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Abstract

This paper describes the application of adaptive neuro-fuzzy inference system (ANFIS) model for classification of electroencephalogram
(EEG) signals. Decision making was performed in two stages: feature extraction using the wavelet transform (WT) and the ANFIS trained
with the backpropagation gradient descent method in combination with the least squares method. Five types of EEG signals were used as
input patterns of the five ANFIS classifiers. To improve diagnostic accuracy, the sixth ANFIS classifier (combining ANFIS) was trained using
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he outputs of the five ANFIS classifiers as input data. The proposed ANFIS model combined the neural network adaptive capa
he fuzzy logic qualitative approach. Some conclusions concerning the saliency of features on classification of the EEG signals we
hrough analysis of the ANFIS. The performance of the ANFIS model was evaluated in terms of training performance and cla
ccuracies and the results confirmed that the proposed ANFIS model has potential in classifying the EEG signals.
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. Introduction

The electroencephalogram (EEG) signal is widely used
linically to investigate brain disorders. The study of the
rain electrical activity, through the electroencephalographic
ecords, is one of the most important tools for the diagno-
is of neurological diseases (Adeli et al., 2003; Hazarika et
l., 1997; Rosso et al., 2004). Large amounts of data are
enerated by EEG monitoring systems for electroencephalo-
raphic changes, and their complete visual analysis is not
outinely possible. Computers have long been proposed to
olve this problem and thus, automated systems to recognize
lectroencephalographic changes have been under study for
everal years (Glover et al., 1989; Gabor and Seyal, 1992;
ebber et al., 1993; Nigam and Graupe, 2004). There is
strong demand for the development of such automated

evices, due to the increased use of prolonged and long-term
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video EEG recordings for proper evaluation and treatme
neurological diseases and prevention of the possibility o
analyst missing (or misreading) information (Webber et al.
1993).

Abnormalities in the EEG in serious psychiatric dis
ders are at times too subtle to be detected using co
tional techniques. Such techniques work by transform
the mostly qualitative diagnostic criteria into a more ob
tive quantitative signal feature classification problem.
techniques have been used to address this problem
as the analysis of EEG signals for detection of electr
cephalographic changes using the autocorrelation func
frequency domain features, time frequency analysis,
wavelet transform (WT) (Adeli et al., 2003; Hazarika et a
1997; Rosso et al., 2004; Glover et al., 1989). The results o
the studies in the literature have demonstrated that the W
the most promising method to extract features from the
signals (Adeli et al., 2003; Hazarika et al., 1997; Rosso e
2004). In this respect, in the present study the WT was u
for feature extraction from the EEG signals.
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The WT can be applied to extract the wavelet coefficients
of discrete time signals. This procedure makes use of mul-
tirate signal processing techniques. The proposed scheme is
the subband coding or multiresolution signal analysis. The
multiresolution feature of the WT allows the decomposition
of a signal into a number of scales, each scale representing a
particular coarseness of the signal under study. The WT pro-
vides very general techniques, which can be applied to many
tasks in signal processing. One very important application is
the ability to compute and manipulate data in compressed
parameters, which are often called features (Daubechies,
1990; Soltani, 2002; Unser and Aldroubi, 1996). Thus, the
EEG signal, consisting of many data points, can be com-
pressed into a few parameters. These parameters character-
ize the behavior of the EEG signal. This feature of using
a smaller number of parameters to represent the EEG sig-
nal is particularly important for recognition and diagnostic
purposes (Adeli et al., 2003; Hazarika et al., 1997; Rosso
et al., 2004).

