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Abstract This paper proposes an improved scheme of pedestrian position information system using neural network
theory in a GPS-disabled area. Through a learning/obtaining gait pattern and step distance about walk, run, duck walk,
crab walk and crawl, the position estimation error could be minimized by rejecting the inertial navigation drift. A
portable hardware module was implemented to evaluate the performance of the proposed system. The performance
and effectiveness of the suggested algorithm was verified by experiments indoors.
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Step length per one gait

[Table 2] Probability density per gait pattern
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[Table 3] Step number and position error per stride distance
Distance 30m 50m
Data ;
Gait SNV sp? | AsL? | MY CE’ | E SN sp? | Asr? M’ CE’ | E
pattern
Walk 40 40 0.72 2956 | 044 | 146 70 70 0.72 50.85 085 | 170
Run 29 29 1.02 2948 | 052 | 173 49 49 1.02 49.34 064 | 128
Crab walk 43 43 0.70 3073 | 073 | 243 72 7 0.70 4922 078 | 156
Duck walk 58 57 052 2915 | 08 | 283 % 94 052 4883 112 | 224
Crawl 70 63 043 2924 | 076 | 253 116 113 043 4852 148 | 29

1) Step number
2) Step detection number

3) Average of step length 6) Error(%)
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4) Measurement(m)
5) Circular error(m) ; Distance - Measurement
= Circular error/Distance x 100
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