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Abstract - Electroencephalogram (EEG) is the measurement of electrical activity of the neurons in the brain from the scalp. 
This study evaluates the relative performance of two established feature extraction techniques on data collected using the 
P300 Speller paradigm, originally described by Farwell and Donchin [17]. We have used the following two methods: 
Wavelet Transform (WT) and Principal Component Analysis (PCA) in our research. In this work, WT and PCA are used as a 
preprocessing method and neural network is used for classification. With the aim to improve the distinct features extracted 
by wavelet transformation in P300 detection, we researched the P300 frequency domain of Event Related Potentials (ERP) 
and instigate the mother wavelet selection towards the divisibility of extracted features. PCA has been implemented on P300 
for feature reduction for classification. 
 
Index Terms- Brain Computer Interface (BCI), Electroencephalogram (EEG), P300 Speller, Event Related Potential (ERP), 
Discrete Wavelet Transform (DWT), Principal Component Analysis (PCA), Neural Network. 
 
I. INTRODUCTION 
 
A brain-computer interface (BCI) is a device that uses 
brain signals to provide a non-muscular 
communication channel, particularly for individuals 
with severe neuromuscular disabilities. The idea 
underlying BCIs is to measure electric, magnetic, or 
other physical manifestations of the brain activity and 
to translate these into commands for a computer or 
other devices. 
 
An electroencephalogram (EEG) measures the 
electrical impulses generated by neurons firing in the 
brain by positioning several electrodes over the scalp. 
EEG records carry information on how a human brain 
responds to certain stimuli. The EEG records are in 
the range of 200 μV and are generally classified 
according to their frequency, and amplitude as well as 
the sites on the scalp at which they are recorded .The 
various frequency rhythms associated with EEG are 
alpha, beta, gamma, delta and mu rhythms. 
 
The P300 is a psycho-physiological correlates of 
neuro-cognitive functioning that reflect the response 
of the brain to events in the external or internal 
environment of the organism, which is classified as 
Event Related Potential (ERP) of the brain, and it is 
named so due to the positive deflection of the EEG at 
the central electrodes around 300ms post stimulus. 
The P300 response has proven to be a reliable signal 
for controlling a BCI. Farwell and Donchin describe 
the P300 speller (Figure1.1), which presents a 
selection of characters arranged in a 6 × 6 matrix. The 
user focuses attention on one of the 36 character cells 
of the matrix while each row and column of the 
matrix is intensified in a random sequence. The row 
and column intensifications that intersect at the 
attended cell represent the target stimuli, which occur 
with a probability of 1/6. The rare presentation of the 
target stimuli in the random sequence of stimuli 

constitutes an Oddball Paradigm and will elicit a 
P300 response to the target stimuli. With proper P300 
feature selection and classification, the attended 
character of the matrix can be identified and 
communicated. 
 

 
Figure1.1 P300 Speller 

 
Wavelet transformation is potentially one of the most 
powerful signal processing techniques, because of its 
ability to adjust to signal components and its multi-
resolution. Wavelet transformations can provide a 
low time resolution and a high frequency resolution 
in low frequency band while provide a high time 
resolution and a low frequency resolution in high 
frequency band. It provides a time-frequency 
decomposition that is proved to be very suitable for 
non-stationary random signals analysis, so it is 
broadly used to analyze EEG signals in recent years. 
PCA is a dominant tool for analyzing data and 
finding patterns in it. In PCA, data compression is 
possible and it projects higher dimensional data to 
lower dimensional data. By using PCA with Neural 
Network, the redundant data in the dataset is 
eliminated first and the obtained data is trained using 
Neural Network. In this work we do a comparative 
analysis between the various mother wavelets to find 
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the best mother wavelet in p300 analysis. We have 
simultaneously implemented PCA on the dataset for 
feature reduction. The recommended classification 
algorithms in Neural Network are Resilient back 
propagation algorithm (RPROP) and conjugate 
gradient algorithms. In the following, Section II 
describes the dataset extraction for p300 analysis. 
Feature extraction methods are briefly explained in 
Section III. Section IV describes the various 
classification algorithms. Section V contains the 
results of the analysis performed followed by 
conclusion in Section VI. 
 
