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CHAPTER 2
ADAPTIVE NEURO-FUZZY METHODS FOR DISTORTED DATA CLUSTERING
The problem of data sets described by vector-images clustering often occurs in many applications associated with Data Mining [40, 41], when processed vector-image with different levels of probabilities, possibilities or memberships, can belong to more than one class.

However, there are situations when the data sets contain missing values. In this situation more effective is to use mathematical apparatus of Computational Intelligence [Rutkowski, 2008] and, first of all artificial neural networks [8], that solve task of restoring the lost observations and modifications of the popular method of fuzzy c-means [22], which solve the problem of clustering without recovery of data.

Existing approaches for data processing with missing values [6], are efficient in cases when the massive of the original observations is given in batch form and does not change during the processing. At the same time, there is a wide class of problems in which the data that arrive to the processing, have the form of sequence that is feed in real time as it occurs in the training of Kohonen self-organizing maps [1] or their modifications [2]. In this regard we have introduced [42] the adaptive neuro-fuzzy Kohonen network to solve the problem of clustering data with gaps based on the strategy of partial distances (PDS FCM). However, in situations where the number of such missing values is too big, the strategy of partial distances may be not effective, and therefore it may be necessary, along with the solution of fuzzy clustering simultaneously estimate the missing observations. In this situation, a more efficient is approach that is based on the optimal expansion strategy (OCS FCM) [22]. This chapter is devoted to the task of on-line data clustering using the optimal expansion strategy, adapted to the case when information is processed in a sequential mode, and its volume is not determined in advance.
2.1 Adaptive algorithm for probabilistic fuzzy clustering

Baseline information for solving the tasks of clustering in a batch mode is the sample of observations, formed from 
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Introducing the objective function of clustering [Bezdek, 1981]
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with constraints 
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 and solving the nonlinear programming problem, we get the probabilistic fuzzy clustering algorithm [40,41]
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where 
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where 
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- defines threshold of accuracy. Choosing 
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 and taking the Euclidean distance, we get a popular algorithm of Bezdek’s fuzzy c-means (FCM)
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The process of fuzzy clustering can be organized in on-line mode as sequentially processing. At this situation batch algorithm (2.1) can be rewritten in recurrent form [43]
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(here 
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 - learning rate parameter), which is a generalization of the clustering gradient procedure of Park-Dagher and the learning algorithm of Chung-Lee [44]. If the data are fed to the processing with high-frequency, recalculation of epochs is not made, if this frequency is low, between the instants 
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 it is possible to organize several epochs in an accelerated time.

It should be noted that the first expression in (2.2) can be rewritten in the form
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for the Euclidean metric and 
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 taking the form of the Cauchy density distributionfunction with a parameter of width 
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This fact allows us to rewrite the second expression in (2.2) with 
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where 
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 - the bell-shaped neighborhood function of neuro-fuzzy Kohonen network [2] designed for solving the fuzzy clustering task [45] using the principle "winner-takes-more» (WTM).
2.2 Adaptive probabilistic fuzzy clustering algorithm for data with gaps

In the situation if the data in the array 
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 contain gaps, the approach discussed above should be modified accordingly. For example, in [22] it was proposed the modification of the FCM-procedure based on partial distance strategy (PDS FCM). Thus introducing, additional arrays:
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and using instead of the traditional Euclidean metric partial distance (PD):

[image: image49.wmf]22

1

(,)()

n

Pkqkiqiki

i

k

n

Dxwxw

d

d

=

å

=-

å

%%

,

the objective function of clustering
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(here 
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and solving nonlinear programming problem, we obtain the algorithm
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                                              (2.3)

which is a generalization of the standard FCM-procedure (2.1).

Algorithm (2.3) can be rewritten in recurrent form
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                   (2.4)

with the second relation (2.4) that can be represented as learning algorithm for neuro-fuzzy Kohonen network:
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where 
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Thus, using a standard Kohonen network architecture and algorithm of its tuning (2.5) in on-line mode it is possible to solve the problem of fuzzy clustering data with gaps.
2.3 Adaptive algorithm for possibilistic fuzzy clustering

The main disadvantage of probabilistic algorithms is connected with the constraints on membership levels whose sum has to be equal unity. This reason has led to the creation of possibilistic fuzzy clustering algorithms [46].

