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Abstract
Background.

Video-based markerless motion capture promises movement analysis without the cost, space and skin-
marker constraints of optoelectronic systems, with particular potential for clinical and rehabilitation
settings. Whether validated pipelines yet deliver clinically acceptable biomechanics, and how they relate
to the underlying computer-vision research, remains unclear.

Methods.

We conducted a scoping review following the PRISMA extension for Scoping Reviews, with a registered
protocol and searches of PubMed, Scopus and IEEE Xplore (January 2015 to February 2026; the
computer-vision scan was updated to July 2026). A dual-tier design paired a primary corpus of validated
biomechanical studies with a complementary, curated and deliberately non-exhaustive corpus of
emerging computer-vision work, used qualitatively. We charted study characteristics, pipeline
architecture, validation methods and joint-angle accuracy.

Results.

We included 117 studies, most published from 2024 onward and conducted on healthy adults walking in
a laboratory. Pipelines formed five architectural families across monocular and multi-camera modalities;
most reported raw joint angles without biomechanical refinement. Sagittal lower-limb agreement
clustered around 5 to 6°, generally short of clinical acceptability, while out-of-plane kinematics, kinetics,
and pathological or older populations were rarely validated. Emerging computer-vision building blocks
(foundation-model mesh recovery, differentiable inverse kinematics, video-based kinetics) were almost
absent from validated studies.

Conclusions.

Video-based markerless capture is not yet interchangeable with marker-based systems for clinical joint
kinematics, and it remains barely validated where rehabilitation needs it most: older and pathological
populations, out-of-plane kinematics, and kinetics. Mapping this evidence gap onto emerging computer-
vision advances, we propose hypothesis-generating design guidelines, not a validated method, to steer
the next generation of pipelines toward accessible, clinically meaningful movement analysis.

1. Background

Three-dimensional motion capture has been a cornerstone of biomechanical research and clinical gait
analysis for over three decades. The optoelectronic, marker-based motion capture (MBMC) systems
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(Vicon, Qualisys and OptiTrack) remain the de facto gold standard for joint kinematics measurement,
with documented sub-millimetre spatial accuracy and sub-degree joint angle precision under controlled
laboratory conditions [1]. Yet their adoption beyond high-budget academic and clinical research labs has
been constrained by three barriers: capital cost (tens of thousands to hundreds of thousands of euros
per system), space (dedicated capture volumes with controlled lighting), and operational overhead
(marker placement, soft-tissue artefact, post-processing labour). The accuracy of even a well-set-up
optoelectronic system is bounded less by its hardware than by soft-tissue artefact, the movement of
skin markers relative to bone [2—-3]; removing skin markers is therefore part of the appeal of video-based
approaches.

In parallel, the past decade has seen rapid growth in computer vision (CV) techniques for human pose
estimation from RGB video alone, the so-called "markerless motion capture" (MMC) paradigm [4]. From
foundational 2D pose estimators (OpenPose [5], BlazePose [6], HRNet [7]) to multi-view triangulation
pipelines (Pose2Sim [8], OpenCap [9]) and, more recently, monocular 3D recovery via deep neural
networks (MotionBERT [10], BioPose [11], OpenCap Monocular [12]), the field has produced a broad set
of algorithmic approaches. Potential gains include equipment cost reduction by one to three orders of
magnitude, deployment in clinical or home settings, and workflows compatible with both research and
routine clinical use.

Yet this technological promise has not yet been translated into a coherent clinical reality. The current
literature on MMC for biomechanics exhibits substantial heterogeneity: distinct algorithmic families
coexist without consensus on which architecture is preferable for a given clinical or research question;
reported accuracy metrics span an order of magnitude across studies; clinically-relevant joint planes
(frontal, transverse) are systematically under-reported relative to the sagittal plane; and validation across
pathological populations remains scarce. These shortfalls carry direct clinical weight. The frontal- and
transverse-plane deviations that are least reported, such as knee valgus, hip internal rotation, pelvic
obliquity, circumduction and scissoring, are precisely the features that define common neurological gait
disorders [13], so a pipeline that resolves only the sagittal plane to within five to six degrees can miss the
very signs a rehabilitation clinician needs to track. Moreover, much of the cutting-edge computer vision
research appears almost exclusively in preprint repositories (arXiv) and computer-vision conference
proceedings. Integrating such newly published algorithmic building blocks into a pipeline, validating it
against a reference standard, and publishing the result all take time, so a non-negligible delay is
expected before the most recent computer-vision advances reach the validated biomedical literature.
This review examines that expectation.

The breadth, heterogeneity, and rapid evolution of this evidence base render a meta-analytic synthesis
impractical and arguably misleading: the variability in study design, reporting metrics, gold-standard
equipment, and target populations across studies precludes inferential meta-analysis (weighted effect-
size estimation); we therefore summarise the evidence descriptively, with medians, ranges and
proportions, rather than pooling effect sizes. A scoping review, conducted following the PRISMA-ScR
(Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension for Scoping Reviews)
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and the Joanna Briggs Institute (JBI) methodological framework, is therefore a more appropriate
instrument to map this evidence.

Prior reviews of markerless biomechanics have largely catalogued architectures and reported accuracy
[4, 14]; what remains missing is twofold: an account of how the clinically validated field connects to the
fast-moving computer-vision frontier that will shape its next generation, and a step beyond pure
description toward concrete, evidence-anchored design directions. We address both by deliberately
bridging two literatures that rarely meet, clinical biomechanics and computer vision. Beyond the
conventional scoping review, we propose a dual-tier design. The MACRO level constitutes the formal
PRISMA screening of biomedical databases (PubMed, Scopus, IEEE Xplore) and yields the corpus of
studies that have empirically validated an MMC pipeline against an external biomechanical gold
standard. The MICRO level constitutes a complementary, curated corpus from two sources: published
records screened out of the systematic search because they addressed only a single pipeline
component rather than a complete validated pipeline, and a targeted scan of recent arXiv preprints and
computer-vision conference proceedings, used to surface the technological building blocks that
underpin the next generation of MMC pipelines. The MICRO is non-exhaustive by design and is used
qualitatively, to identify and characterise emerging technical families rather than to estimate volumes,
but explicitly compensates for the structural delay between preprint-era CV research and its eventual
indexation in biomedical databases.