II. DATA EXTRACTION 
 
A. DATABASE 
We have used the 2nd Wadsworth BCI Dataset (P300 
Evoked Potentials) Data Acquired Using BCI2000 P3 
Speller Paradigm. The dataset is publically available 
online at http://www.bci2000.org[17]. This data 
consists of over 300 one- and two-minute EEG 
recording evenly taken from 3 healthy subjects. The 
user was presented with a 6 by 6 matrix of characters 
(p300 paradigm). The user’s task was to focus 
attention on characters in a word that was prescribed 
by the investigator (i.e., one character at a time). All 
rows and columns of this matrix were successively 
and randomly intensified at a rate of 5.7Hz. Two out 
of 12 intensifications of rows or columns contained 
the desired character (i.e., one particular row and one 
particular column). Signals were collected and 
digitized at 240Hz from one subject in three sessions. 
In each run, the subject focused attention on a series 
of character. For each character, user display was as 
follows: the matrix was displayed for a 2.5s period, 
and during this time each character had the same 
intensity (i.e., the matrix was blank). Subsequently, 
each row and column in the matrix was randomly 
intensified for 100ms (i.e., resulting in 12 different 
stimuli – 6 rows and 6 columns). (After 
intensification of a row/column, the matrix was blank 
for 75ms.) Row/column intensifications were block 
randomized in blocks of 12. Sets of 12 
intensifications were repeated 15 times for each 
character (i.e., any specific row/column was 
intensified 15 times and thus there were 180 total 
intensifications for each character). Each sequence of 
15 sets of intensifications was followed by a 2.5 s 
period, and during this time the matrix was blank. 
This period informed the user that this character was 
completed and to focus on the next character in the 
word that was displayed on the top of the screen. 
 
B. CHANNEL SELECTION 
Previous work shows that data due to p300 is 
contained exclusively in channels Fz, Cz, P3, Pz, P4, 
PO7, PO8 and Oz in the EEG system (Figure 1.2). In 
this project, research is principally focused on EEG 
data from channels Cz as that’s the channel having 
most of p300 data. Selecting only one channel for the 

purpose of classification is chiefly because data 
appears redundant to the classifier if too many 
channels are selected. 

 
Figure 1.2: Electrodes of the International 10-20 system for 

EEG. 
 
III. FEATURE EXTRACTION 
 
A. PRINCIPAL COMPONENT ANALYSIS 
(PCA)Algorithm 
 
Step 1: Get some data:  
The data corresponds to the digitized EEG data 
collected using the p300 paradigm and BCI. 
 
Step 2: Subtract the mean: 
For PCA to work properly, you have to subtract the 
mean from each of the data dimensions. The mean 
subtracted is the average across each dimension. So, 
all the x values have  (the mean of the x values of 
all the data points) subtracted, and all the y values 

have subtracted from them. This produces a data 
set whose mean is zero. 
 
Step 3: Calculate the covariance matrix: 
Calculate the covariance matrix. Since the data is 2 
dimensional, the covariance matrix will be 2*2. 
 
Step 4: Calculate the eigenvectors and eigen values 
of the covariance matrix: 
Since the covariance matrix is square, we can 
calculate the eigenvectors and eigen value for this 
matrix. 
 
Step 5: Choosing components and forming a 
feature vector: 
Here is where the notion of data compression and 
reduced dimensionality comes into it. If you look at 
the eigenvectors and eigen values you will notice that 
the eigen values are quite different values. In fact, it 
turns out that the eigenvector with the highest eigen 
value is the principle component of the data set. In 
general, once eigenvectors are found from the 
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covariance matrix, the next step is to order them by 
eigen value, highest to lowest. This gives you the 
components in  order of significance. Now, if you 
like, you can decide to ignore the components of 
lesser significance. This gives you the feature matrix. 
 
