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Abstract- Feature selection is the problem of selecting a
subset of features without reducing the accuracy of
representing the original set of features. Feature selection is
used in many applications to remove irrelevant and redundant
features where there are high dimensional datasets. These
datasets may contain a high degree of irrelevant and
redundant features that may decrease the performance of the
classifiers. In this paper, continuous particle swarm
optimization (PSO) is used to implement a feature selection in
wrapper based method, and the k-nearest neighbor
classification serve as a fitness function of PSO for the
classification problem.
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I. INTRODUCTION

Classification is an important task in machine
learning and data mining, which aims to classify each instance
in the data into different groups. The feature space of a
classification problem is a key factor influencing the
performance of a classification/learning algorithm [1].
Without prior knowledge, it’s hard to determine which
features are useful. Therefore, a large number of features are
usually introduced into the dataset, including relevant,
irrelevant and redundant features. However, irrelevant and
redundant features are not useful for classification. Their
presence may mask or obscure the useful information
provided by relevant features, and hence reduces the quality of
the whole feature set [2]. Meanwhile, the large number of
features causes one of the major obstacles in classification
known as “the curse of dimensionality” [3]. Therefore, feature
selection is proposed to increase the quality of the feature
space, reduce the number of features and improve the
classification performance [4-6].Feature selection aims to
select a subset of relevant features that are necessary and
sufficient to describe the target concept [7]. By reducing the
irrelevant and redundant features, feature selection could
decrease the dimensionality, reduce the amount of data needed
for the learning process, shorten the running time, simplify the
structure and/or improve the performance of the learnt
classifiers [7].
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Figure 1: Feature subset selection and evaluation process

Naturally, an optimal feature subset is the smallest
feature subset that can obtain the optimal performance, which
makes feature selection a multi-objective problem [8]. Note
that feature selection algorithms choose a subset of features
from the original feature set and do not create new features.
Feature selection is a difficult task. Although many
approaches have been proposed, most of them still suffer from
the problems of stagnation in local optima and high
computational cost due mainly to the large search space.
Therefore, an efficient global search technique is needed to
address feature selection tasks.

Challenges of Feature Selection

Feature selection is a difficult problem [9,10],
especially when the number of available features is large. The
task is challenging due mainly to two reasons, which are
feature interaction and the large search space. Feature
interaction (also called epistasis [11]) frequently happens in
classification tasks. There can be two-way, three-way or
complex multiway interactions among features. On one hand,
a feature, which is weakly relevant or even entirely irrelevant
to the target concept by itself, can significantly improve the
classification accuracy if it is complementary to other features.
Therefore, the removal of such features may also miss the
optimal feature subsets. On the other hand, an individually
relevant feature can become redundant when working together
with other features. The selection/use of such features brings
redundancy, which may deteriorate the classification
performance. In feature selection, the size of the search space
grows exponentially with respect to the number of available
features in the dataset (2" possible subsets for n features) [12].
In most cases, it is practically impossible to search
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exhaustively all the candidate solutions. To better address this
problem, a variety of search techniques have been applied to
feature selection [12, 14]. However, existing methods still
suffer from the problem of stagnation in local optima and/or
high computational cost.

Feature selection is a multi-objective problem. It has
two main objectives, which are to maximize the classification
accuracy (minimize the classification error rate) and minimize
the number of features. These two goals are usually
conflicting to each other, and the optimal decision needs to be
made in the presence of a trade-off between them. Treating
feature selection as a multi-objective problem can obtain a set
of non-dominated feature subsets to meet different
requirements in real-world applications. However, there are
rare studies treating feature selection as a multi-objective
problem [13, 14].

Two key factors in a feature selection algorithm are
the search strategy and the evaluation criterion. The search
space of a feature selection problem has 2n possible
points/solutions, where n is the number of available features.
The algorithm explores the search space of different feature
combinations to find the best feature subset. However, the size
of the search space is huge, especially when the number of
features is large. This is one of the main reasons making
feature selection a challenging task.

Il. FEATURE SELECTION APPROACHES

Existing feature selection methods can be broadly
classified into two categories: filter approaches and wrapper
approaches. Wrapper methods include a classification
algorithm as a part of the evaluation function to determine the
goodness of the selected feature subsets. Filter methods use
statistical characteristics of the data for evaluation, and the
feature selection search process is independent of any
classification algorithm. Filter methods are computationally
less expensive and more general than wrapper procedures
while wrappers are better than filters in terms of the
classification performance [14].

Wrapper based Feature Selection

In a wrapper model, the feature selection algorithm
exists as a wrapper around a classification algorithm and the
classification algorithm is used as a “black box” by the feature
selection algorithm [15]. The performance of the classification
algorithm is employed in the evaluation function to evaluate
the goodness of feature subsets and guide the search.

Filter based Feature Selection
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In filter algorithms, the search process is independent
of any classification algorithm. The goodness of feature
subsets are evaluated based on a particular criterion like
distance measure, information measure and consistency
measure [14]. Filter algorithms are argued to be
computationally less expensive and more general than wrapper
algorithms [15, 16], but filter algorithms totally ignore the
performance of the selected feature subset on the classification
algorithm, which usually leads to lower performance than
wrapper algorithms on a particular classification algorithm
[15]. Compared with filter algorithms, wrappers often produce
better classification performance because of the interaction
between the classification algorithm and the selected feature
subsets during the feature selection process [17]. However,
wrapper  feature  selection algorithms are usually
computationally more expensive than filters because each
evaluation of a candidate solution needs a
learning/classification algorithm to be trained and tested [16].