This scoping review pursues two research questions.

RQ1 (MACRO): What are the architectures, validation outcomes, and clinical applicability of currently-
published video-based markerless motion capture pipelines for biomechanical analysis?

RQ2 (MICRO): What are the emerging technical building blocks in the computer vision literature (2024-
2026) that, characterised through a deliberately non-systematic horizon scan, could shape the next
generation of MMC pipelines but have not yet transitioned into peer-reviewed biomedical publications?

Synthesising both, we then distil a set of evidence-based design guidelines for clinically deployable
markerless pipelines, across two deployment modalities (monocular, single-camera and clinic- or field-
deployable; and multi-camera, laboratory-grade), combining the empirical lessons from validated MACRO
studies with the technical state of the art from MICRO. This third strand is deliberately forward-looking: it
is presented as a perspective and research agenda, offering hypothesis-generating directions anchored
to the gaps this review documents, not a validated method.

2. Methods
2.1 Study design and protocol

This scoping review was conducted in accordance with the PRISMA-ScR guidelines [15] and the JBI
methodological framework for scoping reviews [16]. The review protocol was prospectively registered

Page 4/44



with the Open Science Framework (OSF, doi: 10.17605/0SF.I0/TBYPC); the completed PRISMA-ScR
checklist is provided in Additional file 1. A scoping review design was selected over a systematic review
for two reasons: first, the substantial heterogeneity in study design, validation methodology and reported
metrics across the included literature precludes meaningful meta-analytic pooling; second, our explicit
objective is to map and characterise a rapidly-evolving evidence landscape, including its emerging
technical fringes, rather than to estimate a pooled effect.

2.2 Information sources and search strategy

We searched three biomedical and engineering databases (PubMed, Scopus and IEEE Xplore) for studies
published between January 2015 and February 2026, with the last database search executed on 4
February 2026. The search strategy combined controlled vocabulary (MeSH for PubMed) and free-text
terms covering markerless motion capture, video-based pose estimation, and biomechanical validation.
Full search queries are reproduced in Additional file 2 (Appendix A).

To complement the formal biomedical search, we paired the systematic review with an algorithmic
horizon scan: a second, deliberately non-exhaustive corpus (the MICRO corpus) of emerging computer-
vision work. It drew on two sources: screening records from the systematic search that addressed only a
single pipeline component, and a targeted scan of recent computer-vision literature, namely arXiv
(primarily the cs.CV category) and the proceedings of major vision and learning venues (CVPR, ICCV,
ECCV, WACV, NeurlPS), bounded to 2024-2026 to capture methods not yet indexed in biomedical
databases. Its construction is detailed in Section 2.6. The MICRO corpus is used qualitatively, to surface
technical building blocks and emerging families, not to estimate their prevalence. The computer-vision
scan was run separately from the systematic search and updated to July 2026, later than the February
2026 biomedical search cut-off, so a small number of recent preprints post-date the MACRO search.

2.3 Eligibility criteria

Eligibility was articulated using the Population-Concept-Context (PCC) framework, with explicit inclusion
and exclusion criteria for the MACRO corpus.

Inclusion criteria

Studies were included if they: (i) evaluated a markerless motion capture pipeline based on video input
(single or multi-camera); (ii) reported quantitative validation against an external biomechanical reference
standard (Vicon, Qualisys, OptiTrack, BTS/MIQUS, Motion Analysis, Nokov, or comparable optoelectronic
system; force plates for kinetics; or, in a minority of cases, instrumented IMU systems); (iii) reported
empirical joint-angle, spatiotemporal, or kinetic accuracy metrics (RMSE, MAE, correlation coefficients, or
ICC); (iv) focused on biomechanical motion analysis rather than general pose detection or activity
recognition.

Exclusion criteria

Eight pre-specified exclusion criteria (A-H) were applied:
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. A. Black-box system: commercial or proprietary pipelines whose pose-estimation model is not
identified or disclosed, for example Theia3D, Captury and KinaTrax. Such systems were excluded
because their pose-estimation model cannot be characterised or reproduced, even though Theia3D
in particular is among the most clinically deployed markerless systems; eleven studies were
excluded here.

2. B. No modern computer vision: manual digitisation or classical (non-deep-learning) CV only.

3. C. Depth-sensor channel: studies using a depth or RGB-D modality (e.g. Kinect) as the primary three-
dimensional mechanism, excluded because this review concerns RGB-video pipelines, although
such devices remain common in rehabilitation clinics.

4. D. Review without primary data.

5. E. Not markerless: physical body markers used as input to the pipeline.

6. F. Manual gold standard only: validation against Kinovea, goniometer, video manual annotation, or
comparable manual reference.

7. G. No biomechanical output: only intermediate metrics (mean-per-joint-position error, MPJPE, which
scores keypoint position rather than joint angle) reported, no joint angles, spatiotemporal
parameters, or kinetics.

8. H. No external gold standard: only internal test-retest reliability reported, with no comparison to an

independent reference system.

Studies were considered for the MICRO corpus regardless of validation status, provided they addressed
at least one pipeline processing component (2D pose estimation, 3D lifting, triangulation, mesh recovery,
inverse kinematics, gait event detection, temporal modelling, physics-informed methods, or signal
processing).

2.4 Study selection process

Both title-and-abstract screening and full-text assessment against the eligibility criteria were performed
independently by two reviewers using Covidence systematic review software. Conflicts at either stage
were resolved by a third, senior reviewer. Full-text exclusions were coded into broad reason categories
(wrong technology, validation, outcome, document type, population, or report not retrieved), while studies
that passed full text but failed the pre-specified A-H criteria at data-extraction verification were excluded
at that later stage (Fig. 1).

2.5 Data extraction

We developed a structured extraction template in Microsoft Excel comprising 7 sheets and 90 + data
fields, organised across six domains:

General characteristics (study ID, full title, first author, year, paper type, sample size, participant
demographics, target population, motor task, clothing).
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Video input specifications (number of cameras, positioning, camera type, resolution, acquisition
frequency, calibration procedure, synchronisation, environment).

Computer vision processing (2D pose algorithm, backbone architecture, training regime, training dataset,
3D reconstruction method, pipeline name, occlusion handling, filtering, marker augmentation, real-time
capability).

