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Gait identification based on abnormal extremum processing of
mobile phone acceleration
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[ Abstract] Aiming at the phenomenon that mobile phone acceleration signal still has small range abnormal extreme value after
preprocessing, a new method based on quartile to remove abnormal extreme value is proposed. This method uses the quartile
characteristic to optimize the signal and reduces the influence of extreme value and outlier value to improve the recognition accuracy.
Firstly, the gait data of walking is selected from the public dataset provided by the Wireless Data Mining Lab at Fort Hays State
University. After the data is filtered by a filtering algorithm, the proposed method is used to remove outliers, followed by template
segmentation and extraction of time—domain and frequency—domain features for identity recognition. In addition, real human walking
data is collected for experimental verification. The experimental results show that compared with the unprocessed data, the proposed
method could improve the recognition accuracy in support vector machine, BP neural network and cascaded forest models on both
the public dataset and self — collected dataset. For the cascaded forest classifier, the accuracy reaches 99.31% and 99.23%,
respectively.
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Fig. 1 Time series selection
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Fig. 2 Abnormal wave peak and trough boxplots of each walking time series
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Fig. 3 Comparison of acceleration signal before and after removing abnormal wave peak and trough
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Fig. 4 Template to intercept
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Fig. 5 Cascade forest
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Tab. 1 Comparison of the accuracy of several classification algorithms
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Fig. 6 The site for collecting data and picture of handheld phone

(b) SEh

VPR VI i AR AR A 15 3] ) 245
A BEAFAEAB AR | IR X 5 W4T B REAS 58 3L
BRI 3 YO ATEIRAE AN Ty YN 2R 55 2R 47 52 56,
A2 UOBATEAEAE I s B €2 =10 41, fili ]
SCREMIE L BP #2828 TN BRAR 3 AR 45
FEAH R HER R IR 2, Hh YIGREAEHEA G5
H1.2 3FEGRARMR  SCHF M HLAT BP 28 ) 4%



18 2 ofe i m oM

ERRES

WAV IB AL 20 AN 1 7 (a) (B 7 (b) FIET 7 ()
PR
£2 ZHHREAESHAANERE

Tab. 2 The accuracy of three classification algorithms in various

sample groups %
VIIEZS i SR
o o SVM BP M W4 IBEAR
1,2,3 4,5 98.57 97.30 100
1,2,4 3,5 94.85 95.94 100
1,2,5 3,4 97.30 96.98 99.37
1,3,4 2,5 95.74 96.53 96.68
1,3,5 2,4 98.87 96.28 98.87
1,4,5 2,3 95.14 97.99 98.16
2,3,4 1,5 98.45 98.76 100
2,3,5 1,4 98.90 100 99.53
2,4,5 1,3 99.84 99.84 100
3,4,5 1,2 99.21 99.20 99.68
R BNRTES 97.69 97.88 99.23
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Fig. 7 Confusion matrix of three classification algorithms
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Fig. 8 Comparison of accuracy with and without peaks and

troughs abnormal value processing in cascaded forest
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