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Abstract

Urban vitality is a key quality of the livability and attractiveness of a city, with street-
level social dynamics recognized as a central representation. However, existing approaches
to capturing such dynamics, primarily through pedestrian volume, rely on static imagery,
location-based proxies, or custom sensors. Such methods are typically discontinuous, limited
in spatio-temporal resolution, costly, and overlook the role of sound in shaping environments.
To address these gaps, this study explores the feasibility of using Street View Video (SVV), a
novel, promising, yet under-utilized data source, for capturing street-level dynamics. Lever-
aging widely available crowdsourced city tour videos as a representative form of SVV, we
develop an automated and scalable framework for high-precision geo-localization of SVV by
extracting textual and depth information. Further, we propose a visual-auditory pipeline that
integrates continuous pedestrian activity and sound environments as complementary dimen-
sions that reveal street-level social dynamics. Using Melbourne as a case study, we identified
892 high-quality and geolocatable videos totaling over 541 hours and achieved an accuracy of
77% for geo-localization. We generated spatio-temporal maps that not only reproduced well-
studied pedestrian volume patterns, but also previously neglected aspects, including human
actions (walking, standing, sitting), sound intensity, and sound types (speech, music, vehi-
cle). Correlation and quadrant analyses further explored the relationships among these vitality
dimensions, revealing distinctive street characteristics and highlighting the limitations of con-
ventional road classifications. Overall, these findings demonstrate the potential of SVV as a
multimodal and reproducible source of urban vitality indicators, providing a proof-of-concept
for future urban sensing applications.
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1. Introduction

Urban vitality has long been regarded as a fundamental dimension of urban life, central to eval-
uating a city's livability, attractiveness, and its capacity for sustainable development (Mont-
gomery, 1998; Gehl, 2011; Hall and Pfer, 2013; Zeng et al., 2018; Huang et al., 2020;
Chen et al., 2023; Mouratidis and DadstAli6, 2026). It encompasses not only the intensity

of economic and social activities, but more fundamentally re ects the potential of urban space
to support human engagement — factors closely linked to residents' well-being, sense of be-
longing, and spatial identity (Dale et al., 2010; Yin, 2017; Chen et al., 2020; Huang et al.,
2020). Among its various dimensions, street-level social dynamics are widely recognized as
one of its most direct and visible expressions (Jacobs, 1961; Whyte, 1980; Gehl, 2013; Doan
and Zhang, 2025), capturing not only the functional use of street public space but also its
attractiveness, accessibility, and capacity to promote everyday life, while re ecting broader
patterns of local economic and cultural vibrancy (Jacobs, 1961; Gehl, 2011). However, car-
centric urban planning has gradually marginalized public spaces (Appleyard, 1980; Newman
and Kenworthy, 1998; Sheller and Urry, 2000), reducing walkability and weakening social
interactions. Against this backdrop, the ability to reliably monitor and assess street dynam-
ics has become increasingly crucial for sustainable and human-centered urban development
(Whyte, 1980; Yigitcanlar and Teriman, 2015).

Previous studies have measured street-level dynamics using a variety of quantitative meth-
ods and data sources, with the most direct approach involving the estimation of pedestrian
volume. For example, researchers have applied object detection techniques to extract large-
scale pedestrian count from street view imagery (SVI) (Yin et al., 2015; Chen et al., 2020,
2022). Others have utilized location-based services (LBS) data sources, including GPS trajec-
tories, mobile signaling records, and heatmaps derived from digital map services to estimate
pedestrian density (Wu et al., 2021; Liu et al., 2021; Wang et al., 2023). Furthermore, video
cameras and sensors have been deployed to monitor pedestrian ows along speci ¢ street seg-
ments (Hou et al., 2020; Tokuda et al., 2020; Li et al., 2022; Salazar-Miranda et al., 2023).
Other studies have extended the focus beyond volume alone, examining pedestrian behaviors
such as movement patterns, group dynamics, and socio-cultural practices (Zaki and Sayed,
2018; Loo and Fan, 2023; Salazar-Miranda et al., 2025).

