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Abstract

Motion capture technologies are increasingly being incorpo-
rated into key aspects of social life, but embed potentially
harmful assumptions. We examine the structural factors that
allow for assumptions to solidify in motion capture systems
and propose a matrix that works as a structured guide for mo-
tion capture developers to identify and document the assump-
tions baked into the system they are working on. To motivate
novel conversations and future work in this area, we conclude
with discussing the application of this matrix as well as its
limitations.

1 Introduction

Recent years have been marked by heightened activity in Al
regulation. The European Union, after years of development
and deliberation, passed the EU AI Act which mandates
risk-based assessments and mitigation strategies of Al sys-
tems across sectors (Edwards 2021; Meltzer and Tielemans
2022). Similarly, President Biden introduced the Executive
Order on Safe, Secure and Trustworthy AI (Federal Regis-
ter 2023) which sets out to regulate Al use across the US
government. Despite not being a regulatory framework, the
Executive Order had sweeping signaling effects for the tech
industry. In 2025, the Biden Administration’s Executive Or-
der was replaced by the Trump Administration’s Executive
Order Removing Barriers to American Leadership in Arti-
ficial Intelligence, overturning specific policy directives but
maintaining a policy interest in artificial intelligence for the
US government. Despite recent, dramatic shifts in admin-
istration priorities, US agencies have long focused on miti-
gating potential Al harms. For example, the US Equal Em-
ployment Opportunity Commission (EEOC) has warned of
potential disability discrimination in Al systems used in hir-
ing and employment (Equal Employment Opportunity Com-
mission 2-24) and the Federal Trade Commission (FTC)
has strengthened its abilities in Al-related investigations of
potential violations of consumer protection laws (Federal
Trade Commission 2023a).

The US-based drugstore chain Rite Aid Corporation
recently was prohibited by the Federal Trade Commi-
sion (FTC) from using facial recognition technology for
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five years (Federal Trade Commission 2023b). The FTC
complaint showed that Rite Aid failed to put in place
safeguards around facial recognition technology to protect
store customers from harms, including false accusations,
humiliations, and putting consumers’ sensitive information
at risk. The 2023 actors and writers strike in Hollywood
evolved in large part around the use of Al systems in the
film industry, including questions of ownership of motion
capture and other biometric data of actors (Covey 2023).
Both of these landmark cases involved the representation
of human bodies as key components of Al systems, which
points toward the need for careful attention to how motion
capture technology, gesture recognition systems, and facial
recognition products are developed.

Despite these regulatory developments and a heightened
focus in the critical tech field on issues around fairness, ac-
countability, and transparency in Al, there has been little
attention within the motion capture space' on potential Al
harms and Al risk mitigation (Pittaluga and Koppal 2016, is
an exception). The ethical stakes of biometric data, in gen-
eral, have been covered rather broadly (Awumey, Das, and
Forlizzi 2024; Burema et al. 2023). However, the compara-
tive lack of attention paid to motion capture reveals under-
explored risks and harms that arise in other types of Al sys-
tems that make assumptions about the human body and its
movement, resulting in motion capture design processes and
practices that are not sufficiently engaged in risk and harm
identification and mitigation.

It is evident that there is an urgent need to better under-
stand, identify, and mitigate the potential harms of motion
capture systems as they are rapidly being innovated and that,
in doing so, lessons can be learned for Al systems more
generally. Motion capture developers must develop a frame-
work for exerting reasonable steps to ensure motion cap-
ture products are safe for use. This is particularly true for
the Al harms that are the result of normative assumptions

"Here, we refer to motion capture as the set of technologies
that are used to infer bodies and their movement from some kind
of sensor (e.g., video, infrared camera systems detecting markers
attached to the body, accelerometers worn on the body, infrared
cameras external to the body). Motion capture technologies more
broadly include tasks like activity, pose, or gesture recognition, that
directly or indirectly depend on stylized models of bodies and their
measurements.



around bodies and motion. Assumptions—for example, that
a human body has four limbs and moves without aides—
are baked into motion capture technology deeply and per-
vasively. Even for motion capture software that offers affor-
dances for capturing motion of bodies with limb differences,
other parts of the motion capture system infer measurements
based on normative body types, in ways that are also central
to the practices of developing and validating motion capture
systems (Harvey et al. 2024). Typically, such assumptions
go unscrutinized (Sloane, Moss, and Chowdhury 2022; Rhea
et al. 2022; Barocas, Selbst, and Raghavan 2020; Jacobs and
Wallach 2021). They become baked into the software, hard-
ware, and training data and, importantly, benchmarks that
make up motion capture systems.

