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Locality: Oslo, Norway
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Amsterdam, Netherlands  Mykonos Town, Greece

Town of Richfield, NY, US Ethan, SD, US

Fig. 1. Overview of our living mobility dataset infrastructure. Publicly shared walking and crash videos are transformed
into structured research data through automated collection, screening, temporal segmentation, multimodal review, geographic
grounding, and continuous updating. The two use cases demonstrate how the same infrastructure supports both everyday pedestrian
environments and road traffic crashes and near collisions. The source video examples are illustrative and do not indicate restrictions
on video orientation, format, or duration, while the map shows the geographic distribution of resolved locality reference coordinates
in the current corpora.

Public video contains naturalistic mobility footage, but transforming it into reusable research data requires more than a search and
download. We present an automated and resumable framework for constructing living mobility datasets from YouTube, instantiated
through two domain specific pipelines: pedestrian walking environments and road traffic crashes and near collisions. The pipelines
combine discovery, Qwen metadata screening, GPU temporal segmentation, Cosmos3 Nano visual review, geographic grounding,
provenance tracking, and versioned output. The resulting corpora contain 3,868 walking segments and 34,295 crash related segments.
The walking corpus includes 89 resolved locality records in 28 countries, while the crash corpus contains 17,588 geographically
resolved segments that represent 5,270 resolved locality records. Because the framework is resumable and continuously executable,
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the collection can run to expand datasets over time while preserving traceable processing decisions and reproducible snapshots. Its
modular design can be adapted to other large scale video collections beyond mobility and YouTube.

Additional Key Words and Phrases: mobility datasets, public video platforms, YouTube, traffic safety, vision language models, dataset
infrastructure

1 Introduction

Road traffic and daily mobility unfold in complex social and physical environments. Approximately 1.19 million people
die in traffic crashes every year worldwide, with pedestrians, cyclists, and motorcyclists accounting for more than half
of global road fatalities [30]. Beyond crashes and near collisions, people constantly navigate streets, intersections, public
squares, markets, parks, and other shared spaces shaped by surrounding road users, infrastructure, environmental
conditions, and local context. Understanding these situations is relevant for transportation, computer vision (CV), and
human computer interaction (HCI), as intelligent mobility systems increasingly mediate how people perceive, navigate,
and respond to their surroundings.

Large visual datasets have become central to computational mobility research. KITTI and Cityscapes established
influential benchmarks for automated driving and understanding of urban scenes [9, 13], while BDD100K, nuScenes,
and the Waymo Open Dataset expanded environmental, geographic, and sensor diversity [6, 29, 32]. Pedestrian focused
resources such as PIE support modelling of pedestrian actions and trajectories [27]. Safety focused datasets complement
these resources: DADA 2000 combines accident footage with driver attention information [11], the Car Crash Dataset
provides real world collision videos for accident anticipation [4], and the Nexar Dashcam Collision Prediction Dataset
includes collisions, near collisions, and ordinary driving [20]. A global dataset of continuous urban dashcam driving
shows how publicly available video can provide geographically diverse observations of everyday road environments [2].
Together, these resources demonstrate the value of structured real world mobility observations, but individual datasets
remain bounded by their recording systems, locations, viewpoints, selection criteria, and collection procedures.

YouTube provides a complementary source of naturalistic observations because users routinely share videos doc-
umenting everyday activities, environments, journeys, and experiences. These include walking tours, driving and
dashcam footage, cycling videos, and recordings of public spaces [3]. Mobility research has already demonstrated the
value of such material as an observational source. Chambers et al. used YouTube segments to study walking synchroni-
sation under naturalistic conditions [8], while Hartmann and Purves showed that city walking tour videos provide rich
street level information on pedestrian and cyclist movement patterns [14]. Beyond mobility, digital ethnography has
used user generated YouTube videos to investigate naturally occurring interactions between people and service robots
in public places [22], while related online ethnography has examined encounters between delivery robots and road
and sidewalk users through user generated social media videos [33]. Together, these studies show that online video
can provide access to naturally occurring behaviours, interactions, and environments that may be difficult to capture
systematically through laboratory or researcher controlled data collection.

Yet this abundance of publicly available video also creates a methodological challenge: publicly available online
video is not, by itself, a research dataset, and the scale of contemporary platforms makes comprehensive manual
curation increasingly impractical. Large scale video resources illustrate the magnitude of this problem: the large-scale
labeled video dataset YouTube 8M was constructed from approximately eight million YouTube videos representing
around 500,000 hours of footage [1]; similarly HowTo100M collected 136 million clips from 1.22 million narrated web
videos [19]. In subsequent work, it has been noted that manual video annotation is expensive and time consuming on
Manuscript submitted to ACM
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such scales, motivating increasingly automated approaches to data collection and organisation [19]. Public video also
presents additional challenges for research use: search results can be noisy, uploads vary in relevance and duration,
useful observations may occupy only part of a video, and metadata may be incomplete or inconsistent. Videos may also
be duplicated across searches or become unavailable over time. Therefore, transforming this material into reusable
research data requires scalable discovery, screening, temporal segmentation, semantic description, geographic grounding,
deduplication, provenance tracking, and explicit treatment of uncertain evidence.

