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Abstract

Vision-based biomechanics has enabled valuable tools for
movement analysis, supporting applications such as reha-
bilitation monitoring, gait assessment, and neurological
evaluation. However, these advances have largely been de-
veloped and validated in well-resourced environments, lim-
iting their accessibility in resource-limited settings (RLS)
where infrastructure, connectivity, and technical capacity
remain constrained. In this paper, we examine why many
current vision-based biomechanics pipelines fail to trans-
late effectively to such contexts, identifying key barriers and
important ethical considerations. We then propose a selec-
tion of design strategies aimed at improving applications
for RLS, advocating for greater resourcefulness and prac-
ticality. We aim to inspire future directions and highlight
how vision-based biomechanics can be redesigned to oper-
ate under constrained conditions. Finally, we propose that
progress in the field should be evaluated not only by tech-
nical performance, but by the ability of systems to deliver
meaningful and equitable impact in the environments where
they are most needed.

1. Introduction
Since its emergence as a scientific discipline, biomechan-
ics has contributed significantly to society by leading to the
measurement and interpretation of human movement, en-
abling a wide range of clinical applications. In general,
biomechanics studies how forces, motion, and body struc-
ture interact during movement, allowing researchers and
clinicians to move from visual observations to quantitative
assessment [32]. In recent years, advances in computer vi-
sion (CV) and machine learning (ML) have significantly
expanded the field of biomechanics. From these develop-
ments, vision-based biomechanics systems can now infer
information such as spatiotemporal gait parameters, joint
kinematics, and, in certain pipelines, dynamic quantities
such as joint moments, ground reaction forces, and mus-
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culoskeletal loading from video or other modalities when
combined with biomechanical models [6, 30]. These ca-
pabilities are already supporting movement analysis across
many clinical applications, including rehabilitation mon-
itoring, gait assessment after stroke, Parkinsonian gait
analysis, and musculoskeletal evaluation [17, 22, 25, 28,
31]. Through these applications, vision-based biomechan-
ics have enabled more scalable and practical clinical tools,
offering significant societal benefits.

However, these benefits have not been equitably dis-
tributed. Most research on digital health and AI systems
originates from well-resourced, high-income healthcare en-
vironments, while resource-limited settings continue to face
significant constraints in infrastructure, workforce capacity,
and implementation support [4, 18]. Vision-based biome-
chanics reflects this broader pattern: even systems described
as low-cost or markerless often assume access to specialized
hardware, stable connectivity, and technical expertise.

Thus, there are numerous challenges preventing the im-
plementation of valuable vision-based biometrics systems
in resource-limited settings (RLS). In this paper, we use
RLS settings broadly to refer not only to low- and middle-
income countries (LMIC), but also to rural, remote, un-
derserved, and otherwise marginalized communities where
healthcare access is constrained by limited infrastructure,
workforce shortages, geography, poverty, or exclusion, in-
cluding certain communities within high-income countries
[15, 38]. In these environments, health systems often op-
erate with constrained diagnostic and treatment capacity,
shortages of specialised workers, limited training pathways,
and underdeveloped digital infrastructure, all of which can
restrict the adoption of new technologies [7, 23, 35]. How-
ever, these are also the settings that possess the greatest
burden of disease and the most urgent need for improve-
ments in quality of healthcare. For example, stroke remains
a major source of death and disability worldwide, with
lower-SDI countries carrying a disproportionate burden and
poorer quality of care [10]. Similarly, children and ado-
lescents, WHO and UNICEF have likewise emphasised the
large global burden associated with developmental disabil-
ities, especially in such lower resource settings [33]. Many



of these conditions directly involve movement, function, or
rehabilitation, making them highly relevant to biomechan-
ical monitoring and analysis. Thus, whilst RLS would ar-
guably benefit more from such vision-based biomechanics
systems, these technologies often remain less accessible in
these settings, reflecting a gap that is not solely geographic,
but rooted in broader patterns of under-representation and
structural inequity.

This raises a clear technological equity concern. If
vision-based biomechanics continues to be developed pri-
marily around narrow datasets, idealised workflows, and
well-resourced infrastructure assumptions, then its expan-
sion may only improve care where resources are already
abundant, leaving resource-limited settings further behind.
This concern is an example of the risk of disparity amplifi-
cation; where performance, access, and governance all im-
prove in high-resource contexts, whilst populations with the
greatest unmet need remain excluded [16, 36, 39].

