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Abstract - This paper describes some new approaches for 

the feature extraction of SSVEP signal in EEG signal 

processing. One of them is Canonical Correlation Analysis 

(CCA) and another one is CWT along with ANN. Basically 

CCA is applied to analyze the frequency components of 

SSVEP in EEG. The essence of this method is to extract 

narrowband frequency components of SSVEP in EEG. The 

CWT offers a valuable tool for the analysis of signals as it 

provides precise location in terms of time of high frequency 

component. The selections of the mother wavelet having high 

correlation with the signal provide a more accurate time-

frequency analysis. ANNs are considered to be good classifier 

due to their inherent features as robustness, adaptive 

learning, and generalization ability and self-organization 

capability. 
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1. Introduction 
 

The brain is the most complex part of the human body. 

This three-pound organ is the seat of intelligence, 

interpreter of the senses, initiator of body movement, 
controller of the behavior and the brain is the source of all 

the qualities that define it as the crown jewel of the human 

body. For centuries, scientists and philosophers have been 

fascinated by the brain, but until recently the brain as 

nearly incomprehensible. Now, however, the brain is 

beginning to relinquish its secrets. Scientists have learned 

more about the brain in last several decades than in all 

previous centuries because of all accelerating pace of 

research in neurological and behavioral science and the 

development of new research techniques. In the recent 

decades, the status, the level of activity, and function of 

the brain have been studied through EEG signal recording 

due to advances in EEG technology, processing speed, and 
its non-invasive nature. The electroencephalogram (EEG) 

is a study of brain function that reflects the brain’s 

electrical activity. To collect brain electrical signal using 

electrodes placed on the scalp, which is added a 

conductive paste to enable the brain electrical signal, 

which is of a scale of microvolts, can be recorded and 

analyzed. SSVEP is generated in the EEG when an 

external light source with a constant twinkling frequency 

provokes the visual field. Then the effect would be 

appeared in the vision region of the brain which is in the 

occipital lobe. Recording the EEG from that region, one 
could extract the SSVEP with the same frequency of the 

external twinkling light source and its harmonics. SSVEP 

is an EEG signal response to the flickering visual stimulus 

as a large range of frequencies, from 1 to 90 Hz, but good 

response are normally acquired among 5 to 27 Hz.  

 

Canonical correlation analysis is a type of correlation 

technique that focuses on two sets of variables. Its 

strengths is that it tries to find pairs of linear 

transformations for the two sets such that when the 

transformations are appliedto the new sets of variables 
have a maximal correlation. Detection methods based on 

CCA also rely on the fact that a periodic pattern with the 

same frequency as the stimulus frequency or one of its 

harmonics can be tracked back in the brain signals. The 

use of CCA seems to have some promising improvements 

and advantagescompared to traditional methods, like SNR, 

lower inter-subject variability and the possibilities to use 

harmonic frequencies. CCA based SSVEP detection 

methods used in this research don’t require any form of 

training. Since the CCA-based detection method is able to 

detect different harmonic frequencies, hence especially 

when the use of harmonic frequencies is desired, the CCA-
based detection methods gives the absurd results when the 

time slot is very small for EEG signal, to overcome from 
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this we can use the band pass filter along with golay filter 

to get the desired results.                     

 

Another approach is to use CWT method to extract the 

features from the SSVEP signals and after that ANN is 

applied for the classification and command generation for 
the desired purpose. EEG signals are non-stationary whose 

frequency components vary as a function of time. The 

analysis of such signals can be facilitated by wavelet 

transform which provide flexible time-frequency 

resolution. Another advantage of wavelet transform 

analysis is that it is easy to choose different mother 

wavelet functions to analyze different types of signal[1].  

Proper selection of mother wavelet is thus important to 

obtain good performance in analyzing different EEG 

signal using CWT method. ANNs are considered to be 

good classifier due to their inherent features such as 

adaptive learning, robustness, self-organization, and 
generalization capability. ANNs are particularly useful in 

situation where the simpler classification algorithm fails. 

ANN methods are shown to be an excellent way of 

incorporating expert knowledge about the brain into a 

mathematical framework with minimal assumptions about 

the statistics of signals and noise. 

