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Abstract

Street vitality is an important indicator of urban attractiveness and sustainable develop-
ment, and it has become a central topic in contemporary urban planning and research.
Using the PRISMA methodology, this review systematically examines four major technolo-
gies including machine learning (ML), space syntax, GPS, and sensors, together with six
categories of data that are commonly used in street vitality studies. The analysis traces
the methodological development of these approaches and identifies application trends
across both macro and micro spatial scales. ML has become the leading technology in
this field, showing strong performance in dynamic modeling, pattern recognition, and the
integration of multiple data sources. GPS provides high temporal accuracy for tracking
mobility and identifying spatiotemporal dynamics. UAVs and sensor networks make it
possible to observe environmental and behavioral responses in real time. When combined,
these technologies support four main research themes: the built environment and vitality,
pedestrian mobility and urban dynamics, spatial and visual characterization, and social
interaction. Other complementary data sources, including social media, online maps,
surveys, and government statistics, expand analytical coverage and improve contextual
interpretation across different spatial and cultural settings. The review emphasizes the
need to connect advanced technologies and diverse data sources with broader concerns of
governance, ethics, and civic participation, while maintaining a focus on methodological
and data-based synthesis. By clarifying the technological pathways and data foundations
of street vitality research, this study provides a structured reference for researchers, urban
designers, and policymakers who aim to develop evidence-based and socially responsive
frameworks for urban space evaluation and planning.

Keywords: big data; computer vision; street space; space syntax; machine learning

1. Introduction

Streets are fundamental components of the urban environment. They provide primary
settings for daily human activity and help shape the public image of a city [1]. In this
context, street vitality is one dimension of broader urban vitality and arises from the
behaviors of users, who act as its principal agents [2,3]. Vitality can be evaluated through
observable patterns in pedestrian activity, including type, frequency, and diversity [4,5].
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Building on this premise, street open spaces function as physical and social arenas that
host varied activities and facilitate interaction [6]. As a result, enhancing street vitality
supports quality of life, well-being, and social cohesion, and it advances sustainable urban
development [7]. However, transportation-oriented planning often marginalizes the social
role of streets, and this tendency can erode vitality over time [8,9].

Against this background, previous research on vitality assessment relied mainly on
manual approaches such as questionnaires, structured field observation, and manual
counts [6,10,11]. These approaches yield detailed insights into spatial use [8,12-16], yet
they are time consuming, labor intensive, and often inefficient [17]. Samples are frequently
small and measurement is vulnerable to subjectivity, which can reduce accuracy [10]. As a
further consequence, traditional approaches have limited capacity to capture pedestrian
preferences and behavior at scale [5,7]. Hence, many studies linking vitality with physical
indicators of the built environment remain qualitative and descriptive [4,12], with limited
quantitative evidence to support robust assessment [5].

Recent advances in big data and computing change this landscape by enabling the
collection of large volumes of dynamic data with precise spatial information [10]. These
capabilities provide a strong basis for quantifying human activity, characterizing urban
form, and identifying latent relationships in the data [18,19]. By making the complexity
and diversity of urban vitality observable at scale, they offer cost effective and accurate
ways to study human behavior, movement, preferences, attributes, and evaluations of the
physical environment [4,20-23].

Building on these developments, a growing body of work applies computer vision
to street-level imagery (SVI) in order to segment and quantify built environment features
and examine their associations with street vitality [4,10,14,15,21-26]. CV has also been
used to infer pedestrian trajectories and attributes, which supports analyses of urban
walkability [17,22]. In addition, GPS tracking, the Internet of Things, and deep learning (DL)
have been used to optimize street layouts and to analyze the spatiotemporal distribution of
pedestrian density, thereby informing urban planning and management [27-29].

These studies point to a shift toward integrating multiple technologies and measuring
pedestrian activity and environmental elements at larger scales. In particular, street-level
imagery and machine learning (ML) allow analysis across wider geographic areas than man-
ual methods [17]. Street-level imagery provides a human perspective that is well suited to
behavior-focused studies [20]. However, data is especially effective for capturing dynamic
activity and supports accurate identification of pedestrian attributes, activity types, and
temporal variation [4,22]. At the same time, data collection devices are sensitive to weather,
lighting, and occlusion, which can lower resolution and reduce accuracy [4,20,22,28,30]. In
addition, GPS, Internet of Things, and social media data enable broader-scale analyses with
greater applicability and generalizability [31].

Although research on street vitality has advanced, most studies still emphasize macro-
scale contexts such as cities and neighborhoods. By comparison, technologies tailored
for micro-scale street-level analysis remain underexplored. There has also been limited
evaluation of the feasibility, performance, and integration of new tools intended to capture
the dynamics of street vitality. This gap underscores the need for a systematic assessment of
how advanced technologies can address challenges in behavioral dynamics, environmental
interactions, and real-time spatial analysis.

The purpose of this paper is to examine the technologies used in street vitality research
and to summarize their advantages, limitations, and recent trends. As a methodological
and data-oriented systematic review, it focuses on key technologies, data sources, and appli-
cation themes in micro-scale street vitality studies. It also offers an integrated assessment of
data capacity, applicability, and technical constraints. We recognize that governance, public
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participation, rights, and oversight are central to practical implementation. Although a full
treatment of these social and institutional dimensions lies beyond the scope of this paper,
we briefly address them in a later section to provide initial guidance for future research
and practice.

In addition, this study identifies areas for improvement and outlines future research di-
rections. It draws on insights from urban and community planning, historic district research,
and pedestrian behavior analysis to show how these perspectives can strengthen street
vitality research. Building on this foundation, we propose the following research questions:

(1) What are the key technologies currently used in street vitality research? How do these
technologies evolve, and what is their applicability?

(2) What are the typical application themes and spatial scopes of these technologies?

(3) What are the key limitations of the technologies applied in street vitality research?
What is the potential for future technologies and methods?

The remainder of this paper is structured as follows. Section 2 describes the systematic
review methodology. Section 3 presents the quantitative results and offers a comprehensive
categorization of the current technological approaches in street vitality analysis. Section 4
discusses the findings, highlighting the main strengths and weaknesses while outlining
future research pathways. The final section provides a summary of the key contributions
and concluding remarks.

2. Materials and Methods
2.1. Research Framework and Overview

Drawing upon prior definitions and dimensions of street vitality [2,6], as well as the es-
tablished links between pedestrian behavior and urban spatial characteristics [5], this study
defines street vitality at the micro scale within urban outdoor environments. Specifically,
street vitality is conceptualized as the dynamic expression of diverse pedestrian activities
that emerge through interactions between physical elements of the built environment
(e.g., street design, greenery, seating, and other street-level infrastructure) and patterns
of social interaction. This definition highlights the fine-grained, spatially heterogeneous,
and context-dependent nature of street vitality in localized urban settings, distinguishing
it from broader conceptualizations of urban vitality assessed at the neighborhood or city
scale. Adopting this micro-scale focus clarifies the scope for subsequent literature searches
and analyses related to street vitality.

To identify studies that employ advanced technologies in the analysis of street vitality,
this research follows the PRISMA protocol for systematic reviews (Table S1), in line with
best practices established in recent urban analytics literature [20,21,32,33]. The systematic
review process is illustrated in Figure 1. Given its authoritative reputation and reliability,
the Web of Science (WoS) database was selected to ensure a focused and credible literature
base. This database is particularly appropriate considering the interdisciplinary nature of
street vitality research, which spans urban planning, computer vision, and data analytics.

In view of the rapid advancements in artificial intelligence and machine learning,
and to ensure both data relevance and currency, the review focuses on English-language
publications from January 2015 to January 2025. This time frame facilitates the identification
of emerging trends and state-of-the-art technological applications in studies of micro-scale
urban outdoor vitality.
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Identification of studies via databases and registers

Identification

Recordsidentified from:
Web of science (n = 1546)

Records removed before
screening:
Duplicate recordsremoved
(n =543)
Records removed for non-
English papers(n=2)

'

Screening

Records screened

(n=1001)

Records excluded:
Title review (n =501)
Abstract review (n=427)

Reports sought for retrieval

(n=73)
'

Reports not retrieved
(n=0)

Full-text review to assess
eligibility of reports
(n=63)

Reports excluded:
Unrelated to street vitality
(n=9)
The article wasretracted
(n=1)

Included

Studies included in review
As 2007 (n=1)
2015-2025 (n =62)

Figure 1. Systematic review process (adapted from PRISMA protocol).

2.2. Search Criteria

The search was conducted in the Web of Science Core Collection using the Advanced

Search function with Boolean operators. The field scope was set to All Fields so that each

query examined the entire record content. Multi-word terms were entered as exact phrases

to avoid unintended expansion and to ensure consistent interpretation across all searches.

This approach was chosen because the Advanced Search function applies explicit

Boolean logic and fixed field scoping. It retrieves only records that match the specified

terms exactly and does not include synonymes, related expressions, or inferred topics. As a

result, the search outcomes are stable and can be reproduced by any reader who applies
the same settings. In contrast, Smart Search operates as a semantic mode that reformulates
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queries automatically and ranks results by relevance. It often introduces synonyms, near
matches, and concept-level terms. Consequently, Smart Search tends to return a larger and
more variable number of records that may change over time or across sessions due to its
algorithmic expansion. For a PRISMA-based systematic review that requires transparency
and replicability, this study therefore employed Advanced Search rather than Smart Search
to maintain methodological consistency.

After defining the search strategy, keywords were organized into three conceptual
categories: technology, topic, and context, as shown in Table 1. These categories ensured
a balanced coverage of technological approaches, thematic focuses, and urban settings.
One term from each category was combined to form 540 independent queries. Each query
contained one technology term, one topic term, and one context term, connected by the
Boolean operator AND (such as “Technology” AND “Topic” AND “Context”) (Table S2).
All searches were executed individually under identical parameters. The publication period
was set from 2015 to 2025, the language was restricted to English, and the document types
were limited to journal articles and review papers included in the Core Collection.

Table 1. Keywords used in the literature search.

Technology Topic Context
DL
ML
Big data Pedestrian activity Urban
GPS
Movement
Al Pedestrian volume Community
Walking activity Street
Monitoring Physical activity level
SVIs Age
Space syntax Gender
GIS Pedestrian attribute
Semantic segmentation Time
Video Environmental characteristics
Camera Vitality
POI
Field observations
Assessment
Trajectory
Tracking

DL: Deep learning. ML: Machine learning. POI: Point of interest.

