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6
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[1], [2], [5], [6], [7], [8], [9]
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1 2

[2], [11], [12], [13], [14], [15], [16]
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3. SenStick
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3.1
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SenStick
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100Hz

― 136 ―
© 2019 Information Processing Society of Japan



��������

1: SenStick

1: SenStick

7 17

A1:
A10:

A11:

A2:

A20:

A21:

A22:

A23: PC

A24:

A3:

A30:

A31:

A32: PC

A4:
A40:

A41:

A5:
A50:

A51:

A6:
A60:

A61:

A7: A70:

1

SenStick

Bluetooth Low Energy BLE

SenStick

2

1

17

7 10

7 A1 A2 A3 A4

A5 A6 A7

PC

10

7

2:

(kg) (cm)

A 25 62 174 Man

B 23 58 173 Man

C 23 68 174 Man

D 23 82 175 Man

E 23 66 177 Man

F 25 55 172 Man

G 23 62 177 Man

H 23 67 174 Man

I 24 59 172 Man

J 23 70 171 Man

K 24 58 163 Man

L 23 56 165 Man

M 22 55 157 Woman

N 26 49 162 Woman

O 23 82 174 Man

P 22 41 157 Woman

Q 23 52 167 Woman

2:

�

�
�

�����	
�
��������	
�

�

� �

�

�
�

3:

17

2 13 4

23.4 1.0 169.6 6.3 61.2 10.3

17
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LW Left Wrist 5 RA Right Ankle
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A
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etc. 3

A
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A
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5

SenStick B

Q 16

A

A

A

B

F

7 7

17 17

3:

(T:Time, F:Freq.)

Body Acc T, F

Gravity Acc T

Body Acc Jerk T, F

Body Angular Speed T, F

Body Angular Acc T

Body Acc Magnitude T, F

Gravity Acc Mag T

Body Acc Jerk Mag T, F

Body Angular Speed Mag T, F

Body Angular Acc Mag T, F

5. /

4

3

( 1 )

( 2 )

( 3 )

6

/

5.1

5.1.1

Acc.XYZ Gyro.XYZ

20Hz 3

99 15Hz

20Hz

[17]

Acc.XYZ

0.3Hz
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GravityAcc.XYZ BodyAcc.XYZ

0.3Hz

[11], [18]

BodyAccJerk.XYZ

3 1

GravityAccMag BodyAc-

cMag BodyAccJerkMag

BodyAngularSpeed-XYZ

BodyAngularAcc-XYZ

BodyAngularSpeedMag BodyAngularAccMag

GravityAcc.XYZ

GravityAccMag BodyAngularSpeed-XYZ 7

FFT

3 10

7 17

Magnitude(Mag) =
√

(x2 + y2 + z2) (1)

5.1.2

17

1.56 128

50%

[19]

1

1.56 1.56

4

Time domain features

Frequency domain features

[11]. 1.56

561

5.1.3

�

� �

�

�
�

�

�

��

�������������	
�����

�������� �������	

������

7:

[2]

c d

2

SenStick 6

6

[2]

Random Forest RF)

Python scikit-learn[20]

100
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4:

(T:Time, F:Freq.)

mean s Arithmetic mean s̄ = 1
N

∑N
i=1 si T F

std s Standard deviation σ =
√

1
N

∑N
i=1 Γsi − s̄Γ2 T F

mad s Median absolute deviation medianiΓ | siΓmedianjΓsjΓ | Γ T F

max s Largest values in array maxiΓsiΓ T F

min s Smallest value in array miniΓsiΓ T F

energy s Average sum of the square 1
N

∑N
i=1 s

2
i T F

sma s1 s2 s3 Signal magnitude area 1
3

∑3
i=1

∑N
j=1 |si,j | T F

entropy s Signal Entropy
∑N

i=1 Γci log ΓciΓΓ, ci = si/
∑N

j=1 sj T F

iqr s Interquartile range Q3ΓsΓ−Q1ΓsΓ T F

autorregresion s 4th order Burg Autoregression coefficients a = arburgΓs, 4Γ, a ∈ R4 T

