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Abstract: Recent technological advances in sensor fabrication and bio-signal processing enabled non-constraint and
non-intrusive measurement of human bio-signals. Especially, non-constraint measurement of ECG makes it available
to estimate various human health parameters such as heart rate. Additionally, non-constraint ECG measurement of
wheelchair user provides real-time health parameter information for emergency response. For accurate emergency
response with low false alarm rate, it is necessary to discriminate quality levels of ECG measured using non-con-
straint approach. Health parameters acquired from low quality ECG results in inaccurate information. Thus, in this
study, a machine learning based approach for three-class classification of ECG quality level is suggested. Three sen-
sors are embedded in the back seat, chest belt, and handle of automatic wheelchair. For the two sensors embedded
in back seat and chest belt, capacitively coupled electrodes were used. The accuracy of quality level classification
was estimated using Monte Carlo cross validation. The proposed approach demonstrated accuracy of 94.01%, 95.57%,
and 96.94% for each channel of three sensors. Furthermore, the implemented algorithm enables classification of user
posture by detection of contacted electrodes. The accuracy for posture estimation was 94.57%. The proposed algo-
rithm will contribute to non-constraint and robust estimation of health parameter of wheelchair users.
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Table 1. The number of segments measured from each subject.

Subjects 1 2 3 4 5 6 7 8 9 10 11 12 Total

# of segments 1,066 1,056 1,068 897 1,066 1,065 1,101 1,098 1,074 1,065 1,014 692 12,251
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Table 3. Performance of algorithm.

# of data
Channel Accl (%) Acc2 (%) Acc3 (%) Kappa (%)
1) normal 2) artifact affected 3) non-contacted
1 94.01+0.54 95.04+0.568 99.54+0.07 87.50+1.16 2,666 1,166 264
2 95.57+0.30 95.95+0.24 100.0+0.00 92.04+0.55 1,955 1,859 264
3 96.94+0.24 97.94+0.24 99.19+0.17 92.55+0.60 841 2,984 252
Average 95.51 96.31 99.58 90.70
1+2+3 95.51+0.30 96.18+0.34 99.52+0.06 91.91+0.54 5,462 6,009 780

E 4. TAo| AgA A A,
Table 4. Estimation results of wheelchair user posture.

Results of algorithm

Posture Accl (%)
em bs bstbe bstha bs+betha else
em 66 0 0 0 0 0 100.0
bs 0 64 0 0 2 0 96.97
bs+be 0 0 56 0 0 4 93.33
bs+ha 0 0 53 1 3 86.89
bs+betha 0 0 2 57 1 95.00

Total 94.57
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