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 Abstract— Given their multiresolution temporal and spectral 

locality, wavelets are powerful candidates for decomposition, 

feature extraction, and classification of non-stationary 

electroencephalographic (EEG) signals for brain-computer 

interface (BCI) applications.  Wavelet feature extraction methods 

offer several options through the choice of wavelet families and 

decomposition architectures. The classification results of EEG 

signals generated from imagined motor, cognitive, and affective 

tasks are presented using support vector machine (SVM) 

classifiers, indicating that these methods are suitable for 

imagined motor, cognitive and affective classification.  Classifier 

performances of better than 80% for six imagined motor tasks, 

and for two affective tasks were achieved.  Three cognitive tasks 

were successfully classified with 70% accuracy.   The methods 

can be used with a variety of EEG signal reference methods and 

electrode placement locations. Wavelet features performed 

satisfactorily in the presence of noise when the classifiers were 

presented with contaminated training data.  

 
Index Terms— Affective tasks, Brain-computer interface, 

Cognitive tasks, Electroencephalograph, Imagined motor tasks, 

Support vector machines, Wavelet decomposition, Wavelet 

packets 

 

I. INTRODUCTION 

HE reliable and accurate classification of features 

extracted from electroencephalographic (EEG)  signals is 

a central task to the deployment of a brain computer interface.  

Challenges to this task are posed by the nature of 

nonstationary EEG signals which exist in a very unfavorable 

signal to noise ratio environment.  In the study, multiple 

wavelet families and decomposition methods are explored and 

compared as means for feature extraction of motor, affective 

and cognitive tasks.  The support vector machine (SVM) 

classifier was selected based on its single minima convergence 

characteristics. 

The nature of EEG signal correlation to tasks performed by 

an individual is a subject of extensive research in the literature 

[1] [2] [3].  Mental tasks attributed to motor (associated with 

physical movements), cognitive (associated with thought and 

analytical processes) and affective behavioral states 

(associated with emotional states) are partially attributed to 

processes in separate regions of the brain. Localization of 

brain functions, including their laterality, is an ongoing area of 

research [4] [5]. 

The cause-effect analysis of motor movement intentions and 

their corresponding EEG features is complicated by feature 

variations from one person to another (inter-subject variation) 

and temporal variations within a single subject (intra-subject 

variation).  Inter-subject and intra-subject variations are 

evidence of the highly complex and dynamic nature of the 

brain. [6] Temporal variations, be it long or short term, 

contribute to the nonstationarity of the observed EEG signals.  

Non-invasive collection of EEG signals through topical scalp 

electrodes, which is the focus of this study, presents additional 

challenges. For instance, the electrode arrays can only provide 

low spatial resolutions of the brain’s electrical activity 

(typically via 16 to 256 connections); whereas the sources of 

EEG signals number in the range of 100 billion neurons [7].  

The original neuronal signals propagate through the skull 

structure with its own transfer characteristics contributing to 

spectral, phasic, and spatial distortions, which present 

difficulties in characterization and localization of EEG signals.  

Given the somewhat disputed [8] nature of source originations 

for motor, cognitive and affective tasks, the presence of 

interfering signals becomes significant when faced with the 

highly attenuated signal levels.  Additional interfering signals 

are produced from muscular or ocular activity.  These 

interfering signals, also known as artifacts, must also be 

controlled or removed prior to feature extraction [9] [10].  

II. BACKGROUND 

A. Wavelet Decomposition 

Wavelet decomposition overcomes the shortcomings of the 

classical short time Fourier transform for the analysis of non-

stationary signals, permitting higher time resolution of higher 

frequencies, as well as temporal localization of nonstationary 

signals. 

Continuous wavelet decomposition C(τ,s) of a signal x(t) 

via a mother wavelet ψ(τ,s) is given by: [11] 

 

 (1) 

 

The resulting coefficients C(τ,s) represent the similarity of 

the original signal with each of the many shifted and scaled 

mother wavelet function ψ(τ,s,t), where τ and s represent the 

shift and scale factors, respectively [12].  There are also 

discrete versions of the wavelet transform which are more 

amenable to digital computing hardware.  Several mother 

wavelet families ( ) were used in this study, as explained 

below.  
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1- The Haar wavelet is the simplest and the first developed 

wavelet [12] [13].  

2- Debauchies 2nd through 20th order have no explicit 

mathematical expression and are based on a fractal structure 

and generally highly asymmetric.  The primary advantage for 

this application is the minimal support which enhances the 

ability to localize features; this is frequently done at the 

expense of asymmetry which can introduce phase distortion in 

the representation of features.  The detrimental effects of this 

distortion are minimized by using sub-band energy features. 