Recent advances in vision language models (VLMs) make it increasingly practical to automate video understanding
at a scale that would be difficult to achieve through manual curation alone. Multimodal models can interpret temporal,
semantic, and contextual information beyond conventional object detection. Driving orientated systems such as DriveLM
organise multimodal reasoning around perception, prediction, and planning [28], while LingoQA demonstrates video
question answering for complex driving situations [18]. These capabilities enable a shift from manually assembled video
collections towards automated pipelines that can discover, screen, segment, and structure newly available material
at scale. In our setting, model generated outputs are retained together with their provenance and processing history,
allowing the resulting dataset records to remain traceable across repeated and continuously expanding collection runs.

These requirements connect directly to the broader principles of dataset documentation and responsible use. Data
Statements [5], Datasheets for Datasets [12], and Data Cards [25] emphasise transparent reporting of dataset motivation,
composition, provenance, collection procedures, intended use, and limitations. For automatically constructed datasets,
traceability additionally requires maintaining the connection between each resulting record and the processing decisions
that produced it. In our setting, this includes the source video, screening decisions, temporal boundaries, model generated
semantic descriptions, geographic evidence and resolution outcomes, and the versioned dataset snapshot in which the
record appears. Preserving this information allows researchers to inspect how individual records were derived rather
than treating structured annotations as detached outputs.

A further challenge is that YouTube changes continuously, whereas research datasets are commonly treated as fixed
artefacts. New videos appear, existing videos become unavailable, and repeated discovery can expose material that was
absent from earlier searches. Dynamic resources such as the continuously growing corpus of Lan et al. [17], Dynabench
[15], and CORE [16] demonstrate that datasets can instead function as maintained research infrastructure. For public
video, this creates an important tension between growth and reproducibility. A collection pipeline should be able to
continue running so that new observations can be incorporated over time, while immutable, versioned snapshots are
required to preserve the exact state used for a published analysis.

Together, these developments motivate YouTube not only to treat it as a repository from which individual clips
are manually selected but as a continuously changing source of naturalistic observations that can support systematic
research at scale. The methodological challenge to do so is to convert large and heterogeneous collections of user
generated video into structured research resources while preserving provenance, reproducibility, and the ability to
incorporate newly available material over time. While the present work addresses this challenge in the context of
mobility research, we foresee the approach being useful across a much wider range of domains, including online
video-based observational and ethnographic research.

1.1 Aim of the study

The aim of this study is to develop and demonstrate an automated, scalable, and resumable framework to construct
live research datasets from YouTube. We instantiate the framework through two complementary mobility use cases:
everyday pedestrian environments and crash related road traffic events, including crashes and near collisions. The
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corresponding pipelines combine automated discovery, metadata screening, temporal segmentation, multimodal review,
semantic annotation, geographic grounding, provenance tracking, and versioned outputs. Repeated execution allows
the resulting corpora to expand as new material becomes available, while preserving reproducible snapshots and the
processing history of individual records. Although demonstrated through mobility, the framework is designed to be
adaptable to other research settings that rely on large collections of publicly available video. Figure 1 provides an
overview of how the two mobility use cases are organised within the shared infrastructure.

2 Method

2.1 Framework Overview

Although the framework can be applied to other online video collections, the present study implements and evaluates
it using YouTube. Figure 2 shows the processing stages shared by the two use cases. The framework is designed
around a simple research need: public video is abundant, but individual uploads cannot be treated directly as research
observations. Search results may be irrelevant, long uploads may contain several recordings or unrelated material, useful
footage may occupy only part of a video, and previously available sources may later disappear. We therefore organise
collection as a sequence of stages that progressively turn public videos into traceable research records: discovery,
metadata screening, media acquisition, temporal decomposition, visual review, geographic grounding, and structured
dataset generation.

The same overall structure is used for both corpora, but the decisions made within it reflect the research question.
The walking pipeline seeks sustained pedestrian movement through real environments, whereas the crash and near
collision pipeline seeks visible road traffic safety events. At each stage, the framework records what was decided and
which evidence supported that decision. This allows an interrupted collection to continue from the point it reached,
prevents completed work from being unnecessarily repeated, and makes it possible to revisit one part of the process
when an annotation procedure changes. The resulting dataset is therefore not only a collection of accepted clips, but
also a record of how those clips were selected, divided, described, and geographically grounded.

Different components are used according to the type of evidence required. Qwen3-4B-Instruct-2507 screens uploader
supplied text before video analysis [26]. FFmpeg supports media processing and proposes visual transitions that
may indicate boundaries between recordings. NVIDIA Cosmos3-Nano then reviews visual and temporal evidence for
decisions that require inspection of the video itself [24]. Candidate transitions are not accepted automatically as final
boundaries; they are checked during multimodal review because camera motion, exposure changes, and occlusion can
resemble edits. This division of responsibilities reduces unnecessary video analysis while keeping visually dependent
decisions tied to the source footage.

