiveness of the physical
environment to people. In other words, street vitality can
be seen as the outcome of interactions between the built
environment and human behavior (Marcus, 2010; Lyu et al.,
2025). It manifests externally in two dimensions: tempo-
rally, as the variation and continuity of crowd activities
over time; and spatially, as the intensity and distribution of
crowd activities in space (Wei and Wang, 2024). A highly
vital street is thus characterized by spatiotemporal conti-
nuity in both human flow and activity.

The measure of street vitality should include the resi-
dent population density in a specific time period and a
specific spatial range (Si et al., 2021). In the previous
qualitative and descriptive research, field survey, ques-
tionnaire survey and cognitive map are usually used. With
the widespread use of big data and the development of
communication technologies, multi-source data, such as
Baidu heat maps (Min and Ding, 2020), LBS data (Niu et al.,
2019), mobile signaling data (Long and Zhou, 2016), and
social media data (Hu et al., 2014), have gradually been
applied to the measurement of street vitality. Compared to
other data sources, mobile signaling data has the advan-
tages of large-scale coverage, real-time availability,
authenticity, accuracy, and relatively low cost, making it an
ideal data source for street-level studies. Therefore, this
study uses mobile phone signaling data to improve the
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accuracy of street vitality measurement, which makes up
for the shortcomings of traditional methods in small sample
size, small coverage and difficult to reflect the real dy-
namic activities of the crowd.

2.4. The influence of the built environment on
street vitality

Research on how the built environment stimulates street
vitality can be traced back to the 1960s. Jane Jacobs
argued that density, diversity, small blocks, and old build-
ings collectively contribute to street vitality. Gehl (2001)
found that factors such as street width and length,
interface diversity, motor vehicle traffic volume, and
indoor-outdoor elevation differences influence pedestrian
activity. Katz (1994) examined the impact of compactness,
walkability, functional mix, and building density on street
vitality. The widely accepted notion that the built envi-
ronment affects street vitality has guided the spatial
design of streets. A substantial body of research has been
dedicated to uncovering the relationship between the built
environment and street vitality. In 2008, Cervero et al.
developed the “3D" built environment indicator system,
which includes density, diversity and design. Later, Ewing
et al. expanded this framework by distance to transit and
destination accessibility, forming the “5D” built environ-
ment indicator system, which has provided a strong foun-
dation for built environment measurement in both
domestic and international studies. For instance, Li and Pan
(2023) constructed a "5D” built environment indicator
system and found that while commercial and public service
facilities are crucial for enhancing street vitality, a high
degree of functional mixing does not significantly boost
street vitality.

With advancements in computer vision technology, some
researchers have incorporated three-dimensional built
environment elements into indicator systems using street
view data (Si et al., 2021). Visual perception plays a critical
role in understanding space and significantly influences
human activity within spatial environments. Existing
studies have employed semantic segmentation models to
process street view data from mapping platforms,
extracting three-dimensional built environment features
for assessing street environmental quality (Zhang et al.,
2019), analyzing their correlation with vitality (Li and Lin,
2023; Li et al., 2022), and classifying street spaces (Gong
et al., 2019). Therefore, this study utilizes street view
data to quantify certain built environment indicators within
the design dimension.

2.5. Machine learning methods for uncovering
nonlinear relationships and synergistic effects

Advancements in machine learning and interpretability
methods have made it possible to study the complex rela-
tionship between the built environment and human activ-
ities. Models such as XGBoost overcome the limitations of
linear assumptions, providing diverse tools for exploring
nonlinear relationships. The data-driven nature of machine
learning models enables researchers to gain insights
directly from empirical data without relying on prior
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assumptions. These models can handle high-dimensional
data, making them crucial for uncovering new relationships
between street vitality and the built environment and for
revealing their intricate interactions. However, such
models are often regarded as “black boxes”, making it
difficult to interpret internal variable contributions. To
address this issue, Lundberg and Lee (2017) proposed the
Shapley Additive Explanations (SHAP) framework, an
interpretability tool for machine learning models. SHAP
accurately explains the contribution of each feature vari-
able to model predictions, offering both global model in-
terpretations and local feature explanations. In the field of
urban planning, numerous studies have applied machine
learning methods. Zhang et al. (2024) revealed the complex
nonlinear relationship between urban vitality and built
environment indicators in both suburban new towns and
central urban areas. Xiao et al. (2021) used multi-source
data from 166 metro station areas in Shenzhen to
construct a gradient boosting decision tree model, uncov-
ering the nonlinear and synergistic effects of transit-
oriented development (TOD) on urban vitality. Therefore,
this study employs machine learning models to investigate
the nonlinear relationship between street vitality and the
built environment. By addressing the challenges of
nonlinear effects, variable interactions, and multi-
collinearity—issues that traditional regression models
struggle with—this approach enhances both predictive ac-
curacy and interpretability.

3. Research scope and data

3.1. Research scope and study area

Wuhan (Fig. 1), the capital of Hubei Province, is composed
of 13 administrative districts, 6 functional zones, and 153
streets, covering a total area of 8569.15 km?Z. In 2021, the
city’s socio-economic development entered a phase of
high-quality growth, with the goal of accelerating the
construction of “five centers” to build a modernized
Wuhan. At the same time, a new round of territorial spatial
planning began, proposing the development of a spatial
structure that emphasizes “optimizing the main city,
strengthening the four secondary zones, integrating urban
and rural areas, and promoting coordinated development,”
bringing new development opportunities to the urban fringe
areas.

Based on this, the study uses changes in impervious
surface area, landscape fragmentation, and population
density to delineate the fringe area. The commercial dis-
tricts in the urban fringe are identified based on POI kernel
density analysis results. This area is characterized by the
concentration of commercial facilities such as restaurants,
shopping centers, and entertainment venues, with a rela-
tively well-developed built environment that has the po-
tential to attract people to stay. It is thus representative
for studying the street vitality of Wuhan’s urban fringe
areas.

In this study, street space is regarded as the smallest
analysis unit, and it is surrounded by buildings and plants on
both sides of the street. Through topological treatment of
road network, the road is segmented at intersections, and
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the street segments between intersections are defined as
street space units. Ultimately, a total of 791 street space
units were built in the commercial district of the urban
fringe.

3.2. Research data

The data used in this study mainly includes road network
data, mobile signaling data, street view data, POI data, AOI
data, building footprint data and transportation station
data. The details, acquisition time, and data sources are
provided in Table 1.

Table 1 Data names and their sources.

Study area: urban fringe area of Wuhan.

3.2.1. Road network data

This study obtained road network data for Wuhan, which
includes road hierarchy attributes. The centerlines of pri-
mary, secondary, and tertiary roads within the study area
were extracted and subjected to topological processing.
Satellite imagery was referenced for verification and cross-
checking, and road networks were interrupted at in-
tersections. Previous studies have indicated that a 55 m
buffer can encompass POl along streets (Long and Zhou,
2016) and is commonly used to calculate built environ-
ment indicators for streets. In this study, a 55 m buffer zone

Data name Data content

Data source

Road network data

Mobile signaling data
130 m x 150 m resolution

Street view data

2023 Wuhan city road network data
September 2023 Wuhan city mobile signaling data with

May 2024 street view data for Wuhan’s urban fringe areas

OpenStreetMap
China Unicom Operator

Baidu Street View Map Open

Platform
POI data 2022 Wuhan city spatial data points for commercial, living, Amap
education, culture, medical, sports, and bus stations
AOIl data 2024 Wuhan city land use attribute data for shopping, Baidu Map

medical, living, and leisure areas
2024 building footprint lines and base area
Subway, bus, and BRT station data

Building footprint data
Transportation station data

Self-drawn images, Baidu Map
Baidu Map
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was created along both sides of the road centerline,
thereby defining street space units.

3.2.2. Mobile signaling data

Mobile signaling data is generated through the exchange of
information between mobile phone terminals and base
stations, encompassing various types of information that
can be used to infer user spatial distribution and trajectory
patterns. After data processing, the average number of
staying people in each time period for statistical grid cells is
calculated. The number of people staying in each street
unit and the staying population density are then computed
based on the area ratio between street units and grid cells.
This is used to represent the intensity of population activ-
ity, and appropriate measures have been taken to handle
the privacy attributes of the data.

3.2.3. Street view data
Street view data is a type of geographic spatial data
captured from a street-level perspective, encompassing
images or videos of urban streets, buildings and other
features. It provides an intuitive representation of the
urban spatial layout and environment, collected by street
view vehicles, drones and other equipment. This data is
widely used in urban planning, transportation and other
fields. Considering that Baidu Street View is frequently
updated, 19,699 sampling points were selected along the
road network of Wuhan’s urban fringe area at 100 m in-
tervals. Using Python, the URLs were constructed to call the
Baidu Street View API to retrieve 19,699 street view images
(512 x 512 pixels, JPG format). These images were then
processed using the Deeplab v3+ semantic segmentation
algorithm to calculate the area ratios of 19 factors.
DeepLabV3+ is an improved algorithm developed by
Google in 2018 based on DeeplLabV3, which integrates
features using decoders and dilated convolutions to capture
multi-scale information. This algorithm has been widely
applied across various datasets. To train and optimize the
DeepLabV3+ model for semantic segmentation in urban
street scenes, especially in complex environments, this
study used the Cityscapes dataset (including both fine and
coarse annotations), enhancing the model’s accuracy in
recognizing and segmenting urban street scenes.

