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Improving Gait Phase Prediction via a GRU-Based Learning
Algorithm with a Redefined Loss Function
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with five subjects and a treadmill walking test with one subject at various walking speeds. The results
demonstrate precise gait phase predictions throughout the entire gait cycle, outperforming conventional
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Abstract: In this study, we propose a user-defined loss function to enhance a learning-based algorithm
approaches. This GRU-based model shows promise for implementation in embedded systems.
A&
% % 9t 5

for gait phase prediction. The algorithm utilizes gait phase labels and time-series data from a 6-axis
IMU as inputs, employing a Gated Recurrent Unit (GRU) model for the prediction. A novel loss
function is introduced, incorporating both gait phase error and error regulation to improve performance.
The trained model autonomously generates two distinct outputs to enhance gait phase prediction,
which are combined with the atan2 function to estimate the gait phase. Phase differences between the
labeled and predicted gait phases are calculated and regulated within the loss function. To validate
the proposed method, a pilot experimental study was conducted involving overground walking tests
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[Fig. 1] Key issues in gait phase prediction: insufficient estimation

accuracy, and prediction delay
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[Table 1] Details of network structure parameters

Optimizer ADAM

Layer structure 3 Layers (64 x 32 x 16)

Loss Function Custom-designed

Learning Rate 0.001
Batch Size 64
Framework Tensorflow

Training Hardware CPU only
Sliding Window Size 15

[Table 2] Gait-phase prediction performances
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[Table 3] Prediction performances under speed variation

Walking speed Test RMSE
Preferred speed (1.28 m/s) 0.02208
+15% speed up (1.47 m/s) 0.01431

-15% speed down (1.09 m/s) 0.02381
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