Consequently, we propose that creating more fair, ac-
countable, and transparent motion capture systems—and
Al systems, generally—must be based on the system-
atic identification of the (potentially harmful) assump-
tions that underpin such systems and practices in design
and validation. Such assumptions—and assumptions about
representativeness—are the result of inherently social prac-
tices of measurement and Al development (Sloane and Za-
krzewski 2022; Suchman et al. 2017) that shape what is mea-
sured, how data is chosen, and what features of data are rele-
vant for making statistical inferences about a given phenom-
ena. These choices, in turn, shape how data-driven systems
might work better for some than others, or fail in certain con-
texts of use that are not adequately anticipated by designers.
Here, sociotechnical approaches that substantively engage
with validity of those assumptions can offer a path forward,
especially for incorporating well-developed social scientific
and mixed qualitative-quantitative methods into an analysis
of risks and harms.

Below, we propose a systematic approach for tracing the
hidden assumptions baked into motion capture systems. We
first describe the structural factors that allow for assump-
tions to solidify in Al systems, and motion capture systems
specifically, and consider their risks and potential harms. We
then consider the implications for Al development and pro-
pose the motion capture matrix (Fig.1) as a structured guide
for motion capture designers and innovators to identify and
document the assumptions baked into the system they are
working on. Such a matrix offers a tool for designers to both
reflect on and document their assumptions, supporting criti-
cal analysis of motion capture systems and their technolog-
ical descendants. The paper concludes with a discussion of
future work needed to better identify and mitigate such mo-
tion capture technology risks moving forward, particularly
in the design and validation phase.

2 Hidden Assumptions in Motion Capture
Systems

Motion capture tasks, such as human motion prediction,
pose estimation and activity recognition, create and de-
pend on representations of human bodies. As a result,
assumptions about what constitutes a human body—and
whose bodies are typical or sufficiently representative—are
inherently a part of motion capture design and valida-
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tion. Potentially problematic assumptions about human
bodies—that all humans are bilaterally symmetrical or that
body proportions scale across heights and weights—can
potentially produce representational harms when used in
computer animation or documentary applications and mate-
rial harms when used in medical or ergonomic applications.

Motion capture technology rests on the practice of
measuring human bodies and inferring body shape and
movement. Beginning in the 1930s, anthropometry, i.e.,
the measurement of bodies, was concerned with estimating
body segment parameters to infer the force required to gen-
erate an observed motion (Harvey et al. 2024). Foundational
work was funded by the US Air Force and sought to specify
optimal cockpit design based on motion range, using a pop-
ulation less representative of live human motion—i.e., eight
older, white male cadavers (Dempster 1955); a similar study
used six cadavers(Chandler et al. 1975). Such work rests on
crucial assumptions about the rigidity of human body seg-
ments that do not reflect reality. Yet, the measurements pre-
sented in both studies came to be accepted as “ground truth”
for body segment parameter estimation in motion capture
(Harvey et al. 2024). Harvey et al. (2024) have shown how
subsequent research and innovation in motion capture used
this “ground truth” to develop newly proposed formulas for
body segment parameter estimation: The original assump-
tions about bodies and movement based on these very small
and extremely biased samples became solidified in the hard-
and software that makes up motion capture technology.

Today, the historical assumptions that underpin mo-
tion capture—specifically normative assumptions about
body composition, proportions, and mobility (Campbell
2009)—remain relevant even for applications that do not
directly make use of 3D motion capture technologies. This
is because even 2D and depth camera approaches to motion
capture are often developmentally linked to, trained on,
and validated by earlier motion capture technologies. For
instance, Human3.6M is commonly used for training and
evaluation of 2D pose estimation tasks, and it relies on 3D
marker-based motion capture data to parameterize joint
positions and kinematic representation in their dataset,
which themselves are derived through the motion capture
apparatus manufacturer Vicon’s proprietary “skeleton fitting
procedure” (Ionescu et al. 2014).

