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Abstract— Goal of feature selection is to omit features (attributes) from decision systems such that objects in different
decision classes can still be discerned. The fuzzy dependency function proposed in fuzzy rough set is widely employed
in feature evaluation and attribute reduction. It was shown earlier that this function is not robust to noise information.
As datasets in real-world applications are usually contaminated by noise, robustness of data analysis models is very
important in practice. Therefore, in this paper, it is considered a more flexible methodology based on recently
introduced Robust Nearest Neighbour Fuzzy Rough Set (RNN-FRS) model. Then the fuzzy dependency function of
RNN-FRS is used to evaluate and select features. The presented experimental results show the effectiveness of the
RNN-FRS based feature selection method (FRS-FS).
Keywords— Feature selection, fuzzy rough set, robustness, rough set, robust nearest neighbour
I. INTRODUCTION
In classification learning, data are usually described with a great number of features. Typically, some parts are irrelevant
or redundant with the classification task. These irrelevant features might confuse learning algorithms and deteriorate
learning performance. Hence, it is useful to select relevant and indispensable features for designing classification systems.
So far, a number of algorithms have been developed for feature reduction [6,7,8,9,10,11] . Generally speaking, there are
two key issues in constructing a feature selection algorithm: feature evaluation and search strategies. Feature evaluation
is used to measure the quality of the candidate features. Obviously, evaluation functions have great influence on outputs
of algorithms. A great number of functions were designed, such as dependency [12], neighbourhood dependency [13]
and fuzzy dependency in the rough set theory[14,15]; mutual information and symmetric uncertainty in information
theory[11];sample margin [16] and hypothesis margin [17,18] in statistical learning theory, and so on. As to the search
strategy, it can be roughly divided into two categories. One guarantees to find the optimal subset of features in terms of
the used evaluation function, such as the exhaustive search [19] and the branch-and-bound algorithm [22]. And the other
is to find a suboptimal solution for efficiency, including sequential forward selection [20], sequential backward
elimination [19], floating search [21,22], mRMR [23], etc.
The rough set theory provides a mathematical tool to handle uncertainty in data analysis [1]. It has been successfully used
in attribute reduction and rule learning [2,3]. Moreover, this theory also provides practical solutions to many data
analysis tasks, such as data mining and rule discovery. The classic rough set model is defined with equivalence relations,
which leads to the limitation in handling data with numerical or fuzzy attributes, some generalized models were proposed,
such as fuzzy rough sets [4,5].
It is well known that datasets in real-world application are usually corrupted by noise. The noisy samples may have great
influence on outputs of the models. Accordingly, the performance of classification systems would be reduced. So, robust
models and algorithms are highly desirable in practice.
In the framework of rough sets, dependency functions, defined as the ratio of the consistent samples over the universe,
are used to compute the quality of features. This function plays the central role in rough set based learning algorithms.
However, it is observed that the dependency function defined in Pawlak rough set model is not robust. This property is
passed down to neighbourhood rough sets and fuzzy rough sets, which limits the applications of these models.
In order to deal with this problem, some extended models were developed. First, Yao, Wong et al. proposed the decision
theoretic rough set model (DTRS) in 1990 [24] and applied this model to attribute reduction in 2008 [25]. This model
considers the statistic information in data. In 1993,Ziarko developed the variable precision rough set model (VPRS) to
tolerate noisy samples [26], where several mislabel samples in an equivalence class are overlooked in computing lower
and upper approximations. However, given a learning task, it is a big problem to set how many samples should be
overlooked. In addition, information theory was also introduced to compute the significance of features [27]. These
models are indeed more robust than rough sets, however, the granular structures are lost in these models. In [28], a
comparative study between Pawlak’s rough sets based reduction and the information-theoretic based reduction was
conducted.
In addition, in 2007,Cornelis et al. presented a model called vaguely quantified rough sets (VQRS) [29], which was used
in constructing a robust feature selection algorithm in 2008 [30]. In 2009,Rolka et al. and Zhao, Tsang et al. showed the
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definitions of variable precision fuzzy rough sets and fuzzy variable precision rough sets[31] to enhance robustness of
fuzzy rough sets, respectively and apply it to feature selection. Unfortunately, we find that the model in [31] is still
sensitive to mislabel samples. Although there are some models to deal with noise in datasets, it seems that handling noise
is still an open problem in the rough set theory.
In 2010,Hu et al. introduced a new robust model of fuzzy rough sets, which are called soft fuzzy rough sets, where soft
threshold was used to compute fuzzy lower and upper approximations and feature selection was used based on that soft
fuzzy rough set [32].In 2012,Hu et al. introduced robust nearest neighbour fuzzy rough set (RNN-FRS) model and
compared RNN-FRS model with other robust models like β -PFRS, VQRS, VPFRS, FVPRS and SFRS and it performed
best among them[33].
According to my knowledge there was no extensive work have been done to apply robust nearest neighbour fuzzy rough
set (RNN-FRS) to feature selection. In this paper RNN-FRS is used to feature selection and it is compared with fuzzy
rough set (FRS) based feature selection. As we know Robust Nearest Neighbour Fuzzy Rough Classifier (RNN-FRC) is a
best classifier [35]. So, here RNN-FRC is used as classifier. Some numerical experiments have been done to show RNNFRS based feature selection performs better than fuzzy rough set based feature selection.
The remainder of this paper is organized as follows. First, preliminary knowledge of feature selection, rough sets and
fuzzy rough sets is given in Section II; then, the existing models of robust nearest neighbour fuzzy rough set models
(RNN-FRS) is discussed in Section III. Then, robust nearest neighbour fuzzy rough set based feature selection (RNN-FS)
algorithm is explained in section IV. Experimental analysis is given in Section V. Finally, conclusions and future scope
are drawn in Section VI.
II. PRELIMINARIES
In this section basic concept of feature selection, rough set and fuzzy rough set are discussed.
A. Feature Selection
Feature selection (FS) or Attribute Selection (AS) refers to the problem of selecting those input attributes or features that
are most predictive of a given outcome; a problem encountered in many areas such as machine learning, pattern
recognition and signal processing. Unlike other dimensionality reduction methods, feature selectors preserve the original
meaning of the attributes after reduction. This has found application in tasks that involve datasets containing huge
numbers of attributes (in the order of tens of thousands) which, for some learning algorithms, might be impossible to
process further. Recent examples include text processing and web content classification. FS techniques have also been
applied to small and medium sized datasets in order to locate the most informative attributes for later use. In this paper,
the dependency function is RNN-FD.
FS techniques attempt to retain the meaning of the original attribute set. The main aim of attribute selection is
to determine a minimal attribute subset from a problem domain while retaining a suitably high accuracy in representing
the original attributes. In many real world problems, as is a must due to the abundance of noisy, irrelevant or misleading
attributes.
The usefulness of an attribute or attribute subset is determined by both its relevancy and redundancy. An attribute is said
to be relevant if it is predictive of the decision attribute(s), otherwise it is irrelevant. An attribute is considered to be
redundant if it is highly correlated with other attributes. Hence, the search for a good attribute subset involves finding
those attributes that are highly correlated with the decision attribute(s), but are uncorrelated with each other
Given an attribute set size, the task of FS can be seen as a search for an ―optimal‖ attribute subset through the competing
candidate subsets. The definition of what an optimal subset is may vary depending on the problem to be solved. Although
an exhaustive method may be used for this purpose in theory, this is quite impractical for most datasets. Usually AS
algorithms involve heuristic or random search strategies in an attempt to avoid this prohibitive complexity. However, the
degree of optimality of the final attribute subset is often reduced. The overall procedure for any attribute selection
method is given in Fig. 1[14].
The generation procedure implements a search method that generates subsets of attributes for evaluation. It may start
with no attributes, all attributes, a selected attribute set or some random attribute subset. Those methods that start with an
initial subset usually select these attributes heuristically beforehand. Attributes are added (forward selection) or removed
(backward elimination) iteratively in the first two cases [14]. In the last case, attributes are either iteratively added or
removed or produced randomly thereafter. An alternative selection strategy is to select instances and examine differences
in their attributes. The evaluation function calculates the suitability of an attribute subset produced by the generation
procedure and compares this with the previous best candidate, replacing it if found to be better.

