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1. Introduction

 In recent years, Kernel methods have received major attention, particularly due to the 

increased popularity of the Support Vector Machines. Kernel functions can be used in many 

applications as they provide a simple bridge from linearity to non-linearity for algorithms 

which can be expressed in terms of dot products. Choosing the optimal kernel is very crucial for 

implementing Support Vector Machines (SVM) and highly depends on the nature of the 

problem. SVM has been widely used in EEG signal processing. In this paper two kernel 

functions, mahalanobis kernel and Multi Layer Perceptron Kernel (MLP) have been introduced 

for sleep scoring system using EEG (Electroencephalograph) signal processing and an 

empirical comparison has been made for various kernel functions. The results obtained depict 

that for automatic sleep scoring system, best performance is achieved by using Radial Basis 

Function and Polynomial kernel. 

Machine Learning is considered as a subfield of artificial 

intelligence and it is concerned with the development of techniques 

and methods which enable the computer to learn. In simple terms, 

development of algorithms which enable the machine to learn and 

perform tasks and activities are called machine learning tools. 

Machine learning overlaps with statistics in many ways. Over the 

period of time many techniques and methodologies were 

developed for machine learning task like decision trees, neural 

network, kNN, support vector machines etc. According to [1] the it 

was concluded that although no single learning algorithm can 

uniformly outperform other algorithms over all datasets but SVM 

tend to show the best performance in terms of general accuracy. 

Support Vector machines can be defined as systems which use 

hypothesis space of a linear function in a high dimensional feature 

space. They are trained with a learning algorithm from 

optimization theory that implements a learning bias derived from 

statistical learning theory. The performance of a SVM classifier is 

governed by the choice of kernel function which defines the 

transformed feature space in which the training set instances will 

be classified. Therefore selection of appropriate kernel is 

important. 

The research work addressed in this paper is aimed at finding 

out the best suited kernel to the problem of automated sleep 

scoring of EEG signals. Researchers have determined that sleep is 

experienced in the form of a cycle.  This cycle is composed of 

several sleep stages.  In order to diagnose and solve sleep 

disorders, sleep experts classify the human sleep in different 

stages. This sleep scoring is usually performed manually and 

makes the sleep analysis a painstaking task. Therefore automated 

sleep scoring system are being developed. Like any classification 

system, the performance of the automatic sleep scoring system 

depends on the performance of the classifier used to recognize 

different patterns. SVM has successfully been used in several 

works for EEG signal classification. In this work the SVM research 

in the field of EEG signals has been extended by performing an 

empirical comparison of kernel selection for automated sleep 

scoring system since the effectiveness of SVM heavily depends on 

the kernel function. The generally used kernels are Radial Basis 

Function (RBF) kernel, Gaussian kernel, Polynomial Kernel, Spline 

Kernel. Recently Multilayer perceptron kernel and Mahalanobis 

kernel were introduced, but these have not been used for EEG 

processing. This paper introduces these two kernels for EEG 
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Wavelet Transform (CWT) have been used for most of the works 

related to capturing of spectral dynamics of EEG signals due to 

their capability to discriminate both the temporal and spectral 

features of the EEG signals. But nearly all of these techniques 

require a lot of computational time and space on the classification 

process and sometimes also lead to information loss by providing 

only partial information. In this study we have used a 

computationally efficient feature extraction method based on 

Relative Wavelet Energy (RWE) which is an emerging tool for 

detecting and characterizing specific phenomenon in time and 

frequency domain. The details of the technique can be found in [9].

Support vector machine is a concept for a set of related 

supervised learning methods that analyze data and recognize 

patterns, used for classification and regression analysis. The 

formulation uses the Structural Risk Minimization (SRM) 

principle, which has been shown to be superior, to traditional 

Empirical Risk Minimization (ERM) principle, used by 

conventional neural networks. SRM minimizes an upper bound on 

the expected risk, where as ERM minimizes the error on the 

training data. It is this difference which equips SVM with a greater 

ability to generalize, which is the goal in statistical learning [3].

