This is the Accepted Manuscript version of an article published by Elsevier in the journal Computers, Envi-
ronment and Urban Systems in 2027, which is available at: https://doi.org/10.1016/j.compenvurbsys.
2026.102509

Cite as: Gu Y, Liang X, Fan Z, Hou Y, Biljecki F (2027): Street view video for urban sensing: Potential for
measuring urban vitality. Computers, Environment and Urban Systems, 131: 1025009.

Street View Video for Urban Sensing: Potential for Measuring Urban
Vitality

Youlong Gu?, Xiucheng Liang?, Zicheng Fan?®, Yujun Hou®®, Filip Biljecki®“*

“Department of Architecture, National University of Singapore, 4 Architecture Dr, 117566, Singapore
bDepartment of Geography and Planning, University of Liverpool, Liverpool, L69 7ZT, United Kingdom
¢Department of Real Estate, National University of Singapore, 15 Kent Ridge Dr, 119245, Singapore

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 Pfeiffer, 2013; Zeng et al., 2018; Huang et al., 2020;
Chen et al., 2023; Mouratidis and Delclos-Alié, 2026). It encompasses not only the intensity
of economic and social activities, but more fundamentally reflects 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 reflecting 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 flows along specific 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, fixed 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,
offers fine-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 flows, the
urban sound environment remains an important yet underexplored dimension. Street sounds
fundamentally shape the atmosphere of public spaces and influence 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, offering 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
questions:

e Which data forms can be classified under the concept of SVV?
e How can SVV be processed to retrieve geospatial information?

e How can SVV be utilized to measure urban vitality?

To systematically address these questions, we first reviewed the literature to identify po-
tential forms of SVV and define the concept of it. Using the recently emerging and culturally
influential 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 field (Delclos-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 first 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 identified trajectories, our approach achieved a
street-level geo-localization accuracy of 77.19%. Leveraging these results, we are among the
first to reveal patterns of urban vitality based on the joint distribution of human activity and
sound. We generated fine-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 are difficult to 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 field-based techniques to more recent data-driven approaches.

Early methods for estimating pedestrian activity primarily relied on field 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
et al., 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 refined 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, offering 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
et al., 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 videos offer 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 flows (Doan and Zhang, 2025). LBS data, while
offering high spatial and temporal precision, is often costly to access and may suffer from
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 fine-grained observation at scale. Such a resource would
offer 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 significantly 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 affects 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 field collection and proxy data
methods. Field-based measurements have long been the mainstream, offering reliable acoustic
information. Typically, these involve sampling sounds at fixed 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 traffic 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 field measurements to produce high-resolution soundscape and noise maps that support
urban sensing.

While both direct and proxy methods offer valuable perspectives, each has drawbacks.
Field-based approaches are labor-intensive and difficult 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. Definition — 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 specific 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 different 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, confirm-
ing their value for traffic 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 traffic flows, public safety, environmental health,
and pedestrian social activity (Grabowski and Czyzewski, 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 GPS, offer 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 in traffic
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 platforms, offer immediacy
and a human perspective, supporting near real-time analysis of events such as natural disas-
ters (Lewis and Park, 2018; Lombardo et al., 2025; Rodriguez 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 first-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 fixed, 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 standardization, offering stable quality, fixed per-
spectives, and precise geolocation. Such properties make them suitable for longitudinal urban
studies at specific 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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Webcam Dashcam footage City tour video
He et al. (2025) Oda and Yoshimura (2024) Hartmann and Purves (2023)

Mobile sensor Social sharing video Surveillance footage
Tokuda et al. (2020) Lombardo et al. (2025) Grabowski and Czyzewski (2020)

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 fine spatio-temporal scales, enabling research on traffic,
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 finer position-
ing. Between the two, city tour videos offer 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
Quality Medium High Medium High Low Medium
Geolocation Explicit Explicit Explicit Explicit Implicit Implicit
Perspective Overhead Overhead Road Road Any Walkway/Road
Sound No No No Data-dependent Yes Yes
Typical source Commercial/Institutional Institutional Institutional Commercial/Researcher 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).

A. Data Collection B. Geo-localization D. Spatial-temporal Analysis
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Figure 2: A framework for data downloading, geo-locating, visual-auditory assessing, and spatial-temporal ana-
lyzing based on city tour videos.



4.1. Data collection

For the empirical investigation, we choose Melbourne, Australia, as the case study area for
two reasons. First, the city provides a rich availability of SVV data suitable for our analysis,
based on the preliminary check. Second, for one of the key tasks in this study — pedes-
trian detection, the city offers official sensor data from the Pedestrian Counting System of
the City of Melbourne (https://www.pedestrian.melbourne.vic.gov.au/), which op-
erates 141 sensors across the city. From these, we select 38 outdoor sensors covering the
central business district (CBD) for use in our comparative analysis. The specific location of
the main study area, along with the corresponding street names and sensor locations, is shown

in Figure 3.
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Figure 3: Study area in Melbourne’s CBD, including major street names and the locations of the selected pedes-
trian sensors, along with three example sensor pedestrian count profiles across the entire 2024, with the red line
indicating the annual hourly average. Base map © Mapbox and OpenStreetMap contributors.

We implement a systematic data collection protocol utilizing the Python package yt-dlp
to retrieve relevant videos from YouTube, one of the largest video platforms with the most
available videos worldwide (yt dlp, 2024). The search phrase ‘Melbourne city walk’ is used
because such queries are commonly employed by content creators to document walking routes
through city centers. Only videos with a duration exceeding 10 minutes are retained to ensure
sufficient spatial coverage along urban streets. Videos are downloaded in 1080p resolution for
analysis, and video clips are extracted at 10-second intervals for further assessment. Consider-
ing that such videos often include introductory preview segments (e.g., channel introductions
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or highlight clips), the first 90 seconds of each video are skipped to ensure continuity in the
sampled content.

4.2. Geo-localization

Our geo-localization framework consists of two components: feature extraction (Figure 4 Step
(1)) and map matching (Figure 4 Step (2)), which together enable the inference of specific
locations for each image frame. We then validate localization accuracy by comparing our
results with YouTube timestamps, which include the temporally ordered street names, using
the Longest Common Subsequence metric.

