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Abstract — Electroencephalography (EEG) is a well-established clinical procedure, which can provide information pertinent to the 
diagnosis of a number of brain disorders (e.g. epilepsy or brain tumors). However, despite its widespread use, it is one of the last 
routine clinical procedures to be fully automated. Analysis of the electroencephalogram (EEG) includes the detection of patterns 
and features characteristic of abnormal conditions. For example, Asymmetries in the amplitude or frequency of background 
activity suggest a lesion, while the presence of Epileptiform activity supports a clinical diagnosis of epilepsy. Over half the EEG 
referrals relate to epilepsy, with the EEG being the most useful procedure in its diagnosis. In this paper, the variable thresholding 
concept is applied to a wavelet transformed raw EEG signals/samples and then classified using Post Classifiers like Sparse 
Representation Classifiers (SRC), Singular Value Decomposition (SVD), Approximate Entropy (ApEn) and Principal Component 
Analysis (PCA) for the perfect classification of epilepsy risk levels from EEG Signals. The risk levels are measured and analyzed in 
terms of Performance Index (PI), Quality Value (QV), Sensitivity, Specificity and Time Delay. 
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I. INTRODUCTION  
      

The human eye and brain can be trained to recognize 
ostensibly defined patterns in multi-channel EEG recordings 
[1]. However, ostensive definitions are not readily 
disseminated. A description of a mental image by words is 
normally poor and lengthy. Ocular analysis of interictal 
EEG is, still, time-intensive so the automated detection of 
seizures in long-term EEG records is extremely useful, as it 
decreases the information that a specialist has to analyze in 
order to make a diagnosis about the type of epilepsy or to 
determine the epileptic source [2]. In clinical practice it is a 
way of exploring the great pattern recognition of a human 
visual system and enhancing the efficiency of the visual data 
communication. Computers can bring quantification to EEG 
analysis in the form of precise measurements (micro volt 
and millisecond precision), but at the same time they cannot 
always use the measured data to identify clinically 
significant features.  It is widely accepted that the 
information available to the physician about his patient and 
about medical relationships in general is inherently 
uncertain [3]. Nevertheless, the physician is still quite 
capable of drawing conclusions, though approximate, from 
this information. The novel attempt in this research is to 
provide a formal variable thresholding model applied to the 
wavelet transformed raw EEG signals using a mathematical 
approach. The optimized classification of the risk level of 
epilepsy is generally achieved by non linear models, 
Artificial Intelligence, Neural networks, and Hardware 

implementation wavelet Neural Network [3]. 
The conventional techniques of analysis being tedious 

and time consuming, many automated epileptic EEG 
systems have emerged in recent years. Automated 
classification of EEG data is complicated by a number of 
causes. The EEG potentials stretch out in the micro-volt 
range and therefore it is highly susceptible to physiological 
and environmental artifacts [4]. The existence of 
Epileptiform activity in the EEG authenticates the diagnosis 
of epilepsy, which occasionally is confused with other 
disorders producing similar seizure like activity. In 
common, the complexity of the dynamics of the neuronal 
system of the brain is vanished during seizures [8].  

Recording the EEG during a seizure is particularly 
helpful in determining whether a patient has epilepsy. 
Because seizures usually occur infrequently and 
unpredictably, obtaining such recording might require an 
EEG extending over several days (long-term EEG 
monitoring). Techniques have been developed for the 
automated detection of petit mal seizures and grand mal 
seizures, which have proven relatively successful [5]. 
Between seizures, the EEG of a patient with epilepsy may 
be characterized by occasional Epileptiform transients 
(spikes and sharp waves) and, consequently, relatively short 
recording can still be useful in the diagnosis of epilepsy. An 
Electroencephalographer (EEGer) detects Epileptiform 
transients by visual inspection of the recording, which 
requires considerable skill and is time consuming. Thus, 
automation of this process could save time increase 
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objectivity and uniformity, and enables quantification for 
research studies. This paper is organized as follows: in 
Section 2, the materials and methods are discussed and in 
Section 3, the various types of post classifiers used are 
discussed followed by the results and discussion in Section 
4 and conclusion in Section 5. 
 