In possibilistic clustering algorithms the objective function has the form

[image: image59.wmf]2

1111

((),,)()(,)(1())

NmmN

qqqqkqqq

kqqk

EUkwUkDxwUk

bb

mm

====

=+-

åååå

%

               (2.6)

where the scalar parameter 
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Minimizing (2.6) relatively 
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which with 
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 and Euclidean metric has the form
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Information processing in the on-line mode (2.7), (2.8) can be written as [42,45]
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and
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                         (2.10)

It’s easily to see that relations (2.9), (2.10) are the Kohonen’s self-learning WTM-rule with Cauchy functions as a neighborhood ones.
2.4 Adaptive algorithm for possibilistic fuzzy clustering of data with gaps

Adopting instead of Euclidean metric partial distance (PD), we can write the goal function of the type (2.6) as
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and then solving the equations system
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get the procedure of type (2.9), which can be rewritten in the recurrent form 
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The second relation can be rewritten too as
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coinciding with the learning procedure (2.7).

Thus, the process of fuzzy possibilistic clustering data with gaps can also be realized by using neuro-fuzzy Kohonen network.

2.5 Adaptive probabilistic fuzzy clustering of data with missing values based on the optimal expansion strategy

Optimal expansion strategy consists in the fact that the elements of sub-array 
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1. Setting the initial conditions for the algorithm: 
[image: image82.wmf]0

b

>

; 
[image: image83.wmf]1

mN

<<

; 
[image: image84.wmf]0

e

>

; 
[image: image85.wmf](0)

q

w

; 
[image: image86.wmf]1

qm

££

; 
[image: image87.wmf]0,1,2,...,

Q

t

=

; 
[image: image88.wmf](0)(0)

ˆ

{11}

Gki

Xx

=-££

, where 
[image: image89.wmf](0)

(1(1))

GGG

XNNnN

-££-

 arbitrary initial estimates 
[image: image90.wmf](0)

ˆ

ki

x

of missing values 
[image: image91.wmf]kiG

xX

Î

%

;

2. Calculation of membership levels by solving the optimization problem: 
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(here vector 
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3. Calculation the centroids of clusters:
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4. Checking the stop conditions:

if 
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5. Estimation of missing observations by solving the optimization problem:
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That leads to final expression
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Information processing with this algorithm is organized as a sequence
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thus it is possible to organize on-line clustering by type of procedure (2.2). For this purpose we introduce two time scales: real time 
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Then we can write procedure
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                       (2.11)

which shows that the memberships and missing observations are calculated in accelerated time, and centroids - in real time by WTM self learning rule.

Of course centroids can be recalculated in accelerated timе too:
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in this case anyway, both in (2.11) and (2.12) operation of summation about 
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 can involve a lot of memory.
2.6 Adaptive Fuzzy Robust Data Clustering Based on Similarity Measure

As already mentioned, to solve the problem of fuzzy clustering of data containing outliers the special objective functions of the form [27,41,] can be used, by some means these anomalies overwhelming, and the problem itself is associated with the minimization of these functions. From a practical point of view it is more convenient to use instead of the objective functions, based on the metrics, the so-called measures of similarity (SM) [48], which are subject to milder conditions than metrics:
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(no triangle inequality), and clustering problem can be "tied" to maximize these measures.

If the data are transformed so that 
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 the measure of similarity can be structured so as to suppress data lying at the edges of interval 
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Figure 1 illustrates the use of similarity measure as the Cauchy density distributionfunction with different parameters width 
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Figure 2.1 - Similarity measure based on the Cauchy probability distribution
Picking up the width parameter 
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(2.13)

it’s possible to exclude the effect outliers, which in principle can not be done using the Euclidean metric
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Further, by introducing the objective function based on similarity measure (2.13)
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probabilistic constraints
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(2.15)

(here 
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 ‑ indefinite Lagrange multipliers) and solving the system of Karush-Kuhn-Tucker equations, we arrive at the solution
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(2.16)

The last equation (2.16) has no analytic solution, so to find a saddle point of the Lagrangian (2.15) we can use the procedure of Arrow-Hurwitz-Uzawa, as a result of which we obtain the algorithm
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where
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- neighbourhood robust functions of WTM-self-learning rule.