3.2.4. POI data and AOI data

The POI data consists of 111,991 open-source POI data
points from Gaode, collected in 2022. In addition, the study
also utilizes 24 types of AOI (Areas of Interest) data, which
provide a more comprehensive reflection of the spatial
characteristics and service capabilities of geographic en-
tities. By combining these two datasets, a more holistic
analysis of the spatial characteristics of the urban fringe
area and their impact on street vitality can be conducted.
Both POI and AOI data are converted into the WGS-84 co-
ordinate system to ensure data consistency.

3.2.5. Building footprint data and transportation station
data

The building footprint data represents the geographical
shape and location of buildings in vector format, including
boundary outlines and geographic coordinates. This data is
sourced from Bing Maps and manually verified for
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accuracy. It is used to study the relationship between
building-related indicators and street vitality. The trans-
portation station data records the locations and informa-
tion of public bus stops, subway stations and other
transportation hubs. In this study, the distance between
streets and transportation stations is used as a key indi-
cator to evaluate street vitality.

4. Research methodology

4.1. Technical approach

This paper follows a technical approach of defining the
research scope, data collection, indicator extraction, ma-
chine learning model prediction and explanation, and
street vitality formation mechanism explanation, sequen-
tially analyzing the complex nonlinear relationship be-
tween the built environment and street vitality (Fig. 2). The
key steps are as follows: First, the study area is defined as
the commercial districts in the urban fringe areas of
Wuhan, based on which street units are delineated. Sec-
ond, using multi-source big data, built environment fea-
tures at the street level are extracted as independent
variables across five dimensions—density, diversity, design,
distance to transit, and destination accessibility. Mean-
while, mobile phone signaling data at the street scale are
used to quantify street vitality as the dependent variable.
Third, a non-linear prediction model is constructed using
Python programming and machine learning techniques.
Fourth, the SHAP method is employed to explain and visu-
alize the model results. Fifth, targeted planning strategies
are proposed based on the street vitality formation
mechanism.

4.2. Method for defining the study area

4.2.1. Method for delimiting the edge zone

Drawing on previously published delimitation methods
(Long et al., 2023), this study defines the urban fringe area
using spatial overlay analysis, considering the inflection
points of impervious surface ratio, landscape fragmentation
and population density thresholds. First, the preliminary
defined areas based on the inflection points of impervious
surface ratio and landscape fragmentation are spatially
overlaid. The overlapping areas are directly identified as
the urban fringe zone, while the non-overlapping areas are
further filtered and determined based on population den-
sity thresholds.

4.2.2. Method for identifying commercial districts

This study identifies commercial districts based on com-
mercial POl data. The kernel density analysis tool in ArcGIS
is used to calculate the commercial facility kernel density
values within the urban fringe area, generating a kernel
density surface. Then, the three standard deviation method
is applied to extract the boundaries of commercial districts.
Following the criteria in the “Wuhan Commercial Site
Layout Plan (2016—2020),” which specifies that the area of
a municipal commercial center should be greater than
25 ha, regions with an area smaller than 25 ha are excluded
from the analysis.
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Fig. 2 Technical approach diagram.

4.3. Variable selection

On the level of street vitality measurement, this study
takes mobile phone signaling data as the representation
data of street vitality dependent variables. Although mo-
bile phone signaling data has limited coverage of non-users
and specific groups (e.g., children and the elderly), the
Technical Guidelines for the Application of Mobile Signaling
Data in the Field of Natural Resources recommend an
expansion method based on operator market share and
regional penetration rates to correct sample-population
deviations and improve accuracy. With its high
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spatiotemporal resolution, dynamic tracking ability and
broad coverage, mobile signaling data serves as a key and
reliable source for street vitality research. The measure-
ment of street vitality includes the density of staying pop-
ulations within a specific time period and spatial range.
Based on this, the study first extracts the number of people
staying for more than half an hour in the 130 m x 150 m
grids of the urban fringe areas of Wuhan for the whole day
and each time segment using mobile signaling data. Then,
the number of people staying in each street unit is calcu-
lated according to the proportion of spatial area, and the
pedestrian flow density for each street unit is computed to
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represent the street vitality of each street unit. The larger
the value, the more likely people are to engage in activities
in that street, indicating stronger street vitality.

At the level of built environment measurement, this study
develops a street-scale indicator system based on the *5D”
dimensions of the built environment—Density, Diversity,
Design, Distance to transit, and Destination accessibility.
Specifically, the Density dimension captures the concentra-
tion of spatial resources such as functional facilities, build-
ings, and roads; Diversity reflects the mix and balance of
functional types, indicating the complexity of land use;
Design includes physical form, spatial interface, and traffic
safety facilities, aiming to assess the overall pedestrian-
friendly quality of the street environment; Distance to
transit evaluates the spatial connectivity between street
segments and transport facilities such as bus stops and sub-
way stations; Destination accessibility measures the ease
with which people can access public spaces and service fa-
cilities from the street, indirectly reflecting the built envi-
ronment’s support for daily activities. Based on prior
research and data availability (Wu et al., 2022a, 2022b; Yang
et al., 2023), a total of 21 built environment indicators were
selected, encompassing both two-dimensional and three-
dimensional spatial features of streets. Detailed calcula-
tion methods are provided in Table 2.

4.4. Model method

This study primarily employs two ensemble learning
methods based on Gradient Boosting Decision Trees
(GBDT)—LightGBM and XGBoost—along with the inter-
pretable machine learning algorithm SHAP to explain the
model outcomes. Compared to traditional linear regression
models, GBDT-based algorithms offer significant advan-
tages in modeling nonlinear relationships and feature in-
teractions, enabling a more accurate depiction of the
complex and heterogeneous associations between multidi-
mensional built environment characteristics and street vi-
tality (Li et al., 2024b). Moreover, in comparison to other
ensemble methods such as Random Forests, LightGBM and
XGBoost demonstrate superior performance in handling
high-dimensional data, enhancing predictive accuracy, and
improving computational efficiency (Chen and Guestrin,
2016; Ke et al., 2017), making them well-suited for this
study’s context involving multi-source spatial data and
large-scale street-level samples. During model selection,
we conducted performance comparisons among linear
regression, Random Forest, and GBDT models. The results
indicate that the GBDT models achieved higher predictive
accuracy and were thus adopted as the primary modeling
approach. The SHAP algorithm is used to interpret the
predictions of the models by calculating each feature’s
contribution to the output. This enables quantification of
variable importance, nonlinear relationships, and interac-
tion effects, thereby providing more transparent and reli-
able analytical results.

4.4.1. Basic principles of LightGBM and XGBoost

In street vitality analysis, LightGBM and XGBoost, as
gradient boosting tree algorithms, can effectively extract
useful features from complex datasets and predict and
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evaluate street vitality levels. These algorithms improve
the model’s predictive ability by constructing multiple de-
cision trees, making them outstanding in handling street
data with complex nonlinear relationships (Li et al., 2024a;
Liu et al., 2025).

LightGBM (Light Gradient Boosting Machine) uses a his-
togram algorithm to optimize feature processing. It dis-
cretizes continuous features into fixed bins, which reduces
memory consumption and computational overhead. In
street vitality analysis, this optimization enables rapid
feature processing and model training on large-scale street
datasets, such as high-frequency mobile signal data and POI
data. LightGBM’s leaf-wise growth strategy, which priori-
tizes splitting on the leaf nodes with the greatest gain, can
better capture subtle differences in street vitality, partic-
ularly in data with complex spatial distribution character-
istics. Furthermore, LightGBM’s native support for
categorical features helps to more precisely handle
different types of street facilities or activity areas, further
improving the accuracy of vitality analysis.

XGBoost (eXtreme Gradient Boosting) excels in street
vitality analysis due to its efficiency and precision. XGBoost
uses second-order Taylor expansion to optimize the loss
function, providing higher prediction accuracy when
handling street vitality data. By employing a greedy algo-
rithm to select the best features for splitting, XGBoost can
accurately capture the key factors affecting street vitality,
such as traffic density, commercial activity, and green
space distribution. XGBoost’s weighted quantile method
makes the feature partitioning process more efficient,
especially when handling a large number of features, such
as multi-dimensional street attribute data, significantly
enhancing computational speed. In addition, XGBoost’s
ability to handle missing values allows it to automatically
choose the optimal splitting method in the face of incom-
plete street data, ensuring the model’s stability and
reliability.

4.4.2. Explainable machine learning algorithm SHAP
The explainable machine learning algorithm SHAP (SHapley
Additive exPlanations) is derived from the Shapley value in
game theory, originally used to evaluate the contributions
of each participant in a cooperative game. In machine
learning, SHAP enhances model transparency by assigning a
“contribution value” to each prediction made by the
model, greatly improving the interpretability of the model
(Muschalik et al., 2024).