Artificial neural networks (ANNs) have been used as com-
putational tools for pattern classification including diagnosis
of diseases because of the belief that they have greater pre-
dictive power than signal analysis techniques (Baxt, 1990;
Miller et al., 1992; G̈uler andÜbeyli, 2003;Übeyli and G̈uler,
2003). However, fuzzy set theory plays an important role in
dealing with uncertainty when making decisions in medical
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tion gradient descent method in combination with the least
squares method. We used the data described in reference
(Andrzejak et al., 2001), which is publicly available. In our
applications, a detailed classification between set A (healthy
volunteer, eyes open), set B (healthy volunteer, eyes closed),
set C (seizure-free intervals of five patients from hippocam-
pal formation of opposite hemisphere), set D (seizure-free
intervals of five patients from epileptogenic zone), and set
E (epileptic seizure segments) was performed. Each of the
ANFIS classifier was trained so that they are likely to be more
accurate for one class of EEG signals than the other classes.
The predictions of the five ANFIS classifiers were combined
by the sixth ANFIS classifier. The correct classification rates
and convergence rates of the proposed ANFIS model were
examined and then performance of the ANFIS model was
reported. Finally, some conclusions were drawn concerning
the saliency of features (inputs of the ANFIS classifiers) on
classification of the EEG signals.

2. Materials and method

Decision making was performed in two stages: feature
extraction using the WT (20 extracted features as ANFIS
inputs) and classification using the ANFIS classifiers trained
with the backpropagation gradient descent method in com-
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pplications. Therefore, fuzzy sets have attracted the g
ng attention and interest in modern information technol
roduction technique, decision making, pattern recogni
iagnostics, data analysis, etc. (Dubois and Prade, 199
uncheva and Steimann, 1999; Nauck and Kruse, 19).
euro-fuzzy systems are fuzzy systems, which use A

heory in order to determine their properties (fuzzy sets
uzzy rules) by processing data samples. Neuro-fuzzy
ems harness the power of the two paradigms: fuzzy
nd ANNs, by utilizing the mathematical properties of AN

n tuning rule-based fuzzy systems that approximate
ay humans process information. A specific approac
euro-fuzzy development is the adaptive neuro-fuzzy in
nce system (ANFIS), which has shown significant re

n modeling nonlinear functions. In ANFIS, the memb
hip function parameters are extracted from a data se
escribes the system behavior. The ANFIS learns fea

n the data set and adjusts the system parameters a
ng to a given error criterion (Jang, 1992, 1993). Success
ul implementations of ANFIS in biomedical engineer
ave been reported, for classification (Usher et al., 1999
elal et al., 2002; G̈uler and Übeyli, 2004; Übeyli and
üler, 2005a, 2005b) and data analysis (Virant-Klun and
irant, 1999).

In this study, a new approach based on ANFIS was
ented for classification of the EEG signals. The prop
echnique involved training the five ANFIS classifiers to c
ify the five classes of EEG signals when wavelet coeffic
efining the behavior of the EEG signals were used as in
he ANFIS classifiers were trained with the backprop
-

ination with the least squares method. In this section
estrict ourselves to only a short description of the u
atasets and refer to reference (Andrzejak et al., 2001) for

urther details. The complete dataset consists of five
denoted A–E), each containing 100 single-channel EEG
als of 23.6 s. Each signal has been selected after v

nspection for artifacts and has passed a weak station
riterion. Sets A and B have been taken from surface
ecordings of five healthy volunteers with eyes open
losed, respectively. Signals in two sets have been mea
n seizure-free intervals from five patients in the epileptog
one (D) and from the hippocampal formation of the oppo
emisphere of the brain (C). Set E contains seizure act
elected from all recording sites exhibiting ictal activity. S
and B have been recorded extracranially, whereas se
, and E have been recorded intracranially. Apart from
ifferent recording electrodes, the recording parameters
xed.

.1. Feature extraction using wavelet transform

The WT can be thought of as an extension of the cla
ourier transform, except that, instead of working on a
le scale (time or frequency), it works on a multi-scale b
his multi-scale feature of the WT allows the decomposi
f a signal into a number of scales, each scale represe
particular coarseness of the signal under study. The

edure of multiresolution decomposition of a signalx[n] is
chematically shown inFig. 1 (Daubechies, 1990; Solta
002; Unser and Aldroubi, 1996).
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Fig. 1. Subband decomposition of discrete wavelet transform implementation;g[n] is the high-pass filter,h[n] is the low-pass filter.