Before implementing the full set of searches, a pilot test was conducted to verify
keyword performance. Combinations that included the terms age, gender, and time yielded
few and only weakly relevant records. Based on this preliminary evidence, these terms
were excluded in the formal search to improve precision while maintaining all other
parameters unchanged.

Through the complete set of 540 queries, the database returned a total of 1546 records.
Duplicate entries were then removed based on article titles and digital object identifiers,
resulting in 1003 unique papers for subsequent screening and analysis. This refined dataset
provided the foundation for the next stage of the systematic review process.
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2.3. Selection Criteria, Screening, and Extraction of Information
The initial batch of 1003 papers underwent a systematic screening process:

(1) Non-English papers were excluded, resulting in 1001 papers.

(2) Title Review: Papers unrelated to urban studies, such as those focused on biomedi-
cal research, were excluded based on keywords (urban, community, street, vitality,
technology, and method). This reduced the dataset to 514 papers.

(3) Abstract Review: Papers were further filtered based on contextual relevance
(e.g., walkability, vibrancy, urban, street), narrowing the selection to 73 papers.

(4) Full-text review: The remaining 73 papers underwent a detailed examination, and
62 papers were ultimately included in the study.

After completing the full-text review, we conducted a theory-informed narrative syn-
thesis that relied on a structured extraction form rather than qualitative coding. The lead
reviewer read each study in full and entered objective information into a standardized
table. The table recorded bibliographic details, research questions, study sites and subjects,
data sources, data types, algorithms and software, analytical procedures, principal find-
ings, and the advantages and limitations reported by the authors. The other researchers
independently checked an initial subset of entries to calibrate the extraction form and to
finalize variable names and definitions. Once calibration was complete, the full dataset
was processed, and the remaining entries were verified against the original texts. A se-
nior researcher coordinated the overall consistency check and resolved any remaining
disagreements through discussion. A simple log of ambiguous cases and final decisions
was maintained to ensure that the synthesis remained transparent and traceable.

Thematic grouping was derived directly from the completed extraction table. Four an-
alytical themes were identified with reference to the research questions and to previous
reviews. Each paper was assigned one primary theme that represented the dominant data
modality in the extraction table, together with the main analytical pipeline and topical
focus of the study. When a paper clearly incorporated multiple modalities or analytical
pipelines, these were retained as secondary tags. Quantitative summaries report only the
primary theme to prevent double counting, while both tables and text indicate secondary
tags where interdisciplinary overlaps occur.

To complement the thematic framework, two additional classifications were intro-
duced. One reflects the type of technology and data modality, and the other reflects the
analytical approach. Presenting results in this way allows readers to understand how
study designs relate to both input data and analytical methods while keeping the overall
reporting concise. For transparency, a compact data dictionary that defines each extraction
field and specifies the rules for theme assignment can be provided upon reasonable request.
This Supplementary Materials enable an independent reader to reconstruct the synthesis
process without the need for access to individual reading notes.

2.4. Literature Statistics and Visualization

The 62 reviewed papers were added to our favorites in the WoS database and exported
as a dataset. Subsequently, Python 3.9 was used to clean the input data and perform a
series of analyses, including descriptive statistics, keyword occurrences, data sources, and
temporal trends. The processed data was then visualized through graphs and charts to
support further research.
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3. Results
3.1. Trends in Urban Vitality Research: Keywords, Data Sources, and Technology

The study systematically reviewed literature published between 2015 and 2025. The
analysis covered publications from 11 countries and 17 data sources and identified a total
of 149 keywords grouped into 19 categories. The study areas represented twelve countries,
including China, Japan, the United States, France, South Korea, Germany, Chile, Algeria,
India, Israel, Singapore, and the United Kingdom.

A total of 32 journals published related studies. Among them, the ISPRS International
Journal of Geo-Information accounted for the largest share (14.5%), representing nearly
one-fifth of all publications. Other journals with strong disciplinary relevance, such as
Sustainability (12.9%), Cities (6.5%), and Land (4.8%), also made substantial contributions.
In addition, several studies appeared in journals that specialize in spatial analysis, urban
systems, and environmental research, including Applied Geography (4.8%), Computers,
Environment and Urban Systems (4.8%), and the International Journal of Environmental
Research and Public Health (3.2%) (Figure 2a). This concentration indicates that the field
remains methodologically grounded in spatial and data science, while urban planning
journals are increasingly integrating computational approaches.

Figure 2b illustrates a clear rise in publications applying advanced technologies to
street vitality research after 2018, with the number reaching its highest level in 2022, which
accounted for 22.6% of all studies. This increase highlights the growing importance of
street vitality research as an emerging area at the intersection of urban planning and
technological innovation.

In the earlier years from 2015 to 2019, the use of machine learning techniques was still
limited, accounting for only 3.3% to 6.7% of annual publications. Since 2020, however, stud-
ies employing machine learning have grown rapidly, reaching another peak in 2024 (26.7%).
This trend confirms the expanding influence of machine learning as a core analytical tool in
the study of street vitality (Figure 2c). It also reflects a broader methodological transition
from descriptive observation toward data-driven modeling.

The changing proportion of studies using machine learning further reinforces this
finding. The share of such publications increased sharply after 2019 and reached a promi-
nent level in 2024 (Figure 2d). Although the percentage remained relatively low in certain
years such as 2017 and 2018, which suggests a delay in technology adoption, the overall
pattern demonstrates a consistent and accelerating integration of machine learning into
this research domain.

A detailed examination of high-frequency keywords and their co-occurrence networks
is shown in Figure 3a. Clusters of the same color represent groups of frequently co-occurring
terms. The size of each node corresponds to the frequency of a keyword across all articles,
while the thickness of the lines between nodes indicates the frequency of co-occurrence.
The analysis identified seven clusters, including three primary ones—"Design and Walking,”
“Environment and Body-Mass Index,” and “Land-Use and Behavior”—and four secondary
ones—"“Space Syntax and Centrality,” “City and Urban Vitality,” “Vibrancy and Urban,” and
“Cities and Built Environment.” These clusters reveal that behavioral, environmental, and
morphological perspectives co-exist within the field but remain methodologically fragmented.
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Figure 2. (a) Top 10 Journals by number of publications. (b) Publication trend over years. (c) Publica-
tion of ML-based papers trend over years. (d) Percentage of ML publication in total over years.
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Figure 3. (a) The keywords and their co-occurrence network, and (b) Most frequent keywords in
all papers.

Figure 3b presents the most frequently occurring keywords, such as “Travel, Land-Use”
(n =10), “Design” (n = 9), and “Walking, Access, Physical Activity” (n = 8), along with their
associated terms that show strong co-occurrence links. These results indicate a persistent
emphasis on physical and environmental variables rather than social or perceptual aspects,
suggesting an imbalance in current research priorities.

Taken together, these temporal, spatial, and thematic patterns demonstrate that re-
search on street vitality is experiencing a clear transition toward technology-oriented and
data-driven paradigms. At the same time, structural gaps remain between environmental,
behavioral, and social perspectives, pointing to the need for more integrated and balanced
approaches in future studies.

3.2. Classification Based on Technology and Type of Data Input

Figure 4 visually illustrates the categorical relationships among “Category,” “Data In-
put,” and “Data Source.” This diagram highlights the flow of data from broader categories
to specific sources, providing a clear numerical representation of the data classification used
in urban vitality studies. The diagram effectively demonstrates how data inputs connect
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with their sources, enabling a systematic understanding of the data distribution. The sup-
porting dataset and extracted information are detailed in Appendix A for further reference.
Additionally, a detailed analysis and summary were conducted for each technical type.

POI Data
Social Media Data

Multiple Big Data & Computer Analytics Economic Data

Space Syntax

UL

GPS & GIS

SL (DL in the study)

Category

Behavioral Data

Online Maps
mobile phone data
GPS Data
Environment & Spatial Data Municipality
Survey Data
Media Data Sensor and Observation Data
Others
Data Input Data Source

Figure 4. Keyword frequency statistics.

3.2.1. Supervised Learning, Unsupervised Learning, and Deep Learning

A total of 33 studies involving ML were identified in this review. Combined with
the trends discussed in Section 3.1, these findings indicate that ML is gradually becoming
the dominant methodological approach in street vitality research. All identified studies
employed supervised learning (SL), while only two incorporated unsupervised learning
(UL). This pattern is consistent with the observations of Grekousis (2019) and Ullah et al.
(2020), who noted that the application of ML in urban studies continues to rely primarily
on SL [34,35]. Among the identified models, SVM, LightGBM, LDA, and random forest
demonstrated strong applicability. These algorithms represent classical ML approaches,
in contrast to studies that incorporate DL components such as CNN-based feature extrac-
tion [23,30,36]. Overall, the corpus is dominated by supervised, classical ML, whereas
UL applications are comparatively rare in the current evidence base. This distribution
likely reflects data availability (particularly labeled samples), computational/resource
constraints, and interpretability needs, rather than a linear progression from “conventional”
to “advanced” methods. In this paper, we treat DL as a subfield of ML, while SL and
UL denote learning paradigms that can be instantiated with either classical algorithms or
deep models.

The majority of studies relied on image data as the primary input, typically sourced
from mapping service platforms such as Google Maps, Baidu Maps, Tencent Maps, and
AutoNavi. A smaller portion of research incorporated video or numerical data. For example,
Wong et al. (2021) used the Oxford Town Centre and PETS video datasets [22], although
the use of video data overall remains limited. The application of CV has been particularly
prominent within ML-based approaches, most often using static two-dimensional images
as input data (Table 2). In terms of regional distribution, studies conducted in China tend to
draw from domestic platforms such as Baidu Maps and Tencent Maps, while international
research relies mainly on OSM and Google Maps. This difference highlights the disparities
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in data coverage and accuracy among platforms [20]. Such regional divergence illustrates
how analytical scope is closely tied to data accessibility and reveals persistent inequalities
in research infrastructure across regions.

Table 2. Classification of specific technologies that are the subject of street vitality research.