1. PARTICLE SWARM OPTIMIZATION (PSO)

PSO is an evolutionary computation technique
proposed by Kennedy and Eberhart in 1995 [18, 19]. In PSO,
a population called a swarm, of candidate solutions, are
encoded as particles in the search space. PSO starts with the
random initialization of a population of particles. The whole
swarm move in the search space to find the best solution by
updating the position of each particle based on the experience
of its own and its neighboring particles [18, 19]. During
movement, the current position of particle | is represented by a
vector xi = (xil, xi2,....,xiD), where D is the dimensionality of
the search space. The velocity of particle i is represented as vi
= (vil, vi2, ...,viD), which is limited by a predefined maximum
velocity, vmax and vtid [-vmax, vmax]. The best previous
position of a particle is recorded as the personal best pbest and
the best position obtained by the population thus far is called
gbest. Based on pbest and gbest, PSO searches for the optimal
solution by updating the velocity and the position of each
particle according to the following equations:
xfft =xfa+ vt

€
vl =ws v bel srlis(py —xl) 62+ ¢2i = (pga —
xfa)
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wheret denotes the tth iteration, d denotes the
d"dimension in the search space D, w is inertia weight. c1 and
c2are acceleration constants. rii and rjare random values
uniformly distributed in [0, 1]. pid and pgdrepresent the
elements of pbest and gbest in the d™ dimension [18].
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Figure 2: Structure of PSO based feature selection method

From the figure 5.2, the algorithm firstly runs on the
training set of the dataset to select a subset of relevant
features, which is the evolutionary training process. Then the
training set and the test set are transformed to a new training
set and a new test set by removing the features that are not
selected. A classification algorithm is trained (learns) on the
transformed training set. The learnt classifier is then applied to
the transformed test set to obtain the final testing classification
performance [18].

Particle Representation:

In PSO for feature selection, the representation of a
particle is a n-bit string, where n is the total number of features
in the dataset. The position value in the dth dimension (i.e.
xid) is in [0,1], which shows the probability of the dth feature

being selected. A threshold © is used to determine whether a
feature is selected or not. If xid>0, the dth feature is selected.
Otherwise, the dth feature is not selected.

Training Process:

The training process of a PSO based wrapper feature
selection algorithm is shown in Figure 2. The key step is the
goodness/fitness evaluation procedure. The position of a
particle represents a selected feature subset. By removing the
features that are not selected, the training set is transformed to
a new training set.

The classification performance of the selected
features is evaluated on the transformed training set. Based on
the classification performance, the fitness of the particle is
then calculated according to the predefined fitness function.
After evaluating the fitness of all particles, the algorithm
updates the pbest and gbest, and then updates the velocity and
position of each particle. The algorithm stops when a
predefined stopping criteria, that is the maximum number of
iterations or an optimal fitness value, has been met. During the

Page | 905

ISSN [ONLINE]: 2395-1052

training process, Equation 5.5, which aims to minimize the
classification error rate, is used as the fitness function to
evaluate the goodness of particle i, where the position xi
represents a feature subset [12].

fitness (x;) = ErrorRate
©)
Where the Error rate is determined by
ErrorRate = (FP + FN)/(FP+ FN +TP 4+ TN)

4
Where TP, TN, FP and FN stand for true positives,
true negatives, false positives and false negatives,

respectively.

The adaptive functional values were data based on
the particle features representing the feature dimension; this
data was classified by a k-Nearest Neighbor (k-NN) to obtain
classification accuracy; the k-NN serves as an evaluator of the
PSO fitness function. For example, when an 8-dimensional
data set (n=8) Sn = {F1, F2, F3, F4, F5, F6, F7, F8} is
analyzed using particle swarm optimization to select features
smaller than n.

The following pseudo code shows the basic PSO Feature
Selection process [18-20].

Basic PSQ algorithm for Feature Selection

Input - Training Data sst and a Test Data sat;

QOutput : Selected feature subset

I Begin

2 randomly initialize the position and velocity of each particle;

3 while Maximumiterations is not reached do

4 evaluate fitness of each particle ; /* according to (1) ar (2) */
Jfori=I to PopulationSize do

) update the pbest of particle i;

7 update the gbest of particle i;

8 Jori=I to PopulationSize do

g for d=1 to Dimensionality do

10 update the velocity of particle i according to (3.3);

i update the pesition of particle i according to (3.4);

12 caleulate  the
tast sel;
13 return the position of ghest (the selected feature subset);

classification  aceuracy of the selected feature subset om  the

Table 1: Parameter setup for PSO based Feature

Selection:
Parameters WValue
Mumber of Iterations 200
Population Size 150.32,340
MNumber of particles 455,14
C1,C2 2.2
f 06

In table 1, population size is referred to number of instances in
the dataset and number of particles are referred as the number
of decision attributes in the dataset.

IV. RESULTS AND DISCUSSION
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Table 2: Performance analysis of the PSO with k-NN

classifier
Dataset Number of | Selected Accuracy (%40)
decision features Before After
attributes EFs Fs
Inis 4 3 8243 96.48
Lung 33 13 2034 0371
cancer
Leaf 14 2 00.07 0746

V. CONCLUSION

Building an efficient classification model for
classification problems with different dimensionality and
different sample size is important. The main tasks are the
selection of the features and the selection of the classification
method. In this paper, PSO based feature selection to perform
feature selection and then evaluated fitness values with a k-
NN. Experimental results show that the method simplified
feature selection and the total number of parameters needed
effectively, thereby obtaining a higher classification accuracy.
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