Biomechanical processing (biomechanical software, kinematics method, skeletal model, scaling
procedure, kinetics/forces computation).

Global and spatiotemporal validation (gold standard system, validated outcome categories, reported
metrics, global kinematic error and correlation, spatiotemporal errors, authors' conclusion).

Joint-level validation (per-joint x per-plane RMSE and correlation: pelvis, hip, knee, ankle x sagittal,
frontal, transverse).

A seventh sheet synthesised the per-study architectural classification into the 5-family taxonomy used in
the analysis.

LLM-assisted data extraction

Data extraction was performed by the authors, with large language models used as an assistive, error-
surfacing step rather than as the source of record. The first author defined the structured template
(about 90 fields across the 117 studies). To speed first-pass population of the template from
heterogeneous sources (free text, tables, figures, scanned PDFs), each study was processed by a large
language model (Claude Opus 4.7). The table was then independently re-extracted and cross-checked by
a second model from a different vendor (Google Gemini), and every divergence between the two was
adjudicated by the authors against the source PDF. Before adjudication, the two models diverged on 156
of approximately 10,500 fields (about 90 fields across 117 studies), a raw agreement of approximately
98.5%. A single chance-corrected agreement coefficient was not computed because the template mixes
numeric, categorical and free-text fields. Across all verification passes, 385 cell-level corrections were
applied (more than the 156 model disagreements, because some errors were shared by both models and
surfaced only on checking against the source PDF), these being predominantly numeric transcription
errors and per-joint or per-plane misalignments, with a smaller share of categorical misclassifications of
architecture or gold standard. Two instances in which a model reported a value from a cited prior study
rather than the paper itself were also identified and corrected. As a final internal consistency check, the
first author manually re-extracted a random 20% of the included studies (selected with a computer
random-number generator) directly from the source documents; all fields in this sample matched the
table exactly (identical numeric values and categorical labels). This final pass was not independent of
the primary extraction; independence rests on the two-model, cross-vendor adjudication described
above. The values are therefore machine-assisted but human-verified, and the authors are responsible
for the extracted dataset.
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2.6 Data synthesis
Synthesis proceeded across three hierarchical tiers.
Descriptive analysis

The MACRO corpus was first characterised in terms of temporal trends, population characteristics,
sample sizes, motor tasks, and capture environments.

Architectural mapping. The 117 MACRO studies were classified into a five-family architectural taxonomy
(2D Monocular, Multi-view Triangulation, Monocular Lifting 2D—3D, Body Mesh Recovery/SMPL, End-to-
End Direct), with five non-exclusive overlay variants (+ IK/MSK, +Marker Augmentation, +Temporal Deep
Learning, +Physics, Geometric Only). For each family we report the distribution of technical components
(backbone, pose estimator, biomechanical software) and the validation outcomes per joint and
anatomical plane. Joint-angle errors were summarised against McGinley's error bands (2° or less
acceptable, 2 to 5° reasonable, above 5° likely to mislead) as a clinically relevant benchmark.

Technological deconstruction. The MICRO corpus was built in two steps. First, records identified during
database screening that described only a single pipeline component, rather than a complete pipeline
validated against a gold standard (exclusion criteria F and G), were retained and grouped into 17
pipeline-step blocks (3D lifting, mesh recovery, 2D pose, physics-informed methods, triangulation, gait
events, depth, IK solvers, filtering, motion prediction, marker augmentation, tracking, musculoskeletal
modelling, temporal smoothing, foundation models, kinetics, and calibration; Fig. 6, Section 3.4). Second,
we searched further within each block, targeting recent arXiv preprints and computer-vision conference
papers (2024-2026) to capture emerging state-of-the-art methods absent from the biomedical
screening; each emerging method was then traced back to the MACRO architectural family it could
upgrade. The MICRO corpus is thus curated and deliberately non-exhaustive. The arXiv (cs.CV) and
conference scan was run up to July 2026; the complete record list, the source of each entry, and the per-
block counts (Additional file 6) are provided in Additional file 5. This MICRO scan sits outside PRISMA-
ScR, which governs the systematic MACRO corpus only. The full construction protocol and per-block
reproducible queries are provided in Additional file 7.

Finally, a MACRO-MICRO bridge analysis articulated, for each of the five architectural families, the
corresponding technical building blocks in the MICRO corpus and the principal points of divergence
between the validated biomedical literature and the emerging CV state-of-the-art (Section 3.5).

3. Results
3.1 Description of the included corpus

From 9,346 records identified across the three databases, 2,294 duplicates were removed and 7,052
titles and abstracts were screened; 6,659 were excluded and 393 full-text reports were assessed, of
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which 237 were excluded at full text and 39 more at data-extraction verification against criteria A-H,
yielding the 117 included studies (Fig. 1). The 117 included studies span January 2015 to February 2026;
per-study characteristics are provided in Additional file 3. Publication accelerated recently: about six in
ten appeared from 2024 onward (Fig. 2a).

The evidence base is narrow. Participants are overwhelmingly healthy adults. Clinical or pathological
populations (stroke, Parkinson's disease, cerebral palsy, spinal-cord injury) appear in a minority of
studies (about 19%), and paediatric or older-adult cohorts are rarer still (Fig. 2b). Gait is the dominant
motor task, present in more than half of the corpus; running, sit-to-stand, jump-landing and squatting
account for most of the remainder (Fig. 2c). Sample sizes are small, with a median of 17 participants
(Fig. 2d). The demographic skew and small samples limit the generalisability of individual validation
studies.

Validation almost always uses an optoelectronic marker-based system as the reference (about 83% of
studies; Fig. 2e). Instrumented walkways, force plates and public datasets cover the rest. Data
acquisition remains laboratory-based: 100 of 117 studies took place in a laboratory and 16 in clinical
movement-analysis rooms, with home or outdoor capture almost absent (one study and none). Validated
evidence for analysis outside the optical laboratory is therefore lacking.