This skeleton fitting procedure was developed by oper-
ationalizing the assumptions discussed above (Section 2),
and therefore any applications developed using Human3.6M
inherit these assumptions, even if they do not directly utilize
Vicon hardware. In this way, the assumptions that histori-
cally underpin motion capture technology continue to shape
the entire domain of motion, pose, and gesture recognition.
Indeed, dataset developments such as Human3.6M also
layer additional assumptions on top of earlier ones. The
human actors who perform the gestures in this dataset
represent a range of body mass indexes (BMI) that the
authors assume captures “a moderate amount of body shape
variability as well as different ranges of mobility” (Ionescu
et al. 2014, p. 3). This assumption, that BMI differences
correspond to body shape and mobility, however, is pre-
cisely the kind of assumption that calls for inspection as



part of a process to ensure risks do not accrue according to
body shape or mobility range upon deployment.

Datasets like Human3.6M or HumanEva-I, and the
models built on top of them, address the challenge of
inferring 2D representations of 3D poses from 2D data.
However, having addressed core challenges of inferring
such 2D skeletons and joint models, we now see the Al and
motion capture community needs to bridge back to richer
3D representations of body shapes and positions (Elias,
Sedmidubsky, and Zezula 2021; Lassner et al. 2017). Richer
3D representations of bodies are crucially needed as motion
capture is used in applications such as sports and home
and workplace safety. In closing this loop between 2D back
to 3D, we see many of the same datasets serve as training
and test in various aspects of the pipeline. The framing of
the problems they solve (body shape estimation, gesture
detection) and their evaluations are systematized based on
past work (Zheng et al. 2023, for a current overview of
3D methods). For instance, much of this work on body
shape and activity estimation infers 3D body shape using
the seminal SMPL model (“A Skinned Multi-Person Linear
Model”) (Loper et al. 2015) or the related SMPLify method
(Bogo et al. 2016). These papers, and the follow-on systems
built open them, are then validated on datasets such as
HumanEva-I and Human3.6M. Even additional 3D datasets
include hardly more diverse populations (MPI-INF-3DHP
is based on eight subjects (Mehta et al. 2017), and other
datasets reuse those eight in various composite or synthetic
datasets (Mehta et al. 2018, e.g.)). In addition, performance
of new systems are also commonly then compared on their
performance on Human3.6M (Martinez et al. 2017), thus
carrying forward the assumptions and limitations built into
Human3.6M, both in the design of the system and in the
conceptualization of performance of the system.

Returning to the locus of hidden assumptions, consider
how assumptions become embedded and are carried forward
via the inference task, data collection, and validation in the
following example. The SURREAL dataset (Varol et al.
2017), for instance, generated synthetic 3D and 2D data
from other datasets including SMPL, poses from the CMU
MoCap database (CMU Graphics Lab 2025), and body
shapes from the 2002 CAESAR anthropometric survey
(Robinette et al. 2002). The CMU MoCap database has no
readily available demographic information; while the core
database has 144 ‘subjects,” this corresponds to uniquely
trained skeletons, not unique individuals, who were
observed in a lab setting (CMU Graphics Lab 2025). In con-
trast, the CAESAR anthropometric survey, the data collec-
tion strategy—and the diversity of body shapes within—is
articulated in their original report (Robinette et al. 2002):

“The civilian populations of three countries were
sampled in an effort to characterize the population of
NATO countries as a whole. The United States was
chosen because it has the largest and the most diverse
population in NATO. The Netherlands was chosen be-
cause it has the tallest population in NATO, and Italy
was chosen because it has one of the shortest popula-
tions in NATO.”
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As this quote makes clear, strong assumptions about
representativeness of their population (including who is
represented, what typical distributions are, and how they
ought to be selected) are embedded in the CAESAR dataset,
and therefore also any system that uses it anywhere in its
pipeline, directly or indirectly.?