II. MATERIALS AND METHODS 

A. Experimental Approach 

     For the performance analysis of the epilepsy risk levels 
using variable thresholding concept and various types of 
post classifiers, the raw EEG data of 20 epileptic patients 
who were under treatment in the Neurology Department of 
Sri Ramakrishna Hospital, Coimbatore in European Data 
Format (EDF) are taken for study. The preprocessing stage 
of the EEG signals is given more attention because it is vital 
to use the best available technique in literature to extract all 
the useful information embedded in the non-stationary 
biomedical signals. The EEG records which were obtained 
were continuous for about 30 seconds and each of them was 
divided into epochs of two second duration. Generally a two 
second epoch is long enough to avoid unnecessary 
redundancy in the signal and it is long enough to detect any 
significant changes in activity and to detect the presence of 
artifacts in the signal. For each and every patient, the total 
number of channels is 16 and it is over three epochs. The 
frequency is considered to be 50 Hz and the sampling 
frequency is considered to be about 200 Hz.  Each and every 
sample corresponds to the instantaneous amplitude values of 
the signal which totals to 400 values for an epoch. The total 
number of artifacts present in the data is four. Chewing 
artifact, motion artifact, eye blink and electromyography 
(EMG) are the four number of artifacts present and 
approximately the percentage of data which are artifacts is 
1%. No attempts were made to select certain number of 
artifacts which are of more specific nature. The main 
objective to include artifacts is to differentiate the spike 
categories of waveforms from non spike categories. The 
Block Diagram of the procedure is carried out as shown in 
the Figure 1. The raw EEG signals or samples are taken 
initially and then wavelet transform is applied to it to extract 
the features. The variable thresholding concept is then 
applied  and finally the classification of epilepsy risk levels 
from EEG signals is done by engaging PCA, ApEn and 
SRC as Post Classifiers. The epilepsy risk levels are 
analyzed in terms of Performance Index, Quality Values, 
Sensitivity and Specificity. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1 Block Diagram of the procedure 

The following three parameters out of seven features are 
extracted from EEG signals directly by computing the given 
formulae 

a) The energy in each two-second epoch is given by  
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where ix  signal sample value and n  is the number of 

samples. The scaled energy is taken by dividing the energy 
term by 1000. 

b) The variance is computed as  given by 

Raw EEG Signals/ Samples 

Wavelet Transform 

Principal Component Analysis, 
Approximate Entropy, Singular Value 
Decomposition, Sparse Representation 

Classifiers as Post Classifiers 

Epilepsy Risk levels: 
1) Performance Index  

2)  Quality Values 

3)  Sensitivity 

4) Specificity 

5) Time Delay 

Variable Thresholding 
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c) Covariance of Duration. The variation of the average 
duration is defined by   
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The following four parameters are extracted using Wavelet 
Transforms 
i) The total number of positive and negative peaks 
exceeding a threshold is found. 
ii) Spikes are detected when the zero crossing duration of 
predominantly high amplitude peaks in the EEG waveform 
lies between 20 and 70 ms and sharp waves are detected 
when the duration lies between 70 and 200ms. 
iii) The total numbers of spike and sharp waves in an epoch 
are recorded as events. 

iv) The average duration is given by  

p
D

p

i
it

 1  

 

where it  is one peak to peak duration and p  is the number 

of such durations. 
 

B. Wavelet Transforms for Feature Extraction 

     The characteristics of the brain signals are that it is non-
stationary in nature. To capture the transients and events of 
the waveforms, wavelet transforms is the best choice. For a 
function f(t), wavelet Transform [6] can be defined as 
follows: 

dtttfbawf ba )()(),( *
,





   

where )(* t is the complex conjugate of the wavelet 

function )(t . 

The mother wavelet )(t deduces the full wavelet family 

by analyzing the ),( baw f function it is represented 

mathematically as follows 
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where a represents the dilation parameter and b represents 
the translation parameter. The initialization of the feature 
extraction process is done by the implementation of simple 

thresholding functions such as Haar, dB2, dB4 and Sym 8. 
Wavelet Thresholding follows the principles of signal 
estimation that enhances, enumerates and exploits the 
capabilities of wavelet transform useful for the signal 
smoothing functions. 
 

