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Abstract: To identify the psychological load of operators in hazardous operations and improve
the reliability of man-machine systems, the psychological load was induced by the detonation of
energy-containing materials, and the heart rate, EEG (electroencephalogram) , and eye
movement signals of 30 subjects were collected for psychological load identification under the
resting state and psychological load. Firstly, the paired t-test and rank sum test were used to
statistically analyze the collected heart rate, EEG and eye movement signals. Eight EEG, three
eye movement, and nine heart rate features were significantly changed under the resting state and
psychological load. Secondly, Pearson correlation analysis, maximum relevance minimum
redundancy (MRMR ) algorithm and principal component analysis (PCA) were applied to reduce
dimension of the physiological indexes obtained from the preliminary selection. Finally, the
physiological indicators obtained after dimensionality reduction based on the above three methods
were used for psychological load identification by Logistic Regression, KNN, SVM, XG-Boost,
Decision Tree, and Random Forest machine learning methods. The results showed that the
Random Forest machine learning method has better identification performance (ACC=0. 917, SN
=1.0, SP=0.857, F1=0.909, AUC=0.971) based on MRMR’ s psychological load feature
selection results. The current research provides a theoretical basis for the effective identification
of the psychological load of operators in hazardous operations.
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Fig. 1 Flow chart of psychological load identification

1.1.3 SEgad e

S0 A HE 24 4 o R R S 0 A GE A RE A R
0 bt 51 &N B 0 B B T L SE B0 T AR
H B3R B3 A 52 904155, Jil# Semi-Dry EEG
2 2 H % iR HL AY L Tobbi HR 24 F1 2 BE AT 27 3
TR IR W & SR 5 S RO . ik
N ERE S min 5 U & &SRS G O
AR5 5 b5 gl N 5 i A g o B S 56
LTI RE MR SR L O B T Y
Fifi HL O SRANHR S5 5 . AR S5 28 PN T3 4 %
100 YK /min Y75 2 JIREOR Sl B gl N 63 0
HEAA g . [ 2 AR SEO B i S S B R A

1.2 KSR E S

A 32 2238 1) R AR O B AR a7 15 S 5 R
S B HR Bl A H AL AT S X N AT
FRAAAar PR 4B . 430 9 S 3 48 AR AL 4 AR B 8 bR
(i AL B AR T AL [A) L Rz MR A 22 ), o0 R 4R A
(HF, LF, HR %) 1 fixi HL 45 5 (5, 0, «, B, 7y, Peak
power 5§ ) . 1X LERFAEF8 A B A 5 1) A P 2 3
W
1.3 HiEANEMAH A E
1.3.1 {55 miats

h T G SR R v SRR B A R B A
T FCE 1 s A R AT R H AR B RO R
SR B IR, XTGBT R I (RN DS th




% 4 1 A BE AT AELESTHARELAR SHE G FRANFR 603

BD-I1-12 174 At ] 515 WEAR

+

/

(1 \\\ - ’
- f BERS LB EMEE

B2 OEHEESIERER
Fig.2 Flow chart of the psychological load induction experiment

Tobbi Glasses 3B 1Y

VUuuuvwuL

R1 FEERREEEFEN
Table 1 Characteristic indicators and their physiological significance
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Table 2 Paired t-test results of physiological indexes under the resting state and psychological load
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Table 3 Results of rank sum test for physiological indexes under the resting state and psychological load
e3Ii| Si=g7n AL BB median(p25,p75) LI median(p25,p75)  SGiitE Z p
L AR mm 3.78(3.50,4.03) 4.74(4.45,5.29) -3.883  0.000
Rahisbs  FEOLERE ms 571.50(342. 75,667. 00) 393.00(286.50,438.00)  -2.688  0.007
17 IR A % W/min  178.00(139.00,277.75) 125.50(93.25,173. 50) -2.390  0.017
SDNN ms 0.11(0. 06,0. 16) 0.07(0.05,0.09) -3.445  0.001
RMSDD ms 0.13(0.04,0.18) 0.05(0.03,0.09) -3.198  0.001
SDSD ms 0.12(0.04,0.18) 0.05(0. 03,0.09) -3.198  0.001
pNN50 % 0. 18(0. 08,0.32) 0.10(0. 04,0. 24) -2.808  0.005
DR R pNN20 % 0.51(0.43,0.64) 0.47(0.32,0.57) -2.952  0.003
LFnorm Nu 0.73(0. 64,0. 89) 0.79(0. 68,0.92) -1.743  0.081
HFnorm Nu 0.27(0. 11,0. 36) 0.21(0.09,0.32) -1.743  0.081
LF/HF — 2.63(1.77,8.04) 3.71(2.18,10. 50) -1.286  0.199
CcV — 0.16(0.09,0.23) 0.09(0.07,0.14) -3.178  0.001
Sk Bl A dB 52.63(43.76,70.24) 77.83(66. 81,95.99) -4.958  0.000
N E=IES dB 41.92(36. 46,54. 89) 68.51(57.09,91.75) -5.608  0.000
B dB 61.81(40.77,83.07) 76.78(68.32,76.78) -4.107  0.000
B %R dB 75.38(12.21,148. 63) 120. 39(82. 01,206. 01) -4.608  0.000
y I BR dB -69. 63(-116.39,30. 31) 14.99(-29.38,133.11)  —-4.920 0. 000
_ Peak power dB 21.05(16.96,32.73) 27.73(23.75,35.06) -3.414  0.001
Hi L FE A
SMR dB 38.31(20. 86,66. 41) 41.00(31.28,60. 81) -1.257  0.209
o/ — 0.67(0.46,1.41) 0. 66(0. 49,0. 86) -2.069  0.039
63 — 0.48(0.31,1.23) 0.55(0.44,0.75) -0.581  0.561
(a+6)8 — 1. 18(0. 76,2. 76) 1.21(0.93,1.62) -1.407  0.160
(a+6)/(a+B) — 0.79(0.56,1.31) 0.72(0. 62,0. 86) -2.657  0.008
0/(a+B) — 0.33(0.24,0.64) 0.33(0.29,0.41) -1.307  0.191
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Table 4 Feature extraction results
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Table 5 Machine learning classification results
Tk iRl ACC SN SP Fl1 AUC

Logit 0.833 0.8 0.857 0.857 0.829
KNN 0.75 0.6 0.857 0.800 0.686
Pearson SVM  0.75 0.8 0.714 0.769 0.714
MXAHT XGB 0.917 0.8 1.0 0.933 0.900
DT 0.75 0.8 0.714 0.769 0.757
RF  0.917 0.8 1.0 0.933 0.943
Logit 0.750 0.8 0.743 0.727 0.771
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