Step 6: Deriving the new data set:  
This is the final step in PCA, and is also the easiest.      
Once we have chosen the components (eigenvectors) 
that we wish to keep in our data and formed a feature 
vector, we simply take the transpose of the vector and 
multiply it on the left of the original data set 
transposed. 
 
Final Data = Row Feature Vector * Row Data Adjust 
       
Where Row Feature Vector  is the matrix with the 
eigenvectors in the columns transposed so that the 
eigenvectors are now in the rows, with the most 
significant eigenvector at the top, and Row Data 
Adjust is the mean-adjusted data transposed, ie. the 
data items are in each column, with each row holding 
a separate dimension. The above algorithm was 
applied on p300 data and the feature matrix was 
reduced in dimensions and given to Neural Network 
for classification.[13] 
 
B. DISCRETE WAVELET TRANSFORM 
A signal in time domain does not convey as much as 
information it can convey when analyzed in its 
frequency domain. A p300 signal contains 
information in frequency range of 0-30Hz. Hence we 
need to convert the signal from time domain to 
frequency domain. There are many frequency domain 
analyzer techniques namely fourier transform, radon 
transform, wavelet transform with each having its 
own advantages and disadvantages. We have 
performed wavelet transform on the p300 signal. A 
wavelet transform is useful to find the frequency 
component of a signal at a particular instant of time. 
Continuous wavelet transform (CWT) is found by 
using the following equation: 
  

 EQ-1  
 
Where C(a,b) are called wavelet coefficients. a,b (t) is 
called a wavelet with parameters a and b. CWT 
provides redundant data and requires a significant 
amount of computation time and resources. The 
discrete wavelet transform (DWT) which is obtained 
by sampling CWT, provides sufficient information 
both for analysis and synthesis of the original signal, 
with a significant reduction in the computation time. 
The DWT is considerably easier to implement as 
compared to CWT.[3]Wavelet analysis uses   
wavelets for wavelet transform. A wavelet is a 
waveform of effectively limited duration that has an 
average value of zero as shown in Figure 1.3. 

 

 
Figure  1.3- Wavelet 

 
In DWT, filters of different cut-off frequencies are 
used to analyze the signal at different scales. The 
signal is passed through a series of high pass filters to 
analyze the high frequencies, and it is passed through 
a series of low pass filters to analyze the low 
frequencies as shown in Figure 1.4. 
 

 
Figure 1.4- DWT 

  
The resolution, which indicates the amount of detail 
information in the signal, is changed by the filtering 
operations, and the scale is changed by upsampling 
and downsampling operations. The decomposition for 
a signal ‘x’ is shown Figure1.5. 
 

 
Figure 1.5- Decomposition levels for signal x in DWT 

Table 1.1 Decomposition levels 

 
 
The approximation or detailed coefficients or both 
can be given to the Neural Network for training.The 
feature vector is formed by extracting statistical 
coefficients from cA4 and cD4. 

 
 

Decomposed 
Signal 

Frequency 
Range 

Decomposition 
Level 

cA1 0-120 Hz 1 
cA2 0-60 Hz 2 
cA3 0-30 Hz 3 
cD4 15-30 Hz 4 
cA4 0-15 Hz 4 
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IV. CLASSIFICATION ALGORITHM 
 
A. ERROR BACK PROPAGATION 
ALGORITHM 
It’s a frequently used method for classification. In 
this algorithm, the weight change is proportional to 
the slope of error curve.[7], [16]. The weight update 
equation is given below. 
w’ = w +( η (ek – yk)yk’)xk        Eq- 2 
where, 
w’ = updated weight 
w = previous weight 
η  = learning constant 
ek = expected output 
yk = actual output 
yk’ = derivative of actual output 
xk = input to neuron 
 
B. RESILIENT BACK PROPAGATION 
ALGORITHM 
In this algorithm the weight update depends on the 
sign of slope of the error instead of the magnitude. 
The sign of the slope indicates which direction to go 
in order to get to a smaller error. A negative slope 
indicates positive weight direction, and vice versa. 
The steepness (magnitude) of the slope indicates how 
rapidly the error is changing and how far to move to 
get to a smaller error. [8], [16] 
 