Figure1. Feature selection process [14].
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A stopping criterion is tested every iteration to determine whether the FS process should continue or not. For example,
such a criterion may be to halt the FS process when a certain number of attributes have been selected if based on the
generation process. A typical stopping criterion centred on the evaluation procedure is to halt the process when an
optimal subset is reached. Once the stopping criterion has been satisfied, the loop terminates. For use, the resulting subset
of attributes may be validated. Determining subset optimality is a challenging problem. There is always a trade-off in
non-exhaustive techniques between subset minimal and subset suitability—the task is to decide which of these must
suffer in order to benefit the other. For some domains (particularly where it is costly or impractical to monitor many
attributes), it is much more desirable to have a smaller, less accurate attribute subset. In other areas it may be the case
that the modelling accuracy (e.g., the classification rate) using the selected attributes must be extremely high, at the
expense of a non-minimal set of attributes.
Feature selection algorithms may be classified into two categories based on their evaluation procedure. If an algorithm
performs FS independently of any learning algorithm (i.e., it is a completely separate pre-processor), then it is a filter
approach. In effect, irrelevant attributes are filtered out before induction. Filters tend to be applicable to most domains as
they are not tied to any particular induction algorithm. If the evaluation procedure is tied to the task (e.g., classification)
of the learning algorithm, the FS algorithm employs the wrapper approach. This method searches through the attribute
subset space using the estimated accuracy from an induction algorithm. As a measure of subset suitability, although
wrappers may produce better results, they are expensive to run and can break down with very large numbers of attributes.
This is due to the use of learning algorithms in the evaluation of subsets, some of which can encounter problems when
dealing with large datasets.
B. Rough Set
The Rough set concept can be defined quite generally by means of topological operations, interior and closure, called
approximations. IS   U, A is called an information table, where U is a finite and nonempty set of objects and A is a

