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A Multi—Scale Attention Model for Driving Attention Prediction

JIANG Chao, GAO Dongrui, LI Pengrui, ZHAO Changming
(School of Computer Science, Chengdu University of Information Science and Technology , Chengdu 610225, China)

Abstract: In recent years, many studies have been dedicated to the prediction of driving attention by utilizing multimodal data derived from
EEG and EOG. However, effectively fusing these two modal data remains a challenging task. In this paper, a methodology named the multi-
modal multiscale channel attention regression network for driving attention prediction was introduced . The model employs a multi-scale incep-
tion unit to extract multi-scale features from both EEG and EOG data. Subsequently, it sequentially merges EEG and EEG features at different
scales, enhancing the diversity of fused features. Concurrently, a multi-scale channel attention mechanism is introduced to assign differentiat-
ed weights to multi-scale features to strengthen the features related to attention prediction, and to improve the model’s sensitivity and expres-
siveness to driving attention-related features. Through a series of experiments conducted on the SEED-VIG dataset, the proposed model
achieved a PCC of 0.959 and RMSE of 0.064 in the intra—individual experimental group, and corresponding values of 0.892 and 0.112 in the
cross—subjects experimental group, showcasing exceptional performance.
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Fig.1 Overall model architecture
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Fig.2 Multi-scale perception unit
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Table 1 Experimental comparison results
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Table 2 Performance comparison of models with different numbers

of multi—scale perception units
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Table 3 Comparison of model performance with different attention

modules

#3 AERFENEROEBERELLR
S5 TR RMSE PCC
B RE=WAL S-S 0.092 0.922
AR PR S5 SE 0.075 0.938
ECA 0.064 0.959
PREEWIL 5N 0.133 0.870
PR S SE 0.123 0.887
ECA 0.112 0.892
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Table 4 Comparison of different modal performance

R4 TREESERELLE

Sere Sl PR RMSE PCC
EEG 0.082 0.932

AR L5 EOG 0.068 0.947
EZ o 0.064 0.959

EEG 0.136 0.856

PR S EOG 0.124 0.872
EZ % 0.112 0.892
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