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Abstract—Spindles are the main indicators of stage two sleep. 

Manual detection of spindles is tedious and time-consuming, 

hence many attempts have been performed to automatically 

detect them. Scientists have found that spindles are related to 

diseases such as Alzheimer’s and Schizophrenia. Therefore, 

designing algorithms to extract certain spindle features to 

diagnose them with high accuracy is valuable. In this study, new 

chaotic features, along with a new training and classification 

algorithm has been used to detect spindles: an algorithm called 

MELM-GRBF (Modified Extreme Learning Machine). GBRF 

(Generalized Radial Basis Function) can update the radial basis 

function (RBF) using a parameter ( τ ), and the training 

algorithm is MELM. GRBF centers are selected randomly from 

the training data. The width and the parameter τ  of GRBF are 

achieved considering two limitations: locality and coverage. 

In order to have the most similarity between spindle and non-

spindle segments and to demonstrate the capability of these 

(chaotic features and classifier) algorithms, non-spindles are 

extracted immediately before spindles occur for one second in 

sleep stage two. After presenting chaotic (Higuchi Fractal 

Dimension, Katz Fractal Dimension, Sevcik Fractal Dimension, 

Largest Lyapunov and Entropy) and time series features, the 

ELM-RBF and MELM-GRBF statistical results are compared. 

The Best average results of MELM-GRBF classifier after 15 

training trials were, 93.10%, 90.34% and 95.90% for accuracy, 

sensitivity and specificity, respectively and the variances were 

0.78, 1.61 and 1.16, respectively. While the ELM-RBF results for 

accuracy, sensitivity and specificity were 91.06%, 85.83% and 

96.32% with 1.64, 2.39 and 1.18 variance, respectively. 
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I.  INTRODUCTION 

Loomis et al. first described spindles as waves driven and 

distributed from thalamus to cortex (with a frequency of 12 to 

14Hz) [1]. Spindles became an indicator for some diseases 

like Alzheimer’s [2], Rett Syndrome [3] and Schizophrenia 

[4]. Researchers are interested in finding the causes of EEG 

changes when spindles are generated. First step in considering 

spindle changes is detecting the pattern automatically to get 

rid of the tiresome task of manual detection.  
Many methods and features are used to detect spindles 

automatically. Researchers mostly use the visual characteristics 
of spindles in their manual detection. In short, Barros et al. [5], 

Görür et al. [6], Huuppone et al. [7], and Ahmed et al. [8] used 
various methods to extract specific features from EEG signals 
in order to detect spindles, other researchers like Babadi et al. 
[9] used creative methods to detect spindles. Artificial neural 
networks (ANN) have a vast application for classifying feature 
spaces. In this study we used a modified ANN i.e. Generalized 
Radial Basis Function (GRBF) [10] to detect spindles. This 
method is based on the Radial Basis Function Neural Network 
(RBFNN) method. Generally, RBFNNs employ hyper-ellipses 
to classify the feature space [11]. RBFs use distance to estimate 
the result. Gaussian RBFs are based on the Gaussian density 
function characterized by a center position and a variance 
parameter; these functions have the highest output when the 
input is closest to the center position [10]. In kernel based 
RBFNNs, there must be a counterbalance between coverage 
and locality. Coverage means, the superposition of RBFs in all 
patterns, it must have a high value (close to one) in the data set. 
Locality is a high value (near one) for patterns that are close to 
the RBF and low values (close to zero) for patterns that are not 
located in the region where the RBF is centered [10]. Two 
methods of learning can be used in RBFNNs; the first is 
calculation of controlling parameters and weights of hidden 
layer (in a two-step process, clustering in an unsupervised 
mode [12] or vector quantization method [13]). The second 
method is based on gradient descent that optimizes all of the 
parameters in a supervised model [14-16]. The gradient 
descend algorithm has limitations such as learning rate 
dependency, local minimums and number of iterative steps. 
Due to these limitations Haung et al. [17,18] proposed an 
algorithm, called Extreme Learning Machine (ELM), in which 
ELM is an effective training algorithm for a single hidden layer 
feed forward neural network [17,18]. 

