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Fig.1 EEG signals preprocessing workflow
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based on EEG signals
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Real-time Mental Workload Monitoring and Evaluation System Based on EEG
Signals of Pilots

Li Weining, Han Zongchang, Xing Chenguang
China Institute of Aeronautic System Engineering, Beijing 100012, China

Abstract: Real-time monitoring and assessment of pilots’ cognitive load status when performing air combat missions
play an important role in ensuring the safety and efficiency of missions. Based on EEG signals, this paper proposes a
DGCN-LSTM cognitive load assessment model. This method extracts the spatial topological features of EEG based
on dynamic graph convolution networks, and fuses the temporal information of features at different locations in the
time dimension through the LSTM network. Finally, the spatial and temporal features are extracted and fused to
evaluate the cognitive workload status via the fully connected layers as a classifier. In order to verify the feasibility of
the algorithm, the experimental paradigm simulated a variety of typical air combat missions by establishing a flight
mission simulation platform, setting up mission scenarios with different complexities to stimulate pilots’ different levels
of cognitive load states, and collecting the subjects’ EEG signals for model training and evaluation. In the sample
data set collected in this article's experiment, the average accuracy of this algorithm in cognitive load classification
reaches 89.08%, with 1.24M parameters of model, and its performance is better than other algorithm networks based
on traditional machine learning, CNN, RNN, and GCN backbone. This work is proved to realize real-time mental
workload estimation of pilots accurately.

Key Words: mental workload estimation; EEG signals analysis; graph neural networks; LSTM; real-time monitoring
system
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