55 57 B4 6 ] B RS IR Rez2e e CH R B 22 ) Vol. 57 No. 6

20254 12 H Journal of Nanjing University of Aeronautics &. Astronautics (Natural Science Edition) Dec. 2025

DOI:10. 16356/j. 1005-2615. 2025. 06. 017

EF TCN-LSTM 52X iFE AU H B9 YL A 5% 5 Tl
FEl BRL, K O ke

(LR T 23 00 R R 23 i 28 5 RAT 4B, 1 5t 2111065 2. Bt B i B= B¢, i 201103)

#rﬁ“- A BB A 5 TR B KR RATA T AR T — AR TR AR A % e K AT

% (‘Temporal convolutional network-long short-term memory, TCN-LSTM) 5 & kAL i & 7 L] &9 BLLL R 5 Ik
,{%ﬁi W 7y k. @it % ROE Y 4 AR $ BURE 3 4 42 s, (Electroencephalography,, EEG )42 5 9 B 47 4 42 5 K #14&k
EiES ? F A B RACEE ALK R TR 5 S 2B R MR, SF A A B AT B A A AT AR £ LT R
%, FHRAEREN,ZFEFRE-BSTAMABRRS 15.3% 69 FR MM E, TR E e H F R A E 12.5 min, L ¥,
TCN-LSTM 4 M % o i B 45 42 B 807 A LSTM M & 42 1 22.7%, B RACEFE bl £ B 5wk & 2 at
PR3 184% ., HRAEMETMZELE EHE T @YK T E—REFZ IR ERN TREAR TR EaT B,
FEAR kAT A WU F IR i P A AR KA BRI BERLEZE AR SR ARS A 2R
hESES V323 XHEFRERG A XEHS:1005-2615(2025)06-1212-10

Fatigue Prediction for Flight Crews Using TCN-LSTM with
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Abstract: To improve the prediction accuracy of crew fatigue and enable early warning of abnormal states,
this study proposes a novel fatigue prediction method integrating the temporal convolutional network-long
short-term memory (TCN-LSTM) with a hierarchical attention mechanism. The approach employs a multi-
scale temporal feature extraction module to capture time-frequency characteristics and long-term dependencies
in electroencephalography (EEG) signals, while the hierarchical attention mechanism effectively fuses EEG
and psychological scale data. Differential prediction strategies are designed for operating pilots and monitoring
pilots. Experimental results demonstrate that the proposed method achieves a 15.3% higher prediction
accuracy compared to single-modality models, with an early warning time window advanced to 12.5 min.
Specifically, the TCN-LSTM hybrid network improves temporal feature extraction efficiency by 22.7% over
conventional LSTM networks, and the hierarchical attention mechanism enhances multimodal fusion
performance by 18.4%. This hybrid architecture outperforms single deep learning models in both timeliness
and accuracy, demonstrating applicability for real-time monitoring in aviation human factors engineering.
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term memory (LSTM) ; hierarchical attention mechanism; multimodal fusion; role difference
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Fig.1 Flowchart of flight crew fatigue prediction
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Fig.6  Multi-indicator radar chart
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