Here, assumptions around representativeness are implied
as the statistical traits of a select sub-population are made
to stand for a more diverse general population. Taken out of
the context of CAESAR, such practices may introduce errors
through dataset collection, where few bodies either stand in
for the whole or are taken to define typical variation (Chasa-
low and Levy 2021; Wiley 2023; Scheuerman, Hanna, and
Denton 2021). Used in such a way, the statistical mod-
els thus generated may be more error-prone for non-male,
older, younger, individuals or people with disabilities. This
in turn introduces significant risks where motion capture is
deployed in safety-critical or health care scenarios like er-
gonomic design or kinesiology. Motion capture systems thus
embody the same risks as other systems that essentialize so-
cial constructs (Scheuerman, Pape, and Hanna 2021), par-
ticularly over-generalizations about the typicality of bodies.
This gives rise to new risks: in motion capture technologies
meaningful differences between bodies are collapsed within
auniversal, ‘essentially human’ representation. This can, for
example, become an issue in sports medicine, where biome-
chanical differences between adolescent and adult athletes
could require specific statistical models for each population
(Vaeyens et al. 2008). In such a scenario, adolescent athletes
could be harmed or might not benefit as much as system de-
velopers had claimed, due to a fundamental epistemic mis-
match between how their body is represented computation-
ally and its actual position and movement through space.

3 Implications for AI Development

Potential harms in motion capture are magnified when one
system is used as a benchmark to validate another system in
the Al development process. Benchmarks have a diversity of
meanings (Spendolini 1994) and of roles in the Al ecosys-
tem (Paullada et al. 2021; Dotan and Milli 2020), and act a a
site of assumptions becoming infrastructural (Denton et al.
2020) or a site for change (Bommasani 2023). Understand-
ing the embedded assumptions is critically important for the
key themes of “measurement, comparison, identification of
best practices, implementation, and improvement” (Anand
and Kodali 2008) that comprise any benchmarking and val-
idation process.

In motion capture and related computer vision tasks, val-
idation practices focus on various performance metrics such
as accuracy, local similarity or identification of joints, and
minimizing distances in comparisons to existing datasets,
using datasets like Human3.6M as a benchmark (Zheng

20f course, the CAESAR and CMU MoCap datasets are used
widely beyond SURREAL, and SURREAL is not unique or excep-
tional in building off of these types of assumptions. Particularly as
scholars look to synthetic data to as a workaround for otherwise
more-homogeneous data training sets (Hu et al. 2022), these con-
cerns follow.



et al. 2023, e.g., for an overview). The core practice here is
that of concurrent validity, where new systems are compared
to performance of previous iterations (Harvey et al. 2024).
An emphasis on concurrent validity provides continuity and
natural comparisons across systems and tasks; however, by
design it also can overlook the ways that potentially undesir-
able or unintended assumptions that can ultimately impact
real-world use. Systems that try to minimize distances to
joint locations, for example, are perhaps generalizing—but
only to humans that are similar to (or are captured similarly
to) those in Human3.6M. Diversity of body types—as well
as related attributes like age (particularly including children
and the elderly), size, weight distribution, number of limbs,
clothing type, accessories, activities, contexts, movement
styles, hair styles, movement capabilities, and so on—made
even more invisible, because systems that are thus labeled
‘accurate’ or ‘validated’ did not and can not capture such
diversity—but are considered ‘accurate’ nonetheless.

Recall the SURREAL example in which the inference
task centered on human body part segmentation and human
depth estimation, comprising 3D tasks via inference from
real and synthetic data (Varol et al. 2017). This task relied on
assumptions about what makes human scenes realistic and
what training data is needed, but (following good practice)
they also considered validation beyond concurrent validity.
In doing so, they revealed where hidden assumptions may
have had an impact. For instance, they found that reliance
on specific training sets yielded different outcomes, and that
performance varied qualitatively across normative cultural
and gendered clothes (Varol et al. 2017). While some
assumptions remain unremarked upon or under-explored
(e.g., body type from CAESAR) in their work, this type of
qualitative exploration reveals that assumptions do matter,
across task inference, data collection, and validation, and in
ways that could map into real-world impacts.