Thus, we strongly believe that strong actions must be
taken to prevent this trajectory. By rethinking how biome-
chanical systems are designed and deployed, we believe that
it is possible to create more resource-aware biomechanics
systems that sacrifice a small amount of precision while sig-
nificantly expanding accessibility. Rather than waiting for
technologies to gradually diffuse into lower-resource con-
texts, the field should actively explore more creative and re-
sourceful design strategies that enable biomechanics to op-
erate in more constrained environments. Accordingly, this
short paper has three main aims. Firstly, we aim to exam-
ine and understand why many current vision-based biome-
chanics systems fail to translate well to RLS. Secondly,
we propose practical design strategies that make such sys-
tems more realistic for deployment in those environments.
Finally, we advocate for a shift in emphasis from bench-
mark performance alone towards implementation design,
suitability, and equitable impact.

2. Current challenges of implementing vision-
based biomechanics in RLS

There are several major challenges that prevent vision-
based biomechanics from being deployed in RLS, com-
pared to more resource-rich environments. Understanding
these barriers is essential, as they can provide insights into
what changes are required to reduce this gap. In this sec-
tion, we examine a selection of these challenges to motivate
more resourceful design strategies for future work.

2.1. Assumptions about infrastructure

Many current vision-based biomechanics pipelines still de-
pend on infrastructure that is easier to provide in well-
resourced laboratories than in routine care environments.
OpenCap, for example, shows that smartphone video can

be used to estimate human movement dynamics, but its val-
idated workflow relies on two or more iOS devices and
cloud-based processing to recover kinematics and dynam-
ics [32]. Pose2Sim similarly bridges computer vision and
biomechanics through multi-view video, triangulation, and
OpenSim-based inverse kinematics, but assumes synchro-
nized and calibrated camera setups with controlled view-
points [26, 27]. In the broader literature, higher-precision
systems often depend on multiple cameras, high frame
rates, stable capture volumes, and substantial downstream
compute, which are reasonable for laboratory validation,
but inaccessible for many other settings [29, 34].

In RLS, connectivity alone can be a major bottleneck.
ITU reports that in 2023, only 17% of people living in rural
areas of low-income countries used the internet, and only
39% of the population in low-income countries had access
to 4G coverage, with 5G nearly absent [14]. This is a ma-
jor issue as many modern pipelines rely on stable uploads,
cloud inference, or frequent software updates. In addition,
hardware requirements such as stable camera placement,
sufficient lighting, or consistent recording angles may also
be difficult to guarantee.

2.2. Complex operational requirements
Many vision-based biomechanics systems also carry com-
plex operational requirements that make real-world deploy-
ment difficult, even when the required hardware is available.
For instance, reviews of current markerless motion-capture
methods repeatedly report sensitivity to factors such as oc-
clusion, clothing variation, and viewpoint shifts, as well as
the propagation of upstream pose errors into downstream
biomechanical estimates [5, 34]. Pagnon et al. further show
that errors in 2D pose localization propagate into triangula-
tion and then into inverse-kinematics outputs, which means
that small failures early in the pipeline can distort the fi-
nal biomechanical measures [26]. These issues are usually
manageable in controlled environments with trained oper-
ators, but much less so in busy community settings. A
workflow that requires careful calibration, controlled light-
ing, and technically informed quality control may be ac-
ceptable in a biomechanics lab, but it is much less practi-
cal for community health workers, non-specialist clinicians,
physiotherapists, or families recording rehabilitation tasks
at home. In their paper, Wade et al. explicitly note that
current systems have been slow to transfer into biomechan-
ics partly because they demand advanced computer-vision
knowledge and programming skills [34]. Thus, successful
deployment depends not only on model performance but
also on training burden, usability, and ongoing support [7].

2.3. Dataset bias and limited representation
Finally, another challenge is that many of the datasets un-
derlying vision-based biomechanics are unlikely to repre-



sent the communities in which these systems may even-
tually be deployed. Biomechanics validation studies and
pose-estimation benchmarks are often built around adult
participants, convenience samples, or structured movement
settings [4, 19, 34]. Furthermore, in the biomechanics
context, Wade et al. argue that current open-source pose-
estimation datasets were never designed for biomechanical
applications and are inconsistently labeled for biomechani-
cally meaningful use.

