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ABSTRACT 

Epilepsy is a state that results in the loss of consciousness of patients and is one of the major disorders that affect 

the brain. It is very dangerous and disturbs the day-to-day life of the patient. Currently, several traditional and advanced 

methods are used to detect the presence of epilepsy. Even though some of these methods are very accurate, they take more 

time to administer. Computational complexity increases as the number of channels increases. Thus, the researchers aim for 

automatic epilepsy detection and prediction. The method that is being presented here uses fractal properties, such as fractal 

dimension and lacunarity, to analyze the EEG signal and determine the epileptic signal. The proposed method utilizes the 

box counting algorithm for the calculation of the fractal dimension and the gliding box algorithm to obtain lacunarity. The 

parametric statistical test is used to test the reliability of the method, and by using this method, the epileptic signal is 

distinguished from the normal one with high accuracy. 
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1. INTRODUCTION 

Electroencephalogram (EEG) signals are 

biological signals collected from different parts of the brain 

and are effectively used to understand the functions of the 

brain and also used in the diagnosis of several disorders 

associated with malfunctioning of the brain, such as 

epilepsy [1]. Epilepsy or Apasmara described in the 

Ayurvedic literature Charaka Samhitha is the state of 

consciousness loss. The word epilepsy originated from 

epilambanein, a Greek word meaning attack or seize. A 

group of brain cells suddenly release some electric 

discharges due to some stimuli and results in epilepsy [2]. 

The discharges can originate from the different parts of the 

brain. The hyper synchronous activity of the brain cell 

results in the malfunctioning of the brain. It is one of the 

severe brain disorders that occur among adults and children 

[3]. EEG monitoring is one of the most efficient ways of 

epilepsy prediction. However, epileptic signals are low-

frequency and high-amplitude signals. Thus, analyzing 

EEG for the detection of epilepsy will take time. If the 

number of channels taken is more, then the task becomes a 

tedious one. Therefore, automatic seizure detection is very 

useful in the biomedical field. 

The researchers have been attracted towards 

epilepsy monitoring, detecting, and predicting. Dynamical 

analysis of a time series is used for the prediction of focal 

epilepsies from the scalp EEGs [4]. Many methods are 

available for the detection of seizure [5]. Those methods 

use the features which are extracted from the EEG signal. 

These extracted features are used for the training and 

classification of EEG signals [6], [7] such as with seizure 

or without seizure. However, the selection of feature plays 

an important role. Energy [8], [9], statespace modeling [10] 

and entropy [11] are some of the features.  

In this study, we consider EEG signals as fractal 

objects, which also possess features of fractals. Many 

methods use fractal measures, like fractal intercept and 

fractal dimension (FD), for the detection of epilepsy [12]. 

In this paper, we use the fractal properties, such as fractal 

dimension and lacunarity, for epilepsy detection. FD is a 

textural feature of an image. It is a non-integer dimension 

of an object and is widely used in the analysis of 

biomedical signal to detect the presence of transient signals 

and also in pattern recognition applications, including 

segmentation and classification [13]. The FD is calculated 

by using the box counting method [14]. Box counting is an 

efficient and easy method for the calculation of FD. The 

FD thus obtained is compared with the FD obtained using 

the Higuchi algorithm. Another feature that we are 

considering is lacunarity. FD cannot provide sufficient data 

for epilepsy detection in EEG data [15]. 

This paper consists of the following Sections. 

Section II provides an overview of fractal properties, such 

as FD and lacunarity. Section III describes the 

methodology that we adopted in this study, followed by 

experimental results in Sections IV. Section V provides the 

conclusion of this paper. 

 

2. FRACTALS AND PROPERTIES 

 

A. Fractal dimension 

Fractals are objects having self-similarity. Self-

similarity and FD are the major properties of fractal objects 

[16]. According to Mandelbrot, if the bounded set A is the 

collection of non-overlapping scaled copies of itself with a 

scaling factor r, then the set will be a fractal [17]. The 

dimension of a fractal object is a non-integer value ranging 

from 1 to 2. Then, the FD of A is calculated by using the 

given formula. 

