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Context – EEG classification



Context – EEG classification

• Electrical brain activity recorded with electrodes placed on the scalp
[Berger, 1929]

• BCI: interact with computer through brain signals [Lotte et al., 2018]

• Pipeline:

EEG
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Pre-
processing

Feature
extraction

Machine learning

1



Context – SSVEP data [Chevallier et al., 2018]

• Principle:
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Context – State-of-the-art MDM classifier [Barachant et al., 2011]
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• MDM decision rule for unknown X :

z∗ = argmin
z∈{1,...,Z}

{δ2(G (z),Σ)}
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Context – EEG Classification

Why BCI not yet out of the lab ?

I EEG data noisy, contain outliers

I Recorded in controlled environment to limit noise

I Preprocessing: data manually curated

Our take on these issues: leverage robust statistics theory
[Ollila et al., 2012, Maronna et al., 2019]
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First try – Centered multivariate
t-distribution



First Try – Centered multivariate t-distribution [Ollila et al., 2012]

• Probability density function:

f ({x(i)}ni=1|Σ) ∝ det(Σ)
−n/2

n∏
i=1

(
ν + x(i)TΣ−1x(i)

)−(ν+p)/2

I ν: degree of freedom – controls heaviness of tail

• MLE solution to:

Σ̂ =
ν + p
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First try – Results on SSVEP data
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First try – Why no real improvement ?

I Robustness not included at the right place

Empirical cumulative density function of {trace(Σ
(z)
k )}k for SSVEP data:
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Second try – t-Wishart distribution



Second try – t-Wishart distribution [Maronna et al., 2019]

I Robustness: on distribution of covariance matrices

• Wishart distribution W(n,G):
I distribution of Σk = X kXT

k , X k = [xk (i)] ∈ Rp×n, xk (i) ∼ N (0,G)

I pdf:

f ({Σk}Kk=1|G) ∝ det(G)−nK/2
K∏

k=1

det(Σk )n−p−1/2 exp(−
1
2

trace(G−1Σk ))

I MLE: Ĝ =
1
nK

K∑
k=1

Sk
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Second try – t-Wishart distribution [Maronna et al., 2019]

t-Wishart distribution t-W(n,G , ν)

Σk = X kXT
k ∈ S++

p , X k ∈ Rp×n, with pdf:

f ({Σk}Kk=1|G) ∝ det(G)
−nK/2

K∏
k=1

det(Σk)
n−p−1/2 (ν + trace(G−1Σk)

)−(ν+np)/2

• ν: degree of freedom of t density generator, controls tail

I Keep SCM, change their distribution
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Second try – t-Wishart distribution

MLE of t-W(n,G , ν) [Ayadi et al., 2023a]

Samples {Σk}Kk=1, MLE solution to:

Ĝ =
ν + np

nK

K∑
k=1

ΣK

ν + trace(Ĝ
−1

Σk)

• No analytical solution – iterative algorithm

• Developed estimation method based on Riemannian optimization
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Second try – SSVEP data fitting

Empirical cumulative density function of {trace(Σ
(z)
k )}k for SSVEP data:
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SCM Gaussian (Wishart)
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11



Second try – t-Wishart discriminant analysis [Ayadi et al., 2023b]

• From training data {Σ(z)
k }, learn centers {Ĝ (z)}

Decision rule of t-WDA

For Σ = XXT :

ẑ = argmax
z∈{1,...,Z}

{log π̂(z) − n

2
log det(Ĝ

(z)
)− ν + np

2
log(ν + trace(Ĝ

(z)−1
Σ))}

• π̂(z): proportion of class z in training set
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Second try – Results on SSVEP data
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Conclusions and perspectives



Conclusions and perspectives

• New estimator for t-Wishart distribution, new discriminant analysis

• Leveraging robustness for EEG classification can improve performance

• The way to include robustness matters a lot

• More validation still needed: different datasets, different paradigms

• Extension to P300 paradigm required: mean of X k differs from zero
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