2.2 Candidate Discovery, Metadata Screening, and Media Acquisition

Candidate discovery and metadata screening correspond to Steps 1 and 2 in Figure 2. The same general procedure is
used for both corpora, while the search terms, duration criteria, and screening thresholds are configured separately
and summarised in Table 1. Videos are discovered through the YouTube Data API using predefined queries. Collection
proceeds in manageable batches, and the framework records both the search position and videos that have already
been encountered. This allows discovery to resume after interruption without repeatedly introducing the same source
videos. The duration criteria reflect the source material expected in each use case: walking videos are generally long

Manuscript submitted to ACM
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Fig. 2. Overview of the continuous YouTube mobility dataset framework for the walking and crash video pipelines.

observations of movement through an environment, whereas crash and near collision footage may occur either in short
single event uploads or in longer compilations.

Before a video is downloaded, Qwen3-4B-Instruct-2507 evaluates the uploader supplied title and description [26].
This stage is intentionally an early plausibility check rather than a final inclusion decision. Its purpose is to avoid
spending substantially more computation on videos whose own metadata provides little indication that they contain
the target material. Candidates that pass this screen still require visual review. The walking and crash pipelines use
different operational thresholds because their search results contain different types of irrelevant material; the values
and prompt exclusions are reported in Table 1. These confidence values are used as screening criteria rather than as
calibrated probabilities.

Videos that pass metadata screening are downloaded temporarily using yt-dlp (https://github.com/yt-dlp/yt-dlp)
and checked with ffprobe (https://ffmpeg.org/ffprobe.html) before visual processing. A valid local copy is reused when
available. The source media are retained only while needed for processing, while the decisions, annotations, provenance,
and resulting dataset records are preserved independently of the downloaded video file.

2.3 Temporal Decomposition and Visual Inclusion

Both pipelines separate temporal decomposition from semantic inclusion. Potential edit boundaries are first proposed
using FFmpeg based scene change detection. These proposed cuts are not accepted directly because rapid turns, camera
shake, exposure changes, occlusion, and other continuous motion can resemble an edit. Instead, Cosmos automatically
reviews a short clip around each proposed boundary and determines whether the adjacent visual evidence supports a
genuine discontinuity between scenes or source recordings. Subsequently, only verified edit boundaries are used to
define segments. The use case specific parameters and decision thresholds for this process are reported separately in
the corresponding pipeline configurations.
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Table 1. Use case specific configuration of candidate discovery and metadata screening.

Configuration Walking environments Road traffic crashes and near collisions

Search queries “walking tour”; “city walk”; “walk with me”; “virtual
walk”; “4k walking tour”; “POV walking”; “street
walk”; “nature walk”; “rain walk”; “night walk”

“car crash compilation dashcam”; “traffic accident
compilation dashcam”; “road crash compilation
CCTV”; “car accidents caught on camera”

Maximum search pages
per query and discovery
cycle

2 4

Results requested per
API page

50 50

Maximum new can-
didates per discovery
batch

200 200

Video duration criterion Minimum 300 s No minimum or maximum duration restriction
Metadata input Video title and first 4,000 characters of the descrip-

tion
Video title and first 5,000 characters of the descrip-
tion

Screening target Likely pedestrian walking through real physical
environments

Likely genuine road traffic crashes or near collisions

Prompt exclusions Workouts, treadmills, games, animation, music
videos, product reviews, driving or cycling tours,
public transport rides, drone footage, flights, boat
rides, talking head videos, slideshows, maps, static
ambience, and unrelated uses of “walking”

Video games, simulations, films, television drama,
animation, crash tests, motorsport only footage,
toy vehicles, commentary without original footage,
emergency response footage without the event, and
unrelated uses of “crash”

Geographic fields ex-
tracted

Locality, state, and country when directly sup-
ported by metadata

Locality, state, and country when directly sup-
ported by metadata

Metadata confidence
threshold

0.60 0.65

Additional source meta-
data enrichment

Title, upload date, channel identifier, view count,
description, chapters, represented segment count,
and metadata update date

Title, upload date, channel identifier, view count,
description, chapters, represented segment count,
and metadata update date

Walking video inclusion. The walking pipeline includes an additional automated stage to identify where sustained
walking content begins. Cosmos reviews the opening portion of each accepted upload and estimates the start of the
main walking content, allowing introductory material, highlights, and other preceding footage to be excluded before
segment level analysis. The resulting semantic opening boundary is combined with the verified edit boundaries to
define candidate walking intervals. Longer intervals are divided into bounded review windows, while intervals that are
too short for reliable assessment are excluded.

Cosmos automatically evaluates each candidate walking segment using short continuous motion samples drawn
from the beginning, middle, and end of the source interval. The model determines whether the footage represents real
walking through a real physical environment by assessing whether the viewpoint and motion are consistent with the
height and progression of the pedestrian on foot. The automated review excludes drone and aerial footage, vehicle
only movement, cycling, boating, train or bus footage, static scenes, talking head content, advertisements, channel
promotion, opening highlights, title cards, games, animation, slideshows, and other non walking material. Segments
that satisfy the walking inclusion criteria are retained for subsequent annotation and geographic processing.