Although these approaches have contributed valuable insights for identifying street dy-
namics with various types of spatial data, none has yet been perfected and each faces notable
limitations. First, most existing methods achieve high resolution in either space or time, but
rarely both. For example, SVI usually provides broad, spatially continuous coverage across a
city but is updated infrequently, often yearly. By contrast, xed or mobile cameras can capture
continuous temporal dynamics but usually cover only limited point-based areas (Doan and
Zhang, 2025). Second, data accessibility and cost remain a concern. LBS data, for instance,
0 ers ne-grained spatio-temporal resolution, but their accessibility to researchers is often
constrained by reliance on provider agreements or the high costs of acquisition and deploy-
ment (Oliver et al., 2020). Third, while much prior work has emphasized pedestrian ows, the
urban sound environment remains an important yet underexplored dimension. Street sounds
fundamentally shape the atmosphere of public spaces and in uence perceptions of vitality
(Schafer, 1977; Kang et al., 2016; Aletta and Kang, 2018; Cao and Kang, 2024). Although
prior studies have mapped urban sound environments and explored interactions with the built
form (Kang et al., 2016; Kang, 2023), few have jointly considered pedestrian activity and
sound environment in assessing street-level dynamics for measuring vitality at a large scale.

To address these limitations, we draw inspiration from recent pioneering work that lever-



ages video sources at street level — including city tour videos (Hartmann and Purves, 2023),
webcams (He et al., 2025), and dashcam footage (Oda and Yoshimura, 2024) — for urban
sensing tasks such as analyzing transportation modes and pedestrian distribution. We argue
that such commercial and crowdsourced video data represent a readily available and accessi-
ble yet underutilized resource, ering key advantages including continuous spatial observa-
tion while capturing previously overlooked aspects of the urban environment such as ambient
sound. These characteristics make them particularly promising for addressing the aforemen-
tioned challenges in urban vitality research and other urban sensing tasks.

Building on these emerging examples, we posit that a broader class of such street-level
video data exists, whose shared properties can provide unique perspectives and meaningfully
extend established urban sensing approaches and instruments such as SVI. Accordingly, we
propose the recognition and conceptualization of Street View Video (SVV) as a novel data
type — an umbrella term encompassing these similar forms of street-level video data. By
systematically identifying, classifying, and studying SVV, we can deepen our understanding
of this emerging data source and examine how, and to what extent, it can be utilized in urban
research. To structure our investigation of this new data type, we pose the following research
guestions:

" Which data forms can be classi ed under the concept of SVV?
" How can SVV be processed to retrieve geospatial information?

" How can SVV be utilized to measure urban vitality?

To systematically address these questions, we rst reviewed the literature to identify po-
tential forms of SVV and de ne the concept of it. Using the recently emerging and culturally
in uential city tour videos as example data, we investigate urban vitality within high-density
urban centers, where economic and cultural activities concentrate and which have been a pri-
mary focus of research in this eld (Dela$-Ali6 et al., 2019; Guo et al., 2021; Liu et al., 2021,
Li et al., 2022; Salazar-Miranda et al., 2023; Bai et al., 2025; Chen et al., 2025b). We devel-
oped an innovative SVV processing framework for high-precision geo-localization based on
textual and depth information to infer the location. Building on this foundation, we designed,
for the rst time, an automated video quality control framework alongside a visual-auditory
pipeline to characterize urban vitality across two key dimensions: pedestrian activity, captured
through human volume and actions, and the sound environment, captured through sound in-
tensity and types. As a case study, we implemented our method in the central business district
(CBD) of Melbourne, Australia. Among 1,602 videos longer than 10 minutes, we success-
fully traced 892 high-quality videos, including 801 recorded during the day and 91 at night,
covering most areas of the CBD. Across these identi ed trajectories, our approach achieved a
street-level geo-localization accuracy of 77.19%. Leveraging these results, we are among the
rst to reveal patterns of urban vitality based on the joint distribution of human activity and
sound. We generated ne-grained spatial and temporal patterns at the 50-meter street-segment
level within the city center, and derived initial insights into street use and characteristics. More
broadly, this study serves as a proof-of-concept for the use of SVV to support future research
on street experience, public-space quality, and other dimensions that areltdio capture
using conventional datasets.