The fundamental principle of SHAP is its ability to
decompose the prediction results of a complex model into
the contribution values of each feature. Specifically, SHAP
takes into account the interaction effects between each
feature and other features, calculating the independent
contribution of each feature to the prediction outcome.
This method not only provides a detailed explanation of the
feature influence for each sample, but also allows re-
searchers to gain deeper insight into how the model makes
decisions in specific scenarios.

The formula for calculating SHAP values is as follows:

o= 3 PEP=B=D 155Uy~ £uts)).
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Table 2

Built environment indicators and calculation methods.

Variable

Dimension

Indicator

Formula

Calculation method
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The street vitality value V; is defined as the density of stayers within a street unit,
calculated by dividing the number of stayers by the area of the street unit. Specifically,
P; represents the number of people staying in street unit i during the study period,
extracted from mobile signaling data (with a dwell time > 30 min), and A; is the area of
street unit i (m?).

Functional density FD; represents the intensity of urban functions per unit area. N;
denotes the number of POIs within a 55 m buffer around street unit i, and 4; is the area
of the 55 m buffer zone for street unit i (m?).

Building density BD; represents the proportion of land occupied by buildings within the
street buffer zone, reflecting the intensity of spatial development around the street. B;
is the total building footprint area (m?) within the 500 m buffer of street unit i, and A; is
the area of the 500 m buffer zone (m?).

Road density RD; reflects the extent of road coverage per unit area. A higher value
indicates a denser road network, generally associated with better transportation
accessibility and street connectivity. L; is the total road length (in m) within the 500 m
buffer of street unit i, and 4; is the area of the 500 m buffer zone (m?).

The functional diversity within the 55 m buffer of a street unit reflects the variety of
business types and is measured using the Shannon Diversity Index. pg; represents the
proportion of POls of type i within street unit g, and n denotes the number of distinct POI
categories in the unit.

The functional mix within the 55 m buffer of a street unit is measured using the Shannon
Diversity Index, reflecting land use diversity. pq « denotes the proportion of AOI type k by
area within unit g, and m represents the number of AOI categories in the unit.
L_street is the length of the center line of the street (m).

The average proportion of vegetation across all sampled points within a street unit is
calculated to obtain the overall green looking ratio (GLR;), which reflects the street’s

greening level. n; denotes the number of street view image sampling points in unit i;
Agr)een represents the pixel area of vegetation in the street view image at sampling point
Jj; and A&’gtal is the total pixel area of the image at point j.

The sky openness ratio (SOR;) of a street unit is calculated by averaging the proportion of
sky area across all sampled street view images within the unit, reflecting the degree of

visual openness. Let n; denote the number of sampling points in street unit i, Agfy the

pixel area of the sky in the street view image at sampling point j, and Agftal the total
pixel area of that image.

The relative pedestrian width (RPW;) of a street unit is calculated by averaging the ratio
of the sidewalk area to the roadway area across all sampled street view images within

the unit, reflecting the continuity of pedestrian space. Let n; denote the number of

sampling points in street unit i, A7) the pixel area of the sidewalk, and AY | the pixel

area of the roadway in the street view image at sampling point j.
The pedestrian continuity (PC;) of a street unit is calculated by the standard deviation of
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the sidewalk area ratio across all sampled street view images within the unit, reflecting
the continuity of pedestrian space. Let n; denote the number of sampling points in street

unit i, A7 the pixel area of the sidewalk at sampling point j, and A, the total pixel
area of the street view image at sampling point j.

The building continuity (BC;) of a street unit is calculated by the standard deviation of
the building area ratio across all sampled street view images within the unit, reflecting

the continuity of the street’s building facades. Let n; denote the number of sampling

points in street unit i, Agzﬂding the pixel area of the building at sampling point j, and AY, |
the total pixel area of the street view image at sampling point j.
The street aspect ratio (SAR;) of a street unit is calculated by averaging the ratio of

building area to the total road width (road + sidewalk) across all sampled points within

the unit, reflecting the spatial compactness. Let AY

building d€NOte the pixel area of the

building at sampling point j, A” | the pixel area of the road at sampling point j, and AY),
the pixel area of the sidewalk at sampling point j.
The traffic safety facilities proportion (TSFP;) of a street unit is calculated by averaging

the proportion of the area occupied by traffic safety facilities (railings + poles) across all
sampled points within the unit, reflecting the level of traffic safety. Let AY and AY)

fence pole
denote the pixel areas of the railing and pole regions, respectively, at sampling point j,

and Ag))tal the total pixel area of the street view image at sampling point j.
The vehicle interference index (VIl;) of a street unit is calculated by averaging the
proportion of the area occupied by motor vehicles across all sampled points within the

unit, reflecting the extent to which motor vehicles interfere with pedestrian activities.

Let n; be the number of street view sampling points within street unit i, A, . the pixel
area of motor vehicles in the street view image at sampling point j, and Agftal the total

pixel area of that image.
Bus stop density (BSD;) represents the ratio of the number of bus stops within the 55 m
buffer of a street unit to the length of the street, reflecting the spatial concentration of
bus stops. Nj,, denotes the number of bus stops within the 55 m buffer of street unit i,
and L; denotes the length of street unit i (in m).
Distance to the nearest bus stop (Dys;) refers to the Euclidean distance from the
centroid of a street segment’s centerline to the nearest bus stop, reflecting the
proximity of public transit access. ¢; denotes the centroid coordinates of street unit i; s;
represents the coordinates of bus stop j, which belongs to the bus stop set S,.s; and
d(c;,s;) is the Euclidean distance (in m) between centroid ¢; and stop s;.
Distance to the nearest subway station (Dpetro.i) refers to the Euclidean distance from the
centroid of a street segment’s centerline to the nearest metro or BRT station, indicating
the proximity of public transit access. ¢; denotes the centroid coordinates of street unit
i; s, represents the coordinates of metro or BRT station k, which belongs to the metro/
BRT station set Spetro; and d is the Euclidean distance (in m) between centroid ¢; and
station sy.
Intersection density (ID;) refers to the ratio of the number of intersections within the
(continued on next page)
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Table 2 (continued)

Variable Dimension Indicator Formula Calculation method
accessibility density D = NI, 500 m buffer of a street segment to the area of that buffer, reflecting the connectivity of
A the surrounding street network. Ni, is the number of intersections within the 500 m
buffer of street unit i, and A; is the area of the 500 m buffer (in km?).
Open space Dopeni =min(d(¢i,Si)), Si€ Sopen Open space accessibility (Dopen i) refers to the Euclidean distance from the centroid of a

accessibility

Distance to the
nearest
entertainment
facility

Location distance

Dentj = min(d(c,-, 5m)): Sm€ Sent

Dloc,i = min(d(ch Sn)), Sn€ Sloc

street segment’s centerline to the nearest open space, such as green space or public
squares, reflecting the ease with which residents can access open spaces. c¢; denotes the
centroid coordinates of street unit i; s; represents the coordinates of open space [,
which belongs to the open space set Sqpen; and d is the Euclidean distance (in m)
between centroid ¢; and open space s,.

Distance to the nearest recreational facility (Dent ;) refers to the Euclidean distance from
the centroid of a street segment’s centerline to the nearest recreational facility,
reflecting the convenience for residents to access leisure and entertainment public
spaces. ¢; denotes the centroid coordinates of street unit i; s, represents the
coordinates of recreational facility m, which belongs to the recreational facility set Sent;
and d is the Euclidean distance (in m) between centroid ¢; and facility s,.

Location distance (D) refers to the Euclidean distance from the centroid of a street
segment’s centerline to the nearest large shopping mall, reflecting the quality of the
street unit’s locational advantage. ¢; denotes the centroid coordinates of street unit i; s,
represents the coordinates of large shopping mall n, which belongs to the set of large
shopping malls Si,c; and d is the Euclidean distance (in m) between centroid ¢; and mall
Sp-
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In the formula, N represents the set of all features in the
training dataset, S is a subset of N, f(S) is the model output
for the subset S, f,(SUJ{i}) is the model output when
feature i is added to the subset S, p is the number of fea-
tures, and x is the feature value.

The SHAP model prediction formula is as follows:

M
fX)=8Z)=9o+) 07 (2)
j=1

In the formula, f(x) represents the predicted value of
street vitality, 2}6{0,1}”' indicates whether the corre-
sponding feature is present in the decision path, M is the
number of input features, ¢, is the constant, and g; is the
SHAP value of the feature j.

SHAP can accurately quantify the contribution of each
built environment variable to the model’s base street vi-
tality value and output value, thus assessing its impact on
vitality prediction. This study combines the relevant prin-
ciples from published literature (Lundberg and Lee, 2017;
Wu et al., 2022b; Yang et al., 2023) and uses SHAP to
interpret the prediction results of the XGBoost and
LightGBM models, quantifying the influence of various built
environment variables on street vitality.