Suppose we are given a set S of labelled training points (y1, x1) 

....... (yn, xn). Each training point xi belongs to either of two classes 

and is given a label yi ∈ {−1, 1} for i = 1 to n. We wish to find the 

hyperplane

3.Support Vector Machines

holds, where ξi ≥ 0 is the slack variable for the data points that 

cannot be fitted in the optimal hyperplane.The optimal hyperplane 

problem is then regraded as the solution to the problem

where C is a constant. The parameter C can be regarded as a 

regularization parameter. This is the only free parameter in the 

SVMs formulation. Tuning this parameter can make balance 

between margin maximization and classification violation. 

Searching the optimal hyperplane in (3) is a quadratic 

programming (QP) problem, that can be solved by constructing a 

Lagrangian function and transformed into its dual

2. Sleep Analysis

application and presents a comparative study of various kernel 

functions.

The classical method of sleep evaluation consists in determining 

sleep stages through visual inspection of the ploysomnography 

(PSG) by a sleep specialist. PSG is a test which is conducted by 

recording many physiological signals such as EEG, EMG, EOG, pulse 

oximetry and respiration [4]. The recorded activity is then divided 

into short periods of time called epochs. According to the 

Rechtschaffen and Kales (R&K) scale these epochs can be scored as 

Non Rapid Eye Movement (NREM), Rapid Eye Movement (REM) 

and waking depending on the behaviour of the recorded activity. 

NREM sleep is further subdivided into four stages Stage 1, stage 2, 

stage 3 and stage 4 [2].

Waking: The waking stage is referred to as relaxed wakefulness, 

because this is the stage in which the body prepares for sleep. All 

people fall asleep with tense muscles, their eyes moving erratically. 

Then, normally, as a person becomes sleepier, the body begins to 

slow down. Muscles begin to relax, and eye movement slows to a 

roll.

2.1.Stage 1 Sleep: Stage 1 sleep, or drowsiness, is often 

described as first in the sequence. The stage is characterized by 

slow muscle activity and occasional twitching. Stage 1 may last for 

five to 10 minutes. 

2.2.Stage 2 Sleep: Stage 2 is characterized by sudden bursts of 

brain activity. High bandwidth peaks are followed by negative 

peaks. The heart rate slows, and body temperature decreases. At 

this point, the body prepares to enter deep sleep.

2.3.Stage 3 and Stage 4 Sleep: These are deep sleep stages, with 

Stage 4 being more intense than Stage 3. These stages are known as 

slow-wave, or delta, sleep. Stage 3 represents the transition period 

from light sleep to deep sleep. And stage 4 occurs when the person 

is in deep sleep. In deep sleep, there is no eye movement or muscle 

activity. This is also referred as delta sleep.

2.4.Stage 5 Sleep–REM Sleep: REM sleep is distinguishable from 

NREM sleep by changes in physiological states, including its 

characteristic rapid eye movements. However, PSG show wave 

patterns in REM to be similar to Stage 1 sleep. In normal sleep (in 

people without disorders of sleep-wake patterns or REM 

behaviour disorder), heart rate and respiration speed up and 

become erratic, while the face, fingers, and legs may twitch. This is 

the time when most dreams occur, and, if awoken during REM 

sleep, a person can remember the dreams. Most people experience 

three to five intervals of REM sleep each night.

EEG signals exhibit nonlinear and non stationary properties; 

therefore the feature extraction for these signals is governed by the 

signal's energy distributed in time and frequency domain. Many 

researchers have done plenty of work on extracting features form 

EEG signal using Fast Fourier Transform (FFT), Hilbert Huang 

Transform (HHT), and Wavelet Transform (WT) etc.[6] And since 

the rise of wavelet era, the wavelet related techniques like Wavelet 

packet [5], Discrete Wavelet Transform (DWT), Continuous 

defined by the pair (ω, b), such that the inequality

subject to

...1

...2

...3

...4

...5

minimize
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are used to confirm the results obtained are manually scored 

according to R&K scale based on Fpz-Cz / Pz-Oz EEG [7]