(1) Feature Extraction
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Figure 4: Example workflow from a single street view video, illustrating three stages: (1) feature extraction
of textual and depth information for localization and observer position estimation, (2) map matching to align
estimated observers with the street network, and (3) visual-auditory assessment integrating pedestrian activity and
sound environment analysis. Video frames © respective YouTube video creators.

4.2.1. Feature extraction

We extract image frames at 10-second intervals to match the duration of each video clip. As
this study focuses on walking behaviour, we first apply a platform classifier to each image
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frame to identify videos that were likely recorded while driving or cycling; such videos are
removed entirely from the dataset (Hou et al., 2024).

For the remaining frames, two types of information are derived: textual features and depth
features. The former is obtained using the PaddleOCR v5 Python package, which outputs
recognized text and the coordinates of its corresponding bounding boxes (Cui et al., 2025).
The latter is generated using the Depth Anything v2 package, specifically its metric depth es-
timation function, which estimates the distance of each pixel from the camera in meters (Yang
et al., 2024). This model is trained on the Virtual KITTI dataset and further fine-tuned on the
pre-trained encoder (Cabon et al., 2020). The dataset contains synthetic replicas of real-world
scenes under diverse illumination and weather conditions (e.g., rain, fog, and sunset), which
helps the model generalize to a wide range of environmental variations commonly encountered
in SVV data.

Because the approach relies on textual cues embedded in the extracted image frame, it
remains robust to variations in original recording conditions, including differences in walking
speed, camera height, and camera orientation. Provided that geographic text is visible and the
video resolution is sufficiently clear (1080p in this study), reliable spatial information can be
extracted. The OCR outputs are then combined with depth estimates to compute the average
depth of each text bounding box (see Figure 4 Step (1)).

4.2.2. Map matching

In the subsequent stage, we first focus on single-frame analysis. Texts identified in each frame
are matched against entries in the local OSM database using Levenshtein distance, a string
similarity measure that computes the minimum number of character edits required to trans-
form one word into another. To account for variations such as spelling errors, abbreviations,
or partial captures, we adopt a fuzzy matching approach. A threshold of 70% similarity is ap-
plied, meaning that candidate matches are retained only if their textual similarity score reaches
or exceeds this value. Next, to address the challenge of chain stores appearing in multiple lo-
cations, we employ a local searching radius of 30 meters. A successful recognition requires
at least two points of interest (POIls) to be simultaneously identified within this radius, while
frames with only one or no matched POIs are discarded. For frames with multiple recognized
POIs, we incorporate the average depth values obtained earlier. By comparing the Euclidean
distances between the observer and different POIs, we approximate the observer’s position on
the road network, using network data processed with the Python package OSMnx (Boeing,
2017). It is important to note that in many cities, bidirectional roads in OSM are represented
as two separate segments in opposite directions. For simplicity, we merge these into a single
line.

We then extend this single-frame analysis to all frames in a video, generating all retained
observation points with their corresponding order of appearance. For trajectory reconstruc-
tion, we employ the GoTracklt Python package, which uses the processed road network and
the ordered estimated observer positions to reconstruct the original walking trajectory while
filtering outliers (zdsjjtTLG, 2024). Because the reconstruction follows the temporal order
of observations, it can reproduce the original walking path even when recording speeds vary
across segments, and in rare cases it can capture situations where the creator walks back and
forth along the same street.

As this recognition method relies on visible text, missing points naturally occur in areas
without explicit textual information. To address this, we treat the recognized points as an-
chors and interpolate missing points uniformly along the reconstructed trajectory between the
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first and last recognized points (see Figure 4 Step (2)). Since the extracted frame interval is
consistent with each video clip’s duration, we can accurately map each video segment to its
corresponding road segment. This interpolation also has the added benefit of adapting the
spacing of interpolated points to the distance between anchors, thereby better reflecting speed
variations of the video creator along different street segments.

4.2.3. Validation of localization

Finally, we validate the localization results. For some YouTube videos, creators provide ad-
ditional metadata such as filming date, temperature, and, crucially, timestamps (e.g., [01:19]
Spencer Street). Given that such videos are typically recorded continuously while walking
through the city, connecting the street names in the timestamps yields the ground-truth tra-
jectory. We extract and standardize all such timestamp descriptions and match the contained
street names against our localized street names using the aforementioned Levenshtein dis-
tance. As the order of street appearances is critical for validity, we further compare the two
sequences using the Longest Common Subsequence (LCS) method. The LCS identifies the
longest ordered subsequence of matching street names between the two sequences, where two
names are considered identical if their fuzzy similarity exceeds a predefined threshold. This
ensures that the comparison captures not only the presence of correct street names but also
their correct relative order along the walking trajectory. Formally, we define the localization

accuracy as:
|LCS (GroundTruth, Recognized)|

A =
couracy |[Recognized|

where |LCS (GroundTruth, Recognized)| denotes the length of the longest common subse-
quence between the YouTube timestamp descriptions and the output of our localization method,
and |[Recognized| is the total number of recognized street names.

This ratio reflects the proportion of the recognized trajectory that is consistent with the
ground truth. As LCS captures only the relative order and not necessarily contiguous order,
this measure also tolerates occasional missing or additional timestamp entries(e.g., “video
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introduction”, “street corner”’, “intersection’).

4.3. Visual-auditory assessments

Following video geo-localization, we conduct visual-auditory tasks (Figure 4 Step (3)) to de-
rive indicators of pedestrian activity and sound environments for measuring urban vitality.
This study focuses exclusively on pedestrians, as they represent the most prevalent form of
street-level human activity and have been widely adopted as a key proxy for vitality (Whyte,
1980; Yin et al., 2015; Chen et al., 2020). Other forms of street use, such as cycling, e-scooter
riding, and other micromobility activities, are not considered in the present study but can be
incorporated in future work.

4.3.1. Pedestrian activity

Pedestrian activity is represented by the total count of pedestrians and their associated actions
identified in the videos. To achieve this, we employ YOLOv11 in combination with an X-CLIP
transformer for zero-shot pedestrian action recognition, while BoT-SORT serves as the tracker
to enable cross-frame ID reassignment (Jocher and Qiu, 2024; Aharon et al., 2022). Regarding
action labels, we follow Gehl, who identifies walking, standing, sitting, and playing as the
primary activities in public space (Gehl and Svarre, 2013). Given the diversity and ambiguity
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of playing behaviours, we focus on the three most fundamental and observable categories:
walking, standing, and sitting. Each pedestrian is assigned to one of these categories, and the
sum of all three yields the observed total count. Inference is performed on every 10-second
video clip, with key parameter settings including skipping two frames between detections to
accelerate inference, a confidence threshold of 0.3, and an IoU threshold of 0.5 to filter low-
quality detections.