The technical configuration confirms a research-prototype stage (Table 1). Acquisition uses a single
camera in 45% of studies and two cameras in 29%, with machine-vision cameras (40%) or consumer
smartphones (26%). Calibration is absent in just under half of studies (53) and otherwise uses a
checkerboard. Two-dimensional pose relies on the OpenPose family in about half of studies, a count that
includes OpenCap deployments whose 2D backend (OpenPose by default, or optionally HRNet) is usually
not reported. MediaPipe and BlazePose [6] come next. Three-dimensional recovery splits almost evenly
between multi-view triangulation and purely two-dimensional analysis. Monocular lifting, mesh fitting
and end-to-end regression each hold a small share. Biomechanical processing uses custom code
(Python or Matlab) in 63% of studies, and OpenSim-based modelling in just over a quarter of studies
(33), of which 13 used the turnkey OpenCap smartphone pipeline and 20 used OpenSim directly. Real-
time operation is reported in 8 of 117 studies (7%). Offline post-processing is the norm.
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Table 1
Technical configuration of the included corpus (n=117).

Variable / category n (%)

Number of cameras

1 53 (45%)
2 34 (29%)
3-4 13 (11%)
5-9 11 (9%)
>=10 4 (3%)
Benchmark / varies 2 (2%)

Camera type

Industrial / machine-vision 47 (40%)
Smartphone 30 (26%)
Webcam 14 (12%)
Action cam / DSLR / RGB 16 (14%)
Other / not reported 5(4%)
Tablet 5 (4%)
Calibration

None (monocular) 53 (45%)
Checkerboard 38 (32%)
Other / not specified 20 (17%)
Bundle adjustment / dot-matrix 3(3%)
Wand 3 (3%)

2D pose estimator

OpenPose / OpenCap family 57 (49%)
MediaPipe / BlazePose 17 (15%)
Other named DL detectors (AlphaPose, YOLO, PifPaf, HRNet, MMPose, Detectron2, 17 (15%)
ViTPose...)

Custom / unspecified DL 7 (6%)
DeepLabCut 6 (5%)
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Variable / category n (%)

None / end-to-end 5 (4%)
Proprietary / SDK 5 (4%)
Multi-estimator benchmark 3 (3%)

Architecture (3D recovery)

2D Monocular (no explicit 3D) 47 (40%)
Multi-view triangulation 44 (38%)
Monocular lifting (2D->3D) 19 (16%)
Body mesh / SMPL 4 (3%)
End-to-end / direct 3 (3%)

Biomechanical software

Custom code (Python/Matlab) 74 (63%)
OpenSim-based modelling 33 (28%)
via OpenCap (smartphone app) 13 (11%)
OpenSim directly 20 (17%)
None (2D angles) 8 (7%)
Other MSK (Visual3D, CusToM, AnyBody) 2 (2%)

Real-time capability

No (post-process) 107
(92%)

Yes / near real-time 8 (7%)

Not specified 2 (2%)

3.2 Core pipeline architectures

Each pipeline belongs to one of five mutually exclusive architectural families, grouped by deployment
modality (Fig. 3). Three terms are kept distinct throughout: modality (reconstruction from a single view,
monocular, or from multiple synchronised views), family (one of the five architectures), and overlay (an
optional refinement block any family may add). The monocular modality gathers four families that differ
mainly in how they reach three dimensions: 2D Monocular computes joint angles directly from two-
dimensional keypoints (47 studies, 40%) [17—-63]; Monocular Lifting regresses 3D pose from those
detections (19, 16%) [64-81, 86]; Body Mesh Recovery fits a parametric whole-body mesh rather than a
sparse skeleton (4, 3%) [11, 82—84], its exemplar BioPose [11] being a peer-reviewed WACV 2025 paper
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retrieved through the IEEE Xplore search; and End-to-End Direct regresses joint angles straight from
images (3, 3%) [85, 87-88]. The multi-camera modality is dominated by Multi-view Triangulation, which
reconstructs 3D joint positions by intersecting rays from several calibrated cameras (44, 38%) [8-9, 89—
130]. The two modalities differ in volume (73 vs 44 studies) and, more importantly, in capability (Section
3.3). Modality is not the same as physical camera count. Many single-view pipelines used extra cameras
only for comparison or calibration, and one End-to-End study used multi-view input, so families are
assigned by architecture, not by camera count (Table 1).

2D Monocular and Triangulation are well established and still growing (27 and 30 studies from 2024
onward). Monocular Lifting emerged after 2021 and is expanding. Mesh recovery is the newest entrant:
every SMPL-based study appeared in 2024 or later. End-to-end regression appeared briefly and has not
been sustained. The recent rise in triangulation studies follows the release of turnkey multi-view tools
such as Pose2Sim and OpenCap.

An architecture is a shared pipeline skeleton onto which optional refinement blocks are added, not a
fixed method. Five non-exclusive overlays were coded: inverse kinematics with musculoskeletal
modelling, virtual-marker augmentation, deep-learning temporal smoothing, physics-based optimisation,
and a kinetics output (ground-reaction forces or joint moments). Most pipelines add little refinement.
Just under two-thirds (73 of 117) use no overlay and report raw geometric angles, and only 28 combine
two or more. Refinement concentrates in the multi-view family. Inverse kinematics with musculoskeletal
modelling is the most common overlay (36 studies, 31%) and is applied by 27 of the 44 triangulation
studies, which also hold almost all virtual-marker-augmentation pipelines (the OpenCap pattern). In
contrast, 46 of the 47 2D Monocular studies remain geometric-only, and OpenSim-based use (including
OpenCap) is almost confined to triangulation. Serious musculoskeletal modelling therefore sits on the
multi-camera side, while the monocular side, which has the greatest deployment potential, mostly stops
at raw two-dimensional angles.

3.3 Metrological validation

3.3.1 Reference standards

About 83% of studies validated against an optoelectronic marker-based system, most often Vicon,
Qualisys, OptiTrack, BTS or Nokov. A minority used an instrumented walkway (GAITRite, Zeno/PKMAS),
force plates, a public motion-capture dataset, or, rarely, planar radiography. These reference systems are
not themselves error-free: they carry soft-tissue artefact, the movement of skin markers relative to bone
[2], which sets a ceiling on the agreement any markerless system can show against them. Optoelectronic
capture nonetheless remains the de facto reference standard for biomechanics. A recent markerless
study even found its own inconsistencies to be at least as large as that artefact [117], so the two
paradigms are not cleanly separable on accuracy.