 

2. System Architecture 
 

The proposed system for this research work uses SSVEP 

signals of 8Hz, 14Hz and 28 Hz which are recorded from 

the range of 5 Hz to 30 Hz. Through this research work a 

software and hardware platform is setup to support the 

BCI applications whose performance could be 

implemented by signal acquisition, signal processing, 
classification, generation of command signals and 

interfacing with the device. 

 

 
 

Fig 1: Basic Block Diagram of the Brain-Computer Interface. 
 

The system architecture consists of mainly five 

components as shown in figure 1:- 

A) Acquire SSVEP signals and amplify themfor 

analog to digital conversion. 

B) Processing the SSVEP signals for the feature 

extraction. 

C) Implement the Suitable method for the feature 

extraction. 
D) Selection of translation algorithm for the 

classification and generate the command signals 

for the predefined tasks. 

E) Development of a prototype and demonstrate the 

device interfacing and get the feedback. 

 

2.1 SSVEP Signal Acquisition 

 
The database used in this study is obtained in this study is 

obtained from the reference of [12]. These signals are in 

.mat format. This EEG-SSVEP database consists of three 

databases of 8 Hz, 14 Hz and 28 Hz. Each database has 

five trials. These signals were recorded using Ag/AgCl 

electrodes from 128 locations distributed over the entire 

head using a BIOSEMI EEG system which contain 

miniature electronics to allow higher EEG signal-to-noise 

ratio and better sensitivity to weak brain signals. 

Electrodes were applied to the forehead or behind the ears 
using head caps, convert the ions current into electrical 

current and made connection between the scalp and EEG 

recording device. Electrolyte gel is applied between scalp 

and the electrodes to prevent attenuation of the signal. 

Here we are taking the EEG data recording time for EEG 

is 25 seconds. The SSVEP ONSET point is at second 5 

from beginning of the data. The SSVEP OFFSET point is 

at second 20 from the beginning of the data. The recorded 

EEG signals are now denoised and after that amplification 

is done. The EEG activity is quite small, measured in 

microvolts hence the amplification is necessary. After the 

amplification these signals are sending to the analog-to-
digital converter for the digitization and storage of the 

signals. A set of such samples, acquired at a sufficient 

sampling rate (at least 2×the highest frequency component 

of the signal),is sufficient to represent all information in 

the waveform. To ensure that the signal is band-limited, a 

low-pass filter with a cut-off frequency equal to highest 

frequency of the signal is used. The 2nd order Savitzy-

Golay (SG) filter is used for the smoothing of the signal. 

The SG filter preserves important time-domain features, 

such as signal extrema and high frequency components. 

 

2.2 Signal Processing for Feature Extraction 
 

The digitized signals now can be stored in the computer or 

any memory based system for the further processing. The 

recording can be online or offline. Online computer 

recordings are only practical for short term recording. As 

for example, a typical sampling rate of 128 Hz yields 128 

new points per second for storage. If in any channel the 



IJCSN International Journal of Computer Science and Network, Volume 4, Issue 3, June 2015           
ISSN    (Online) : 2277-5420       www.IJCSN.org 
Impact Factor: 0.417 

537 

 

 

total time is 8 seconds then the 1024 points are required 

for per channel. 

 

2.3 Methods Applied for the Feature Extraction 
 

Feature extraction is a special form of dimensionally 

reduction for the pattern recognition. When the input data 

to an algorithm is too large to be proceed and also it is 

suspected to be notoriously redundant then the input data 

are transformed into a reduced representation set of 

features is called feature extraction. Here we are applying 

two different methods for the feature extraction; one of 

them is Canonical Correlation Analysis and Continuous 
Wavelet Transform along with Artificial Neural Network. 

 

2.3.1 Canonical Correlation Analysis 
 

CCA is a type of correlation technique that focuses on two 

sets of variables. Its strength is that it tries to find pairs of 

linear transformations for the two sets such that when the 

transformations are applied the new sets of variables have 

a maximum correlation. The use of CCA seems to have 
some promising improvements and advantages compared 

to traditional methods, like SNR, lower inter-subject 

variability and the possibilities to use harmonic 

frequencies. The detection method based on CCA also rely 

on the fact that a periodic pattern with the same frequency 

as the stimulus frequency or one of its harmonics can be 

traced back in the brain signals.In ourmethod, variables in 

one set are signals x (t), recorded from several channels 

within a local region and the second set is stimulus signals. 

