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FIGURES

Fig. 1. Biomechanical Model and Dynamics Overview. Video and inertial measurement unit (IMU) data are fused
into a single optimal control trajectory tracking problem, where the state of a planar musculoskeletal model is optimized
to produce joint center trajectories and inertial profiles that match the experimental data. A nine degree-of-freedom (two
translational, seven rotational) model is actuated by seven joint torques, four ground contact forces, and two residual
forces accounting for dynamic inconsistencies due to modeling simplifications. The model fuses data from eight
anatomical keypoints acquired from three-dimensional triangulation of video data and seven inertial measurement units
placed on each rigid body segment. Direct collocation is used to minimize a cost functional with keypoint and IMU

tracking error costs and an effort cost for regulating the joint torques and residual forces.
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Fig. 2. Experimental Data and Resulting Markerless Kinematics. (a) Total Capture is a public dataset of five
subjects performing different activities, while recorded with marker-based motion capture, inertial measurement units
(IMU), and four videos. Only the walking trials were analyzed here. The IMU data had a signal-to-noise (SNR) ratio of
13.2 dB, while the video-based keypoints (i.e., joint center estimations) had a root-mean-squared error (RMSE) of 3.4
cm. (b) Dynamically constrained fusion of IMU and video data via a biomechanical model and direct collocation (Cnstr
Fusion, in solid magenta) improved kinematic predictions over competing markerless motion capture approaches
(shown for a single female subject). Each approach was tested on all subjects in the Total Capture Dataset after
calibrating IMU data, triangulating video data into 3D keypoints, and projecting 3D data into each subject’s sagittal
plane. Noise levels of IMU and keypoint data were calculated with respect to marker-based motion capture as the
ground truth. Constrained fusion outperformed both single modality approaches and unconstrained fusion (Uncon

Fusion, in dashed gray) across the hip, knee, and ankle joint angles.
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Fig. 3. Comparison of Markerless Approaches. Fusion approaches result in lower mean per joint (MPJ) angle root-
mean-square errors (RMSEs) (top left) than the vision-only approach and lower MPJ position RMSEs (top right) than
the IMU-only approach when tested on experimental data from the Total Capture dataset. Fusion methods resulted in
better accuracy than single modality methods by maintaining consistent accuracy with respect to both joint angles and

joint center positions across all individual joints. (*p < 0.05)
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Fig. 4. Sensitivity of Fusion Approaches to Noise. Dynamically constrained fusion was advantageous at lower IMU
accuracies and higher keypoint accuracies, whereas unconstrained fusion was advantageous at higher IMU accuracies
and lower keypoints accuracies. This phenomenon occurs due to the sometimes complementary, but sometimes
redundant nature of IMU data and modeling constraints since both provide information on the first and second order

derivatives of the body segment motions. Mean * standard deviation is plotted here with *p < 0.05.
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551

552 Fig. 5. Sensitivity of Markerless Approaches to Noise. Fusion approaches improve results over single modality
553 approaches across almost the entire noise spectrum with few exceptions. Vision-only is consistently outperformed with
554 respect to joint angles, while IMU-only is consistently outperformed with respect to joint center positions. The mean +
555 standard deviation MPJ angle RMSE (top) and MPJ position RMSE (bottom) show the difference in kinematics

556 predictions across each noise condition for all four techniques. (*p < 0.05)
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Fig. 6. Error Accumulation with IMU Methods. Observing the full body joint center position error over the gait cycle
reveals that dynamically constrained fusion and the other techniques eventually reach an equilibrium error, while the
IMU-only dynamic optimization continues to accumulate error throughout the simulation duration regardless of the
starting IMU data accuracy or the level of denoising. All other approaches can also be run for any arbitrary amount of
time, but IMU-only is restricted to complete gait cycles if the periodicity assumption is implemented to reduce drift.

However, the rate of error accumulation can be reduced by averaging over multiple periodic gait cycles.
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