3.3.2 Joint-angle accuracy and the clinical threshold
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Sagittal-plane lower-limb agreement clustered around a median absolute error of roughly 5 to 6° across
hip, knee, ankle and pelvis, with all four joints within about a degree of one another (Table 2). Inter-study
spread was wide (interquartile ranges of roughly 3 to 8°). We benchmarked agreement against the error
bands proposed by McGinley et al. for three-dimensional gait kinematics, where errors of 2° or less are
widely regarded as acceptable, errors of 2 to 5° as reasonable but requiring consideration during
interpretation, and errors above 5° as likely to mislead clinical interpretation [131]. These are marker-
based reliability figures. Because the reference systems carry their own repeatability, which can itself
approach 5° outside the sagittal plane, agreement near this level is partly bounded by the reference's
own noise and is better read as not yet within marker-based reliability than as clinically unusable.
Acceptable error is not a single constant, since it depends on the clinical question and on the size of the
deviation being measured, so we report a band rather than one cut-off. Across sagittal lower-limb
estimates only about 6% fall within the 2° acceptable band and about 37% within the 2 to 5° reasonable
band, while, considered separately, about half of sagittal lower-limb estimates exceed 5° under root-
mean-square error alone (median 5.0°) and about half under mean absolute error alone (median 5.0°).
Pooling all reported metrics gives a similar figure (about 57%). This is the level above which McGinley et
al. consider errors likely to mislead clinical interpretation (Fig. 5). The pattern, not the exact rate, is the
finding. Most published pipelines exceed the 5° concern level even where they perform best. In
rehabilitation terms, an error of five to six degrees is of the same order as the kinematic change a
clinician seeks to track during recovery or treatment titration, for example the gradual reduction of a
crouch posture in cerebral palsy or of stiff-knee and circumduction patterns after stroke, so an
instrument at this error level can mask genuine clinical change.

3.3.3 Accuracy by architecture

We charted sagittal error by architecture family (Fig. 4). The two best-represented families, 2D
Monocular (n = 47) and Multi-view Triangulation (n = 44), performed similarly, with median lower-limb
errors of roughly 4 to 6°. Monocular Lifting (n = 19) performed less well, with a median lower-limb error
around 6 to 7° and the widest inter-study spread. This is consistent with depth ambiguity: a single
camera cannot fully resolve motion toward or away from it, so regressing three-dimensional pose from
one view is intrinsically harder than triangulating several calibrated views. Body Mesh Recovery and End-
to-End Direct were each represented by four or fewer studies, too few to compare, and are charted
descriptively only. No family reached the 2° acceptable band at the median, so the clinical-accuracy gap
is a property of the field as a whole, not of a single weak architecture.

3.3.4 Plane coverage and the sagittal reporting bias

The main limitation is partly what is reported and partly what can be measured at all. Out-of-plane
kinematics come almost only from the multi-view family, for two distinct reasons: the 2D Monocular
family cannot recover out-of-plane rotation at all, as it produces no three-dimensional estimate, whereas
the monocular three-dimensional families and triangulation can recover it but mostly do not report it. In
the architecture x joint x plane map (Additional file 4), frontal and transverse cells are populated mainly
for triangulation (for example hip frontal n = 13, hip transverse n = 10), while every monocular family fills

Page 13/44



a single sagittal column. The reporting imbalance is large. For the knee, 65 studies reported sagittal error
against 5 frontal and 3 transverse; the hip (57 / 17 / 12) and ankle (49 / 4 / 1) follow the same pattern.
Where frontal and transverse values exist they are both scarcer and larger (for example ankle frontal
about 9°). The planes most relevant to several clinical questions, including knee valgus and varus, hip
rotation and foot progression, are the least validated.

3.3.5 Spatiotemporal and kinetic validation

Spatiotemporal parameters (walking speed, step length, step time) were validated in about a third of
studies (34%) and agreed more closely than joint angles, reflecting their lower sensitivity to keypoint
noise. Kinetic validation against force plates, for ground-reaction forces or joint moments, was reported
in only nine studies. The field validates mainly sagittal lower-limb kinematics. Out-of-plane kinematics
and kinetics remain largely unexamined, as Sections 3.4 and 3.5 develop.

Joint-angle validation by anatomical plane ;r:t?slilite agreement vs optoelectronic reference).
Joint Plane n studies Median |error]| (°) IQR (°) <5° (%)
Pelvis Sagittal 5 5.2 3.4-6.1 40
Pelvis Frontal 3 4.0 2.0-4.9 —
Pelvis Transverse 3 3.1 2.0-3.3 —
Hip Sagittal 57 5.5 3.6-7.1 47
Hip Frontal 17 4.3 3.0-5.2 76
Hip Transverse 12 5.7 4.4-7.0 33
Knee Sagittal 65 5.6 3.7-7.0 40
Knee Frontal 5 4.8 3.1-12.8 60
Knee Transverse 3 5.9 2.4-9.5 —
Ankle Sagittal 49 5.9 3.6-8.4 43
Ankle Frontal 4 9.0 5.9-10.3 —
Ankle Transverse 1 11.1 n/a -

Note: marked under-reporting outside the sagittal plane (e.g. knee: 65 sagittal vs 5 frontal vs 3
transverse). The final column reports the proportion within the 5° error level (McGinley acceptable-to-
reasonable range; see Section 3.3.2). Cells based on fewer than five studies are indicative only.
Reported agreement metrics pool both root-mean-square error and mean absolute error owing to
widespread reporting heterogeneity; per-metric breakdowns are provided in Additional file 3. Restricting
to the two principal metrics leaves this shortfall unchanged: about half of sagittal lower-limb estimates
exceed 5° under root-mean-square error alone (median 5.0°) and under mean absolute error alone
(median 5.0°).

3.4 Technological deconstruction (MICRO)
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To identify the computer-vision building blocks behind the next pipeline generation, we assembled the
complementary MICRO corpus of 572 arXiv and conference records and grouped them into 17 pipeline-
step blocks. Because this corpus is curated rather than systematic (Methods), Fig. 6 characterises each
block by its relative level of activity (low, moderate or high), not by a raw count, and we draw no MACRO-
to-MICRO ratio.

One qualitative signal is worth noting, with caution. The records we screened cluster in 2024 and 2025,
and the foundation-model block is almost entirely post-2024. Because the corpus was curated and
seeded by backward citation, this recency partly reflects our sampling rather than the field, so we read it
only as a coarse, qualitative hint of the delay between new computer-vision methods and their uptake in
validated biomedical work, not as a measured interval. The clearer evidence for this gap is the near-
absence of these emerging blocks from the validated corpus (Section 3.5).

