B%ntegranon

A Proof-of-Concept Comparison of Azure
Kinect and Smartphone-based OpenCap
for Driving Musculoskeletal Simulations:
A Unified Framework with Foot-Ground

Contact Modeling

Graphical abstract

OpenCap

Foot-ground Contact
Model

' --
et Parameter Motion Inverse dynamics
Data Collection Original Data Optimization Analysis analysis

Azure Kinect

Highlights

e The performance of RGB-D camera-based and smartphone-based
motion capture systems was evaluated.

* Lower-limb joint angles, joint contact forces, and ground reaction forces
were compared between marker and markerless-based methods.

e The Smartphone-based OpenCap method might potentially offer higher
accuracy than the Azure Kinect method.

* The markerless motion capture system can be used in lower-limb mus-
culoskeletal simulation research.
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In brief

This proof-of-concept study was aimed at
developing a single lower-limb musculo-
skeletal model driven simultaneously by two
markerless motion capture inputs (Azure
Kinect and OpenCap), and benchmarking
the resulting joint angles, ground reaction
forces, and joint contact forces against
synchronous Vicon recordings. The smart-
phone-based OpenCap system, when inte-
grated with a foot-ground contact model,
accurately predicted lower-limb kinematics
and joint contact forces during walking.
OpenCap therefore offers a cost-effective
and portable alternative to traditional mark-
er-based motion capture for biomechanical
research and initial clinical screening.
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Abstract

Background: Marker-based motion capture remains the gold standard for deriving lower-limb kinematics
and kinetics, but its high cost, lengthy setup time, and large space requirements limit its widespread use.
Markerless technologies, such as depth camera systems (e.g., Azure Kinect) and emerging smartphone-based
pipelines (e.g., OpenCap), promise laboratory-grade motion capture without markers. However, the effects
of their capture data on musculoskeletal multibody dynamics simulation outcomes remain insufficiently
understood.

Methods: This study was aimed at developing a single lower-limb musculoskeletal model simultaneously
driven by two markerless motion capture inputs (Azure Kinect and OpenCap), and benchmarking the result-
ing joint angles, ground-reaction forces, and joint contact forces against synchronous Vicon recordings. In
gait trials, movements were simultaneously recorded with Azure Kinect, OpenCap, and a Vicon motion cap-
ture system. The collected data were processed and used as inputs to construct the musculoskeletal model,
which was then combined with a foot-ground contact model to compute lower-limb joint angles, ground
reaction forces (GRFs), and joint contact forces.

Results: The OpenCap-based model showed strong agreement with the Vicon-referenced model (p > 0.73)
in hip flexion-extension (FE), knee FE, and ankle FE, with a root mean square error (RMSE) of 4.04° to
7.66°, Sprague and Geers magnitude error (M) of —0.25 to —0.10, phase error (P) of 0.08 to 0.25, and com-
posite error (C) of 0.16 to 0.39. Additionally, strong correlations (p > 0.77) in hip contact force, knee contact
force, medial knee contact force, and ankle contact force were observed between OpenCap and Vicon, with
an RMSE of 0.26 to 0.90 Body Weight (BW), M of —0.03 to 0.13, P of 0.05 to 0.08, and C of 0.08 to 0.17.
Conclusions: Overall, under the study conditions, the smartphone-based OpenCap preliminarily showed
accuracy as a potential alternative to marker-based systems for estimating lower-limb biomechanics. How-
ever, given the small sample size and tasks restricted to walking, it is currently primarily suited for research
settings or initial screening, rather than high-precision clinical diagnosis. Further studies in larger, more
diverse cohorts and validation across dynamic activities are required to confirm and extend its applicability.

Keywords

Foot-ground contact, kinematics, kinetics, lower-limb biomechanics, markerless motion capture, musculo-
skeletal multibody dynamics.