To assess the reliability of the pipeline, 100 ten-second video clips are randomly sampled
from the dataset and manually annotated for the count of pedestrians in each action category.
Model predictions are then compared against these ground-truth annotations using bias, MAE,
and Pearson’s r, with results summarized in Table 2. The model performs well for walking
and sitting (r = 0.88 and r = 0.88, respectively), and the total pedestrian count likewise
shows strong agreement (r = 0.90, MAE = 2.79). Standing is underpredicted (bias = —1.35,
r = 0.35), likely owing to visual ambiguity between stationary postures and partial occlusions,
which the classifier tends to resolve in favor of walking. Overall, the model can robustly cap-
ture pedestrian behaviors, whilst standing behavior may require more cautious interpretation,
given its underprediction.

Table 2: Validation of the action recognition pipeline. Bias = mean(pred — GT).
Action GT Mean Pred Mean Bias MAE Pearson r

Walking 20.57 22.60 +2.03 231 0.88**
Standing 2.05 0.71 -135 141 0.35*
Sitting 1.21 1.14 -0.07 048 0.88**
Total 23.83 24.45 +0.62  2.79 0.90™

“p<0.01; *p<0.00l.

Furthermore, we conduct an exploratory analysis by comparing pedestrian counts derived
from three available data sources to understand the extent to which they agree with each other:
(i) pedestrian counts recorded by the Melbourne Pedestrian Counting System, (ii) object de-
tection applied to SVIs, and (iii) video-based recognition from SVVs. For the sensor data, we
select outdoor sensors located in high-sample SVV areas and aggregate their counts into day-
time (06:00 to 18:00) and nighttime (18:00 to 06:00) categories. Each sensor point is assigned
a 30 m buffer and spatially joined with the street network. For the SVI data, we download both
commercial street imagery from Google Street View (GSV) and crowdsourced imagery from
Mapillary across the study area at 50 m intervals (see Appendix Figure A.13 for the spatial
distribution of street view data). We then use the Python package ZenSVI to apply the built-in
object detection model GroundingDINO to identify persons (Ito et al., 2025; Liu et al., 2024).
In addition, considering the multi-temporal nature of crowdsourced imagery, the built-in light-
ing condition classifier (Hou et al., 2024) is used to categorize images into day, dawn/dusk,
or night conditions. Due to the typically limited SVI sample size at night (Fan and Biljecki,
2024), after a preliminary inspection, we restrict comparisons to the daytime results across
both SVI datasets. The specific results of these comparisons are discussed in the Section 6.2.

4.3.2. Sound environment

For the sound environment, we use both the overall sound intensity and the distribution of
different sound types as indicators. The sound intensity is estimated by computing the root
mean square (RMS) amplitude of the waveform and converting it into decibels (dB) as
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where € is a small constant to prevent numerical instability.

For the sound type classification, we adopt the Python package PANNs (Large-Scale Pre-
trained Audio Neural Networks for Audio Pattern Recognition). This CNN14 model is pre-
trained on the AudioSet dataset and achieves a high mean average precision (mAP) of 0.439
on this benchmark (Kong et al., 2020; Gemmeke et al., 2017). As AudioSet contains 527
sound event labels covering diverse environmental and urban sounds (e.g., speech, traffic, and
music), the pretrained model can capture major acoustic patterns in street environments. We
therefore apply it for inference and retain the three most prominent predicted labels for each
audio segment. Following the same procedure as in the previous step, we extract audio in
WAV format from the video clips and perform inference on the pretrained model.

Similarly, 100 ten-second audio clips are randomly sampled from the dataset and man-
ually annotated for sound types. Model predictions are evaluated against these ground-truth
labels using Top-1 and Top-3 accuracy, and per-class Precision, Recall, and F1, with results
summarized in Table 3. The model achieves a Top-1 accuracy of 88.7% and Top-3 accuracy of
98.4%, alongside a macro F1 of 0.83, demonstrating strong overall classification performance.
Amongst the three main urban sound categories, Speech attains the highest F1 (= 0.94, recall
= 0.97), whilst Music (F1 = 0.80) and Vehicle (F1 = 0.86) are also reliably identified, show-
ing the model can robustly capture the dominant sound environment of street-level clips.

Table 3: Validation of the sound type classification pipeline.

Class Precision Recall F1 Support
Music 0.89 0.73  0.80 11
Speech 0.90 097 0.94 37
Vehicle 0.86 0.86 0.86 7

Macro avg 0.88 0.80 0.83 89

Top-1 accuracy = 88.7%; Top-3 accuracy = 98.4%; Metrics are reported for the three dominant classes;
macro average is calculated across all classes.

4.3.3. Video quality control

Based on the geo-localization results and subsequent analyses, we conduct video quality con-
trol to retain only high-quality videos.

Specifically, using the identified geo-located points, we calculate the distance between
consecutive locations. Considering potential positional uncertainties in POI locations, we
adopt a relatively tolerant threshold of 50 m per frame (equivalent to 5 m per second). When
the distance between two consecutive points exceeds this threshold after accounting for the
temporal interval, it likely indicates a failure of the geo-localization method or discontinuities
in the video (e.g., jump cuts introduced during editing). Such videos are therefore removed
from the dataset.

In addition, we use the sound classification results to detect videos containing commentary
or background music. Labels with probabilities greater than 0.3 are considered present. We
then examine the overall proportion of the human and music labels within each video. Based
on manual inspection, a threshold of 0.8 is adopted, and videos exceeding this threshold are
removed. It should be noted that this filtering strategy prioritizes precision over recall, and
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thus may also exclude cases where substantial human speech or music is genuinely present in
the real-world environment.

All the aforementioned video filtering criteria we apply in this study are summarized in
Table 4. We acknowledge that these parameters may vary across regions and video quality
conditions. Therefore, we have made our code flexible, allowing users to adjust the thresholds
to accommodate different urban contexts and research scopes.

