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Abstract

Scalable measurement of human movement (kinematics)
and musculoskeletal forces (kinetics), for example, esti-
mating quadriceps force during sit-to-stand—could trans-
form the prediction, treatment, and monitoring of mobility-
related conditions. Yet these analyses still rely on costly,
time-intensive laboratory workflows, limiting clinical trans-
lation. We present OpenCap Monocular, a pipeline that es-
timates 3D skeletal kinematics and musculoskeletal kinetics
from a single static smartphone video. The method refines
3D global pose outputs from a monocular pose estimation
model (WHAM) through a physics-inspired pose optimiza-
tion that enforces reprojection consistency and foot-floor
contact constraints. Keypoints are extracted from the mesh
using the refined global pose, and skeletal kinematics of a
33-degree-of-freedom musculoskeletal model are obtained
using inverse kinematics. Kinetics (i.e., ground forces and
joint moments) are estimated via physics-based simula-
tion and machine learning, without force plates. Validated
against marker-based motion capture and force plates for
walking, squatting, and sit-to-stand, OpenCap Monocular
achieves 4.8◦ mean absolute error (MAE) for rotational
kinematics and 3.4 cm for translations, corresponding to
48% and 69% lower error than a direct computer vision
baseline. It estimates walking ground reaction forces with
9.7% bodyweight MAE, comparable to a two-camera sys-
tem. We demonstrate that the algorithm estimates impor-
tant kinetic outcomes with clinically meaningful accuracy
in applications related to frailty (knee extension, hip exten-
sion, and ankle plantarflexion moments during sit-to-stand
transitions) and knee osteoarthritis (knee adduction mo-
ment during walking). OpenCap Monocular is deployed via
a smartphone app, a web app, and secure cloud comput-
ing (https://opencap.ai), enabling free, accessible single-
smartphone biomechanical assessments. Our code is avail-
able at github.com/utahmobl/opencap-monocular.

1. Introduction

Quantitative analysis of human movement provides criti-
cal information for rehabilitation, sports science, and the
treatment of musculoskeletal and neuromuscular disorders.
Biomechanical measures of kinematics (joint angles, veloc-
ities) and kinetics (joint moments, ground reaction forces,
muscle forces) can predict injury risk, track functional re-
covery, and evaluate interventions [9, 14, 16, 22]. The gold
standard for measuring these quantities is laboratory-based
motion capture with reflective markers and force plates.
This approach requires expensive equipment (often exceed-
ing $150,000), dedicated laboratory space, and specialized
expertise. As a result, its use in clinical and large-scale set-
tings remains limited [19, 21]. Most biomechanics studies
are conducted in marker-based motion capture labs with a
median of only 12–21 participants [5, 13].

Video-based approaches, leveraging advancements in
computer vision and deep learning for human pose esti-
mation, offer a path toward scalable biomechanical anal-
ysis [2, 3, 25]. For example, we developed OpenCap [21],
a cloud-based platform that estimates musculoskeletal kine-
matics and kinetics using two or more smartphone videos. It
is used by 14,000 researchers worldwide who collect 1,000
motion trials per day. However, even a two-camera setup
requires tripod-mounted devices, calibration, and a laptop,
creating barriers for routine clinical or at-home use.

3D pose estimation from monocular video removes these
logistical barriers, but introduces fundamental challenges.
Without multiple views, absolute depth is ambiguous and
scale is unknown. Monocular pose estimation models such
as WHAM [18] estimate the global pose of SMPL [7]
body models, but they can suffer from translational drift and
physically implausible foot-floor interactions. These arti-
facts prevent direct use for downstream biomechanical anal-
ysis and compromise kinetic estimates. Accurate joint mo-
ments and muscle forces require physically realistic, biome-
chanically constrained kinematics.

Here, we present OpenCap Monocular, a pipeline that
bridges monocular pose estimation and musculoskeletal
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biomechanics (Fig. 1). Our core contribution is a physics-
inspired pose refinement optimization that corrects WHAM
estimates for physical plausibility by minimizing reprojec-
tion error and enforcing foot-floor contact constraints. Re-
fined kinematics drive an OpenSim [17] musculoskeletal
model via inverse kinematics, and kinetics are estimated via
physics-based simulation [4, 21] and machine learning [20].
The complete pipeline is deployed as a free cloud applica-
tion accessible at opencap.ai, requiring under one minute to
set up and under two minutes to process a 10-second video.