C. CONJUGATE GRADIENT BACK 
PROPAGATION ALGORITHMS: 
In the previous methods discussed above, a learning 
rate is used to determine the step size (weight 
update). In most of the conjugate gradient algorithms, 
the step size is adjusted at each iteration. This leads to 
a faster convergence. The conjugate gradient 
algorithms start the search in the steepest descent 
direction on the first iteration. A line search is then 
performed to determine the optimal distance to move 
along the current search gradient. The next search 
direction is made conjugate to previous direction. The 
general procedure to determine the new steepest 
descent direction is to combine new steepest descent 
direction with the previous search direction: 
 
Xk = - gk + βk *  pk-1                                         Eq- 3 
 
Xk = new search direction 
gk = direction of steepest descent 
pk-1 = previous direction 
 
The various conjugate gradient are distinguished by 
the manner βk is determined. The Fletcher – Reeves 
conjugate gradient algorithm (CGFR) determines βk 
as: 

βk =
∗
∗

        Eq- 4 

This is the ratio of the norm squared of the current 
gradient to the norm squared of previous 
gradient.[12], [16]. 
In the Conjugate gradient algorithm proposed by 
Polak and Ribiére, (CGPR), the constant βk  is 
determined by the following: 
 

βk =
Δ ∗

∗
        Eq- 5 

This is inner product of the previous change in 
gradient with the current gradient divided by the 
norm squared of the previous gradient.[16]For all the 
above conjugate gradient algorithms, the search is 
periodically reset to the negative of gradient. The 
standard reset point occurs when the number of 
iterations is equal to number of network parameters, 
but there are other reset methods which give better 
efficiency. One such  method is the Conjugate 
Gradient Algorithm by Powell- Beale, (CGPB), 
which resets the search direction when there is very 
little orthogonality left between the current gradient 
and previous gradient.[15],[16] 
 
V. RESULTS 
 
A. FEATURES EXTRACTED USING 
WAVELET TRANSFORM 
The obtained results for BCI2000 dataset with 
wavelet coefficients as inputs for various neural 
network algorithms are as shown in Table I, Table II, 
Table III, Table IV, Table V, Table VI. 
 

Table I. Analysis of p300 using mother wavelet dB2 

 
 

Table II. Analysis of p300 using mother wavelet dB4 

 
 

Table III. Analysis of p300 using mother wavelet 
Bior1.3 
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Table IV. Analysis of p300 using mother wavelet Bior2.4 

 
 

Table V. Analysis of p300 using mother wavelet Sym2 

 
 

Table VI. Analysis of p300 using mother wavelet Sym4 

 
 
B. FEATURES EXTRACTED USING 
PRINCIPAL COMPONENT ANALYSIS 
 The obtained results for BCI2000 dataset with PCA 
features as inputs for various neural network 
algorithms are as shown in Table VII. 
 

Table VII. Analysis of p300 using PCA 

 
 
CONCLUSION 
 
As per the results, the following conclusion was 
made: 
 Feature extraction using mother wavelet db2 

gave a highest accuracy of 90% using ‘EBPA’ 
algorithm. 

 Feature extraction using mother wavelet db4 
gave a highest accuracy of 92.5% using ‘EBPA’ 
algorithm. 

 Feature extraction using mother wavelet bior1.3 
gave a highest accuracy of 82.5% using ‘CGPB’ 
algorithm. 

 Feature extraction using mother wavelet bior2.4 
gave a highest accuracy of 86.7% using ‘CGPB 
algorithm. 

 Feature extraction using mother wavelet sym2 
gave a highest accuracy of 90% using ‘EBPA’ 
algorithm. 

 Feature extraction using mother wavelet sym4 
gave a highest accuracy of 87.5% using ‘CGPB’ 
algorithm. 

 Feature extraction using Principal Component 
Analysis  gave a  highest accuracy of 93.3% 
using ‘CGFR' algorithm. 
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