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Abstract

In order to achieve the objective quantitative continuous monitoring of mental fatigue state, the
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quantitative identification method of different fatigue states is studied based on the characteristic
information of heart rate variability. The ECG signals under different learning duration were col-
lected in the design experiment. Wavelet transform was used to reduce the noises or interference,
and characteristic parameters of heart rate variability (HRV) were extracted in the time domain
and frequency domain. The extracted characteristic parameters were compared and analyzed to
construct various classification models such as support vector machine. Finally, three mental states
of normal, fatigue and drowsiness were classified by support vector machine algorithm. The re-
sults show that this method has a high accuracy for fatigue state identification, and the identifica-
tion accuracy of different fatigue state can be more than 80% by optimizing the parameters of
support vector machine. The application of this technology in daily life can objectively evaluate
people’s subjective fatigue state, which has important research significance and application pros-
pect in transportation, education, medical monitoring and so on.
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Figure 1. ECG acquisition equipment
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Figure 2. Experimental scenario
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Figure 3. Experimental flow chart
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Figure 4. Raw ECG signals
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Figure 5. Signals marked with R-peak after processing by the algorithm
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Table 1. HRV characteristic parameters
F 1. HRV HHES ¥

FRAE(E ik
SDNN BELIEF 03 RR A F B b e 2
SDANN P NN T8 S B R br v 2
SDNNi B RR [EYRIBRAE 22 1 P28
MeanHR P
I3
Max-min A RR W R A S B/ MEZ %
NN50 HHABIE R RR JHHIZ(E 2 KT 50ms (1141
pNN50 NNS5O FAIMA o 0o Bk K T 4 L
RMSSD HHAE RR )3 22 (A 37 AR
LFn (%) FrAEE G B LF AR
HFn (%) Rk BT BLA HF R
sk
LF/HF TR VLF ﬁEE’ZF—VLF =x100%
Table 2. Comparison of different degrees of fatigue and HRV parameters
# 2. TRIEEEFESE HRV SHLLER
ZH IEH BRI ST L 5T (B HE) P1E
SDNN 49.7+6.0 52.6 £15.5 40.0+7.2 0.016"
SDANN 37.3+£4.0 36.1+9.2 285+26 0.006"
SDNNi 252.3+3.0 254316 251.9+5.0 0.033"
MeanHR 76.2x1.1 75.7+1.0 76.0+1.4 0.015"
LF/HF 15+04 11+04 05+0.2 0.001"
pNN50 108+1.8 13.1+21 12.3+£5.0 0.476
RMSSD 318+15 33222 325+23 0.473
LFn (%) 59.0+£7.3 50.0+8.4 33.1+8.6 0.077
HFn (%) 41.0%73 200+8.4 66.9 + 8.6 0.457
Max-min 249.7+£29.1 267.9 £63.7 207.2+34.3 0.028"

¥: 'P<0.05 HEALHEE L.
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Figure 6. Schematic diagram of SVM
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Table 3. Accuracy of two-category between different levels of tireness
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