Table 4: Systematic filtering criteria for constructing the SVV dataset.

Feature Description Selection rule

Downloading

Video topic Ensure contextual relevance Query: ‘Melbourne City Walk’
Video duration Ensure sufficient coverage Duration > 10 minutes

Quality control

Video platform Exclude non-pedestrian modes Remove videos labeled as ‘driving’ or ‘cycling’
Spatial continuity Ensure continuous trajectories Skip the first 90 seconds;

Remove videos with gaps > 50 m between consecutive geo-localized points
Soundtrack Ensure the ambient audio quality Remove videos with speech/music proportion > 0.8

4.4. Spatial-temporal analysis

Based on our geo-localization results, we conduct a spatio-temporal analysis to examine the
fundamental distribution patterns of the videos, as well as the spatio-temporal trends of visual
and auditory dimensions. We further employ correlation and quadrant analyses to assess the
relationships across different dimensions of urban vitality as well as the overall characteristics
exhibited by the streets.

We first analyze basic video analytics, including the average video length and the length of
the walking routes identified. We divide each road into equal 50-meter segments and summa-
rize the frequency with which each road segment appears across all videos in order to assess
the coverage of these videos within the city and the overall degree of distribution evenness.

Next, based on the same spatial units, we aggregate the results of each video clip obtained
in the visual-auditory assessments. For each metric, we compute the mean to capture the aver-
age level. Furthermore, we classify the videos into daytime and nighttime categories based on
the original video frames. Specifically, each frame is classified using the same lighting con-
dition classifier described above, which assigns one of three labels: day, dawn/dusk, or night.
For each video, we determine the modal label across all frames and use it as the representa-
tive lighting condition of the video. In the final categorization, both dawn/dusk and night are
grouped into the nighttime category. For simplicity, we only aggregate the overall pedestrian
count and sound intensity into daytime and nighttime measures, while other detailed variables,
such as different pedestrian actions and sound types, are presented at the full-day level.

Finally, we jointly consider the visual and auditory dimensions. We use Pearson’s correla-
tion to assess overall consistency among variables and apply quadrant analysis to capture the
integrated characteristics of streets. Following Gehl (2011)’s framework of public life in street
spaces, we classify human activities on streets into movement and social interaction dimen-
sions. Visual and auditory variables are then assigned to these two dimensions according to
their behavioral relevance. We then measure the behavioral profile of each street segment and
examine how different road types are positioned within the two-dimensional activity space.
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5. Results

5.1. Geo-localization and quality control

Based on the search results, as of February 2026, we obtained a total of 1,602 valid videos,
each exceeding 10 minutes in duration. After removing videos likely recorded from driving or
cycling platforms, we applied the geo-localization procedure and successfully located 1,029
videos.

We conducted video quality screening to identify potential issues from the located videos,
including geo-localization errors, video discontinuities, and problematic background audio.
After removing videos with such issues, 892 videos remained, with a total duration exceeding
32,570 minutes, including 801 recorded during the day and 91 at night. To further validate the
utility of the quality assessment framework, we manually inspected the excluded videos, the
vast majority of which were confirmed to contain the aforementioned issues. Furthermore, to
assess the quality of the final dataset, we randomly sampled 80 videos (approximately 10% of
the dataset) for manual inspection, achieving a pass rate of 94% (75/80). The full list of SVVs,
the list of videos flagged by the quality assessment pipeline, and the subset used for manual
validation are provided in the Code Availability section.

Based on the final SV'V list, we then assessed the accuracy of geo-localization by compar-
ing the identified routes with video description data using the Longest Common Subsequence
(LCS) method. Using a fuzzy text-matching threshold of 70%, the proportion of successfully
matched routes reached 77.19%, indicating a relatively high level of accuracy. This compari-
son was limited to street segments that were successfully identified, ensuring the accuracy of
recognized segments, while those present in the videos but not detected by our method were
excluded from the analysis.

We further examined the applicability of the geo-localization method across diverse sce-
narios within the dataset. Through manual inspection, we identified six challenging scenarios,
categorized into three critical failure cases and three moderate environmental variations, as
illustrated in Figure 5. Coarse geo-information represents the most prevalent cause of iden-
tification failure: since walking routes do not always traverse areas with high-density textual
geographic cues, videos predominantly recorded in settings such as urban parks or riverside
paths present significant challenges for recognition. Low visual quality issues arise primar-
ily from a small proportion of videos exhibiting severe perspective distortion, blurriness, or
excessive camera shake. POI mismatch occurs when discrepancies exist between POI names
in the video and those in the reference database, due to temporal gaps or incomplete updates,
potentially causing systematic shifts or failures in the results. Moderate environmental vari-
ations, by contrast, encompass scenarios that may affect geo-localization but are generally
handled with reasonable robustness. As a cultural product, a considerable number of videos
capture crowded social events featuring potentially dense human activity; in most cases, suc-
cessful localization is maintained provided that textual geographic cues are not substantially
occluded. Regarding low-light conditions, particularly during nighttime, videos are typically
recorded at a sufficient lighting level to remain watchable, thus preserving performance. We
also examined the distribution of daytime and nighttime videos in the original list (1,412 and
190, respectively); the proportions remain broadly consistent with those in the final dataset,
suggesting that the geo-localization approach is relatively robust to variations between day and
night scenes. Adverse weather conditions are rare in the dataset, with heavy rain representing
the most notable case, however, effective geo-localization can generally still be achieved under
such circumstances.
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Critical Failure Cases

(1) Coarse Geo-information (2) Low Visual Quality (3) POI Mismatch

Moderate Environmental Variations

(4) Crowded Social Events (5) Low-light Conditions (6) Weather Variations

Figure 5: Illustrative examples of the six challenging scenarios identified during geo-localization evaluation,
grouped into Critical Failure Cases and Moderate Environmental Variations. Video frames © respective YouTube
video creators.

5.2. Video statistics

On the basis of reliable localization, we further compared the identified video duration and
route length between daytime and nighttime conditions (Figure 6). Specifically, daytime
videos exhibit significantly longer average durations than nighttime videos (907.0 s vs. 664.4
s), which correspond to longer average identified route lengths (823.2 m vs. 497.6 m). These
differences are also reflected in higher estimated walking speeds during the daytime (0.90 vs.
0.75 m/s).