4.4.3. Model selection

Before model construction, this study first compared the
performance of LightGBM, XGBoost, linear regression, and
random forest. Taking the model selection based on the
full-day sample data as an example, we used machine
learning libraries such as Scikit-learn, LightGBM, and
XGBoost in Python 3.7 to split the dataset into a training set
(80%) and a testing set (20%), using Mean Squared Error
(MSE) as the loss function for preliminary training. To
improve model fitting performance and control overfitting
risk, 5-fold cross-validation combined with grid search
(GridSearchCV) was applied for hyperparameter optimiza-
tion. After obtaining the optimal hyperparameters for each
model, we trained the models separately and evaluated
their performance using Mean Absolute Error (MAE), Root
Mean Squared Error (RMSE), and the coefficient of deter-
mination (R?). Lower MAE and RMSE values and higher R?
values indicate better model fit. The results (see Table 3)
show that the XGBoost model performed best on the full-
day dataset.

Subsequently, based on the optimal hyperparameters of
the selected model (see Table 4) and in combination with
the SHAP algorithm, a feature importance analysis was
conducted to evaluate the nonlinear relationships and
interaction effects of variables. To reduce the random error
in the results, model training was repeated 10 times with
different random seeds, and the average feature impor-
tance and its 95% confidence interval were calculated.

Table 3  Performance comparison.

Model name R? MAE RMSE
Linear Regression 0.3104 27655.16 40125.06
Random Forest 0.4979 16674.99 26135.61
XGBoost 0.5812 14639.71 23868.60
LightGBM 0.5584 15556.21 24510.85
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Table 4 Optimal hyperparameters.

Parameter name Value
n_estimators 225
max_depth 10
learning_rate 0.0323899
subsample 0.8
colsample_bytree 0.7
min_child_weight 3

gamma 0.4268848
lambda 0.0000711
alpha 0.0000027

In addition to the full-day sample, models for other time
periods (00:00—05:00, 05:00—11:00, 11:00—17:00,
17:00—20:00, and 20:00—24:00) were also fitted using
similar procedures. The results indicate that LightGBM
performed best during the 00:00—05:00 and 05:00—11:00
time periods, while XGBoost showed superior performance
in the remaining time periods.

5. Results analysis

5.1. Spatiotemporal variation characteristics of
street vitality intensity

5.1.1. Variation characteristics of pedestrian density in
different time periods
Based on the variation of the hourly staying population
density in street units (Fig. 3), and taking into account the
urban activity rhythm, residents’ daily routines, traffic
flow, and the temporal distribution characteristics of
commercial activities, the vitality changes of the street’s
staying population in urban fringe areas are divided into
five time periods (late night, morning, afternoon, evening,
and night).

0:00—5:00 Late Night Period: During this period, the
pedestrian density is low, primarily because most residents
are sleeping, and commercial activities and traffic flow
nearly stop. Nighttime economic activities are minimal, and
except for some 24-h convenience stores or night-shift
workers, the overall street vitality significantly decreases.
Therefore, this period is defined as the valley period of
street vitality.

5:00—11:00 Morning Period: This period corresponds to
the morning commuting and peak work hours of residents.
Between 5:00—7:00, some urban functions gradually
resume, such as breakfast shops opening, and traffic flow
begins to increase. From 7:00—9:00, the morning rush hour
peaks. This period sees a gradual rise in street vitality
driven by residents’ travel activities. Before 11:00, with the
start of morning work and commercial activities, pedestrian
density continues to increase.

11:00—17:00 Afternoon Period: During this period, street
vitality remains relatively stable, reflecting the daily
routine of urban residents and commercial activities.
Lunchtime sees a concentration of people in restaurants,
leisure, and shopping activities. In the afternoon, the street
enters a relatively calm period where pedestrian traffic and
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commercial activities remain active, with daily life, work,
and leisure activities dominating the street vitality.

17:00—20:00 Evening Period: This is the peak period for
street vitality. It is closely related to residents finishing
work, school, and the concentrated start of dining and
entertainment activities. From 17:00—19:00, as vehicle and
pedestrian flow increases, the street becomes busy and
reaches its peak vitality for the day. From 19:00—20:00,
pedestrian density gradually decreases.

20:00—24:00 Night Period: With the arrival of night,
after 20:00, most residents reduce their activities, the
demand for street functions decreases, pedestrian density
drops, and street vitality rapidly declines.

This segmentation of time periods helps more precisely
analyze the dynamic characteristics of street vitality over

24-Hour variation of pedestrian density.

time. The late-night period represents the activity trough,
with vitality rising quickly in the morning due to
commuting and commercial activities. The afternoon is a
relatively stable period in terms of life rhythm. The eve-
ning reaches its peak, while vitality decreases rapidly at
night.

5.1.2. Spatial distribution characteristics of crowd
activity intensity

Based on Wuhan’s mobile signaling data, this paper vi-
sualizes and analyzes the average pedestrian density
during different time periods, indirectly revealing the
spatial distribution characteristics of street vitality
(Fig. 4). After exploring the spatial representation of

Fig. 4 Changes in staying population density at different time periods: (a) 24-h period, (b) 0:00—5:00, (c) 5:00—11:00, (d)

11:00—17:00, (e) 17:00—20:00, (f) 20:00—24:00.
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street vitality for each time period, the following findings
were made:

5.1.2.1. Static spatial distribution characteristics of
staying population flow. The static spatial distribution of
all-day staying population flow presents a “multi-area and
multi-center” pattern, reflecting significant spatial
heterogeneity and its close association with the functional
structure of the built environment. High-value areas are
mainly concentrated in the built-up areas, clustering along
urban functional axes and key districts, locally forming
several high-density patches and exhibiting a typical
“point—axis—surface” agglomeration pattern. Among
them, the “commercial—transportation” dual-core
structure is particularly prominent, with multiple relatively
high-value zones highly overlapping with commercial
districts or large commercial facilities, indicating that
commercial activities are a key driver of urban vitality.
Meanwhile, large-scale public service facilities such as
stadiums and exhibition centers also constitute important
nodes for population aggregation. In addition, staying
population flow shows a linear belt-like distribution along
major roads, forming high-value patches at transportation
hubs or road intersections. It is worth noting that some
identified commercial districts have relatively low staying
population flow, indicating that their actual vitality level
may be low.

The spatial distribution of population flow in urban
fringe areas also exhibits regional heterogeneity: in the
north, Huangpi District is a high-value area, where high
staying population zones are linearly distributed along
Julong Avenue, showing concentrated range and clear
boundaries; in the northwest, although Dongxihu District
has a generally high population flow, its spatial distribution
is more evenly spread in a planar pattern, forming only
localized high-value points around nodes such as Wuhan
Fifth Ring Sports Center; in the southwest, the staying
population in Hannan District is centripetally clustered
around Shamao New Town, reflecting a regionally central-
ized development pattern.

5.1.2.2. Dynamic spatial variation characteristics of
staying population flow. The spatial distribution pattern
of population flow in urban fringe areas remains relatively
stable across different time periods, showing the charac-
teristic of “generally consistent overall pattern, with sig-
nificant local dynamic fluctuations,” with population flow
and activity range exhibiting rhythmic changes over time.
Specifically, 0:00—5:00 is a period of low nighttime activity,
with the lowest level of population movement; from
5:00—11:00, population flow increases rapidly and activity
areas expand; between 11:00—17:00, population flow con-
tinues to increase, with activity areas further expanding
and high-value aggregation zones forming in certain areas;
from 17:00—20:00, population flow maintains a high level,
but the activity range slightly contracts, showing stronger
spatial agglomeration; from 20:00—24:00, population flow
decreases rapidly, with activity areas significantly
contracting. Overall, the dynamic variation process of
staying population flow presents a typical rhythmic
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evolution pattern of
“diffusion—agglomeration—peak—decline”.

To sum up, the spatial agglomeration pattern of resident
flow is highly related to the urban structure, and the
rhythmic change in time is related to periodic daily activ-
ities. Static distribution reveals the structural characteris-
tics of "multi-area and multi-center” and emphasizes the
comprehensive function of commerce, transportation and
public service. Dynamic evolution presents a typical change
pattern of “diffusion-aggregation-peak-fading”. The above
analysis not only enriches the understanding of the spatial
distribution of crowd activity intensity, but also provides
basic support for the subsequent study of street vitality in
commercial districts.

5.2. Relative importance of built environment
indicators

The importance ranking of built environment indicators
(Fig. 5) is based on the SHAP value calculation results. Spe-
cifically, the marginal contribution of each feature to the
predicted value of street vitality across all samples is first
computed by the model, yielding corresponding SHAP values.
Then, the absolute value of each SHAP value is taken, and the
mean is calculated for each feature. Sorting these mean
absolute SHAP values in descending order produces the
global importance ranking shown on the left side of Fig. 5.
The right side of the figure presents the local effects of each
indicator on street vitality, illustrating the actual influence
of each feature across different street samples. The vertical
axis represents the indicators, the horizontal axis represents
the SHAP values, and the color indicates the magnitude of
the feature value. Through the visualization results, the in-
fluence characteristics and time changes of built environ-
ment on street vitality are analyzed.

