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Abstract: The new Incremental learning approach to endow a Takagi-Sugeno-type Fuzzy classification
Model has been done using the learning approaches. Such as Online Incremental linear Support Vector (ISVM)
Machine and Margin-selective Gradient Descent learning Algorithm (MGDA). In this learning approach the
Fuzzy classification rules is learned by Online Incremental Support Vector Machine and Margin-selective
Gradient Descent learning Algorithm. This model initially does not contain any rule set. A one-pass clustering
algorithm is used to determine the number of rules and initial fuzzy set in rule antecedent part. An Incremental
Support Vector Machine is proposed to tune the consequent part in the fuzzy classification rule with high
generalization ability. The use of Online ISVM instead of batch SVM enables this learning model to handle
online training problems with only one new sample available at a time. The Margin-selective Gradient Descent
learning Algorithm is proposed to tune the rule consequent part. The MGDA is used to prevent overtraining in
then learning process. Compare to other learning model this model reduce the test error rate.

Keywords: Fuzzy classifiers (FCs), Incremental learning, Incremental support vector machines(ISVMs),
Margin-selective Gradient Descent learning Algorithm.

1. Introduction

In Machine learning the training
dates are given to train the machine. The learning
scenario can be divided into two modes such as
batch learning mode and incremental learning
mode. In batch learning mode all data are collected
in advanced, and training is performed in one batch.
The problem in this mode is that memory may not
sufficient to handle all training problem at a time
and when all training data cannot be obtained at
once, i.e., they are sequentially obtained. This
model is computationally waste because it retrained
the model from scratch. But in incremental mode
learning is obtained sequentially in an online
fashion. This learning mode reduce the memory
consumption for storing the training data. In this

advantage most of the learning models using this
mode. Such as neural networks fuzzy systems [1]-
[14] and support vector machines (SVMs) [15]-
[18].

Several fuzzy rule based classification
models are available. These models helps to reduce
only the empirical risk (training error). But the error
not only occur in training it also depend on the
testing process. SVMs are designed via the
formation of structural risk minimization and help
to find an optimal separating hyperplane that
maximizes the margin between two classes in the
feature space [19]. Compare to other classifier SVM
have the high generalization ability. Depending
upon their learning mode SVM is classified in to
two types such as Batch SVM and Online
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Incremental SVM. In Batch SVM [19], [20] the
data are processed sequentially in a batch. This type
needs more memory to store the training data. And
the process are done from the scratch. In
incremental SVM [15]-[18] single data is trained at
a time. Two types of incremental SVMs are
available such as Online ISVM and Chunk ISVM.
In chunk ISVMs, an SVM s trained using one
chunk (subset) of training data at a time, and a
solution is found using the traditional batch SVMs.
Chunk ISVMs[20] improve learning efficiency by
discarding some past/new training - samples
according to their locations relative to the
classification hyper plane. However, they are
unsuitable for problems where new training samples
arrive one by one. In Online ISVMs [18], an SVM
is trained with one new training sample at a time. In
contrast with traditional batch SVMs, a solution in
an online ISVM is constructed recursively. This
method shows the advantage of incremental mode
so we use this method for learning. One
disadvantage of SVMs is that the number of
Support Vectors in an SVM is usually large. So the
model built whether batch or incremental learning
the result of the SVM maodel is large.

Vol. 2, Issue 10, October 2015

In a fuzzy classification model using SVM
for high generalization ability [21]-[28]. For FC
design, one common approach is regarding a
support vector (SV) [21]as a fuzzy rule, where the
number of fuzzy rules is equal to the number of
SVs. The number of SVs in an SVM is usually very
large, especially for complex classification
problems, the designed FC is equally large. To
solve this problem, different methods were
proposed to remove relatively irrelevant fuzzy rules
in the original rule set. This reduced FC may
degrade the performance. Another approach using
cluster algorithm to generate the fuzzy rule [24]-
[27] and small rule set is obtained. A linear batch
SVM is then employed to determine the consequent
parameters. For the SVM-trained FCs above, the
consequent parameters are all learned through batch
SVMs, which do not take advantage of ISVMs. A
chunk ISVM-trained FC (ISVM-FC) was proposed
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in [28] for consequent parameter learning. Because
of the use of chunk ISVMs, the chunk ISVM-FC is
unsuitable for incremental training problems where
only one sample is available at a time. In addition,
the chunk ISVM-FC and the batch SVM trained FC
described earlier do not tune the antecedent
parameters to an optimal extent. For these
problems, this paper proposes the idea of tuning the
FC consequent and antecedent parameters using an
online ISVM and margin selective gradient descent
algorithm (MGDA), respectively.