Read as a toolbox mapped onto the pipeline stages (Fig. 7; the full list of methods, the stage each
targets, its contribution and its maturity are given in Additional file 5), the state of the art offers a
candidate upgrade for nearly every block [132-150]. At the input stage, monocular metric-depth and 3D-
geometry models and target-free multi-camera self-calibration are maturing [174-176], and world-
grounding through camera-motion, gravity or learned field-of-view cues helps place the subject metrically
from a single camera, a problem that remains only partly solved [133, 177]. For 2D pose, real-time and
transformer backbones [151-153] are replacing the OpenPose generation that dominates the MACRO
corpus. For 3D recovery several families coexist: monocular lifting [10, 154]; foundation-model mesh
recovery on the SMPL family [155-157, 172], which reframes the pipeline around a dense parametric
mesh and gives access to anatomical markers [158]; whole-body mesh-to-angle inverse kinematics
[171]; multi-person and multi-view mesh fitting [169, 173]; and classical triangulation to OpenSim [8]. For
the biomechanical bridge, virtual-marker augmentation [159] and differentiable or neural inverse
kinematics [160—162], with scaling and inverse dynamics [168], are emerging. The kinetics block
estimates ground-reaction forces and joint moments downstream of pose with physics-informed or
learned models [163], targeting an output the MACRO literature rarely validates. Above reconstruction, an
analysis layer with multimodal biomechanics foundation models [146] and per-degree-of-freedom
uncertainty quantification [164] is beginning to appear, addressing the reliability requirement of clinical
deployment. Several near-complete pipelines compose these blocks rather than introducing a new one:
BioPose [11], OpenCap Monocular [12] and the Portable Biomechanics Laboratory [170], the last
reporting agreement its authors describe as clinically acceptable from handheld video.

3.5 The MACRO-MICRO bridge

Mapping the five validated families onto the emerging blocks (Fig. 8) charts the translational frontier
family by family. Only multi-view triangulation is actively importing emerging blocks: through the
OpenCap lineage it has taken up virtual-marker augmentation and inverse kinematics with
musculoskeletal modelling, and a handful of studies reach toward video kinetics. The four monocular
families have adopted almost nothing beyond 2D pose estimation and direct geometric angle
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computation. Across all five families, mesh recovery, differentiable inverse kinematics, video kinetics and
human-centric foundation models are essentially absent. The map therefore has a near-empty right-hand
side: the blocks that would most change clinical capability are the least adopted.

Four blocks define the gap. First, foundation-model mesh recovery, which could give monocular pipelines
a dense, anatomically addressable representation, is absent from validated studies. Second,
differentiable and neural inverse kinematics, which would replace fragile post-hoc IK, exists only in
MICRO. Third, kinetics from video, the least-served MACRO output (Section 3.3.5), is an active MICRO
block. Fourth, human-centric foundation models are not yet used in validated work. These blocks are the
components of a single mesh-centred pipeline and define the design space for the framework proposed
in Section 5.

4. Discussion

4.1 Summary of principal findings

This scoping review compared the validated literature on video-based markerless motion capture for
biomechanics (the MACRO corpus) with the emerging computer-vision state of the art (the curated
MICRO corpus). Five findings stand out. The field is young and growing fast, with most included studies
published in the last two years. Its evidence base is narrow: participants are mostly healthy adults
studied during gait, in the laboratory, with small samples and little real-time or out-of-laboratory use. The
methods resolve into five architectural families across two modalities, monocular and multi-camera, yet
most pipelines apply no biomechanical refinement and report raw geometric angles. Metrological
performance falls short of the field's claim of marker-based equivalence: sagittal lower-limb agreement
generally exceeds the error level McGinley et al. associate with likely clinical misinterpretation, while out-
of-plane kinematics and kinetics are rarely validated. The building blocks most likely to change this
picture, namely foundation-model mesh recovery, differentiable inverse kinematics and video kinetics,
are active in computer vision but almost absent from validated biomechanics, consistent with the
expected delay between computer-vision innovation and its validated biomedical uptake.

4.2 Maturity by modality and clinical translation

The two modalities trade deployability against metrological completeness. Multi-view triangulation is the
more mature route to full three-dimensional biomechanics. It is the only family that routinely reports
frontal and transverse kinematics, and it concentrates the inverse-kinematics and musculoskeletal
pipelines, notably the OpenCap lineage, that make joint angles interpretable. It remains laboratory-bound
and needs several synchronised, calibrated cameras. The monocular modality uses a single camera with
no calibration and is far more deployable at the point of care. Yet most two-dimensional monocular
studies stop at raw geometric angles (Section 3.2), and monocular lifting shows the largest errors
(median lower-limb error around 6 to 7°). The clinical-acceptability gap therefore belongs to the field as a
whole, not to one weak architecture. Spatiotemporal parameters such as walking speed agree closely
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with reference systems, but the point is narrower: claims of interchangeability with marker-based joint
kinematics are premature for most pipelines.

4.3 Kinetics, the next frontier

The least-served output of the validated literature is kinetics. Ground-reaction forces and joint moments
are tied most directly to joint loading, balance and fall risk, yet they were validated against force plates in
only nine studies. They are arguably more clinically actionable than kinematics alone. An emerging
MICRO block targets exactly this gap: physics-informed and learned estimation of forces and moments
from video; generative foundation models now estimate ground-reaction forces from kinematics at near-
laboratory accuracy [163]. The first single-camera-to-musculoskeletal-dynamics pipelines have appeared
[12]. Force-plate-free kinetics is therefore an early and still-unproven prospect. It offers higher potential
clinical value than incremental gains in sagittal joint-angle accuracy, but at a substantially higher
validation cost, because it adds inverse-dynamics modelling error on top of the kinematic error and is
hardest to validate beyond steady-state gait.