 

log( )

log(1/ )

r
N

D
r


                                                               (1) 

 

where r is the box size and Nr is the total number 

of boxes required to enclosed the whole area of the object. 
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Many algorithms are available for FD calculation. 

However, their computational requirements are expensive. 

The Higuchi, Katz, and Petrosian’s algorithm are some of 

them [18]-[20]. In this paper, we use the box counting 

method for FD calculation. Even though FD appears to be a 

useful metric in some situation, FD alone cannot provide 

sufficient information for this analysis. Thus, we consider 

two more features of fractals, such as fractal abundance and 

lacunarity.  

 

B. Lacunarity 

The properties and characteristics of a fractal 

object are not completely determined by its FD. Different 

fractals can have the same dimension but look differently 

from each other. Thus, lacunarity is an effective tool to 

differentiate fractals [21]. Lacunarity is correlated to the 

FD that reflect the characterization of a fractal [22]. It can 

quantify additional features, such as the heterogeneity of a 

pattern. It is related to the distribution of the holes size. In 

other words, if a fractal having large gaps, its lacunarity is 

also larger [23]. 

Lacunarity measures the lumpiness of the fractal 

data [24]. It provides additional information about the 

computed FD values in an image [25]. Lacunarity (L) can 

be calculated as the ratio of the variance over the mean 

value of the function and is given by (2) 

 L = 1MN ∑ ∑ IN−1n=0M−1m=0 (m,n)2( 1MN ∑ ∑ IN−1l=0M−1k=0 (k,l))2 − 1                                             (2) 

 

where M and N are the sizes of the processed image I. 

 

3. PROCEDURE AND METHODOLOGY 

Figure-1 shows the flowchart of the system. Here, 

the EEG data is converted into the image. Then, the FD and 

L are calculated using the box counting method. Here, the 

most popular type of box counting, using gliding boxes, is 

used. Then, all the observed data are validated and 

compared statistically using parametric statistical test. The 

same test is conducted, seizure EEG and normal EEG 

signal, and the irregularity is compared. 

 

A. EEG database 

The first phase is the image formation from the 

available EEG signal. The EEG data used here are obtained 

from the Bonn University database [26]. It is an open-

source database. The sampling frequency of the data was 

173.61 Hz [27]. This EEG data were segmented and 

converted into a binary image. These images are used for 

the calculation of fractal features using the box counting 

method. This paper uses ictal and normal EEG data. From 

both dataset, 60 sets were chosen for the analysis. 

 

 
 

Figure-1. Flowchart of the process. 

 

B. Box counting method 

The box counting is the one of the most popular 

methods for FD calculation [28], [29] in this analysis, the 

complex pattern of a data set or image is partitioned into 

smaller and smaller pieces. It is one of the important 

methodologies for fractal analysis. The implementation of 

box counting algorithm is based on the basic idea of 

covering an image with a set of measuring box of size “s” 

and calculating the number of boxes required.  

Let the image be N × N image and is partitioned 

in to the grid of size s × s. Let r = s/N. The minimum and 

maximum gray levels of the image in a particular grid (i, j) 

are v and u, respectively [30]. The number of boxes 

between the minimum and maximum gray levels at the (i, 

j) grid is counted by the equation. 

 n(i, j) = u − v + 1                                   (3) 

 

The proposed work of the box counting algorithm 

is shown in Figure-2. The size of the box (squares) is set 

randomly and packed into the fractal image. Then count the 

number of packed boxes in the fractal area. Then varies the 

size of the boxes and do the same procedure. The Box 

dimension is taken as the approximation of FD [31].
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Figure-2. Box counting algorithm. 

 

The total number of boxes required to cover that 

image can be calculated by using the summation equation 

 𝑁𝑟 = ∑ 𝑛(𝑖, 𝑗)𝑖,𝑗                                                                  (4) 

  

Nr is the number of boxes dependent on the box 

size r, and the FD of an image can be obtained from the 

least square linear fit of log(Nr) and log(1/r), and the slope 

of the fit line will be the FD. Equation (1) will give the FD 

of the image. However, the FD calculated by this method 

has some disadvantage. The pixels in the common border 

may be counted twice. Thus, another method, called the 

modified box counting method, is used. In this method, 

both the number of pixels and the gray levels of the picture 

are also considered [32]. In that method, the number of 

boxes in the (i, j) grid having size “s ×s” is given by. 