3- Symlets ‘1-20’ were designed to take advantage of the 

compact support of the Debauchies wavelet but with a 

symmetric waveform.  The Coiflet family was also designed 

by Debauchies to be a symmetrical wavelet possessing 2N 

vanishing moments.  This value reflects the accuracy in the 

wavelet (and the scaling function) as a function approximator 

in the sense that the function can be represented by a 2Nth 

order polynomial [11].   The Coiflet wavelets orders 1-5 are 

explored here. 

 4- Biorthogonal and Reverse Biorthogonal wavelet families 

produce symmetric wavelets with very compact support.  

These wavelets families each consist of two dual wavelet 

functions ψA and ψB, where one function is used in the 

deconstruction of a signal and the other is used for the 

reconstruction process.  By examining the Reverse 

Biorthogonal waveform we reverse the role of the wavelet 

functions in deconstruction and reconstruction.   

5- The discrete approximation to the Meyer wavelet is not a 

compact supported wavelet, exhibiting a slow decay in the 

time domain.  The primary advantage of this wavelet is 

symmetry, orthogonality, and computational speed. However, 

it is not well suited for localized feature extraction.  More 

specific properties of each of these wavelet families are well 

documented in the literature (e.g. please see [9] [11] [13] [14] 

[15] [16]). 

Mallat [13] showed that the process of wavelet 

decomposition can be represented by a series of 

complimentary (conjugate mirror) high-pass and low-pass 

filter banks.  This method of multi-resolution decomposition is 

analogous to a system of relative bandwidth or ‘Constant Q’ 

filters [17].  As the original signal is passed through the two 

filters in parallel, two new signals emerge.  This 

decomposition is repeated by further sub-band filtering of the 

approximation signal into additional approximation and detail 

components.  In practice, the appropriate number of 

decomposition levels for a signal may be based on a number 

of criteria such as entropy.  Our determination of the optimal 

composition level was made from best classification 

performance of the trained SVM for the validation data sets. 

 

B. Wavelet Packet 

In Wavelet Packet analysis the detail coefficients are also 

split, sub-sampled, and refiltered iteratively in the same 

manner as the approximation coefficients.  The subdivision of 

high frequency details into sub-bands provides additional 

flexibility in extracting high frequency features and more 

detailed features for the classifier. [17] [18] 

We used the ‘wpdec’ function in the MATLAB® Wavelet 

Toolbox for full-tree wavelet packet decomposition, and all 

the possible levels were investigated. 

C. Support Vector Machine Classifier 

Support Vector Machine (SVM) classifiers have become 

popular in recent years in the fields of classification, 

regression analysis, and novelty detection [19] [20]. SVM 

algorithms have shown very promising results as EEG 

classifiers [21] [22].  The SVM is a kernel-based algorithm 

with sparse solutions.  The SVM does not require solution of 

the kernel for the entire training set but only for a specific 

subset of the training data.  This makes the SVM a 

computationally efficient method for solving complex, high 

dimensional problems. The SVM is nonlinear but yet 

converges to a single minimum, making it preferable to linear 

or neural network classification methods. The concept of SVM 

is based on maximum-margin discriminant in the form y(x), a 

projection of the inputs x via φ(x) [12] [19]: 

 

 (4) 

  

The solution is formulated into a quadratic optimization 

problem which can be solved, for instance, by Lagrangian 

methods. 

  In feature spaces where the data sets are not linearly 

separable, the SVM can be designed to yield exact separation 

of the training data.   Such results can yield poor 

generalization when the SVM is faced with unseen test data.  

This situation is addressed by permitting the SVM to 

intentionally misclassify a portion of the training data.  The 

introduction of slack variables permits the training data points 

to occur on the misclassified side of the decision hyperplane 

but with a penalty that is proportional to distance from the 

boundary. 

  The resulting variables which optimize the solution of the 

Lagrangian with respect to slack variables are designated as C 

parameters.  C parameters are varied in our investigation 

during the training of the SVM classifier.  Large C parameter 

values penalize the points that violate the margin constraint, 

producing a very hard margin solution.  The risk of this 

approach is that the SVM becomes very sensitive to outliers. 

Small C parameter values produce a classifier that ignores 

outliers to the extent that valid data may be misclassified. 