4.4 Gaps in the validated literature

Three gaps define the translational frontier. The first is plane coverage. Out-of-plane kinematics are
scarcely reported (for the knee, 65 sagittal vs 5 frontal vs 3 transverse), so the measurements most
relevant to many clinical questions are the least validated, and where reported they are larger. The
second is populations. Clinical and pathological cohorts are rare, and older-adult and paediatric cohorts
rarer still, although these groups would benefit most from accessible movement analysis. The third is
operating conditions. Real-time analysis (7% of studies) and home or field capture (almost absent)
remain largely unaddressed, although both are prerequisites for analysis outside the laboratory. Closing
these gaps is a higher priority than further benchmarking of healthy-adult sagittal gait.

4.5 Strengths and limitations of this review

The review has two main strengths. It combines a registered PRISMA-ScR protocol with a broad three-
database search and a dual-tier design that places the validated literature within the trajectory of the
underlying computer-vision research. Several limitations apply. By design the review excludes black-box
commercial systems (Section 2.3), including Theia3D, among the most clinically deployed, and RGB-D
depth sensors that remain common in rehabilitation; the findings therefore characterise the validated
open-architecture evidence base, not the full deployed clinical landscape. The MICRO corpus is curated
and non-exhaustive, so its block counts reflect screening and publication volume, not biomechanical
importance, and we used them only qualitatively. Data extraction used a large-language-model-assisted
pipeline with cross-vendor checking and adjudication, validated by manual re-extraction of a random 20%
of the included studies, and we report only cleaned values, excluding signed-bias, velocity-derived and
wrong-metric entries. As a scoping review, the synthesis is structured and narrative, not meta-analytic,
and we did not formally appraise risk of bias. We benchmarked against McGinley et al's error bands, 2°
or less acceptable, 2 to 5° reasonable, above 5° likely to mislead [131]; acceptable error ultimately
depends on the application, so this band analysis is a reference point, not an absolute cut-off.
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4.6 Implications for clinical practice and rehabilitation
research

The usable output today depends on the measurement (Table 3). Spatiotemporal parameters such as
walking speed, step length and step time agree closely with reference systems and are appropriate for
monitoring, screening and remote assessment; walking speed in particular is described as a sixth vital
sign in older adults [165]. Sagittal joint angles are usable for gross qualitative trends but not for
decisions that need resolution below 3 to 5°, such as tracking a small rehabilitation change. Frontal and
transverse angles and all kinetics remain research-grade and are not yet validated for clinical use.

Table 3
Clinical readiness of markerless motion-capture outputs.
Readiness tier Outputs Appropriate use
Ready for clinical ~ Spatiotemporal parameters (walking Monitoring, screening and remote
use speed, step length, step time) assessment
Ready for Sagittal-plane joint angles (gross Qualitative trend tracking; not
screening and flexion-extension) decisions needing resolution below
trends three to five degrees
Research-grade Frontal- and transverse-plane joint Not to be used for clinical decisions
only angles; force-plate-free kinetics;
pathological-gait profiling

A safety point follows from the structure of the field. The most deployable tools, single-camera
monocular pipelines, are also the least refined, since 46 of 47 report raw geometric angles. Deployability
and validation-readiness are therefore inversely related: a cheap monocular tool may reach clinics
precisely because it is accessible, before it has been validated for the decision it is used for.

Healthy-adult validation does not transfer to patients. Pathological gait violates the assumptions these
pipelines are built on: assistive devices such as walkers, orthoses and canes; atypical morphology;
involuntary movement such as tremor, spasticity and dyskinesia; and severe out-of-plane deviation such
as circumduction and scissoring. A 5° healthy-adult error is not a safe prior for a hemiparetic or crouch-
gait patient. Population-specific validation, not simply more participants, is required. Each of these
breaks a specific assumption. Assistive devices and orthoses occlude or displace the landmarks pose
estimators depend on. Involuntary movement violates the temporal-smoothness priors used to denoise
trajectories. The largest pathological deviations are frontal and transverse, the planes these systems
estimate worst, so the clinical signal and the measurement error fall in the same plane.

Three practical risks deserve attention. Pose-estimation training and validation data skew toward young,
lean, light-skinned adults, the same skew this review documents, so performance may be worse in the
populations least represented, which is a fairness concern. Clinical and home video raises privacy and
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consent questions absent in a marker laboratory. And governance must keep validation ahead of
deployment.

5. Future design guidelines for clinically deployable markerless
biomechanics

This section delivers the third objective: translating the validated MACRO lessons and the emerging
MICRO blocks into design guidelines for a clinically deployable pipeline. These are hypothesis-generating
directions, not a validated method, each tied to a gap documented in Sections 3 and 4 rather than
restated here. One principle governs them all. For the clinical target populations, older and pathological
cohorts, generalisability must come from what is universal, anatomy, mechanics and a subject-specific
model, not from priors learned on populations that exclude them. The direction therefore combines
established components (subject-specific OpenSim scaling and inverse kinematics, and physics-based
refinement) with emerging ones (dense mesh recovery; differentiable, model-based inverse kinematics;
per-degree-of-freedom uncertainty) and some untested in validated biomechanics (multi-view mesh
fusion and a two-level mesh-to-anatomy correspondence). Any learned prior is kept at a stage where its
errors are checkable against the image and the component is replaceable, so that final fidelity rests on
subject-specific anatomy and mechanics. All components are drawn from the published literature and
are openly available with public code. The perspective proposes no proprietary system. We distil five
guidelines (Fig. 9).

First, we propose a dense parametric mesh front-end, recovering a dense parametric human mesh per
frame rather than sparse keypoints and using human-mesh foundation models absent from the validated
corpus (for example SAM 3D Body [155] and its real-time variant [166], building on the Sapiens line [153],
with clinical-landmark transfer shown by MedSapiens [167]). A dense mesh carries segment orientation
and out-of-plane rotation, precisely what the validated monocular families rarely report. Its estimator
inherits an able-bodied population bias, but this risk is bounded: the estimator is an interchangeable
component that improves as models diversify, and a mesh error is local and checkable against the
image, unlike a silent regression inside a learned kinematic model. This addresses the first gap of
Section 3.5: mesh recovery is present in MICRO but absent from every validated MACRO study.

