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Biometric identification based on plantar pressure sensor and deep learning

Zhou Bingtao, Chen Shiqiang, Cheng Yuyang, Tan Linli, Xiang Mian
(School of Advanced Materials and Mechatronic Engineering, Hubei Minzu University, Enshi 445000, China)

Abstract ; According to recent research, plantar pressure can reflect various characteristics of the human body, which is promising for
biometric identification. In our study, the feasibility and methodology of biometric identification by plantar pressure is discussed. Insoles
with eight pressure sensors are used to collect over 14 000 steps of 14 participant as database. After that, the scientificity of classification
is discussed by unsupervised leaming, and the influence of ground conditions on pressure data is discussed. Convolutional neural
network (CNN) is used as the classifier to evaluate the classification performance, and the effects of gait segmentation and multiple gait
cycles on improving the accuracy are studied. Experimental results show that the accuracy of data classification after segmentation is
98. 8% , while that without segmentation is 93. 6% . When using 3 and 5 gait cycles for classification, the accuracy rise up to 99. 4% and
99. 8% . The results suggest that CNN with segmented data and selecting multiple gait cycles for classification has practical value in
biometric identification utilizing plantar pressure.
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Fig. 1  Sensor insoles
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Fig.2 Single gait cycle signal
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Fig.3 Plantar pressure by divided areas
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Fig. 6  Classification result of the proportions of phases
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Fig.7 Classification result of the interval between phases
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Fig. 8 Plantar pressure on concrete floor
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