 

III. TEST PROTOCOL 

A. Equipment Protocol 

Scalp-collected EEG signals were captured according to the 

International 10/20 electrode placement standard [23] using an 

ECI Electro-Cap Electrode Placement System manufactured 

by Electro-Cap International, Inc. [24].   All twenty electrodes 

and two ear reference links were prepared with electrode gel 

and connected to the subject.   After cap placement and 

electrode preparation all electrode impedances were measured 
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using the General Devices Prep-Check Plus EIM 107-25B 

Electrode Impedance Meter.  Prior to the initiation of 

measurements, all electrodes were prepped to yield 

impedances below 8K ohms at 30 Hz [25], with typical values 

being less than 2K ohms prior to recording.   The electrodes 

and ear reference links were then connected to a calibrated 

MS-24R amplifier system manufactured by NeuroPulse 

Systerms.  Amplifier calibration was performed on all 24 

amplifier channels using the NeuroPulse-Systems NPS 

Calibrator System.  Amplifier calibration was performed prior 

to the first of the two recording sessions following the 

procedures outlined by the manufacturer [26]. 

The MS-24 is operated under the software control of the 

Nolan Computer Systems, LLC MindMeld24 Live Data 

Capture Version 1.50 application running on a Pentium-class 

desktop computer.  The application generates binary files 

which are then converted into ASCII by a file conversion 

utility also developed by Nolan Computer Systems, LLC. 

The MS-24 amplifier system contains 24 differential 

amplifiers designed explicitly for EEG signal capture.  This 

amplifier is optioned for either a 24 channel or 19 channel 

montage.  The 19 channel montage was applied for all of our 

measurements.  The MS-24 employs two fourth-order Sallen-

Key active filters, which provide 48 dB roll-off per octave 

from 1.5 Hz-34 Hz frequency bandpass at -3dB (-6dB from 

0.9 Hz – 38 Hz) [27]. 

B. Subject Protocol 

Multiple sets of signals were collected from one male 

subject during two independent recording sessions separated 

by 8 days.  Both recording sessions were conducted at the 

same approximate time of day (mid-afternoon). These signals 

were recorded during imagined movements, cognitive tasks, 

and affective states; for which the subject was cued to initiate 

thinking using a computer screen.  Between each two tasks the 

subject was given a 10 second relaxation period, followed by a 

2 second instruction indicating the task to be imagined, 

followed by an 8 second measurement period.  The overall 

sequence for each set was as follows: 6 motor tasks, 1 

relaxation task, 3 cognitive tasks, 1 relaxation task, and 2 

induced affective states. 

Selection of appropriate tasks for our protocol was based on 

several criteria for the motor, cognitive and affective domains.   

Motor task classifiers based on imagined movement of a 

specific arm or leg have been examined initially by Keirn and 

Aunon and later by others  [1] [2] [3] [28] [29]. We also added 

combined imagined movements including all left versus all 

right limbs, as well as both arms versus both legs. We could 

not find a precedence in our literature search, however in 

consideration of hemispheric specialization of brain and 

previous results of single limb classifiers, this test paradigm 

presented an interesting alternative departure [5] [30].  Two 

additional tasks which demonstrated strong EEG separation in 

our own previous work and other studies [31], left and right 

tongue movement, were included along with left arm plus leg, 

right arm plus leg, both arms, and both legs; to provide 6 

imagined motor tasks.   

Selection of separable cognitive and affective tasks was based 

on previous research reported in the literature [1] [32] [33] 

[34] [35]. A two digit multiplication problem, imagined 

clockwise rotation of a 3-dimensional cube, and mental 

composition of a letter were selected for the three cognitive 

tasks.  The number of cognitive tasks was kept smaller than 

number than the motor tasks.  This was based both on our own 

unpublished findings and other previous research indicating 

that classification of cognitive tasks yields poorer separation 

than imagined motor tasks [1] [2] [32]. 

 
TABLE I 

SUBJECT TEST PROTOCOL 

Task 

 

Duration  

(Seconds.) 

Relax (Blinks allowed) 10 

Relax ( No Blinks allowed) 2 
Left Hand  and  Foot ( No Blinks allowed) 8 

Relax (Blinks allowed) 10 

Relax ( No Blinks allowed) 2 
Right Hand  and Foot ( No Blinks allowed) 8 

Relax (Blinks allowed) 10 

Relax ( No Blinks allowed) 2 
Both Hands ( No Blinks allowed) 8 

Relax (Blinks allowed) 10 

Relax ( No Blinks allowed) 2 
Both Feet ( No Blinks allowed) 8 

Relax (Blinks allowed) 10 

Relax ( No Blinks allowed) 2 

Tongue Left Movement ( No Blinks allowed) 8 

Relax (Blinks allowed) 10 

Relax ( No Blinks allowed) 2 
Tongue Left Movement ( No Blinks allowed) 8 

Relax (Blinks allowed) 10 

Relax ( No Blinks allowed) 2 
Relax ( No Blinks allowed) 8 

Relax (Blinks allowed) 10 

Relax ( No Blinks allowed) 2 
2-Digit Multiplication Problem( No Blinks allowed) 8 

