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Classification of fatigue states based on short-term ECG signal and 1D-ECNN

WU Xue, WANG Raofen

School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China

Abstract: One-dimensional double convolutional neural network (1D-ECNN) which includes 4 convolutional layers, 2 maximum
pooling layers, 1 fully connected layer and 1 softmax output layer is proposed for detecting the fatigue state of the operator based
on the acquired electrocardiogram (ECG) signals. Only a small number of convolutional cores are used in this study, which can
reduce the number of model parameters, decrease the complexity of the model and increase the speed of model training, and
meanwhile, it avoids the complicated feature extraction process or feature selection process in traditional methods. The acquired
ECG signal is divided into samples with a time length of 1 s and then put into 1D-ECNN for classifying the fatigue state of the
operator based on the short-term ECG signal. The simulation results show that the average classification accuracy of the proposed

method is up to 95.72%, indicating that the proposed method can accurately detect the fatigue state of the operator in real time.

In addition, it can better eliminate the effects of individual differences.
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Fig.1 Automation—enhanced cabin air management system
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Fig.2 Experiment paradigm

2.1 BB/ AR

Ly HLAE 5 R h 500 Hz, 5 R 4 2] 1.0
B R B 500 1 A (B 1 s) g —REAS . LR 431
7 E A 3 R, H A TR — S HE R R R R
— AN EEEA ARIR LA 1 s BT s A K 0470 201

Bty v == === .

S —

E3 LENEIREE

Fig.3 Schematic diagram of ECG segmentation
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Fig.4 Convolutional neural network structure
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Tab.1 Structure parameters of one—dimensional double

convolutional neural network (1ID-ECNN)

5 MZKR BREBERAD BK BREEHE HihRST
1 1 1x2 2 64 1x250
2 B2 1x2 2 64 1x125

3 i1 1x2 2 64 1x62

4 B3 1x2 2 32 1x31

5 L4 1x2 2 32 1x16

6 Mk 2 1x2 2 32 1x8

7 EScEis 512 - 1 512x1
8 Softmax 2 - 1 2
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Fig.6 Loss function change of subject 3 during training

0.8
—loss
—val-loss
0.6
S04
0.2
LA A A
O0 50 100

LUK
7 WA AFENEIEPIRK B BT LE

Fig.7 Loss function change of subject 4 during training
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Fig.8 Accuracy of fatigue state classification for subject 3
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Tab.2 Total accuracy of fatigue state classification for
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Fig.9 Accuracy of fatigue state classification for subject 4 3 93.34 98.36 96.85
4 100.00 100.00 100.00
5 97.82 88.93 93.38
6 98.72 94.67 96.70
gﬁ 7 95.76 91.39 93.58
ﬁ 8 90.68 93.85 92.29
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Fig.10 Classification confusion matrix of subject 3
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Fig.11 Classification performance of the model
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Tab.3 Comparison of the proposed method with other
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