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Temporal attention memory network for evaluating air traffic
controller cognitive load

TONG Qingyun'?, GONG Peiliang'?, ZHANG Liying'?, WANG Kun'?,
ZHOU Yueying®, ZHANG Daogiang'?

(1. College of Computer Science and Technology, Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China;
2. The Key Laboratory of Brain-Machine Intelligence Technology (Nanjing University of Aeronautics and Astronautics), Ministry of
Education, Nanjing 211106, China; 3. School of Mathematics Science, Liaocheng University, Liaocheng 252000, China)

Abstract: To improve the accuracy and real-time performance of cognitive state monitoring in complex work scenarios,
this paper focuses on cognitive load recognition in air traffic control tasks and proposes a temporal attention memory
network (TAM-Net). The method models the dynamic features of electroencephalography (EEG) signals by integrating
a surrogate attention mechanism and attentional long short-term memory (LSTM) units. The surrogate attention mechan-
ism effectively reduces computational overhead while maintaining global modeling capabilities through surrogate
tokens, and the attentional LSTM units enhance the model’s capacity for memory and representation of long sequences
and complex dependencies. Experiments were conducted on a self-collected EEG dataset, and the results show that
TAM-Net considerably outperforms comparative models in two types of tasks. These findings indicate that TAM-Net
can effectively capture complex temporal dependency features, providing a new methodology and technical support for
precise cognitive load monitoring and real-time regulation.

Keywords: air traffic control; electroencephalography; time series analysis; attention mechanism; cognitive load evalu-

ation; neural network; long short-term memory network; classification recognition; human-computer interaction
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Table 3 Results of the five-class classification comparison experiment %
sl HIRTIES HR EJ kS F,

SVMB4 62.6 57.9 66.8 62.0
CNNBY 67.8 69.6 77.8 73.5
ConvNetP* 78.4 68.4 81.0 74.2
FBCNet"” 72.3 87.3 75.6 81.0
DeepCNNE! 85.5 78.2 89.7 83.6
LSTME® 82.2 80.8 85.7 83.2
EEGNet™! 84.7 90.7 78.7 84.3
EEGNet-LSTMP4 89.1 84.0 94.7 89.0
MB3DM! 90.3 81.7 95.7 88.1
BCBMLM! 88.2 89.0 87.5 88.3
RADWTH 88.5 88.3 88.2 88.6
TAM-Net 93.5 93.8 93.7 93.7

T ML R fre g

Fd4 REESHEFNENTEER

Table 4 Classification results of the model across five categories %
Fabn Class 0 Class 1 Class 2 Class 3 Class 4 Overall
HERf 2 92.7 89.1 94.4 95.1 96.6 93.5
HhER 943 93.7 91.0 94.9 95.4 93.8
AR 92.7 89.1 94.4 95.1 96.6 93.7
F, 93.5 91.3 92.7 95.0 96.0 93.7
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