All WTs can be specified in terms of a low-pass filterh,
which satisfies the standard quadrature mirror filter condition:

H(z)H(z−1) +H(−z)H(−z−1) = 1 (1)

whereH(z) denotes thez-transform of the filterh. Its com-
plementary high-pass filter can be defined as

G(z) = zH(−z−1) (2)

A sequence of filters with increasing length (indexed byi)
can be obtained:

Hi+1(z) = H(z2i )Hi(z)

Gi+1(z) = G(z2i )Hi(z), i = 0, . . . , I − 1
(3)

with the initial conditionH0(z) = 1. It is expressed as a two-
scale relation in time domain

hi+1(k) = [h]↑2ihi(k)

gi+1(k) = [
g
]
↑2ihi(k)

(4)

where the subscript [ ]↑m indicates the up-sampling by a fac-
tor ofmandk is the equally sampled discrete time.

The normalized wavelet and scale basis functionsϕi,l (k),
ψ (k) can be defined as

w
a espec
t tion
c

w ts
a y
( ubi,
1

2.2. Adaptive neuro-fuzzy inference system (ANFIS)

2.2.1. Architecture of ANFIS
The ANFIS is a fuzzy Sugeno model put in the frame-

work of adaptive systems to facilitate learning and adaptation
(Jang, 1992, 1993). Such framework makes the ANFIS mod-
eling more systematic and less reliant on expert knowledge.
To present the ANFIS architecture, two fuzzy if-then rules
based on a first order Sugeno model are considered:

Rule 1: If (x isA1) and (y isB1) then (f1 =p1x+q1y+ r1)
Rule 2: If (x isA2) and (y isB2) then (f2 =p2x+q2y+ r2)

wherex andy are the inputs,Ai andBi are the fuzzy sets,fi
are the outputs within the fuzzy region specified by the fuzzy
rule, pi , qi and ri are the design parameters that are deter-
mined during the training process. The ANFIS architecture
to implement these two rules is shown inFig. 2, in which a
circle indicates a fixed node, whereas a square indicates an
adaptive node.

In the first layer, all the nodes are adaptive nodes. The
outputs of layer 1 are the fuzzy membership grade of the
inputs, which are given by:

O1
i = µAi (x) i = 1,2 (7)

O1
i = µBi−2(y) i = 3,4 (8)

w r-
s ship
i,l

ϕi,l(k) = 2i/2hi(k − 2il)

ψi,l(k) = 2i/2gi(k − 2il)
(5)

here the factor 2i/2 is an inner product normalization,i andl
re the scale parameter and the translation parameter, r

ively. The discrete wavelet transform (DWT) decomposi
an be described as

a(i)(l) = x(k)ϕi,l(k)

d(i)(l) = x(k)ψi,l(k)
(6)

herea(i)(l) and d(i)(l) are the approximation coefficien
nd the detail coefficients at resolutioni, respectivel
Daubechies, 1990; Soltani, 2002; Unser and Aldro
996).
-

here µAi (x), µBi−2(y) can adopt any fuzzy membe
hip function. For example, if the bell shaped member

Fig. 2. ANFIS architecture.
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4 İ. Güler, E.D.Übeyli / Journal of Neuroscience Methods xxx (2005) xxx–xxx

function is employed,µAi (x) is given by:

µAi (x) = 1

1 +
{(

x−ci
ai

)2
}bi (9)

whereai , bi and ci are the parameters of the membership
function, governing the bell shaped functions accordingly.

In the second layer, the nodes are fixed nodes. They are
labeled withM, indicating that they perform as a simple mul-
tiplier. The outputs of this layer can be represented as:

O2
i = wi = µAi (x)µBi (y) i = 1,2 (10)

which are the so-called firing strengths of the rules.
In the third layer, the nodes are also fixed nodes. They are

labeled withN, indicating that they play a normalization role
to the firing strengths from the previous layer.

