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ABSTRACT

This paper presents a new data classification
method wusing the Robbins Monro stochastic
approximation algorithm, k-nearest neighbor and
distribution analysis. To cluster the data set, we
decide the centroid of the test data set using
k-nearest neighbor algorithm and the local area of
data set. To decide each class of the data, the
Robbins Monro stochastic approximation algorithm is
applied to the decided local area of the data set. To
evaluate the performance, the proposed classification
method is compared to the conventional fuzzy c-mean
method and k-nn algorithm. The simulation results
show that the proposed method is more accurate than
fuzzy c¢c-mean method, k-nn algorithm and
discriminant analysis algorithm.

1. Introduction

Data classification techniques are used to separate
data sets in subsets which have the same features. It
is applied to the application of data analysis, pattern
recognition, fault detection, reliability analysis and etc.
Many classification methods such as fuzzy c-mean
algorithm, discriminant analysis and k-nn algorithm
which are widely used "4, Recently, the advanced
data classification technique is needed as the sensor
technique is developed and as the using of the
multivariable sensors is increasing in manufacturing
or industrial system. This paper presents a new data
classification method using the Robbins Monro
stochastic approximation algorithm, k-nearest neighbor
and distribution analysis.

The Robbins  Monro
algorithm, originally proposed by Robbins and Monro in

stochastic  approximation

1951[4][6], is concerned with the problem of root finding

of function Y=R(X) which is known or directly
observed. We consider the Robbins Monro algorithm

Xy =%, —a,(f(x,)+e,) (1)

X

for finding the zero of a function / where *nis the

estimate for the location of the zero of /, %is a

sequence of positive constants tending to zero, and ©n
represents measurement noisem.

In Figure 1, It is shown the flow chart of sequence
of the proposed algorithm. To decide and select
centroid of the test data set, we used k—nn algorithm.
The k-nn algorithm is a non parametric classification
technique which has been shown to be effective in
statistical applications. The technique can achieve high
classification accuracy in problems which have
unknown and nonnormal distributions. However, it is
difficult to classify in large number of vectors and
high computational comple>(ity[4]. Then in the next
step, we calculate the threshold value of the test data
set. For more accurate the classification of the test
data set, we apply to the probability theory to the data
set. In the last step, we apply to the Robbins Monro
stochastic approximation algorithm to the data set.
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Fig. 1.flow chart of sequence of the proposed algorithm
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2. K-NN, Distribution analysis and the
Robbins Monro stochastic approximation

A. K-nearest neighbor algorithmm

In K-nearest neighbor algorithm, the training
dataset is used to classify each member of a target
dataset for classification. Generally speaking, K
-nearest neighbor algorithm that consists of three
steps is as follows:

1. For each row in the target dataset which is the
set to be classified, locate the nearest neighbors of the
training dataset.

2. An Euclidean Distance measure is used to
calculate how close each member of the training
set is to the target row that is being examined.

= T
If input data set is *i = (Xi>Xises Xy )" and

_ T
M= (x,-nszr-'a X4) , Euclidean
Distance is calculated by

d
d(x,x,)= > |x, —x, @
k=1

3. Repeat this procedure for the remaining rows in the
target set.

In our proposed algorithm, centroid point is decided
by K-nearest neighbor(k-nn) algorithm. Figure 2. is
shown the centroid point of the test dataset.
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Fig. 2. The centroid point of the test dataset

B. Distribution analysis

The threshold of the outlier is determined by
statistically testing, assuming the data in each class
are (Gaussian distributed, the class means and
variances for each feature are initially estimated.

We determined an outlier which is used a null

hypothesis H 0 and a alternative hypothesis H,

The significance @ is equivalent to the probability

distribution |%; = #; = Theshold (T) is true given H,.
a=Prob(|x;—p; |>T|H,) 3)

Finally, data set is applied the Robbins Monro
stochastic approximation algorithm.

