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Accurate estimation of joint angle is 
essential for exoskeleton controller. IMU and 
machine learning-based estimation [1] is 
not easibly applicable to unseen gaits.

Motion capture systems
are costly, 
time-consuming,
and proprietary [2].

We present an adaptation pipeline of ML-based 
kinematic estimation expedited by computer 
vision and transfer learning.

AB+SK model yielded 9.7% less error than 
AB model, 19.9% less error than SK model 
about estimating SK joint kinematics.
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AB+SK model was able to estimate 
kinematics in different conditions
that it was not trained on.

To further estimate the unlabeld kinetic 
data, we aim to get user-invariant 
features from both able-body and 
patient input data, and train the 
biotorque controller that can provide 
assistance to patients whose data was 
not collected.

The training error converged with minimal 
data (i.e., 1 - 2 gait cycles) with AB model’s 
understanding about the generic human gait.

We used 3 IMUs (1 for pelvis, 2 for thighs) and portable 
computer to real-time estimate the joint angles in 50 Hz.

We recorded a monocular 
camera video to
1) detect human,
2) extract 2D keypoints
3) 2D-to-3D uplifting,
thereby calculating
the joint angles
of hip, knee joints.

We trained the temporal 
convolutional network with the 
window size of 1 sec.

To simulate the irregular gait pattern, we put a knee 
brace to mimic stiff-knee gait pattern.

Computer vision-based
human pose estimation
are easily approachable 
by using only single 
camera [3].
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