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Self-attention BiGRU fatigue detection model based on ECG signal

LIU Jie, WANG Raofen, DENG Yuan
School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China

Abstract: The physiological fatigue state of human operators has great effects on their working efficiency and safety. A
BiGRU fatigue detection model based on self-attention (SA) mechanism is proposed to study the fatigue detection method
based on electrocardiogram (ECG) signal. The ECG data of the operators in the process control task environment simulating
different load levels are collected, and the one-dimensional ECG data are taken as input. After denoising and preprocessing,
the improved bidirectional GRU neural network (BiGRU) which can more fully learn the feature connection of the timing
before and after ECG signals while retaining GRU advantages is used for feature extraction, and SA mechanism is used for
screening out significant related feature information. Finally, the obtained feature information is passed through the softmax
classifier to obtain the fatigue classification results. The fatigue classification performance of the improved SA-BiGRU
model is improved by 2% to 5% as compared with the traditional GRU model and BiLSTM model, and the overall accuracy
of the improved SA-BiGRU model reaches 83%.

Keywords: electrocardiogram signal; bidirectional gated recurrent network; self-attention mechanism; fatigue classification
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Figure 2 Sample distribution
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Figure 10 Changes in accuracy of classifying the fatigue

state of subject 4
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Figure 11 Changes in loss function of subject 4 during training
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Figure 12 Comparison of fatigue classification accuracy of the

proposed model and other models
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Table 1 Accuracies of SA-BiGRU, BiGRU, GRU and BiLSTM

models for fatigue classification (%)

#iX#&  SA-BiGRU BiGRU GRU BiLSTM
1 81.50 78.47 72.15 76.24
2 83.56 81.57 75.55 80.30
3 80.75 77.42 71.20 75.52
4 79.43 75.34 70.12 74.37
5 82.24 79.38 73.40 77.23
6 79.35 77.23 70.45 75.21
7 82.18 80.26 72.60 80.11
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Table 2 Classification accuracy of fatigue grades based on
SA-BiGRU model

W57 EH MEAFEA R WIERREA R R/ %
O(EREEY 55 ) 939 777 82.8
1 BER 55 ) 807 643 79.7
2(FH WS ) 1212 1025 84.6

MR R 2P K45 R AT LIE T : (1) SA-
BiGRU #7875 26 K 2401 5 T &R F1% 5819 GRU
BiGRU . BIiLSTM #5284 , 73 28 ffE 1 R 42 15 2%~5%, Ui
B 28 3 Bl I 1 SA-BiGRU REGS A7 250 £ 5 455 75 fy) 3k
PRy ZEHER R . (2) 27 2 v v BE 9% 57 1 1R E 1 S5 A
XA, % B30 AR S AR D R h 5 2 55
M) HAF AR — 8 W R 22 S5k ASOh R 97 5
VI e 9% 57 2 ) v 1 I A 2 S Rk IX 4y, TR Ik

KT RE AR T At 9 2 3], e 9 57 9 0 Y R R
82.8% , H LK 57 FUIMNMERR R h 84.6% , L AR 43S HEN
Rk 83%.

AT A EE T LU Y 20 3 SA BL el ik
J5 1 BIGRU 5 U 7 45 44 1 15 (0 580 rh o g ik 314
U708 3 S AR Tm) s A B T At B 1) 4 2 I 1)
FOEL, BiGRU f4 45 14 B ] 51, 28 4500 H M 45 005
TR,

R T REAS TN A VR B 9% 9IRS EA T
YU, A58 L BiGRU A 3R, ZEADUA [m] 6 fuf 7K
(A P AT 55 FRBE T RAEFRAE N S0 FL U AR
it A 2 AR AE A MO G R, 38 in SA ML, #4 k
—Fh I T 0 HL{E S SA-BIGRU % 25 43 54580 | [
X EE T —4EO B S 5 75 B0k (19 SA-BIGRU 42 #UFI
1455 (1) GRU . BiGRU } BiLSTM # #1 rft (1% 95 55 15 3]
YRR . G BAE S, AHESE b — 4 S A
F£ BiGRU [ 5 455 70 v (3% 57 43 2 A R 1 2 v T4%
i1 GRU M 4%, 5 432 M g4 i AH I ) BILSTM AH
Ll , L 2 Wi Skt B TP . LR, 78 4 2 P RB LT 1Y
BiGRU 5  fr fii— 4~ SA AL , 25 S, 7 44 ik
HAE SA-BIGRU 58U it (1% 57 43 FS RO 155 T [ A5 A2l
2%~5% , Ui B 45 G SA HL REAS i A SO A g1
T BB ok B B A O, R R E R R A
83%. A 5Tt ) 5 ok Sy AR AT 5 A9 O ) B AL
T — Pl B R A 0% 55 4y FAR Y A5 v
A 55 9% 57 A6 T R G 1Y) 7% 2l o 152 A5 AH 45 B XD
9% 57 51 R 1 VR b % 4 F ik B A — i 35 N

(5% 30K]

[1] Zhong YJ, Du LP, Zhang K, et al. Localized energy study for
analyzing driver fatigue state based on wavelet analysis [C].
International Conference on Wavelet Analysis and Pattern
Recognition. IEEE, 2008: 1843-1846.

