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Portable?

User Independent?

“... Is cost-effective and portable ”

Source:
Ahn, Sangtae & Jun, Sung. (2017). Multi-Modal Integration of EEG-fNIRS for Brain-Computer Interfaces — Current Limitations and Future Directions. Frontiers in Human Neuroscience.
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EEG signals

Harmonics of

X1] X2 X3 | X4 | X5 | Xe | X7 [ X8 Y1|Y2|Va|Va|Vs|Ve stimulus signal
Wiy Wixg Wy Wy
Pros:
* Low computational cost
3
* Robust
Ordinary
correlation
Cons: :
* Relatively weak
y % P Y
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Ji

Allows for better use of

* Fundamental frequency

e Harmonics

Better accuracy!




This paper’s
contributions




Notch filter at 50Hz

Preprocessing

Frequency response of filter (dB)

w

5

Frequency (Hz)

Common Average Reference Filter

Signal preprocessing is shared

among all models! 0.5

0.1

[Lecture 8]



Filter Bank

FB 1:

* Trivial case

FB 2:

 Makes better use of
harmonics

e Allows the network to
learn the details
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1. Windowing [0.0s — 0.5s]
2. Short-Time Fourier Transform [0OHz —90Hz] (2Hz)
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1. Windowing [0.0s — 0.5s] (0.167s)
F BC N N 3 D 2. Short-Time Fourier Transform [OHz —90Hz] (2Hz)
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How do they compare?

accuracy [in %]

100 - e —
\
% "
80 4 —— best —= =
mean
w—WOI'SE
70 -
60 - \
—_—
FBRNN  FBCNN-3D FBCNN-2D  ACNN ARNN SVM FBCCA

Subjects | FBRNN | FBCNN-3D | FBCNN-2D | A-CNN | A-RNN | SVM | FBCCA
1 83.7 82.8 81.9 T 78.1 80.8 | 86.8
2 87.9 87.7 87 83.7 79.5 82.6 | 87.9
3 97.6 97.3 97.5 95.3 94.9 937 | 94.7
4 784 77 78.1 75.4 74.8 69.6 | 70.3
5 97.6 96.2 96.2 93.8 93.5 89.7 | 96.6
6 96 95.5 96.7 935 93.8 90.6 | 87
7 91.8 93.1 92.4 88.8 88 86.6 | 88.4
8 96.7 96.6 96.4 93.7 95.3 91.3 | 88.8
9 86.8 81.9 81.2 82.8 78.6 79.2 | 80.4
10 92.8 92 94.4 90.4 89.9 86.4 | 90.8
11 70.5 67.9 66.3 65.6 65.8 62.1 | 56.2
12 783 i 78.8 63.8 73.4 66.7 | 62.9
13 61.8 59.8 59.8 59.1 57.8 58 | 56
14 76.3 77.9 76.4 70.5 70.8 67.6 | 65.9
15 92.2 94.6 94.6 90 88.9 884 | 84.1
16 87 85.5 80.4 79 75.7 723 | 79
17 80.3 783 79.9 76.6 78.1 705 | 73.6
18 835 78.6 79.2 78.6 76.8 772 | 774
19 80.8 82.1 78.4 75.9 73 754 | 70.3
20 93.7 92.6 94.4 92.2 92 86.8 | 90.2
21 78.6 795 7.2 75.5 75 752 | 73.7
22 98.7 97.6 96.6 95.8 95.7 942 | 835
23 77 755 74.8 71.6 69.4 652 | 71.6
24 97.1 96.9 97.3 95.3 92.2 915 | 91.8
% 92.4 94.2 93.7 84.6 86.2 815 | 76.8
26 93.1 94.7 94.2 91.7 90.2 89.1 | 77.2
27 97.1 95.5 96 93.3 89.9 895 | 95.1
28 96.2 95.5 95.5 94.4 92.4 90.8 | 96.4
29 73.4 72.6 71.2 54.3 60 58.3 | 53.3
30 97.3 96.9 96.4 94.4 95.1 931 | 935
31 94.4 94.6 96.2 935 93.8 90.8 | 86.1
32 99.1 98.9 99.5 98.7 98.6 96.6 | 97.1
33 65.4 685 66.8 69.6 67.4 72.3 | 71.4
34 86.2 84.2 84.6 788 78.6 77 | 74.3
35 95.7 93.7 93.1 90.8 92.9 89.1 | 77.4
HMean 87.3 86.7 86.4 83.1 82.7 80.9 | 80.2
Accuracy

SMean 0.877 | 0.872 0.867 0.831 | 0829 | 0.807 | 0.786
F1-Score

Sy




What did the

paper
accomplish?

Challenges:

* One electrode

* Small data length

They both usually reduce
performance drastically!

Results:

e Very good results
considering this complicated
scenario

Potential for portable and
online application!
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 Choice of model matters!

* The choice isn’t always
trivial

e Clever preprocessing of the
(a) Restricted Boltzmann Machine (b) Autoencoder (¢) Convolutional Neural Network d ata Ca n i m p rove m O d e |

CT) ? 9 9 ; , performance

6 a) 8) CB @%&%E e BUT: model still needs
freedom to learn the data

(d) Deep Neural Network (¢) Recurrent Neural Network (f) Deep Reinforcement Learning

observe state l

Source:
Wang, Fangxin & Zhang, Miao & Wang, Xiangxiang & Ma, Xiaogiang & Liu, Jiangchuan. (2020). Deep Learning for Edge Computing Applications: A State-of-the-Art Survey. IEEE Access. PP. 1-1.
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