Looking at the overall picture for the whole day, as
shown in Fig. 5(a), the top five indicators contributing the
most to global importance are location distance, intersec-
tion density, open space accessibility, distance to the
nearest subway station, and functional density. This re-
flects that the vitality of the fringe area depends on both
the physical connection to the city center and the func-
tional layout and public space configuration within the re-
gion. A well-developed road traffic system, high-density
functional layout, and accessible open spaces can effec-
tively offset the resource disadvantages of the fringe area
compared to the core area, enhancing street vitality. In
urban fringe areas, street vitality relies more on trans-
portation connectivity and functional layout, while the in-
fluence of factors such as pedestrian continuity and
building continuity is more limited. Fringe area residents
tend to rely more on long-distance transportation, such as
cars or subways. Among the five dimensions of “density,”
“diversity,” “design,” “distance to transit,” and “destina-
tion accessibility,” the indicators that have the most sig-
nificant impact on street vitality are functional density,
degree of business format mixing, green looking ratio, dis-
tance to the nearest subway station, and location distance.
Further analysis reveals that location distance, intersection
density, and open space accessibility generally show a
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Fig. 5
17:00—20:00, (f) 20:00—24:00.

negative correlation with SHAP values, while functional
density shows a positive correlation. The distance to the
nearest subway station does not show a clear relationship
with SHAP values at a macro level.

Looking at the analysis by time period, as shown in Fig. 5
(b)—(f), location distance and intersection density have a
stable influence on street vitality across all time periods,
while the contributions of distance to the nearest subway
station, open space accessibility, and functional density
fluctuate at different times, reflecting the varying spatial
environment demands of people throughout the day. The
impact of distance to the nearest subway station is more
pronounced in the morning (5—11 a.m.), indicating that the
subway plays a significant role during the commuting peak.
Open space accessibility has a more prominent effect on
street vitality during the evening hours (5—12 p.m.),
reflecting the increased demand for leisure activities after
work. The importance of functional density is more pro-
nounced during the day (5 a.m.—5 p.m.), showing that
during this time, people’s demand for commercial, service,
and other functional spaces increases, boosting street vi-
tality. This may be related to the end of working hours,
social activities, and consumption needs. Relative pedes-
trian width, street aspect ratio, and the proportion of
traffic safety facilities are ranked relatively lower during
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each time period, but these factors still have some impact
on the local environmental quality of streets and pedes-
trian experience. Although their global contribution is
lower, they may have a local effect of promoting vitality in
specific streets and specific time periods.

5.3. Non-linear relationship between built
environment and street vitality

As shown in Fig. 6, each feature dependence plot corre-
sponds to a built environment indicator, which meticulously
depicts the nonlinear relationship between the built envi-
ronment and street vitality. In each plot, each point rep-
resents a street unit sample, with the x-axis indicating the
value of the variable, and the y-axis representing the SHAP
value, i.e., the local impact of that variable on vitality. The
GAM curve fitting the scatter plot is also included in the
figure. The portion above zero indicates a positive effect on
the dependent variable, while the portion below zero in-
dicates a negative effect.

5.3.1. Density dimension

As shown in Fig. 6(a), the increase in functional density
exhibits a clear positive correlation with the SHAP value of
street vitality. At lower levels of functional density, the
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SHAP value is generally negative, indicating that low
functional density negatively impacts street vitality. When
the functional density exceeds about 15 per hectare, the
SHAP value becomes positive, beginning to exert a positive
effect on street vitality. The promoting effect of functional
density on street vitality gradually intensifies. Once func-
tional density exceeds about 35 per hectare, the SHAP
value increases rapidly, signifying a strong positive impact
on street vitality. Additionally, the concentration of the
scatter plot suggests that the functional density within
commercial street areas in the fringe zone is generally at a
low level, indicating that there is still room for improve-
ment in this area’s functional density.

As shown in Fig. 6(b), overall, building density exhibits a
positive correlation with the SHAP value of street vitality.
When building density is less than about 0.32, the SHAP
value is negative, suppressing street vitality. When building
density is between 0.32 and 0.5, as building density in-
creases, the SHAP value rises, and its promoting effect on
street vitality becomes more significant. However, when
building density exceeds about 0.5, although the SHAP
value remains positive, it begins to level off or even slightly
decline. It indicates that at excessively high building den-
sities, the positive effect on street vitality approaches
saturation, and marginal diminishing returns may occur.

As shown in Fig. 6(c), the relationship between road
density and the SHAP value exhibits a fluctuating upward
trend, suggesting that the impact of road density on street
vitality is somewhat complex. However, overall, as road
density increases, street vitality is also enhanced, indi-
cating that a moderate increase in road density can, to
some extent, promote street vitality.

5.3.2. Diversity dimension

As shown in Fig. 6(d), the degree of business format mixing
has a positive correlation with SHAP values. When the de-
gree of business format mixing exceeds approximately 1.75,
the SHAP value becomes positive, indicating a positive ef-
fect on street vitality. Especially when the degree of busi-
ness format mixing exceeds about 2, this promoting effect
significantly strengthens. Similar to functional density, the
degree of business format mixing in the study area is
generally low, suggesting that there is still considerable
room for improvement in the business format mixing of
streets in urban fringe areas.

As shown in Fig. 6(e), when the degree of place function
mixing is low, the SHAP value is positive, contributing
positively to street vitality. However, when the degree of
place function mixing exceeds about 0.7, the SHAP value
becomes negative, indicating that a higher degree of place
function mixing suppresses street vitality. Nevertheless, as
the mixing degree increases further, the curve slightly rises
in the higher range (approaching 1.2), suggesting that under
certain extremely high mixing degrees, place function
mixing may have a positive impact on street vitality again.
When the degree of place function mixing is low, the
stronger functional specificity and concentration of people
can promote the efficient operation of specific activities,
thus positively influencing street vitality. However, when
the functions are too mixed, people’s interest in visiting
may diminish, thereby suppressing street vitality. This
result, however, may be influenced by limitations in the
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data and methodology. One limitation is the data itself.
First, the AOI data coverage is incomplete, and certain
functional categories in some areas are not recorded,
leading to an underestimation of mixing degrees. AOI
mainly reflects external outlines and cannot accurately
represent land use types and internal functions; for
example, a multifunctional area may be labeled as a single
category. Second, AOI data does not include information on
building height, meaning that buildings with small foot-
prints but high floors (such as multi-story shopping centers)
do not have their diverse functions reflected, thus under-
estimating their functional mixing. These factors result in
deviations in the calculation of place function mixing and
affect the prediction and actual relationship with street
vitality.

5.3.3. Design dimension

As shown in Fig. 6(f), the trend line of street length fluc-
tuates around 0 with SHAP values, indicating that the in-
fluence of street length on street vitality is somewhat
unstable under different conditions. This fluctuation may
be influenced by other factors, and the role of street length
in street vitality is not significant.

As shown in Fig. 6(g), when the Green Looking Ratio
(GLR) is less than 0.08, the SHAP value is greater than zero,
indicating a positive effect on street vitality, particularly
when the GLR is around 0.05, where this promoting effect is
most significant. However, when the GLR exceeds a certain
threshold, it suppresses street vitality. Research (Tong
et al., 2020) has pointed out that high green visibility usu-
ally represents a high-quality street environment, but it
does not necessarily guarantee street vitality. Excessively
high GLR may lack necessary public service facilities and
street functions, making it difficult to attract large crowds.
However, when the GLR exceeds about 0.35, street vitality
is again enhanced. This may be because streets near scenic
areas or green spaces, where higher GLR brings comfort,
attract a certain amount of foot traffic.

As shown in Fig. 6(h), when sky openness is low
(approximately between 0 and 0.06), the SHAP value is
greater than zero, indicating a promotion of street vitality.
Lower sky openness is usually associated with dense
building layouts or higher building heights, which help
concentrate commercial and pedestrian activities,
enhancing street vitality. When sky openness is in the range
of 0.06—0.17, the SHAP value becomes negative, and the
openness in this range suppresses street vitality. The reason
could be that moderate openness leads to insufficient
building density and functional support for the street. The
space becomes more open but lacks vibrancy, failing to
effectively gather foot traffic or commercial activities.
When sky openness exceeds about 0.17, the SHAP value
increases significantly, especially in the range of
0.25—0.30, where the promotion of street vitality is notably
higher. This suggests that larger sky openness provides an
open view and a comfortable public space environment,
likely attracting more outdoor activities and social in-
teractions, thereby enhancing street vitality. At this point,
the street environment becomes more pleasant, offering
greater potential for leisure, recreation, or commercial
activities. Overall, the relationship between sky openness
and street vitality follows a "U-shaped” curve. Both low
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and high sky openness contribute to enhancing street vi-
tality, while moderate openness suppresses vitality.

As shown in Fig. 6(i), relative sidewalk width shows a
negative correlation with SHAP values, indicating that a
larger relative sidewalk width is not necessarily better.
When the relative sidewalk width exceeds about 0.08, the
SHAP value turns negative, exerting a suppressive effect on
street vitality. If the sidewalk is excessively wide, it may
alter its intended function. For example, overly wide
sidewalks might be used for other purposes (such as for
street vendors or bicycle lanes), reducing their contribution
to street vitality. Additionally, overly wide sidewalks may
make people feel less secure and disconnected from the
street environment, thus reducing their willingness to
linger. This decreased interaction between pedestrians and
street buildings or shops results in a reduction of street
vitality. In contrast, moderately wide sidewalks are better
at promoting interpersonal interaction and social activity.