Introduction

Kinematic and kinetic data for the human
lower-limb joints are fundamental for clin-
ical research on pathogenesis [ 4], assess-
ment of surgical failure mechanisms, and
development of rehabilitation strategies and
therapeutic interventions [5]. Nevertheless,
directly measuring the biomechanical char-
acteristics of patients’ lower limbs remains
challenging. Although technologies such as

instrumented joint implants for measuring
joint force [6], the EOS™ imaging system
[7], and dual fluoroscopic imaging analysis
[8] have facilitated the assessment of lower-
limb joint motion, these approaches are
invasive, costly, or limited by small sample
sizes, thereby restricting their applicability
to larger and more diverse populations [6].
Musculoskeletal multibody dynamics sim-
ulation offers a non-invasive method to pre-
cisely assess joint motion, contact forces,
and moments, as well as forces exerted by
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muscles and ligaments during functional activities [9—11].
It has been widely used in research in motion analysis [12],
surgical alignment planning [13], and implant design [14].

Currently, the predominant approach in musculoskele-
tal multibody dynamics simulations uses inverse kinemat-
ics methods, which require motion capture data as input to
operate the musculoskeletal models [10]. Such motion cap-
ture data are generally acquired with marker-based systems,
including Vicon [15] and Qualisys [16], which comprise six
to twelve infrared cameras for tracking marker trajectories
and two to four force plates for measuring GRFs. However,
marker-based motion capture systems encounter several
challenges, including prolonged data acquisition, marker
occlusion, substantial equipment costs, and a need for ded-
icated laboratory facilities [17-19]. In healthcare facili-
ties with limited physical space, deploying marker-based
motion capture systems for clinical diagnosis and research
poses substantial challenges. Recently, advancements in
markerless motion capture technology have facilitated the
use of consumer-grade imaging systems, including RGB-D
camera-based systems such as Azure Kinect [18-20] and
smartphone video-based platforms such as OpenCap [21],
in the study of human motion. These developments provide
new avenues for rapid motion data collection and musculo-
skeletal model-based analysis.

Although markerless motion capture methods have
been used to evaluate lower-limb joint kinematics [21],
the lack of force plates restricts their effectiveness in fore-
casting lower-limb joint kinetics [22, 23]. Foot-ground
contact modeling [24-26] has facilitated the estimation
of lower-limb joint mechanics and GRF from kinematic
data alone. Ripic et al. [27] have used the Azure Kinect to
facilitate musculoskeletal multibody simulations to derive
GRFs and joint moments during gait analysis. Albert et
al. [18] have found that Azure Kinect has better accuracy
for spatial gait parameters, but shows no significant dif-
ferences for temporal parameters compared with Kinect
v2, in gait analysis. Kakavand et al. [12] have observed
very strong agreement for sagittal plane joint angles and
moments in a comparison of the OpenCap system with
Vicon for quantifying lower-limb kinematics and kinetics
during cycling at various speeds and resistances. Horsak et
al. [28] have used the OpenCap system to assess lower-limb
joint kinematics during both healthy and pathological gait,
which achieved moderate accuracy with errors exceeding
clinically acceptable thresholds in certain gait patterns.
Although these investigations have advanced markerless
motion capture-based musculoskeletal multibody simula-
tion workflows [19, 27, 29], whether the OpenCap sys-
tem can achieve closer agreement than the Azure Kinect
system in estimating joint kinematics and kinetics within
a unified musculoskeletal simulation framework remains
unclear.

This study was aimed at comparing two markerless motion
capture systems for estimating lower-limb joint kinematics
and kinetics, by using synchronous Vicon recordings as the
reference standard. Gait data from all systems were pro-
cessed within a unified lower-limb musculoskeletal model
incorporating foot-ground contact to evaluate hip, knee, and
ankle joint angles, as well as joint contact forces.