Relax (Blinks allowed) 10 

Relax ( No Blinks allowed) 2 
Clockwise rotation 3-D Cube ( No Blinks allowed) 8 

Relax (Blinks allowed) 10 

Relax ( No Blinks allowed) 2 
Letter Composition ( No Blinks allowed) 8 

Relax (Blinks allowed) 10 

Relax ( No Blinks allowed) 2 
Relax ( No Blinks allowed) 8 

Relax (Blinks allowed) 10 

Relax ( No Blinks allowed) 2 
Pleasant  Visual Image( No Blinks allowed) 8 

Relax (Blinks allowed) 10 

Relax ( No Blinks allowed) 2 
Unpleasant  Visual Image( No Blinks allowed) 8 

  

  

To induce affective states, a set of images with different 

positive and negative emotional valences were selected from 

the International Affective Picture System 1999, produced by 

the National Institute of Mental Health (NIMH) Center for the 

Study of Emotion and Attention, University of Florida, 

Gainesville, FL and provided to our lab by the University of 

Missouri – Kansas City psychology department.  The images 

were selected to alternately produce pleasant and unpleasant 

emotional stimuli based on the emotional mean valance 

statistics averaged across male subjects by NIMH researchers.    



 4 

C. Data Acquisition and Pre-Processing 

The locality of imagined motor, cognitive, and affective 

activity within the brain is disputed.  While the motor cortex 

activity is generally better localized, the nature of cognitive 

and affective signal sources is still the subject of current 

research [8], so we recorded from the most probable areas 

during our study. Affective or emotional signals were 

collected from the Frontal Pole region (FP1, FP2).   Cognitive 

mental tasks were collected from the visual cortex region in 

the Occipital region (O1, O2).  These two areas represent 

electrodes with maximum physical separation from the motor 

cortex where imagined movement tasks are collected. This 

geometry dictated that the Spatial Laplacian filter used for 

signal reference in the motor cortex could not be used for the 

FP1, FP2, O1, O2 locations.  The spatial Laplacian filter uses 

the 4 nearest adjacent electrodes to provide a signal reference, 

thus reducing the effects of common artifacts in the desired 

signals [36] [37].  The single reference points of Fz and Pz 

were selected for the affective and cognitive electrodes 

respectively after investigating some of our own pilot data on 

other nearby reference choices from the temporal, parietal and 

frontal regions. 

Signals for the motor cortex were captured from electrodes 

C3 and C4. Spatial Large Laplacian filters were used with left 

hemisphere references selected from F3, T3, P3, and Cz; and 

right hemisphere references were selected from T4, F4, P4, 

and Cz.  The selection of tasks for motor, cognitive and 

affective states was based on a combination of existing 

literature, and refinement of motor tasks conducted in previous 

studies [2] [8] [30] [35].  Testing was conducted over two 

sessions separated by 7 days to capture the affects of intra-

subject temporal variation.  Table II summarizes the electrode 

locations and reference methods. 

Extracted features were separated by the support vector 

machine (SVM) classifier algorithm as implemented in the 

MATLAB® Bioinformatics Toolbox.  Two combinations of 

training and testing data were analyzed.  Scheme A used only 

data from the first recording session for training and 

validation, where the entire data from the second week was 

tested by the SVM.  Scheme B expanded the training and 

validation data to the entire first week and half of the second 

week data, using the remaining half of the latter data set for 

testing. 

Feature extraction methods used for comparison in this 

study include wavelet decomposition, wavelet packet 

decomposition, and the direct feed of temporal coefficients 

into the classifier or Feed Forward Neural Network (FFNN).  

Each wavelet method was classified using the sub-band 

energy levels from the output at each decomposition level for 

one series and second by using the raw coefficient sub-band 

amplitudes as classifier inputs.  The models were examined 

using 77 types of mother wavelets from the orthogonal and 

biorthogonal families represented in the MATLAB® Wavelet 

Toolbox.   