4.2.Feature Extraction:  EEG feature extraction is performed to 

transform the information acquired from the signal into a set of 

features which can yield specific characteristic related to the brain 

activity at that particular time. In this paper Discrete Wavelet 

Transform has been used to decompose the EEG signals as due to 

its multi resolution analysis. Wavelet transforms suits the best for 

the stochastic nature of EEG signals. The first important step while 

applying DWT is the choice of wavelet function. For this study EEG 

signals are decomposed using db2 wavelet at decomposition level 

6.The decomposition of EEG signals into 6 levels gives a set of 3000 

coefficients.  An example of DWT decomposition for REM sleep 

EEG using db2 and decomposition level 6 is shown in Fig. II.

Maximize 

Where α = (α1,…, αn) is the vector of non-negative Lagrange 

multipliers associated with the constraints (2). According to the 

Kuhn–Tucker theorem, the solution α  of problem (6) satisfies the i

equality

Fig. II: Example of DWT decomposition for REM sleep EEG

Fig. I: Sleep Stages

Sleep Stages

Stage 1: Drowsiness

Stage 2:Period of light sleep

Stage 3 and 4: Deep sleep known as slow wave sleep

REM sleep Rapid eye movement characterized by intense dreams

Kernel Space: If data is linear, a separating hyper plane may be 

used to divide the data. However it is often the case that the data is 

far from linear and the datasets are inseparable. To solve this 

problem5, kernels are used to non-linearly map the input data to a 

high-dimensional space. The new mapping is then linearly 

separable. This mapping is defined by a kernel. For the purpose, 

    in the         will be replaced by the kernel function                          
then the decision function is reformulated as: 

The selection of an appropriate kernel function is important, 

since the kernel function defines the transformed feature space in 

which the training set instances will be classified. An example of 

polynomial kernel is as follows:
To use the whole set of 3000 coefficients for feature extraction 

leads to computational load and if only a few statistical features 

like mean, standard deviation etc are derived from these 

coefficients for a compact feature set then it causes loss of 

information. To solve this problem the concept of relative energy is 

utilized. The details of this method can be found in [9]. The wavelet 

energies obtained are given in Table I.

4.3.Classification: In order to classify the features obtained from 

the feature extraction stage. The SVM classifier is designed using 

the optimal feature subset selected after applying RWE on the EEG 

signals. 

4.1.Dataset: The dataset provided by the Physiobank is used for 

this study. The recordings were obtained from the Caucasian males 

and females without any medication, they contain horizontal EOG, 

Fpz - Cz and Pz Oz EEG, each sampled at 100 Hz. Hypnogram which 

Where p is the degree of the polynomial.

4.Methodology

To construct the optical hyperplane, it follows that                  and 

the scalar b can be determined from Eq. 6, thus the decision 

function can be written as:

where

subject to

...6
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Table 1: Details of six studies included in the meta-analysis

a b c d e
 Decomposition level,  Waking stage, Stage1, Stage 2, Slow 

f
wave sleep, Rapid eye movement sleep

The coefficients derived from the DWT decomposition are 

further used to obtain the RWE of the signal in such a way that the 

feature set obtained from the RWE is able to characterize the 

associated sleep stage. The standard SVM takes a set of input 

data and predicts for every given input, which of two possible 

classes the input is a member of, which makes SVM a binary 

linear classifier. Thus in the case of multi-class problem one must 

reduce the problem to a set of multiple binary classification 

problems. This is done by using a combination of binary SVMs 

and a decision strategy to decide the class of the input pattern. In 

[8] the experimental results showed that the one-against-one 

method outperforms the other methods. Therefore to handle the 

SVM multi-class problem, one against one approach has been 

used. 