 𝑛(𝑖, 𝑗) = 1 + ∑ 𝑤(𝑚)�̅�𝑟 (𝑠2𝑚=1 𝑚)                                    (5) 

 

where w(m) is the weight of the gray levels and �̅�𝑟(𝑚) is the set of gray levels of images. The total number 

of boxes can be counted by using (4). From (1), we will 

obtain the FD.  

 

C. Gliding box counting method  

Box counting is also used in the calculation of L. 

As already mentioned, L is the measure of irregularity 

directly related to scale, density, emptiness, and variance. It 

gives the idea of deviation of a geometric structure from its 

translational invariance [33]. The gap distribution in 

different scales helps distinguish patterns from one another. 

The higher the L of a spatial pattern, the higher will be the 

variability of its gaps in an image, and the more 

heterogeneous will be its texture [34]. Many methods are 

available for the calculation of L and we use the gliding 

box counting method here [35].  

According to the gliding box algorithm proposed 

by Allain and Cloitre, a box of size r is used to slide over 

an image. Then, the probability distribution Q(M, r) is 

obtained by dividing the number of gliding boxes having 

radius r and mass M with the total number of boxes [36]. 

Let n(M, r) be the number of gliding boxes, and the L can 

be obtained by dividing the mean square deviation of the 

variation of mass distribution probability Q(M, r) by its 

mean square, as follows: 

 L(r) = ∑ M2Q(M,r)M[∑ M2Q(M,r)M ]2                                                         (6) 
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where L(r) is the lacunarity and M is the mass of 

box having size “r”. In this research, the input image is the 

binary image; hence the gliding box algorithm counts only 

the foreground pixels. This is because the binary images 

have only two values, and the gray scale and color images 

have many values.  

 

4. EXPERIMENTAL RESULTS 

The FD of EEG signal has different values 

ranging from 1 to 2. The FD result obtained from the 

experimental analysis of EEG data reveals that the FD 

obtained from the box counting method is easy, and using 

the box counting method will obtain different values of FD 

for the different box sizes.  

The EEG data collected are in another format. 

Thus, the first step is the conversion of EEG data into 

images. Then, the box counting method is used to calculate 

the FD of the binary image. The normal and ictal inputs are 

given to the box counting algorithm. The box counting 

algorithm is implemented for different boxes with different 

sizes to cover the image.  

Corresponding to each image, the FD is calculated 

for the different values of box sizes. The log plot is shown 

in Figures 3 and 4 give the idea of FD for different box 

size. The FD obtained from the box counting algorithm 

purely depends on the number of boxes and the sizes of the 

box. In this fractal analysis, we use 15 normal EEG signals 

and 15 ictal EEG signals. The normal input and its box 

counting dimensions are shown below. These dimensions 

are known as local dimensions. 

 
 

Figure-3. Fractal dimension plot of normal EEG. 

 

 
 

Figure-4. Fractal dimension plot of ictal EEG. 

 

Using gliding box algorithm, the L of each input 

is calculated. Table-1 gives the value of FD and L for 

different set of images of the normal EEG data and ictal 

EEG data 
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Table-1. Fractal dimension and lacunarity of EEG data. 
 

 
Normal EEG Ictal EEG 

data FD Lacunarity FD Lacunarity 

1 1.8587938 1.0712 1.83593773 1.0583 

2 1.8687584 1.0667 1.83790734 1.0604 

3 1.8587412 1.0667 1.84092056 1.0612 

4 1.8532658 1.0758 1.84562964 1.0673 

5 1.85885 1.103 1.84906309 1.0867 

6 1.8580707 1.0795 1.8429844 1.0789 

7 1.8674987 1.0784 1.83321027 1.0757 

8 1.8633969 1.0813 1.83254308 1.0763 

9 1.8670611 1.0828 1.83497991 1.0771 

10 1.8620664 1.1094 1.84517828 1.0779 

11 1.8613593 1.1067 1.84138684 1.0777 

12 1.8552895 1.0887 1.84618899 1.0799 

13 1.8691467 1.0681 1.84292262 1.0584 

14 1.869693 1.0669 1.84473911 1.065 

15 1.8558071 1.0618 1.84432064 1.0637 

 

Table-1 shows that the value of FD is not 

changing much as they approximately have the same 

values for FD. L also helps to differentiate the data from 

each other. 