Additional noise and artifact rejection was obtained by 

applying an equivalent second order representation model of a 

9
th

 order Chebyshev Type II digital filter (using MATLAB) 

with a bandpass region from 1.5 Hz – 44 Hz, to the electrode 

signals prior to applying the Spatial Laplacian or Bipolar 

reference..  Passband ripple was restricted to less than 2dB, 

and stopband rejection was 65 dB at 1Hz and 60Hz.   

 
TABLE II 

ELECTRODE LOCATIONS 

Task /Hemisphere 
 10-20 

Electrode 

Reference Method & 

10-20 Electrode 

Motor/Left C3 Spatial Laplacian 
(T3+F3+P3+Cz)/4 

Motor/Right C4 Spatial Laplacian 

(T4+F4+P4+Cz)/4 
Cognitive/Left O1 Bipolar Pz 

Cognitive/Right O2 Bipolar Pz 

Affective/Left Fp1 Bipolar Fz 
Affective/Right Fp2 Bipolar Fz 

 

Two methods were used to mitigate blink artifacts.  First, the 

subject protocol was designed to assist the subject in confining 

the majority of blink artifacts to the rest periods.  The two 

second relaxation interval immediately before the performance 

of the task also reduced the occurrence of blinks during the 

beginning of the mental task performance interval.  Only the 

first two seconds of blink free data within each task was 

retained for feature extraction and classification.  Second, any 

remaining artifacts were manually removed from the signals at 

this point. Special attention was paid to aligning the zero 

crossing values and waveform slopes.  While the removal of 

blink-impaired samples was performed after bandpass and 

Laplacian filterings, the actual identification and tagging of 

the blink locations was done on the pre-filtered signals to 

eliminate the possibility of the filter operations obscuring any 

blink artifacts. 
TABLE III 

DATA GROUPING 

Scheme  Training Validation Testing 

A Sets 1-8 Sets 9-12 Sets 13-24 

B Sets 1-8,13-16 Sets 9-12,17-18 Sets 19-24 

Sets 1-12 were recorded in one session. Sets 13-24 were recorded in a 

second session and after 8 days. 
    

D. Feature Extraction and Classification Algorithms 

 During each recording session, the subject protocol was 

executed 12 times, resulting in an aggregate of 24 data sets.   

The overall data sets were separated into training, validation 

and test groups.  Test sets were numbered in chronological 

order. Sets 1-12 represented the first day’s session, and 13-24 

represented the second.  The datasets were also divided into 

training, validation and testing groups in chronological order.    

For the scheme A only, the first day’s data was used for 

training and validation.  For scheme B, training data was 

augmented by adding the first half of the day 2 data to the 

training and validation.  Scheme B reflects blind testing on a 

reduced subset of the data from the second day. 

SVM classifiers were applied either for imagined motor 

tasks, cognitive tasks, or induced affective states according to 

several feature extraction modes as shown in Table IV 

(wavelet decomposition, wavelet packets or FFNN).  The 
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order of the wavelet algorithms were iterated from first order 

to 8
th

 order representing the 2
8
=512 input signal samples for 

decomposition. 
 

TABLE IV 
FEATURE EXTRACTION MODES 

Wavelet Decomposition 
 Wavelet Packet  

Decomposition 

Feed Forward 
Neural 

Network  

 
Raw Coefficients 

 
Raw Coefficients 

 
Raw Coefficients 

 

Total Sub-band energy 

 

Total Sub-band energy 
 

 

The SVM algorithm was implemented via MATLAB® 

Bioinformatics Toolbox.  C parameters were varied by powers 

of ten and from 10
-6

 through 10
9
.  Box constraints are upper-

limits placed on the regularization or C-parameter during 

training.  All other SVM options were left at default settings, 

(i.e., Gaussian nonlinear projection, and quadratic solutions to 

the SVM constrained optimization).   

The classification results of the trained SVM were first 

calculated for validation data and then using test data.  The 

classification was performed using a one vs. many scheme.  

This method is better suited to the smaller data sets than a one 

vs. one classifier.  These two results were recorded for each 

set of feature extraction and classification parameters.  The 

percentage of correct classifications for each task, calculated 

separately for left and right hemispheres, were then averaged 

together; yielding an average accuracy for  all motor tasks at 

each level of C parameter, decomposition order, and mother 

wavelet.  This process was repeated for cognitive tasks, and 

then for affective states. As a result, the reported SVM 

classification rates for each wavelet feature here are the 

averaged validation and averaged testing results at each given 

level of decomposition and C parameter value. 

IV. RESULTS 

Table V summarizes the best overall classifiers for motor, 

cognitive, and affective tasks along with their parameters and 

methods. 

 
TABLE V. 