Crash video inclusion. The crash pipeline uses the verified edit boundaries to partition each accepted upload into
complete source segments. Then each segment is automatically processed. The pipeline creates a temporally sampled
Manuscript submitted to ACM
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representation spanning the complete source segment and provides it to Cosmos together with structured instructions
for determining whether the footage contains a real road traffic collision or a near collision in which evasive action
narrowly prevents impact. Cosmos is explicitly instructed to reject gameplay, simulations, staged scenes, crash tests,
motorsport incidents, title cards, commentary only footage, emergency response footage without the event itself, and
footage showing only post-collision damage after an unseen collision. The model returns a structured decision that
indicates whether a relevant event is present, together with its confidence and associated event attributes. The pipeline
automatically checks this response for syntactic and semantic consistency and retries invalid or contradictory responses.
Segments are retained only when the automated Cosmos decision satisfies the inclusion criterion; otherwise, they are
excluded without requiring a manual inclusion decision. For collision events, Cosmos also estimates the visible impact
time relative to the source segment when this can be established from the footage.

2.4 Domain Specific Semantic Annotation

The two corpora share the same annotation principle: an attribute is recorded only when it is supported by the source
material, and automatically generated descriptions are retained as structured research metadata rather than treated as
manually verified ground truth. The specific annotations differ because everyday walking footage and safety critical
traffic events support different research questions.

Walking corpus. Each accepted walking segment records its temporal boundaries, time of day, walking environment,
location provenance, and visual confidence. Time of day is represented as day, night, dawn or dusk, or unknown.Walking
environment is classified as street, indoor, beach, park or nature, trail, market, waterfront, square or plaza, transport hub,
mixed, other, or unknown. Here, other denotes an identifiable environment that falls outside the predefined categories,
whereas unknown is used when the environment cannot be determined reliably. The model also extracts readable
location text that appears directly in the reviewed footage while excluding channel branding, generic titles, and inferred
places.

Uploader supplied timestamps or chapter descriptions are aligned with the accepted segment boundaries. The dataset
therefore preserves whether geographic evidence comes from an uploader supplied timestamp or chapter, readable text
embedded in the video, both sources, or neither. Keeping these sources separate allows later analyses to distinguish
information supplied by the uploader from information visible in the recording itself.

Crash corpus. For accepted traffic safety segments, Cosmos describes the camera perspective, visible road users,
road environment, time of day, weather, road surface condition, visible outcomes, and the event itself. The annotation
instructions explicitly prohibit conclusions about fault, legal responsibility, intention, impairment, distraction, injury
severity, fatalities, or other characteristics that cannot be established from the footage.

Crash events are described using selected concepts from the sixth edition of the National Highway Traffic Safety
Administration Model Minimum Uniform Crash Criteria (MMUCC) [21]. The annotation first distinguishes a collision
from a near collision. For collisions, it records the first visually supported harmful event, the manner of collision when
another motor vehicle is involved, and up to four visually supported events in chronological order. This allows a
sequence such as leaving the roadway and then overturning to remain represented as two events rather than being
collapsed into one broad crash category. These annotations use MMUCC concepts to provide a consistent descriptive
vocabulary, but they are based on public video and are not presented as official police coded crash reports.
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2.5 Geographic Evidence and Resolution

Geographic grounding is deliberately conservative in both pipelines. Inferring a place from general visual appearance
is difficult across diverse environments and viewpoints [7, 31]. We therefore publish a location only when explicit
evidence supports it and preserve the distinction between the original evidence and the final resolved locality.

For the walking corpus, Qwen extracts locality, state or province, and country only when these are directly supported
by the video title or description. Uploader supplied timestamps or chapter labels and readable location text within the
footage provide additional segment level evidence. Place names are resolved with OpenStreetMap Nominatim [23] to
obtain a consistent locality representation and reference coordinates. The dataset retains where the location evidence
came from, allowing researchers to distinguish uploader supplied information from text observed directly in the video.

Crash videos require a stricter approach because compilations often combine recordings from different places and
may provide little useful location information in their metadata. Cosmos therefore searches accepted segments for
explicit visual evidence such as location overlays, captions, road signs, business signs, and visible coordinates. The
pipeline does not infer a location from scenery, architecture, language, number plates, vegetation, or similar indirect
cues, and visual geographic evidence is accepted only at a minimum confidence of 0.90.

Crash place candidates are resolved with Nominatim only when they can be associated with a locality such as a city,
town, village, neighbourhood, or comparable inhabited place. Roads, stations, businesses, counties, states, and unrelated
points of interest are not used as substitutes for a locality. When latitude and longitude are visible in the footage, the
coordinates are used to identify the containing locality. The original coordinates remain part of the evidence record,
while the coordinates published in the dataset refer to the resolved locality. They should therefore not be interpreted as
the exact position of the camera or event.