Contributions of the Fuzzy Model are
twofold. The first one is the introduction of an
online linear ISVM to optimize the consequent
parameters of FC. The specific use of the online
linear ISVM not only improves model
generalization performance but makes it possible to
train the Fuzzy Model sample by sample as well,
which avoids huge data access at a time. The
second one is the proposal of the MGDA to tune the
antecedent parameters of an FC. The linear ISVM
finds a separating hyper plane in the consequent
space. The MGDA tunes antecedent parameters
using the training samples in the two SV located
hyper planes. This operation moving positions of
mapped training samples in the consequent space to
proper region so that the slack variable values are
minimized and hyper plane change direction is
considered. It should be emphasized that in addition
to the introduction of the MGDA into antecedent
parameter learning, this Fuzzy Model differs from
the chunk ISVM-FC [43] in using different ISVM
for consequent parameter learning. The chunk
ISVM-FC using chunk ISVM to update the
consequent parameters in a batch model. When a
new stream of chunk data is available, the
consequent parameters in the chunk ISVM-FC must
be retrained from scratch. The use of chunk ISVM
is to reduce the total number of data selected from
old and new training sample in model retraining.
This Fuzzy Model uses online ISVM to update the
consequent parameters in an incremental model
instead of batch model. As a result, this Fuzzy
Model can be online trained with one sample at a
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time, while the chunk ISVM-FC is not
characterized with this online training ability.

2.Literature Review

Many learning models have been
introduced for classification. G. Cauwenberghs and
T. Poggio, “Incremental and decremental support
vector machine learning,” [15]. An on-line
recursive algorithm for training support vector
machines, one vector at a time, is presented.
Adiabatic increments retain the Kuhn- Tucker
conditions on all previously seen training data, in a
number of steps each computed analytically. The
incremental ~ procedure is  reversible, and
decremental “unlearning” offers an efficient method
to exactly evaluate leave-one-out generalization
performance. It is computationally efficient scheme
for on-line SVM training. Unlearning offers an
efficient method to exactly evaluate leave-one-out
generalization performance.

Y. Chen and J. Z. Wang, “Support vector
learning for fuzzy rule-based classification
systems,” [21].This paper investigates the
connection between fuzzy classifiers and kernel
machines, establishes a link between fuzzy rules
and kernels, and proposes a learning algorithm for
fuzzy classifiers. Fuzzy inference on the IF-part of a
fuzzy rule can be viewed as evaluating the kernel
function. The kernel function is then proven to be a
Mercer kernel if the reference functions meet
certain spectral requirement. The corresponding
fuzzy classifier is named positive definite fuzzy
classifier (PDFC). A PDFC can be built from the
given training samples based on a support vector
learning approach with the IF-part fuzzy rules given
by the support vectors. Since the learning process
minimizes an upper bound on the expected risk
(expected prediction error) instead of the empirical
risk (training error), the resulting PDFC usually has
good generalization ability in a high dimensional
feature space .Powerful machine learning approach
for pattern recognition problems. But the number of
Support Vectors (SVs) in SVMs and thereby the
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number of rules in PDFC is usually high which
leads us to a classifier with high test time and the
consequent part parameters of fuzzy if-then rules
are learned by solving SVMs model which is time.

C. T. Lin, C. M. Yeh, S. F. Liang, J. F.
Chung, and N. Kumar, “Support vector based fuzzy
neural network for pattern classification,” [22].
Support-vector-based  fuzzy neural  network
(SVFNN) is proposed for pattern classification in
this paper. The SVFNN combines the superior
classification power of support vector machine
(SVM) in_high dimensional data spaces and the
efficient human-like reasoning of FNN in handling
uncertainty information. A learning algorithm
consisting of three learning phases is developed to
construct the SVFNN and train its parameters. In
the first phase, the fuzzy rules and membership
functions are automatically determined by the
clustering principle. In the second phase, the
parameters of SVFFNN are calculated by the SVM
with the proposed adaptive fuzzy kernel function. In
the third phase, the relevant fuzzy rules are selected
by the proposed reducing fuzzy rule method. It
minimize the empirical risk and expected risk and
it reach a good classification performance in the
testing phase. This model reduce the rules so it
degrades the performance of the original
classification model.