II. DATASET 

Sleep EEG signals of 12 healthy (6 men, 6 women, average 
age: 22.4 (22-25 years)) subjects were recorded according to 
10-20 standard at Baharloo Hospital, Sleep Clinic, Tehran. The 
recording device was EMBLA (N7000 version) with 10 
channels C3-M2, C4-M1, Cz-M1, F4-M1, F3-M2, Fz-M1, T3-
M2, T4-M1, O2-M1, and O1-M2 with reference to both 
mastoids. Only C3-M2, C4-M1 channels were used for 
processing to detect spindles. The sampling frequency was 
adjusted to 200Hz. Subjects were advised to avoid caffeine and 
nicotine at least four hour prior to the test. Subjects took 
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afternoon naps on two consecutive days. The first day nap was 
for adaptation and on the second day EEG signals were 
recorded. These signals were manually scored by an expert at 
the sleep clinic. Stages were scored according to the American 
Academy Sleep Medicine (AASM) standard. The expert scored 
720 spindles in stage two sleep. 

III. PROCEDURE 

Signals were passed through, a 50Hz Notch filter, a 40Hz 
low-pass filter and a 0.3Hz high-pass filter, then an IIR 
Chebyshev type two filter of order 16 was employed as band 
pass filter between 8 and 16Hz. The high phase distortion 
resulted from this filter was omitted by performing zero-phase 
digital filtering by processing the input data in both forward 
and reverse directions [19]. Considering EEG signals as 
stationary, signals were segmented using a sliding one second 
window. Spindle signals were selected from stage two and non-
spindle signals were chosen one second before each spindle. 
The reason we selected non-spindles at this positions was 
primarily the most similarity between spindle and non-spindle 
signals to show the abilities of chaotic features and secondly to 
ensure that the non-spindle signals were also in stage two. 
After extracting features from the segments the feature space 
was classified by MELM-GRBF classifier. 

IV. METHODS 

A. Time Series Features 

Time series features are ordinary features that can be 
perceived by watching through the signal. They consist of; 
minimum, maximum, standard deviation (SD), power, zero 
crossing and slope changes of the signals. 

B. Chaotic Features 

1) Higuchi Fractal Dimension 

Higuchi’s method is based on a different measure of length of 

a signal to be analyzed. 
k

mz  is a new time series to be 

constructed as below [20]:  
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length of time series is measured by averaging Lm(k) which 

means, 
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FD is fractal dimension value. Higuchi fractal dimension is 

calculated by estimating the slop of Log(L(k)) versus Log(1/k) 

line a line drawn  [21]. 

2) Sevcik Fractal Dimension 

Sevcik [21] proved that fractal dimension can be 

approximated with N signal samples. Sevcik method is based 

on EEG signals and time axes normalization [21,22]. To 

calculate Sevcik fractal dimension, it is proposed to normalize 

the metric space by [20]: 
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Where ( )Z i  is the EEG signal and ' '( )Z i  is the normalized 

EEG signal of the ith value in the signal, 
max

Z  and 
minZ  

maximum and minimum values in EEG signal, respectively. 

Sevcik fractal dimension is formulated as:  
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Where L is the length of normalized signal. 

3) Largest Lyapunove Exponent 

Wolf proposed a method to calculate the Largest Lyapunove 

Exponent (LLE) [20]. In this method, first phase space 

reconstruction has to be calculated then the nearest neighbor 

for the first embedding vector. Distance between two 

trajectories has to be calculated by growing the trajectory, the 

distance will be calculated again with a specific time delay for 

several times. The LLE is calculated as bellow [20]:  
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Where L0 is the initial and Li is the new distance. K is the 

number of steps in which distances will be measured. 

4) Entropy 

Entropy is the other method of chaotic quantification which is 

based on phase space. This quantifier demonstrates the level 

of system complexity and system tendency to chaos. 

Complexity is based on the trajectory regularity, if the 

regularity increased, the complexity will decrease and vice 

versa. High complexity shows high system tendency towards 

chaos. 

 After reconstructing the phase space, let the trajectory grows 

as much as it wants. Then this phase space is divided in to 

cells that are labeled as b(n). b(0) is the first label. After delay 

d the trajectory will be in the next cell witch is named b(1), all 

the cells are labeled to construct a time series, b(0), b(1),…, 

b(N). All this process is repeated on the other trajectory. The 

initial conditions are not the same, so various time series are 

constructed. Entropy is calculated as nS  [23]:  
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Where q(i) shows the number of times that trajectory appears 

in a call. 

V. MELM-GRBF CLASSIFIER  

This method has proposed by Francisco et al. in 2011. 

Generalization Gaussian Density (GGD) is the GRBF kernel 

that is calculated by (7) and (8) as bellow [10]: 
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where c, r>0 and τ >0 are center, variance and the shape of 

distribution function, respectively. The variance r 

demonstrates the width of distribution and calculated as (8):   

( )
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Where σ  is the normal SD and ( ) 1

0

 z tz t e dt

∞
− −Γ = ∫ , for z>0. 

