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Abstract. We introduce EgoPolice, a carefully curated dataset of real,
egocentric police–civilian interactions, sourced from publicly available
body-worn camera videos. We select police-civilian action labels that are
critical for police behavioral research and annotate them at a second-
by-second granularity. The videos feature rapid and irregular camera
motion, dense human interactions, and rare high-stakes events, mak-
ing the dataset a challenging benchmark for motion-robust and context-
aware egocentric perception. We provide two different tasks, classifica-
tion and multiple-choice question-answering, and benchmark both open-
source and closed-source models. We find that even the best video models
like Gemini 2.5 Pro still struggle to accurately predict high-risk actions
such as “Weapon Out”. Beyond serving as a benchmark, EgoPolice pro-
vides a foundation for developing models capable of identifying events
of interest in large-scale body-worn camera video repositories, enabling
more efficient downstream human review.
Content Warning: This paper includes real police body-worn camera
footage, including potentially distressing scenes.

Keywords: Egocentric Dataset, Video Understanding, Police Body-Worn
Camera Analysis

1 Introduction

Recent advances in Vision-Language Models (VLMs) have generated significant
interest in their application to a wide range of tasks and environments, including
complex, high-stakes settings such as medical diagnosis, autonomous navigation,
and disaster response [16, 41, 68]. Despite their potential to support real-world
decision-making, failures of these models have exposed important ethical, legal,
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Fig. 1: Sample frames of EgoPolice. We show representative frames for Easy (Top,
Cyan) versus Hard (Bottom, Red) samples. Easy samples are correctly classified by
VideoMAE V2 and CLIP [52,66], while Hard samples are misclassified by both. Models
perform well on clear viewpoints but struggle under low-light, occlusion, and distance.

and safety concerns [5,25,45]. These are especially pronounced in the context of
law enforcement, where errors can carry civil, legal, and safety consequences. The
proliferation of Body-Worn Cameras (BWCs) has generated massive archives of
footage, driving demand for automated analysis. However, the data captured by
these cameras differs from standard training datasets as the videos are charac-
terized by rapid camera motion, severe occlusions, and actions that are usually
filtered out in academic datasets. While the failure to distinguish between an
innocent gesture and a real threat can carry serious social consequences, com-
mercial vendors [1, 6, 21, 50, 62] have entered the space with tools designed to
interpret these records, even though the research community lacks the instru-
ments to characterize their limitations and stress-test them against footage that
is often difficult to parse even for a trained human observer (Figure 1).

To address these challenges, we introduce a carefully curated dataset of real-
world, egocentric police–civilian interactions. Our work is motivated by the ur-
gent need to benchmark and improve model reliability in first-person environ-
ments. Specifically, our primary contributions are threefold:

– Bridging the domain gap for in-the-wild video datasets: Existing datasets
focus on benign, everyday activities, yet fail to capture more nuanced and
rapidly-evolving events. We construct EgoPolice to provide the first bench-
mark for evaluating video models in egocentric law enforcement scenes.

– Systematically benchmarking video understanding models in high-stakes en-
vironments: We conduct an evaluation of standard classification techniques
and state-of-the-art VLMs. Our analysis reveals that despite recent advance-
ments, models still struggle with the complexities of BWC footage.

– Demonstrating real-world transferability: In ongoing work, we deploy a model
trained on EgoPolice in a human-in-the-loop setting to analyze a large pri-
vate repository of uncurated body-worn camera videos, enabling systematic
review at a scale that would be otherwise infeasible manually. This provides
preliminary evidence that EgoPolice can serve as a foundation for scalable
police oversight tools capable of operating on real-world footage.
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2 Related Works

Police body-worn camera research. Police body-worn cameras (BWCs) are
recording devices mounted on an officer’s chest that capture continuous video
while the officer is on duty. They provide first-person documentation of police
activity and were introduced with the goal of supporting police accountability
and criminal investigations. Existing BWC-related research is mainly conducted
by social scientists and focuses on evaluating their effectiveness, for example by
measuring changes in civilian complaints, policing quality, and the civility of
police–civilian encounters [11, 12, 34, 42, 49]. Recent advancements in machine
learning have rendered the analysis of raw BWC footage computationally vi-
able, overcoming previous constraints imposed by the sheer volume of video
data. Nevertheless, current work remains focused on transcribing audible con-
versations and then using natural language processing techniques to study and
potentially improve law enforcement behavior [13,14,51,60,64]. Apart from [30],
which introduces a video annotation tool, and [3], which provides a face dataset
based on body-worn camera footage, the analysis of the video itself remains
largely unexplored, even though it offers rich context for understanding events.
Nonetheless, several companies claim to analyze such footage without supporting
research on their models’ performance [1,6,21,50,62]. To the best of our knowl-
edge, EgoPolice is the first police BWC dataset designed to evaluate the video
understanding capabilities of models, providing a first step toward enabling in-
dependent verification and rigorous auditing of AI tools deployed in this domain.