2. Methods
The OpenCap Monocular pipeline converts a single static
smartphone video into 3D joint kinematics and muscu-
loskeletal dynamics through five steps shown in Fig. 1: ini-
tial 3D pose estimation, physics-inspired pose refinement,
virtual marker extraction, inverse kinematics, and dynamics
estimation.

For validation, we used the public OpenCap dataset [21]:
10 healthy adults (5 females; age 26±4 years; mass 74±8
kg). Participants performed level walking, five body-
weight squats, and five sit-to-stand transitions, plus modi-
fied tasks to increase biomechanical variability. These in-
cluded squats with one-foot offloading, sit-to-stand with
increased trunk flexion/angular velocity (as seen in older
adults with quadriceps weakness [10, 23]), and trunk-sway
gait modifications. We compared OpenCap Monocular
against (1) marker-based motion capture and force plates
(gold standard), (2) a computer vision + inverse kinematics
(CV+IK) baseline, and (3) the two-camera OpenCap sys-
tem [21]. The CV+IK baseline used the same downstream
marker extraction, OpenSim inverse kinematics, and dy-
namics estimation as OpenCap Monocular, but operated di-
rectly on the initial ViTPose+WHAM pose estimate without
the physics-inspired pose refinement stage. Kinematic ac-
curacy was quantified as mean absolute error (MAE) across
18 rotational degrees-of-freedom and 3 pelvic translational
degrees-of-freedom. All recordings used the 45◦ antero-
lateral camera view, which minimized occlusions and can
observe motion in both the sagittal and frontal planes.

2.1. Initial 3D Pose Estimation
We use ViTPose [26] to estimate 2D keypoint locations and
confidence scores. Then, we use WHAM [18] to create
an initial estimate of the global 3D human pose as a se-
quence of SMPL body-model parameters [7]: body shape
β0, pose θ0, global translation τ 0, and global orientation
Γ0. WHAM also provides camera extrinsic parameters ξ
and ground contact probabilities for the heel and toe.

While WHAM provides a strong initial estimate, its out-
puts can suffer from translational drift over time and phys-
ically implausible foot-floor interactions (e.g., foot sliding,
floor penetration), which motivate our refinement step.

2.2. Physics-Inspired Pose Refinement

To enforce physical plausibility, we perform a two-stage op-
timization. We assume a static camera with known intrin-
sic parameters (retrieved from our iOS device database for
all iPhone/iPad models released since 2018) and a known
participant height (entered at recording time in the web ap-
plication). These assumptions, enabled by the structured
OpenCap acquisition workflow [21], simplify the depth es-
timation problem. Activity-specific optimization weights
are selected automatically by classifying the activity in the
video using VideoLLaMA3 [27].

Stage 1: shape and camera calibration. We refine body
shape β and camera extrinsics ξ, holding the global pose
fixed:

J1 = wr Lrepr + wh Lheight + wβ Lβ , (1)

where Lrepr is the confidence-weighted sum of squared 2D
reprojection errors across all keypoints, Lheight penalizes the
squared deviation of the estimated body height from the
known participant height, and Lβ regularizes shape param-
eters toward the WHAM estimate.

Stage 2: global pose refinement. With body shape fixed,
we jointly refine the global pose (θ, τ , Γ) and camera ex-
trinsics:

J2 = wr Lrepr + wc Lcam + wv Lfvel

+ ws Lfslide + wf Lflat + wsm Lsmooth ,
(2)

where Lcam penalizes changes in camera extrinsics from
Stage 1; Lfvel penalizes non-zero heel and toe velocities dur-
ing ground contact; Lfslide penalizes drift in heel/toe posi-
tions across continuous contact bouts; Lflat enforces a con-
sistent vertical ground height across all contact events; and
Lsmooth penalizes large joint velocities to encourage tempo-
ral smoothness.

2.3. Marker Extraction

From the optimized SMPL pose, we extract 38 virtual sur-
face markers as specific mesh vertices characterizing the
forearm, upper arm, torso, pelvis, thigh, shank, and foot
segments. We then fit a 33-degree-of-freedom (DOF) mus-
culoskeletal model [6, 15, 17] to the extracted markers using
the OpenSim Scale tool.