The outputs of this layer can be represented as:

O3
i = w̄i = wi

w1 + w2
i = 1,2 (11)

which are the so-called normalized firing strengths.
In the fourth layer, the nodes are adaptive nodes. The out-

put of each node in this layer is simply the product of the
normalized firing strength and a first order polynomial (for a
first order Sugeno model). Thus, the outputs of this layer are
g
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Substituting Eq.(11) into Eq.(14)yields:

f = w̄1f1 + w̄2f2 (15)

Substituting the fuzzy if-then rules into Eq.(15), it becomes:

f = w̄1(p1x+ q1y + r1) + w̄2(p2x+ q2y + r2) (16)

After rearrangement, the output can be expressed as:

f = (w̄1x)p1 + (w̄1y)q1 + (w̄1)r1

+(w̄2x)p2 + (w̄2y)q2 + (w̄2)r2 (17)

which is a linear combination of the modifiable consequent
parametersp1, q1, r1, p2, q2 andr2. The least squares method
can be used to identify the optimal values of these parame-
ters easily. When the premise parameters are not fixed, the
search space becomes larger and the convergence of the train-
ing becomes slower. A hybrid algorithm combining the least
squares method and the gradient descent method is adopted
to solve this problem. The hybrid algorithm is composed of a
forward pass and a backward pass. The least squares method
(forward pass) is used to optimize the consequent param-
eters with the premise parameters fixed. Once the optimal
consequent parameters are found, the backward pass starts
immediately. The gradient descent method (backward pass) is
used to adjust optimally the premise parameters correspond-
ing to the fuzzy sets in the input domain. The output of the
A eters
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4
i = w̄ifi = w̄i(pix+ qiy + ri) i = 1,2 (12)

In the fifth layer, there is only one single fixed node labe
ith S. This node performs the summation of all incom
ignals. Hence, the overall output of the model is given

5
i =

2∑
i=1

w̄ifi =
∑2
i=1wifi

w1 + w2
(13)

It can be observed that there are two adaptive laye
his ANFIS architecture, namely the first layer and the fo
ayer. In the first layer, there are three modifiable param
ai , bi , ci}, which are related to the input membership fu
ions. These parameters are the so-called premise param
n the fourth layer, there are also three modifiable param
pi , qi , ri}, pertaining to the first order polynomial. The
arameters are so-called consequent parameters (Jang, 1992
993).

.2.2. Learning algorithm of ANFIS
The task of the learning algorithm for this architectur

o tune all the modifiable parameters, namely{ai , bi , ci} and
pi ,qi , ri}, to make the ANFIS output match the training d
hen the premise parametersai ,bi andci of the membershi

unction are fixed, the output of the ANFIS model can
ritten as:

= w1

w1 + w2
f1 + w2

w1 + w2
f2 (14)
.

NFIS is calculated by employing the consequent param
ound in the forward pass. The output error is used to a
he premise parameters by means of a standard backpro
ion algorithm. It has been proven that this hybrid algori
s highly efficient in training the ANFIS (Jang, 1992, 1993).

. Results and discussion

The EEG signals can be considered as a superposit
ifferent structures occuring on different time scales at

erent times. One purpose of wavelet analysis is to sep
nd sort these underlying structures of different time sc
pectral analysis of the EEG signals was performed u

he DWT (described in Section2.1). Selection of appropr
te wavelet and the number of decomposition levels is

mportant in analysis of signals using the WT. The num
f decomposition levels is chosen based on the dominan
uency components of the signal. The levels are chosen

hat those parts of the signal that correlate well with the
uencies required for classification of the signal are reta

n the wavelet coefficients. In the present study, the num
f decomposition levels was chosen to be 4. Thus, the
ignals were decomposed into the detailsD1–D4 and one
nal approximation,A4. Usually, tests are performed w
ifferent types of wavelets and the one which gives m
um efficiency is selected for the particular application.

moothing feature of the Daubechies wavelet of order 2 (
ade it more suitable to detect changes of the EEG sig
herefore, the wavelet coefficients were computed usin
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db2 in the present study. The wavelet coefficients were com-
puted using the MATLAB software package.