SVMs are implemented by mapping the data into a high 

dimensional feature space, where each coordinate corresponds 

to one feature of the data items, effectively transforming the data 

into a set of points in a Euclidean space. In that space, a variety of 

methods can be used to find relations in the data. This mapping 

approach is done using the kernel functions. Kernel functions 

must be continuous, symmetric, and most preferably should 

have a positive (semi-) definite Gram matrix. The use of a positive 

definite kernel insures that the optimization problem will be 

convex and solution will be unique. However, many kernel 

functions which aren't strictly positive definite also have shown 

to perform very well in practice. The choice of the kernel to 

implement SVM depends on the kind of information to be 

extracted from the data. The various kernel functions evaluated 

for the sleep scoring system are described below:

Sleep Stage aN =1 N=2 N=3 N=4 N=5 N=6

bW

W

W

c1

1

1

d2

2

2

e3&4

3&4

3&4

fREM

REM

REM

5.3875

7.5951

5.8309

2.6003

3.3225

3.079

1.3655

1.0935

0.8407

0.21569

0.21468

0.23609

2.2271

2.0908

1.9996

2.8063

3.7476

3.6008

3.8641

6.1879

4.5235

6.7384

6.2085

3.7514

0.96191

0.94708

1.0415

4.9608

4.1942

4.5071

3.7

4.6839

3.34

9.5606

14.701

13.323

18.452

17.641

10.908

3.2377

4.0233

3.7582

8.0259

8.5798

7.8584

6.5573

9.7399

6.6872

28.225

23.558

28.74

26.73

24.086

20.476

8.5695

7.067

8.2578

10.89

11.114

15.904

12.332

10.499

12.08

32.56

24.137

20.389

15.604

17.083

18.077

16.064

14.681

16.609

20.998

16.434

18.21

24.132

13.443

21.353

11.475

11.052

12.816

15.1

13.171

17.718

33.768

32.322

5.6951

5.0431

9.6642

5.097

1) Linear Kernel : The Linear kernel is the simplest kernel 

function. It is given by the inner product <uv> plus an optional 

constant c. 

5. Results

2) Polynomial Kernel: The Polynomial kernel is a non-

stationary kernel. Polynomial kernels are well suited for problems 

where all the training data is normalized. Adjustable parameters 

are the constant term c and the polynomial degree d.

K (u, v) = ((uT *v) + c)d    ... 16  

For this work c has been taken as 1 therefore the function becomes:
K (u, v) = ((uT *v) + 1)d    ... 17

1) RBF Kernel: The kernel is based on the function: 

K (u, v) =exp (-1/2σ2 * ( ||u-v||2))    ... 18

The adjustable parameter sigma σ plays a major role in the 

performance of the kernel, and should be carefully tuned to the 

problem at hand. This basically defines the width oif the RBF curve. 

If overestimated, the exponential will behave almost linearly and 

the higher-dimensional projection will start to lose its non-linear 

power. In the other hand, if underestimated, the function will lack 

regularization and the decision boundary will be highly sensitive 

to noise in training data.

1) MLP kernel: The Multilayer Perceptron (MLP) kernel is 

also known as the Sigmoid Kernel and as the Hyperbolic Tangent 

Kernel. This kernel comes from the Neural Networks field, where 

the bipolar sigmoid function is often used as an activation function 

for artificial neurons. A SVM model using a sigmoid kernel function 

is equivalent to a two-layer, perceptron neural network.

K (u,v) = tanh (P1*(uT* v ) + P2 )                     ... 19

There are two adjustable parameters in the sigmoid kernel, the 

slope P1 and the intercept constant P2. 

1) Mahalanobis Kernel: Mahalanobis kernel is an adaptation 

of RBF kernel, such that varying width can be provided to 

individual feature. The kernel is expressed as:

K (u, v) =exp (-1/2σ2 * ((u-v)T*Q-1*(u-v)))           ... 20

For this work the value of σ is kept to be 1 and Q is the estimated 

covariance matrix computed using the available data.

The motivation is to analyze, how much the performance of 

automatic sleep scoring depends on the kernel function of SVMs. 

The focus of the paper is to introduce two kernel functions namely; 

mahalanobis kernel and Multilayer Perceptron kernel to the EEG 

signal processing and investigate the optimal kernel function for 

designing the SVM classifier of an automatic sleep scoring system. 