2.4. Inverse kinematics

We then run inverse kinematics using OpenSim [17]. Un-
like the SMPL model, whose joints are rotationally uncon-
strained, the musculoskeletal model enforces biomechani-
cally realistic joint movement. The output is a trajectory
of biomechanically plausible joint angles and pelvis trans-
lations.
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Figure 1. OpenCap Monocular Pipeline. (1) ViTPose [26] estimates 2D keypoints; WHAM [18] estimates an initial global 3D pose
as SMPL parameters [7]. (2) A two-stage physics-inspired optimization refines the pose (red → green skeleton) by minimizing terms
including reprojection error and foot-floor contact constraints, reducing translational drift and foot sliding. (3) Virtual surface markers are
extracted from the refined SMPL mesh. (4) OpenSim Scale tool is used to scale a 33-degree-of-freedom musculoskeletal model [15, 17]
to the markers. These are tracked using OpenSim Inverse Kinematics yielding biomechanically constrained joint kinematics. (5) Kinetics
(ground reaction forces, joint moments, muscle forces) are estimated via physics-based simulation [4, 21] and machine learning [8, 20],
without force plates.

2.5. Musculoskeletal Dynamics
For sit-to-stand, we estimate ground reaction forces (GRF),
joint moments, and muscle forces via a muscle-driven di-
rect collocation simulation [4, 21] that tracks the monoc-
ular kinematics. For walking, we used a hybrid machine
learning–simulation approach. We predict GRFs using the
GaitDynamics [20] model, a Transformer model that pre-
dicts ground forces from kinematics. We predict center of
pressure from kinematics and predicted ground forces us-
ing another small machine learning model [8]. Finally,
to obtain dynamically consistent joint moments, we track
predicted ground forces and centers of pressure, along with
monocular kinematics, in a torque-driven physics simula-
tion [4, 8].

3. Results
3.1. Kinematic Accuracy
Across all activities, OpenCap Monocular achieved an
MAE of 4.8◦ for rotational kinematics and 3.4 cm for
pelvic translations, compared to marker-based motion cap-
ture (Fig. 2). These errors are 48% (p = 0.036) and 69%
(p < 0.001) lower than the CV+IK baseline, respectively.
Rotational accuracy was within 1◦ of the two-camera Open-
Cap system, and translational accuracy within 2 cm.

OpenCap Monocular also reduced translational drift.
After five consecutive sit-to-stand repetitions, the CV+IK
pelvis drifted 56.9 cm from the ground-truth position on av-
erage, whereas OpenCap Monocular’s drift was 4.9 cm.

3.2. Kinetic Accuracy
Using a hybrid kinetics pipeline [8], physics-based simula-
tion combined with the GaitDynamics model [20], Open-

Cap Monocular estimated vertical ground reaction forces
during walking with an MAE of 9.7% BW, where BW de-
notes body weight. This represents a 29% improvement
over the CV+IK baseline (13.6% BW; p = 0.002). Open-
Cap Monocular’s vertical GRF errors were slightly lower
than two-camera OpenCap (12.2% BW), likely due to im-
proved center-of-mass kinematics resulting from the pose
refinement step.

3.3. Practical Efficiency

In the deployed cloud application, the full workflow re-
quired under one minute of setup and under two minutes
to process a 10-second video. These runtimes suggest that
OpenCap Monocular can support practical biomechanics
analysis outside the laboratory, in addition to achieving clin-
ically meaningful accuracy.

3.4. Clinical Use Cases

Joint Moments during Chair Rise. The knee extension
moment, averaged over the chair-rise phase and used as a
proxy for quadriceps force, was estimated with an MAE
of 5.8 Nm (r2 = 0.64), below the 11 Nm threshold that
differentiates older adults with and without early signs of
frailty [16] (Table 1). OpenCap Monocular also detected
the expected redistribution of lower-extremity joint mo-
ments with an exaggerated trunk-lean strategy. Knee ex-
tension moment decreased (p = 0.015), while hip exten-
sion moment and ankle plantarflexion moments increased
(p = 0.003, and p = 0.044, respectively). All changes
were consistent in direction with lab-based inverse dynam-
ics (marker-based motion capture and force plates, p <
0.05).
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Figure 2. Kinematic accuracy (MAE, mean ± SD) across activities compared to marker-based motion capture. OpenCap Monocular
reduces rotational error by 48% and translational error by 69% relative to the CV+IK baseline (∗p < 0.05), and is within 1◦ of two-camera
OpenCap. STS = sit-to-stand.

