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Fig. 1. The system of multimodal driving fatigue detection. (a) experimental scenario. (b) a subject wearing an EEG cap and a pair of Tobbi movement velocity
Glasses was driving a simulated vehicle in the simulation platform.
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Fig. 2. The overall framework of eye-tracking data processing. The
data was first recorded on an SDCard of Tobbi Glasses and then ex-
ported by Tobbi Pro Lab. Among the exported data, the tracking data
was further precessed to obtain several critical indices by a specially
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Fig. 4. The EEG topographies of power distribution in three frequency bands and the subsequent slatistical analys:s across five brain regions

are presented. These topographies are organized in a 3x3 grid, as depicted in (a), with each column representing a distinct frequency band and

each row signilying different cognitive states: the alert state, fatigue state, and the subtraction of the fatigue state from the alert state. Notably,

iIE HH E EG *;j(ﬁb ﬁ' f&ﬁ *E ﬁ'."-." *E % EI\]Hﬁ EIE b2 158 {‘B the color representations in (b) and {c) are consistent. In (b), the channels chosen for analysis in the tive brain regions are shown. Meanwhile, (c)
oy BB )? jj X illustrates the average power across three fraquency bands for the five regions in two mental slates, accompanied by the corresponding significance

by Wilcoxon test. The Wilcoxon test was performed on 28 driving sessions (*** indicates p < 0.05, and "*** indicates p < 0.01).
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Fig. 6. Classificanon resufts of methods In intra-session, cross-session, and cross-subject evaluation tasks. (8) depicts the intra-session results.
Intra- 98.84 91.61 99.60 99.72 99.93 0:30% O161  0.76%, 98,60 - 0 16%, 90,725 0.15% and 99,90 + 0,05%, respecivaly. () Gepics 1ho roes esson resuls. The worage

Session Cross-session accuracy of the five methods & 8015 = 0.58%, B2.75 + 0.44%, BB.25 + 1.68%, B B39% + 0.63%, and BB 67 + 1.00%., respectively.
(c) depicts the cross-session results. The average cross-subject accuracy of the five methods is 72.32% &+ 0.86%, 73.98% 4 0.32%, 77.64% 1
0.69%, 77.75% + 1.00%, and 78.19% + 0.56%, respectively. Our multimodal method performs consistently well among the five approaches in
Cross- 80.15 82.75 88.25 87.83 88.67 three evaluation tasks
session TABLE IV
PERFORMANCE {lN PERGENT} ON SEED-VIG DATASET
Cross- 72.32 73.98 77.64 77.75 78.19
subject Method Accuracy
Multimodal-DCCA 86.99
Multimodal-DGCCA 87.83
Multimodal-Ours 96.62

The bold values indicates the highest
accuracy among the methods.
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Fig. 8. Feature visualization of unimodal and multimodal methods for
all subjects. The visualization represents the features learned by the two
unimodal methods, namely “EEG” and “Eye Tracking,” as well as the fea-
tures learned by the proposed multimodal methods using additive fusion
and concatenative fusion as fusion methods denoted as “Multimodal-
Add” and “Multimodal-Concat,” respectively. Notably, the visualization in-
tentionally omits the modules of 1D attention and cross-modal alignment
in “Multimodal-Add” and “Multimodal-Concat” to provide a clear and
intuitive assessment of the efficacy of adopting multimodal approaches.
To avoid the overfitting of models, the data of Subject 2 was used as
validation and model selection.
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Fig. 10. Impact on features (UMAP) through cross-modal predictive
alignment and Deep Canonical Correlation Analysis (DCCA). The visu-
alization encompasses data collected from all subjects. The term “Multi-
modal” pertains to the proposed multimodal model without cross-modal
alignment or DCCA, while “Multimodal-Ali." and “Multimodal-DCCA” re-
fer to the models that incorporate cross-modal alignment and DCCA,
respectively. The top, middle, and bottom rows of the visualization cor-
respond to the features extracted from epoch 1, epoch 5, and epoch
30, respectively. Notably, the module of 1D attention was deliberately
excluded to facilitate a clear and direct comparison among the methods.
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