Even though rarely made explicit in the design process,
assumptions are traceable, as work from adjacent domains
demonstrates (Moss 2021; Denton et al. 2021, 2020; Stevens
and Keyes 2021), underlining that tracing and interrogating
assumptions is important regardless of application domain.
They present varying degrees of risk depending on the appli-
cation domain, but may manifest as particularly high degrees
of harm in domains that make assumptions about human
bodies and behavior. Here, real-world harms can range from
misrepresentation and distortions in entertainment-related
applications to misdiagnosis in athletics or the medical field.

As regulation on Al is being mobilized to address poten-
tial Al harms, and motion capture becomes more pervasive
across different domains (from surveillance to health mon-
itoring, e.g.), a tractable approach is needed to help devel-
opers identify the normative assumptions baked into mo-
tion capture systems. We argue that such an approach should
be made integral to the practice of motion capture innova-
tion (Sloane and Moss 2022), i.e., be made integral to the
already existing and overlapping ways of doing motion cap-
ture innovation and design, rather than become a box-ticking
exercise that is imposed. The matrix can also, it should be
noted, be used by those procuring motion capture systems
or otherwise tasked with assessing their effectiveness within
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Focus Key Question/s

Goal
(E.g., diagnostics, clinical therapy, computer
animation, gesture recognition, surveillance) .

o What is the goal of the innovation (problem,
practice, context)?

Why is motion capture technology the most
suitable and appropriate approach for
achieving this goal?

Motion Capture Approach e What is the motion capture approach used?
(E.g., marker-based infrared camera o How does the motion capture approach work
systems, markerless video-based systems, and what is it optimizing for?

or motion capture approaches based on o What parameters and choices are relevant

inertial measurement units) to achieving that functionality?

Motion Capture Stage e What motion capture stage/s are being
(Room Calibration, Subject Calibration, innovated for?
2D Marker Identification, 3D Marker e What objects or outputs are produced in that

Reconstruction, Skeleton Solving) stage that are passed onto the next stage?

o What hardware and softwares are being built

on?
Capture, Measurement, and Inference e What is the capture focus?
(E.g., body segments, skeleton positions, e What is the inference focus?
foot-strike and toe-off events) e What are the measurement units and

techniques?
e What inference or classification tasks are
being done?

Data .
(E.g., solved skeleton and markerset bones,
rotation type, and movement classification,

data format sampling frequency, data )
cleaning procedures, interpolation settings) .

What data, and what types of data, are used
in training, testing, and operating the
system?

How was the data processed and used?
How was the data collected and under what
conditions?

o What ethical protocols were adhered to?

Validation .
(E.g., assessment of accuracy on body error
measurement, posture detection, gait

analysis) .

What validation practices are used (for
general system validation and for task
validation)?

What validation practices were used to
establish the benchmarks used?

e What ground truth/s are used and how are
they established?

Assumptions e What are the assumptions baked into the
(E.g., Bodies are symmetrical, bodies are system?
stable over time, body measurement errors e How and when did the assumptions
are similar across body types) stabilize?
e What are the epistemological roots of the
assumptions?

Table 1: The Motion Capture Matrix

specific contexts of use (Sloane et al. 2021). To these ends,
we propose an approach for responsible motion capture in-
novation that is inspired by social practice theory (Shove,
Pantzar, and Watson 2012). Social practice theory exam-
ines how meanings, materials, and competencies solidify
as the practices through which individuals coordinate their
activities and interact with the world. Our approach cen-
ters on identifying the social practices of motion capture,
tracing back assumptions about bodies and their movement,
and considering the appropriateness of established bench-
marks and validation practices throughout the Al develop-
ment pipeline.

We build on Sloane et al. (Sloane, Moss, and Chowdhury
2022) to propose a motion capture matrix that helps develop-
ers tease out the potentially problematic assumptions that are
baked into motion capture technology. The matrix (Table 1)
is broken down into the following focal points: goal; motion
capture approach; motion capture stage; capture, measure-
ments, and inference; data; validation; and assumptions. For
each focus, the matrix proposes key questions that develop-
ers should ask in order to obtain and document the relevant
information.