C. Robbins—Monro stochastic approximation

The goal is to estimate the parameter € from

a  sequence {x,} of observations. The

observations are of the form X, =@ +v,, nx1,

Where the VY» are independently distributed
random variables, each with pdf G which is
symmetric about zero (G(v)=1-G(-v7)) The
information available about G is incomplete and
is used to define a convex set P of symmetric
pdf’s, each with zero Ilocation parameter, to
which G is confined. An estimate T is defined

as a sequence (7.} of functions T.:R"—> R
where R is the real line. If F is in P and T is

an estimate for which 7,(x,) = @ almost surely or

in probability and 7'°T,(x¥2) is asymptotically

normal when the Y» are distributed as

F(xn = (%,%,, %,). then the asymptotic variance
is denoted by VIT. FI".

T;l-fl =T‘n — &, (u(T;t —‘xn+l)_p)] (4)
1 x20

Where #(®) is "(x)z{o, otherwise  and (&}

is the sequence of positive numbers.

Figure 3. is shown the area of Robbins Monro
stochastic approximation algorithm to decide the
decided local area of the artificial data set.
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Fig. 3. Decided local area of the artificial data set
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3. Experimental results

The experimental data sets have two classes of data.
These data are to classify the fault and nonfault. In
Figure 4 and Figure 5 the experimental results are
shown. To get simplified data sets, they are obtained
by random function of MATLAB. To separate each
other class, the different color description is used in
the figures of the experimental artificial data sets.

The performance of experimental results is compared
to the fuzzy c-mean algorithm, k-nn algorithm,
discriminant analysis algorithm, and the proposed
algorithm.

In the Table 1, the results of the compared four
algorithms are shown. It is shown description of the
performance rate using the fuzzy c-mean algorithm,
k-nn algorithm, discriminant analysis algorithm, and
the proposed algorithm. In case of test data set 2, the
performance rate of the proposed algorithm using
Robbins Monro stochastic approximation is about 96%,
one of the fuzzy c-mean algorithm is about 94%, one
of the K-nn algorithm is about 94%, and one of the
discriminant analysis algorithm is about 95%. In case
of test data set 1, the performance rate of the proposed
algorithm is about 98%, its of the fuzzy c-mean
algorithm, k-nn algorithm and discriminant analysis is
similar to performance rate of the proposed algorithm.
In the point of performance results, the performance of
our proposed algorithm is better than the performance
using conventional fuzzy c-mean algorithm, k-nn
algorithm, and discriminant analysis algorithm.

Table 1 The comparison table of classification rate
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Fig. 4. The artificial test data set 1

In Figure 6 and Figure 7 they are shown the

T in the artificial test data

1. Figure 6. shows the variance of estimate from
centroid of A area and Figure 7. shows the
variance of estimate from centroid of B area.
Because the index of classified data is clearly
separated, it can be classified based on the
T

variance of estimate

variance of estimate
In Figure 8 and Figure 9 they are shown the
results of the classification using the proposed
algorithm.

No Of Number | Fuzzy K-sifi Dﬁg:tm .
Data set | Of data | c-mean analysis
Test data | 400 | o8% | %% | %%

set i
Testdata | 10 | a9 | 4% | 95%

set 2
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Fig. 5. The artificial test data set 2
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Fig 9. The results of the test data 2

4_ Conclusion

In this paper, we proposed a new data classification
algorithm using the Robhins Monro stochastic
approximation algorithm, k-nearest neighbor and
distribution analysis to improve the classification
performance. The centroid point of the data set values
is determined by k-nn algorithm, and then local area
for applying the Robbins Monro  Stochastic
approximation is decided by distribution analysis. A
decision of each class is based on the measured
RMSA algorithm.

From the experimental results, the proposed data
classification algorithm shows better performance than
the conventional fuzzy c-mean classification method,
k-nn classification method, and discriminant analysis.

For our future works, new classification algorithm
will be applied to the real data sets and various data

sets.
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