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Weave-structure-based -
e-textile pressure sensor -
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Fig. 1 A bed-sheet style e-textile pressure sensor and

an example of body pressure data in bed.
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Fig. 2 A overview of textile-weave-structure based pressure-

sensor.
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Table 1 Characteristics of e-Textile sensor

VY DOREZ 180 x 90 cm
(FRMREE & X v Y[R ISR AE)
Y DEZ 0.6 mm
BHERDOKE 1 cm?
fRAG RS 2 ~ 2v/2 cm
(GRS E )
S 3200 (80 x 40)
FHHE K 10 Hz / i
Petel Wi-Fi / Bluetooth

* ARWIZETIE 2Hz & W7z,

* 2 HPEE OB
Table 2 Characteristics of Subjects
[t Ea R

Hli 68.8 + 4.0 21.3+0.8
S 6 6
L3R 4 6
Body Mass Index 21.8£3.7 21.3+£3.0
(BMI)

* All subjects are healthy.
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Supine posture .
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Fig. 3 A overview of body-pressure data collection.
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Fig. 4 A CNN based DNN for in-bed posture classification.
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Fig. 5 Examples images transformed by Data Augmentation.
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Fig. 6 Mean values of train and validation losses of all training.
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3= 3 Data Augmentation # 7 WEE DR

Table 3 Accuracy of each training w/o Data Augmentation

T—=%
£ MR G 113
do di da 7.592
dy da do 9.655
da d1 do 9.655
do do di 9.756
dy do da 7077
da do dy 9.756
Y £ B 0.903 + 0.095

#* 4 Data Augmentation %M\ A& WIGEDERATT

Table 4 Confusion matrix w/o Data Augmentation

A I
FEfEN  AAMIEN fHELN | recall F!
JEARIER 67 3 6 | 0.882 0.865
HAE | AR 3 69 4 | 0.908 0.885
(TN 9 8 219 | 0.928 0.942

precision 0.848 0.863  0.956
Total Accuracy 0.916
Weighted Fl-score 0.915
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DIEEE, KU, WEEZHA LIEATIZER 5 L&k 41
Y,

BRATTSD T & AT LSO precision (pppp)
& recall (%) BRINTED, RAIITRL TV

D% Floscore (2 precision recall ) TdH%. Total
precision + recall
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Fig. 7 Top 10 result of parameter search.

3= 5 Data Augmentation %\ 7235& DOREEE

Table 5 Accuracy of each training w/ Data Augmentation

T
EE WEE hiclis
do di da 1.000
dy da do 1.000
do dy do 1.000
do d2 di 1.000
d1 do do 1.000
da do dy 9.878

T 4 A 2 0.998 + 0.005

% 6 Data Augmentation %\ 7545 DIRATTSI

Table 6 Confusion matrix w/ Data Augmentation

SR ARGH
FEfEN AAMUEN PEA | recall F!
FeAIEA 76 0 0 | 1.000 1.000
B | AfHIRA 0 75 1| 0.987 0.993
HIER 0 0 236 | 1.000 0.998
precision  1.000  1.000 0.996
Total Accuracy 0.997
Weighted Fl-score 0.997

racy 3RGTIEFICBITABEETH D, MERICH D
Weighted Fl-score 1357 5 ZDH v FABICHE > THEA
MF%ELEEETHD, 77 2ABBOY Y TIVEOREE%
IELTWwW2, ERIEDTOME) TH 5,

Weighted Fl-score (Fi) = szle
i

where  ¢: i-th class,
F}: Fl-score of i-th class,

n;: sample size of i-th class,

N: total size of samples.
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