Table 1. Kinetics and downstream clinical tasks. Two-camera
OpenCap (2-Cam) used the same kinetics pipeline as OpenCap
Monocular.

Metric Ours 2-Cam [21]

Vert. GRF MAE (% BW, walking) 9.7 12.2

Knee ext. moment MAE (Nm, STS) 5.8 —
Clinical threshold (Nm) < 11 —

1st-peak KAM MAE (% BW·ht) 0.36 0.41
Clinical threshold < 0.5 < 0.5

Knee Loading during Walking. The first-peak knee ad-
duction moment (KAM) during walking is a measure of
medial compartment loading associated with osteoarthri-
tis progression [1, 9, 11]. OpenCap Monocular estimated
it with an MAE of 0.36%BW·ht, where BW·ht denotes
body weight times height, below the 0.5%BW·ht clinically
meaningful threshold [9, 11, 12] and comparable to the two-
camera OpenCap system (0.41%BW·ht).

4. Discussion
In this study, we developed and validated OpenCap Monoc-
ular, a cloud-deployed pipeline that estimates 3D muscu-
loskeletal kinematics and kinetics from a single smartphone
video. By combining monocular pose estimation, pose re-
finement, and musculoskeletal simulation, the method pro-
duces physically plausible biomechanics with accuracy suf-
ficient for clinically relevant tasks. OpenCap Monocu-
lar bridges computer-vision pose outputs and biomechanics

workflows, enabling rapid, accessible movement analysis at
scale.

A central finding is the critical role of pose refinement for
both kinematic and kinetic accuracy. Without it, the CV+IK
baseline produced large translational errors and substantial
drift, rendering the kinematics unsuitable for physics-based
simulation. Our optimization reduced rotational and trans-
lational error by 48% and 69%, respectively. This improve-
ment directly enabled accurate kinetics. OpenCap Monocu-
lar achieves accuracy at clinically meaningful levels for two
relevant downstream tasks: detecting reduced quadriceps
forces when standing with a strategy commonly used in in-
dividuals with frailty [16, 24], and estimating knee loading
during walking, a key predictor of osteoarthritis progres-
sion and an interventional target [9, 22]. Estimating kinetic
quantities with clinically meaningful accuracy shows that
OpenCap Monocular has the potential to support biomedi-
cal research and clinical decision making. This biomechan-
ical validation is an advance beyond the way that computer-
vision models are typically benchmarked (e.g., mean per-
joint position error). The practical runtime of under two
minutes for a 10-second video in the deployed cloud appli-
cation further supports its use in scalable, real-world work-
flows.

Several limitations warrant future work. First, the vali-
dation cohort consisted of healthy young adults; the algo-
rithm’s performance in clinical populations with patholog-
ical gait remains to be evaluated. Next, WHAM’s ground-
contact probabilities degrade during activities with signifi-
cant flight phases (e.g., running, jumping), limiting applica-
bility to those activities currently. Future work should also
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investigate the sensitivity of performance to camera posi-
tion, since all recordings here used a 45◦ anterolateral view.

Because the pipeline is modular, the pose estimation
module can be replaced by newer models as the field
advances, without modifying downstream biomechanical
components.

5. Conclusion
We present OpenCap Monocular, a pipeline for quantifying
3D human musculoskeletal kinematics and kinetics from a
single smartphone video. By combining monocular pose es-
timation (WHAM [18]) with a pose refinement optimization
and a biomechanically constrained musculoskeletal model
( [17]), the pipeline produces physically realistic kinematics
and clinically meaningful kinetics. It outperforms direct CV
model outputs for all reported accuracy metrics and matches
the performance of a two-camera setup. Deployed freely
at opencap.ai, OpenCap Monocular lowers the barrier to
quantitative movement analysis, enabling population-scale
biomechanical assessment from a single smartphone.
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