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Development and evaluation of sensing chair for

continuous recognition of sitting posture∗

Yasuhiro Otoda

Abstract

Most office workers usually work sitting down. It is said that sedentary behavior

may cause diabetes, cardiovascular disease, and weight gain. In addition, sitting

with an undesirable posture is considered to be a burden on the shoulders and

waist, including physical burdens such as low back pain and stiff shoulders. To

maintain health and improve working efficiency, the sensing chair needs to identify

the sitting posture of the workers, suggest a change in their posture, and prevent

long-term work with the same posture. For that, it is necessary to recognize

the current sitting posture of the office worker. There have been many studies

on recognition of sitting posture in the past, however, they have the following

problems: (1) privacy intrusion due to the utilization of high privacy-invasive

devices like cameras; (2) deterioration of the original performance of a chair due

to attaching many sensors to a chair; (3) restriction on the positional relationship

between the sensor and the user; 4) user discomfort due to the need to attach

a sensor to the body; (5) limited number of recognizable sitting postures; (6)

uncertainty in recognizing posture of people with various physiques due to the

lack of experimental participants.

In this thesis, I address all the above problems, propose a sitting posture recog-

nition method and develop a sensing chair that can continuously observe the sit-

ting posture. To solve problems (1) (2) (3) (4), the sensing chair is equipped with
∗Master’s Thesis, Graduate School of Information Science, Nara Institute of Science and

Technology, NAIST-IS-MT1651029, March 15, 2018.
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eight accelerometers attached to the back of the chair, and the sitting posture

is recognized using the tilt angle of the accelerometer. Sensing chair recognizes

18 types of sitting posture. Each sitting pose is defined by the combination of

three main features. The first feature is selected from three types of inclination,

whether the upper body is centered or leaning to the left or to the right side. The

second group is chosen among three kinds of inclination whether the upper body

is upright or leaning forward, or leaning back. The third group is determined from

two types of sitting depth on the chair, either deep or shallow. In addition, it can

identify if an office worker is seated or not, which can be used to measure sitting

duration. To solve problem (5), the sensing chair can recognize more postures

than previous studies. There are 3 kinds of proposed sitting posture recognition

methods, (1) using the tilt angle of accelerometer as feature, (2) using a change in

the relative tilt angle from the time of seat movement as a feature, (3) a method

based on relative angle change from standard posture as a feature.

In order to evaluate the accuracy of the proposed sitting posture recognition

method, and to solve the problem (6), 28 participants of various physiques are

recruited. I evaluated the recognition methods using the Leave-One-Participant-

Out Cross-Validation using various machine learning techniques. As a result,

the recognition using neural network was the most accurate in all proposed sit-

ting posture recognition methods, 75.4% for method 1, 83.7% for method 2, and

85.6% for method 3. In addition, the position of the accelerometer sensors where

examined using random forest, the result was that the sensors attached on the

center of the chair provided the most important features. Using only the four

center sensors, the sensing chair still had a 78.6% accuracy in recognizing sitting

posture.

Keywords:

Sitting Posture, Posture Classification, Motion Sensor, Machine Learning, Office

Chair, Office Worker

iv



1. 1

2. 5

2.1 . . . . . . . . . . . . . . . . . 5

2.2 . . . . . . . . . . . . . . . . . 7

2.3 . . . . . . . . . . . . . . . . . 7

2.4 . . . . . . . . . . . . . . . . . . . 8

2.5 . . . . . . . . . . . . . 8

3. 10

3.1 . . . . . . . . . . . . . . . . . . . . 10

3.2 . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

3.3 . . . . . . . . . . . . . . . . . . . . . . . 12

3.4 . . . . . . . . . . . . . . . . . . . . . . 15

3.4.1 . . . . 16

3.4.2

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

3.4.3

. . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

4. 19

4.1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

4.1.1 . . . . . . . . . . . . . . . . . . . . . . . . . 19

4.1.2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

4.2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

4.2.1 22

4.2.2

. . . . . . . . . . . . . . . . . . . . . . . . . 27

v



4.2.3

. . . . . . . . . . . . . . . . . . . . . . . . 32

4.3 . . . . . . . . . . . . . . 36

4.4 . . . . . . . . . 38

4.5 . . . . . . . . 40

4.6 . . . . . . . . . . . . 41

5. 43

46

47

vi



1 . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2 . . . . . . . . . . . . . . . . . . . . . . 12