Category Use Case Methods Citation
LDCF and Deeplab V3+ [17]
Image Recognition [10]
Algorithm ACF
Pedestrian Counting and Activity ot
Recognition YOLOv4 [13]
Built Environment and PSPNet [24,37]
Vitality
DLM-SVC and MOT [4]
PSPNet [25]
Street and Space Characterization ANN and SVM [23]
Deeplab V3+ [38]
Pedestrian Attribute Recognition PSPNet and Baidu Al [39]
Pedestrian Mobility and and Behavioral Patterns FairMOT [22]
Urban Dynamics Urban Vitality and Visual CNN [40]
Perception PSPNet [41]
ResNet-34 and LightGBM [36,42]
Urban Morphology and.Visual Deeplab V3+ [12]
Information Processing
SnowNLP [43]
Segnet Neural Network [44]
Urban Spatial and Visual FCN [26]
Characterization PSPNet [43,45]
Multi-source Data and Urban HRNet [46]
Spatial Relationships —
Decision Tree [47,48]
XGBoost [49]
YOLOV5 [50]
Inception V4 and Deeplab [51]
Social Data and Urban Vitality V3
Socialization and Urban PSPNet and MLP [30]
Spatial Relations Random Forest [52,53]
Urban Functional and Spatial .
Assessment FCN and Gradient [31,54]

Boosting Decision Tree

Despite growing diversity in data sources, several limitations continue to hinder
progress. Image data can be affected by visual obstructions, inadequate lighting, or unfa-
vorable weather conditions, while nighttime vitality remains a largely underexplored topic.
Video data, although rich in dynamic information, has not yet been widely adopted because
of high acquisition and processing costs. Future studies should pay greater attention to
the potential of video data and to the temporal variations of street vitality under different
climatic and environmental conditions. Expanding these dimensions would enable a more
comprehensive understanding of urban vitality and its dynamic spatial patterns.
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3.2.2. Space Syntax

Space syntax is an essential tool for studying street connectivity and pedestrian dy-
namics and plays a critical role in street vitality research. Through mathematical and
visualization methods, it quantifies and intuitively illustrates the relationship between
complex urban spatial structures and human behaviors [55].

In this review, seven studies that applied space syntax were identified. These studies
mainly focused on the relationship between spatial configuration, accessibility, and pedes-
trian volume. The data types used include road networks, POI, built environment data,
and pedestrian volume and density. These datasets were obtained from official maps, GIS,
online mapping platforms, and field observations [11,56-60].

Previous research has shown that integrating multiple data sources, such as economic
indicators and POI data, can substantially enhance both the depth and scope of space syntax
analysis. For example, Sheng et al. (2021) used POI data from Baidu Maps to examine
the relationship between street connectivity and pedestrian distribution [60]. Lee et al.
(2020) combined GIS data with built environment variables to explore spatial dynamic
characteristics [57]. Similarly, X. Li et al. (2021) analyzed the spatial distribution of street
vitality using Baidu heatmaps [61]. Yildirim and Celik (2023) conducted a human-centered
analysis using SVIs [11], and Nag et al. (2022) examined pedestrian volume by integrating
satellite imagery with field observations [58].

Despite these advancements, the use of space syntax in dynamic environments still
holds substantial potential for further development. Its integration with big data tech-
nologies is widely regarded as an important direction for future research. Nevertheless,
space syntax remains constrained by its dependence on static spatial data, particularly in
micro-scale applications at the street level. Incorporating multi-source data can improve
both the comprehensiveness and accuracy of findings, making the integration of space
syntax and big data approaches an inevitable trend in future studies.

3.2.3. Multi-Variate Big Data and Computer Analytics

The integration of multi-source data and computational analysis techniques has pro-
vided unprecedented depth and breadth to street vitality research. By leveraging multi-
dimensional data such as GPS, GIS, UAV data, computational analysis models, and visual-
ization tools, these technologies have revealed the spatial and temporal dynamics of street
vitality and have advanced the quantification and systematization of research in this field.

For example, S. Chen et al. (2022) conducted a quantitative analysis of urban vitality
using GIS data, including POI density, taxi flow, building distribution, and road network
data, combined with a Shannon entropy model [62]. They further employed a regression
model to examine the impact of land-use diversity on vitality. Sugimoto et al. (2019)
performed an in-depth analysis of tourists’ movement patterns and behavioral character-
istics by combining GPS tracking technology with questionnaire surveys [63]. Similarly,
Parra-Ovalle et al. (2023) used UAVs in conjunction with GIS to conduct spatial analysis of
pedestrian distribution [27]. Furthermore, Gan et al. (2021) explored the impact of neigh-
borhood scale on urban vitality by integrating check-in, POI, and commercial distribution
data and applying the kernel density estimation method [64].

From the perspective of data diversity, these studies employed a wide range of data
types, including images, POI, road networks, commercial density, social media check-in
data, user comments, mobile communication data, building information, housing prices,
videos, trajectories, demographic indicators, and economic data. This diversity reflects the
rich variety of datasets used in the field. The data sources are equally diverse and mainly
include Baidu Maps, Amap, Tencent Maps, OSM, Google Maps, government statistics, and
surveillance systems. For instance, Baidu Maps is frequently used in studies conducted in
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China, while Google Maps and OSM are more common in international research [9,62,64].
In addition, researchers have incorporated blogs, merchant reviews, GPS devices, and
UAVs into their analytical frameworks [27,62—-65]. The combination of these sources and
technologies demonstrates high adaptability and flexibility in the study of spatial dynamics
and human behavior.

Despite the significant research potential of multi-source data approaches, their appli-
cation faces several challenges. GPS devices are effective for capturing trajectory data, but
their reliance on volunteer participation often results in limited sample sizes and behavioral
biases caused by participants’ awareness of the research purpose [63]. Social media check-in
data, although readily available, tends to underrepresent children and older adults, leading
to limited sample representativeness. Merchant review data may also be subject to human
interference, such as incentive-driven manipulation of ratings, which compromises its
objectivity [65].

The use of UAVs is constrained by factors such as battery capacity, weather conditions,
and aviation regulations, which restrict their broader deployment across administrative
regions and climatic environments. Moreover, regional differences in data sources introduce
further challenges. Studies in China often rely on local platforms such as Baidu Maps and
Tencent Maps. Although these platforms provide high spatial coverage within China, their
usefulness in international research is limited due to issues of data availability and accuracy.
Conversely, Google Maps and OSM are widely applicable in international contexts but
face policy-related restrictions in China. This regional disparity underscores the need for a
more comprehensive assessment of the universality and limitations of data platforms in
global research.

The multi-source data and computational analysis approach not only allows re-
searchers to overcome the limitations of single data sources, providing a solid foundation
for uncovering the complexity and diversity of street vitality, but also expands the breadth
and depth of urban studies. Furthermore, the integration of multi-dimensional data en-
hances the comprehensiveness and accuracy of research findings. In the future, researchers
should carefully select data sources based on specific research needs and regional char-
acteristics while optimizing data quality and collection methods. In particular, when
integrating local and global data platforms, further exploration of strategies to enhance
data compatibility will be essential.

3.3. Classification Based on Themes and Use Case

We identified 33 papers employing ML. Figure 5 illustrates their four main application
themes (Built Environment and Vitality, Pedestrian Mobility and Urban Dynamics, Urban
Spatial and Visual Characterization, and Socialization and Urban Spatial Relations) and
eight specific use cases (Pedestrian Counting and Activity Recognition, Street and Space
Characterization, Pedestrian Attribute Recognition and Behavioral Patterns, Urban Vitality
and Visual Perception, Urban Morphology and Visual Information Processing, Multi-Source
Data and Urban Spatial Relationships, Social Data and Urban Vitality, and Urban Functional
and Spatial Assessment). Additionally, Table 2 provides a systematic classification of the
specific algorithms used in these studies.

These classifications not only reflect the diverse applications of street vitality research
from both macro and micro perspectives but also highlight the critical role of ML in data
processing and analysis. They facilitate a systematic exploration of existing research areas,
data types, algorithm applications, as well as the respective advantages and limitations of
these methods.
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Figure 5. The use scenarios in streets for vitality research.

The core of the Built Environment and Vitality framework lies in quantifying environ-
mental characteristics to uncover how spatial structures influence street vitality. Pedestrian
counting, a key measure of vitality, is widely utilized to assess activity levels at specific
locations. For instance, L. Chen et al. (2020) and Yin et al. (2015) estimated pedestrian flow
using SVIs [10,17], while Y. Li et al. (2022) further identified pedestrian activity types by
incorporating video data [4]. Additionally, Street and Space Characterization focuses on
the impact of street structures on pedestrian behavior and perception [66]. For example,
Gong et al. (2019) and Yin and Wang (2016) classified street spaces using SVIs and proposed
a series of spatial indicators reflecting urban functions [23,25]. Zhao et al. (2023) explored
the spatiotemporal heterogeneity and stability of the relationship between environmental
factors and vitality [38]. These studies have established a theoretical framework for un-
derstanding the impact of the built environment on street vitality, providing a valuable
reference for future research.

The impact of the built environment is ultimately reflected in Pedestrian Mobility
and Urban Dynamics, making it essential to capture pedestrian behavior patterns to un-
derstand street vitality. In the Pedestrian Attribute Recognition and Behavioral Patterns
subcategory, Jiang et al. (2021) proposed a theoretical framework for analyzing individual
and group behaviors [39], while Wong et al. (2021) used DL to identify pedestrian paths
and attributes, revealing the dynamic relationship between pedestrian behavior and street
functionality [22].

On the other hand, Urban Vitality and Visual Perception examines the impact of
perceptual variables on vitality by analyzing the relationship between environmental
features and human perception. For instance, Qi et al. (2020) combined a CNN model with
Place Pulse 2.0 to analyze the association between visual perception and street vitality [40].
However, these studies also highlight that public perception data may be influenced by
factors such as age and gender. Future research needs to further control for subjective
variables to enhance the objectivity of the findings.

From Urban Spatial and Visual Characterization, urban spatial features reveal the
structured expression of vitality. Urban Morphology and Visual Information Processing
quantifies urban morphological features using CV. For example, W. Chen et al. (2021)
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analyzed road network morphology using the ResNet-34 model [36], while Z. Liu et al.
(2022) proposed a method to quantify street visual perceptual information [12], providing a
more comprehensive representation of visual characteristics in complex urban scenes.