Methods

Participants

This study involved five healthy young male participants
(mean age: 24 * 5 years; mean height: 1.70 £ 0.20 m; mean
body mass: 75 + 25 kg). The inclusion criteria were as fol-
lows: (1) age between 18 and 35 years; (2) absence of major
chronic diseases such as heart disease and diabetes; and (3)
no use of long-term medication. The study was approved by
the Ethics Committee of Honghui Hospital (No. 202407002),
and all participants provided written informed consent before
data collection. After providing informed consent, participants
conducted gait trials at a self-selected speed, during which data
were concurrently collected with the Vicon, Azure Kinect, and
OpenCap motion capture systems (Figure 1).

Vicon motion capture system

Marker-based motion capture was performed with the Vicon
motion capture system (Vicon, Oxford Metrics Ltd., Oxford,
UK), consisting of ten cameras operating at 100 Hz. Three
AMTI Gen5/Optima force plates (AMTI, Watertown, MA,
USA) embedded in the laboratory floor were used to meas-
ure GRFs and moments at 1000 Hz. After reflective markers
were placed on the participants’ entire bodies, they assumed
a T-pose with both arms abducted and maintained it for 3 sec-
onds on the force plates. This procedure was conducted to col-
lect static data and develop rigid-body models. Subsequently,
participants walked at normal speed with a single foot con-
tacting the force plate, and the recorded marker trajectories
and force plate data were saved in C3D format.

Azure Kinect motion capture system

Human kinematic data were acquired with two Azure Kinect
depth cameras (Microsoft Corp., Redmond, WA) at 30
fps with iPi Recorder v.4.6.6.95 software (iPi Soft, LLC,
Moscow, Russia). The depth cameras were arranged at an
inter-camera angle of 120°, with the front camera located
4 m from the participant, mounted at a height of 0.75 m,
and ensuring complete body visibility in each view [17]. At
the beginning of the experiment, participants maintained a
T-pose for 3 seconds to initialize body tracking during the
depth data post-processing stage. The motion data captured
by the two Kinect sensors were tracked in iPi Mocap Studio
4 software (iPi Soft, LLC, Moscow, Russia) and saved in
BVH format, which includes trajectories of 19 skeletal joint
centers. The BVH files were then converted to TXT files
suitable for driving simulations in AnyBody with MATLAB
(v. R2022b, The MathWorks Inc., Natick, MA, USA) [19].

OpenCap motion capture system

The OpenCap motion capture system used two iPhone 12
smartphones (Apple Inc., California, USA) to record partici-
pants’ gait. According to guidance from the web application,
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Figure 1

a checkerboard was placed within the field of view of the i0OS
devices. The two smartphones were mounted at a height of
1.5 m and positioned with an inter-camera angle of 90°, and
OpenCap automatically computed the extrinsic parameters
from a single image of the checkerboard for calibration [21].
After calibration, the two smartphones were synchronized
for video recording via the web application. Videos were
recorded at 60 Hz with a resolution of 720 x 1280 pixels.
A video-based pose detection algorithm [21, 30] was then
applied to extract 2D keypoint positions, and temporal syn-
chronization was achieved with cross-correlation of keypoint
velocities across videos [30]. OpenCap triangulated the syn-
chronized 2D keypoint positions to obtain 3D coordinates,
which were then refined with a long short-term memory net-
work to estimate the 3D positions of anatomical landmarks.
The coordinates of 43 anatomical markers were exported in
TRC format and subsequently converted into C3D files in
ezc3d software [31].

Musculoskeletal models

The musculoskeletal simulation workflow comprised three
sequential steps. First, the lower-limb musculoskeletal
model provided by the AnyBody Modeling System (v.7.4.4,
AnyBody Technology, Aalborg, Denmark) was individu-
alized according to each participant’s specific parameters,
including body height, body weight, and anatomical markers

Schematic of simultaneous collection by Vicon, Azure Kinect, and OpenCap capture.

on the skin. Second, inverse kinematics was performed with
the kinematic measurements acquired from each motion cap-
ture system as inputs, thus yielding joint kinematics over the
gait cycle. Third, inverse dynamics was conducted, with the
joint kinematics obtained from the inverse kinematics step
together with GRFs to compute kinetics outcomes. For each
participant, four lower-limb musculoskeletal models were
established (Figure 2). Model 1 was driven by marker tra-
jectory data measured by the Vicon and GRFs measured by
force plates. Model 2 was driven by marker trajectory data
measured by the Vicon and GRFs predicted by the foot-
ground contact model. Model 3 was driven by marker trajec-
tories transformed from Azure Kinect and GRFs predicted
by the foot-ground contact model. Model 4 was driven by
marker trajectories transformed from OpenCap data and
GREFs predicted by the foot-ground contact model.

