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Abstract

In this paper, we propose a gait type classification method based on pressure sensor which

reflects various terrain and velocity variations.

In order to obtain stable gait classification

performance, we divide the whole gait data into several steps by detecting the swing phase, and

normalize each step. Then, we extract robust features for both topographic variation and speed
variation by using the Null-LDA(Null-Space Linear Discriminant Analysis) method. The experimental

results show that the proposed method gives a good performance of gait type classification even

though there is a change in the gait velocity and the terrain.
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[I. Preliminaries

1. Gait Type Classifier Using Pression Sensors
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Fig. 1. Gait type classification system using pressure sensor
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2. Gait Type Classifier Using Acceleration and
Gyro Sensors
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Fig. 2. Gait type classification system using acceleration
and gyro sensors
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Fig. 3. Flow chart of discrete wavelet transform
decomposition process

Fig. 4. Configuration diagram of gait type
classifier using acceleration and gyro sensor

3. Gait Type Classifier Using Pressure,
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Fig. 5. Gait type classification system using pressure,
acceleration and gyro sensors
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Fig. 6. Flow chart of training process using pressure, a
cceleration and gyro sensors for gait type classification
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Fig. 9. Measurements of each sensor in both insoles when walking
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3. Gait Data Normalization
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Fig. 10. Example of gait data normalization
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[WIWE,, S, Wiy W
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V. Experiments

1. Data Acquisition

Fig. 11. FootLogger sensor
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Fig. 12. Schematic diagram of FootLogger

Table 2. Information on gait measurement
terrain ait type number of measuring time
g yp steps g
flat walking(WK) 2193 3mins
hill uphill(RA) 1493 2mins
hill downhill(RD) 1483 2mins
stairs climbing stairs (SA) 760 1min
stairs step down(SD) 838 1min
flat run(RUN) 3154 3mins
flat fast run(FWK) 2530 3mins
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Fig. 13. Classification performance for different
numbers of steps included in single sample

V. Conclusions
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