Development teams may use standard techniques for
ethnographic data collection (Wasson 2000; Ladner 2016;
Nardi 1997) in addition to literature research (and in some
cases archival research) as well as consult any documenta-
tion that can be found on the specific motion capture sys-



tems, or components thereof, that they are using. They may
also build on existing work that critically examines “ground
truthing” (Moss 2021; Kang 2023), as well as established
techniques for algorithmic impact assessments (Reisman
et al. 2018; Moss et al. 2021) and tracing historical assump-
tions (Denton et al. 2020; Harvey et al. 2024; Scheuerman,
Hanna, and Denton 2021; Shilton et al. 2021).

3.1 Goal

Often, technologies are innovated in the lab without clearly
defined relationships to real-world problems, contexts, and
conditions. This is particularly the case for Al-driven sys-
tems which still demonstrate a social (science) deficit
(Sloane and Moss 2019). This persistent structural short-
coming routinely leads to detachments between technology
development and context and social use (and usefulness). It
is, in part, fuelled by stubborn expectation that technological
approaches or Al techniques work well and are suitable for
all kinds of different social contexts and use cases, rather
than specific ones (Selbst et al. 2019). This can lead to
harms and issues, ranging from systems that optimize for the
wrong things (Barocas, Hardt, and Narayanan 2023) to sys-
tems that are accurate but biased (Obermeyer et al. 2019). To
mitigate this dynamic, the first step in using the matrix is to
clearly describe the goal of the (motion capture, in this case)
innovation that is to be innovated or developed. This could
be supported in diagnostics or clinical therapy, computer an-
imation for entertainment, gesture recognition, or surveil-
lance. Developers should clearly articulate what goal they
are pursuing, i.e., what problem, practice, and context they
are designing for. Here, they should rationalize why motion
capture technology is the most suitable and appropriate ap-
proach.

3.2 Motion Capture Approach

The second step is to document and describe the particu-
lar motion capture approach that is to be developed. This
is important as an early step as it defines the technological
field in which the motion capture innovation is occurring,
and it allows to trace how this approach was established and
validated. The field of motion capture is rapidly evolving,
and the list of potential motion capture types of technolo-
gies and approaches constantly grows. However, dominant
types are marker-based infrared camera systems, markerless
video-based systems, or motion capture approaches based
on inertial measurement units (IMUs) which are devices that
measure and report the specific gravity and angular rate of
an object to which they are attached (Malleson et al. 2017).
Included in the description of the motion capture approach
should be system functionality, such as the use of infrared
cameras for capturing 3D positions of markers to infer skele-
tons of bodies measured in an infrared capture studio, or al-
gorithms assigning joint positions to 2D imagery. Here, de-
velopers should also rationalize their choice of parameters.
For example, the choice of marker sets or skeletal segment
mode, the frame rate, and the calibration tolerance.
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3.3 Motion Capture Stage

Like many computational systems based on sensing, motion
capture is modular. This modularity is reflected by an of-
ten hidden pipeline between data collection (e.g., from in-
frared signals or video), calibration (possibly not obvious
to a system user), and the inference/analysis pipeline (e.g.,
detecting human body parts, and their simulation). Motion
capture is modular in that motion capture systems are com-
prised of various stages and for each stage, a different ap-
proach or product/s may be used or developed. For instance,
the marker-based motion capture systems often involve the
following stages: room calibration, subject calibration, 2D
marker identification, 3D marker reconstruction, and skele-
ton solving (Kirk, O’Brien, and Forsyth 2004; Topley and
Richards 2020; Vicon 2022). Developers should describe for
which stage they are innovating and what objects or out-
puts they are producing that are passed onto a subsequent
stage (such as 2D marker identification that is reconstructed
as 3D point locations in the next stage). If they are innovat-
ing across stages or are changing the motion capture work-
flow and its stages, they should document and rationalize
that too. Additionally, they should also document which ex-
isting hardware and software they are building their innova-
tion on, and which hardware and software previous and sub-
sequent motion capture stages are likely to use or be built
on.