In model 1, the collected gait data were imported into
AnyBody in C3D format, and the musculoskeletal model
was scaled according to a length-mass-fat scaling law [32],
considering the participant’s height, body mass, and gait
data, to obtain a musculoskeletal model proportional to the
participant’s body segments. Specifically, the static T-pose
trial served as a participant-specific standing reference trial
to determine the original marker locations on the lower-limb
model. To individualize the generic musculoskeletal model,
an optimization routine [33] was applied to minimize the dif-
ferences between the model marker positions and the exper-
imental marker trajectories recorded during the reference

4
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Figure 2 Musculoskeletal multibody dynamics models based on motion capture data from three systems.

trial. During this process, the model parameters, local marker
coordinates, and segment lengths were simultaneously opti-
mized with the length-mass-fat scaling law, thereby scaling
both body dimensions and muscle strength to the specific
participant [10]. Subsequently, muscle recruitment was per-
formed with GRF data as inputs to calculate joint forces in
inverse dynamics analysis. Meanwhile, the model calculated
the medial and lateral knee contact forces with a previously
described method [34].

KAM +KCF,,, ,-CMA, —KCF,,,.,-CMA,, =0 (1)
KCF;:otal = KCF}ateml + KCEnedial (2)

where KAM represents the knee adduction moment,
KCF, represents the contact force in the lateral knee com-
partment, CMA, represents the length of the lateral condyle
moment arm, KCF, _ represents the contact force in the

medial knee compartment, CMA  represents the length of
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the medial condyle moment arm, and KCF  represents the
total knee contact force.

In model 2, GRFs were estimated with the foot-ground
contact model [26] instead of being measured by force
plates, as in model 1. Specifically, models 1 and 2 used iden-
tical kinematic inputs and therefore produced identical joint
angle results. In model 2, the GRFs and lower-limb kinetics
were predicted simultaneously by integrating a foot-ground
contact model. Regarding the foot-ground contact model, 23
contact units were integrated under each foot, each comple-
mented by five artificial muscle actuators. These actuators
were designed to produce normal forces perpendicular to the
ground and static friction forces in the medial-lateral (ML)
and anterior-posterior (AP) directions. GRFs were generated
when the distance between the contact unit and the ground
was less than 30 mm, and the relative velocity with respect
to the ground was less than 0.8 m/s [24]. Muscle recruitment
was determined through quadratic optimization, specifically
minimizing the sum of squares of muscle, contact, and resid-
ual activities to provide forces. The specific formula is as
follows [35]:

_ o M) 00 2 50 f£© 2w o 2
mfmG(f ):Z[A}“‘“j +Z[1\}(c>j +Z[A}(R>] 3)

i=1 i=1 il

Cf=d

0<fM <N, i=1,..,n"

0< £ <N, i=1,..,52

0< P <N®, i=1,..,n" 4)

where /" represents the i-th muscle force; n® repre-
sents the number of muscles; N/’ represents the muscle
strength; A represents the i-th contact force; n'© represents
the number of contact units; N,.(C) represents the contact unit
strength/N; /" represents the i-th residual force/N; N®
represents the number of residual forces; N represents the
residual force strength/N; C represents the matrix of coeffi-
cients of the kinetic equilibrium equations; f represents the
vector of unknown muscle, contact, and residual forces/N;
and d represents the external and inertial forces.