C. F. Juang, S. H. Chiu, and S. W. Chang,
“A self-organizing TS-type fuzzy network with
support vector learning and its application to
classification problems,” [25]. SOTFN-SV is a T-S-
type fuzzy system constructed by hybridizing fuzzy
clustering and support vector machine. The
proposed face detection method consists of three
stages. In the first stage, SOTFN-SV is applied to
skin color segmentation. In the second stage, face
size and shape filters are employed to exclude some
face candidates to reduce the number of false
alarms. In the final stage, colors of the eyes, mouth,
and face skin regions of the remaining face
candidates are used as detection features. An
SOTFN-SV colour filter uses these features as
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inputs to make a final detection decision. The
proposed method has a fast detection speed and
detects not only the face, but also its size and
orientation. Experimental results verify the
efficiency and effectiveness of the proposed face
detection method. It is very efficient and effective
method for handling a face detection problem.

W. Y. Cheng and C. F. Juang, “An
incremental support vector machine trained TS type
fuzzy  system  for  on-line classification
problems”[28]. The ISVM-FC is a fuzzy system
that consists of Takagi-Sugeno (TS)-type fuzzy
rules. Structure and parameters in the ISVM-FC are
trained incrementally from one subset of training
data at a time. It generates all rules according to the
distribution of the training data. An incremental
linear support vector machine (SVM) is used to
tune the resulting rule parameters to give the
classifier better generalization performance. Three
simulations are conducted to verify the performance
of the ISVM-FC. Comparisons with fuzzy
classifiers and Gaussian-kernel SVM with batch
and incremental learning modes demonstrate that
the ISVM-FC improves training and test times, and
reduces memory consumption for classifier storage
without deteriorating the generalization ability. It
avoids the use of large amounts of memory required
for storing training data and reduces training time.
But they are unsuitable for new training samples
arrive one by one.

However, most of the existing systems
using Batch SVM for learning process which
handling only batch of training samples not handle
one training sample at a time. In this paper, we
define a solution of handling one sample at a time
by using online Incremental SVM.

3. Problem Statement
In the existing Fuzzy Classifier using Batch

SVM [19], [20] for learning process. This processes
needs more memory space to store the training data.
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The problem in this mode is that memory may not
sufficient to handle all training problem at a time
and when all training data cannot be obtained at
once. The data are obtained sequentially in batch.
This model is computationally waste because it
retrained the model from scratch and the model size
is large. Because number of support vector equal to
number of fuzzy rules. So the complex
classification problem the model size is very large.

4.System Frame Work

In_proposed work incremental learning
mode is used for learning. This type of learning
reduces memory consumption for training data
storage. Clustering to generate the fuzzy rules.
Since a small rule set is obtained. The proposed
work aim is fuzzy classification model with high
generalization ability. The aim is achieve by using
the online incremental linear SVM and Margin-
Selective gradient descent learning algorithm is
tune the parameter.

Fuzzification Fules evaluation
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Soncticn

s~r

algorithm
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Fig.1 System Architecture
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4.1 Fuzzification

Crisp input values are transferred into fuzzy
values in the stage of fuzzification. The first step is
to take the inputs and determine the membership
functions. A membership function (MF) is a curve
that defines how each point in the input space is
mapped to a membership value (or degree of
membership) between 0 and 1. Gaussian functions
are popular methods for specifying fuzzy set(4;;).
Because curves have the advantage of being smooth
and nonzero at all points. The input is always a
crisp numerical value limited to the universe of
discourse of the input variable and the output is a
fuzzy degree of membership in the qualifying
linguistic set.

The first step is to take the inputs and
determine  the  membership  functions. A
membership function (MF) is a curve that defines
how each point in the input space is mapped to a
membership value (or degree of membership)
between 0 and 1. Gaussian functions are popular
methods for specifying fuzzy set(4.,). The input is
always a crisp numerical value limited to the
universe of discourse of the input variable and the
output is a fuzzy degree of membership in the
qualifying linguistic set.

ﬂrfi-_‘,-(x_‘,-):exp{_ lx;— ’-'sz]

1)
where m;; and e;; denote the center and width of

the fuzzy set, respectively. Unlike other SVM-
trained FCs [21]-[28], where a common width is
used in all fuzzy rules or in all of the fuzzy sets in
the same rule, the FM3 uses different and tunable
widths, a;; , for different fuzzy sets to improve

classification performance.