Any periodic signal can be decomposed into the fourier 

series of its harmonics(sin (2πft), cos (2πft), sin (4πft) ,cos 
(4πft)…..): 

 

 

              Y1(t)               Sin (2πft) 

Y2(t)  Cos (2πft) 

Y(t) =     Y3(t)    =         Sin (4πft) 

                    Y4(t)               Cos (4πft) 

Y5 (t)               Sin (6πft) 
 

Y6 (t)               Cos (6πft) 

 
 

 

 

 
The value of t = 1/S , 2/S, ……. T/S. 

Where t is the base frequency, T is the number of sampling 

points, and S is the sampling rate [9] [22]. 

Now suppose there are K stimulus frequencies f1,f2……fk 

and that the analyzed signal has been acquired from N 

channels within an  L s window. Our recognition is as 

follows. The stimulus frequency fs satisfies  

fs = maxfρ (f),       f= f1, f2,….. fk . 

Where ρ(f) is the CCA coefficient/co-variance of xLN and 
y. 

 

 
 

 

 
 

 

 

 

     

       

                                      Output 

 
Fig 2: Feature extracted by CCA 

 
The detected fscan be put into the class c for our 

convenience. Higher the value of CCA co-efficient means 

higher the information.                                                                                     

The use of CCA seems to have some promising 
improvements and advantages compared to the traditional 

PSDA-based detection methods, like better signal-to-noise 

ratio (SNR), lower inter subject variability and possibility 

to use harmonics frequencies. The CCA based detection 

method used in this research don’t require any form of 

training. CCA can also be performed in the case of the 

decreasing magnitude of higher frequencies or a 

combination where new set of variables with a maximal 

correlation is required. CCA method gives the absurd 

result when the time-slot is very small for EEG signal, to 

overcome from this we can use the band-pass filter along 
with the Golay filter to get the desired results [22]. 
 

2.3.2 Continuous Wavelet Transform 
 

The Wavelet transform has its flexibility in the choice of 

analyzing functions, which overcomes the shortage of 

traditional Fourier transform method. 
 

Mother wavelet can be defined by 

--- (1) 

 

EEG 

Signal 

  X 

 

 

Y1 (t) CCA

AaA 

CCA

AA 

Y4 (t) 

 

Maxf

ρ(f) 

Y6 (t) CCA 
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a, b ϵ R , a≠ 0 

  
 a – scaling factor that measures the degree of 

compression. 

 

The formula of continuous wavelet transform (CWT) is 

 

---(2) 
 

Where, f(x) is the time domain limited signal. Ψ(x) is the 

energy limited wavelet function or mother wavelet.  a is 

the scale factor, b is the shift factor and * means complex 

conjugation. The adjustment 1/√a is intended to normalize 

the energy content of each wavelet that goes into the 
reconstructing the original signal [4] [5]. A set of wavelet 

coefficient w(a,b) actually denote the extent of correlation 

between the scaled , shifted wavelet transform and one 

segment of the signal. Through wavelet transform, the 

signal x(t) is broken up into the shifted and scaled versions 

of the mother wavelet.  

 

In this presented SSVEP-based BCI system, the Morlet 

wavelet transform is employed for feature extraction. To 

make wavelet co-efficientw(a,b) more easily interpretable, 

the  scale factor ‘a’ has to be transformed into the 
frequency f. 

 

Wk(a,b) = WK(f,t)│f =fs-fo/a, t = b 

 

Where ‘f’s denotes the samplingfrequency and   ‘fo’ is the 

central frequency of the morlet wavelet spectrum in Hz, 

and k represents the EEG trial number. Thus Wk(f,t) 

denotes the time-frequency co-efficient at frequency f and 

time t of kth EEG trial data [23].    
 

2.4 Algorithm for Classification  
 

2.4.1 Canonical Correlation Analysis 
 

The CCA based detection method used in this research 

don’t require any form of training. 

 

2.4.2 Artificial Neural Network 
 

Once the features are extracted by the CWT method, after 

that ANN is applied for the classification. ANNs are 

considered to be good classifier due to their inherent 

features such as adaptive learning, robustness, self-

organization, and generalization ability. Here our approach 

is to use ANN’s to select combination of application. 

