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Gait recognition is one of biometrics such as face, fingerprint, and retina. Although
most of biometrics need direct contact between a device and a subject, gait recognition has a
unique characteristic which does not require interaction with the subjects and can be performed
from a distance. A camera is commonly used for the gait recognition, and some researchers
used depth information taken by a RGB-D camera. Although the depth-based gait recognition
has some advantages such as robustness against light condition or appearance variations, there
are limitations on the detection distance. This paper presents a LSTM-based method for
gait recognition using a real-time multi-line LiDAR. We collect the dataset which consists
of time-series range data of 30 people with clothes variations, and show the effectiveness of
the proposed approach.

Key Words : Gait recognition; Point cloud, Convolutional neural network, Long short-term memory,
Data augmentation
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Fig. 2 Examples of applying ACP
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Table 2 Overall accuracies

=1 I[=1:4 I=18

case 1 0.195 0.366 0.527

without ACP case2  0.231 0.306 0.526
average 0.213 0.336 0.527

case 1 0.271 0421 0.621

with ACP case2  0.275 0.370 0.616
average 0.273 0.396 0.619
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