Selection of the neural network inputs is the most impor-
tant component of designing the neural network based on
pattern classification since even the best classifier will per-
form poorly if the inputs are not selected well. Input selection
has two meanings: (1) which components of a pattern, or (2)
which set of inputs best represent a given pattern. The com-
puted wavelet coefficients provide a compact representation
that shows the energy distribution of the signal in time and
frequency. Therefore, the computed detail and approxima-
tion wavelet coefficients of the EEG signals were used as the
feature vectors representing the signals. A rectangular win-
dow, which was formed by 256 discrete data, was selected so
that the EEG signal considered to be stationary in that inter-
val. For each EEG segment, the detail wavelet coefficients
(dk, k= 1, 2, 3, 4) at the first, second, third and fourth lev-
els (129 + 66 + 34 + 18 coefficients) and the approximation
wavelet coefficients (a4) at the fourth level (18 coefficients)
were computed. Then 265 wavelet coefficients were obtained
for each EEG segment. In order to reduce the dimensional-
ity of the feature vectors, statistics over the set of the wavelet
coefficients were used. The following statistical features were
used to represent the time-frequency distribution of the EEG
signals:

( nd.
( d.
(
( ach

These feature vectors, which were calculated for the
D1–D4 andA4 frequency bands, were used in classifying the
EEG signals.Table 1presents the extracted features of five
exemplary records from five classes. FromTable 1, one can
see that the extracted features of the five classes of EEG sig-
nals are different from each other. Therefore, we decided that
they can serve as useful parameters in classifying the EEG
signals.

The five ANFIS classifers were trained with the back-
propagation gradient descent method in combination with
the least squares method when 20 features (dimension of the
extracted feature vectors) representing the EEG signals were
used as inputs. Samples with target outputs sets A, B, C, D,
and E were given the binary target values of (0, 0, 0, 0, 1),
(0, 0, 0, 1, 0), (0, 0, 1, 0, 0), (0, 1, 0, 0, 0), and (1, 0, 0, 0,
0), respectively. To improve classification accuracy, the sixth
ANFIS classifier (combining ANFIS) was trained using the
outputs of the five ANFIS classifiers as input data. The fuzzy
rule architecture of the ANFIS classifiers were designed by
using a generalized bell shaped membership function defined
in Eq.(9). Each ANFIS classifier was implemented by using
the MATLAB software package (MATLAB version 7.0 with
fuzzy logic toolbox). The data sets (sets A, B, C, D, and E)
were divided into two separate data sets—the training data
set and the testing data set. The adequate functioning of the
ANFIS depends on the sizes of the training set and test set. In
t class
w rete
d assi-
fi ach
c ture

T
T

D

2

S 31.3 771
−42.07

0.17 30
14. 4623

S 46.9 9787
−51.48

0.0 3
17. .4562

S 17.1 6009
−21.11
−0.13

9. 3921

S 117.9 4451
−82.16

0.11 4
19. .3576

S 644. .2000
074.60

0.10 0
303 .5000
1) Maximum of the wavelet coefficients in each subba
2) Minimum of the wavelet coefficients in each subban
3) Mean of the wavelet coefficients in each subband.
4) Standard deviation of the wavelet coefficients in e

subband.

able 1
he extracted features of five exemplary records from five classes

ataset Extracted features Subbands

D1 D

et A Maximum 12.0394
Minimum −12.0140
Mean −0.2611
Standard deviation 4.9689

et B Maximum 14.1446
Minimum −14.7570
Mean 0.4727
Standard deviation 6.0482

et C Maximum 6.4079
Minimum −7.3739
Mean 0.0668
Standard deviation 2.8001

et D Maximum 26.0292
Minimum −20.6820
Mean −0.1935
Standard deviation 4.3874

et E Maximum 258.0806
Minimum −325.4508 −1
Mean −0.1337
Standard deviation 75.1448
his study, the 100 time series of 4096 samples for each
indowed by a rectangular window composed of 256 disc
ata and then training and test sets of the five ANFIS cl
ers were formed by 8000 vectors (1600 vectors from e
lass) of 20 dimensions (dimension of the extracted fea

D3 D4 A4

064 75.7695 120.0146 192.6
37 −92.3744 −105.3666 −172.4994
75 1.6022 2.1703 34.41
8416 41.1865 60.3469 96.

284 102.2603 242.5219 302.
40 −139.1860 −157.7330 −208.8999
892 −7.3273 −2.7413 24.045
9383 60.0547 88.4955 146

955 49.5235 142.3749 231.
06 −42.6390 −182.4811 −269.4633
59 2.2645 −12.3407 −39.0668
5142 25.9131 95.0770 153.