2. Related work

2.1. Measuring pedestrian activity

As urban vitality has gained increasing prominence in urban studies, pedestrian activity, long
regarded as the most direct and widely studied indicator of street-level social dynamics, has
become a foundational research focus (Whyte, 1980; Gehl, 2013; Yin et al., 2015). This area
has evolved from traditional eld-based techniques to more recent data-driven approaches.

Early methods for estimating pedestrian activity primarily relied on eld observation,
audits, and surveys, which, while providing valuable insights, were labor-intensive, time-
consuming, and limited in spatial and temporal coverage and scalability (Sisiopiku and Akin,
2003; Diogenes et al., 2007; Islam et al., 2014). Moreover, survey-based data was susceptible
to subjective bias, limiting its representativeness and reliability (Ben-Joseph et al., 2013; Kelly
etal., 2013; Yin et al., 2015; Salazar-Miranda et al., 2023).

With the advancement of geospatial technologies, computer vision, and internet-based
image services, automated and scalable methods for mapping pedestrian patterns have prolif-
erated (Feng et al., 2021). For instance, Yin et al. (2015) and Chen et al. (2020) pioneered the
use of image-based estimation methods using Google's SVI, and Nathvani et al. (2025) further
leveraged time-lapsed SVI to capture a more re ned temporal dimension. Parallel to this, LBS
data sourced from platforms such as Baidu, Tencent, or third-party data providers has emerged
as a powerful resource, ering high spatial-temporal granularity that enables researchers to
infer individual movement patterns (Wu et al., 2021, 2022; Li et al., 2020; Jiang et al., 2022).
Urban heatmaps derived from aggregated user location data on mapping platforms have also
been used as a location-based proxy for human activity (Wang et al., 2023; Li and Pan, 2023;
Liu et al., 2021).

More recently, video data has received increasing attention as a promising form for pedes-
trian observation. Researchers have deployed custom cameras on streets and squares (Liang
etal., 2020; Hou et al., 2020; Ceccarelli et al., 2023), or mounted sensors on vehicles (Tokuda
et al., 2020; Salazar-Miranda et al., 2023), to capture movement patterns at relatively high
temporal resolution. Compared to static data, these videes continuous observation of
social behaviors such as walking, talking, and grouping, with potential to reveal socio-cultural
phenomena (Salazar-Miranda et al., 2023).

These methods have substantially enhanced the capacity to measure pedestrian activity
with distinct analytical strengths. However, several limitations exist. Traditional static SVI
lacks the ability to capture dynamic human ows (Doan and Zhang, 2025). LBS data, while
o ering high spatial and temporal precision, is often costly to access and may fsam
representativeness bias (Oliver et al., 2020; Gravitz-Sela et al., 2025). Emerging video-based
and mobile-sensor approaches allow for more detailed and accurate observations. However,
their limited coverage and high implementation costs continue to constrain scalability and
accessibility (Hu et al., 2023; Lian et al., 2024). These challenges highlight the need for a new
source of data for measuring pedestrian activity, one that is more widely available, dynamically
captured, and capable of supporting ne-grained observation at scale. Such a resource would
0 er critical opportunities for deepening our understanding of the spatial-temporal dynamics
of pedestrian activity.

2.2. Mapping urban sound environment

Urban sound is an integral component of the built environment, essential for understanding
place and space, and it signi cantly shapes public health and perceptions of the city (Andringa



and Lanser, 2013; Hong and Jeon, 2017; Thulin, 2018; Gasco et al., 2020). Measuring and
mapping sound is thus a critical part of modern acoustic research, enabling us to understand
how the sound environment acts people, fosters urban vitality, and informs planning for
more livable cities (Aletta, 2016; Aletta and Kang, 2018; Van Kamp et al., 2019; Kang, 2023).

Existing approaches can be broadly divided into direct eld collection and proxy data
methods. Field-based measurements have long been the mainstreaimg oeliable acoustic
information. Typically, these involve sampling sounds at xed stations or with mobile units
(Job et al., 2016; Hong and Jeon, 2017; Zambon et al., 2017; Aumond et al., 2018b,a), captur-
ing sources such as tra noise or natural sounds, and interpolating results across larger areas,
with additional contributions from citizen science and crowdsourced collection (Can et al.,
2023; Othman et al., 2024; Boumchich et al., 2024).