Value of τ  shows the descent rate of density function. 2τ =  

achieves Gaussian density and 1τ =  results is a Laplacian 

distribution density. If 0τ →  distribution tends to an 

impulse and if τ → ∞  the distribution becomes uniform 

(Fig.1). GGD is more stable and flexible than GD because 

fewer parameters are needed to calculate it. GGD Model is 

calculated for a k dimensional input space as bellow: 
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Where ( )
T

i i1 ikX x , , x= …  is the input vector, K is the number 

of inputs, jr  is the GRBF width, ( )
T

j j1 jkc c , ,c= …  is the 

center and jτ  is the ith GRBF. The GGD function gives better 

matching between the shape of the kernel and the distribution 

of the distances, because of the τ  parameter trigger convexity 

around the point where the distance is the radial of the kernel 

(Fig.2) [10]. It is considerable that in this method constant 

value of λ , that determines the minimum output and the 

optimum value for it experimentally achieved 0.05 [10]. 
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Fig.1 Probability density function of the GGD for different values of 

τ  (c=2, r=1). 
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Fig.2 Demonstrates the radial unit activation for various values of τ  

in the GRBF model (c=2 , r=1). 

VI. STATISTICAL MEASURES 

We report our results based on three parameters; Accuracy 

(Acc), Sensitivity (Sen) and Specificity (Spe) that are 

proposed in previous papers [24, 25]. 

VII. RESULTS  

In this study we have repeated the MELM-GRBF, Training- 

test sequence for 15 times. and the results are recorded as seen 

in Table II. The input neurons were 15, the RBF and MELM-

GRBF kernels were GD and GGD, respectively. In the ELM-

RBF the parameters were =2 and r=2.5, while the parameters 

 and r achieved in MELM-GRBF were 1.6 and 1.9, 

respectively. The average GRBF accuracy value and SDs for 

15 times training in its best state was 93.10%, sensitivity and 

specificity were 90.34% and 95.90%, respectively (Table I). 

Average results for conventional RBF with the similar inputs, 

were 91.06% for accuracy and sensitivity and specificity were 

85.83% and 96.32%, respectively (Table 2). The data was 

processed by MELM-GRBF algorithm with MATLAB 2012a 

software.  

I. DISCUSSION 

Usually two methods are recommended to improve spindle 

detection; using specific features and using new 
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classifications. Because of intrinsic complexity and 

nonlinearity of EEG signals we expected the chaotic features 

to help improve spindle detection rates. Using new methods to 

classify the data is another useful method to improve our 

accuracy. Single hidden layer feed forward neural network can 

learn distinct observations with small errors by choosing the 

activation function properly [26-28]. We used a powerful 

training algorithm for single hidden layer feed forward neural 

network named ELM which is proposed by Haung et al. 

[17,18]. The Modified ELM algorithm, named MELM, does 

not have the training gradient descend problems [10]. MELM-

GRBF is the GRBF classifier trained by MELM. MELM-

GRBF is more robust and accurate in comparison to the ELM-

RBF method. As exhibited in the tables the MELM-GRBF 

method, the SDs average variances are more reliable than the 

RBF (compare table I and table II). 

Table I. Every column is the MELM- GRBF results average  (ave%) 

after 15 times train and test. 

 

 

 

 

 

 

 

 

Table II. Every column is the ELM- RBF results average (ave%) 

after 15 times train and test. 

 

 

 

 

 

In short, as illustrated in the tables, GRBF is more robust and 

gives better statistical results with lower variance. In terms of 

mathematics, centers and radius in ELM-RBF algorithm are 

selected randomly among training data, while, in the MELM-

GRBF only centers are selected among them. Also, radius and 

 values in GRBF are calculated using equations [10] that 

fulfills the coverage and locality limitations. GD in GRBF is 

parameterized by  and results in GGD. Since, GGD has 

various shapes with various ’s, this generates different 

distribution forms, Fig.1 (like impulse, uniform, Laplasian, 

Gaussian). The other features that is improved in ELM-RBF 

are: 1. Flexibility in modeling the vast variety of statistical 

behaviors 2. Fewer parameter to calculate 3. Less time needed 

to train and test the data [10]. In brief, GGD needs only one 

more parameter in comparison to the GD, and it makes the 

prediction of various statistical distributions possible. 

According to the described causes, in GRBF some ELM-RBF 

limitations are eliminated and the detection gives us better 

results with low variances in comparison to the ELM-RBF 

with GD kernel in spindle detection. 
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