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demanding for classifiers that can work across subjects while using short o e tard
duration of electroencephalography (EEG). N e

d The number of channels as well as selecting the right location of channels

_ _ _ _ Fig. 2. The overlap degree between two classes, for four different scenarios of various overlaps between classes.
play key factors in setting the practicality and the accuracy of the BCI.

d CNN-LSTM Classifier

= The CNN contains two 1D convolutional layers, one with 16 filters of size 15, and another with 64 filters of size 64. The
second convolutional layer is followed by a max-pooling layer of factor 3.

 In this study, we present a deep learning framework that employs dynamic
channel selection to early classify left vs right hand motor imagery (M)
tasks.

= The LSTM models the temporal dynamics of the extracted by the CNN, in order to avoid the long-term dependency issue
that exists in traditional recurrent neural networks.

The proposed framework (Fig. 1) consists of three main stages: = Two fully connected layers with an output sizes of 64 and 32, activate the abstract features using a sigmoid activation
* Preprocessing function. A 0.5 dropout layer follows each fully-connected layer.
* Dynamic channel selection based on the Davies-Bouldin Index (DBI) » Binary cross-entropy is used as loss function. Adam is used as the optimizer.
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_ _ _ _ Table 1. Classification accuracy (%) of left and right hand Ml tasks for different
» Artifacts are removed using independent component analysis (ICA). cr;annel selection methods using 800 ms EEG recording. M Ref. | Duration (ms) Feature Classifier | Accuracy(%)
trategies -
D Dynamic Channel Selection M 22-chan. 16-chan 10-chan. Dynamic-chan. 2016 2] 3000 Channel-based SVM =492
_ o _ AO1 49 36 47 .07 54.09 55 91 2017 [3] 3000 Channel-based RBM 64.60
= The DBI is a measure of distinctiveness between two classes of data, AO2 59.09 58.36 59.82 62.73 2019 4] 2000 Functional Connectivity| LS 71.00
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« The DBl is computed as AO7 — — S o = |t can be concluded that the proposed method is an
, A0 e e e e efficient method for improving the accuracy and
B = S;+5Sj A09 85.36 86.27 89.73 88.09 .. P
T Tl AR —— — — — efficiency of BCls for early classification.
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