To examine spatial distribution evenness, we introduced the indicator video presence, de-
fined as the cumulative number of times each street segment appeared across all localized
videos (Figure 7). The results revealed highly uneven spatial preferences. For example, seg-
ments along Swanston St, Elizabeth St, and Bourke St appeared 125-254 times, accounting
for one-fifth of all identified videos. Although nighttime subsets showed a limited sample size
compared to their daytime counterparts, both exhibited similar patterns, likely reflecting the
popularity of these well-known streets among video creators, which in turn further amplifies
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Figure 6: Distribution of video duration and route lengths across all, daytime, and nighttime SVV samples. Outliers
in each subset are excluded based on the 1.5xIQR criterion.

their visibility online. By contrast, many street segments had very limited coverage (1-3 ap-
pearances), meaning the information they carry is more susceptible to random variation such
as time or weather conditions. In subsequent visualizations, such low-sample streets were
rendered with thinner widths to distinguish them from well-documented streets, with the leg-
end placed in the upper-left corner to clarify this representation. Interpretive conclusions in
this study are drawn primarily from streets with sufficient coverage; low-sample segments are
retained for spatial completeness and should be treated as indicative rather than conclusive.

Sample Size All Daytime Nighttime
—_1-3
— 4 4
Video Presence ] |
1-3
3-18
w18 - 47
— 47 - 125 — —~
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Figure 7: Total count of each street segment identified across all, daytime, and nighttime SVV samples.

5.3. Pedestrian counting and actions

In the first analytic task, we evaluated pedestrian presence across the street segments, further
segregated by time of day and specific actions (Figure 8). As expected, popular streets with
higher video presence (e.g., Swanston St, Elizabeth St, Bourke St, Little Bourke St, Queen
St, Little Collins St, and Southbank Promenade) (Figure 7) also exhibited the highest pedes-
trian counts, with a maximum of 59 people per 50m segment (averaging over 1 person/m)
(Figure 8). Daytime and full-sample trends were similar, while nighttime pedestrians were
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particularly concentrated along Southbank Promenade and Bourke St, with levels significantly
higher than during the daytime.

We further analyzed three pedestrian actions: walking, standing, and sitting (Figure 8).
Walking dominated with over 80% of detected activity, explaining its close alignment with
total pedestrian counts. Many high-standing counts clustered at intersections, consistent with
waiting at traffic lights. Sitting counts revealed interesting patterns: certain higher values
corresponded to segments with ample public seating (e.g., Hardware Ln, parts of Flinders St
and Little Bourke St), while high values in areas with few facilities (e.g., Little Collins St)
likely reflected errors.

Sample Size All Daytime Nighttime
— 1-3
AN . \\ | — \\ 1
l e i kil G [l Ll [ramiE:
Pedestrian Count E | I _/ o L __/ 1 —-
00-45 HE A iy g IR iz e
45-140 | ] -~ : _:_l i
w140 -23.7 —(|_ —(I_ [ A J_i_
m— )3.7 - 36.0 Z’ \__{ - /4’ - —{-_ |
w— 34,0 - 59.0 =l 53 ,I_ il
Walking Standing Sitting
Wc"(()i_gg_é.oo L 5\-] I > 1\/ [ \y
T @ (. | ("
30,00 - 51.50 - T = BEETE ™ l C \\
Standing S I | e [ 4 I B ] 5 SEl T - ==
P o e e e e A e e o
.75 - 4.57 | W L[ o T 1" i ll - b I1- — I
— 4.57 - 15.00 J‘ ‘—E’: = Y - T B T | ﬁ ;_' '__l_ Y
sitting —-Lal — -J e mni gy s A in fp_ |
0.00-1.06 0 LS b — RSN [ S b
— 1.06 - 4.07 /L — " ! Aon
e, =TT (XA (XA

Figure 8: Spatial distribution of pedestrian counts across all, daytime, and nighttime SVV samples, as well as
counts for walking, standing, and sitting activities.

5.4. Sound intensity and types

We then analyzed audio intensity and dominant sound types in each clip (Figure 9). Peak
sound levels were observed on major vehicular roads (e.g., Bourke St, Spencer St, Flinders St,
and Queen St) as well as narrow pedestrian streets (e.g., Little Bourke St, Hardware Ln). In
pedestrian-heavy areas, intensity was also elevated. Day—night comparisons revealed distinct
patterns: nighttime sound levels were significantly higher along Southbank Promenade and
Bourke St, suggesting denser commuting or social activity. The three dominant sound types
were speech, vehicle, and music. High speech probability overlapped with some areas of high
pedestrian activity (e.g., Bourke St, Queen St, Flinders St, Swanston St, Southbank Prome-
nade). Vehicle noise was concentrated along Collins St, Spencer St, the west part of Bourke
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St, and around Southern Cross Station. Interestingly, music intensity was highest not only
along known busking areas (Bourke St) but also along Little Bourke St, and Little Lonsdale
St, revealing potential new insights into busking hotspots.
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Figure 9: Spatial distribution of sound intensity across all, daytime, and nighttime SVV samples, as well as
probability for sound types speech, vehicle, and music.

5.5. Correlation and quadrant analysis

Correlation analysis was conducted across 12 variables, grouped into (i) aggregate measures
(pedestrian count, sound intensity) and (ii) type measures (pedestrian actions and sound cate-
gories) (Figure 10). For the first group, the daytime pedestrian count correlated strongly with
the total pedestrian count (R = 0.84), and the daytime sound intensity correlated strongly with
the average sound intensity (R = 0.88). Interestingly, no significant correlation was shown be-
tween daytime and nighttime totals. Moreover, a negative relationship was observed between
daytime pedestrian counts and nighttime sound intensity, reflecting distinct temporal usage
patterns and potential sampling bias in limited nighttime data. Pedestrian counts and sound
intensity were weakly correlated (R = 0.15), with stronger relationships at night (R = 0.50)
than during the day (R = 0.13), suggesting pedestrian counts might be a better proxy for sound
intensity at night. Within the second group, clear positive correlations were observed among
pedestrian behaviors (walking, standing, sitting), whereas no strong correlations are found
among sound categories (speech, music, vehicle) except for a weak positive correlation be-
tween speech and music (R = 0.16). Cross-group correlations showed that walking correlated
positively with speech (R = 0.43), while vehicle noise correlated negatively with all pedestrian
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behaviors, reflecting reduced pedestrian presence in vehicle-dominated spaces.
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Figure 10: Correlation analysis of 12 variables. P in the two groups represents the overall pedestrian count and
counts of individual actions, while S on the left group denotes the overall sound intensity and on the right group
indicates the probability of each sound type. Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.1.

