5548 % 454 W) ‘f’ A Vol. 48 No. 4
2025 4 12 A NAVIGATION OF CHINA Dec. 2025

X EHS 1000 —4653(2025)04 - 0070 - 08

=

AT

=
A

~

e . REFFFR, ACHEEIRK B KR ﬁﬂ?&ﬂw\ﬂ’]{é@ﬂ“,uﬁﬁl

ET EEG B EMIN R IF= T RIAR R RS 2515 7

INMGE, AR, I 42, EIiEA
(KA MUEERE, 107 i 116026)

B AN IO AN & A B U, Ny R R R S R A i B R R . MERR TR A A AN R 3
SNV ARG, SR Gk R AL BB A R Lo SR ISR AR ok R g s A2
WA ARAE S X A5 5 2T FUAL 21 L K B Bl N R B IR A6 155 0 i AN [RUBL 0 715 5, 4R B~ T4
B 3 FRRIE ST R AR AR T 4 I AREZE RN AR o A A A IR UGS FH R HLAS 2 ) BT R
KR MERREAN F) SEIPAGRE PR AR T TIPAN o AR 45 SRR W SR I L S R AU B 4, MER iR 3 T
87.97% ,FEME 3 MRS 25 = /3 BRI U W25, W R AU SEBOAR 5 I L5 51 45 IR BORAB 2 &, A A
VR ARG GUAE KR S5 T RS 25 . 1205 A B e SO B Bs I b P R 5L 00 N 2 R

SR < O VTA i I R LIS 5 AN 977 5 /DN AR e 5 S ) SEIL

hESES . U69 XEkFRER A DOI:10. 3969/j. issn. 1000 —4653.2025. 04. 008

Emotion recognition of crew fear in virtual fire scenarios based on EEG

SUN Mingze, REN Hongxiang, SUN Jian, WANG Delong
( Navigation College, Dalian Maritime University, Dalian 116026, China)

Abstract: Maritime fire incidents pose a significant threat to the safety of ships, with human factors being the primary
cause of these accidents. Accurately identifying the emotional changes of crew members in maritime fire scenarios is of great
significance for enhancing their firefighting capabilities. Virtual reality technology is employed to simulate maritime fire
scenes and collect Electroencephalogram ( EEG) signals from multiple subjects. The EEG signals are preprocessed and
decomposed into sub-signals of different frequency bands using discrete wavelet transform. Three features, including mean
absolute value, standard deviation, and root mean square, are extracted from each sub-frequency band to establish a feature
set. Multiple machine learning models suitable for emotion recognition are constructed, and the models are evaluated using
metrics such as precision, accuracy, and F, score. Experimental results show that the support vector machine classification
model performs the best, with an accuracy of 87. 97% , which significantly improves the three-class classification problem of
crew members’ fear emotions in maritime environments. Combining virtual reality technology with EEG emotion recognition
techniques can effectively induce and identify crew members’ fear emotions in fire scenarios. This method is beneficial for
assessing and improving the emergency response capabilities of crew members in firefighting training.
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