646 32.3480 88.2469 320.
00 −61.5424 −89.1512 −175.7673
21 −2.2112 −2.6360 94.158
2455 20.1756 43.6354 126

3659 1524.4000 1420.1000 1639
00 −1508.9000 −1107.0000 −1917.6000
52 65.5614 −77.2298 281.401

.6744 716.0870 614.2615 1138
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Fig. 3. Adaptation of parameter steps of each ANFIS.

vectors). The 4000 vectors (800 vectors from each class) of
20 dimensions were used for training and the 4000 vectors
(800 vectors from each class) of 20 dimensions were used for
testing.

The training data set was used to train the ANFIS model,
whereas the testing data set was used to verify the accuracy
and the effectiveness of the trained ANFIS model for classi-
fication of the five classes of EEG signals. Each ANFIS used
4000 training data in 800 training epochs and the step size for
parameter adaptation had an initial value of 0.011. The steps
of parameter adaptation of each ANFIS are shown inFig. 3.
The step size is decreased (by multiplying it with the com-
ponent of the training option corresponding to the step size
decrease rate) if the error measure undergoes two consecu-
tive combinations of an increase followed by a decrease. The
step size is increased (by multiplying it with the increase rate)
if the error measure undergoes four consecutive decreases.
At the end of 800 training epochs, the network error (mean
square error) convergence curve of each ANFIS was derived
as shown inFig. 4. From the curve, the final convergence
value is 4.6721× 10−6.

In a real world domain, just like the one used in the present
study, all of the features used in the descriptions of instances
may have different levels of saliency. Feature saliency pro-
vides a means for choosing the features, which are best for
classification. Therefore, in the present study changes of
t ect
t the
i n of
e mely,
s and
fi nsid-
e the
w l
m nput
1
b ts in

Fig. 4. The curve of network error convergence of each ANFIS.

Fig. 5. (a) Initial and (b) final generalized bell shaped membership function
of input 1 (maximum values of the wavelet coefficients inD1 subband).
he final (after training) membership functions with resp
o the initial (before training) membership functions of
nput parameters were examined. Membership functio
ach input parameter was divided into three regions, na
mall, medium, and large. The examination of initial
nal membership functions indicates that there are co
rable changes in the final membership functions of
avelet coefficients.Figs. 5 and 6show the initial and fina
embership functions of the first and seventh inputs (i
: maximum values of the wavelet coefficients inD1 sub-
and and input 7: mean values of the wavelet coefficien
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Fig. 6. (a) Initial and (b) final generalized bell shaped membership function
of input 7 (mean values of the wavelet coefficients inD2 subband).

D2 subband) using the generalized bell shaped membership
function, respectively. Based on the analysis of membership
functions of each input features, it can be mentioned that all of
the 20 inputs have saliency on the EEG signals classification.

After training, 4000 testing data were used to validate the
accuracy of the ANFIS model for classification of the EEG
signals. In classification, the aim is to assign the input pat-
terns to one of several classes, usually represented by outputs
restricted to lie in the range from 0 to 1, so that they represent
the probability of class membership. While the classifica-
tion is carried out, a specific pattern is assigned to a specific
class according to the characteristic features selected for it.
In this application, there were five classes: set A (healthy
volunteer, eyes open), set B (healthy volunteer, eyes closed),
set C (seizure-free intervals of five patients from hippocam-
pal formation of opposite hemisphere), set D (seizure-free
intervals of five patients from epileptogenic zone), and set
E (epileptic seizure segments). Classification results of the
ANFIS model were displayed by a confusion matrix. In a
confusion matrix, each cell contains the raw number of exem-

plars classified for the corresponding combination of desired
and actual network outputs. The confusion matrix show-
ing the classification results of the ANFIS model is given
below.