Second, we address the step from mesh to clinically defined anatomy. A parametric mesh has no
clinically defined joint centres, and reading virtual markers from fixed mesh positions conflates a
generic, calibratable mesh-to-anatomy offset with small individual variation. Because imprecise
registration of one to two centimetres can induce five to ten degrees of joint-angle error, this matters
most for atypical populations, whose clinically meaningful deviations are themselves small. We propose
a two-level correspondence: a generic mesh-to-landmark map calibrated once on an annotated reference
and then frozen, plus a small, strongly regularised subject-specific residual, bony landmarks constrained
more tightly than soft-tissue ones. Neural Localizer Fields [158] make this feasible by allowing any
anatomical point to be queried on the mesh. This addresses a gap MICRO leaves open: virtual markers
are read from fixed positions, without the calibration atypical populations require.
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Third, kinematic inference should be subject-specific, model-based and not learned. This is arguably the
most consequential choice for clinical translation. Three options exist. A learned neural inverse
kinematics predicts angles from a population-trained network (BioPose [11], Fast Neural IK [162)); its
generalisability is bounded by the training distribution. A differentiable inverse kinematics is the same
model-based solve rendered differentiable, so scaling, registration and inverse kinematics are optimised
jointly by gradient descent (Differentiable Biomechanics [160], JAX-IK [161], and AddBiomechanics [168],
which also solves inverse dynamics); differentiable does not mean learned. A classical model-based
solve (OpenSim) fits joint angles subject by subject under anatomical constraints, with no population
training. For older and pathological populations the distinction may be decisive: an inverse kinematics
learned on able-bodied movement may regress toward its training patterns and mask the pathological
deviations the measurement should capture. We therefore suggest kinematic inference rest on subject-
specific, model-based inverse kinematics, optionally made differentiable, rather than on a learned
mapping. This addresses the second gap of Section 3.5, where differentiable and neural inverse
kinematics appear only in MICRO, and whether a learned solve transfers to the target populations
remains open.

Fourth, we distinguish two deployment modalities. In the monocular case (one camera, the most
deployable), per-frame meshes are consolidated into one morphology per trial through a temporal shape-
lock that fixes segment lengths; because soft-tissue artefact also varies marker-based segment lengths,
a shape-locked estimate could on this axis approach the consistency of marker-based capture, a
testable hypothesis [117]. A physics-based refinement stage (foot contact, anti-drift, smoothing) then
counters monocular drift, in the lineage of OpenCap Monocular [12]. In the multi-camera case, rather
than triangulating sparse keypoints, a single mesh is fitted jointly to all calibrated views by visibility-
weighted reprojection; the fixed topology makes inter-view correspondence intrinsic and lets several
views observe segment lengths directly. This mesh-fusion route, inspired by MAMMA [169], is essentially
unexplored in validated biomechanics, with hypothesised gains (occlusion robustness, out-of-plane
recovery) still to be tested (gaps of Sections 3.3.4 and 4.2).

Fifth, we turn to outputs, kinetics and uncertainty. Both modalities target joint kinematics across all
degrees of freedom. Kinetics without force plates is the field's least-validated output (Section 3.3.5) and
remains a distant prospect: generative foundation models already estimate ground-reaction forces from
kinematics [163], but their generalisation to atypical clinical cohorts is untested and, like learned inverse
kinematics, they would need training data covering older and pathological populations to be reliable
there. Per-degree-of-freedom uncertainty, almost absent from the validated literature, is a more
immediate and clinically essential addition, since whether a measurement is reliable conditions the
clinical decision; probabilistic pose estimation with normalizing flows (Wehrbein et al. [164]) offers one
route. Both are among the least-validated outputs identified in Section 3.3.5.

6. Conclusions
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Video-based markerless motion capture has matured quickly, but the validated evidence does not yet
support interchangeability with marker-based systems for clinical joint kinematics. The capabilities most
relevant to clinical biomechanics, namely out-of-plane kinematics, kinetics, and validation in pathological
and older populations under real-world conditions, are the least developed, while the computer-vision
advances that could address them have not entered the validated literature. We distil these documented
limitations into evidence-based design guidelines, each mapping a gap onto a corresponding emerging
block, offered as perspectives to be tested rather than a validated method. Progress will depend on
standardised, biomechanically grounded evaluation that reports joint angles rather than keypoint-
position error, on validation in the populations and settings that matter clinically, and on closing the lag
between computer-vision innovation and biomedical validation.
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PRISMA-ScR flow diagram of study identification, screening and inclusion.
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c - Motor task
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Overview of the included corpus (n = 117): a, publication year; b, study population; c, motor task; d,

sample size; e, gold-standard reference; f, capture environment.
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Figure 4

Sagittal-plane lower-limb joint error by core architecture.
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Figure 5

Proportion of studies within the 5° error level (McGinley acceptable-to-reasonable range), by architecture,
joint and plane. Each cell is computed over the studies contributing that architecture, joint and plane.
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Qualitative activity of the curated MICRO pool across the 17 pipeline-step blocks. Shading denotes the
relative level of representation (low, moderate, high) within a non-systematic, curated pool; it reflects
screening and curation effort, not field size or biomechanical importance, and should not be read as a

measured quantity.

Page 40/44



MoGe-2

metric geometry

UniDepth v2

metric depth

SteerPose

auto-calib.

Figure 7

RTMPose

real-time

ViTPose
VIiT backbone

Sapiens

foundation

Lifting SynthPose

MotionBERT, PoseMamba virtual markers

Mesh / SMPL AddBiomechanics

SAM 3D Body, WHAM scaling+1K+I1D

Whole-body IK Differentiable IK

HybrlK-X model-based

Multi-person Fast Neural IK

Multi-HMR 2 real-time

Multi-view mesh

MAMMA

Multi-view classic

Pose2Sim -> OpenSim

GaitDynamics

GRF (kinematics-in)

Wehrbein

per-joint uncertainty

BiomechGPT
biomech. LLM

The state-of-the-art toolbox: a candidate upgrade for each pipeline stage (one representative selection
per stage, not exhaustive). Integrated pipelines (BioPose, OpenCap Monocular, Portable Biomechanics
Laboratory) compose several of these blocks and are discussed in the text.
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Figure 9

Research agenda for clinically deployable markerless biomechanics, shown as a candidate pipeline.
Monocular and multi-camera paths share one parametric-mesh engine and rejoin into a single mesh,
mapped to clinical anatomy through virtual markers and solved by subject-specific inverse kinematics.
Outputs are joint kinematics with per-degree-of-freedom uncertainty, plus force-plate kinetics in the
multi-camera setting.
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