As shown in Fig. 6(j), an increase in pedestrian conti-
nuity has a positive effect on street vitality, meaning that
higher pedestrian continuity generally strengthens street
vitality. Continuous pedestrian zones facilitate pedestrian
movement and increase interactions and activities, thus
enhancing overall street vitality. When pedestrian conti-
nuity exceeds about 0.03, the SHAP value shifts from
negative to positive and rises rapidly. However, this positive
impact begins to stabilize when pedestrian continuity rea-
ches about 0.05, and although pedestrian continuity still
positively affects street vitality, its marginal effect
weakens beyond this point.

As shown in Fig. 6(k), the scattered distribution of street
unit sample points and the weak influence of building
continuity on street vitality result in the fitting curve
tending toward zero. The SHAP value reaches its peak
around 0.06 of building continuity, showing a certain pro-
motion of street vitality.

As shown in Fig. 6(l), when the street aspect ratio is less
than approximately 0.5, the SHAP value is positive, first
rising and then declining, overall having a positive effect on
street vitality. In this case, the relatively small aspect ratio
typically means that the street is wide and the buildings are
relatively low. This environment may provide pedestrians
with a good view and openness, improving the walking
experience. A proper street aspect ratio creates a
comfortable spatial scale that encourages more street in-
teractions and commercial activities. However, when the
aspect ratio exceeds about 0.5, the SHAP value turns
negative, indicating that the street aspect ratio suppresses
street vitality at this point. The buildings’ height relative to
the street becomes too high, narrowing the street space,
which may cause larger shadow areas or obstruct views,
creating a sense of spatial enclosure and discomfort for
pedestrians. This environment reduces people’s willingness
to stay and engage in activities on the street, thereby
suppressing street vitality.

As shown in Fig. 6(m), the proportion of traffic safety
facilities has a clear positive correlation with the SHAP
value. When the proportion of traffic safety facilities rea-
ches about 0.02, the SHAP value shifts from negative to
positive, indicating that the presence of traffic safety fa-
cilities enhances street vitality. As the proportion of safety
facilities increases further, the SHAP value continues to
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rise, demonstrating that more and better-quality traffic
safety facilities create a safer and more comfortable street
environment, offering more space and opportunities for
pedestrians and other non-motorized users, thus enhancing
street vitality.

As shown in Fig. 6(n), when the vehicle interference
index is at a low level (approximately between 0 and 0.04),
the SHAP value is negative, indicating that vehicle inter-
ference suppresses street vitality at this point. Although
vehicle interference is minimal, it may represent insuffi-
cient traffic flow, leading to fewer pedestrians and com-
mercial activities, which implies lower street vitality. When
the vehicle interference index is in the range of 0.04—0.1,
the SHAP value turns positive, indicating a certain positive
impact of vehicle interference on street vitality during this
phase. This may be because a moderate level of vehicle
activity means that the street has convenient traffic,
attracting crowds to stay and more commercial activities,
thus boosting vitality. When the vehicle interference index
exceeds about 0.1, the SHAP value stabilizes and ap-
proaches zero, indicating that vehicle interference no
longer has a significant effect on street vitality at higher
levels.

5.3.4. Distance to transit dimension

As shown in Fig. 6(0), the density of bus stops exhibits a
clear positive correlation with street vitality, especially
when the density of bus stops exceeds a critical threshold,
where the positive effect on street vitality becomes
particularly significant. When the bus stop density exceeds
about 18 stops per square kilometer, the SHAP value be-
comes positive, indicating a shift from an inhibitory effect
to a promoting effect on street vitality. This suggests that
once the bus stop density reaches a certain level, the
coverage and convenience of public transportation begin to
fully exert their influence. The density of bus stops is
generally considered an important indicator of public
transportation convenience. As the density of bus stops
increases, a larger number of people can conveniently
reach the street via the public transportation system. This
convenience typically leads to higher foot traffic, thereby
increasing the frequency of commercial and social
activities.

As shown in Fig. 6(p), when the distance to the nearest
bus stop is within about 350 m, the SHAP value is greater
than 0, and street vitality typically improves. However, this
improvement is relatively weak, possibly due to the lower
population density, insufficient infrastructure, and com-
mercial amenities in urban fringe areas, which limit the
influence of bus stops. Bus stops are usually located in areas
with concentrated foot traffic, and when the distance from
a bus stop exceeds 350 m, the SHAP value turns negative,
suppressing street vitality. The further the distance, the
stronger the suppressing effect.

As shown in Fig. 6(q), when the distance to the nearest
subway station is within about 2000 m, the SHAP value is
less than 0, and there is an inhibitory effect on street vi-
tality. Only a few streets very close to subway stations show
an improvement in street vitality. However, when the dis-
tance to the subway station is between 2000 m and 6500 m,
the SHAP value becomes greater than 0, showing a clear
promoting effect on street vitality, especially around
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3000 m, where this promoting effect peaks. Beyond about
6500 m, street vitality again experiences a negative impact.
This phenomenon may be related to the subway’s opening
time and infrastructure conditions in the study area. Sub-
way stations near the fringe area were relatively late in
terms of construction and opening, and the surrounding
vitality improvements may be constrained by delayed
regional development and infrastructure, preventing a
positive feedback loop between transportation conve-
nience and street vitality in the short term. Moreover, many
of the commercial districts in the study area are in older
urban zones, where the level of surrounding infrastructure
(such as commercial facilities and social venues) is rela-
tively low. This incomplete support service cannot effec-
tively attract large crowds, and the transportation
convenience provided by the subway has not yet been
directly converted into crowd activity and commercial
prosperity. In contrast, some commercial districts, due to
their inherent commercial appeal, can still promote street
vitality even when the subway station is located at a
greater distance.

5.3.5. Destination accessibility dimension

According to experience, high intersection density often
means denser road network and stronger traffic connec-
tivity, which should help to improve street vitality in the-
ory. However, the research findings contradict this
expectation. As shown in Fig. 6(r), intersection density in
the urban fringe area negatively correlates with SHAP
values. When intersection density is below about 10/km?,
SHAP values are positive, promoting vitality; above about
10/km?, SHAP values become negative, suppressing vitality.
Lower intersection density usually means fewer road di-
visions, allowing for a more continuous and smooth walking
experience with fewer traffic lights, potentially increasing
street usage and dwell time, thus enhancing vitality. In
contrast, higher intersection density complicates traffic
flow management and reduces pedestrian convenience,
weakening the street’s appeal. In Wuhan’s urban fringe
areas, older districts with high-density road networks and
numerous intersections, originally designed for pedestrians
and non-motorized traffic, have seen their positive impact
on street vitality diminish due to aging and decentralized
land use. In contrast, the road networks in newly developed
areas, designed with modern planning principles, feature
lower intersection density and structures more suited to
car-dominated traffic. With concentrated land use, these
areas attract people and activities, enhancing street
vitality.

As shown in Fig. 6(s), open space accessibility is nega-
tively correlated with SHAP values. The closer the distance
to open spaces, the higher the accessibility. When the
distance to open space is within about 500 m, the acces-
sibility is higher, and the SHAP value is greater than O,
positively affecting street vitality. When the distance to
open space exceeds 500 m, the SHAP value shifts from
positive to negative, turning the influence on street vitality
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into a negative one. In urban design and planning, main-
taining a reasonable distance between streets and open
spaces can effectively enhance street vitality. Ensuring the
distance between streets and parks and squares is within
walking distance can not only promote daily activities, but
also increase business and social activities by guiding peo-
ple to flow.

As shown in Fig. 6(t), similar to open space accessibility,
the distance to the nearest entertainment facilities has a
critical threshold of 200 m when it comes to street vitality.
When the distance to entertainment facilities is within
about 200 m, the SHAP value is greater than 0, significantly
promoting street activity. However, once the distance ex-
ceeds 200 m, the SHAP value becomes negative and grad-
ually decreases, with the negative impact on street vitality
becoming stronger. Entertainment and recreational facil-
ities are key nodes for attracting foot traffic and can
directly or indirectly influence pedestrian flow, commercial
activities, and social interactions on the street. When these
facilities are located closer to the street, more people are
likely to stay or engage in activities on the street due to
their convenience, thereby enhancing street vitality.

As shown in Fig. 6(u), location distance also exhibits a
certain negative correlation with SHAP values. When the
distance to a large shopping mall is within about 1500 m,
SHAP values are at higher levels, and the positive impact on
street vitality is more pronounced. A distance of 1500 m is
considered a relatively acceptable walking or short-trip
transportation range. When streets are within this range,
it means that residents and visitors can easily access the
shopping mall, and may also pass through and stop at the
street along the way. This walking experience or short-
distance travel increases pedestrian mobility and business
opportunities on the street, thereby enhancing street vi-
tality. When the distance to a large shopping mall exceeds
about 7000 m, SHAP values turn negative, exerting a sup-
pressive effect on street vitality. As a central node of the
city, a shopping mall’s influence is limited to a certain
spatial range; beyond this range, the mall’s impact on
surrounding streets weakens, which in turn suppresses
street vitality. Therefore, in urban planning, strategically
locating large shopping malls is a key strategy for enhancing
street vitality.

