EEG-Based Cognitive State Assessment Using Deep Ensem-
ble Model and Filter Bank Common Spatial Pattern

Debashis Das Chakladar!,Shubhashis Dey?, Partha Pratim Roy!, Masakazu Iwamura’

YIndian Institute of Technology, Roorkee, India, ZInstitute of Engineering and Management, India, *Osaka Prefecture University, Japan

Abstract

Electroencephalography (EEG) is the most used physiological measure to evaluate the cognitive state of a user efficiently. As EEG inherently suffers from
a poor spatial resolution, features extracted from each EEG channel may not be efficiently used for the cognitive state assessment. In this paper, the
EEG-based cognitive state assessment has been performed during the mental arithmetic experiment, which includes two cognitive states (task and rest) of a
user. To obtain the temporal as well as the spatial resolution of the EEG signal, we combined the Filter Bank Common Spatial Pattern (FBCSP) method
and Long Short-Term Memory (LSTM)-based deep ensemble model for classifying the cognitive state of a user. The proposed deep ensemble model consists
of multiple similar structured LSTM networks that work in parallel. The output of the ensemble model (i.e., the cognitive state of a user) is computed using
the average weighted combination of the individual model prediction. This proposed model achieves 87% classification accuracy, and it can also effectively
estimate the cognitive state of a user in a low computing environment.
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ensemble model is depicted in Fig.1(b). (b)

Fig.2.: (a): CSP filters (topographic map) of EEG bands for cognitive state task and rest: theta band
(1%t and 2"? row), alpha band (3" and 4" row), (b) Subject-wise performance analysis: Result of

Leave-subject-out experiment.
Conclusion: From Fig.2 (a), it can be observed that the CSP filter of alpha-band (37¢ filter of the 3" row) can
effectively distinguish the two cognitive states of a subject.

6. Conclusion and Future Work

1. The proposed deep ensemble model can effi-

ciently identify the cognitive state of a sub-
ject with 87% classification accuracy. 5. Performance Ana|y5|s

. The model can be effectively utilized for the  Receiver operating characteristic
execution of a deep model over a large vol-
ume of data in the low computing environ-
ment.
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. Due to low computational resources, we ex-
perimented on fourteen subjects among the
total thirty subjects. The proposed model
achieves the maximum accuracy with ten

subjects (Fig.3 (b)).
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model by adding multimodal functionality (EEG (a) (b)

and NIRS) for more number of subjects.
Fig. 3: (a) ROC Curve of the model, (b) Result of scalability test.