Specific features for the classification from larger sets of 

features extracted by the CWT. The ANN’s are then 

sequentially applied to each of the feature sets. Network 

topology is determined by the propagation of classification 

error back to connections and weighting of hidden units 

during training mode operation. To generate each network, 

the algorithm iterates a two- step procedure, first one is 

“network loss” is calculated for the two-layered network 
consisting of hidden threshold logic units (TLU’s) 

previously chosen and each possible new hidden unit. 

Candidate TLU’s are generated by the exhaustive 

enumeration of all feature subsets of a given size and 

computing a simple statistical classifier for each. The 

network loss is a function defined to reflect both the 

quantity and severity of classification errors. Error 

correction is propagated back to network parameter by 

minimizing this measure of the differencebetween the 

desired and actual output. This process iterates until 

adding more units doesn’t result in significant 

improvements. Independent data are then passed through 
network to test the validity of the final network equations. 

The significance of this test is determined by the binomial 

distribution and by comparison to results obtained when 

data of random class   are passed through the network. The 

performance of each network is fed back to guide 

featureselection. The final network parameters frequently 

yield useful information about the relevance of each 

feature for classification [9][23]. In this research work we 

are going to use Back-Propagation Error network. 
 

 
 

• NP = Network Parameter 

• ND = Network Decision 

 

Fig 3: Artificial Neural Network for classification 
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2.5 Device Interfacing 
 

Interfacing can be done by controller through serial port 

by the development of prototype using 8051 controller and 
the dc motor. The classification results are sent from 

MATLAB to controller through serial port as the input. 

The controller is programmed through the Keil software 

and output is shown by the rotation of DC motor. 
 

3. Implementation and Result 
 

In the first stage of this work reference signals for four 

subjects were loaded in MATLAB. 

 

Phase 1: 

 

Raw SSVEP signal of 8 Hz and 14 Hz. 
 

 
 

Fig 4: SSVEP Signal of 8 Hz 

 

 
 

Fig 5: SSVEP Signal of 14 Hz 

 
Phase 2: 

 

3.1 Canonical Correlation Analysis 
 

Now we have to apply CCA method between the stimulus 

signals and the generated SSVEP signals. Here we will use 
the 8Hz frequency signal as a target/stimulus frequency 

and SSVEP signals of 8 Hz signal which is generated. 

With the help of MATLAB tool we get the CCA co-

efficient/co-variance. The CCA method itself extract the 

features of SSVEP signals and also classifies it in the term 

of CCA co-efficient/ co-variance. Higher the value of 

CCA co-efficient reflects the most information. The CCA 

co-efficient can be used for Generate command signals 

which can perform predefined tasks. 

 

3.2 Continuous Wavelet Transform 
 

Now we have to apply CWT method between the stimulus 
signals and the generated SSVEP signals. Here we will use 

the 14Hz frequency signal as a target/stimulus frequency 

for the subject one and SSVEP signals of 14 Hz signal 

which is generated. After that we will use 8 Hz as a 

target/stimulus frequency for the subject two, three and 

four and SSVEP signal of 8 Hz isgenerated. With the help 

of MATLAB tool we get the CWT co-efficient. The 

CWTco-efficient are used as the input for the ANN. 

Artificial Neural Network classify the features and 

generates the commands for the pre-defined task. 

 

 
Fig 6: Artificial Neural Network 

 
Fig 7:  Regression Graph 
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Fig 8: Target vs. Signal Graph 

 
Phase 3: 

 

In the last stage of this research work the interfacing is 

implemented by the using a microcontroller, a LED 

display and a dc motor; in which the generated command 

is used as a input signals. 