Egocentric data/methods. Egocentric videos [8, 18, 23, 24, 43, 48] capture
videos from a first-person viewpoint, often by a head-mounted or a chest-mounted
camera. Datasets used in controlled research settings typically capture actions
in scripted or semi-scripted lab environments [8,48]. However, recent works have
extended this to unscripted, everyday activities [18,19,23], aligning much closer
with our contribution. Nonetheless, the majority of these datasets are collected
in settings where camera wearers and/or people included in the footage are aware
that they are being recorded for research [23,24,43]. In addition, most clips record
only a few individuals and primarily capture routine activities such as cooking,
playing sports, or visiting parks [9,18,23]. EgoPolice targets these existing gaps
by proposing a dataset that uses recordings of diverse and unscripted, but also
real and high-stakes encounters between law enforcement officers and civilians.

Video annotation. The development of scalable video annotation, which de-
mands both robust infrastructure and significant human labor, has been a re-
curring challenge in computer vision [29, 40, 54, 65], particularly for unscripted,
real-world, in-the-wild videos that cover a huge variety of scenarios [18, 26, 61].
Previous work finds that minimizing cognitive load and decomposing annotation
into binary subtasks are central design principles for maximizing throughput in
such settings [58,65]. To address the cost of manual labeling, recent works utilize
vision models and LLMs [15,27,28] in model-in-the-loop frameworks, combining
automated predictions with human annotators to label new and more challenging
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data [31, 46, 53, 56]. However, LLM-assisted annotation can distort label distri-
butions, introduce systematic errors, and propagate biases into ground truth
during annotation [4, 57]. In high-stakes domains, annotator subjectivity adds
additional complexity as disagreement over temporal boundaries even for well-
de�ned classes is common [10, 20, 33, 63]. This di�culty is further compounded
when footage requires multiple labels to be assigned to every frame [67]. We
address these challenges by employing a multi-stage pipeline with objective,
intent-free de�nitions, ensuring accurate annotations of the high-stakes dataset.

3 Data Collection Pipeline

3.1 Data Sources

EgoPolice consists of police BWC footage collected from multiple sources across
the United States. The dataset includes recordings released by police depart-
ments (PD), independent news networks, and a civilian oversight o�ce. Our
main source is the Chicago PD, published by the City's Civilian O�ce of Po-
lice Accountability (COPA). We collected all BWC videos released between July
10, 2016 and June 23, 2024. The footage includes incidents involving civilians
who were critically injured or died in police custody, as well as all instances in
which an o�cer discharged a �rearm. The videos are grouped into 83 cases. A
case corresponds to an incident involving between one and 33 o�cers. Similarly,
we collected BWC footage from �ve other departments (Pasadena PD, Dallas
PD, Metropolitan PD of the District of Columbia, Los Angeles PD, and San
Antonio PD) and two news networks, which provide recordings from additional
departments. Only COPA's footage is organized into cases.

Videos from COPA and Pasadena are subject to only minor edits, involv-
ing occasional audio omissions, particularly at the beginning of videos, and the
censoring of nudity. Videos from other departments are heavily edited (e.g. sub-
titles, press-conference-style statements, slowed-down segments, or zoom-ins).
We remove non-BWC segments during pre-processing, and refer the reader to
the Supplementary Material for sampled frames illustrating the di�erence.

EgoPolice does not re�ect the breadth of police activity, most of which goes
unrecorded or unreleased, but rather overrepresents high-stakes police-civilian
interactions, as footage containing these incidents is more likely to be released.

3.2 Annotation

Compiling a list of police-civilian interactions. Our dataset captures a
broad spectrum of interactions between law enforcement o�cers and civilians,
ranging from routine conversations to high-stakes incidents such as shootings or
medical emergencies. Many event types are rare due to the vast space of possible
encounters. To address this challenge, we �rst compile a list of actions that are
critical for policing research, explicitly distinguishing between the o�cer wearing
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Table 1: Action labels and de�nitions in EgoPolice.

Role Action De�nition

BWC Wearer Physical Interaction ˆ The Body-Camera Wearer is touching the civilian.

Medical Treatment ˆ BWC Wearer is touching the civilian with hands.
ˆ Both civilian and BWC Wearer's actions are visible.
ˆ BWC Wearer is directly involved in treatment.

Weapon Out ˆ The clip displays a �rearm held by the BWC Wearer.

Running ˆ The camera is moving/shaking substantially.
ˆ The o�cer is moving forwards or backwards quickly.

Other O�cer Physical Interaction ˆ An o�cer (not the BWC wearer) is touching the civilian.

Medical Treatment ˆ An o�cer (not the BWC wearer) is touching the civilian with hands.
ˆ Both civilian and police are visible.
ˆ The o�cer is directly involved in treatment.

Any Police O�cer Handcu�ng ˆ Any o�cer is attempting to use or using handcu�s.
ˆ Handcu�s are clearly identi�able.