correlation s1 s2 Pearson Correlation coefficient C1,2/
√

C1,1C2,2ΓC = covΓs1, s2Γ T

angle s1 s2 s3 v Angle between signal mean and vector tan−1 Γ ‖ [s̄1, s̄2, s̄3]× υ ‖, [s̄1, s̄2, s̄3] · υΓ T

range s Range of smallest value and Largest value maxiΓsiΓ−mixiΓsiΓ T

rms s Root square means
√

1
N
Γs21 + s22 + · · ·+ s2NΓ T

skewness s Frequency signal Skewness E[Γ s−s̄
σ

Γ3] F

kurtosis s Frequency signal Kurtosis E[Γs− s̄Γ4]/E[Γs− s̄Γ2]2 F

maxFreqInd s Largest frequency component argmaxiΓsiΓ F

meanFreq s Frequency signal weighted average
∑N

i=1 ΓisiΓ/
∑N

j=1 sj F

energyBand s a b Spectral energy of a frequency band [a, b] 1
a−b+1

∑b
i=a s

2
i F

N signal vector length Q Quartile T Time domain features, F Frequency domain features.

5.2.1

7

A B

A

B Z 180

6.

5

3 SenStick

3

5:

( )

F

Chest 0.67 0.50 0.58

Waist 0.84 0.65 0.73

Left-wrist 0.58 0.46 0.51

Right-wrist 0.39 0.61 0.48

Left-ankle 0.38 0.48 0.42

Right-ankle 0.46 0.40 0.43

0.55 0.52 0.52

6:

( )

F

Chest 0.95 0.93 0.94

Waist 0.85 0.83 0.84

Left-wrist 0.72 0.80 0.76

Right-wrist 0.73 0.81 0.76

Left-ankle 0.94 0.82 0.88

Right-ankle 0.83 0.79 0.81

0.84 0.83 0.83

( 1 ) 6

( 2 ) 7

( 3 ) & 17

6.1 6

5

6
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A B B

8:

A B B

9: /

7: /

( )

F

Chest 0.72 0.51 0.60

Waist 0.99 0.86 0.92

Left-wrist 0.63 0.56 0.59

Right-wrist 0.44 0.59 0.50

Left-ankle 0.46 0.51 0.48

Right-ankle 0.49 0.51 0.50

0.62 0.59 0.60

8: /

( )

F

Chest 1.00 1.00 1.00

Waist 1.00 1.00 1.00

Left-wrist 0.98 0.97 0.97

Right-wrist 0.97 0.98 0.97

Left-ankle 1.00 1.00 1.00

Right-ankle 1.00 1.00 1.00

0.99 0.99 0.99

8

A B

B

9: (7 )

F F

Chest 0.72 0.80

Waist 0.80 0.83

Left-wrist 0.54 0.75

Right-wrist 0.51 0.79

Left-ankle 0.62 0.79

Right-ankle 0.76 0.76

52% 83% F

+31%

8

7 8

/

9

60%

99% F

/
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6.2 7

7

9 (7 )

Waist

7

80%

83% F

83% F

Right-wrist

51% F

79% F +28%

10 11

A

B B

B

7 8

PC

6.3 & 17

17

10

(17 )

Right-wrist

17

40%

65% F

+25% 12 13

Right-wrist

& 13

Right-wrist

PC PC

11

(17 )

2

Right-wrist Right-ankle

75% F 17

3

Right Left-wrist Left-ankle

83% F 17

14 15

Right-wrist Right-ankle

Right Left-wrist Left-ankle

17

14

17

PC

15 3

PC

17

PC

7.

276.8
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A B B

10: 7

A B B

11: 7

10: & (17 )

F F

Chest (Ch) 0.37 0.40

Waist (Wa) 0.35 0.40

Left-wrist (Lw) 0.30 0.42

Right-wrist (Rw) 0.40 0.65

Left-ankle (La) 0.33 0.40

Right-ankle (Ra) 0.40 0.40

6 F 31%

7 F 28%

17 F

25% 3

83% F

[10] [21]
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