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ABSTRACT

We propose a method to classify gait types using
a sensor embedded in smart insole. A pressure senso
r array was used for gait measurement, and the featu
res of gait pattern were extracted using deep convolu
tion neural network (DCNN). The measurement data
for the continuous walking is divided into unit steps.

Then preprocessed data is used as the input of the

DCNN. Using the feature map obtained from the DC
NN output, a final complete connection network for
classification was constructed to classify the types of
gait. Through the experiments for the 7 types of gai
t, we confirmed that the proposed method showed hi

gh classification rate of 88% or more.
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Fig. 1. Example of data measured by using ‘FootLogger’.
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Fig. 2. Overall structure of the proposed network.
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Table 1. Convolution layers configurations.
kl.nd of filter size f11t€.1'1 "
filters stride
1* layer 32 16x20 s
2" layer 64 20x64 s
3" layer 128 20x128 s
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Table 2. Information on gait measurement.

gait #. of . . #. of .
duration |gait type duration

type steps steps

WK | 2,295 3m SA 747 Im

FWK | 2,714 3m SD 971 Im

RA 1,577 Im RUN 3,642 3m

RD 1,586 Im
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