SUMMARY OF BEST TEST RESULTS  

   MOTOR COGNITIVE  AFFECTIVE 

Accuracy 83.0% 70.6% 86.5% 

Method Wavedec Wavepacket Wavepacket 

Wavelet family Sym 17 dB 11 Bior 3.5 
C parameter 109 109 10-4 

Decomp Order 2 3 6 

Training Scheme A B B 

 

Motor Tasks 

Table VI depicts the 5 best performing wavelet family 

classifiers in descending order of validation accuracy.  

Classifier accuracies against the unseen test data are depicted 

in the third column.  Table VI shows the results for all training 

and validation results coming from the first day (Scheme A), 

and also the results from adding half of the data sets from the 

second day to the training and validation sets (Scheme B).   

 
TABLE VI 

MOTOR TASKS - SCHEME A 

CLASSIFIER ACCURACY -WAVELET DECOMPOSITION  

Wavelet    Validation  Testing  
Decomp. 

Order 
 C parameter 

sym13 83.2% 82.9% 2 109 
sym17 82.9% 83.0% 2 109 

sym16 82.9% 82.3% 2 109 

sym18 82.8% 82.7% 2 109 
coif1 82.7% 82.0% 2 109 

SVM training and validation performed on data from first recording 
session.  Testing performed on second recording session. 

     

MOTOR TASKS - SCHEME B 

CLASSIFIER ACCURACY -WAVELET DECOMPOSITION  

Wavelet    Validation  Testing  
Decomp. 

Order 
constraint parameter 

rbio3.7 83.8% 82.8% 2 109 

rbio2.8 83.5% 82.3% 6 109 

bior5.5 83.4% 82.3% 2 109 
rbio2.2 83.3% 82.9% 1 109 

rbio1.1 83.3% 82.5% 2 108 

Training and validation extended to include six data sets from second 

recording session. 

MOTOR TASKS - SCHEME A 
CLASSIFIER ACCURACY - WAVELET  PACKET DECOMPOSITION 

Wavelet    Validation  Testing  
Decomp. 

Order 
  C parameter 

sym15 83.2% 82.5% 1 109 

rbio3.7 83.1% 82.2% 2 109 

sym16 83.1% 82.4% 1 109 
rbio2.6 83.1% 82.7% 1 108 

bior2.6 83.1% 81.9% 2 108 

SVM training and validation performed on data from first recording 

session.  Testing performed on second recording session. 

     
MOTOR TASKS - SCHEME B 

CLASSIFIER ACCURACY -WAVELET PACKET DECOMPOSITION 

Wavelet    Validation  Testing  
Decomp. 

Order 
 C parameter 

rbio3.3 83.5% 82.1% 3 109 

rbio3.1 83.3% 82.6% 1 109 

rbio1.1 83.2% 82.4% 1 108 
bior1.1 83.2% 82.4% 1 108 

dB1(haar) 83.2% 82.4% 1 108 

Training and validation extended to include six data sets from second 

recording session. 

 

The C parameter is consistently high for all of the imagined 

motor and cognitive task features (without loss of performance 

on the unseen test data).  This indicates that the hard margin 

SVM is able to determine the true boundaries and did not 

memorize the outliers of the training data. The affective 

dataset results, however, were noise contaminated and thus the 

true support vectors required softer margins. The best results 

are obtained from using wavelet decomposition of wavelet 

sub-band energy bands. However, all of the wavelet methods 

performed comparably.  Augmenting the training data with 

additional sets from session 2 did not improve the results. 

The results for the best wavelet families used in wavelet 

decomposition with raw coefficients and for the FFNN are 

shown in Table VII.   The results were slightly inferior to the 

wavelet methods using sub-band energy bands.  
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TABLE VII 

MOTOR TASKS SCHEME A & B   

 RAW COEFFICIENTS CLASSIFIER ACCURACY  

Method & 

Scheme 
Wavelet Validation Testing 

Decomp. 

Order 
C  

Decmp A rbio3.1 82.7% 80.6% 5 10-6 

Decmp B bior3.9 79.8% 78.4% 1 10-3 
Packet A rbio1.1 82.7% 81.2% 2 10-4 

Packet B bior3.9 79.8% 78.5% 1 10-3 

FF NN-A  -- 77.7% 77.5% - 10-3 
FF NN-B - 76.0% 74.2% - 10-6 

  

Cognitive Tasks 

Cognitive tasks’ results are shown in Tables VIII and IX.  