=

207 J,-E-}

4.2 Rules Evaluation
4.2.1 Rules generation

In this stage rules are generated with the
help of fuzzy set. The rules are in the form of first
order Takagi Sugeno fuzzy rules. The performance
of a fuzzy system have first order TS type

ISSN 2394-3777 (Print)
ISSN 2394-3785 (Online)

Available online at Www.ijartet.com

International Journal of Advanced Research Trends in Engineering and Technology (IJARTET)

consequent. A linear combination of input variables
plus a constant, has been shown to outperform that
with zero-order TS-type consequent. Classification
rule is the following form.

If x4is A;; and ..... and x,, is 4;, then §'=
i +Ej'z=1 0 X 2
where x4, . . ., x,, are inputs, A;; is a fuzzy set, and
a;; is a real number. Fuzzy set A;; is employed with
Gaussian membership function.

4.2.2 Firing strength estimation

Each rule have the degree value. That rule
value is a strength of that corresponding rules.
Dates are passed into the rules and which have the
maximum firing values that rule is a corresponding
rule to that data. The t-norm operation is performed
using the algebraic product operation, and the rule
firing strength :(X) is determined by
w:(X)=I17=1 My {x;)=exp
‘E_ EF:i [ln.xj i THE_J'J |252_.l'ij} 3)
where x= [x4,.., ¥,]. Suppose that there are r rules.
For the output calculation, the simple weight sum
operation is employed, and the output can be
written as
Y =%7=q il B x;)+ b 4)
The bias term b is added to the output to account for
the learning in a linear SVM.

4.2.3 Rule minimization

Rule minimization is done by using the one
pass cluster algorithm. Depending upon the rule
firing strength number of rules is minimized. In
this algorithm have predefined threshold value. This
threshold value is compare with rule firing strength
Af the rule firing strength is smaller than a
predefined threshold then new cluster (rule)
generated. If the rule firing strength is greater than a
predefined threshold then no new cluster (rule) is
generated.
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4.3 Rules Learning

Two types of learning methods are used to learn
the rules such as

e Consequent parameter learning (ISVM)

e Antecedent parameter learning (MGDA)

4.3.1Consequent parameter learning

Using Online Incremental Support Vector
Machine(ISVM) learning algorithm for consequent
parameter learning. This learning method train the
system only one sample available at a time. In SVM
the data in a input space is mapped into feature
space for high dimension. The separate function is
used to calculate the hyper plane which correctly
separate the data into a class. And the Consequent
of the rule is updated.

Consequent Parameter Learning by Linear
Incremental Support Vector Machine

This Fuzzy Model uses the online linear
ISVM to tune all of these free parameters a;; in the
consequent part. The output y* in (4) can be written
as follows:

y=aT0+ b (5)
Where
@ = [@10 v @1p ter Apgones @py]” € RTFY
(6)
and
B[4 X cer e g X gy v X aees Xy |7 € RTLRTL
(7

Equation (5) shows that the consequent vector a in
the T-S type fuzzy model functions as a linear
combination coefficient vector for the feature
vector. The online linear ISVM determines only the
consequent parameter vector a and does not change
the structure of the T-S-type fuzzy model. The
function of the model after learning is still the same
as in (5), i.e., remains a T-S-type fuzzy model. This
novel learning technique is different from previous
nonlinear Mercer kernel SVM-trained fuzzy models
[21]-[23], where both model structure and
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parameters are determined by SVMs. In the online

linear ISVM-trained T-S-fuzzy model, each input

datum xp.= [xpg...., ¥L,] IS transformed to the

feature Vector @, via (7), where

':','(z

(11 250 won eve g Xy wvve s X wor + iy X ]” € Rrin+1)
(8)

The softly constrained optimization problem in the
feature space is given as follows:

1 r y
Ming,.-a'a+C Xl &

.
0
where the cost function 0.5a” a+ C XL, &; i=1£is
called a soft margin, C is a user-defined positive
parameter, £:is a slack variable, and £; is an upper
bound on the number of training errors. In an online
ISVM, the dual form is expressed as follows

subjecttovi{a"@¢; + bl =1 —-£&=0i=1

[15][18].

L= %Y eQuo;— 3L, + T, ay,
(10)

Where  @; =10y < x,x; =is @ symmetric

positive-definite kernel matrix. The Karush—Kuhn-
Tucker (KKT) conditions in (10) lead to the
following necessary conditions:

AL b g
0= 2=3L, Quyay + yb =1

( =0, ifa;: =10
Xy =0, if0 <o =< C
1‘_‘ ad, ifa;, =C
(11)
h:% == _.'I'=1 Vil
(12)

According to (11), the training dataset D*'can be
divided into three categories: The set S that denotes
unbounded SVs (0<z; = ), the set E that denotes
bounded SVs (z;=C), and the set O that denotes
non-SVs (z;= 0).