In recent years, proxy data approaches have gained attention as a way to reduce costs
while scaling up coverage. For example, Aiello et al. (2015) used geotagged social media
photos, deriving sound-related words from tags to map the distribution of sound categories
across city streets. Zhao et al. (2023) and Huang et al. (2024a) combined street view imagery
with eld measurements to produce high-resolution soundscape and noise maps that support
urban sensing.

While both direct and proxy methods er valuable perspectives, each has drawbacks.
Field-based approaches are labor-intensive anadli to scale, hindering comparative anal-
yses across space, time, or cultures (Kogan et al., 2017). Proxy approaches achieve broader
coverage but face concerns of representativeness, as they rely on indirect indicators rather
than acoustic measurements. These limitations underscore the need for new data sources that
have the potential to capture sound directly at a lower cost, with higher resolution, while also
serving as a missing dimension in holistic assessments of urban vitality.

3. De nition — Street View Video

With advances in map-based services and computer vision, researchers have increasingly re-
lied on visual representations of cities, with Street View Imagery (SVI) being one of the most
widely used and studied sources (Anguelov et al., 2010; Biljecki and Ito, 2021). However, due
to the inherently discontinuous nature of image data, researchers have increasingly turned to
video sources to capture urban environments and their dynamic changes in greater detail, for
example, 360-degree virtual videos (Zhu et al., 2019; Cinnamon and Jahiu, 2023; Yang et al.,
2025) and UAV-based aerial videos (Zhu et al., 2019; Wang et al., 2024), with street-level
videos emerging as the most common and widely adopted form.

We posit that video data at the street level may share certain distributional and structural
characteristics. Identifying and comparing these forms provides a unique opportunity to sys-
tematically examine their features and assess their potential for urban research tasks. Based
on commonly observed types, we distinguish six forms of street-level video, as illustrated in
Figure 1. These can be broadly categorized into two groups: stationary video data and mobile
video data, depending on whether the recording device remains stationary or moves during
data collection.

Stationary video data are captured by devices installed at speci ¢ sites such as buildings,
poles, or other urban infrastructure. Public webcams represent one of the most accessible
forms, often available on various commercial platforms. These cameras are typically installed
at di erent locations and provide continuous 24-hour live streaming. They have achieved
widespread global coverage for over a decade (Jacobs et al., 2009), and their use has surged
during the COVID-19 pandemic, particularly for monitoring plazas, landmarks, and other pub-



lic areas (Jarratt, 2020). Recent studies have increasingly drawn on these resources, con rm-
ing their value for tra ¢ analysis and the study of urban vitality (He et al., 2025; Galich et al.,
2025; Chen et al., 2025b). Another form, surveillance footage (e.g., CCTV systems) from mu-
nicipal or institutional monitoring systems, is even more widely deployed across cities. Such
data have been instrumental in evaluating ttaows, public safety, environmental health,

and pedestrian social activity (Grabowski and Z=yski, 2020; Zou et al., 2021; Shorfuzza-

man et al., 2021; Jin et al., 2024; Dardour et al., 2025; Gravitz-Sela et al., 2025; Ibrahim and
Lyons, 2025). However, as they are typically managed by government agencies, accessibility
remains limited.

