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Abstract

In the gait cycle, heel strike (HS) and toe off (TO) of both feet are repeatedly included, and identification of the
gait cycle is to find these activities within the cycle. In this paper, we study a method to identify the gait cycle
using LSTM, a representative recurrent neural network model. Learning data were collected by performing a gait
experiment 20 times each on 50 study participants, 25 males and females each. When performing the experiment,
they wear an inertial sensor(acceleration and angular velocity) on their left wrist for collecting gait data. As a result
of obtaining the average precision and recall after learning through the LSTM model, the precision was 95.98% and
the recall rate was 93.18%. Through this, it can be confirmed that it is an effective method to identify the gait cycle
by learning the data obtained from the inertial sensor with the proposed LSTM model.
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ltem Content
Low noise accelerometer Kionix KXTC9-2050
Range +2g
Sensitivity 66 mVg(£20 20mV)
Typical operating current 2401 A
Noise density 12509/ Hz
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Table 2. Configuration of a gyroscope

ltem Content
Gyroscope Invensense MPU9250
Range +250; 4500, % 1000, 2= 2000; dps
Sensitivity 31L.SB/dps at £250 dps
Numeric resolution 16-bit
RMS noise 0.1 dps
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Fig. 4. Wearing a sensor and the direction of 3-axis
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Table 4. Variables related to window processing

Variable Description
window_size The size of time remembered for
(= timesteps) preprocessing timeseries data
) The size of space between each
step_size

samples remembered

The number of features specified in
num_of_feature

Section 5.1.

Name Description

Macc Momentum of accelerometer

Mayro | Momentum of gyroscope

HSL | TOL: class of left HS or TO,

¥ 5 LSTM 2€ T4
Table 5. Configuration of LSTM model

classes | HSR | TOR: class of right HS or TO,
NONE: class that is not both HS and TO Layer (type) Qutput shape Param #
Istm (LSTM) (None, None, 128) 69120
o - Istm_1 (LSTM) (None, 128) 131584
52 to[Efe] AT X dropout (Dropout) (None, 128) 0
dense (Dense) (None, 5) 645
dense_1 (Dense) (None, 5) 30
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Table 6. Result of precision and recall

name | Tol(s) Precision(%) Recall(%)
0.3 79.48 27.83
HSL 04 88.58 7411
05 9.57 92.88
0.3 79.37 38.15
TOL 04 93.67 69.73
05 98.54 85.52
+0.3 81.67 74.46
HSR 04 89.88 87.23
05 95.84 95.74
0.3 7291 88.73
TOR 04 88.31 95.77
05 96.97 98.59
+0.3 78.36 57.29
Mean 04 90.11 81.71
05 95.98 93.18
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