Meanwhile, Multi-Source Data and Urban Spatial Relationships integrates various
data sources to deepen the understanding of urban vitality and spatial structures. For
example, M. Li et al. (2021) combined microclimate data with pedestrian flow data to
study the revitalization of historic districts [44]. Similarly, X. Li et al. (2022) analyzed the
impact of the environment on vitality by integrating street vitality data with remote sensing
imagery [26]. Y. Yang et al. (2021) explored the relationship between neighborhood vitality
and the environment using multi-source data [45]. These studies demonstrate that the
integration of multi-source data provides a powerful tool for the quantitative analysis of
urban spatial characteristics.

The built environment not only influences the physical manifestation of vitality but
also shapes the functional attributes of spaces through social interactions. In the study of
social data and urban vitality, Tang et al. (2022) combined DL with social media data to
analyze the relationship between built environment quality and spatial popularity [51].
Additionally, Urban Functional and Spatial Assessment explores how urban spaces provide
functions and services to residents. For example, Hu et al. (2020) used POI and LDA
data and the LDA model to develop a method for extracting urban functions to interpret
socio-economic information [30]. These studies highlight that urban spaces are not only
carriers of vitality but also integrated hubs of social interactions and economic activities.

Current research on street vitality, while relying on micro-level data such as street-
view images and pedestrian counts, primarily focuses on understanding regional vitality
dynamics at the neighborhood or urban scale. The linkage between micro-level data and
macro-level objectives is a defining characteristic of this field, highlighting both its chal-
lenges and potential. Studies have demonstrated that micro-level analyses of pedestrian
counts and behavioral patterns can offer precise insights into vitality patterns at neighbor-
hood and city scales. For instance, the quantification of street and spatial characteristics aids
in explaining the heterogeneity of urban functional zones and the distribution of vitality.
However, when extrapolating findings from micro to macro scales, the limitations of data
granularity may hinder the generalizability of conclusions.

3.4. Machine Learning Algorithms: Application Type and Data Type

This section addresses various types of ML based on their application areas. It is
divided into three parts, each analyzing and summarizing the characteristics, advantages,
limitations, and potential improvements of the respective ML techniques. For detailed
classifications and information about the algorithms, refer to Appendix B.

3.4.1. Image-Based Technologies

Image-based ML is primarily used for object recognition and semantic segmentation.
By leveraging SVIs and DL, these technologies have significantly enhanced the efficiency
and accuracy of street vitality research [4,20]. Their applications span various fields, includ-
ing pedestrian counting, environmental feature extraction, and visual perception analysis.

For example, L. Chen et al. (2020) and Yin et al. (2015) used SVIs to estimate pedes-
trian numbers and further analyzed the influence of the built environment on pedestrian
counts [10,17]. Additionally, L. Chen et al. (2022) and C. Yang et al. (2023) integrated
image data to extract environmental elements and examined their relationship with street
vitality [24,37]. Research based on video data has further expanded the analytical scope. Y.
Li et al. (2022) employed camera data to identify activity types [4], while Salazar-Miranda
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et al. (2023) analyzed behavioral patterns using real-time images and GPS data from smart
devices [13].

These studies demonstrate that CV not only effectively detects and counts pedestrians
but also identifies activity types and extracts environmental features. However, existing
models, such as YOLO, ResNet-34, and CNNs, heavily depend on high-quality data,
resulting in significant labeling costs [50]. Moreover, DL models like DeepLab V3+ and
PSPNet exhibit high computational complexity and rely extensively on advanced hardware.
Additionally, factors such as occlusion, lighting variations, and reflections pose challenges
to the stability of analysis results.

Future research should prioritize optimizing algorithm structures by leveraging model
pruning and hardware acceleration (e.g., GPU and TPU) to improve computational effi-
ciency. Furthermore, data quality and diversity can be enhanced through data augmenta-
tion and automated annotation tools. Lightweight models and knowledge distillation tech-
niques can help reduce resource demands, while privacy protection and edge computing
provide robust solutions for ensuring data security and enabling real-time analysis [67-70].

3.4.2. Video Detection-Based Technologies

Video monitoring technology demonstrates significant potential in street vitality anal-
ysis. Utilizing CV, pedestrian counting, trajectory tracking, and attribute recognition are
seamlessly integrated into a highly automated analysis process [4,22]. This approach pro-
vides detailed and comprehensive data support for analyzing pedestrian behavior patterns,
while also laying a robust technical foundation for exploring the dynamic characteristics of
street vitality.

As described by X. Wang, Zheng, et al. (2022), current computer vision algorithms
for identifying pedestrian attributes can be categorized into several types, including those
based on global images, local features, attention mechanisms, sequence prediction, loss-
function-driven methods, curriculum learning, and graph models [21]. FairMOT, a local
feature-based algorithm, demonstrates significant advantages in real-time pedestrian de-
tection and attribute recognition. By integrating a multi-task learning framework, it can
simultaneously perform pedestrian detection, trajectory tracking, and attribute recog-
nition, significantly reducing the need for manual intervention and improving the effi-
ciency of monitoring and analysis. However, FairMOT’s high computational requirements
pose a major bottleneck for its application, particularly in complex scenarios or when
processing large-scale video data. It often relies on GPU acceleration to meet real-time
processing demands.

Although these technologies have broad applicability in fields such as intelligent
transportation, urban planning, and security monitoring, their implementation inevitably
faces challenges. The quality of video surveillance data is often influenced by device per-
formance and environmental factors, such as air pollution, low light, and adverse weather
conditions like rain or snow, which can compromise data accuracy (Figure 6). Additionally,
challenges such as occlusion, reflection effects, and the high-density distribution of objects
in videos further complicate the analysis process [20].

To enhance the practical effectiveness of video detection technology, researchers must
focus on improvements in model optimization, hardware selection, and data processing.
For instance, model optimization can reduce computational complexity and hardware
requirements through pruning and lightweight design. Additionally, data augmentation
techniques can generate more diverse training datasets, while automated data annotation
tools can improve data quality. On the hardware side, edge computing technology can be
leveraged to offload certain computational tasks to edge devices, reducing the central pro-
cessing burden. Combined with GPU or TPU acceleration, this approach can significantly
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enhance processing efficiency [71]. Furthermore, integrating multi-source data, such as
combining video data with GPS trajectory data, can enhance the analytical capabilities of
models, enabling a more comprehensive understanding of the dynamic characteristics of
street vitality.

(e)

Figure 6. Image source: authors’ own video shot with GoPro9. (a) Poor nighttime picture stability;
(b) Obstacles; (c) Reflection; (d) Non-sunny; (e) Overlapping; (f) Low light.

When optimizing video detection technology, privacy protection must also be pri-
oritized. By employing data anonymization techniques, personal privacy can be safe-
guarded while enhancing the credibility of data sharing. Moreover, researchers should
address the demands of dynamic environments and long-term temporal data by develop-
ing more robust models capable of handling complex conditions, such as occlusion and
lighting variations.

3.4.3. Based on Data Analysis

Algorithms used in data analysis play a critical role in street vitality research, being
widely applied in multi-variate analysis and predictive modeling. They serve as essen-
tial tools for exploring the complex relationships between environmental variables and
vitality patterns.

Regression analysis models excel in modeling variable relationships and fore-
casting trends, gaining popularity for their computational efficiency and predictive
accuracy [4,12,24,51]. These models uncover causal mechanisms through variable selection
and parameter estimation, and they are commonly used to analyze how environmental
factors influence street vitality. However, traditional regression methods face limitations
in handling non-linear relationships and complex spatial structural features, making it
challenging to fully capture latent patterns in high-dimensional data [48,52].

To address these challenges, gradient boosting frameworks such as LightGBM are
favored for their computational efficiency and predictive accuracy. These frameworks
utilize efficient splitting strategies and memory management, significantly reducing com-
putational costs. With their exceptional performance in large-scale data analysis and
high-dimensional feature evaluation, they are widely applied to explore the complex
relationships between street characteristics and crowd behavior.

Dimensionality reduction algorithms play a vital role in data preprocessing and fea-
ture extraction [4,12,14]. PCA reduces feature dimensions, enhancing model computational
efficiency and visualization capabilities, serving as a convenient tool for exploring primary
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patterns within data. In contrast, LDA specializes in text analysis and topic extraction,
revealing spatial semantic features and laying the foundation for urban function classifi-
cation and semantic analysis. However, these algorithms struggle to capture non-linear
features and complex data relationships, highlighting the need for advanced non-linear
dimensionality reduction methods to improve analytical precision.

They can identify the spatial clustering characteristics of street vitality distribution,
providing valuable data support for urban planning [72]. Decision tree and random forest
algorithms are widely utilized for their intuitiveness and interpretability, making them par-
ticularly effective for handling non-linear and classification tasks [44,48,49]. However, these
algorithms are prone to overfitting, and their model stability heavily relies on parameter
tuning and data scale.

These algorithms still hold significant potential for performance improvement. For
instance, optimizing parameter tuning and feature engineering can further enhance the
generalization capability and stability of models. Integrating non-linear dimensionality
reduction methods can better capture complex spatial data structures [73]. Moreover,
improving topic extraction models by incorporating additional prior knowledge and con-
straints can enhance both interpretability and analytical depth.

Further integration of multi-source data and hybrid modeling frameworks represents
a key development trend. For example, combining environmental features extracted
through CV with regression analysis and clustering models facilitates comprehensive
analysis and strengthens cross-modal data analysis capabilities. Additionally, exploring
automated hyperparameter tuning and ensemble learning techniques can further enhance
the robustness and predictive performance of models.