6. Key interaction effects between built
environment variables

In SHAP, the interaction effect value explains the interac-
tion between features by measuring the average contribu-
tion of each feature to the model prediction under
different feature combinations. To further explore this, this
study calculates the average absolute value of the SHAP
interaction effects of two variables, identifying the vari-
ables with the strongest interaction effects. It analyzes
how the influence of built environment variables on street
vitality is affected by another variable. In the figure, the x-
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axis represents an independent variable, the color in-
dicates the magnitude of the other independent variable
that has a strong interaction with it, and the y-axis repre-
sents the SHAP interaction effect value between the two
independent variables.

6.1. Function density and intersection density

As shown in Fig. 7(a), there is a reverse interaction effect
between function density and intersection density, mean-
ing that the impact of function density on street vitality
varies under different intersection densities. At low inter-
section density (represented by the blue sample points), as
function density increases, the SHAP interaction value also
rises, gradually changing from negative to positive. This
indicates that higher function density has a stronger posi-
tive effect on street vitality. For example, on Lumo Road in
the East Lake High-tech Development Zone, the surround-
ing intersection density is low, which results in less traffic
flow and fewer disturbances. Pedestrians can move more
freely along the street, creating an environment that pro-
vides more space for various functions to thrive. In this
setting, increasing function density can enhance the func-
tional attraction of the street. However, there is dimin-
ishing marginal returns with increasing function density,
meaning that higher density does not always lead to better
outcomes.

In contrast, at high intersection density (represented by
the red sample points), an increase in function density
leads to a decrease in the SHAP interaction value, causing a
negative impact on street vitality. For example, on Ping-
jiang East Road in Xinzhou District, the high number of in-
tersections increases the possibility of traffic congestion
and reduces pedestrian safety and comfort. Furthermore,
the over-dispersed distribution of commercial and service
functions makes it harder for them to concentrate, which
weakens the flow of pedestrians and vehicles, thereby
inhibiting functional clustering and the overall vitality of
the street. In areas with high intersection density, exces-
sively high function density increases the risk of over-
development and overuse. A moderate functional
distribution, however, helps balance traffic and pedestrian
flow, making the street network more suitable for the
street’s capacity and actual needs, thereby effectively
enhancing street vitality.

6.2. Building density and street aspect ratio

As shown in Fig. 7(b), there is a reverse interaction effect
between building density and street aspect ratio (height-to-
width ratio of streets). When building density is low, a
lower street aspect ratio results in a positive SHAP inter-
action value, promoting street vitality. In contrast, a higher
street aspect ratio produces a negative SHAP interaction
value, inhibiting street vitality. For example, on Wuzhong
Street in Dongxihu District, the surrounding modern resi-
dential areas feature low building density and large spacing
between buildings, creating an open environment. Howev-
er, due to the taller buildings, the higher street aspect ratio
creates a strong vertical spatial feeling, leading to a sense
of oppression, which suppresses street vitality.
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On the contrary, in the case of high building density, the
high street aspect ratio SHAP interaction value is greater
than 0, which promotes street vitality, otherwise it inhibits
street vitality. For example, Sixian Road in Jiangxia District
has a high density of surrounding buildings, and the building
height is often low. At this time, the high aspect ratio of the
street makes the street space more compact, but it does
not produce a sense of oppression. Instead, it concentrates
more functional facilities, creating an environment with
dense crowds, compact space and rich functions, bringing a
good sense of scale and comfortable walking experience to
pedestrians, thus promoting street vitality. If the height
and width of the street are relatively low, the space may
appear too loose, which will weaken the vitality of the
street.

6.3. Degree of business format mixing and open
space accessibility

As shown in Fig. 7(c), the degree of business format mixing
and open space accessibility exhibit an inverse interaction
effect. When open space is within a 500 m range, an
excessively high degree of business format mixing results in
a negative SHAP interaction value, showing a suppressive
effect on street vitality. Only when the degree of business
format mixing is controlled below 1.7 can it effectively
promote street vitality. For example, in Tenglong Avenue in
Huangpi District, near Hohai, large commercial plazas along
the street are primarily focused on dining and shopping
formats. In this case, a lower degree of business format
mixing can more effectively complement the open space,
providing more concentrated commercial and service
functions, thereby attracting foot traffic. Although a higher
degree of business format mixing offers more options, it
may lead to functional redundancy and dispersed foot
traffic, weakening overall street vitality. Therefore, a
lower degree of business format mixing is generally more
advantageous in this situation. However, this does not imply
complete  uniformity—moderate  diversity = remains
important.

When open space exceeds 500 m, residents can no
longer easily walk to public spaces, and the street itself
needs to take on more social interaction and activity
functions. The interaction effect between the two in-
creases with the degree of business format mixing. When
the degree of business format mixing is high (greater than
1.7), the SHAP interaction value becomes positive, pro-
moting street vitality. In this case, the street can offer
more functions and options to compensate for the lack of
open space, boosting vitality. The promoting effect reaches
its peak when the degree of business format mixing is
around 1.9. Beyond this level, diminishing marginal returns
may occur.

6.4. Degree of place function mixing and
intersection density

As shown in Fig. 7(d), the degree of place function mixing
and intersection density exhibit a reverse interaction ef-
fect. When intersection density is below approximately 10
intersections/km?, the street network is relatively sparse,
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and traffic mobility is low. In this case, the SHAP interaction
value decreases as the degree of place function mixing in-
creases. When the degree of place function mixing exceeds
around 0.5, the SHAP interaction value shifts from positive
to negative, suppressing street vitality. Streets with low
intersection density, due to insufficient accessibility, may
weaken street vitality. However, the concentration of sin-
gle or dominant functions is more likely to form a “gath-
ering effect,” enabling people to quickly meet their needs
in concentrated functional areas. This concentration of
pedestrian flow enhances interaction and vitality on the
street to some extent. This phenomenon is reflected in the
streets of the Hanko North Commercial Trading Unit in the
Houhu area. The Hanko North Commercial Trading Center,
known as the “New Hanzheng Street,” achieves a full range
of commercial activities (“clothing, food, housing, travel,
entertainment, shopping, and leisure”) and differs signifi-
cantly from typical commercial streets in scale, layout,
functional positioning, and operation mode. The concen-
tration of commercial functions in the Hanko North Trading
Unit attracts a large crowd, compensating for the negative
impact of low intersection density.

When intersection density is higher, i.e., above
approximately 10 intersections/km?, the street network
becomes more complex, connectivity increases, and traffic
mobility improves, making it easier for pedestrians and
vehicles to pass through. In this case, the interaction value
increases with the degree of place function mixing. When
the degree of place function mixing exceeds around 0.5,
the interaction value shifts from negative to positive, pro-
moting street vitality. For example, Shufan Street in the old
city area of Caidian District, with a high intersection den-
sity and a high degree of place function mixing, provides
convenient services to local residents. In this high-density
street network environment, the diverse building layouts
align better with the dense transportation network. A high
degree of place function mixing offers a variety of services
and functions, attracting a diverse crowd, while the high
intersection density facilitates the flow of people between
different functional areas, thereby enhancing street vital-
ity. This indicates that when intersection density is high, an
increase in the degree of place function mixing can posi-
tively promote street vitality. When the degree of place
function mixing is relatively high, intersection density
should also be appropriately increased.

6.5. Street length and functional density

People perceive and react to space differently depending on
the length of the street. As shown in Fig. 7(e), when street
length is relatively short (less than about 400 m), a lower
functional density corresponds to a positive SHAP interaction
value, which promotes street vitality. However, higher
functional density results in a negative SHAP interaction
value, suppressing street vitality. On shorter streets, the
sense of open space is more important, and lower functional
density contributes to a better sense of openness, which can
attract pedestrian flow. For example, the middle section of
Maoyuan Road in Caidian District, which is short and
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separated by intersections, becomes overcrowded due to
dense land use, and this results in a conflict with heavy traffic
flow, leading to a reduction in street vitality.

On the other hand, when street length is longer (greater
than about 400 m), the situation reverses: higher functional
density corresponds to a positive SHAP interaction value,
promoting street vitality. In longer streets, more functions
are needed to attract and maintain pedestrian interest and
flow. Increasing functional density effectively compensates
for the monotony caused by the spatial distance. This
phenomenon is quite common in urban street designs.

6.6. Relative pedestrian width and open space
accessibility

As shown in Fig. 7(f), when the distance to open spaces is
short (less than about 400 m), a lower relative pedestrian
width corresponds to a positive SHAP interaction value,
which promotes street vitality. As the relative pedestrian
width increases, the interaction value decreases rapidly
and approaches zero. This is because, when open spaces
are within close proximity, a large number of pedestrians
tend to go directly to these spaces instead of lingering on
the surrounding streets for long periods. Therefore, in such
cases, wider vehicular lanes are more beneficial for
accessibility, and excessively wide pedestrian spaces are
not necessary to accommodate more pedestrian activity.
On the other hand, narrower pedestrian spaces create a
“spatial compression” effect, encouraging more frequent
interaction between pedestrians and the street, which in-
creases pedestrian density and overall vitality.