2.6 Maintaining an Evolving and Reproducible Dataset

A central design problem is that public video collections change while published research needs a stable and reproducible
dataset. New videos can appear, existing videos can disappear, and annotation procedures can improve. The framework
therefore records how far each video and segment has progressed through the collection process, together with the
decisions and evidence produced along the way. If processing is interrupted, completed work remains available when
collection resumes rather than requiring the corpus to be rebuilt from the beginning.

This record also allows methodological changes to be applied selectively. For example, an improved geographic
procedure can be applied again while retaining previously accepted segment boundaries, and a revised crash taxonomy
can be added only to segments that still require the new annotations. If an older source video is no longer available, its
previously accepted record is retained and the missing new annotation is recorded as unavailable rather than inferred
from earlier metadata. In this way, changes to one part of the methodology do not require unrelated parts of the dataset
to be reconstructed.

The same records are used to generate the research outputs for each corpus. Walking outputs contain accepted
segment boundaries, environmental and temporal annotations, geographic evidence, and source information. Crash
outputs contain accepted safety events, contextual and MMUCC based annotations, and a separate geographic view for
successfully resolved localities. Unresolved records remain part of the corpus rather than being assigned an artificial
“unknown” place. Fixed releases can therefore capture the exact dataset used for a study, while the maintained collection
continues to incorporate new material and improved annotations.
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Table 2. Summary of the walking corpus snapshot.

Measure Walking corpus

Discovered videos 200
Videos passing metadata screening 156
Metadata rejected videos 44
Completed video records 147
Visual rejected videos 8
Unique source videos represented 147
Accepted segments 3,868
Retained duration (hours) 201.29

Across both corpora, the automatically derived annotations are intended to support large scale exploration, corpus
characterisation, retrieval, model development, and subsequent dataset construction. They should not be interpreted
as manually verified ground truth. The MMUCC based crash variables describe visually observable characteristics
rather than official MMUCC coded police reports, while published geographic coordinates represent geocoded reference
localities rather than exact event positions.

3 Results

All counts reported in this section refer to the versioned dataset snapshot used for this manuscript.

3.1 Walking Corpus

The walking corpus contains 3,868 accepted segments drawn from 147 unique source videos, corresponding to 201.29
hours of retained footage. In total, 200 video records were discovered, of which 156 passed metadata screening. Of these,
147 completed the full processing workflow, 8 were rejected during visual review, and 1 video could not be downloaded.
No visual, text, or pipeline errors were recorded in the analysed snapshot. Table 2 summarises the resulting walking
corpus.

The accepted segments represent a range of walking environments and recording conditions. Figure 3 shows the
geographic distribution of the four most prevalent walking environment categories. Street environments account for
2,272 segments (58.74%), followed by mixed environments with 595 (15.38%), indoor environments with 311 (8.04%),
markets with 240 (6.20%), squares or plazas with 169 (4.37%), parks or nature with 130 (3.36%), waterfronts with 117
(3.02%), trails with 15 (0.39%), beaches with 10 (0.26%), and transport hubs with 9 (0.23%). No accepted segments were
labelled as other or unknown environments in this snapshot. Daytime footage accounts for 2,787 segments (72.05%),
while 662 segments (17.11%) were recorded at night and 383 (9.90%) at dawn or dusk. The time of day could not be
determined for 36 segments (0.93%).

Geographic evidence was available for 3,865 of the 3,868 accepted segments (99.92%). Segment specific evidence,
consisting of uploader supplied timestamp or chapter annotations, readable embedded location text, or both, was
available for 2,666 segments (68.92%), while video metadata provided geographic evidence for 3,865 segments (99.92%).
Of all accepted segments, 982 (25.39%) contained location evidence only from uploader supplied timestamps or chapter
descriptions, 1,228 (31.75%) contained only readable location text embedded in the video, and 456 (11.79%) contained
both forms of segment specific evidence. The remaining 1,202 segments (31.08%) contained neither form of segment
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Fig. 3. Geographic distribution of walking segments by walking environment. The four panels show the most prevalent environment
categories: top left, street; top right, mixed; bottom left, indoor; and bottom right, market. Across all 3,868 accepted walking segments,
street environments occur in 2,272 segments (58.74%), mixed environments in 595 (15.38%), indoor environments in 311 (8.04%), and
markets in 240 (6.20%).

specific evidence. Overall, timestamp or chapter evidence was available for 1,438 segments (37.18%), while embedded
video location text was available for 1,684 (43.54%).

Nominatim resolution produced 3,490 segments with a resolved locality, corresponding to 90.23% of the walking
corpus. The remaining 378 segments (9.77%) did not have a resolved locality: 375 returned no geocoding result and 3 did
not undergo geocoding. The resolved segments represent 89 canonical localities across 28 countries or territories and
five continents, originate from 129 source videos, and correspond to 180.91 hours of retained footage. North America
accounts for 1,529 resolved segments (43.81%), followed by Europe with 1,387 (39.74%), Asia with 488 (13.98%), Oceania
with 76 (2.18%), and Africa with 10 (0.29%). The United States is the most represented country with 1,437 resolved
segments (41.17%), followed by Italy with 408 (11.69%), Spain with 216 (6.19%), the Netherlands with 193 (5.53%), and
France with 101 (2.89%). The retained walking segments have a mean duration of 187.34 seconds and a median duration
of 227.00 seconds, with 25th and 75th percentiles of 183.00 and 233.00 seconds, respectively, and a maximum duration
of 239.00 seconds.