The trends of the cognitive results generally track those of the 

motor tasks.  Clearly, the classifiers did not perform as 

successfully for the three cognitive tasks as for the motor 

tasks.  It should be noted that at the best performance, the C 

parameter values were generally less than the 10
9
 maximum 

value programmed into the algorithm unless the training data 

was augmented with data from session 2.  This indicates that 

the SVM was better able to overcome the affect of outlier data 

in the training set when the training set was expanded. 

However, actual classification accuracy improved only 

slightly when the training was augmented with data from the 

second session.    

 Cognitive results being poorer than for motor tasks can be 

attributed to several factors.  The electrode reference method 

did not employ large Laplacian spatial filtering.  The cognitive 

and affective signals were taken from locations near the 

boundary of the cap.  The visual cortex (O1, O2 electrodes) is 

not as definite of a localized source for cognitive EEG signals 

as the motor cortex is for imagined motor signals.  The 

cognitive and affective functions may be more pronounced for 

this subject (right brain vs. left brain) on one hemisphere than 

on the other [38], where the presented results are averaged 

across both hemispheres.   

The results of raw coefficients Table IX show poorer results 

again, which might be attributed to higher feature 

dimensionality. 

 

Affective Tasks 

Affective Task results are depicted in Tables X and XI. 

When the SVM training was expanded to include data from 

session 2, the results improve significantly.  Additional studies 

were conducted to investigate this result.  The affective signals 

from the second recording session were discovered to possess 

a high degree of noise contamination.   

Results improved after noisy data from second recording 

was added to the training sets.  An inspection of the C 

parameter values for scheme B shows that the SVM validation 

results reached maximum values for very soft classifier 

margins (small C parameters).  The soft classifier margins 

ignore outlier data when determining the classification 

boundary.  This would indicate the presence of outliers in 

these training datasets.   

Table XI shows the results for the raw coefficients. These 

slightly better results were gained at the expense of a higher 

feature dimensionality. The improvement for scheme B 

affective results may be attributed to inclusion of noise 

contaminated sets in the training data collected on day 2.  The  
 

TABLE VIII 
COGNITIVE TASKS - SCHEME A 

CLASSIFIER ACCURACY -WAVELET DECOMPOSITION  

Wavelet    Validation  Testing  
Decomp. 

Order 
 C parameter 

db18 76.1% 67.5% 6 0.1 
db20 73.9% 63.7% 7 0.1 

db5 72.8% 66.0% 5 10-4 

db15 72.5% 65.8% 3 109 
db19 71.7% 67.2% 1 109 

SVM training and validation performed on data from first recording 

session.  Testing performed on second recording session. 

 
COGNITIVE TASKS - SCHEME B 

CLASSIFIER ACCURACY -WAVELET DECOMPOSITION  

Wavelet    Validation  Testing  
Decomp. 

Order 
 C parameter 

db12 72.2% 67.4% 5 102 

sym10 71.6% 68.5% 3 109 

db18 71.0% 68.3% 3 109 
rbio3.1 70.4% 67.1% 2 109 

sym12 70.4% 63.4% 7 109 

Training and validation extended to include six data sets from second 
recording session. 

COGNITIVE TASKS - SCHEME A 
CLASSIFIER ACCURACY - WAVELET  PACKET  DECOMPOSITION 

Wavelet    Validation  Testing  
Decomp 

Order 
 C parameter 

db13 77.2% 68.1% 6 10-6 

sym16 75.8% 60.9% 3 10-3 
coif4 74.4% 62.2% 5 10-3 

sym18 73.9% 61.8% 6 0.1 

coif5 73.6% 59.2% 4 1.0 

SVM training and validation performed on data from first recording 

session.  Testing performed on second recording session. 

 
COGNITIVE TASKS - SCHEME B 

CLASSIFIER ACCURACY -WAVELET PACKET DECOMPOSITION 

Wavelet    Validation  Testing  
Decomp 

Order 
C parameter 

db11 74.7% 70.6% 3 109 

sym16 73.2% 68.1% 3 109 
coif4 72.6% 66.9% 3 109 

sym18 71.6% 67.1% 3 109 

coif5 71.3% 62.3% 4 109 

Training and validation extended to include six data sets from second 

recording session. 

 

TABLE IX 

COGNITIVE TASKS - SCHEME A & B 
RAW COEFFICIENT -CLASSIFIER ACCURACY  

Method 

& Scheme 
Wavelet Val. Test. 