The online ISVM is trained with one sample at a
time, and a new solution is built by using an
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existing optimal solution. The coefficient solution
{a;, b}, i=1 , N, has been found for the old
dataset D*. The old solution is updated when a
new training sample (¥ y=1,¥x=1) i available. The
principle of coefficient update is that the new
coefficients {a;+Ax; Axy=q,0}, i= 1,...N at the
incremental step should also satisfy the KTT
conditions in (ll) and (12) for the enlarged dataset
DL = DN x 24 ]. The difference of the KKT
conditions for the old and new datasets D" and
D1 s

Ag; = Q'J-'.'i-'—iA

Oys1+E jes Qij D + yilAb Vi€ DL (13)

0= vysiloyay + Zj?;i v,
(14)

Equations (13) and (14) show that any change in

AaN +1 accompanies updates in £a;,j€ S, and Ab
to hold the equilibrium

- | —
b ¥z .
[J i [ ¢ '@55) (Q . ;|._1|t'-:' i (15)
F_ Qe Taph=1
Acrppaqg = — —= (16)

er_z_ . @ej B+, £
By substituting the A'cr;\.-_i found into (16), the
coefficients Aa;,i =1, ..., N and Ab are obtained,
and the new coefﬁuents a; N1 and bVFL after
the incremental learning step are
o, VY = @+ Aa;, i=1,... N+ 17)
BN = b+ Ab (18)

The use of new coefficient gives the new
consequent parameter as follows

;" = ay;+ DI v Aagpx (19)
Where
Bij = Dpesy Vi CrliXy; (20)

The recursive update in (19) makes it feasible to
train the Fuzzy Model with one sample at a time to
minimize the soft margin in (9). The new bias value

ISSN 2394-3777 (Print)
ISSN 2394-3785 (Online)

Available online at Www.ijartet.com

International Journal of Advanced Research Trends in Engineering and Technology (IJARTET)

bW+1)in (4) is updated as in (18). Minimization of
the soft margin in (9) helps to reduce the bound on
the generalization error in the feature space and,
therefore, improves generalization ability.

4.3.2 Antecedent parameter learning

In antecedent parameter learning we are
using Margin-Selective Gradient Descent Learning
Algorithm (MGDA).This algorithm calculate the
error rate for each data. Depending upon the error
rate the margin will be adjusted. If the error rate is
minimized then the width of the margin is
maximized. The MGDA update the antecedent
parameter of the rule.

Margin-Selective Gradient Descent Algorithm for
Antecedent Parameter Learning

This section introduces the MGDA for
tuning antecedent parameters m;; and ;. The
typical gradient descent (GD) algorithm used in
neural FCs minimizes output errors of all training
samples, which may cause overtraining and degrade
the generalization performance. The motivation of
using the MGDA is to avoid overtraining and
increase the separation margin width by learning
only with the training samples located in the
margin-selective regions. The slack variable &, of
the soft margin in (7) after the online linear ISVM
learning is given as follows:

_{9, Yeye=1
fk—{ 1—¥.¥L otherwise (21)
The objective of the MGDA is to minimize &, of
the input samples located in margin-selective
regions in the feature space using the following
objective function:

e P A S !
(22)
MGDA is only applied to training samples located

in the margin-selective region satisfying the
constraint  y.¥'; < 1. For an input sample xin
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the margin-selective region, parameters m;; and
g;; are updated as follows:
dey . .
my;(k+1)= *.lnz-j-(k)-naml_;J i=1,...r,j=1,...,n
(23)
Where
dey . — 2l xy—my )
?m'; =0y — .‘-':.:)LE;:nﬂzj xj:'.“:'—ﬂ_]ﬂ
(24)
and ,
a;;(k+1)= '.I'HE-_‘,-(k)-na_b'_i; i=1,...,r j=1,...,n
]
(25)
Where
day . - 2 xp—mp |
E =('| = -'I".'{)LE_:}I:D“U x}.}uiﬁ
(26)

The linear online ISVM is first applied to
incrementally learn the optimal FM3 consequent
parameters for the whole dataset. The MGDA is
then applied to incrementally learn the antecedent
parameters for the whole dataset. After the MGDA,
locations of all training samples in the feature space
change. A new optimal separating hyper plane
using the linear online ISVM is found for better
classification performance.

