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Intro: What is a Brain -Computer Interface?

e Interprets brain activity into actions
e Medical: Neuro-rehabilitation
e Entertainment: Virtual Reality




Outline

e Background
o The Brain
Electroencephalograms (EEG)
Deep Learning
Convolutional Neural Networks (CNN)
Brain-Computer Interface (BCl)
e Mental State Decoding
e Virtual Reality Neuro-Rehabilitation
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Background: The Brain

e Cerebrum, Cerebellum, Stem
e Frontal, Parietal,

Temporal, Occipital
e Movement

Human Brain Anatomy

Frontal lobe

Temporal lobe




Background: The Brain

e 86 Billion Neurons Synapse
e Synapse
e Learning

o,

Meurotransmitter Enzyme
e / Receptor

Dendrite

|
Mitochondria
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Background: Electroencephalograms

e Measures brain activity
e Event-Related Potentials
and/or Spectral Content

Measured potentials
for each electrode

Amplifier




Background: Electroencephalograms

e Oscillation frequency categorized
e Area of brain and action performed

Frequency (Hz)

0.5-4Hz
4-8Hz

8-13Hz

13-30Hz

Amplitude (1V)

100-200
5-10
20-80
1-6

Location

Frontal

Various

Posterior region of head
Left and right side,

symmetrical distribution,

most evident frontally
Somatosensory cortex

Activity

Deep sleep

Drowsiness, light sleep

Relaxed
Active thinking, alert

Hyperactivity



Background: Electroencephalograms

e Motor-Imagery Brain-Computer Interface (MI-BCI)
o Sensorimotor Rhythms

e Alpha and Beta waves

e Can detect thinking about
moving a muscle




Background: Electroencephalograms

e Lots of variation;
Hard to use clinically

e Artifacting

e Use Deep Learning
to decipher
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Background: Deep Learning

e Machine Learning method based
on Artificial Neural Networks(ANN)

e Supervised, Semi-Supervised,
Unsupervised

Artificial
Intelligence

Machine
Learning

Deep
Learning




Background: Deep Learning

e ANN
e Data sent between nodes;
Like neurons
e Transforms Data;
Increasingly Abstract
e Convolutional Neural Networks

Output(s)




Background: Convolutional Neural Networks

e Image Processing, Audio Processing,
Speech Recognition,
e Convolutional, Pooling, Fully Connected

Fully

Convolution Connected

PDDling"‘,,.v-""“_’

Feature Extraction Classification



Background: Convolutional Neural Networks

Convolutional Layer

e Scanning input in search of a feature
Applies weights and filter
e Produces output array using
dot product operation
e Rectified Linear Unit (ReLU)
Activation Function
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Background: Convolutional Neural Networks

Pooling Layer

e Reduce complexity;
Improve efficiency

e Average Pooling

e Max Pooling

Average Pool

-_—

Filter - (2 x 2)
Stride - (2, 2)

Max Pool

—

Filter - (2 x 2)
Stride - (2, 2)




Background: Convolutional Neural Networks

Fully Connected Layer

e (Connects every output to
Every input
e Softmax Activation Function
o Classifies;
between 0 and 1




Background: Brain -Computer Interface

Brain Activity Measurement
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Mental State Decoding



Mental State Decoding

e Research conducted in 2019
o DeepBlue Tech. Shanghai, China
e Predict Mental States
e Driver Fatigue
e EEG and Electrooculogram(EOG)



Mental State Decoding

e 5 participants;
~6 sessions each;
25 hours of EEG recording

e Virtually driving a train for 30 minutes
o 10 focused; 10 somewhat relaxed; 10 fully relaxed



Mental State Decoding

Convolution Block Model Architecture

Conv Block 32/13/1

e Input; 5 Convolution blocks; |
[ oG erelistep | | ComBlock3yr1 | Conv Block 32/21/1
Output

RelLU
SOft max Pooling 2/2

.FEI

Conv Block 64/5/1

Conv Black 128/5/1
1D Conv n/kernel/step

Loy (]
| convBlock 128/5/1 |
{

1D Conv nfkernel/step*2

0



Mental State Decoding

e 14 electrodes; 0.2-43hz
e Data Normalization
e Alert, Normal, Drowsy
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Mental State Decoding Toble 1 Comprsons ot Preicion Accacy vih

Methods Prediction Accuracy
X L. I (A et al [12]) T7.76%
e 96.40% accuracy with traditional methods | N
o k-Nearest Neighbor(kNN); SVM Acl et al [12]) 01.72%
Adaptive Neuro-Fuzzy Inference System(ANFIS); Our proposed 96.40%

Support Vector Machine(SVM)
o Universal Classifier > Subject Classifier

Table 2: Comparisons of the P?'tdicl:inn Aconracy with
e 53.22% accuracy with proposed DL model e - i

e Deep Learning needs more development Methods Prediction Accuracy

EECGMe=t ([17]) 51.01%
FBCSPShallow®er ([18]) 49.17%
DecpComdVet ([18] 5201%
Our propaosed 53225




Virtual Reality Neuro -
Rehabilitation



Virtual Reality Neuro -Rehabilitation

e BCI Neuro-Rehabilitation
e Neurons killed by Stroke
e Strengthening Motor Functions




Virtual Reality Neuro -Rehabilitation

e Conventional therapy is monotonic
o VR more enjoyable
e Motor-Imagery Brain-Computer Interfaces
increase neuroplasticity
e Instant Brain Activity measurement




Virtual Reality Neuro -Rehabilitation

Technical University of Denmark
Catch Fruit; Kick Footballs

No arm or leg graphics

Positive feedback on success
Three Data sets:

2-class, 3-class, 4-class




Virtual Reality Neuro -Rehabilitation

e Every FC Layer and
Convolutional Layer applies RelLU
e Max Pooling

BN Bateh nisrmasllzatlon
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Virtual Reality Neuro -Rehabilitation

o — 1 5 —

e Global/Universal Classifier
e More Channels
= Greater Accuracy

3R.6£22.0% (T7.0%



Virtual Reality Neuro -Rehabilitation

e Participants found it fun and immersive
o Slightly strenuous
e Results confirm clinical potential
e MI-BCI-VR systems recommended
for MI stroke rehabilitation




Conclusion

e Still in Development
e Potential has been shown
e EEG and DL issues

READ & WRITE ON EVERY CHANNEL

Channels 1,024
Battery life All day
Recharging time Overnight
Wireless range 5-10 met
Implant size 23 mm x 8
Look Hat ke Iy
visible




Questions?
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