C. Code Converter Concepts 

     The output values which are sampled are processed with 
the help of an encoding method and hence we get individual 
codes. It is relatively very easier to work on definite 
alphabets than to process numbers with a large decimal 
accuracy. So the output is encoded as a string of alphabets. 
The representation in the alphabetical manner of the five 
classifications of the output is shown in the Table I. 
 
TABLE I  REPRESENTATION OF RISK LEVEL CLASSIFICATIONS 

 
Risk Representation 

Normal U 
Low W 

Medium X 
High Y 

Very High Z 
 
The Characteristic representation eases the operation 

while processing cumbersome operations of numbers is quite 
difficult. A string of seven characters is obtained for each of 
the sixteen channels in each and every epoch. A sample 
output is shown below for eight different channels done over 
3 epochs. Figure 2 shows the Code Converters Output with 
Variable Thresholding Concept. 

 

 
Figure 2 Code Converters Output with Variable Thresholding Concept 

III. POST CLASSIFIERS USED HERE 

 
     The main Post Classifiers used here are Sparse 
Representation Classifier (SRC), Singular Value 
Decomposition (SVD), Approximate Entropy (ApEn) and 
Principal Component Analysis (PCA). 
 

 Epoch 1 
 

XYYWYXX 
 YZZYXXX 
 YYZXYYY 
 YZZYXYY 

 
 ZZZYYYY 
 YYZXXXX 
 ZZZYYYY 
ZYYYXXX 

 Epoch 2 
 

WXXWYYY 
 YYYYXXX 
 YYYYYYY 
 XZZXYYY 

 
 WYYYXXX 
 WYZYYYY 
 YYYYYYY 
YYYYXXX 

 

 

Epoch 3 
 

WZYXWWW 
 YYYXYYY 
 YYYYYYY 
 YYYYYYY 

 
 YYYXYYY 
 YZZYYYY 
 ZZZYYYY 
 ZYYXZYY 
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A. Sparse Representation Classifier 

     The steps implemented in Sparse Representation 
Classifier [9] is shown in Figure 3. 
 

 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 Figure 3 Block Diagram Representation of SRC Classifier 
 

B. Singular Value Decomposition 

     SVD is used widely to analyze and measure the principal 
components of a multi-dimensional signal [4]. If a particular 
matrix NM  comprises of '' N number of observations, it 
may be decomposed as follows 

TUSVX   
 

C. Approximate Entropy 

      For the quantification of the actual amount of regularity, 
Approximate Entropy is widely used [7]. It is generally 
analysed over a time-series data and it is used widely for the 
quantification of the unpredictable nature of fluctuations. A 
huge amount of data is required in order to calculate the 
accurate entropy but due to the adverse effect of the system 
noise, the performance is degraded greatly. Therefore to 
handle such limitations, a slight modification of an exact 
regularity statistic parameter was done and it was termed as 
Approximate entropy. 
 

D. Principal Component Analysis 

     Principal Component Analysis (PCA) always expands 
the data into a particular set of orthogonal components and 
thus it can certainly achieve a maximum decorrelation of the 
signals [10]. The separation of the data into the signal and 
noise subspaces can be enabled by the PCA.  Principal 
components analysis on the n-by-p data matrix X returns the 
principal component coefficients, also known as loadings. 
Each principal component is a linear combination of the 
original variables. The principal components as a whole, 
forms an orthogonal basis for the space of the data used here 
as a Classifier. 
 