Confusion matrix

Output/desired Set A Set B Set C Set D Set E

Set A 789 9 0 0 0
Set B 9 791 0 0 0
Set C 2 0 793 10 5
Set D 0 0 6 788 9
Set E 0 0 1 2 786

According to the confusion matrix, nine EEG segments
from set A were classified incorrectly by the ANFIS model
as segments from set B, two segments from set A were clas-
sified as segments from set C, nine segments from set B were
classified as segments from set A, six segments from set C
were classified as segments from set D, one segment from set
C was classified as a segment from set E, 10 segments from
set D were classified as segments from set C, two segments
from set D were classified as segments from set E, nine seg-
ments from set E were classified as segments from set D, and
five segments from set E were classified as segments from
set C.

ined
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The test performance of the classifiers can be determ
y the computation of sensitivity, specificity and total cla
cation accuracy. The sensitivity, specificity and total cla
cation accuracy are defined as:

Sensitivity:number of true positive decisions/number
actually positive cases.
Specificity:number of true negative decisions/numbe
actually negative cases.
Total classification accuracy:number of correct dec
sions/total number of cases.

The values of the statistical parameters (sensitivity, s
city and total classification accuracy) are given inTable 2.
s it is seen fromTable 2, the ANFIS classified sets A,
, D, and E with the accuracy of 98.63, 98.88, 99.13, 98
nd 98.25%, respectively. All of the sets were classified

he accuracy of 98.68% (total classification accuracy).Nigam
nd Graupe (2004)described a method for automated de

ion of epileptic seizures from EEG signals using a multis

able 2
he values of statistical parameters

EG datasets Statistical parameters

Sensitivity (%) Specificity (%) Total classificatio
accuracy (%)

et A 98.63 99.72 98.68
et B 98.88 99.72
et C 99.13 99.46
et D 98.50 99.53
et E 98.25 99.91

https://www.researchgate.net/publication/8687073_A_neural-network-based_detection_of_epilepsy?el=1_x_8&enrichId=rgreq-2370c439d07ed2eafa3377bc7b4431b9-XXX&enrichSource=Y292ZXJQYWdlOzc2OTA2MjE7QVM6MTM1MDY5MDUwMDg1Mzc3QDE0MDkyMTQzNzkzMDU=
https://www.researchgate.net/publication/8687073_A_neural-network-based_detection_of_epilepsy?el=1_x_8&enrichId=rgreq-2370c439d07ed2eafa3377bc7b4431b9-XXX&enrichSource=Y292ZXJQYWdlOzc2OTA2MjE7QVM6MTM1MDY5MDUwMDg1Mzc3QDE0MDkyMTQzNzkzMDU=
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Fig. 7. Total classification accuracy obtained for different wavelets when
the EEG signals were classified using the proposed ANFIS.

nonlinear pre-processing filter in combination with a diag-
nostic ANN. In order to train their network, they used two
sets of the same EEG datafiles—sets A and E (Andrzejak
et al., 2001) and the total classification accuracy of their
model was 97.2%. Thus, the accuracy rates of the ANFIS
model presented for this application were found to be higher
than that of the ANN model presented byNigam and Graupe
(2004).

The classification accuracy, which is defined as the
percentage ratio of the number of segments correctly clas-
sified to the total number of segments considered for clas-
sification, depends on the type of wavelet chosen for the
application. The db2 was used and found to yield good
results in classifying the EEG signals. In order to investi-
gate the effect of other wavelets on classifications accuracy,
tests were carried out using other wavelets also. Apart from
the db2, Coiflet of order 4 (coif4), Symmlet of order 10
(sym10), Daubechies of order 1 (db1), and Daubechies of
order 6 (db6) were also tried. Total classification accuracy
obtained for each wavelet when the EEG signals were clas-
sified using the proposed ANFIS model, is shown inFig. 7.
One can see that the Daubechies wavelet offers better accu-
racy than the others, and the db2 is marginally better than
the db1 and db6. Hence, the db2 wavelet was chosen for this
application.
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Some conclusions concerning the saliency of features on
classification of the EEG signals were obtained through anal-
ysis of the ANFIS. The classification results and statistical
measures were used for evaluating the ANFIS. The total clas-
sification accuracy of the ANFIS model was 98.68%. We
therefore have concluded that the proposed ANFIS model
can be used in classifying the EEG signals by taking into
consideration the misclassification rates.
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