In addition, models trained on predominantly Western,
adult, or highly structured samples may not generalize well
to populations with different body proportions, clothing
styles, everyday movement patterns, or cultural practices.
The broader computer vision literature shows why this is
dangerous. Performance disparities across gender and skin
tone have been well-documented, and attributed to how the
training data does not adequately reflect the populations on
which systems are later used, leading to much lower ac-
curacy [2]. Recent fairness work in pose estimation has
made similar conclusions, with recent studies noting that
the field often lacks the demographic annotations needed
even to measure whether performance differs systematically
across groups [19, 37]. In healthcare, these gaps in data are
not merely technical inconveniences, but can lead to sys-
tematic underperformance, misleading outputs, and unequal
care, especially when deployed in already underserved set-
tings [16]. It is important to note that whilst many forms
of dataset bias, such as disparities across gender or skin
tone, are not unique to resource-limited settings, their con-
sequences may be amplified in these contexts. For many
RLS, there is a severe lack of locally collected or anno-
tated datasets, in additional to more limited opportunities
for local validation, recalibration, or clinician oversight,
meaning that such biases can more directly translate into
harmful consequences like reduced system reliability and
inequitable care. This concern aligns closely with the argu-
ment that AI systems for RLS must be evaluated not only
for technical promise, but for whether they are ethically and
operationally appropriate for the populations they are meant
to serve [40]. Thus, for vision-based biomechanics, limited
representation is not just a technical concern, but a real risk
that can directly reinforce inequity if left unaddressed.

3. Resourceful design strategies for vision-
based biomechanics in RLS

To respond to these challenges, we argue that more vision-
based biomechanics systems should be designed explicitly
with constrained environments in mind. Instead of focusing
purely on performance, we propose that more vision-based
biomechanics can consider design strategies that are most
useful, realistic, and sustainable in such settings. Below,
we outline several potential design directions that illustrate
how more resource-efficient pipelines could expand access

to biomechanical analysis in RLS.

3.1. Pose-First Biomechanics Pipelines
One promising strategy is to separate visual data collection
from downstream biomechanical analysis by relying more
heavily on pose-based representations than on raw video.
Modern pose estimation systems such as OpenPose and
BlazePose can extract skeletal keypoints from image frames
and represent the body as joint coordinates rather than dense
RGB imagery [1, 3]. From a practical perspective, this has
several key benefits, it can reduce storage and transmis-
sion requirements, make on-device processing more real-
istic, and avoid long-term storage of identifiable video data.
For RLS, those improvements could make a very meaning-
ful difference. Applications that adopt a post-first pipeline
may be far more compatible with intermittent connectivity
and limited storage, compared to one that requires contin-
uous upload of full-resolution video. Furthermore, pose-
first workflows are also already compatible with existing
biomechanics pipelines. For example, OpenCap already
uses pose estimation as an intermediate step before estimat-
ing kinematics and dynamics, while newer work on marker
enhancement shows that improving the mapping from video
keypoints to biomechanically meaningful markers can fur-
ther strengthen the downstream utility of pose-driven sys-
tems [9, 32].

Furthermore, pose-first designs may also be ethically
preferable in some contexts, although this still needs to
be carefully evaluated. Since skeleton representations re-
move many appearance-based visual cues, they may reduce
some forms of bias and privacy risk relative to raw image
pipelines. They may also reduce the risk of facial recog-
nition, identity tracking, and secondary visual surveillance.
However, pose data is not neutral as body shape, disabil-
ity, age, and other sensitive attributes can still sometimes
be inferred from motion and skeletal structure, meaning
it is not an entirely risk-free representation [13, 24]. In
healthcare settings, especially in resource-limited commu-
nities that may already be more vulnerable to extractive data
practices, data governance and autonomy is extremely im-
portant and something that must be carefully considered.
Thus, even with a pose-first system, it is still vital to ensure
explicit governance, privacy regulations, and clear benefit
for the communities providing the data.

3.2. Smartphone-First Biomechanics
Another promising direction is to utilise smartphones as
a primary sensing platform. Modern smartphones are
widely distributed and combine cameras, inertial measure-
ment units, and increasingly capable processors in one de-
vice. Most importantly, mobile phones are often the main
route to digital access in low- and middle-income countries.
GSMA reports that, in 2023, more than 3.7 billion people



in LMICs accessed the internet on a mobile phone, and
that mobile accounted for 84% of broadband connections
in these settings [11, 12]. Affordability of new systems re-
mains a major barrier for RLS, and so designing applica-
tions around existing phones over building new dedicated
capture systems can be a strategy for minimizing cost.