Similarly, different values of FD can be obtained 

by applying different seizure signal to the box counting 

algorithm. To analyze the FD of pre-ictal and ictal stages of 

EEG data can finalize the scope of arriving at the 

information in the EEG data having seizure attacks. From 

the result, it concludes that the value of FD of the seizure 

signal decreases sharply; its FD is less compared to the FD 

of the normal signal. 

Figure-5 shows the FD plot of the normal and 

ictal EEG data. The difference in the FD value in both 

classes of EEG data is clearly observed in the plot. The FD 

of ictal EEG has less value compared with FD of the 

normal data. The descriptive statistics shows the maximum 

and minimum values are (1.8696, 1.8490) and (1.85580, 

1.83593), respectively. 

 

 
 

Figure-5. Fractal dimension of ictal EEG and normal EEG signals. 
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Figure-6. Lacunarity of ictal EEG and normal EEG signals. 

 

The L plot of the normal EEG and seizure EEG 

data are shown in Figure-6. The graph shows that the 

values obtained for the normal datas1et is lower than the 

values of the ictal EEG data. In other ways, the seizure data 

is more heterogeneous than the normal one. As the 

heterogeneity increases, the signal becomes more complex, 

and a corresponding change in the L measure occurs.  

 

A. Parametric statistical test 

To analyze the data, a parametric statistical testof 

the FD and L of the normal and ictal data set was 

conducted with a significance level of 5%. The result 

shows that its p value is less than the significance level (p < 

0.001). Therefore, our null hypothesis is rejected and an 

alternate hypothesis is that a significant difference in two 

classes of EEG data sets exists. Table-2 shows the 

descriptive statistics of FD and L in both classes. Table-3 

shows a statistically significant difference between the 

normal EEG and ictal EEG groups as determined by t test 

(t = 864.853, p < 0.001; t = 441.679, p < 0.001, 

respectively). Additionally, a difference exists in the FD of 

ictal EEG and normal EEG signals. The box plot of FD is 

shown in Figure-7. 

 

Table-2. Descriptive statistics. 
 

 
N Min. Max. Mean SD 

FD_EEG 30 1.83254 1.86969 1.85152 0.01173 

Lacunarity_EEG 30 1.0583 1.1094 1.07572 0.01334 

Valid N (list wise) 30 
    

 

Table-3. Result of one-sample t test. 
 

 

Test Value = 0 

t df 
Sig.  

(2-tailed) 
Mean difference 

95% confidence interval of 

the difference 

Lower Upper 

FD_EEG 864.853 29 .000 1.851523703 1.84714517 1.85590224 

Lacunarity_EEG 441.679 29 .000 1.0757167 1.070735 1.080698 
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Figure-7. Box plot of fractal dimension. 

 

5. CONCLUSIONS 
The EEG analysis for epilepsy detection is one of 

the important studies in the biomedical field. Automatic 

epilepsy detection is very important because of the random 

and complex nature of EEG. Thus, EEG analysis is time-

consuming and tedious for physical analysis and 

verification. Thus, in this paper, a new method is 

introduced. It involves the FD calculation, and we predict 

the presence of ictal from that. According to the EEG 

image, the box counting method is used for the calculation 

of FD.  

According to the fractal analysis of EEG signal 

using box counting algorithm, an effective method to detect 

the presence of ictal signal from normal signal is shown. 

The FD of the ictal image decreases sharply from a higher 

value. It is lowcompared with the FD of the normal EEG. 

The heterogeneity is also calculated by measuring the L of 

the ictal and normal EEG data. The ictal EEG signal is 

more heterogeneous than the normal EEG. Based on these 

assumptions, the fractal measures, such as the calculated 

FD and L are statistical tested using parametric test. In this 

analysis, the p value is low (p < 0.001), and this helps 

differentiate the normal data set from the ictal data set with 

high accuracy.  
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