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Why propose a tensor-based method?
Besides space and time, the spectral
aspect of EEG data is also important
The multi-way nature of EEG data

Proposed method

C. Research Objectives (tensor-based)

4. Results B. Performance Measure

1. Propose a new method for removing speech artifacts with Evaluation results

tensor decomposition for sources reconstruction

Channel Frequency Time

2. Evaluate the performance of the proposed method Evaluation R 1 A. Assessments The table b_e'o"Y presents the detailed evaluatllon Speech artifact by the proposed method
against existing methods (SAR-ICA and BSS-CCA) (grand-average correlation with lip EMG during 0-1350 ms) il el . results, which is the absolute Pearson correlation
S = ——— between speech artifacts and cleaned data with lip Below is the comparison of the normalized grand-average
. . EMG in the time domain for 0-1350 ms (p < 0.01). lip EMG and decomposed speech artifacts by the
2 Methods A. Pipelines - The proposed method is written as CPD. proposed method.
|
- : T To compare performances of all methods 0.0
Proposed method (with tensor decomposition) Grand-average cluster R (0-1350 ms)
Technique . 0.03
SAR-ICA (Porcaro et al, 2015) : s DIFFIT Number of _ _ Calculate the Pearson correlation (R) between SAR-ICA's Speech Artifact 0.875
. data (by Timmerman et components The difference of fit (DIFFIT) grand-average clusters and the lip EMG during o 202
' : 1, 2000 ) : . .
Independent compnent analysis (ICA) : | a ) - Number of components range: 5-26 0-1350 ms in the time domain -g -
- Speech artifacts are - Estimated number of components (across subjects) . a7
/ Analvsi \ : caused by muscle CPD tens_qr - Lowest :8 Interpretatlon : §:
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popecten | St | i e e e e B58-CA's Gloaned Dals 0413 |
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: {lime, speciral, & spatal) 3. Frequency mode correlation with lip EMG Advanced validation
Y : 4. Visualization of time mode N The proposed method (CPD) outperforms - Almost identical at most time points to lip EMG
Manual artifact detection : Features 5. Time mode c:orrelat.on+ with lip EMG T(;’:nsure the preservation of brain signals SAR-ICA and BSS-CCA, both in detecting speech - Slight difference — possibly caused by the inability of lip
———— : Evaluati Manual artifact - N artifact (0.985) and cleaning data (0.101) EMG channels to pick up every single speech movement
ly artifact i d : . . i :
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: where - 0-700 ms: before the earliest speech onset
1. Speech artifact cluster (SAR-ICA) : S0avg(subject) is averaged speech onset of the subject, and - 0-900 ms: before the grand-averaage speech _ _ _ . . . _ .
2. Cleaned data cluster (SAR-ICA) \ 7" is end of trial ) onsets 9 9¢€ Sp Grand average cluster R (0 700 ms) R (0 900 ms) The high valldatl.on. results (092 094) during the
3. Raw data without EOG cluster : Post-removal validation + pre-speech onset indicate the quality of the cleaned
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:_Eye artifact removal 1| . 2. Speech artifact cluster (CPD) —'VW‘- Manual observation of the difference Proves to be the significant Interpretatlon. _ _ , CPD’s Cleaned Data 0.927 0.942 data Is enough for SUbsequent EEG processing.
| Performed with SAR-ICA, using PSD correlation with EOG | 3. Cleaned data cluster (CPD) between before and after removing . ) , Preserved brain signals — high correlation
| channel as the spectral calculation | the artifactual component differentiator in method performance
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Assumption: EEG — lower power at high freq, Automatic muscle-related method
QVIG — higher power at high freq / artifact removal

* EMG channels The proposed method takes

spectral features of speech

| BSS-CCA decomposes EEG signals into sources | _ usage artifact into account during
: in decreasing order of autocorrelation : Data reconstruction decomposition, while the
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