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Real-time heart rate extraction method based on HSFLMS algorithm in motion state
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Abstract: A hyperbolic sine function least mean square (HSFLMS) algorithm for extracting heart rate of wearable devices
under different motion states was proposed, aiming at solving the problem that photoplethysmography was easily affected
by motion artifact. Different methods were used in different states for denoising. Peaks and valleys counting method was
used in stationary state, and HSFLMS algorithm was used in motion state. A new nonlinear relationship function about step
and error in HSFLMS algorithm was constructed based on hyperbolic sine function model, and the effects of parameter
value on algorithm performance were analyzed. The experimental results showed that the structural framework of HSFLMS
algorithm was more concise, and that the efficiency of HSFLMS algorithm was higher than that of similar approaches. The
real-time heart rate can be efficiently extracted under different motion states by using HSFLMS algorithm.
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Tab.1 Heart rate (HR) value calculated by different algorithms after denoising in walking state (beat - min™")

No. Reference HR After VSSLMS After CELMS After FSSLMS After HSFLMS

1 76.000 0 74.289 6 73.7979 72.0434 75.0333

2 79.000 0 85.779 3 75.589 9 73.870 9 78.691 4

3 80.000 0 78.036 7 76.554 6 75.884 6 78.967 6

4 82.000 0 79.570 3 80.356 4 79.442 3 81.0755

5 83.000 0 80.007 8 84.192 4 80.612 8 82.8395

6 84.000 0 82.066 3 82.1257 80.717 2 85.130 8

7 82.0000 77.058 3 80.4735 79.634 5 81.168 6

8 80.000 0 74.875 3 78.445 6 76.127 8 81.231 2

Mean HR 80.750 0 78.960 5 78.942 0 77.2917 80.517 2

VSSLMS: Variable step size LMS; CELMS: Clipped-error LMS
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2 SRS THEEEERETENOEME (beat- min™)

Tab.2 HR value calculated by different algorithms after denoising in running state (beat - min™)

No. Reference HR After VSSLMS After CELMS After FSSLMS After HSFLMS
1 97.000 0 93.102 3 95.519 2 93.102 5 100.924 2
2 99.000 0 99.342 2 97.040 9 95.111 7 101.839 5
3 108.000 0 106.582 8 108.615 8 100.019 2 104.064 9
4 110.000 0 106.824 2 120.975 4 108.951 3 110.908 9
5 114.000 0 108.066 4 121.276 0 110.897 3 115.063 3
6 126.000 0 116.309 4 116.579 4 112.792 9 127.006 1
7 130.000 0 125.5532 106.886 7 114.692 1 131.403 2
8 135.000 0 128.797 9 104.199 3 116.671 5 132.593 0
Mean HR 1148750 110.572 3 108.886 6 106.529 8 115.475 4
£3 BRLSDRA THSRIEE S EBOET E Y028 (beat - min™) [7] YOUSEFI R, NOURANI M, PANAHI I. Adaptive cancellation of

Tab.3 HR value calculated by peaks and valleys counting method

(beat-min™")

No. Reference HR  After peaks and valleys counting

1 72 73

2 75 74

3 76 76

4 74 75

5 75 75
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