In model 3, unlike model 1, the musculoskeletal model
automatically scaled segment lengths with marker trajec-
tories derived from Azure Kinect data, relying on the dis-
tances between joints in the BVH stick-figure skeleton [27].
Specifically, the skeletal joint centers obtained from the
Azure Kinect BVH output were mapped to the correspond-
ing joint-center definitions required by the AnyBody model.
The inter-joint distances derived from this skeleton were
then used for automatic segment scaling, after which the pro-
cessed TXT data were used to drive the inverse kinematics
workflow. Additionally, as in model 2, the GRF data were
predicted by the foot-ground contact model because they
were not directly measured.

In model 4, two key modifications were introduced rel-
ative to model 1. First, the anatomical marker trajectories
estimated by OpenCap were exported in TRC format and
converted into C3D files for compatibility with the AnyBody
workflow. These marker trajectories were matched as closely
as possible to the marker set required by the marker-based

pipeline and were then used to scale and drive the muscu-
loskeletal model in a manner analogous to that in model 1.
Second, in contrast to model 1, the GRFs in model 4 were
not measured by force plates but were predicted with the
foot-ground contact model for subsequent inverse kinetics
and joint contact force estimation.

Lower-limb kinematic and kinetic
analyses

The predicted lower-limb joint angles, GRFs, and joint con-
tact forces of model 2, model 3, and model 4 were com-
pared with those of model 1. The lower-limb joint angles
included hip flexion-extension (FE), knee FE, and ankle FE,
hip adduction-abduction (AA), and internal-external rota-
tion (IE). The GRFs included vertical GRF, AP GRF, and
ML GREF. The joint contact forces included hip contact force
(HCF), knee contact force (KCF), medial knee contact force
(MKCEF), lateral knee contact force (LKCF), patellofemoral
contact force (PCF), and ankle contact force (ACF).

The calculated kinematic and kinetic data of three trials
were averaged for each participant, and joint contact forces
and GRFs were simultaneously normalized to body weight
(BW). Quantitative analysis of the models was conducted
with metrics including mean average deviation (MAD), root
mean square error (RMSE), Pearson correlation coefficient
(p), and Sprague and Geers metrics of magnitude (M), phase
(P), and combined (C) error [36]. Specifically, p < 0.35 indi-
cated a weak correlation, 0.35 < p < 0.67 indicated a moder-
ate correlation, 0.67 < p < 0.9 indicated a strong correlation,
and p > 0.9 indicated an excellent correlation [37].

Results

Lower-limb joint angles

Figure 3 presents a comparison of the lower-limb joint
angles computed by models 1, 3, and 4. Models 1 and 2
used identical kinematic inputs to calculate lower-limb joint
angles, thus resulting in equivalent outputs. Model 4 aligned
more closely to model 1 than did model 3, in terms of both
the magnitude and trend of hip, knee, and ankle FE angles.
Model 4 demonstrated good agreement with model 1 in
terms of hip, knee, and ankle FE angles (Table 1), with p
exceeding 0.73, RMSE values ranging from 4.04° to 7.66°,
M between —0.10 and —0.25, P between 0.08 and 0.25, and
C ranging from 0.16 to 0.39. In contrast, model 3 exhibited
lower correlation coefficients than model 4 for the hip, knee,
and ankle FE angles, with values of 0.94 versus 0.96, 0.47
versus 0.73, and 0.70 versus 0.83, respectively.

Ground reaction forces

We subsequently compared GRFs measured by model 1 with
those predicted by the foot-ground contact models in models

Q. Gao et al.: DOI: 10.15212/bioi-2026-0007
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Figure 3 Comparison of lower-limb joint angles among model 3, model 4, and model 1.