Civilian Visibly Injured ˆ The civilian is visibly injured.
ˆ The clip shows bleeding or a wound.

On Ground ˆ The civilian is sitting, kneeling, or lying on the ground.
ˆ Ground position is clear from the video.

the camera (BWC wearer), other o�cers visible in the recording who are not
the recording o�cer (Other O�cer), and civilians involved (Civilian).

We then group these actions into classes that occur frequently enough to
support computer vision research while retaining social science signi�cance. To
avoid subjective interpretation and reduce disagreement between annotators, we
de�ned each action using objective criteria, ensuring that no prior knowledge
of policing is required for annotation. Table 1 summarizes the action taxonomy.
For handcu�ng, we combine o�cers into �Any Police O�cer� since multiple of-
�cers are often in close proximity, which makes it di�cult to reliably distinguish
individual hands. Figure 1 presents example frames for four di�erent actions,
illustrating both easy and challenging instances for each class.

Labeling actions. We designed the annotation process as a two-stage pipeline.
In Stage 1, which serves as an initial �ltering step, three independent annotators
reviewed the candidate videos and �agged any timestamps containing visible
interactions, including verbal exchanges between police o�cers and civilians. To
ensure comprehensive coverage, we aggregated these annotations by taking the
union of all identi�ed time windows and adding a 10-second bu�er before and
after the start and end of each interaction. In Stage 2, the resulting interaction-
rich clips were assigned to annotators for labeling across the compiled action
categories at a per-second granularity. Given the subjective and high-stakes na-
ture of the data, annotators were provided with objective action de�nitions that
explicitly avoid inferring intent or making normative judgments. For example,
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Table 2: Data sources.

Dept. Source # Vids Time (h:mm)

Chicago PD COPA 600 109:15
Los Angeles PD Dept. 82 2:03
D.C. PD Dept. 418 12:20
Pasadena PD Dept. 76 10:44
San Antonio PD Dept. 135 3:03
Dallas PD Dept. 38 3:00
Misc. PDs News 1,335 44:29

Total 2,684 184:57

Table 3: Annotated actions per data source.

Class
COPA Pasadena Others EgoPolice
# sec. # sec. # sec. # sec. %

BWC-Physical Interaction 13,772 1,749 17,036 32,557 4.89%
BWC-Medical Treatment 6,387 851 644 7,882 1.18%
BWC-Weapon Out 23,961 1,142 15,063 40,166 6.03%
BWC-Running 2,893 434 3,297 6,624 0.99%
Other-Physical Interaction 29,167 2,553 13,223 44,943 6.75%
Other-Medical Treatment 15,810 1,376 1,042 18,228 2.74%
Any O�cer-Handcu�ng 1,138 152 2,310 3,600 0.54%
Civilian-Injured 25,274 1,041 1,793 28,108 4.22%
Civilian-On Ground 43,083 2,865 18,025 63,973 9.61%
Any Class 75,542 6,122 49,075130,739 19.63%

the action �BWC Wearer-Physical Interaction� is de�ned as cases in which the
o�cer wearing the camera is touching the civilian, rather than relying on sub-
jective interpretation. This approach ensures that action labels are based on
observable behavior, reducing ambiguity for both annotators and researchers.
As �BWC Wearer-Running� and �BWC Wearer-Weapon Out� can occur outside
Stage 1 segments, these actions are annotated over the entire dataset.

We obtain second-by-second annotations by determining whether the cor-
responding action class is visible at any given second. Videos from COPA and
Pasadena, which are of higher quality and serve as the primary data source for
training and evaluation, are annotated independently by at least two annotators
to ensure high-quality labels, while videos from the remaining departments are
used as auxiliary training data and annotated by a single reviewer. Table 2 sum-
marizes the data sources and Tab. 3 shows the prevalence of each annotated class
strati�ed by origin. In total, EgoPolice contains over 180 hours of BWC footage.
We refer the reader to the Supplementary Material for additional statistics.

3.3 Annotator Management

Our Institutional Review Board determined our project to be non-human-subjects
research. Given the nature of the dataset, we implemented additional safeguards,
incorporating strategies rarely used in prior data collection, to protect annota-
tors' mental health and ensure data quality.

Hiring procedure. To ensure the best quality, we opted to directly hire annota-
tors from a local university, rather than using crowdsourcing platforms. We paid
the annotators $16/hour when the project began, which increased to $18/hour
for the �nal tasks. We hired 33 annotators who spent approximately 5,400 hours
with the annotation cost totaling around $92,000. The job listing clearly stated
that �annotators that work on this project will be exposed to distressing or
graphic images and sounds [...] we ask potential applicants to consider their
mental and emotional ability to work with such footage before applying.� Next,
prior to hiring annotators, we interviewed each prospective annotator, again
emphasizing the potential challenges to mental health due to the nature of the
body camera footage. Once the annotators were hired, we asked them to sign an
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