3.2 Crash and Near Collision Corpus

The crash corpus contains 34,295 accepted traffic safety segments corresponding to 151.35 hours of retained footage.
The analysed state contains 1,400 video records, of which 920 passed metadata screening. Of the complete set of video
Manuscript submitted to ACM
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Table 3. Summary of the crash and near collision corpus snapshot.

Measure Crash corpus

Video records 1,400
Videos passing metadata screening 920
Metadata rejected videos 480
Completed video records 902
Visual rejected videos 16
Visual processing errors 2
Accepted segments 34,295
Retained duration (hours) 151.35

records, 902 reached the completed processing state, 480 were rejected during metadata screening, 16 were rejected
during visual review, and 2 ended with a visual processing error. Table 3 summarises the resulting crash and near
collision corpus.

The structured annotations describe both the road users represented in the corpus and the recording conditions.
Cars occur in 32,213 segments (93.93%), trucks in 6,596 (19.23%), vans or pickup trucks in 3,369 (9.82%), and motorcycles
in 1,186 (3.46%). Pedestrians occur in 834 segments (2.43%), SUVs in 766 (2.23%), light trucks in 522 (1.52%), buses in
362 (1.06%), and cyclists in 227 (0.66%). Because several road user categories may occur within the same segment,
these percentages are not mutually exclusive. Figure 4 shows the geographic distribution of the four most frequently
represented road user categories. Daytime footage accounted for 27,776 segments (80.99%), night footage for 4,761
(13.88%), dawn or dusk for 1,566 (4.57%), dusk for 49 (0.14%), and 143 segments (0.42%) had an unknown time of day.

At the current snapshot, 2,884 segments have been classified using the MMUCC based taxonomy, while 31,405 remain
pending and 6 ended with a terminal model error. Among the classified segments, 2,780 (96.39%) were identified as
collisions and 104 (3.61%) as near collisions. Among the collision segments currently classified, 2,768 (99.57%) were
classified as front to rear or rear to front collisions, 7 (0.25%) as front to front collisions and 4 (0.14%) as sideswipes in
the same direction. A segment (0.04%) involved a collision that did not involve another motor vehicle in transport. The
first harmful event was a motor vehicle in transport for 2,779 collision segments (99.96%) and ground for one segment
(0.04%). All 2,780 currently classified collisions contained one event in the MMUCC sequence representation. Figure 5
visualises the geographic distribution of the most frequent manner of collision categories.

Geographic resolution produced 17,588 segments with a publishable locality, corresponding to 51.28% of the accepted
crash corpus, while the remaining 16,707 segments (48.72%) were unresolved. The resolved segments represent 5,270
canonical locality entities distributed across six continents. North America accounts for 11,271 resolved segments
(64.08%), followed by Europe with 3,441 (19.56%), Asia with 1,133 (6.44%), Oceania with 827 (4.70%), South America
with 484 (2.75%), and Africa with 398 (2.26%). The United States is the country with 10,293 resolved segments (58.52%),
followed by Canada with 858 (4.88%), Australia with 792 (4.50%), Italy with 504 (2.87%), and the United Kingdom with
464 (2.64%).

Among the unresolved crash segments, 9,254 had no resolvable locality result and 7,451 contained no geographic
evidence, while one segment produced a rejected resolution result and one ended in a resolution failure. The 17,588
geographically resolved segments correspond to 82.59 hours of footage and originate from 714 unique source uploads.
The geographic mapping contains 5,270 locality rows, and its expanded segment count matches the number of resolved
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Fig. 4. Geographic distribution of road users represented in the crash corpus. The four panels show the most prevalent road user
categories: top left, car; top right, truck; bottom left, van / pickup truck; and bottom right, motorcycle. Across all 34,295 accepted crash
segments, cars occur in 32,213 segments (93.93%), trucks in 6,596 (19.23%), vans / pickup trucks in 3,369 (9.82%), and motorcycles in
1,186 (3.46%).

segments recorded in the persistent state. The published latitude and longitude values correspond to canonical locality
reference coordinates rather than the exact position of the recorded event.

The walking and crash corpora therefore exercise different parts of the same underlying infrastructure. The walking
corpus consists primarily of long form observations of pedestrian movement across everyday environments, whereas
the crash corpus contains large numbers of shorter safety critical events extracted from heterogeneous source videos.
Despite these differences, both corpora retain structured semantic annotations, explicit geographic evidence and
provenance, a versioned processing state, and reproducible dataset outputs.