Table 1 Mean Average Deviation (MAD), Root Mean
Square Error (RMSE), Pearson Correlation Coefficient (p),
and Sprague and Geers Metrics of Magnitude (M), Phase
(P), and Combined Error (C) of Participants’ Lower-limb Joint
Angles, Calculated by Model 3 and Model 4 Compared with
Model 1

MAD/ RMSE/ p m P cC
00

Hip FE  Model3 786 890 094 -0.24 0.19 0.28
Model4 350 4.04 096 -0.10 0.08 0.16
HipAA  Model3 578 6.50 042 -0.72 0.16 0.64
Model4 183 240 043 007 021 042
HiplE  Model3 6.84 785 -0.34 0.09 054 0.68
Model4 4.99 547 0.17 -0.47 0.13 0.41
Knee FE Model3 728 816 047 -0.24 0.12 0.21

Model 4 5.63 6.66 0.73
Ankle FE Model 3 753  8.83 0.70
Model 4 6.61 766 0.83

-0.25 0.08 0.25
-0.38 0.22 0.50
-0.22 0.25 0.39

All reported values are means. FE: flexion-extension; AA:
adduction-abduction; IE: internal-external rotation.

2, 3, and 4 (Figure 4). The predicted and measured GRFs
showed similar magnitudes and trends for both vertical and
AP GREFs. Strong consistency was observed for models 2, 3,
and 4 for vertical and AP GRFs (Table 2), with p between
0.79 and 0.96 and an RMSE less than 0.14 BW.

Joint contact forces

The joint contact forces predicted by models 1, 2, 3, and
4 were compared (Figure 5). Models 1 and 4 produced
comparable magnitudes and temporal patterns for HCF,
KCF, MKCEF, and ACF. Model 4 showed good agreement

with model 1 for hip, knee, medial knee, and ankle joint
contact forces (Table 3), with p ranging from 0.77 to 0.86,
RMSE values of 0.26 to 0.90 BW, M of —0.03 to 0.13,
P of 0.06 to 0.08, and C of 0.08 to 0.17. For model 3, the
p for HCF, KCF, MKCF, and ACF was 0.48, 0.45, 0.56,
and 0.64, respectively, whereas the corresponding RMSE
values were 0.86 BW, 0.69 BW, 0.54 BW, and 1.08 BW,
respectively.

Discussion

This study benchmarked the accuracy of OpenCap and
Azure Kinect in reconstructing lower-limb joint kinematics
and kinetics against a Vicon-referenced musculoskele-
tal model. Under the experimental conditions, OpenCap
showed closer agreement with the Vicon than Azure Kinect
for several sagittal-plane kinematic and kinetic outcomes,
thus supporting its preliminary utility in research-oriented
and screening-oriented applications.

After extracting and comparing joint angles, we found
that Azure Kinect achieved excellent agreement with Vicon
for hip and knee FE angles; these findings were consistent
with those from a previous study [27], but exhibited larger
discrepancies at the ankle than at the hip and knee, proba-
bly because of differences in the device’s image-processing
tracking algorithms [38]. In contrast, model 4 with the
OpenCap achieved good agreement for sagittal-plane hip,
knee, and ankle joint angles; these observations were con-
sistent with findings reported by Uhlrich et al. [21]. Notably,
models 3 and 4 exhibited larger discrepancies with respect to
model I in hip AA and IE rotation angles, probably because
markerless 3D motion data are inferred from 2D video pose
estimation, in which errors in pelvis and hip joint localization
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Figure 4 Comparison of ground reaction forces across all models.

Table 2 Mean Average Deviation (MAD), Root Mean
Square Error (RMSE), Pearson Correlation Coefficient (p),
and Sprague and Geers Metrics of Magnitude (M), Phase
(P), and Combined Error (C) of Participants’ Ground Reac-
tion Forces, Calculated by Model 2, Model 3, and Model 4
Compared with Model 1

MAD/ RMSE/ p M P C
(BW) (BW)

Vertical Model2 012 013 096 016 0.03 0.16

GRF
Model3 012 014 084 009 004 0.11
Model4 010 041 095 010 003 0.11

AP GRF Model2 001 002 085 -0.07 007 0.10
Model3 0.03 004 087 005 014 024
Model4 003 003 079 -008 012 0.14

MLGRF Model2 002 002 064 051 013 057
Model3 0.02 003 042 -0.01 0.17 0.37
Model4 003 003 057 035 014 0.78

All reported values are means. BW: body weight; GRF: ground reac-
tion force; AP: anterior-posterior; ML: medial-lateral.

can influence rotational angle estimates [21]. In addition,
inaccuracy in mapping video-derived joint centers or ana-
tomical markers to the anatomical definitions required by
the AnyBody model might have further contributed to these
errors, particularly for rotational degrees of freedom that are
highly sensitive to small spatial misalignments.