4.4 Defuzzification

The process of deffuzzification is to convert
the fuzzy values into the crisp values. The output
calculation, the simple weight sum operation is
employed, and the output can be written as

y =Bl (+ Y=o Qij xjj +b (27)
The bias term b is added to the output to account for
the learning in a linear SVM. The final decision
function is sign (y’) to determine if a given pattern
belongs to class “1” or “-1.”

5. Performance Evaluation and Result
Discussions
5.1 Experiment Methodology
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The proposed frame work is tested for
various classification problems available in the UCI
repository  [http://archive.ics.uci.edu/mll].  The
frame work is tested for liver disorder dataset. In
the repository the underlying numeric format are
fuzzified to convert the numeric into fuzzy format.
The fuzzy format are then transformed into rules
format using the rule generation. Then minimize the
rule using the rule minimization. Learning the
consequent and antecedent parameter. The outcome
of the defuzzification is crisp format.

5.2 Performance Analysis

In this study, we have taken liver disorder
as our web application. This dataset analyzes some
liver disorders using four attributes. The task is to
select if a given male individual suffers from
alcoholism.

Table.1 Error rate minimization

Threshold | SONFIN | Batch | ISVM- | FM*
Error SVM FC Error

rate Error | Error rate

rate rate

0.2 0.379 0.33 | 0.270 | 0.274
0.4 0.372 0.322 | 0.278 | 0.268
0.5 0.368 0.313 | 0.269 | 0.257
0.7 0.357 0.303 | 0.258 | 0.245
0.8 0.346 0.299 [ 0.240 | 0.230
1 0.339 0.287 | 0.235 | 0.225

The proposed method is implemented in
JAVA. we have analyzed the cost function, learning
type, structure learning, antecedent parameter,
consequent parameter, characteristic with existing
approaches is show in the following section.
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Fig.2 Error rate minimization

The above graph represent the error rate
and threshold of the learning based on the result
computed using SONFIN, MDSOFN, ISVM-FC.
From the graphical results it is evident that fuzzy
model provides the minimum error rate based on
the threshold.

5.3 Comparison with other models

The proposed method is implemented in
JAVA. we have analyzed the cost function, learning
type, structure learning, antecedent parameter,
consequent parameter, characteristic with existing
approaches is show in the following section.

Table .2 Comparison with other models -
SONFIN, MDSOFN, ISVM-FC, and FM?
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Models [ SONFI | MDSO | ISVM- | FmM?
N FN FC
Cost | Empiri | Empiric | Structu | Structu
functio | cal risk | alrisk | ral risk | ral risk
n minimi | minimi | minimi | minimi
zation | zation | zation | zation
in (25) | in(25)
Learnin | Online | Online | Chunk [ Online
g increm [ increme | increm | increm
ental ntal ental ental
Structu Rule Rule Rule Rule
re growin | growin | growin | growin
learnin g g g g

g
Antece | Learni | Learnin | Fixed | Learni
dent ng via g via ng via
parame GD GD MGDA
ter algorit | algorith
hm m
Conseq | Learni | Learnin [ Learni | Learni
uent ngvia | gvia ngvia | ngvia
parame GD GD Chunk | online
ter algorit | algorith | linear | linear
hm m ISVM | ISVM
Charact | Conseq | Consid | Conseq | Conseq
eristic uent | eration uent uent
and betwee | parame | and
anteced | nand ter anteced
ent within | learnin ent
parame | class gto | parame
ter distanc | minimi ter
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Conclusion

This paper proposes an FM3 to
design a T-S-type fuzzy model for classification
problems. The rule number in the FM3 is
determined by clusters instead of SVs so that a
small model is achieved. Parameter tuning using the
ISVM minimizes a soft margin instead of training
errors, which helps to increase the generalization
ability. In addition, the use of online ISVM enables
to handle the online classification problems where
only one sample is available at a time. This online
learning ability also avoids the preload of the huge
amount of training data required for batch training
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algorithms. The incorporation of MDGA for
antecedent parameters tuning moves selected
training samples in the feature mapped space to a
desired location. Experimental results have verified
the effectiveness of the MDGA. The advantages of
the FM3 were verified through comparisons with
different fuzzy classification models and Gaussian-
kernel-based online ISVM. In addition to the
classification performance improvement studied in
this paper, rule interpretability improvement in the
FM3 will be studied in the future.
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