 B  A , a B-indiscernibility relation is defined as
IND(B)  {(x, y)  U U |  a  B,a(x)  a(y)}

set of features used to characterize the objects.

Then the partition of U generated by IND (B) is denoted by U/IND(B) (or U/B). The equivalence class of x induced by
B-indiscernible relation is denoted by [x]B.
Given an arbitrary X  U , R is an equivalence relation on U induced by a set of attributes.


The lower approximations of X with respect to R are defined as

RX  {x  U |[x]R  X}
The lower approximation of a set X with respect to R is the set of all objects, which can be for certain classified as X
with respect to R (are certainly X with respect to R)
 The upper approximations of X with respect to R are defined as

RX  {x  U |[x]R  X  }
The upper approximation of a set X with respect to R is the set of all objects which can be possibly classified as X with
respect to R (are possibly X in view of R).
 R-boundary region of X is defined as

BNR (X)  RX  RX
The boundary region of a set X with respect to R is the set of all objects, which can be classified neither as X nor as notX with respect to R.
 R-negative region of X is defined as

NEGR (X)  U RX
It contains those elements which completely do not belong to X.
The definition of rough sets is
 Set X is crisp (exact with respect to R), if the boundary region of X is empty.
 Set X is rough (inexact with respect to R), if the boundary region of X is nonempty
The lower approximation is also called R-positive region of X, denoted by POS R (X) .Given a decision table

DS  U , A  D D is the decision attribute. For  B  A , the positive region of decision D on B, denoted by
POS B (D) , is defined as
POS B (D) 

BX
X U / D

(1)

Where, U/D is the set of the equivalence classes generated by D. The dependency of decision D on B is defined as

 B (D) 

POS B (D)
U
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Dependency is the ratio of the samples in the lower approximation over the universe. As the lower approximation is the
set of objects with consistent decisions, dependency is used to measure the classification performance of attributes. It is
expected that all the decisions of objects are consistent with respect to the given attributes. In practice, inconsistency
widely exists in data.
C. Fuzzy Rough Set
The Rough set model is constructed under the assumption that only discrete features exist in the information system. In
practice, most of classification tasks are described with numerical features or fuzzy information. In this case,
neighbourhood relations or fuzzy similarity relations are used and neighbourhood or fuzzy granules are generated. Then,
we use these granules to approximate decision classes.
Given a nonempty universe U, R is a fuzzy binary relation on U. If R satisfies
(1) Reflexivity: R(x, x) =1
(2) Symmetry: R(x, y) = R(y, x)
(3)Sup-min transitivity: R(x, y)

sup min zU {R(x, z), R(z, y)}

Then R is a fuzzy equivalence relation. The fuzzy equivalence class [x]R associated with x and R is a fuzzy set on U,
where

[x]R (y)  R(x, y)

for all y ϵU.