3.4 Capture, Measurements, and Inference

Within each motion capture stage, there is a capture (what
data is collected, which may go through some analysis
pipeline) and downstream inference focus (what is inferred
in order classify the desired object or phenomenon, such
as bodies, movements, gestures, activities, or identity). All
of these depend on a limited set of stylized body measure-
ments that that are the basis for downstream inference —
whether that inference is “healthy gait” (health status) or
“waving hello” (activity) or demographic or identity pre-
diction. Therefore, developers should clearly describe what
the capture focus and inference focus is, and what measure-
ments are at play. These could, for example, be body seg-
ments that are the basis for skeleton inference, skeleton po-
sitions that are the basis for pose estimation (Kirk, O’Brien,
and Forsyth 2004; Zheng et al. 2023), or foot-strike and toe-
off events are the basis for inferring ground reaction force
(Patoz et al. 2021). Included in this description should be a
documentation of the type of data collected and the tech-
niques to capture them, the measurement units and tech-
niques used, as well as the inference or classification tasks
that are being done. This is particularly important since mea-
surement practices solidify assumptions in motion capture
technology (Harvey et al. 2024).

3.5 Data

Motion capture technologies are data-centric systems that
use a wide array of data for training, testing and operating
the system. In motion capture innovation, developers should
describe the types of data that were used and how (includ-
ing data cleaning protocols). Reuse of motion capture data



may comprise solved skeletons and movement classifica-
tion; data-relevant processes include data format, sampling
frequency, data cleaning procedures, and interpolation set-
tings. When developers use existing data, it is crucial for
them to examine how that data was collected, i.e., whether
standard norms of human subjects research apply and have
been adhered to. When new data is collected, the same con-
cerns should dictate the data collection process. Here, well-
established frameworks in the field of data science ethics,
notably Shilton et al. (Shilton et al. 2021), can point the way
toward particularly suitable approaches to ensure appropri-
ate collection, quality and diversity, and use of training data.
Related efforts examining best practices around training data
for computer vision tasks (Denton et al. 2020; Paullada et al.
2021; Scheuerman, Hanna, and Denton 2021; Scheuerman
et al. 2023), a number of which are related to human body
shape, pose, and motion inference related tasks, should in-
form appropriate data collection and use.

3.6 Validation

Validation practices are key to innovation in motion capture
technology. They help to continually assess performance
across a number of metrics. Similar to motion capture being
a modular system, there also are different types of valida-
tion practices at play in designing motion capture systems.
Like measurement practices, validation practices can further
ingrain potentially problematic assumptions in motion cap-
ture systems, chiefly by way of ingraining those assumptions
as ground truths against which newer systems are evaluated
or benchmarked against (Harvey et al. 2024). Therefore, it
is important that developers articulate what validation prac-
tices were used to justify the benchmarks they are using for
their motion capture innovation, as well as describe clearly
what validation practices they are using themselves. They
should be mindful that multiple meaningful, complemen-
tary types of validation are needed in addition to the most
common, concurrent validity, to consider the appropriate-
ness of established benchmarks and validation practices writ
large (Jacobs and Wallach 2021). In addition to concurrent
validity, external validity should also be established, which
requires going beyond performance on test data sets to con-
sider how a system will be used in practice (e.g., from the lab
setting to the field, from healthy actors to real users in diag-
nostic settings, or from university settings to low-resourced
contexts (Harvey et al. 2024, for some examples)). Addition-
ally, predictive validity (Jacobs and Wallach 2021) is impor-
tant to show that systems produce outcomes related to the
task of interest and can prevent harmful breakdowns. When
using the matrix to be specific about the array of validation
techniques they are using, developers should document what
“ground truth” is used during validation, and how it is estab-
lished.

3.7 Assumptions

Through the steps outlined above, developers can identify
and articulate the assumptions that influence, or have influ-
enced, data collection, system design, and validation prac-
tices. It is important to note that assumptions have episte-
mological roots. For example, many systems are based on
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stubborn assumptions about the suitability of proxies for the
measurement of the desired construct, such as using joint an-
gles as a proxy for fatigue in the development of ergonomic
scores (Massiris Ferndndez et al. 2020). Often, it is pos-
sible to trace the roots of assumptions to certain eras and
disciplines. For example, the idea that facial expressions
or vocalization indicate criminality (Fussell 2020) has its
roots in eugenics (Wiggins and Jones 2023; Levendowski
2021). Assumptions that have stabilized in the measurement
and validation practices that make up motion capture today
include assumptions such as bodies are symmetrical, bod-
ies are stable over time, or body measurement errors are
similar across body types (Harvey et al. 2024). They have
their roots in ergonomics, physiognomy, and interaction de-
sign. Tracing assumptions may require carefully analyzing
the methods sections of academic papers published along-
side datasets, tracking down and inspecting the labels used
in associated datasets, and interrogating the assumptions that
would have needed to have been in place to produce labeled
datasets.