IV. RESULTS AND DISCUSSION 

     For Principal Component Analysis (PCA), Approximate 
Entropy (ApEn) and Sparse Representation Classifier (SRC) 
based on the Quality values, Time Delay and Accuracy the 
results are computed in Tables II, III, IV and V. The 
formulae for the Performance Index (PI), Sensitivity, 
Specificity and Accuracy are given as follows 

100
 

 
PC MC FA

PI
PC

 

where PC – Perfect Classification, MC – Missed 
Classification, FA – False Alarm,    

The Sensitivity, Specificity and Accuracy measures are 
stated by the following 
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The Specificity and Sensitivity Analysis for the 

application of operation of variable thresholding technique  
along with the SRC is shown in Figure 4. The Time Delay 
and Quality Value Measures for the application of operation 
of variable thresholding technique  along with the SRC is 
shown in Figure 5. The Performance Index and Accuracy 
Measures for the application of operation of variable 
thresholding technique  along with the SRC is shown in 
Figure 6.  

 

 

The matrix containing both the training samples 
and a test samples is given as the input 

Then the 1l - 

minimization problem is 
solved 

The columns of the training samples are 

normalized and it would lead to 2l -norm 

The residuals are computed 
and the output is identified 
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TABLE II  VARIABLE THRESHOLDING WITH PCA CLASSIFIER 

Wavelets 
PI 

(%) 
Time 

Delay(sec) 
Quality 
Value 

Accuracy(%) 

Haar 71.75 1.60 16.95 90.00 

Db 2 73.98 1.61 16.64 90.41 

Sym 8 72.08 1.6 16.81 90.2 

Db 4 73.02 1.62 17.08 93.45 

 

TABLE III VARIABLE THRESHOLDING WITH APEN CLASSIFIER 

Wavelets PI (%) 
Time 

Delay(sec) 
Quality 
Value 

Accuracy 

(%) 

Haar 71.75 1.6 16.95 90.00 

Db 2 73.98 1.61 16.64 90.41 

Sym 8 72.08 1.6 16.81 90.20 

Db 4 73.02 1.62 17.08 93.45 

 

TABLE IV VARIABLE THRESHOLDING WITH SRC 

Wavelets PI (%) 
Time 

Delay(sec) 
Quality 
Value 

Accuracy 

(%) 

Haar 78.96 2.69 18.06 91.35 

Db 2 78.67 2.7 18.54 91.25 

Sym 8 75.73 2.75 18.32 90.62 

Db 4 75.10 2.76 18.21 90.41 

 
 

TABLE V VARIABLE THRESHOLDING WITH SVD 

Wavelets PI (%) 
Time 

Delay(sec) 
Quality 
Value 

Accuracy 

(%) 

Haar 78.40 2.12 17.49 91.56 

Db 2 75.83 2.07 17.56 91.04 

Sym 8 79.82 1.98 17.70 92.08 

Db 4 82.43 2.08 18.57 93.02 

 

 
Figure 4 Sensitivity and Specificity Analysis using Variable Thresholding 

technique and SRC as Post Classifier 

 
It is inferred from figure 4 that the specificity remains 
constant throughout the series and there are no abrupt 
variations at all for all the types of wavelets. 

 

 
Figure 5 Time Delay and Quality Value Measures  using 

VariableThresholding technique and SRC as Post Classifier 

 
It is inferred from figure 5 that the time delay variations are 
almost constant and that there is a low time delay at a 
particular instant for dB 4 and Sym 8 wavelet. 

 
 

 
Figure 6 Performance Index and Accuracy Measures using Variable 

Thresholding technique and SRC as Post Classifier 
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It is inferred from figure 6 that the performance index 
measures remains constant throughout the series but a low 
performance index measure is found for two wavelets dB 4 
and Sym 8 at a particular instants alone due to the nature of 
the wavelets. 
 

V. CONCLUSION 

     In this paper, the raw EEG signals/samples were taken . 
Then wavelet transform is applied to it to extract the 
features. The concept of variable thresholding is applied 
then. Finally four different types of post classifiers such as 
SVD, SRC ,PCA and ApEn are engaged to measure the 
epilepsy risk levels from EEG Signals. It is inferred that the 
average quality values for the different wavelets are very 
high when Variable thresholding concept is used with the 
Sparse Representation Classifier when compared to the 
other methods and is concluded to be more versatile than the 
other methods. Future works include the possible usage of 
different dimensionality reduction techniques and the usage 
of different post classifiers for the classification of epilepsy 
risk levels from EEG signals. 
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