Let U be a nonempty universe, R be a fuzzy equivalence relation on U and X (U) be the fuzzy power set of U. Given a
fuzzy set X  X (U) , the lower and upper approximations are defined as

 RX (x)  inf max(1  R(x, y), X(y))
yU


 RX (x)  sup min(R(x, y), X(y))
yU


(3)

These approximation operators were discussed in the view point of the constructive and axiomatic approaches. In 1998,
Morsi and Yakout replaced fuzzy equivalence relation with a T-equivalence relation and built an axiom system of the
model, where the lower and upper approximations of X ∈ X (U) are

 RsX (x)  infS(N(R(x, y)), X(y))
yU

 R X (x) 
sup T(R(x, y), X(y))
 T
yU


(4)

Where, T is a triangular norm.
In 2002,Radzikowska and Kerre introduced a model :

 R X (x)  inf  (R(x, y), X(y))
yU


 R X (x)  sup  (N(R(x, y)), X(y))
yU


(5)
In classification learning, samples are assigned with a class label and described with a group of features. Fuzzy
equivalence relations can be generated with numerical or fuzzy features, while the decision variable divides the samples
into some subsets. In this case, the task is to approximate these decision classes with the fuzzy equivalence classes
induced with the features. Given a decision system <U, R, D>, for a decision class Di ∈ U/D, the membership of a
sample x to Di is

1x  Di
Di (x)  
0 x  Di
Then the membership of sample x to the fuzzy lower approximation of

(6)

Di is

RDi (x)  inf max {1  R(x, y), Di (y)}
yU

 inf max{1  R(x, y),1} inf max{1  R(x, y),0}
yDi

(7)

yDi

 1  inf {1  R(x, y)}  inf {1  R(x, y)}
yDi

yDi

If the Gaussian kernel function is used to compute the similarity R,

 x y 2 
G(x, y)  exp  

 2 2 
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1 − G(x, y) can be considered as a pseudo-distance function. Similarly, the membership of sample x to the fuzzy upper
approximation of Di is

RDi (x)  sup min{R(x, y), Di (y)}
yDi

 sup min{R(x, y),1}  sup min{R(x, y), 0}
yDi

(9)

yDi

 sup min{R(x, y)}  0  sup min{R(x, y)}
yDi

We can see that

yDi

RDi (x) is the distance from x to its nearest sample from different classes; while RDi (x) is the

similarity between x and the nearest sample in Di .
III. ROBUST NEAREST NEIGHBOUR FUZZY ROUGH SET
It was shown that both RS di (x) or RT di (x) depends on the nearest miss of x, i.e., the nearest sample from different
classes of x. As we know, the statistics of minimum and maximum are very sensitive to noisy samples. Just one noisy
sample would change the minimum or maximum of a random variable. The sensitiveness of these statistics leads to the
poor performance of fuzzy rough sets in dealing with noisy datasets. RNN-FRS introduced robust statistics to substitute
the operators of minimum and maximum in the fuzzy rough set model. So that it can be performed better in noisy
environment.
A. Basic Definitions:
Given a random variable X and its n samples

xk 1 ;



xnk 1 ;

the k-trimmed maximum of X is

n
i nk

x1 , x2 ,..., xn

sorted in the ascending order, the k-trimmed minimum of X is

k-mean minimum of X is



k

x / k ; k-mean maximum of X is

i 1 i

xi / k , and k-median minimum of X is median( x1 , x2 ,..., xk ); k-mean maximum of X is median( xnk ,..., xn ),

denoted by

min k trimmed (X)

,

max k trimmed (X)

,

min k mean (X)

,

max k mean (X)

,

min k median (X)

, and

max k median (X) , respectively.
Given DT  U , A, D , R is a fuzzy similarity relation induced by B is subset C and R(x, y) monotonously decreases
with their distance x  y . If d i is one class of samples labelled with i and x  di , then the robust fuzzy rough
operators are defined as

RS k trimmed di (x) 
RT k trimmed di (x) 
R k trimmed di (x) 
R k trimmed di (x) 

min 1  R(x, y)

yd k trimmed

max R(x, y)

ydik trimmed

min

1  R 2 (x, y)

ydik trimmed

max 1 

1  R 2 (x, y)

ydik trimmed

(10)

RS k  mean di (x)  min1  R (x, y)
yd k mean

RT k  mean di (x)  maxR (x, y)
ydik mean

R k  mean di (x) 

min

1  R 2 (x, y)

ydik mean

(11)

R k  mean di (x)  max1  1  R 2 (x, y)
ydik mean

RS k median di (x) 

min 1  R(x, y)

ydk median
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RT k median di (x) 

max R(x, y)

ydik median

R k  median di (x) 