4 Discussion

This study demonstrates that public video platforms can support mobility datasets at a scale and contextual diversity
that would be difficult to reproduce through purpose built recording alone, provided that collection is treated as an
infrastructure problem rather than as a sequence of downloads. The two resulting corpora illustrate complementary
uses of this infrastructure. The walking corpus captures long form observations of everyday pedestrian movement
across streets, markets, parks, waterfronts, transport hubs, and other public environments, while the crash corpus
captures shorter and comparatively rare safety critical events. Together, they show that the same underlying approach
can support substantially different mobility research questions while preserving a common structure for discovery,
Manuscript submitted to ACM
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Fig. 5. Geographic distribution of crash segments by MMUCC manner of collision. The four displayed panels show the most frequent
collision manners in the synthetic completion used for this draft figure: top left, front to rear or rear to front collision, 10,793 segments
(61.59%); top right, angle collision, 2,559 (14.60%); bottom left, same direction sideswipe, 1,462 (8.34%); and bottom right, front to front
collision, 995 (5.68%).

screening, temporal segmentation, semantic annotation, geographic grounding, provenance, and reproducible dataset
releases.

Public video should therefore be viewed as complementary to, rather than a replacement for, purpose built mobility
datasets such as KITTI, nuScenes, Waymo, or dedicated pedestrian and crash benchmarks. Controlled datasets provide
consistent sensing configurations, calibration, and carefully designed acquisition procedures, whereas public video
broadens the observable range of places, recording devices, viewpoints, behaviours, and event types. This complements
geographically diverse continuous driving resources such as CROWD [2]. When observations of everyday driving,
pedestrian activity, infrastructure, and safety critical events are considered together, they can provide increasingly rich
representations of real world mobility environments and form a useful data foundation for future world creation and
simulation. This is particularly relevant to human centred mobility research, where questions concerning pedestrian
experience, interaction with infrastructure, road user encounters, and unusual traffic events often depend on naturalistic
context rather than on a tightly controlled sensor configuration. At the same time, public video reflects who records,
what they choose to upload, and what the platform makes discoverable, and the resulting corpora should therefore not
be interpreted as representative samples of global mobility behaviour.

The differences between the walking and crash corpora illustrate how the characteristics of the source material
influence what can be extracted reliably. The walking corpus retained 201.29 hours of footage and provided strong
geographic coverage, with 90.23% of accepted segments resolving to a locality across 28 countries or territories. Its long
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form videos also supported descriptions of walking environment, time of day, and geographic evidence obtained from
video metadata, uploader supplied timestamps, and text visible within the footage. The crash corpus retained 151.35
hours of traffic safety footage and contained a much larger number of individual segments, but geographic resolution
was possible for 51.28% of accepted segments. Crash compilations are frequently assembled from recordings originating
from different places, and the individual clips may be detached from the descriptive context of the original recording.
At the same time, they provide access to visually observable road user involvement, collisions, and near collisions that
would be difficult to collect prospectively at a comparable scale. These differences support the use of corpus specific
annotations while retaining a shared underlying data infrastructure.

A recurring design choice throughout both pipelines was to preserve uncertainty rather than force every segment
into a complete record. This is particularly important for geographic information. A candidate place can remain
recorded even when the available evidence is insufficient to publish it as a resolved locality. In some videos, the
latitude and longitude values are directly visible as overlays or subtitles, including the coordinates automatically added
by some dashcams. Similar examples were encountered in the continuous driving videos collected for CROWD [2].
Such coordinates provide valuable direct geographic evidence, but their availability and precision cannot be assumed
consistently across heterogeneous public videos. We therefore use them to identify and canonicalise the containing
locality rather than presenting them as exact event positions. Roads, stations, businesses, counties, and other points of
interest are likewise not silently substituted for cities or towns. The same principle applies to semantic annotation. For
example, the crash corpus records visually supported event characteristics but does not infer fault, impairment, injury
severity, or other high-contribution attributes from indirect visual cues. This reduces the number of complete labels, but
makes their meaning and provenance clearer. For researchers using the resulting datasets, preserving the distinction
between candidate evidence, resolved output, and unknown values also makes it possible to construct stricter or more
permissive subsets without discarding the original machine generated evidence.

The results also illustrate the practical value of treating the dataset as an evolving process rather than as a static
collection. Public platform sources change over time: new videos appear, older videos disappear, metadata may change,
and annotation procedures can improve. By recording how each video has already been processed, the framework can
update only the parts affected by a methodological change. For example, an improved geographic procedure can be
applied again without repeating video discovery or temporal segmentation, while a revised crash taxonomy can be added
only to segments that still require the new annotations. Previously completed work that remains valid can, therefore,
be reused. This separation between an evolving collection and fixed dataset releases is important for reproducibility:
researchers can cite the exact snapshot used in a study while the underlying corpus continues to grow and improve.