Other kernel functions used are linear kernel, polynomial kernel 

and RBF kernel. The performance of SVMs, trained using the above 

mentioned kernel functions is evaluated. The results are obtained 

for different sleep stages of the EEG signals varying from waking to 

K (u, v) = uT *v + c ... 15

G. Garg / Int J Biol Med Res. 2011; 2(4): 1220 – 1225
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stage5. The evaluation of the performance of different kernel 

functions is done using the Identification Rate (IR) which is 

expressed as follows:

The SVMs trained using linear kernel and mahalanobis kernel 

had achieved a mean IR 87.85% and 82% respectively. Table 2 

presents the performance of the SVMs trained using polynomial 

kernel of different degree. It is seen that the polynomial kernel 

performs best with polyorder 4 for sleep scoring. 
It can be easily observed that SVMs trained using polynomial 

kernel and RBF kernel provides the best performance than other 

kernels for automatic sleep scoring. But as stated in [11] the 

polynomial kernel has more number of hyperparameters as 

compared to RBF kernel. The more number of hyperparameters 

can influence the complexity of the SVM model. Therefore in this 

respect RBF seems to be the preferred choice for kernel mapping. 

Support vector machine (SVM) was the first proposed kernel-

based method. It uses a kernel function to transform data from 

input space into a high-dimensional feature space in which it 

searches for a separating hyperplane. In this paper, an attempt has 

been made to investigate the best choice among SVM kernels 

namely linear, polynomial, Radial Basis Function (RBF) Multi Layer 

Perceptron (MLP) and mahalanobis kernels for automatic sleep 

scoring system using EEG signal processing. To specify the feature 

space, wavelet transforms have been applied on the EEG signals 

and relative wavelet energy has been used to form the feature 

space. It is concluded form the results that the best performance is 

achieved by using either RBF kernel with value of sigma lower than 

0.3 or Polynomial kernel with polyorder 4. 

It is also observed that selecting the optimal kernel and fine 

tuning its parameters is a tedious and cumbersome task. Also the 

SVM accuracy is very sensitive to the choice of kernel and its 

parameters. Therefore manual comparison cannot be relied upon 

for implementing real time systems. For this purpose, further work 

will be concentrated on implementing an Automatic Kernel 

Selection Algorithm to maximize the performance of SVM for EEG 

signal processing.

As shown in the Table II, in the case of training using polynomial 

functions as the order of the polynomial was increased, the IR 

seems to improve. When the order of polynomial equation is 4 the 

value of IR is 100%. At other values of the polynomial degree, IR 

showed deviation from the set values.

Table III shows the performance of SVM by varying the value of 

sigma using the RBF kernel. It is clearly indicated that for values of  

sigma less than 0.3, the SVM classifier provide very accurate 

results. When the value of sigma increased, the IR values failed to 

follow the set or the desired values and 100% accuracy was 

achieved with value of σ as 0.1.

Table IV shows the performance of MLP kernel with different 

values of P1 and P2. MLP shows very poor results for all the values 

of input parameters [P1,P2]. The results of the SVM classifier are 

fairly acceptable at [0.1,-0.9]. At other values of the parameters, it 

fails to give even remotely accurate results.

Identification Rate
Number of current identification pattern

* 100
Total number of pattern

=

Table II. Performance of SVM with polynomial kernel 

function of different polyorders.

Table III. Performance of SVM with RBF kernel with different 

values of sigma

Polyorder

Sigma Value (σ)

7.References 

Identification Rate

6. Conclusion

Identification Rate

2

3

4

5

7

1

0.7

0.5

0.4

0.3

0.1

96.74

99.83

100

99.99

7.18

97.23

99.05

99.89

9.85

100

100

Table IV. Performance of SVM with MLP kernel for different 

values of P1 and P2

P1 Identification RateP2

0.1

0.1

0.5

0.9

-0.9

-0.5

-0.5

-0.1

84.86

83.21

68.14

60.40
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