1  R 2 (x, y)

min

ydik median

R k median di (x) 

max 1 

1  R 2 (x, y)

ydik median

(12)
The aforementioned models do not compute the lower and upper approximations with respect to the nearest samples as
they might be outliers. These new models use k-trimmed or the mean or the median of k nearest samples to compute the
membership of fuzzy approximations. This way, the variation of approximations caused by outliers is expected to be
reduced; thus, the new models may be robust.

x  d1 is a normal sample, and y1  d2 is an outlier close to x such that R( x, y1 ) =
y2  d 2 is the second nearest sample of x from d 2 , and R( x, y2 ) = 0.2. As per the

Given a binary classification task,
0.9.While as a normal sample,

classical fuzzy rough set model, RS d1 (x)  1  R( x, y1 ) = 1 − 0.9 = 0.1.However, if we use the 1-trimmed model,

RS 1trimmed d1 (x)  1  R( x, y2 ) = 0.8. This way, the noisy sample is ignored in the new model. At the same time,
assume

x1  d1

y1

is the second nearest sample of

, and

R( x1 , y1 )

= 0.88. According to the classical model,

RS d2 (y1 )  1  R( x, y1 ) = 1 − 0.9 =0.1 and as per the 1-trimmed model, RS 1trimmed d2 (x)  1  R( x1 , y1 ) = 0.12.
It is seen that although the nearest sample x is ignored,
membership should be small enough since

y1

y1

still obtains a small value of membership. In fact, the

is a noisy sample. This example shows that the this model can not only

reduce the influence of noisy samples on computation of approximations of normal samples but can recognize the noisy
samples and give small memberships to them as well.
IV. RNN-FRS BASED FEATURE SELECTION(RNN-FS)
The Given a decision table U , A, D is a nonempty universe, A is the set of attributes and D is the decision attribute.

B  A , the membership of an object x U belonging to the positive region of D on B is defined as
(13)

POS B* (D)(x)  sup B* (X)(x)
xU / D

The RNN fuzzy dependency of decision D on B is defined as

 B (D) 



xU

POS B* (D)(x)
U

(14)
RNN fuzzy dependency (RNN-FD) can also be used to evaluate features. Previous section proved that RNN-FRS fuzzy
lower approximation is robust to the mislabelled samples. We consider that RNN fuzzy dependency is also robust to the
mislabelled samples in feature evaluation.
Based on the RNN fuzzy dependency a feature selection algorithm is designed, shown in Table 1. The algorithm employs
RNN-FD as the feature evaluation function and the sequential forward selection as the search strategy. The output of the
algorithm is a feature ranking F  {f1 , f 2 ,..., f
'

'

'

'
F'

} .Given the set Fk'1 with k-1 features selected, the k ' feature is

determined by With the ranking, we can get n feature subsets F1  {f1} , F2  {f1 , f 2 },..., F
'

Input

X,F

Output

F'

'

'

'

'

'
F'

 {f1' , f 2' ,..., f F' ' } .

Table 1: RNN-FS algorithm
X is a sample set and F is a feature set

F ' is a feature ranking

Begin
Initialize
While

F ' =
F 
Find f= arg f

max f F { F ' {f} (D)}

F ' = F ' {f} ,
F=F-{f}
End
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F'

Return
End

Next, we use RNN-FRS classifier to cross-validate the classification accuracy of the data with these
feature subsets. The feature subset with the highest classification accuracy is the final feature subset.
V. NUMERICAL EXPERIMENTS
The simulation process is carried on a machine having Intel(R) core (TM) 2 Duo processor 2.40 GHz and 2.00 GB of
RAM. The MATLAB version used is R2012(a).The simulation was carried out with 4 data sets collected from University
of California, Irvine(UCI)Machine Learning Repository[34].
A. Data sets
Four datasets from University of California, Irvine (UCI) Machine Learning Repository are used [34]. The information
related to the datasets is shown in Table 2.
B. Dataset Split
In the process of Classification, the dataset is split into ten parts. The randomly chosen 90% of objects are used as the
training set and the remainder 10% as the testing set.
Table 2: Summaries of data sets
Datasets Samples
178
32
198
214

Wine
Lung cancer
WPBC
Glass

Feature
13
56
30
9

classes
3
3
2
6

C. Input Parameters
In RNN based feature selection Algorithm takes some parameter s as input.
1. data_array: It takes the UCI datasets mention above.
2. evaluator: k-mean based RNN-FRC classifier is used as evaluator.
3. delta= Gaussian kernel function parameter. Here it’s value taken as 0.15.
4. k = represent number of nearest neighbour. It is used for k-trimmed, k-mean and k-median.
D. Simulation Results
Firstly, we select features with the algorithm in Table 1 with real-world dataset. In this algorithm we use lower
approximation based RNN-FD for RNN-FRS. We know robust nearest neighbour fuzzy rough classifier (RNN-FRC) are
best for classification purposes [35]. It is of three types and they are k-trimmed, k-mean, k-median based RNN-FRC .So
we use RNN-FRC(here k-mean classifier is used) to cross-validate the classification accuracy of the data set with the
feature subsets



