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Background Methods

Problem Statement: Several prominent pathologies
(Cerebral Palsy, Parkinson’s and Alzheimer’s) can
manifest themselves in an abnormal walking gait. Gait
Deviation Index (GDI) indicates the extent of gait
pathology and is currently measured through a
cumbersome and expensive marker-based motion
capture process.
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Model Inputs/Outputs: Patient video is captured by
commodity devices and analyzed by machine learning
algorithm to predict GDI.

Approach: We leverage DensePose to featurize each
frame of video which is then passed through a machine
learning model to minimize root mean square error
(RMSE) of GDI prediction.

Methods Detailed:

e Monocular video footage of patient gait is captured by physician during a session in a motion analysis lab

Video footage is processed by DensePose and transformed to IUV coordinates

Frame(s) are sent through a deep neural network consisting of spatial and temporal components

GDI predictions are made for each batch; loss is calculated using mean squared error compared to physician’s score
Overall model performance is judged on RMSE of GDI prediction and tuned accordingly

Results: The highest performing model passed each
frame in a 10-frame video through a 2D CNN, then
passed the featurized frame-vectors into an LSTM for
GDI prediction. The final model predicted GDI with an

RMSE of 3.6. Experiments Learning Curve
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