Decmp 

Order 
C  

Decmp A rbio1.1/bior1.1/db1 62.8% 58.5% 8 10-3 

Decmp B db17 61.4% 58.6% 8 10-4 

Packet A bior2.6 61.9% 57.8% 7 1 
Packet B rbio3.1 61.1% 57.9% 3 10-4 

FFNN -A - 54.2% 52.3% - 0.1 

FF NN-B - 56.5% 55.3% - 1.0 

  

reference method for the Fp1 and Fp2 electrodes did not 

benefit from the large Laplacian spatial filtering algorithm.   
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TABLE X 

AFFECTIVE TASKS - SCHEME A 

CLASSIFIER ACCURACY -WAVELET DECOMPOSITION  

Wavelet    Validation  Testing  
Decomp. 

Order 
 C parameter 

sym4 78.8% 64.8% 8 10.0 
sym16 75.0% 53.1% 8 102 

db12 75.0% 60.1% 4 0.1 
bior6.8 73.8% 60.1% 2 10.0 

sym19 73.8% 61.7% 6 0.1 

SVM training and validation performed on data from first recording 
session.  Testing performed on second recording session. 

 

AFFECTIVE TASKS - SCHEME B 

CLASSIFIER ACCURACY -WAVELET DECOMPOSITION  

Wavelet    Validation  Testing  
Decomp. 

Order 
 C parameter 

sym19 77.8% 74.0% 7 0.1 

sym18 77.8% 72.9% 4 1.0 

sym10 69.4% 68.8% 2 1.0 
bior2.2 68.1% 63.5% 4 10.0 

sym15 68.1% 63.5% 8 103 

Training and validation extended to include six data sets from second 

recording session. 

AFFECTIVE TASKS - SCHEME A 
CLASSIFIER ACCURACY - WAVELET  PACKET  DECOMPOSITION 

Wavelet    Validation  Testing  
Decomp. 

Order 
C parameter 

sym20 86.3% 72.7% 8 0.01 
db12 82.5% 63.3% 4 0.1 

sym16 80.0% 70.3% 5 10-6 

db11 80.0% 68.8% 7 10-6 
db9 80.0% 55.5% 7 10-3 

SVM training and validation performed on data from first recording 
session.  Testing performed on second recording session. 

     

AFFECTIVE TASKS - SCHEME B 
CLASSIFIER ACCURACY -WAVELET PACKET DECOMPOSITION 

Wavelet    Validation  Testing  
Decomp. 

Order 
 C parameter 

sym20 86.1% 82.3% 8 0.01 

dmey 77.8% 70.8% 8 0.1 

bior3.3 73.6% 68.8% 4 10.0 
sym18 73.6% 64.6% 8 1.0 

sym14 73.6% 67.8% 8 1.0 

Training and validation extended to include six data sets from second 

recording session. 

 
TABLE XI 

AFFECTIVE TASKS –SCHEME A & B 

RAW COEFFICIENTS -CLASSIFIER ACCURACY  

Method & 

Scheme 
Wavelet Val. Testing 

Decomp. 

Order 

C 

parameter. 

Decomp A db15 70.0% 67.1% 6 10-6 
Decomp B rbio1.3 82.0% 81.3% 2 0.1 

Packet A bior3.5 77.5% 70.3% 8 10-4 

Packet B bior3.5 87.5% 86.5% 6 10-4 

FFNN-A - 52.5% 59.4% - 0.1 

FFNN-B - 51.4% 61.5% - 1.0 

  

The locations of Fp1 and Fp2, on the subject’s forehead 

increase the susceptibility of the signals to contamination from 

ocular, perspiration and facial electromyographic (EMG) 

artifacts [10].  At the conclusion of the test session on day 2, 

the electrode resistance of Fz (the reference electrode for 

affective signals) had increased to 10K ohms, which may have 

adversely impacted the signal to noise quality of the recorded 

EEGs. The results may have also been influenced by the 

subject’s different physical and emotional state on the second 

day compared to that of the first day.  Collection of additional 

data sets is intended for further study. 
 

V. CONCLUSION 

  All of the classifier results were comparable to or slightly 

better than reported similar wavelet feature parameter space 

studies found in our exhaustive literature search [1] [3] [31] 

[35] [39]. Classification performance in the presence of noise 

contaminated data was improved when the training data was 

expanded to include a subset of noisy data from the current 

recording session (in addition to the original past recordings) 

for affective tasks.  The wavelet decomposition and wavelet 

packet decomposition of normalized energy signals performed 

similarly.  With the exception of affective tasks, the 

classification of wavelet sub-band coefficients was slightly 

poorer and had an increased computational footprint due to the 

higher feature dimensionality. Thus, wavelet features with 

SVM provide a versatile method for the classification of 

imagined motor, cognitive and affective tasks. 
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