Finally, to capture integrated street-level characteristics, we performed quadrant analysis.
We focused on the three pedestrian action types and three sound categories, and organized
them into two behavioral dimensions. The movement dimension represented necessary ac-
tivities in Gehl (2011)’s framework, while the social interaction dimension captures optional
and social activities. Accordingly, walking and standing were assigned to the movement di-
mension, whereas sitting action, speech, and music sound classes were assigned to the social
interaction dimension. As vehicle sounds were negatively associated with pedestrian activities
in previous analyses, they were incorporated as an inverse factor within the social interaction
dimension. We standardized all variables using Z-scores to capture their deviation from the
citywide average. Vehicle sound values were inverted prior to aggregation given its negative
influence. Based on these normalized features, we computed the unweighted mean of the
corresponding variables to construct the two behavioral scores for each road segment.

The overall scatter distribution showed a moderate positive correlation (R = 0.40) (Fig-
ure 11), suggesting that movement and social activities tended to co-occur to some extent
within street environments. All street segments were then classified into four road hierarchy
categories: major, minor, link, and local (see Table 5 for the classification details). For each
road class, we calculated the mean center along the two behavioral dimensions and marked its
position within the behavioral space (Figure 11); we further computed the mean and standard
deviation of distances of the points (each representing a street segment) from their respective
mean centers to quantify their dispersion from typical representations (Table 5).

The results in Figure 11 showed that the mean center of all urban streets, represented by
the intersection of the dashed lines, was located close to the origin, suggesting an overall
balance between the two dimensions. Major streets and local streets were scattered towards
opposite directions in the behavioral space, with their mean centers located in the lower-left
and upper-right quadrants, respectively. This finding suggests that, on average, major streets
are associated with lower levels of pedestrian-related activities and urban vitality, while lo-
cal streets tend to exhibit higher levels of both movement and social activities. Interestingly,
these two categories also displayed the largest behavioral dispersion (higher mean and stan-
dard deviation distances; Table 5), indicating the presence of diverse activity patterns within
each group. For example, major streets may include both vehicle-dominated corridors (e.g.,
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Victoria St) and commercial streets (e.g., Flinders St). Similarly, local streets may range from
quiet residential streets to socially active laneways such as Hardware Lane. By contrast, the
mean centers of minor and link streets were located close to the origin of the behavioral space
and showed relatively small dispersion, suggesting more balanced and consistent behavior
patterns across the two dimensions, and comparatively neutral roles in supporting urban activ-
ities. Notably, only local streets exhibited positive and above-average values in social intensity
spectrum (Figure 11), highlighting their primal role in facilitating public social interactions.

Further examination of within-category correlations between the two dimensions revealed
additional differences (Table 5). Major streets showed the strongest correlation (R = 0.51),
indicating that movement and social activities tended to vary in a more coordinated manner.
In contrast, local streets showed the weakest correlation (R = 0.21), reflecting greater hetero-
geneity, where some streets were dominated by movement activities while others supported
social interaction.

Overall, these findings suggest that, to a limited extent, the road hierarchy classification
could explain the variations among streets in their potential to facilitate pedestrian movement
and social interactions, as shown by the distribution pattern of the road class mean centers
(Figure 11). Yet, road hierarchy alone is insufficient to clearly distinguish the differences —
the majority of the points from different classes scatter across similar spaces (Figure 11). This
result highlights the limitations of traditional road classifications in explaining street vital-
ity, suggesting that future research should more explicitly consider functional and contextual
characteristics of streets.
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Figure 11: Street segments in the movement—social behavioral space, colored by road hierarchy. Dashed lines
indicate citywide means and triangles mark class mean centers. Example streets from the four behavioral quadrants
are shown on the right. Video frames © respective YouTube video creators.
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Table 5: Behavioral dispersion and correlation between movement and social dimensions across road classes.
Road class  Mean distance from class center ~ Std. distance from class center ~ Pearson R~ OSM road types

Major 0.851 0.463 0.513 motorway, trunk, primary
Minor 0.678 0.404 0.321 secondary

Link 0.672 0.368 0.404 tertiary

Local 0.810 0.520 0.211 residential, living street

6. Discussion

6.1. An automated multimodal approach for measuring urban vitality

This study investigates the feasibility of SVV for measuring urban vitality in city centers and
reveals its spatial-temporal patterns in several important ways.

First, we propose a novel method that leverages city tour video data for high-precision
geo-localization by extracting depth and text information, comparing them against the local
OSM database, and cross-validating with video metadata. The method achieves a high level
of accuracy, demonstrating the strong potential of SVV for downstream urban sensing appli-
cations. Its promise lies in its reliance on information already embedded in videos and openly
available geospatial data, enabling geo-localization across virtually any urban area. Beyond
this form, other types of SVVs, such as crowdsourced social sharing videos, could likewise be
geolocated using similar cues. Although in this study we have not yet extended the method to
other cities or SVV types, future research could pursue such directions.

Second, based on the geolocated videos, we develop an automated visual-auditory assess-
ment pipeline for measuring urban vitality by extracting pedestrian activity and the sound
environment information. Unlike previous studies that have examined these aspects largely
in isolation, our study is the first to couple these modalities in a comprehensive framework.
Thanks to the high precision of our geo-localization, these patterns can be mapped at fine-
grained scales of 50 meters or less, offering micro-level observations — addressing another
limitation of sparse granularity in the current vitality research (Doan and Zhang, 2025). The
outcomes reveal not only patterns that confirm locally recognized knowledge, such as major
pedestrian-friendly streets, but also new data-driven insights that shed light on less visible
aspects of urban dynamics, such as pedestrian-sitting hotspots and busking-popular streets.

More specifically, building on the traditional emphasis on pedestrian volumes, our study
highlights three complementary dimensions of urban vitality: day-night temporal variations,
pedestrian actions, and sound information. These dimensions provide a richer perspective on
how streets are used and experienced.