When the distance to open spaces is larger (greater than
about 400 m), the influence of relative pedestrian width on
street vitality weakens. Lower relative pedestrian widths
correspond to a negative SHAP interaction value, which
suppresses street vitality. This could be because, when
open spaces are farther away, people rely more on the
street’s inherent functions and characteristics. A lower
relative pedestrian width may indicate a wider roadway
and a narrower sidewalk, where the restricted walking
space limits movement and activities, resulting in a poor
walking experience. As the relative pedestrian width in-
creases, the interaction value rises rapidly and eventually
levels off. Therefore, the relative pedestrian width of
streets should be set within an appropriate range to ensure
balanced accessibility and pedestrian comfort.

6.7. Street aspect ratio and traffic safety facilities
proportion

The street aspect ratio influences how pedestrians perceive
and respond to space. As shown in Fig. 7(g), when the street
aspect ratio is low (below about 0.5), a lower proportion of
traffic safety facilities corresponds to a positive SHAP
interaction value, which promotes street vitality.
Conversely, an overabundance of traffic safety facilities
tends to suppress vitality. This may be because a more open
environment makes people feel comfortable and more
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willing to engage in spontaneous activities, whereas exces-
sive safety features may disrupt this sense of openness.

When the street aspect ratio is high (above about 0.5), a
higher proportion of traffic safety facilities corresponds to a
positive SHAP interaction value, promoting street vitality.
Conversely, a lack of such facilities may weaken vitality.
This could be due to the increased sense of spatial tightness
in areas with higher aspect ratios, which may reduce the
feeling of safety. In such cases, traffic safety facilities help
alleviate discomfort and make people more willing to
engage in activities on the street.

7. Street vitality formation mechanism

Revealing the mechanisms of street vitality formation can
provide valuable references for refined street design. This
study uses hierarchical clustering to explore the impact
mechanism of built environment variables on street vitality
by analyzing the similar patterns of local effects. SHAP
values of various indicators are used as clustering stan-
dards, and the similarity ranking of samples is based on the
similarity in feature contribution.

As shown in Fig. 8 (top right), the street samples are or-
dered along the x-axis based on similarity, and the corre-
sponding Shapley values are stacked along the y-axis.
Positive Shapley values (red bars) represent positive contri-
butions to vitality, while negative Shapley values (blue bars)
suppress vitality. The final predicted value is the intersection
of the red and blue bars. When the distance threshold is set
to 40, three clusters are obtained, accounting for 8.47%,
46.9%, and 44.63%, respectively. Cluster 1 (high vital-
ity—density-oriented) has the highest vitality prediction
value, the fewest samples, and is mainly distributed in the
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Street in Huangpi District, exhibiting a high vitality pre-
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oriented type. Its high functional density is the primary
contributing factor to street vitality. The west side of the
street is close to Shekou Market, with various types of
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from the subway station, it still has a positive influence,
with the density of bus stations contributing secondarily. In
the future, the advantage of high functional density should
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prediction value, belonging to the medium vitality-
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be built within the area to compensate for location limi-
tations, further increasing functional density and thereby
boosting the overall vitality of the street.

Sample 3 is located in the northern section of Xijiao Road
in the old town of Jiangxia District, with the lowest vitality
prediction value, belonging to the low vitality-
transportation-limited type. The distant subway station
and dense intersection density are key factors suppressing
street vitality. For streets in such areas, shuttle services to
the subway stations can be added to reduce the adverse
effects of the long distance. Additionally, optimizing
intersection layouts by setting pedestrian safety islands,
designing intersection channelization, and improving
signage systems will improve pedestrian experience,
enhance street vitality, and increase safety.

8. Conclusion

In this study, the streets in the commercial district of Wuhan
fringe are taken as the research object, and the nonlinear
relationship and synergistic effect between built environ-
ment and street vitality are discussed by using LightGBM,
XGBoost and SHAP algorithms. First, kernel density analysis is
used to define the boundaries of the commercial districts,
and mobile signaling data is employed to quantify street vi-
tality and analyze its spatiotemporal distribution charac-
teristics. Next, a “5D” built environment indicator system is
established, and modeling is performed for different time
periods, with local interpretation provided by SHAP algo-
rithms to reveal the relative importance of built environ-
ment indicators, their nonlinear relationships, and
interaction effects on street vitality. In addition, hierarchi-
cal clustering is used to identify street vitality types, and
optimization suggestions are proposed to enhance street
vitality. The main conclusions of the study are as follows:

(1) In the urban fringe areas, street vitality is primarily
influenced by factors such as location distance, inter-
section density, accessibility to open spaces, proximity
to the nearest subway station, and functional density.
These factors reveal that the vitality of streets in
fringe areas relies not only on physical connections to
the city center but also on the rational layout of
functions and public spaces within the region. Specif-
ically, functional density has a positive correlation
with vitality, while location distance, intersection
density, and open space accessibility show negative
correlations. The impact of proximity to the subway
station is more complex. During different time periods
of the day, the influence of various variables on street
vitality shows dynamic changes. In the morning during
the peak commuting hours, the impact of subway
station proximity is significant. In the evening, the
importance of open spaces is highlighted, reflecting
the increased demand for recreational spaces after
work. During the day, the promoting effect of func-
tional density on vitality is the greatest, indicating that
people’s demand for commercial and service functions
increases during this period.

(2) The local dependence charts show that there is a
complex nonlinear relationship between various built
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environment variables and street vitality. The in-
tensity of each variable’s impact on street vitality is
not constant but changes dynamically, often exhibiting
one or more turning points. Beyond these turning
points, the local effect may shift from negative to
positive or from positive to negative. For example,
when functional density exceeds about 15 per hectare,
the SHAP value becomes greater than 0, beginning to
have a positive effect on street vitality, and the pro-
moting effect of functional density on vitality gradu-
ally strengthens. Additionally, this influence may also
have a marginal effect, meaning that after the variable
reaches a certain threshold, further increases result in
a diminishing effect on vitality. For instance, when
building density exceeds about 0.5, the SHAP value
remains positive but tends to stabilize, even showing
signs of diminishing marginal returns.

(3) The local effect of one built environment variable can
be amplified or diminished by changes in another var-
iable, meaning there is an interaction effect between
the two built environment indicators that jointly in-
fluence street vitality. For example, in areas with low
intersection density, the greater the functional den-
sity, the stronger its positive impact on street vitality.
However, in areas with high intersection density, an
increase in functional density can negatively affect
street vitality. Therefore, a moderate level of inter-
section density and functional distribution can allow
the street network to better balance traffic and
pedestrian flow, aligning more closely with the street’s
capacity and actual needs, thus effectively enhancing
street vitality. When designing streets, it is important
to consider the synergistic relationships between
multiple dimensions or indicators, not just focusing on
the impact of individual elements on street vitality,
but also integrating the combined effects of various
indicators.

(4) Samples with similar built environment variable con-
tributions tend to show similar vitality levels and
exhibit spatial clustering. Clustering results indicate
that low-vitality streets dominate, with negative ef-
fects of the built environment generally outweighing
the positive ones. Vitality formation mechanisms
differ across street types, suggesting that targeted
recommendations should be made based on the
nonlinear relationships and interaction effects be-
tween built environment indicators and vitality.
Streets with medium and low vitality should be prior-
itized. For example, the northern section of Xinfu Road
can benefit from a community-level commercial cen-
ter to address its distant location, while increasing
functional density to enhance vitality. In contrast, the
northern section of Xijiao Road needs a denser inter-
section layout and improved intersection design to
boost vitality and pedestrian safety.

This study integrates multi-source data and machine
learning algorithms to move beyond traditional linear
frameworks, adhering to the objective patterns of spatial
vitality formation. It systematically reveals the complex in-
fluence mechanisms of the built environment on street
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vitality in urban fringe areas, thereby enriching the theoret-
ical depth of urban spatial vitality research. At the theoret-
ical level, the study introduces high-resolution mobile phone
signaling data at the street scale to enhance the spatial ac-
curacy of vitality measurement, verifies the applicability of
the *5D” built environment theory in fringe areas, and em-
ploys the SHAP algorithm to capture the nonlinear thresholds
and interaction effects of variables—thereby expanding the
explanatory framework of the built environment—street vi-
tality relationship. At the practical level, the findings offer
data support for urban renewal, traffic organization, and
public space configuration, aiding the formulation of fine-
grained, street vitality-oriented intervention strategies.
Especially under resource constraints, identifying key vari-
ables and their effect boundaries can assist planning de-
partments in implementing differentiated and precise spatial
interventions for different street types—such as enhancing
the functional density of low- and medium-vitality streets,
optimizing intersection layouts, or improving public space
design—thus achieving optimal resource allocation for vital-
ity improvement. However, this study also has some limita-
tions. First, the measurement method for street vitality still
requires improvement, as allocating staying population based
on spatial area ratios may introduce estimation bias. Second,
the study is limited to commercial districts in fringe areas,
without fully considering street typologies, boundary char-
acteristics, and spatial diversity, so the generalizability of the
results remains to be tested. Third, the study focuses on
correlation analysis and has yet to fully uncover the causal
mechanisms behind the formation of street vitality. There-
fore, future research could expand in directions such as cross-
city comparison, street classification, and causal modeling.
Despite these limitations, this paper makes meaningful con-
tributions in terms of vitality measurement methodology,
theoretical development, and practical orientation.
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