There are already strong case studies showing what
smartphone-first biomechanics can look like. OpenCap is
the clearest example, with Uhlrich et al. showing that
synchronised smartphone videos can be used to recover
three-dimensional kinematics and musculoskeletal dynam-
ics with useful accuracy, while dramatically reducing cost
and time compared with laboratory-based workflows. They
also report a 100-subject field study in which a clinician
used OpenCap to estimate musculoskeletal dynamics much
faster and at far lower cost than a traditional lab-based ap-
proach [32]. This application suggests that smartphone-
based systems are a credible potential option for vision-
based biomechanics applications in RLS.

3.3. Low-Frame-Rate and Imperfect-Video Biome-
chanics

Another useful direction is to design systems that remain
useful even when video quality is limited. Many pose-
estimation and biomechanical pipelines are developed on
relatively clean, high-frame-rate recordings, but low-cost
devices or real-world telehealth recordings may not meet
those conditions. However, this lower quality video data
may still be valuable. Recently, Dunn et al. showed that
frame interpolation can improve the precision of stance
time, swing time, and step timing in markerless single-
camera gait analysis, partially compensating for reduced
temporal resolution, demonstrating that there are alterative
strategies that can be tried [8].

However, there still may be an inevitable decrease in pre-
cision if lower frame-rates or imperfect videos are used.
This raises an important design question for RLS applica-
tions: should a system be rejected because it is less precise,
or should it still be used if it can provide clinically useful in-
formation where the alternative is no quantitative movement
assessment at all? For example, an imperfect but robust
low-frame-rate system may still support triage, screening,
follow-up, or rehabilitation monitoring, especially if it is
transparent about uncertainty and limited to measurements
that remain reliable under sparse temporal sampling. Thus,
it is important to note that the priority in different contexts
may vary and lead to vastly different approaches.

3.4. Low-bandwidth and local-first processing ar-
chitectures

As mentioned previously, connectivity constraints remain a
major challenge in many RLS, where continuous upload-
ing of high-resolution video may be impractical or too ex-

pensive [11, 14]. One approach is to adopt local-first pro-
cessing architectures, in which pose estimation and biome-
chanical feature extraction occur directly on-device, and
only compact skeletal trajectories or derived features are
transmitted when connectivity is available. Recent models
such as BlazePose demonstrate that real-time pose inference
can run on mobile hardware, enabling edge-based motion
analysis without cloud dependence [1]. Similar ideas have
appeared in earlier work on skeleton-based compression
and privacy-preserving sensing, which emphasize transmit-
ting structured motion representations rather than raw video
streams [20, 21].

3.5. Community-Based Deployment
Finally, deployable vision-based biomechanics in RLS
should be designed around the people who will actually use
it. In most cases, they will not be experts in biomechan-
ics, but people like community health workers, physiother-
apists, rehabilitation assistants, coaches, teachers, or fam-
ily caregivers. Broader digital health literature shows that
successful deployment depends heavily on usability, train-
ing burden, workflow fit, and community acceptance, rather
than model performance alone [7, 23]. For biomechanics,
this means systems should be simplified for non-specialist
operation, and paired with local training. Furthermore, they
should be designed with cultural and community consider-
ations in mind, which would help build trust and connec-
tion with the community. Ultimately for a technology to
be successful, it cannot just be deployed, instead it must be
trusted, accepted, and then used.

4. Conclusion
By combining computer vision with biomechanical model-
ing, vision-based biomechanics has enabled transformative
new tools for rehabilitation, gait analysis, and health mon-
itoring. However, these benefits of these technologies re-
main unevenly distributed. Despite having the greatest need
for such tools, RLS face great difficulty in accessing them,
as they are often created with the infrastructure and exper-
tise of more well-resourced environments in mind. Thus, in
this paper, we argue that addressing this gap requires a shift
toward more resource-aware approaches.

Ultimately, progress in vision-based biomechanics
should be judged not only by benchmark performance,
but by whether systems can be implemented responsi-
bly and sustainably in the contexts they are intended to
serve. In many cases, a slightly less precise system
that is affordable, usable, and locally deployable may de-
liver far greater real-world impact than a technically su-
perior system that remains inaccessible. Thus, if vision-
based biomechanics is to realize its full societal poten-
tial, it must be designed not only to perform well in ideal
conditions, but to function effectively where it matters
most.
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