Fm' m  1, 2,..., F1'

 composed of the first m features in the ranking. The feature subset with the

highest classification accuracy is the final feature subset. Then to find features using fuzzy rough feature selection (FRFS), replace RNN-FD with FD and select features with the same method.
The number of feature is selected for different datasets by different feature selection algorithm is shown below.

Fig. 2.Feature selected for Wine dataset
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Fig. 3.Feature selected for Lung cancer dataset

Fig. 4.Feature selected for WPBC dataset
Consider fig. 2, it describes feature selection for wine dataset, it has thirteen conditional features. For FRS based feature
selection algorithm it selected seven feature sand they are 13,10,7,4,2,5,12.For k-trimmed based method it selected also
seven feature and they are 13,10,7,2,8,12,9.For both k-mean and k-median based feature selection algorithm it selects
seven features that are 13,107,25,8,12.
In fig. 3,using FRS based feature selection algorithm out of fifty six features of lung cancer, it selects five features, they
are 9,3,12,14,13.Similarly, for k-trimmed, k-mean and k-median number of features selected are four, five and seven
respectively and list of features are 19,6,4,20. For k-trimmed,19,12,13,3,14 for k-mean and 9,17,24,19,28,20,6 for kmedian.
In WPBC, out of thirty features FRS selects nine features and they are1,25,13,8,14,20,21,3,29.K-trimmed selects eight
features and they are 25,1,8,14,13,23,30,21.and for both k-mean and k-median nine features are selected and they are
1,25,13,8,14,20,21,23,29.But order of selected features are different. It is shown in Fig. 4.

.
Fig. 5.Feature selected for glass dataset
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For glass dataset, FRS selects seven features out of nine and all other selects six features. For FRS features are
8,7,2,5,4,3,9 and for all other three features are 6, 3, 9, 4, 7, 2. It is shown in fig. 5.
Table 3: Number of feature selected and their classification accuracy on real world dataset
Datasets

N

FRS
n

Wine

13

7

Lung-cancer

32

WPBC

Glass
Average

RNN-FRS
k-trimmed
n
Acc(%)

k-mean
n
Acc(%)

k-median
n
Acc(%)

97.19

7

98.31

7

97.63

7

97.50

5

56.25

4

71.88

5

62.50

7

65.63

32

9

74.76

8

75.76

9

75.76

9

77.78

9

7

64.49

6

67.76

6

70.49

6

67.29

7

73.17

6

78.42

7

76.49

7

77.05

Acc(%)

The number of features selected and classification accuracies are shown in Table 3, where N is total number of feature, n
is the number of features selected and Acc is classification accuracy. It is shown that, with RNN-FD as the feature
evaluation, the feature subsets selected can produce higher classification accuracies.
In fig. 6, individual dataset and their classification accuracy evaluated by different feature selection methods are shown.
The average number of feature is selected and their corresponding average classification is shown in figure 7.It shows all
RNN-FRS based feature selection method produces higher classification accuracy than FRS based feature selection
method (FR-FS). K-trimmed based feature selection method selects minimum features and provides highest classification
accuracy among all RNN-FRS based feature selection methods (RNN-FS).

Figure 6.Classification accuracy of different datasets

Figure 7.Average feature selected and classification accuracy of different methods
In this work, we use the classification accuracies of feature subsets to evaluate the robustness of measures. The higher the
classification accuracy is, the stronger the robustness of the measure is. Therefore, all the algorithms of RNN-FS are
more robust than FR-FS and k-trimmed is the best among them.
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VI. CONCLUSIONS
Feature selection plays an important role in pattern classification systems. Feature evaluation function used to compute
the quality of feature is a key issue in feature selection. In this chapter we successfully developed a algorithm for feature
selection(RNN-FS).We also proved that the RNN-FS algorithm performs better to selecting important features and the
dataset generated through the selected features provides good classification accuracy. The RNN based feature selection
performs better than fuzzy rough set based feature selection and k-trimmed based feature selection method of RNN-FRS
best among all.
.
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