Because Azure Kinect and OpenCap were unable to
directly acquire GRFs, models 3 and 4 incorporated a foot-
ground contact model [26]. The comparison between models
2 and 1 further validated the foot-ground contact model’s
ability to predict GRFs. When applied to models 3 and 4,
the foot-ground contact model also yielded vertical and AP
GRFs generally consistent with those of model 1. In con-
trast, models 2, 3, and 4 predicted ML GRF with lower
accuracy. The foot-ground contact model predicts GRFs
with kinematic activation thresholds [26, 35]. Minor track-
ing noise from markerless inputs can propagate directly
into these threshold calculations, thereby disproportionately
affecting lower-magnitude variables such as ML GRFs [39].
Furthermore, because GRFs and joint contact forces are
simultaneously resolved via a quadratic muscle recruitment
algorithm [24, 35], slight dynamic inconsistencies from
markerless data force the optimization solver to alter muscle
recruitment and contact forces to balance the equations. This
global optimization trade-off fundamentally explains the

coupled deviations in both ML GRF and joint contact force
predictions [24, 35]. Future studies may consider incorporat-
ing additional foot kinetic parameters or improved contact
modeling strategies to enhance the prediction accuracy of
ML GRFs.

Compared with model 1, model 4 showed good agree-
ment in HCF, total KCF, MKCF, and ACF, whereas the cor-
relations for LKCF and PCF were weaker, possibly because
of errors in predicted ML GRFs [35] and discrepancies
between video-derived marker positions and Vicon marker
placements [21]. In addition, model 4 exhibited relatively
larger RMSE than model 1 for hip and ankle joint contact
forces; however, notably, model 2, which shared identi-
cal kinematic inputs with model 1, showed similarly large
RMSE values, probably because of differences in muscle
recruitment strategies between the models [35]. Similar
limitations were observed for model 3; however, OpenCap
showed overall closer agreement with model 1 than Azure
Kinect for the prediction of joint contact forces.

In interpreting these results within a clinical context, the
physiological and clinical significance of the observed errors
must be carefully considered. Regarding kinematics, an error
threshold below 5° in joint angles is generally considered
acceptable for clinical interpretation in traditional mark-
er-based clinical gait analysis [40, 41]. The observed RMSE
of 4.04° to 7.66° specifically for the OpenCap demonstrated
preliminary clinical potential but partially exceeded this
strict diagnostic tolerance. Furthermore, this error magni-
tude overlapped with the minimal clinically important dif-
ference established for certain lower-limb pathologies [42],
such as the 6.81° to 8.48° [43] improvement required for
sagittal knee range of motion in patients with chronic stroke.
Consequently, although OpenCap showed closer agreement
with the Vicon than Azure Kinect in our study, it might
still lack the sensitivity to distinguish subtle, true clinical
improvements from inherent measurement noise, and con-
sequently fail to overcome the minimal detectable change
required for precision diagnostics.

Regarding kinetics, the observed errors in joint contact
forces (0.26 to 0.90 BW) predicted by the OpenCap were
relatively substantial. Recent literature [43] has highlighted
that kinetic measurement errors of this magnitude might not
yet accurately detect clinically meaningful changes in local-
ized joint loading. Therefore, although OpenCap provides a
highly accessible markerless workflow, its predicted kinetic
parameters might not satisfy the strict accuracy tolerances
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Figure 5 Comparison of lower-limb joint contact forces across all models.

