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Introduction
Most of Electroencephalogram (EEG) applications

operate under the strong assumption of stationarity.
However, electrical potentials from the brain are

well-known to be non-stationary as a direct consequence
of the ongoing reorganization of neuronal assemblies.

We propose a transient model for single channel EEG
traces along with a novel stopping criteria for greedy
sparse decomposition algorithms.

Transient Model for EEG
EEG is posed as the result of transient events over time

that encode information concerning a particular
physiological state over a noisy background [1].
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L: number of filter banks, EEG rhythms, or dictionaries.
Each dictionary contains finite impulse response (FIR)

filters with similar spectral characteristics.
Marked point process samples index the filter banks.
Amplitude (α) and timing (τ) information is encoded.
Dictionary-related features are also available, e.g.

duration, Q-factor.

Transient Analysis of EEG
Goal: Given a set of dictionaries and a single EEG trace,

estimate all marked point process features.
Sparse approximation framework [2]:
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m determines the sparsity of the decomposition.
Non-convex, combinatorial, NP hard problem.
Alternative: Greedy algorithms such as Matching Pursuit

(MP) [3].

Gini Index-based Matching Pursuit
For MP, if m is set too low, only low-frequency

components will be selected.
If m is too high, overpopulated marked point process.

Sparsity assumption becomes meaningless.
Gini Index provides a sparsity measure suitable for

automatic MP stopping criteria:
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	  Keep track of normalized reconstructed signal power.
Stop when Gini Index maximum is achieved.

Results: Synthetic EEG-like traces
Model α as samples from exponential pdf.
Model τ as samples from uniform pdf.
Use temporal Gabor filters as filter bank elements.
Simulate theta, alpha, beta, and gamma rhythms.
Add pink noise.

	  
Results: BCI Competition Data

Motor imagery experiment: 2 tasks and 2 bipolar
electrodes over C3 and C4.

Utilize Gabor filter dictionaries
Apply Gini Index-based MP:

	  Amplitude discriminability is preserved with exceptional
temporal resolution.

Additional features beyond power-based measures.
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