3 . . . . . . . . . . . . . . . 13

4 3 . . . . . . . . . . . . . . 14

5 Raspberry Pi 3 GPIO

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

6 . . . . . . . . . . . . . 16

7 . . . . . . . . . . . . . . . . . . . . . . . 20

8 1 (LR,K-

NN,DT) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

9 1 (RF,SVM,NN) 25

10 1 . . . . . . . . . 26

11 2 (LR,K-

NN,DT) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

12 2 RF,SVM,NN

30

13 2 . . . . . . . . . 31

14 3 (LR,K-

NN,DT) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

15 3 RF,SVM,NN

34

16 3 . . . . . . . . . . . . . 35

17

3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

18 . . . . . . . . . . . . . . . . . . 37

19 . . . . . . . 41

20 F . . . . . . . . . . . . . . . 42

vii



1 18 . . . . . . . . . . . . . . . . . . . 21

2 1 F . . . . . . 23

3 2 F . . . . . . . . . . . . . 28

4 3 F . . . . . 32

5

F . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

6 . . . . . . . 41

viii



1.

75% [1]

[2].

1

1 36.2% 1 2 57.5% 2

4 69.1%, 4 6 81.7%, 6

84.9% [3]

[4, 5, 6, 7, 8] 20

420 “ ”

[9]

8 11 4

1.15 11 1.40 [9, 10, 11, 12]. ,

1

1

10 15

[13, 14]

1



[15]

13 7

[16]

Tan [17] 42×48 10

79% Mota [18] Tan

10 9 87.6%

(1)

, (2)

, (3)

, (4) ,

(5) , (6)

1-6

3

3

3

18

[19]

2



19

XYZ

3

1 2

1

2

3

28 18

27

Leave-One-Participant-Out Cross Validation

75.4%,

83.7%,

85.6%

1 38.8%, 2 69.4%, 3 72.8%,

4 78.6% 8

3



4

4



2.

.

2.1

Tan [17, 20] 42×48

3×3

4023 PCA

10

1) , 2) , 3) , 4) , 5)

, 6) , 7) , 8)

, 9) , 10)

30

96%

79%

Multu [21] 31 Tan[17]

10 87% Hong

Hong 79%

19 10 78%

[22] 54

5

1) , 2)

, 3) , 4) , 5) , 6)

, 7) , 8) , 9)

9 81%

Mota [18] Tan 10

5



9

3

87.6% Mota 9

1) , 2) , 3) , 4) , 5)

, 6) , 7) , 8)

, 9)

[23] 64

1)

, 2) , 3) , 4) , 5) , 6)

, 7) , 8)

, 9) 9 6

9 94.3%

Meyer [24] , 240

240 96

1 16

82%

Roland [25]

10 4 1 41 7

90.9%

1) , 2) , 3) , 4)

, 5) , 6) , 7)

6



2.2

Rusell [26]

,

2.3

Grafsgaard [27]

Kinect

Kinect

Kinect

[15]

Adaboost C4.5

13 7 7

1) , 2) , 3) , 4) , 5)

, 6) / , 7)

[16]

7



2.4

[28]

10

3 5 1) ,

2) , 3) , 4) , 5) , 6) , 7) 7

2.5

[29] 3 13

90% 5

1) , 2) , 3) , 4)

, 5) , 6) , 7) , 8)

, 9) , 10) , 11)

, 12) , 13)

Sangyong [30] 5

3

SVM k-means SVM

95.53%,k-means 89.35%

4

8



9



3.

,

3.1

2

(1)

(2)

(3)

(4)

(5)

(6)

(1) 3

(2)(3)(4)

3

3

(5)

10



(6)

3.2

1

3

3

18 18

[19]

, ,

18

19

1

11



3.3

•

•

•

•

2

2

,

2 6 8 2

18

12



2

3

3 4

3 XYZ X

Y Z X

Y Z

3

2

(a)

(b)

3

13



背面のセンサのXYZ軸方向
X軸：左右方向
Y軸：上下方向
Z軸：前後方向

座面のセンサのXYZ軸方向
X軸：左右方向
Y軸：前後方向
Z軸：上下方向
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