Table 3 Mean Average Deviation (MAD), Root Mean
Square Error (RMSE), Pearson Correlation Coefficient (p),
and Sprague and Geers Metrics of Magnitude (M), Phase
(P), and Combined Error (C) of Five Participants’ Lower-limb
Joint Contact Forces, Calculated by Model 2, Model 3, and
Model 4 Compared with Model 1

MAD/ RMSE/ p M P C
(BW) (BW)

HCF Model2 0.65 0.88 0.65 0.26 0.10 0.28
Model 3 0.67 0.86 048 -0.18 0.08 0.16
Model 4 0.42 0.61 0.77 0.13 0.07 0.15
KCF Model2 0.38 0.52 0.78 0.20 0.08 0.22
Model 3 0.56 0.69 045 -022 0.11 0.16
Model4 0.29 0.37 0.81 -0.03 0.06 0.08

MKCF Model2 0.34 0.42 0.82 0.32 0.08 0.34
Model 3 0.44 0.54 0.56 -0.32 0.10 0.20
Model4 0.20 0.26 0.86 0.00 0.06 0.09
LKCF Model2 0.18 0.22 0.55 -0.14 0.12 0.22

Model 3 0.24 0.30 0.06 0.12 0.21 0.30
Model4 0.20 0.24 048 -0.22 0.12 0.25
PCF Model2 0.19 0.24 0.49 0.82 0.18 0.85
Model 3 0.27 0.37 027 -0.33 0.19 0.44
Model 4 0.20 0.26 043 -025 0.14 0.32
ACF Model2 0.62 0.72 0.93 0.14 0.06 0.17
Model 3 0.89 1.08 0.64 -0.08 0.09 0.16
Model 4 0.76  0.90 0.84 0.00 0.08 0.17

All reported values are means. BW: body weight; HCF: hip contact
force; KCF: knee contact force; MKCF: medial knee contact force;
LKCF: lateral knee contact force; PCF: patellofemoral contact force;
ACF: ankle contact force.

required for high-precision surgical planning or the mechan-
ical evaluation of implant wear. Nevertheless, OpenCap
remains highly applicable for the macroscopic, longitudinal
monitoring of rehabilitation interventions aimed at optimiz-
ing gait mechanics and reducing overall joint loading [44].

This proof-of-concept study has several limitations. First,
the study’s inclusion of five healthy young male participants
constrained the statistical power and generalizability of the
findings. Although this design was sufficient for technical
validation of the simulation framework, future studies should
expand the sample size and include diverse populations
(older adults, different BMI categories, and patients with
musculoskeletal disorders) to establish the clinical appli-
cability and robustness of the markerless motion capture
workflow. Second, the validation was limited to self-selected
speed walking; future studies should extend the framework
to more demanding activities, such as stair negotiation, sit-
to-stand, squatting, and running. Third, because both Azure
Kinect and OpenCap were tested only in a dual-camera
configuration, the present findings should be interpreted
as specific to this setup. Future work should systematically
compare different camera configurations to quantify the
effects of additional viewpoints on simulation accuracy.
Finally, all data were collected in a highly controlled labo-
ratory environment, and further validation is needed under
more variable real-world conditions, including changes in
lighting, background, and clothing.

Conclusions

This study assessed the accuracy of the Azure Kinect and
OpenCap for estimating lower-limb biomechanics by bench-
marking them against the Vicon. Compared with the Azure
Kinect, the musculoskeletal model with OpenCap data
demonstrated closer agreement with the Vicon (p > 0.7) in
estimating lower-limb joint kinematics (sagittal-plane joint
angles) and joint contact forces (HCF, KCF, MKCEF, and
ACF). Therefore, under the study conditions, specifically
including a dual-camera setup, self-selected walking speed,
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and a controlled laboratory environment, OpenCap prelim-
inarily showed accuracy as a potential alternative to Vicon
for selected lower-limb biomechanical outcomes. However,
given the current sample size and task scope, the present
utility of this system is interpreted as being primarily for
research settings or initial screening rather than for high-
precision clinical diagnosis or surgical decision-making.
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