4. Discussion
4.1. Technology Applications and Regional Distribution

This systematic review evaluates and compares the technologies used in street vitality
research and examines their evolution, with particular attention to practical applications
across different regions and research scales. As shown in Figure 7, four main technology
types and six data categories were identified, together with four research themes and eight
subcategories of technological applications that span both macro and micro spatial levels.
The main findings are summarized below:

(1) ML has become the mainstream approach in street vitality research:

The main technologies employed in this field include ML, space syntax, GPS, and
monitoring devices such as UAVs, cameras, and sensors. Among these, ML has emerged
as the core analytical approach. SL is commonly used for classification and prediction
tasks, including the extraction of street environmental features, the estimation of pedestrian
flow, and the analysis of human behavioral patterns. UL has also demonstrated potential
for processing unlabeled data, for instance, by applying clustering algorithms to identify
patterns of human activity [72]. The combination of DL and CV has further advanced
automated feature extraction and performs particularly well when analyzing video data
collected by UAVs. Although these technologies have reached a relatively mature stage in
macro- and meso-scale research, challenges remain in achieving real-time dynamic analysis
and in acquiring high-resolution data at the micro scale.
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(2) Existing studies mainly focus on four research themes: environmental characteristics,
perception, social interaction, and behavioral dynamics:

At the macro scale, research often investigates how network layouts and functional
areas shape the spatial distribution of vitality, including the influence of street connectivity
on activity concentration. At the community scale, studies explore how green spaces,
plazas, and nodal activity areas contribute to local vitality. However, our review indicates
that micro-scale studies are still underdeveloped, particularly in topics such as street
interface design, material use, boundary spaces, and street facilities. The difficulty of
collecting detailed micro-scale data and the high cost of specialized equipment are key
obstacles. These limitations weaken our understanding of how individual behavioral
dynamics interact with the built environment. Future studies should therefore strengthen
comprehensive analyses at the micro scale in order to gain a deeper and more integrated
understanding of the mechanisms driving street vitality.

(3) Case studies remain concentrated in specific regions and data platforms:

Research on street vitality is mainly concentrated in economically developed regions
such as China, the United States, and Europe, where central and highly urbanized areas
are most frequently examined. In these contexts, researchers benefit from mature data
platforms such as Google, Baidu, and Tencent, which provide broad coverage and high-
quality data on street environments and behavioral dynamics. These platforms have
supported studies at both urban and community scales and have proven valuable in
analyses of street networks, functional zones, and street interface features.

In contrast, data coverage in remote and low-income areas remains limited, leading
to uneven data sources and lower representativeness. Although real-time monitoring
technologies such as UAVs, cameras, and sensors offer great potential, their application
is often restricted by equipment costs, policy regulations, and ethical concerns. Micro-
scale studies are especially affected by these constraints. Future research should expand
the regional scope of case studies and increase attention to data-scarce contexts. With
the continued growth of urban monitoring facilities, collaboration among governments,
researchers, and communities will be essential. The integration of real-time dynamic
data can help reveal finer patterns of street vitality and improve the inclusiveness and
generalizability of research results. This approach will also provide stronger empirical
support for urban planning and management in diverse settings.

Finally, street vitality should not be defined solely by technical indicators. Building on
the review of methods and data, this paper emphasizes that street vitality is essentially a
public value embedded in everyday civic life. It represents dimensions such as inclusive-
ness, accessibility, perceived safety, and diversity of use. Technology should support rather
than replace this social meaning. Each technological application should begin with a clear
statement of purpose and should follow principles of data minimization and anonymiza-
tion. Public participation and feedback mechanisms should also be established to ensure
fairness and transparency. Through these safeguards, the measurement of vitality can serve
as a constructive supplement to public discussion and collective reflection on urban life,
instead of becoming a substitute for them.
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Figure 7. Four data interpretation dimensions and six data-source categories, with research themes
and eight subcategories of technological applications across macro and micro spatial scales. Note:
This figure summarizes data—method associations in street vitality studies. It does not represent
ML/DL or learning paradigms. DL is treated as a subfield of ML, while SL and UL denote learning
paradigms used across both classical and deep models.

4.2. Technologies in Street Vitality Research
4.2.1. Data and Collection

Data form the foundation of analysis in studies of street vitality. The quality, nature,
and dimensions of data, together with their respective strengths and limitations, largely
determine the depth and scope of research outcomes. A detailed summary is provided
in Appendix C. With the continued advancement of technology and the integration of
multimodal sources, researchers have been able to examine the mechanisms driving street
vitality from multiple perspectives. Figure 8a illustrates how different types of data vary in
origin, structure, and analytical performance.

Among these, human activity data provide the most direct expression of vitality,
revealing how frequently and in what ways people use streets [4]. Pedestrian counts, visit
frequency, check-in records, and activity types together describe patterns of use across
space and time. Image- and video-based observations collected through cameras or sensors
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form the basis for estimating pedestrian flow and density. By analyzing behavioral patterns
extracted from such data, researchers can better understand how spatial form and human
activities interact [27].
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Figure 8. Performance evaluation: (a) Data. (b) Technical performance evaluation.

However, these approaches depend heavily on labeled datasets, and data collection is
often constrained by environmental and technical conditions, which limits scalability. In dense
urban areas, obstacles, lighting, and device performance can all introduce bias [20,22,44].

Mobile signaling data, by contrast, perform well in large-scale mobility analyses and
provide broader spatial coverage. Yet they offer limited detail on individual behaviors and
dwell time [74]. Check-in data from social media complement these sources by reflecting
activity intensity at specific sites, especially in commercial areas. Even so, they often
underrepresent non-commercial or open spaces and may contain sample bias due to
unequal access to mobile devices among older adults or children [51,75].

In addition to activity data, environmental data provide the physical and material
context for studying street vitality across scales. At the macro level, POI and economic
indicators help reveal regional functions and economic dynamics, serving as both proxies
for vitality and explanatory variables. For instance, POI data show the spatial distribution
of commercial, transport, and educational facilities, which aids in assessing how functional
zones contribute to vitality [60]. Yet these data tend to be static and have limited coverage
in peripheral areas, which restricts their ability to capture temporal change [20]. Economic
indicators, such as rental levels or transaction volumes, supplement vitality assessments
but are often constrained by low temporal resolution [51].

At the micro scale, SVIs become an important data source. CV techniques allow
the extraction of features such as road width, building height, and vegetation coverage,
providing detailed representations of street environments [22]. However, the quality of
image data is affected by weather, lighting, and obstruction, and the lack of nighttime
imagery restricts temporal continuity.

Perception data further enrich vitality research by linking environmental features with
human experience. Subjective perception data, obtained from surveys and online reviews,
reflect people’s preferences, attitudes, and motivations regarding street environments.
Sentiment analysis and topic modeling help interpret how people feel about and interact
with urban spaces [51]. Nevertheless, such data are often noisy or biased and require
rigorous text mining and validation. In contrast, objective perception data collected from
biometric sensors such as eye tracking, EEG, or ECG record physiological responses to
the environment, revealing how design elements influence human perception [76-79].
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Although scientifically precise, these data are costly to obtain and difficult to scale due to
complex experimental setups.

Complementing these perspectives, urban spatial data provide a structural foundation
for analyzing street vitality. GIS and online maps contain essential information on street
networks, building morphology, and greenery, which are key to assessing connectivity and
accessibility [55,60]. Yet most of these data are static and fail to reflect dynamic behavioral
patterns. Integrating them with real-time data such as GPS or video feeds is therefore
critical for improving spatiotemporal analysis.

While this growing diversity of data enriches street vitality research, several challenges
remain. Many datasets still suffer from limited spatial or temporal resolution. For instance,
Baidu heatmaps (200 m x 200 m) and Mapbox movement data (100 m x 100 m) can
support macro-level pattern analysis but lack the precision required for micro-level studies.
Surveys and sensor-based data, though informative, demand substantial labor and logistical
costs [80,81]. Image data are easily affected by environmental conditions, and social-media-
based check-in data are biased toward commercial areas, limiting generalizability.

Moreover, regional disparities in data availability complicate cross-regional compar-
isons. In China, studies often use Baidu Maps and Tencent Maps, while international
research relies more on Google Maps and OpenStreetMap. Differences in coverage and
positional accuracy across these platforms increase uncertainty and make integration diffi-
cult [20]. In this regard, future work should focus on improving data resolution and cover-
age while developing more robust methods for integrating multiple data sources, which
will allow vitality analysis to become more comprehensive and comparable across contexts.

Looking beyond technical aspects, data governance and participation are also essential.
Open data should be viewed as a framework co-designed with the public. Communities or
neighborhood committees, working with data stewards, should determine what to measure,
why to measure it, for how long it should be measured, and under what safeguards. The
research process should also include open channels for feedback and appeal from affected
groups. When performing cross-regional comparisons, researchers should clearly disclose
differences in platform coverage and uncertainty sources to improve the interpretability
and transferability of findings.

To ensure responsible use and maintain social trust, Appendix C provides a “risk—
safeguard” comparison organized by data category. It outlines measures for preventing
re-identification and trajectory exposure, defining purpose limitations, ensuring data min-
imization and strong anonymization, enabling on-device processing that releases only
aggregated indicators, enforcing retention limits and access audits, and establishing mech-
anisms for appeal and withdrawal. This framework complements the discussion in this
section on data characteristics and applicability boundaries and serves as a baseline stan-
dard for future research and implementation.

Building on these considerations, the methodological framework can be further
strengthened by linking data openness with indicator co-design. While this review pri-
marily synthesizes technical and data-driven indicators of vitality, future research should
involve participatory design processes with residents and local stakeholders. Such collab-
oration can help identify and refine experiential indicators, including perceived comfort,
safety, inclusion of vulnerable groups, and cultural or caregiving activities. Incorporating
these experiential dimensions would make vitality assessment frameworks not only more
interpretable but also more socially meaningful.

4.2.2. Data Processing and Analysis Technologies

Progress in data processing and analysis methods has greatly improved efficiency and
accuracy. The development from traditional tools to advanced technologies and equipment
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has expanded the potential of data classification, pattern recognition, and dynamic analysis.
Nevertheless, when these methods are applied to complex scenarios or specific research
needs, certain limitations remain, as illustrated in Figure 8b.

Space syntax marked an important shift in street vitality studies from qualitative
observation to quantitative analysis. It reveals how the layout of streets relates to vitality
distribution through the examination of spatial topology and network connectivity [55]. As
a framework that focuses on connectivity and accessibility, space syntax has been widely
used in macro- and meso-level research. For example, studies by Fareh and Alkama (2022)
and X. Li et al. (2022) identified clear correlations between street network connectivity
and pedestrian movement, offering valuable insights for improving urban vitality [26,56].
Even so, its static structure-based design makes it difficult to capture dynamic behavior or
handle real-time information. When data such as GPS trajectories or video recordings are
introduced, these temporal limitations become even more apparent.

In addition, space syntax pays most attention to spatial structure while often overlook-
ing cultural and behavioral differences among users. In cities with diverse populations,
groups may perceive and use streets in different ways, which are not easily represented
by simplified network models. The framework performs well in terms of clarity and inter-
pretability, yet its limited ability to respond to change and its narrow adaptability across
different contexts reduce its usefulness in fine-grained temporal studies.

