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Portable? 
User Independent?

“… is cost-effective and portable ”



[1]

[5]

[6]

Quadcopter

Exoskeleton

SSVEP 
spellerApplications



Previous work



CCA

Pros:

• Low computational cost

• Robust

Cons:

• Relatively weak
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FBCCA

Allows for better use of

• Fundamental frequency

• Harmonics

Better accuracy!
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This paper’s 
contributions



Preprocessing

Signal preprocessing is shared 
among all models!
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[Lecture 8]

Notch filter at 50Hz



Filter Bank

Filter FB 1 FB 2

1 8Hz to 16Hz 6Hz to 90Hz

2 16Hz to 24Hz 14Hz to 90Hz

3 24Hz to 32Hz 22Hz to 90Hz

4 32Hz to 40Hz 30Hz to 90Hz

5 40Hz to 48Hz 38Hz to 90Hz

6 48Hz to 56Hz 46Hz to 90Hz

7 56Hz to 64Hz 54Hz to 90Hz

8 64Hz to 72Hz 62Hz to 90Hz

9 72Hz to 80Hz 70Hz to 90Hz

10 80Hz to 88Hz 78Hz to 90Hz

FB 1: 
• Trivial case

FB 2: 
• Makes better use of 

harmonics
• Allows the network to 

learn the details



1. Windowing [0.0s – 0.5s]
2. Short-Time Fourier Transform  [0Hz – 90Hz] (2Hz)
3. Stack Re & Im on Sub-bands
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1. Windowing [0.0s – 0.5s] (0.167s)
2. Short-Time Fourier Transform  [0Hz – 90Hz] (2Hz)
3. Stack Re & Im on time axis
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Windowing [0.0s – 0.5s] (0.004s)
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LSTM cells -> 1D max pooling (size 2)

Accesses output for 
every timestep





How do they compare?
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What did the 
paper 
accomplish?

Challenges:

• One electrode

• Small data length

They both usually reduce 
performance drastically!

Results:

• Very good results 
considering this complicated 
scenario

Potential for portable and 
online application!



Main takeaway
• Choice of model matters!

• The choice isn’t always 
trivial

• Clever preprocessing of the 
data can improve model 
performance

• BUT: model still needs 
freedom to learn the data

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