Temporal contrast between daytime and nighttime activities, well established in previous
research, is reflected in our findings, which show that many streets exhibit markedly different
activity patterns across time (Du et al., 2024; Zhang et al., 2025a; Giiller and Varol, 2024).
Our mapping (e.g., Figure 8 and Figure 9 ) identified distinctive street groups (e.g., Southbank
Promenade and Bourke St) where pedestrian volume and sound intensity are substantially
higher at night than during the day. Recognizing these patterns can inform urban management
strategies: streets characterized by strong nighttime activity may benefit from interventions
that support the nighttime economy, such as improved lighting and safety measures, whereas
in residential areas, these patterns may signal the need for noise mitigation or temporal regu-
lations.

Integrating pedestrian actions with urban sound signals further deepens our understanding
of street vitality. Correlation analysis indicates that vehicle sounds are negatively associated
with various walking activities, further supporting the long-held urban planning principle that
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reducing traffic flow at the street level is critical for promoting walkability (Soto et al., 2022;
Appleyard, 1980). Building on classic theories of street life, we organize these signals into two
behavioral dimensions: movement and social interaction. Streets dominated by movement sig-
nals tend to function primarily as mobility corridors, whereas those characterized by stronger
social signals are more likely to support lingering and informal social activities. This dis-
tinction provides a useful diagnostic lens for planners: movement-dominated corridors may
benefit from traffic calming or widened sidewalks, while socially active streets may require
preserving pedestrian priority and minimizing through-traffic.

More broadly, our computational framework suggests that urban vitality cannot be fully
captured by static indicators such as road hierarchy alone, echoing long-standing debates in
urban design, which highlight how traffic hierarchies tend to prioritize movement over place
quality (Marshall, 2004). Although major and local streets differ in their average vitality lev-
els, considerable behavioral diversity exists within each category, indicating that street vitality
might also be shaped by micro-scale contextual factors such as building frontage activity and
the perceptual qualities of street environments. Integrating visual and auditory signals may
therefore better capture how urban streets are experienced in real life, complementing tradi-
tional planning indicators and informing more context-sensitive street interventions.

6.2. Comparing data sources for pedestrian activity

For pedestrian activity data derived from different sources, we compared the associations be-
tween measurements at both the street segment and sensor point levels (Figure 12).

At the segment level, we aggregated pedestrian observations from SVV and two SVI plat-
forms (GSV and Mapillary) at the street scale. The values shown in Figure 12 are normalized
pedestrian counts at each segment from each source. The map of raw pedestrian counts from
GSV and Mapillary is available in Appendix A. To ensure consistency, all comparisons in-
volving SVI were restricted to daytime conditions. Video-based observations exhibit moder-
ate positive correlations with both SVI datasets (R = 0.28 for SVV-GSV and R = 0.26 for
SVV-Mapillary), whereas the agreement between the two SVI sources is stronger (R = 0.51).
Meanwhile, the mean pedestrian counts decreased across the three data sources (19.6, 5.8, and
2.0, respectively). This discrepancy may reflect differences in data acquisition perspective:
SVl is typically from vehicle-based viewpoints, whereas SVV is recorded closer to pedestrian
space at sidewalk-level perspectives.

At the sensor level, we selected 38 sensor locations that are located outdoors, have high
data quality, and spatially overlap well with our study area in the city center. We used the an-
nual average pedestrian counts recorded by the sensors in 2025 as the overall pedestrian activ-
ity level at each location. Daytime and nighttime were defined as 6:00-18:00 and 18:00-6:00,
respectively. A 30 m buffer was created around each sensor, within which the correspond-
ing SVV and SVI measurements are extracted for comparison. The results indicate that all
three street-level datasets show a certain degree of agreement with the sensor measurements.
Nighttime SVV and both SVI datasets show strong correlations with the sensors (Sensor—
SVV NR = 0.60, Sensor—-GSV R = 0.65, Sensor—Mapillary R = 0.56), whereas daytime
SVV demonstrates only a moderate correlation (Sensor—-SVV DR = 0.30), suggesting greater
discrepancies under daytime conditions.

This analysis further illustrates the distinct characteristics of each data type, which we
summarize in Table 6. Sensor data provide highly precise spatio-temporal measurements of
pedestrian counts at fixed locations, but their continuity remains limited and such systems are
not universally available across cities. SVI, by contrast, as the most stable data source, is

24



SVV-GSvV SVV-Mapillary Mapillary-GSV

10 R=0.28 10 R=026 10 R=051
[ 0.8 08 08
o g
2 3 3 g
= J06 > 06 3 06
c 3 > s
g = = 2
g, o o4 o4 304
o 2
IS 0.2 0.2 0.2

0.0 0.0 0.0

00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 10
SVV value SVV value Mapillary value
Sensor-SVV Sensor-GSV Sensor-Mapillary
10 DR=0.30 10 R=0.65 10 R=0.56
NR = 0.60
E 0.8 0.8 q:g 0.8
[} o Is]

e 3 0.6 206 > 06
— o [¢} >
o 2 < 5
o > > =
c o4 @ 04 Q 0.4
o 3
i 0.2 0.2 0.2

0.0 0.0 0.0

00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 10
sensor value sensor value sensor value
daytime nighttime

Figure 12: Comparison of normalized pedestrian count across sensors, SVV, and SVI. The SVI-SVV comparison
is conducted at the street segment level using all available segments, while the sensor-based comparison is based
on 38 sensor locations. Comparisons between sensors and SV'V are further distinguished by daytime and nighttime
conditions.

easily accessible nowadays and offers the broadest coverage, capturing both pedestrians and
surrounding street objects (e.g., vehicles, vegetation). SVV, in comparison, captures pedes-
trian counts from a sidewalk-level perspective and therefore typically records more pedestri-
ans. Compared to traditional SVI, it also offers broader temporal coverage (day and night).
More importantly, it provides access to sound information and human behavioral dimensions,
thereby enabling a richer understanding of street-level dynamics. These features also create
new opportunities for studying walkability, comfort, and street-level experiences from per-
spectives that other data sources cannot provide. Nevertheless, SVV data are constrained by
their reliance on user-generated content, which often results in uneven spatial and temporal
distribution, and the lack of built-in geotagging for certain SVV types necessitates additional
geo-localization procedures.