GPS and monitoring devices provide stronger capacity for dynamic response and
real-time data capture. These technologies make it possible to collect environmental and
behavioral information continuously, offering valuable support for the dynamic analysis of
street vitality. For instance, sensors can monitor changes in pedestrian density and environ-
mental conditions, while UAVs record street activities from multiple angles. Through such
applications, researchers can overcome some of the static limitations of space syntax and
gain a better understanding of human behavior in complex environments.

However, these technologies bring their own challenges. High costs and heavy re-
source requirements make them difficult to apply in regions with limited funding. They also
lack flexibility when used in different scenarios and cannot easily address qualitative factors
such as social or cultural influences. In addition, large-scale deployment often encounters
problems in efficiency and maintenance, which calls for further technical improvement.

ML has become one of the main tools in street vitality research and is now widely
used to handle large volumes of data (Figure 3). SL helps extract environmental features
from street view images and videos and can estimate crowd flow through classification and
prediction tasks [50,82]. The combination of CV and DL has improved automatic extraction
and generative simulation of complex environmental features, showing particular strength
in dealing with dynamic data [82]. Even so, supervised methods rely heavily on large
labeled datasets. Producing these datasets requires considerable time and cost, and biases
in the data may reduce the general applicability of the results.

UL performs better in cases where labeled data are limited. It can group data and
detect hidden patterns in street environments [83]. For example, clustering algorithms can
reveal links between pedestrian behavior and environmental quality. Yet the results are
often difficult to interpret, and integration with multiple sources of heterogeneous data is
still incomplete [34].

Although ML offers strong potential for analyzing dynamic data and scaling across
systems, its demand for computing power and its dependence on labeled data make
widespread use difficult. Limited transparency also remains a concern. Many models are
not open, and access to training data or code is often restricted, which limits collaboration
across disciplines and regions [20].
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To improve reproducibility and public trust, researchers should provide model cards
or data documentation, clearly state data use and retention periods, and make basic infor-
mation about training data, preprocessing, evaluation, and errors available. Mechanisms
for feedback and appeal should also be established so that affected groups can participate
in review and correction. Because different technologies involve different risks when
combining multiple data sources, Appendix A summarizes the corresponding typical risk
and minimum safeguard requirements by technology category. These include openness in
model and data disclosure, aggregation and de-identification of outputs, clear limits on data
use and retention, and independent auditing with public documentation. This framework
follows the principles of reproducibility and transparency discussed in this section and
serves as a minimum standard for responsible technology selection and implementation.

The differences in technical performance show that no single method can fully satisfy
the needs of street vitality research. Space syntax provides interpretability and strength
in large-scale analysis but lacks responsiveness to change. GPS and sensor-based systems
compensate for this weakness yet struggle with cost and contextual adaptability. ML
techniques excel in processing multiple data sources and automating analysis but still
require improvement in interpretability, openness, and resource efficiency.

4.3. Themes and Fields of Technology Application in Street Vitality
4.3.1. Macro-Scale: Dynamics and Technological Implementation of Vitality

In macro-scale street vitality research, multi-source data (e.g., high-coverage street
view imagery, mobile signaling, POI, urban transportation networks, and GPS trajectories)
provides extensive opportunities for selecting technical methodologies [72,84]. DL and data
analysis tools excel not only in large-scale automated identification and prediction but also
in the multi-dimensional, in-depth exploration of environmental factors and pedestrian dis-
tribution (Appendix B). Space syntax has also been widely applied in macro-scale analyses,
enabling researchers to uncover the structural relationship between urban morphology and
vitality distribution by quantifying street network connectivity and accessibility [55,58].

When selecting technologies, research objectives and data characteristics are particu-
larly critical. For scenarios requiring rapid processing of massive volumes of video or image
data to identify spatiotemporal dynamics of crowds, DL is most commonly deployed on
cloud or distributed systems [13,71]. For studies primarily focused on network structures
and functional area diagnostics, the combination of space syntax and clustering models
offers advantages in topological visualization and interpretability [58,85,86]. Additionally,
for researchers focusing on vitality differences across regions or conducting international
comparisons, it is important to consider the accuracy and timeliness of different map-
ping platforms, including Baidu Maps, Amap, Google Maps, and OSM [20,45,75]. These
platforms differ in image clarity, update frequency, and data authorization, which may
lead to insufficient comparability when transferring models across regions or conducting
technological comparisons.

To address this issue, some studies first use GPS or mobile signaling to identify vital-
ity hotspots, followed by UAV aerial photography or street view imagery for secondary
validation [27,84]. The multi-source data integration enables large-scale preliminary scan-
ning and targeted focus but also imposes higher demands on computational power and
network transmission.

Privacy and ethical challenges in macro-scale research primarily involve the large-scale
sharing of data from mobile communications and social media platforms. Achieving higher
spatiotemporal resolution necessitates collaboration with telecommunications operators or
government agencies, requiring extensive efforts in data anonymization and compliance
reviews [87]. Additionally, in DL or distributed analysis, researchers must implement
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dedicated modules for data encryption, access control, and ensuring the interpretability of
visualized results. Only by safeguarding privacy and data security can these technologies be
more broadly applied to city-scale vitality assessments, traffic organization, and functional
zoning practices. Overall, the use of technologies at the macro scale tends to focus on rapidly
identifying vitality hotspots, analyzing urban spatial structural features, and forecasting
crowd aggregation and dispersion trends, thereby providing comprehensive and efficient
support for macro-level planning and decision making.

4.3.2. Micro-Scale: Dynamics and the Built Environment of Vitality

At the micro scale, research focuses on individual streets, facilities, spatial morphol-
ogy, and building interfaces, examining how micro-environmental elements influence
human behavior and perception through high-precision data collection and real-time
monitoring [4,10]. Visual models and embedded sensors (e.g., StreetAware sensor, City-
Grid sensors) enable rapid segmentation and identification of street elements, making them
suitable for deployment on mobile platforms such as bicycles and buses [13,44]. Compared
with tools like Baidu heatmaps, Dewey’s neighborhood pattern, and Mapbox’s movement
data, these technologies offer greater spatial detail and interpretability.

Space syntax can also be applied at the micro level through visibility analysis and path
accessibility measures, providing structured visualizations and interpretive frameworks
for localized street cross-sections or corner areas [60]. When more detailed patterns of
crowd aggregation or pedestrian attributes are required, UAVs equipped with low-altitude
aerial photography can be employed for 3D reconstruction and integrated with GPS tra-
jectory tracking. These combined methods facilitate the analysis of how building facades,
entrance layouts, and street furniture configurations influence pedestrian dwell time and
social interactions.

Compared with macro-scale research, micro-scale studies raise more significant con-
cerns regarding privacy and ethics. Close-range camera recordings often capture detailed
personal information, posing substantial risks if measures such as facial blurring or data
encryption are not implemented. Therefore, it is essential to carefully design data collection
processes and select appropriate model scales and hardware configurations to balance
flexibility with regulatory compliance. To address dynamic or small-sample scenarios,
researchers have begun exploring unsupervised learning and transfer learning methods,
which allow models to adaptively learn new street elements and behavioral patterns from
limited or incremental data [13]. This approach reduces dependence on large-scale manual
labeling, making it suitable for small pilot projects or experimental street renewal initiatives.
However, these methods are still in their early stages of application, and their effectiveness
remains insufficiently validated.

For micro-scale, close-range data collection and recognition tasks, research protocols
should explicitly specify the minimum required resolution and blurring strategies, data
collection purposes and retention periods, third-party auditing and access authorization
procedures, as well as community-level participation and feedback mechanisms, in order
to reduce re-identification risks and enhance the social acceptability of the research.

At the same time, the selection of technologies at this scale should aim to accurately
capture mechanisms of human—environment interaction, assisting in the identification of
areas for improvement or potential blind spots in street furniture, physical environments,
and spatial configurations. Moreover, these technologies enable the rapid detection of
localized safety risks and abnormal crowd activities, thereby supporting evidence-based
management and design decisions.

When macro- and micro-scale technologies are integrated, researchers can first identify
high-vitality areas or regions requiring intervention at the city scale using data from space
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syntax or GPS. Detailed analyses of target streets can then be conducted using near-field
imagery, UAV footage, or StreetAware sensors. This multi-scale approach effectively
balances the identification of overall trends with the refinement of street-level design,
leveraging multi-source data integration and cross-scale technological collaboration to
address diverse needs ranging from municipal planning to precise street-level interventions.
By emphasizing both algorithmic interpretability and data governance, such studies can
provide more robust and transparent decision-making support for theoretical research and
practical applications in street vitality planning.

4.4. Challenges, Significance, and Future Research

Despite the progress achieved in street vitality research at both macro and micro levels,
significant limitations persist in terms of data quality and the applicability of technologies.

Firstly, data coverage and reliability remain major challenges. Remote and low-income
areas often lack access to high-resolution street view imagery, mobile signaling, or POI
data, which restricts the generalizability of research findings across diverse regions and
cultural contexts [20,51]. In high-density urban areas, micro-scale data collection demands
substantial investments in equipment and labor and is frequently hindered by factors
such as weather conditions, obstructions, and privacy concerns [22]. Thus, ensuring the
reliability and comprehensiveness of data in resource-constrained environments continues
to be a critical challenge that street vitality research must urgently address.

Secondly, the adaptability of existing methods remains insufficient. While ML can
efficiently process large-scale imagery and location data, it places high demands on la-
beled datasets and computational resources. Conversely, UL faces notable challenges in
interpretability and the complexity of integrating multi-source data. Space syntax offers
intuitive analyses of urban topological accessibility; however, it falls short of accurately cap-
turing the nuanced mechanisms of crowd activity without being supplemented by dynamic
behavioral data or sociological surveys [56,58]. Additionally, UAVs and embedded sensors,
while providing high-precision observations at the micro scale, are constrained by practical
factors such as costs, computational power requirements, and regulatory approvals [44].
This disparity between macro- and micro-scale technologies presents a significant obstacle
to constructing a cohesive multi-scale framework for street vitality research.