 

 
Fig 9: Structure of  8051 through Serial port for interfacing 

 

 
 

Fig 10: Hardware for interfacing 
 RESULTS:  

 

A) Canonical Correlation Analysis : 
 

Table no. 1: Result by CCA 

 
Subject  

 
 

   one 

CCA with 

reference to 
signal 

Covariance 

for 8 Hz 

Covariance 

with 14 Hz 

Trial 1 8Hz  0.3714238 0.1586642 

14Hz  0.1920505 0.2182768 

Trial 2 8Hz  0.3756347 0.1451164 

14Hz  0.1784333 0.2213296 

Trial 3 8Hz  0.2877205 0.1110825 

14Hz  0.1463627 0.2212236 

Trial4 8Hz  0.2447987 0.146500 

14Hz  0.1465964 0.2216199 

Subject  

 

     two 

CCA with 

reference to 

signal 

Covariance 

for 8 Hz 

Covariance 

with 14 Hz 

Trial 1 8Hz  0.3301264 0.1626964 

14Hz  0.2323961 0.3711204 

Trial 2 8Hz  0.1722747 0.1059908 

14 Hz 0.1116774 0.2230239 

Trial 3 8Hz 0.164342 0.1185967 

14Hz 0.1592584 0.1843960 

Trial4 8Hz  0.1722747 0.1059908 

14 Hz 0.1434164 0.2048296 

Subject  

 

   three 

CCA with 

reference to 

signal 

Covariance 

for 8 Hz 

Covariance 

with 14 Hz 

Trial 1 8Hz  0.1722747 0.1059908 

14Hz  0.1881398 0.3081135 

Trial 2 8Hz  0.3960355 0.1582324 

14Hz  0.2204933 0.3704779 

Trial 3 8Hz  0.3989549 0.1671835 

14Hz  0.2503416 0.3198515 

Trial 4 8Hz  0.3331818 0.1701136 

14Hz  0.2526705 0.2930063 
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The results from the above table conclude that the 

covariance for any signal with same reference signal is 

approx. 1.8 times higher than the covariance for any signal 

with different reference signal. Higher the value of 

covariance means higher the similarity with the reference 

signal. 

B) CWT along with ANN: 
 

Table 2: Result by CWT along with ANN 

 

Subject 

One 

8 Hz Non-8 

Hz 

Performance 

in 

percentage 

Trial 1 0.80424 0.90978 90.978 

Trial 2 0.83279 0.90883 90.883 

Trial 3 0.81826 0.93054 93.054 

Trial 4 0.76184 0.97955 97.955 

Subject 

Two 

8 Hz Non-8 

Hz 

Performance 

in 

Percentage 

Trial 1 0.99723 0.88221 99.723 

Trial 2 0.98221 0.88678 98.221 

Trial 3 0.99341 0.89704 99.341 

Trial 4 0.99626 0.88468 99.626 

Subject 

Three 

8 Hz Non-8 

Hz 

Performance 

in 

Percentage 

Trial 1 0.90237 0.73817 90.237 

Trial 2 0.88221 0.84357 88.221 

Trial 3 0.90838 0.86018 90.838 

Trial 4 0.94407 0.90069 94.407 

Subject 

Four 

8 Hz Non-8 

Hz 

Performance 

in 

Percentage 

Trial 1 0.98842 0.94205 98.842 

Trial 2 0.94058 0.89045 94.058 

Trial 3 0.94059 0.95183 94.059 

Trial 4 0.99391 0.94571 99.391 

 

4. Conclusion 
 

In this project work   the features of SSVEP signals are 

extracted successfully and classified them with good 

accuracy by both the CCA method and CWT along with 

ANN. After that we have generated control signals from 

classified data and developed a prototype using a 

microcontroller as an input datafor the desired output 

applications .It ismore user friendly and compatible for 

working in real time environment. The algorithm is the 
more efficient, accurate and easy method for processing of 

EEG signals used as the command for output 

applications.The use of CCA seems to have some 

promising improvements and advantages compared to 

traditional methods, like SNR, lower inter-subject 

variability and the possibilities to use harmonic 

frequencies. CCA based SSVEP detection methods used in 
this research don’t require any form of training. Since the 

CCA-based detection method is able to detect different 

harmonic frequencies, hence especially when the use of 

harmonic frequencies is desired.The CWT method is used 

for the feature extraction of the signal in terms of wavelet 

co-efficient. A set of wavelet co-efficient actually denotes 

the extent of correlation between the scaled, shifted 

wavelet transform and one segment of signal. The wavelet 

co-efficient are used as the input for the ANN. The ANN’s 

are considered to be good classifier due to their inherent 

features such as adaptive learning, robustness, and self-

organization and generalization ability. The result from the 
above table shows very good performance of the proposed 

system. 
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