In contrast, mobile video data are collected by devices that move through urban environ-
ments, commonly mounted on vehicles or carried by individuals. Dashcams, widely deployed
on private and commercial vehicles and often equipped with GP&; new opportunities
for urban sensing. Researchers have collaborated with companies and institutions to lever-
age dashcam data to analyze pedestrian volumes and patterns (Oda and Yoshimura, 2024;
Lian et al., 2024), with some crowdsourced datasets even extending to over 500 cities world-
wide (Alam et al., 2025). Vehicle-mounted mobile sensors are also frequently used & tra
research, enabling specialized analyses such as street vegetation assessment or pedestrian ac-
tivity detection (Tokuda et al., 2020; Hu et al., 2022; Salazar-Miranda et al., 2023; Zhang
et al., 2025b). While these custom setups provide rich analytical potential, they often de-
mand greater resources and are constrained by limited spatial coverage (Hu et al., 2023; Lian
et al., 2024). In addition, user-generated street-level videos with geotags provide valuable
observational material. Social sharing videos, often created through spontaneous personal up-
loads from various devices such as mobile phones to social media platforerdomediacy
and a human perspective, supporting near real-time analysis of events such as natural disas-
ters (Lewis and Park, 2018; Lombardo et al., 2025; Rpdiz et al., 2025), and providing a
unique lens for perceiving the city image (Chen et al., 2025a). However, the lack of stan-
dardization introduces challenges regarding data quality and coverage. By contrast, city tour
videos are relatively more standardized, typically recorded with chest-mounted or dashboard
cameras, documenting rst-person point of view (POV) walking, cycling, or driving experi-
ences through urban areas. Their growing popularity and broad geographic coverage have
increasingly highlighted their potential as a source for urban sensing (Hartmann and Purves,
2023).

Based on the characteristics and applications of the data forms outlined above, and with the
aim of enabling a more systematic investigation of this emerging class of data, we summarize
their shared features and introduce the concept of Street View Video (SVV):

Street View Video (SVV) is a geo-locatable video collected at or near street-
level, which provides observations of the urban environment, sometimes includ-
ing sound.

Building on these commonalities, each data type also exhibits distinct advantages and lim-
itations. Table 1 summarizes typical characteristics when aggregated at the scale of a single
city. Stationary SVV types generally feature high temporal coverage but low spatial continuity,
owing to their xed, point-based deployment. Surveillance networks broaden spatial coverage
by observing many sites at once, yet these sites remain discrete, so continuity stays low. On
the other hand, these sources score high on standardizatienng stable quality, xed per-
spectives, and precise geolocation. Such properties make them suitable for longitudinal urban
studies at speci c sites. In contrast, mobile video data are more heterogeneous. Depending
on the data availability and research objectives, both dashcam footage and mobile sensors
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Figure 1: An illustration of six SVV types within an urban environment, accompanied by representative example
images.

can yield varying degrees of coverage, although the latter is usually of higher quality, since
research-driven collection allows controlled acquisition and calibrated equipment. Both often
include GPS information and support ne spatio-temporal scales, enabling research on tra
pedestrians, and urban environments from a road-level perspective. Social sharing videos and
city tour videos stand out for their broad accessibility due to their crowdsourced nature and
the frequent inclusion of sound, but typically exhibit the lowest consistency and usually carry
coarse geolocation (e.g., city or street level), requiring additional inference for ner position-
ing. Between the two, city tour videos er relatively higher coverage, continuity, and quality

as they more often originate from video-sharing platforms and are typically produced with
better recording equipment as well as a stronger tourism-oriented framing.



Table 1: Comparison of six SVV types across key characteristics when aggregated at the scale of a single city.

Street View Video

Characteristic Stationary \ Mobile

Webcams Surveillance footage* Dashcam footage Mobile sensors Social sharing video City tour video
Spatial coverage Medium High Data-dependent Data-dependent Low Medium
Temporal coverage High High Data-dependent Data-dependent Low Medium
Spatial continuity Low Low High High Data-dependent High
Quiality Medium High Medium High Low Medium
Geolocation Explicit Explicit Explicit Explicit Implicit Implicit
Perspective Overhead Overhead Road Road Any WalkwaiRoad
Sound No No No Data-dependent Yes Yes
Typical source Commercidhstitutional Institutional Institutional CommercidResearcher Crowdsourced Crowdsourced

For the study of urban vitality, we adopt city tour videos as our exemplar SVV, motivated
not only by their capacity to capture urban sound, but more importantly, by their broad avail-
ability and widespread popularity across urban centers.

4. Methodology

Based on the city tour video type, we propose an automated and scalable research framework
for measuring pedestrian activity and sound environments to represent urban vitality, as illus-
trated in Figure 2. This framework includes data collection (Step A), geo-localization (Step
B), visual-auditory assessments (Step C), and spatial-temporal analysis (Step D).

Figure 2: A framework for data downloading, geo-locating, visual-auditory assessing, and spatial-temporal ana-
lyzing based on city tour videos.
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