Thirdly, the lack of interdisciplinary and multi-agency collaboration mechanisms lim-
its the sharing and practical application of research findings. With the increasing prevalence
of urban monitoring facilities, such as traffic violation and safety surveillance cameras, the
potential for real-time monitoring of human activities and environmental conditions has
expanded. However, concerns regarding data security and privacy protection pose signifi-
cant challenges, making negotiations with government agencies a critical hurdle. Currently,
the integrated application of technologies such as ML, space syntax, and VR is primarily
confined to small-scale pilot projects, requiring high levels of platform standardization
and data openness. Without a unified collaborative platform established between urban
planning departments and technology development teams to support data anonymization,
labeling, and dynamic updates, the transferability of research outcomes and their relevance
to policy making will remain significantly constrained. Nevertheless, these challenges also
open up numerous opportunities for future research exploration:

(1) At the data level, promoting open data sharing through public platforms and cross-
departmental collaboration can provide accessible foundational data for regions and
researchers with limited budgets. Simultaneously, multi-source crowdsourcing and
lightweight applications have the potential to collect key street vitality indicators in
areas where device coverage is insufficient.
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(2) Technology Integration and Algorithm Innovation: Integrating multiple methods
to leverage their respective strengths could more comprehensively uncover the spa-
tiotemporal dynamics of human activities.

(8) Micro-Scale Technological Applications: Expanding the use of sensing devices and
fostering collaboration between urban regulatory equipment data and academic
research can enhance studies at the micro scale. Integrating biometric devices, VR, or
AR technologies with urban studies and environmental psychology could provide
more refined and immersive evidence for exploring behavioral mechanisms and
perceptual factors.

(4) While maintaining the methodological and data-oriented focus of this review, future
research should ensure clear purpose definition, data minimization, anonymization,
limited data retention, and independent auditing. In addition, mechanisms for pub-
lic participation and appeals should be established to guarantee transparency and
fairness. Building on this foundation, participatory approaches should be further
extended to the design of indicator systems, enabling residents and local stakeholders
to jointly define and evaluate the key dimensions of street vitality. Incorporating
experiential factors such as comfort, safety, inclusiveness, and cultural use would
further enhance the explanatory power and social relevance of vitality assessments.

5. Conclusions

This review systematically examines four core technologies and six data categories
used in street vitality research, together with four application themes and eight subcate-
gories spanning both macro and micro scales. It highlights key advances and persistent
constraints related to data quality, technological adaptability, and application scenarios.
While rapid innovation has opened substantial opportunities, uneven data coverage, lim-
ited methodological adaptability, and weak collaboration mechanisms continue to hinder
broad and robust deployment.

Firstly, limitations in data coverage undermine generalizability. The absence of high-
resolution data in remote and low-income areas restricts cross-regional and context-diverse
studies. In high-density urban settings, micro-scale data collection faces challenges such
as equipment costs and privacy protection. These constraints underscore the need for
practical guidelines that can travel across contexts rather than case-specific prescriptions.

Secondly, existing techniques require stronger adaptability and integration. Machine
learning, space syntax, and UAVs perform effectively in specific scenarios but exhibit short-
comings in dynamic behavior modeling, multi-source data fusion, and interdisciplinary
collaboration. Particularly at the micro scale, developing cost-effective approaches for
acquiring high-quality dynamic data remains critical. Equally important is methodological
transparency (clear documentation of data provenance, preprocessing, and evaluation
criteria) to ensure reproducibility and external scrutiny.

Thirdly, insufficient cross-sector collaboration and the lack of mature data-sharing
architectures limit the translation of analytical findings into practice. Unified open plat-
forms and reliable anonymization pipelines require further refinement to support policy
and planning at scale. To promote compliant and ethical deployment, this review proposes
a concise risk-safeguard mapping by technology and data category (including purpose lim-
itation, data minimization and anonymization, on-device processing, retention caps, access
logging, and redress mechanisms) as a baseline checklist for researchers and practitioners.

Based on the above challenges, the following four recommendations are proposed to
guide future research directions:
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(1) Promote open public data platforms to facilitate multi-agency collaboration and
data anonymization mechanisms, thereby enhancing data accessibility in resource-
constrained regions.

(2) Integrate multiple methodological approaches to leverage their respective strengths
for a more comprehensive exploration of the dynamic mechanisms underlying street
vitality. Strengthened interdisciplinary collaboration among data scientists, urban
planners, behavioral researchers, and policy actors is essential to translate analytical
models into shared tools for inclusive design and governance.

(3) Develop low-cost technological solutions adaptable to diverse scenarios, using multi-
source data integration to support multi-scale vitality research and to provide efficient,
evidence-based support for planning and policy decisions.

(4) Institutionalize a minimum set of safeguards, including purpose limitation, data
minimization and anonymization, capped retention, on-device processing where
feasible, audited access, and transparent reporting, so that measurement augments
rather than replaces public deliberation about streets as civic spaces.

Beyond these directions, future studies should situate street vitality analytics within
broader interdisciplinary ecosystems, linking computational innovation with social and
ecological understanding. The reviewed technologies have potential to reshape how
evidence informs design evaluation, participatory planning, and adaptive management
through platforms such as digital twins and real-time urban dashboards. Such integration
can bridge scientific rigor with public imagination, allowing vitality research to become
both a methodological and civic enterprise.

In conclusion, this review clarifies the current state of technologies, their limitations,
and promising paths forward for street vitality research. As smart-city systems mature,
combining methodological integration with enforceable safeguards and cross-disciplinary
collaboration will provide a stronger theoretical and practical foundation for optimizing
urban public spaces and fostering meaningful social interaction.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/buildings15213987/s1, Table S1: PRISMA checklist; Table S2: “Method
/technology” AND “Topic” AND “Context.” References [88,89] are cited in the supplementary materials.

Author Contributions: Conceptualization, Y.H. and M.C.; formal analysis, Y.H. and M.C.; methodol-
ogy, Y.H. and M.C,; writing—original draft preparation, Y.H. and X.Z.; writing—review and editing,
RS, M.C. and R.Y,; data curation, Y.H. All authors have read and agreed to the published version of
the manuscript.

Funding: This research received no external funding.

Data Availability Statement: The original contributions presented in this study are included in the
article/Supplementary Materials. Further inquiries can be directed to the corresponding author.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations
The following abbreviations are used in this manuscript:

DL Deep Learning

ML  Machine Learning

POI  Point of Interest

SL Supervised Learning
UL Unsupervised Learning
CV  Computer Vision

SVIs  Street View Images
WoS  Web of Science


https://www.mdpi.com/article/10.3390/buildings15213987/s1
https://www.mdpi.com/article/10.3390/buildings15213987/s1

Buildings 2025, 15, 3987 29 of 39
Appendix A
Table A1l. Classification of technology, data input, and data sources.
Category Risks Safeguard Data Input Data Source Citation
OSM and Google
Map and Video [4]
Camera
Tencent Maps and [17]
Baidu Maps
. [24,25,38,
Baidu Maps 41,45,51]
Baidu Maps and [12]
On-device processing and CitySpaces Dataset
. automatic blurring are Camera-Based
) Supfermsed 0{ degp applied, with only Device (13l
; earmng. models using aggregated indicators or I
image, video, or sensor irreversible embeddings mages \ 401
SL (DL in the inputs may produce being output. The use and [10,23,
study) revers'lble featl.lres or retention periods are Google Maps 371
embeddings, which could restricted, while model
enable individual cards and data Google Maps and [39]
re-identification or documentation are Baidu Maps g
continuous surveillance. provided, and all access Citygrid Sensors [44]
and audit logs are recorded. OSM [36]
Baidu Maps [26]
Baidu Maps and
AutoNavi [30]
StreetAware Sensor [46]
. Municipality and
Video PETS [22]
POI AutoNavi [30]
Full-process
de-identification and
. . hierarchical aggregation are GPS Logger [63]
Unsuperylsgd clustering or applied. The processing
topic mining may label workflow and uncertainties
population groups and, are disclosed. Data are
UL when linked with external restricted to research use GPS Data
data sources, lead to only, with linkage to
implicit profiling and identifiable information
discriminatory decisions. prohibited. Robustness and GPS Locators (7]
bias detections are
conducted.
Municipality and
Apply coarse-grained N La}r\lg -u}ie ]?ia]tja ind d Lianjia and Baidu 90
Linkine traiectorv data with spatiotemporal aggregation Peégl (zir AO(;' 'ta ];atn Maps and GPS [90]
in mg:[. rla]fec tory ata wi with minimum sample and Activity Data Tracking Devices
spatial leatures may thresholds, implement )
reconstruct individual de-identification and Video UAVs [27]
GPS and GIS tri;’g; g;t?v;??fczilg:y differential privacy, enforce  Pedestrian Volume and
5'~5r . - purpose and retention Land-use Data and VT
exploited for dliferelz?hal limitations, and enable Built-environment Municipality and GIS [57]
governance or tracking. access logging and Variables
independent auditing. - -
Pedestrian Volume Observation [56]
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Category Risks Safeguard Data Input Data Source Citation
Street Networks and OSM and
Satellite Images and Municipality and [58]
Pedestrian Volume Google Earth
Street Networks and
Non-residential buildings ~ GISrael and Manual 159]
Data and GIS and Counters g
Disclose data coverage, Pedestrian Volume
When combined with gecaracy, a-nd indicator Street Networks and POIL .
- definitions; release only . . Baidu Maps and
external datasets, static and Pedestrian/Vehicle . [60]
M research-level aggregated Detailed Gate Count
3 network accessibility . . Movement
pace Syntax 5 - results; verify with
indicators may be misused ind dent d - and -
P ional labeli independent datasets; an Maps and Pedestrian Municipali d
or regional labeling or 2 . . unicipality an
. restrict usage scenarios to Volume and Pedestrian . .
selective governance. Lo . . Pedestrian Counting [11]
prevent individual- or Behavior and Video and . -
L and Questionnaire
store-level applications. Image
Street Networks and POl ~ OSM and Amap and [61]
and Baidu Heatmap Baidu Maps
Images AMOS Webcams [28]
Tencent Maps and
Images and POIL OSM and Satellite [14]
Map
Street Network and
Business Density and POI OMS and Baidu
Density and Check-in Maps and Blog and [64]
Density and Comment Dianping
Density
Mobile Phone Data Municipality [87]
Mc.>b1'le Phone Data and Mobile Phone
Building Data and Road
Operator and Amap
Network and POI and ..
- and Dianping and [75]
Business Data and House . .
. . Fangtianxia and
Price and Recruitment .
51job
Info
. P Social Activity Intensity
ApPly de }dentlﬁcatlon' and and Economic Activity Weibo and Dianping
. . hierarchical aggregation . .
Multi-source linkage (e.g., - . Intensity and Pedestrian and Tencent Maps
. . . with minimum sample . 1 o
social, economic, trajectory, thresholds and outlier Density and Building and Tianditu and [65]
Multiple Big and POI data) may enable truncation: restrict pUFPOSe Density and POI and Baidu Maps and
Data and re-identification and . p p‘ Road Junction and SinoGrids and Lianjia
. 1 . and retention period; 1
Computer detailed profiling, which . o Building Data
. . maintain access auditing
Analytics can be misused for . .2 -
differential pricing or and grievance mechanisms; Check-in Data and Blog and
tareeted actions and conduct risk Resident Population Data Municipality and [91]
& ’ assessment prior to any and House Price and POI Lianjia and Amap
cross-source linkage. Check-in Data Blog 5]
Video Video Camera [92]
Road Network and OSM and Mobile
Mobile Communication Phone Operator and 84]
Dataset and Urban Baidu Maps and
Spatial Data and POI AutoNavi
Taxi Trajectories Records
and Urban Physical Taxis and Baidu [62]
Environment Features Maps
and POI
Check-in Data and POI Blog and Baidu Maps
and Population and GDP  and Municipality and [93]
and Road Network OMS
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Appendix B

Table A2. Classification of Machine Learning Techniques Based on Application Types.