Overall, although pedestrian activity studies rarely have a true ground truth, both the com-
monly used data sources in previous studies and the data sources proposed in this work show a
certain level of consistency in overall patterns, while still exhibiting noticeable discrepancies.
These findings suggest that different data sources capture complementary aspects of pedestrian
activity. Future research should therefore select data sources based on their specific analytical
objectives, or ideally, combine multiple sensing modalities to enable more comprehensive and
robust evaluations.
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Table 6: Comparison of data sources for pedestrian activity measurement.

Characteristic Sensor SVI Svv

Spatial continuity Discrete, limited locations Discrete, citywide Continuous, popular areas
Temporal coverage Continuous (24/7/365) Static snapshot Broad coverage (day/night)
Update frequency Real-time Low (months to years) Irregular, user uploads
Sound information - - v

Human behaviour - - v

Other objects (e.g., cars) - v v

6.3. Limitations and future work

In this study, we demonstrate that user-generated SVV presents a vast and promising data
source, and an underused instance of user-generated geographic information that warrants
more attention and investigation. There are several aspects that future work can build upon.

First, regarding data characteristics and distribution, SVV is inherently shaped by user
behavior and preferences. As a form of volunteered geographic information (VGI), it exhibits
uneven spatial and temporal coverage, a limitation widely documented in the literature (Wu
et al., 2016; Senaratne et al., 2017; Basiri et al., 2019; Huang et al., 2024b). Even within
the city center, where this study intentionally focuses, video trajectories tend to concentrate
on visually appealing or popular streets. Although such patterns may reflect collective urban
attention and street popularity, they can still introduce biases from a data perspective, resulting
in a form of survivorship bias at the level of cultural production: more vibrant places of higher
touristic appeal are more likely to be captured by city tour videos to begin with, to attract
views, while other places are much less visible, making it difficult to understand the less
popular places. Outside the city center, suburban and rural areas are much less documented due
to lower levels of online content creation and sharing. Consequently, SVV currently provides
limited support for analyzing vitality patterns in urban areas that attract less public attention
and documentation. Future research should therefore consider integrating complementary data
sources such as SVI to calibrate SV V-derived observations and extend the analysis to broader
urban areas, thereby improving spatial coverage and analytical robustness.

A second limitation concerns temporal information. Unlike traditional sensing infras-
tructures that record precise timestamps, SVV rarely provides verifiable recording times, as
the upload date of a video may differ significantly from its actual recording date. This dis-
crepancy limits the ability to align observations with specific temporal events such as rush
hours or weather conditions. While some creators have begun to include detailed contextual
information (e.g., time, date, and weather) in video descriptions, such practices are not yet
standardized. In this study, we partially address this issue by applying a lighting-condition
classifier to distinguish between daytime and nighttime videos. Nevertheless, future studies
could further explore temporal dynamics by focusing on subsets of videos that contain explicit
time information or by combining SVV data with other temporally resolved datasets.

Another limitation lies in the variability of data quality. Tour videos often contain various
forms of noise, including video editing, background music, unstable camera movement, and
diverse filming styles. In this study, we introduced a video quality control framework to filter
videos suitable for analysis while maintaining high levels of precision. However, this filtering
process inevitably removes a portion of potentially useful data. Future research could develop
more comprehensive SVV quality assessment frameworks to better understand how different
quality factors influence analytical results and to maximize the effective use of available video
data.
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Finally, we acknowledge several limitations in the proposed geo-localization framework.
Although the method achieved a correctness rate of 77.2% after quality control, its general-
izability remains context-dependent. The feature extraction strategy is designed primarily for
dense urban centers where geographic textual cues (e.g., street signs and storefront signage)
are frequently visible. In suburban or rural environments where such textual information is
sparse, the method may perform less effectively. Even within city centers, some environments
such as urban parks may lack sufficient textual cues, leading to unmatched videos despite
their potential analytical value, as discussed in Section 5.1. In addition, with respect to spa-
tial precision, our current method only resolves matches at the road-segment level, without
identifying which specific sidewalk is being traversed. This limitation stems from the inherent
uncertainties in the videos, where the frames may capture the near side, the opposite side, or
both simultaneously. More precise sidewalk-level recognition would enable richer and more
fine-grained urban insights. Therefore, future research could further refine geo-localization
techniques by incorporating additional image retrieval-based or classification-based strate-
gies, such as constructing a local reference database of SVIs and encoding video frames as
embeddings for direct feature comparison, thereby reducing reliance on text-based matching
(Astruc et al., 2024; Clark et al., 2023; Vo et al., 2017). Moreover, stability assessments of
video footage combined with segmentation techniques could assist in determining the exact
sidewalk being used.

7. Conclusion

For the first time, this study conceptualized Street View Video (SVV) as a novel and promis-
ing data source for urban sensing, highlighting its potential to capture the dynamic street-level
environments. Building on existing literature, we identified several SVV formats that fall
within this conceptualization, providing a foundation for extending and enriching this emerg-
ing source of urban data.

Using city tour videos and following the pioneering work of Hartmann and Purves (2023),
we proposed a high-precision geolocalization method that combines text and depth informa-
tion extracted from videos. Given that similar information is also embedded in other SVV
formats, the method we developed has the potential to be further extended to broader data
sources, supporting various future cross-city and multimodal applications.

We further focused on pedestrian activity and sound environment as key indicators of urban
vitality, showing the ability of SVV to capture complementary visual and acoustic dimensions
of street environments. To our knowledge, this represents the first attempt to integrate both
dimensions at scale through automated processing. While promising, it remains an uneven
data source, with limitations that need to be carefully acknowledged and managed.

Overall, this study sets the scene as a proof-of-concept for integrating user-generated SVV
into urban analytics workflows. While not a population-representative measure of urban vital-
ity, it demonstrates the feasibility of extracting multimodal indicators and highlights the value
of SVV as a complementary data source for future urban sensing and planning research.
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Appendix A. Supplementary information

Sampled points distribution for Mapillary and GSV, alongside the corresponding street-segment
level human object detection counts, are presented in Figure A.13.
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Figure A.13: (A), (C) Sampled SVI points retrieved from Mapillary and GSV at 50 m intervals along the street

network, respectively. (B), (D) Mean human counts aggregated at the street-segment level based on object detection
results from the corresponding SVI samples.
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