[2] kb TR B FHBE SR GREAANHEAGAL[D]. e
Ak 2, 2015.

Zhu K. A study on discrimination of exercise fatigue degree based on
heart rate variability [D]. Shenyang: Northeast University, 2015.

[3] Zs0%, ol A TRES I e 55 en 7 kot [1]. & -F1
7, 2019(17): 51-52.

Li WX, Xie K. Research on fatigue driving detection method based on
deep learning[J]. Electronic World, 2019(17): 51-52.

(4] B&®. AT 2RAZDELERSOHAVKREHELID]. LR T
X F,2021.

Bai ZQ. Mental state research based on fusion of multi-source
physiological information[D ]. Taiyuan: North Central University,
2021.

[5] Bhardwaj R, Natrajan P, Balasubramanian V. Study to determine the
effectiveness of deep learning classifiers for ECG based driver fatigue
classification [C]. 2018 IEEE 13th International Conference on
Industrial and Information Systems (ICIIS). IEEE, 2018: 98-102.



s,
e

PR

- 584 - I

tr

< 398

4

N

N
T

(6] Xif-F . u3h 425 3 S 77 R & RA R AAFL[D]. oo Ri%:
%A KA, 2013.

Liu HP. Research on recognition system of vehicle driver's fatigue
status[ D |. Harbin: Harbin Institute of Technology, 2013.

[7] Hockey GR, Wastell DG, Sauer J. Effects of sleep deprivation and user-
interface on complex performance: a multilevel analysis of
compensatory control[J]. Hum Factors, 1998(40): 233-253.

[8] Lorenz B, Parasuraman R. Human operator functional state in auto-
mated systems: the role of compensatory control strategies|[M]//
Hockey GR, Gaillard AW, Burov O, et al. Operator functional
state: the assessment and prediction of human performance degra-
dation in complex tasks. Amsterdam: 10S Press, 2003: 224-237.

(9] ATHARl, £ AT ATk B eah Bk AR £ s A5 5
Hekhwy m R[] AW EF TR 516K, 2016, 20(2): 127-130.
He LL, Wang YF, He WIJ. Application of modified threshold method
based on wavelet transform in ECG signal denoising[ J ]. Biomedical
Engineering and Clinical Medicine, 2016, 20(2): 127-130.

[10] Donoho DL, Johnstone IM. Adapting to unknown smoothness via
wavelet shrinkage[J]. J Am Stat Assoc, 1995, 90(432): 1200-1224.

(11] LA PE3RA 2 1 449 ZR 2338 (V] B4R 5K, 2019, 15
(21): 182-184.

Xia YL. A review of the development of circulating neural networks
[J]. Computer Knowledge and Technology, 2019, 15(21): 182-184.

(12] R4 X, RFR, 30k, 5 R TR AR U 22 W 209 42
Rz MR [T]. & 7 B S A, 2018, 38(5): 36-43.

Niu ZW, Yu ZY, Li B, et al. Short-term wind power forecasting model
based on deep gated recurrent unit neural network[ J]. Electric Power
Automation Equipment, 2018, 38(5): 36-43.

[ 13] Bahdanau D, Cho K, Bengio Y. Neural machine translation by jointly
learning to align and translate[J]. arXiv preprint, arXiv: 1409.0473,
2014.

[14] Zhou P, Shi W, Tian J, et al. Attention-based bidirectional long short-
term memory networks for relation classification[ C J. Meeting of the
Association for Computational Linguistics, 2016.

[15] Zhou H, Fang ZJ, Gao YB, et al. Feature fusion network based on
attention mechanism for 3D semantic segmentation of point clouds[J].
Pattern Recogn Lett, 2020, 133: 327-333.

[16] Shen T, Zhou TY, Long GD, et al. DiSAN: directional self-attention
network for RNN/CNN-free language understanding [ C . Thirty-
Second AAAI Conference on Artificial Intelligence, 2018.

[17] Yu AW, Dohan D, Luong MT, et al. Qanet: combining local
convolution with global self-attention for reading comprehension [ J].
arXiv preprint, arXiv: 1804.09541, 2018.

[18] Shen T, Zhou T, Long G, et al. Reinforced self-attention network: a
hybrid of hard and soft attention for sequence modeling[J]. arXiv
preprint, arXiv: 1801.10296, 2018.

[19] Li W, Qi F, Tang M, et al. Bidirectional LSTM with self-attention
mechanism and multi-channel features for sentiment classification|[J].
Neurocomputing, 2020, 387: 63-77.

[20] Wang Z, Zhu J, Yan T, et al. A new modified wavelet-based ECG
denoising[J ]. Comput Assist Surg, 2019, 24(Sup1): 173-183.

[21] Li XB, Wang WQ. Learning discriminative features via weights-biased
softmax loss[ J|. Pattern Recogn, 2020, 107: 107405

[22] Osowski S, Linh TH. ECG beat recognition using fuzzy hybrid neural
network[ J]. IEEE Trans Biomed Eng, 2001, 48(11): 1265-1271.

(%4 3 1E5%)