Once developers have obtained and documented the infor-
mation required by the motion capture matrix, they will be
well equipped to anticipate potential harms of their designs
and be in a better position to engage in new compliance,
such as completing algorithmic impact assessments (Met-
calf et al. 2021). By critically examining their design com-
ponents, tools, and processes, they will also have engaged
in reflexivity, putting them in a better position to make more
ethical decisions, such as creating more meaningful bench-
marks. Lastly, completing the matrix will serve as important
documentation of motion capture technology design that can
have both legal and historical significance.

4 Future Work

In this paper, we have argued that equitable, responsible,
epistemically-sound development of any technical system
depends on engaging with the often-hidden assumptions
upon which they rest. This is particularly important for sys-
tems that have multiple stages and that include hardware
components that carry their own assumptions, such as mo-
tion capture technology. Whilst the space of Al regulation
is growing rapidly, motion capture has evaded both focused
regulatory attention (unless treated specifically as biometrics
for surveillance) and scrutiny by sociotechnical researchers.
Therefore, we suggest that future research should apply and
expand the approach laid out here. Similarly, research into
what more meaningful validation and evaluation techniques
can be established is necessary, alongside building out ap-
proaches for excavating hidden assumptions in Al systems.
Cues can be taken from past critiques of stylized, circu-
lar evaluation tasks in related fields that have pointed to
how to incorporate sensible, meaningful evaluation practices
(Hutchinson et al. 2022, 2021; Bommasani 2023).

Akin to “ethical” or “broader impacts” statements that
sometimes are required in other venues, explicitly articu-
lating and validating assumptions as reasonable and legiti-
mate is also a necessary condition for the broader research
community to be able to examine, audit, challenge, and mit-
igate them. Such needs are already being called for by draft



legislation and executive orders governing Al systems that
call for this kind of work. In the U.S., the National Institute
of Standards and Technology has produced an Al risk man-
agement framework whose dimensions facilitate this kind
of work (Tabassi 2023). We suggest future work take this
framework as a point of departure when deepening work
on Al assumptions and motion capture technology. In this
context, we want to note that interrogating the assumptions
of Al systems is not without financial costs, which funding
agencies should support as basic research, but which can be
complemented by private institutions who benefit most from
innovation in this domain.

Even though we have put much emphasis on increasing
levels of transparency and accountability in motion capture
technology design, we did exclude an important aspect:
stakeholder engagement. All responsible design practices
extend beyond data collection and should consider impacted
stakeholders. Stakeholder engagement should not just fol-
low narrow definitions of “user” groups, but consider who
(i.e., individuals and communities) are possibly impacted
by the envisioned use of the motion capture technology that
is being developed. In accordance with such assessments,
stakeholder groups should be meaningfully engaged in the
research and innovation. Consequently, future work on
fairness, accountability, and transparency in motion capture
technology should encourage developers to be mindful of
the significance of lived experience (Ferrarello 2021) and
social practices (Suchman et al. 2017) that form the back-
drop and context of the innovation they seek to make. In that
context, they may wish to seek guidance from the disability
community who has long—and successfully—grappled with
these issues and questions (Hamraie and Fritsch 2019)
whilst (co-)producing groundbreaking innovations such as
speech-to-text and voice recognition systems, the curb cut,
or bendy straws (Hoyt 2024).% Ultimately, the assumptions
that underpin an undertaking may be found to be entirely
inappropriate upon further study. Rather than constituting a
failure or roadblock, such discoveries can be understood as
direction-markers toward more fruitful, and better-grounded
areas for research and innovation.
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