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The Focus 

• Is simultaneous Feature and Electrode 

reduction possible? 

 

• What is the degree of performance loss 

with 99% dimension reduction?  

 

• Is the outcome generalizable? 



Previous study… 

• The optimum sub-epoch can be 

anything from 0.5s up. 

• For most subjects there is a clear 

downward trend as we progress 

into the smallest window size. 
 

Atyabi, A., Fitzgibbon, S.P., & Powers, D.M., 2011. Multiplying the Mileage of Your 

Dataset with Subwindowing. Brain Informatics, 173-184. 



Previous study… 

• High dimensional nature of EEG data is not suitable 

for on-line EEG based BCI systems. 
𝐸𝐸𝐺 𝐷𝑖𝑚𝑒𝑛𝑡𝑖𝑜𝑛 = 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐶ℎ𝑎𝑛𝑛𝑒𝑙 × 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐹𝑒𝑎𝑡𝑢𝑟𝑒𝑠 × 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑇𝑟𝑖𝑎𝑙𝑠 

• Dimension Reduction (DR) is a preferable pre-

processing step to address the problem. 

• Binary GA, Random Search, and PSO with 50%, 

90% and 90% reductions showed potential for 

electrode / feature reduction among which the PSO 

based feature reduction showed better 

generalizeability. 
 

A., Atyabi, M.H., Luerssen, S.P., Fitzgibbon and D. M. W., Powers, Comparison of Evolutionary based feature 

selection and electrode reduction methods in EEG study Congress of Evolutionary Computation CEC12, 

Brisbane, Australia, 2012. 



The Methodology 

 



Swarm members (PSO Mask) 

 



PSO Based  

Feature-Electrode Reduction 

 



Parameter Settings 

• Mutation Factor: 

– M1: Reinitiating of a mask 

– M2: Re-updating the mask using PSO X and V equations 

• 3 classifiers are used for performance assessment: 

Sigmoid ELM, Polynomial SVM, and Perceptron. 

• Bookmaker Informedness is used for performance 

measurement. 

 

 



Dataset 

• BCI2003 competition dataset IVa.  

• The dataset contains EEG data of 5 subjects 

performing 2 motor imagery tasks. 

• Only task periods are considered. 

• 118 channels, 2.5s windows, 280 trials with 

1000Hz sample rate (118*2500*280). 

• Pre-processing: 

– The 2.5s epoch is divided to five 0.5s sub-epochs. 

– Common Average Referencing (CAR), Demeaning, Abs(DFT) 

 



Experiments and their aims 

• Exp 1:   

– PSO based DR vs. Conventional DR 

– The impact of Extreme Learning Machine 

(ELM’s) random initialization on PSO. 

• Exp 2:  

–  The impact of PSO based DR 

• Exp 3:  

– The generalizability of the suggested PSO 

paradigm 



Experiment 1 

• PSO based DR out performs 

Conventional approaches. 

• Random Initialization of weights in ELM 

has no significant impact on PSO based 

DR.  



Experiment 2: The impact of PSO based DR 

 
• This experiment investigates the impact of some 

variations of PSO based dimension reduction methods.  
 

• The results indicate the loss of up to 0.1 informedness 

performance after 99% reduction caused by appliance of 

variations of PSO methods using sigmoid ELM as the 

classifier (with the exception of subject ay).  
 

• In all cases, PSO2 is marginally better than PSO1 and 

the used mutation operator shows marginal improvement 

in performance.  
 

• The use of alternative learners such as polynomial SVM 

and perceptron did not improve the overall performance. 



Is it possible to improve generalizability 

of PSO Masks (Experiment 3)? 

 



Experiment 3. 
The generalizability 

of the suggested 

PSO paradigm for 

DR (Subject AA & AL) 

 



Experiment 3. The generalizability of the suggested 

PSO paradigm for DR (Subject AY) 

 



 



Experiment 3 

• ValMask, tesMask, and ComMaks shows better 

generalizability. 

• ComMask shows more consistent performance. 

• The use of new masks improved the results 

with Sigmoid ELM and performs best with 

Polynomial SVM. 

• Combination of FullSet and Polynomial SVM is 

still superior but the achieved performance with 

99% reduced data is encouraging. 



Summery 
• The random weight initialization in ELM has no impact on 

the PSO’s problem solving.  

• PSO DR out performs conventional DR approaches. 

• The average PSO’s informedness with Sigmoid ELM on 

the validation and the testing sets are 0.48 and 0.10 

across subjects respectively while the average results 

achieved by Sigmoid ELM and Polynomial SVM on the 

full-set are 0.15 and 0.478 respectively.  

• ValMask, TesMask, and ComMask are proposed to 

improve the generalizability of the PSO’s solutions 

•  Given the 99% reduction caused by PSO, the small loss 

of performance is acceptable. 



Questions 
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Shortcomings of previous 

Study 

• Possible contamination between 

training and testing!!? 
 

• Inability to perform as well as the 

FullSet. 
 

• Computational intensiveness is not 

suitable for on-line systems 



Focus of the study 

• Is it possible to eliminate the 

contamination’s possibility? 

 

• Is it possible to use the suggested PSO 

paradigm for subject transfer? 

 

• Is it possible to introduce PSO masks 

that are subject / task specific? 



Used Methodology for Subject 

transfer 

 

• Framework 1: Subject Specificity 

   

• Framework 2: Task Specificity 



Framework 1- Subject Specificity 

 



Framework 2 - Task Specificity 

 



Dataset 

• BCI2003 competition dataset IVa.  

• The dataset contains EEG data of 5 subjects 

performing 2 motor imagery tasks. 

• Only task periods are considered. 

• 118 channels, 2.5s windows, 280 trials with 

1000Hz sample rate (118*2500*280). 

• Pre-processing: 

– The 2.5s epoch is divided to five 0.5s sub-epochs. 

– Common Average Referencing (CAR), Demeaning, Abs(DFT) 

 



Parameter Settings for PSO 

paradigm 

• 3 classifiers are used for performance 

assessment: Sigmoid ELM, Polynomial 

SVM, and Perceptron. 

• Bookmaker Informedness is used for 

performance measurement 

 



Achieved performance with 

Framework 1 

 



Contribution of Framework 1 

• With the exception of subject aa, the combination 

of the ComMask and the Polynomial SVM 

performed better than other masks. 
 

• In all subjects, the combination of FullSet and the 

Polynomial SVM is still the best. 
 

• A noticeable Informedness gain is observed with 

the set of masks that are tuned on other subjects’ 

signals.  



Achieved performance with 

Framework 2 

 



Contribution of Framework 2 

• The ComMask shows clear superiority 

in comparison with other two masks.  

• In subjects ay,av,&aa, the combinations 

of the ComMask and the Polynomial 

SVM is marginally performing as well as 

the combinations of the FullSet and the 

Polynomial SVM. 



Discussion 
• It is noticeable that in subjects that Framework 2 

showed higher performance compared to FullSet, 

the mask is generated from the EEG data of a 

strong subject and at least one normal subject.  

• The required variations of subjects (in terms of 

their performance strength) with these Frameworks 

is not clear.  

• The contribution of weaker subjects are also 

unclear. 



The New Findings 

• Having a Super Subject with proper variation 

of subjects performance is better than having 

many subjects involved. 
 

• The Super Subjects containing strong and 

normal subjects are usually the best. 
 

• In case of not having proper distribution of 

subjects’ performance Framework 1 is more 

suitable.  



Questions 