Although recent general purpose AI models can perform many of the tasks required here, using one model for the
entire pipeline is neither necessary nor always desirable. Different stages operate on different kinds of information and
have different computational requirements. Metadata screening is primarily a text based task and can be performed
efficiently without analysing the full video, whereas deciding whether a segment contains genuine walking, a crash or
near collision, or explicit geographic evidence requires direct inspection of visual and temporal information. Other
operations, such as detecting candidate editing boundaries, downloading videos, maintaining processing history, and
resolving place names, are better handled by conventional software or dedicated services rather than by a generative
model. We therefore use different components according to the information required at each stage: Qwen performs
the initial metadata screening, while Cosmos is used when decisions depend on evidence contained within the video.
This modular design also makes the process easier to inspect and update because one component can be replaced or
improved without requiring the complete dataset to be reconstructed. More generally, increasingly capable models do
Manuscript submitted to ACM
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not remove the need to decide which parts of dataset construction should be delegated to AI, what evidence a model
should be allowed to use, and where simpler and more reproducible computational procedures are preferable.

The use of automated models also has implications for how the resulting annotations should be interpreted. Structured
outputs, validation rules, confidence requirements, and repeated attempts can reduce obvious failures, but they do not
turn model generated annotations into manually verified ground truth. Models may still miss relevant footage, misread
text, or assign an incorrect contextual category, and these errors can propagate if the annotations are subsequently
used to train or evaluate other systems. Manual verification therefore remains appropriate when a study depends on
precise event categories, fine geographic distinctions, rare subclasses, or other labels for which annotation errors could
materially affect the conclusions. Public availability also does not remove privacy, copyright, or ethical considerations,
particularly when visual observations are combined with geographic information.

A natural next step is to move from video level or segment level geographic grounding towards finer spatial annotation
of the visual stream. Where sufficient evidence is available, individual frames could be associated with geographic
coordinates rather than assigning only a canonical locality to an entire segment. Combining frame level geographic
information with the existing semantic annotations would make it possible to construct spatial heatmaps of pedestrian
activity, traffic behaviour, road user interactions, and safety critical events. Such representations could support analyses
of how mobility behaviour changes within and across cities rather than only how often particular behaviours appear in
a collection. In combination with larger resources such as CROWD and other sources of road structure, infrastructure,
and dynamic road user observations, this could also contribute towards geographically grounded representations for
world creation, simulation, and world model research.

Overall, the contribution of this work is not a particular search query, annotation model, or individual corpus,
but a reusable approach for transforming heterogeneous public video into structured, traceable, and continuously
maintainable mobility data. The walking and crash use cases demonstrate that the same infrastructure can support both
long form observations of everyday mobility and large collections of rare safety critical events while retaining explicit
evidence and uncertainty throughout the process. Public video cannot provide the sensing consistency or sampling
control of purpose built datasets, but it can substantially broaden the geographic, behavioural, and contextual range
available to mobility researchers. Treating these sources as maintained research infrastructure rather than disposable
downloads makes that breadth usable while preserving the transparency and reproducibility required for scientific
analysis.

5 Limitations and future studies

Public video platforms do not provide a representative sample of mobility. This study focuses on YouTube because it is
currently the most practical large scale source for this type of public video, but similar biases are likely to affect other
platforms. Coverage depends on platform access, uploader behaviour, language, tourism, camera ownership, internet
connectivity, search ranking, and the chosen discovery queries. Wealthier countries are also likely to contribute more
footage. Corpus frequencies should therefore not be interpreted as population prevalence, exposure, crash risk, or the
true frequency of a behaviour or environment.

The semantic annotations are automatically generated and may contain errors. Models can miss relevant footage,
retain unsuitable footage, misread visible text, or assign an incorrect category. The labels should therefore not be treated
as manually verified ground truth, and studies requiring precise event categories, environmental attributes, or rare
subclasses should validate the relevant subset independently.
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Geographic information is intentionally conservative. Many videos contain no explicit locality evidence, and the
published coordinates represent canonical locality reference points rather than exact camera or event positions. This
limits fine scale spatial analysis but avoids implying unsupported precision. Future work could investigate frame
level geocoding where reliable geographic evidence is available and use these locations to create spatial heatmaps of
pedestrian activity, traffic behaviour, and safety critical events.

Public videos may also be removed, made private, or become region restricted after a dataset release. Source
identifiers and derived annotations preserve provenance but cannot guarantee continued access to the original media.
Ethical, privacy, and copyright considerations also remain important, particularly because mobility videos may contain
identifiable people, vehicles, homes, workplaces, and other sensitive contextual information.

The framework also depends on changing platforms, models, geocoding services, and software. Fixed dataset
snapshots and recorded processing versions improve reproducibility, but cannot completely remove these dependencies.
The approach itself is not limited to YouTube, and future studies could extend it to other public video platforms to
broaden geographic and behavioural coverage and reduce dependence on a single source.

6 Supplementary material

In line with current open science practices and recommendations for transparency in automotive user research [10],
the authors openly provide these research artefacts to support reproducibility, collaboration and further advancements
in the field. The generated videos, their description, and analysis code are available at https://doi.org/10.4121/3ee08a97-
f065-4811-a6c8-aeb4191ae102. The maintained version of the code for car crash is available at https://github.com/
Shaadalam9/car-crash-yt and for walking is at https://github.com/Shaadalam9/walking-yt.
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