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Gait Phase Estimation Method Adaptable to Changes in
Gait Speed on Level Ground and Stairs
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Abstract: Due to the acceleration of an aging society, the need for lower limb exoskeletons to assist gait
is increasing. And for use in daily life, it is essential to have technology that can accurately estimate gait
phase even in the walking environment and walking speed of the wearer that changes frequently. In this
paper, we implement an LSTM-based gait phase estimation learning model by collecting gait data
according to changes in gait speed in outdoor level ground and stair environments. In addition, the
results of the gait phase estimation error for each walking environment were compared after learning for
both max hip extension (MHE) and max hip flexion (MHF), which are ground truth criteria in gait phase
divided in previous studies. As a result, the average error rate of all walking environments using MHF
reference data and MHE reference data was 2.97% and 4.36%, respectively, and the result of using
MHEF reference data was 1.39% lower than the result of using MHE reference data.
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[Fig. 1] Hip complex assistance exoskeleton system and sensor
information

[Fig. 2] Level ground (left) and stairs (right) experimental
environment for training data
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[Fig. 3] Deep learning model architecture for gait phase
estimation. A total of 22 data from hip FE, trunk IMU, and foot
IMU sensors are made into a 0.6 s-sized sequence dataset,
normalized, and then entered into a deep learning model. Then,
passing through the LSTM and dense layers, the deep learning
model outputs the gait phase of each leg as the x, y value of the
Cartesian coordinate using the tanh function
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[Fig. 4] Gait phase estimation results of each walking environment
based on LSTM. Blue bars are the results of using MHF and
orange bars are the results of using MHE. The error between the
ground truth and the estimated value is calculated using the
cosine similarity of the x and y values on the Cartesian coordinates
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[Fig. 5] Gait phase estimation results of each walking environment
based according to the walking speed. (a) results of using MHF,
(b) results of using MHE
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