Application Categories Algorithm Application Categories

L. Chen et al. (2020) used it to evaluated pedestrian volumes with
SVIs [17]. It is capable of counting pedestrians from images without
image segmentation process. In pedestrian recognition field,
LDCF Algorithm orthogonal segmentation is more efficient and less computationally
expensive during training and detection but may have advantages
in dealing with high-dimensional data with highly correlated
features [94].

Submitted by Dollar et al. (2014) [95]. Yin et al. (2015) used it to
count pedestrians. It is SL and usually requires both positive and
negative samples (e.g., pedestrians and non-pedestrians) for
training and uses these samples to learn the difference between a
target (e.g., pedestrian) and the background [10]. Cameras
mounted on bicycles traveling on the street were used for
acquisition and training in this study, similar to capturing GSVs.
This allows the trained model to be used directly for detection
without manually labeling pedestrians or training the model again.

Image Recognition
Algorithm ACF

YOLOvV4 uses a CNN [96]. CV was used to measure street activity
in real time [13]. Firstly, the image is used as input data and a
prediction category is output for each human activity or traffic
detected, then a confidence score is output. Secondly, the trained
model weights are transferred to a YOLOv4-tiny structure and a
YOLOv4 camera-based device. Finally, it was installed on a bus to capture
the urban vitality of this bus line.
There are two advantages: (1) The equipment is fully automated]
without the intervention of a driver. (2) The device processes
images locally without saving, thus enabling the creation of rich

Image-based Technologies o7 ’ - ]
indicators of street use while respecting personal privacy.

It is an algorithm for scene parsing and semantic segmentation
using SVI as input data through pyramid pooling module and
PSPNet pyramid scene parsing network. It is used to study streetscape
features that can be directly perceived by pedestrians (micro-scale)
[24,25,30,37,39,41,45].

Proposed by [4], the model comprises a pedestrian-volume-based
and activity-based model that is capable of inferring street vitality
from two different aspects [4]. Video data is captured by both high-
and low-set cameras and converted into image data for pedestrian
counting and activity categorization as input data for assessing
DLM-SVC Model street vitality.

Artificial neural network (ANN) is an estimated model using a
large amount of input data [23]. The neural networks composed of
interconnected neurons are adaptive to input data and enabled to
learn. It is used for CV and speech recognition [97]. Yin and Wang
(2016) used it to analyze the texture and color of images [23].

It is a method for classification using SL, proposed by Cortes and
Vapnik (1995), and has been used for image classification [98]. Yin
and Wang (2016) used image features extracted by ANN (e.g.,

Support Vector Machine neighboring regions and their sizes and locations, the areas are the
(SVM) sky’s possibilities, and share boundary is a straight line possibility)

as input data to SVM, classifying and labeling the images as sky or

non-sky [23]. It was used to objectively measure visual closure and

walking ability.
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Table A2. Cont.

Application Categories Algorithm Application Categories

Presented by L.-C. Chen et al. (2018), it is a variant of CNN for
semantic segmentation. The difference from the main PSPNet is
that Deeplab V3+ combines null convolution and a new
encoder—-decoder structure [99]. Improved object boundaries make
the model more adaptable to targets of different sizes [99]. Z. Liu
et al. (2022) deconstruct vision by extracting formal features (form,
line, texture, and color) of landscapes to assess their character
(e.g., coherence, diversity, vividness, and harmony) [12]. Zhao et al.
(2023) also extracted built-environment elements from SVI to
explore street vitality in relation to them. It can be seen that this
method of extracting abstract parameters from landscape is suitable
for studying visual perception of landscape [38].

Deeplab V3+

It can used to recognize patterns and features in image and
classification or regression operations on images [97]. In Qi et al.
(2020), CNNSs are utilized to mimic human perception of urban
scenes and to recognize visual features of urban street vitality
directly from street scenes [40].

Convolutional Neural
Network (CNN)

ResNet-34 refers to a residual neural network (RNN) and was first
proposed by He et al. (2015) [100]. In road network classification by
W. Chen et al. (2021), road network types were artificially extracted
using a colored road hierarchy diagram (CRHD) and trained with
ResNet-34 input image data [36]. In contrast to common CNNss,
ResNets reform the layers into a residual function that learns the
input of the reference layer. ResNets have better performance per
parameter and faster inference than earlier architectures such as
VGG, with their speed, accuracy, and ability to filter important
Image-based Technologies features.

ResNet-34

Submitted by Badrinarayanan et al. (2017). It is a deep neural
network structure for semantic segmentation to recognize the sky
and greenery in images [101]. M. Li et al. (2021) used it to recognize
the pixels of SVIs as sky, greenery, and the rest of the street [44].
Faster inference compared to other semantic segmentation methods
of the time [101].

Segnet Neural Network

Itis DL, proposed by Long et al. (2015), and used for semantic
segmentation [102]. X. Li et al. (2022) used FCN based on ADE20k
dataset, and six types of street elements (pedestrians, bicyclists,
motor vehicles, transit, private cars, and trucks) were extracted for
counts [26].

Proposed by J. Wang et al. (2020), adapted from Faster R-CNN
network for object detection and human pose estimation by
enabling state-of-the-art bottom-up segmentation using
high-resolution feature pyramids [103]. There were six categories
detected in Piadyk et al. (2023): people, cars, bicycles, trucks,
motorcycles, and buses [46]. For pose estimation, the model detects
each “person” independently and focuses on a specific bounding
box. Despite the obvious lens vignetting and brightness variations
in images, the method produces consistent estimates as the person
moves towards or away from the camera.

Inception V4 was proposed by Szegedy et al. (2017) for semantic
segmentation [104]. Tang et al. (2022) trained and compared a total
of four state-of-the-art CNN models (DenseNet-121, SENet-154,
ResNeSt-50, Inception V4), and Inception V4 was chosen to assess
people’s willingness to stay in relation to their environment [51].

Fully Convolutional Neural
Network (FCN)

High-resolution Network
(HRNet)
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Application Categories Algorithm

Application Categories

Multi-layer Perceptron

MLP is a type of artificial neural network for regression and
classification tasks. By adding hidden layers and non-linear
activation functions, the MLP is able to capture non-linear
relationships in the data, which makes it more powerful than
simple linear models (e.g., linear regression or a single perceptron)
[105]. Hu et al. (2020) used MLP to group urban functions by
different POI urban function themes and street-view-based metrics
using distribution probabilities of POI urban functional thematic
and streetscape-based metrics as inputs [30]. At the output layer,
the output is the detection results for each selected road segment.
Then roads are categorized and specific urban function types are
labeled.

Proposed by Y. Zhang et al. (2021), it is based on the anchor-free
object detection architecture CenterNet [106]. Used for automated
video processing [22], and a framework for combining pedestrian
tracking with attributes is proposed on this basis. The framework
incorporates pedestrian high-level attribute features (gender, age
group, and personal effects type) used for re-identification (RelD)

to help analyze pedestrian mobility patterns. The method
overcomes to some extent some of the problems that CV has often
encountered in previous studies, such as (1) variability of human
appearance and (2) occlusion. Using the method for pedestrian
volumes will result in more reliable data.

(MLP)
Image-based Technologies
FairMOT
Video Detection-based LightGBM (Tree-based
Technologies Regression Model)

It is a popular ML method in the current industry, first proposed by
Ke et al. (2017) [107]. The advantages include fast speed, high
accuracy, and ability to filter important features. It evolved from the
gradient boosted decision tree (GBDT) to establish the relationship
between morphology indices and vigor indicators
(W. Chen et al. (2021)) [36].

Principal Component
Analysis (PCA)

Proposed by Pearson (1901), it is a statistical method that finds a
line or a plane that minimizes the sum of the squares of the
distances of all data points to that line or plane [108]. But it was not
originally designed for ML at that time, as ML did not exist. It is a
statistical technique widely used today for data analysis and ML.

Based on Data Analysis

Latent Dirichlet Allocation

(LDA)

LDA is a UL of Bayesian probability, primarily used to discover
potential themes in a collection of documents [109]. Hu et al. (2020)
use POI data to extract socio-economic information as a way to
perform semantic urban function extraction. And, combined with
semantic segmentation, an urban-function-driven street quality
assessment method was proposed [30].
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Appendix C

Table A3. Data Types and Attributes in Street Vitality Research.

Use Case Subcategory  Source/Tools Advantages Limitations Risks Safeguard
Process data solely on-device
Accurate for Camera footage may with automatic blurring of
real-time capture identifiable identifiable information; retain
Pedestrian Sensors, monitoring; Affected by occlusion, lightin, individuals and be only aggregated counts such as
8 y ghting Y aggreg:
Count Image, Video supports conditions misused for tracking or the number of people; define
& PP 3 peop
density and forensic purposes beyond explicit purposes and retention
flow analysis the scope of research. periods; and ensure on-site
notification and auditing.
e Release only de-identified data
Repeated positioning .
aggregated by large spatial and
. Good for data may reconstruct . .
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