Assuming the fuzzifier value as 
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, we arrive to a robust variant of FCM:
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Further, using the concept of accelerated time, it’s possible to introduce robust adaptive probabilistic fuzzy clustering procedure in the form
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(2.18)

Similarly, it’s possible to synthesize a robust adaptive algorithm for possibilistic [48] fuzzy clustering using criterion
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Solving the task of optimization, we obtain the solution:
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receiving at 
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And, finally, introducing the accelerated time we obtain the procedure 
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(8c)



[image: image139.wmf](1)(1)

1

(1)

(1)

1

(())(,())

().

(())

qq

q

q

k

p

p

k

p

UpSxwk

k

Up

tt

b

t

t

b

m

++

=

+

+

=

=

å

å

%
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2.7 Adaptive fuzzy clustering data with missing values based on the nearest prototype strategy

Nearest prototype strategy (NFS), proposed in [22], is a modification of FCM-algorithm and leads to the replacement of missing components of the vector observations 
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where 
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In [45] adaptive fuzzy clustering procedure based on the NPS was introduced:
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2.8 Adaptive fuzzy robust data clustering with missing values

For solving the problem of robust data clustering with missing values let’s introduce the partial similarity measure (PCM), which is a hybrid of a partial distance (PD) (2.21) and similarity measure (SM). It is easily to see that such PSM has the form
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that allows to obtain the desired properties of algorithms based on procedures described above.

So, on the basis of the procedures (2.23) and (2.20) we can introduce the robust adaptive probabilistic fuzzy clustering algorithm for data with missing values:
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      (2.24)
based on procedures (2.24) and (2.19), also we can write the robust adaptive algorithm for possibilistic fuzzy clustering of data with missing values: 
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Thus, the use of partial similarity measure based on partial distance (1), allows us to solve the problem of fuzzy clustering of data containing both missing values and outliers.

CONCLUSION 

The problem of clustering the data contained in object-property tables with gaps in the mode sequential receipt of this data for processing. 

An adaptive neural network method is proposed that allows solving the problem of clustering damaged data in on-line mode with constant correction of recoverable table elements and cluster centroids. The introduced neurosystem is formed by a set of adaptive linear associators, characterized by high speed and ease of numerical implementation.
Methods of probabilistic and probabilistic fuzzy on-line data clustering with gaps based on the partial distance strategy are proposed and it is shown that it can be solved on the basis of the Kohonen self-organizing neuro-fuzzy network and the proposed self-learning algorithm, which is a hybrid of the “winner gets more” rule and recurrent fuzzy clustering algorithms.

A group of adaptive robust fuzzy methods is proposed clustering, allowing on-line processing of distorted data containing both omissions and abnormal outliers. The proposed methods are based on the classical procedures of fuzzy c-means J. Bezdeka, self-training T. Kohonen, as well as a specially introduced measure similarities allowing you to work with distorted information. The considered methods are simple in numerical implementation, being essentially gradient procedures for optimizing objective functions of a special type.
Data clustering methods based on recurrent optimization of a special type of objective functions, while the missing observations are replaced by estimates also obtained in the process of solving the optimization problem.
Methods of probabilistic and probabilistic adaptive fuzzy clustering of data with gaps arriving for processing in on-line mode are proposed, based on the strategy of the closest prototype centroid. The developed approach is computationally simple, and the processing process itself can be organized on the basis of a self-organizing card Kohonen.
The methods of probabilistic and probabilistic fuzzy adaptive clustering of data containing a priori an unknown number of gaps based on the optimal expansion strategy are proposed.
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