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Abstract -- Nearest neighbour (kNN) methodology could
be a widespread -classification methodology in data
processing, classification and statistics due to its easy
implementation and significant classification
performance. However, it's impractical for ancient kNN
strategies to assign a k to any or samples. Previous
solutions of classification assign completely different k
values to different samples by the cross validation
methodology however area unit sometimes time intense or
time consuming. This paper proposes a KTree
methodology to be told completely different best k values
for various test/new samples, by involving a coaching
stage within the KNN classification and Particle Swarm
improvement (PSO). Specifically, within the coaching
stage, PSO improvement is employed to search out best k
values and discarded week samples then KkTree
methodology 1st learns best k values for all coaching
samples by a brand new distributed reconstruction model,
then constructs a tree namely, kTree. kKTree quick outputs
the best k worth for every sample, and then, the kNN
classification is conducted. As a result, the planned kTree
methodology features a similar running value however
higher classification accuracy, compared with ancient
kNN strategies, that assign a fixed k to any or all samples.

I INTRODUCTION

K-means cluster analysis is an algorithm that groups similar
objects into groups called clusters. The endpoint of cluster
analysis is a set of clusters, where each cluster is distinct from
each other cluster, and the objects within each cluster are
broadly similar to each other.

Typically, k-means cluster analysis is performed on a table of
information, wherever every row represents associate degree
object and also the columns represent quantitative
characteristic of the objects. These quantitative characteristics
area unit referred to as agglomeration variables.

k-means agglomeration could be a technique of vector
division, originally from signal process, that's fashionable for
cluster analysis in data processing. k-means agglomeration
aims to partition n observations into k clusters within which
every observation belongs to the cluster with the closest

mean, serving as a example of the cluster. This leads to a
partitioning of the info area into VVoronoi cells.

1. LITERATURE SURVEY

Different from model-based strategies that first learn models
from coaching samples and so predict take a look at samples
with the learned model [1]-[6], the model-free k nearest
neighbors (kNNs) methodology doesn't have coaching stage
and conducts classification tasks by first conniving the gap
between the take a look at sample and every one coaching
samples to get its nearest neighbors and so conducting KNN
classification] (which assigns the take a look at samples with
labels by the bulk rule on the labels of elite nearest neighbors).
due to its easy implementation and significant classification
performance and result, KNN methodology could be a very
fashionable methodology in data processing, classification
and statistics and so was voted in concert of prime data
processing algorithms [7]-[13].

Previous KNN strategies include: 1) assignment Associate in
Nursing optimum k price with a fixed expert-predefined price
for all take a look at samples [14]-[19] and 2) assignment of
completely different optimum k values for training, take a
look at samples [18], [20], [21]. For instance, Lall and Sharma
[19] indicated that the fixed optimal-k-value for all take a look
at samples ought to be k =Vn (where n > a hundred and n is
that the variety of coaching samples), whereas Zhu et al.

[21] Projected to pick completely different optimum k values
for training, take a look at samples via multiple cross
validation methodology. However, the standard kNN
methodology or algorithm, that assigns fixed k to any or all
take a look at samples (fixed kNN strategies for short), has
been shown to be impractical in real applications. As a
consequence, setting Associate in Nursing or assigning
optimal-k-value for every take a look at sample to conduct
kNN classification (varied kNN strategies for short) has been
changing into a awfully fascinating analysis topic in data
processing and machine learning [22]-[29].

plenty of efforts are centered on the various KNN strategies,
that efficiently set completely different optimal-k-values to
different samples [20], [30], [31]. For instance, Li et al. [32]
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projected to use completely different numbers of nearest
neighbours for various labels or classes and Sahigara et al.
[33] projected to use the town validation methodology to pick
Associate in Nursing optimum smoothing parameter k for
every take a look at sample. Recently, Cheng et al.

[20] projected a sparse-based kNN methodology to find out
Associate in Nursing optimal-k-value for every take a look at
sample and Zhang et al. [30] studied the KNN methodology
by learning an acceptable k price for every take a look at
sample supported a reconstruction framework [34].

Previous varied kNN strategies typically first learn a personal
optimal-k-value for every take a look at sample and so use the
standard kNN classification (i.e., school of thought on k
coaching samples) to predict take a look at samples by the
learned optimal-k-value. However, either the method of
learning Associate in nursing optimal-k-value for every take
a look at sample or the method of scanning all coaching
samples for finding nearest neighbors of every take a look at
sample is long. Therefore, it's difficult for at the same time
addressing these problems with kNN methodology, i.e.,
optimal-k-values learning for various samples, time value
reduction, and performance improvement

While kNN methodology allows to output outstanding
performance and has been proved to around accomplish to the
error rate of mathematician optimisation beneath terribly
gentle conditions, it's wide been applied to several types of
applications, like regression, classification, and missing price
imputation. The performance of kNN methodology will be
full of plenty of problems, like the choice of the k price and
therefore the selection of distance measures.

1. METHODOLOGY

a PSO Optimization +touple
[ deletion

Training Dataset

Testing Dataset

K* tree construction

Classification

| Output : Class name |

Fig 1: System Architecture

As shown in figl, we implemented a new Knn classification
approach to handle classification problem and find optimal
solution. First we use PSO improvement to find optimum
solution. Then we minimizes by using PSO based optimal
solution i.e tuple deletion. Then K*tree construction take
place. After than main classification take place.

Mathematical Model

Models describe about how the System
functions. The following points are used as
an input for a local server and consequently
the output is displayed.
Let our system be S, represented as:
S={s, e, I, Pp, F, NDD, DD, H, Success,
Failure}
The notations are given below: -
s = Starting state of the system
e = Ending state of the system
| = Set of input commands
| = {Training Dataset, Testing Dataset}
Pp = Pre-processing module
Pp =P1, P2, P3
Where,
P1L = PSO (Particle Swarm
Optimization)
P2 = K*tree Method
P3 = kNN Algorithm
F = Set of used functions

= = {PSO(), DecisionTree(),
Classification() }
Where,

PSO(): This method is used to
provide optimal K-value.
DecisionTree(): This method is used
to make decision tree using k*tree method.
Classification(): This method is
used to classify the dataset and
provide the resultant class for the
dataset value.
NDD = Non-Deterministic Data
DD = Deterministic Data

H = Halt state
Success = If the class name is classified
correctly.

Failure = If the class name is not classified
correctly.

Algorithm:

Input: Training Dataset and Testing Dataset.
Output: Class names for Testing Dataset.

1) Start

2) Initialize Training dataset and testing dataset.

3 Pass the training dataset to PSO algorithm.
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4) Find the optimal K value for the classification using PSO
algorithm.

5) Make a decision tree using k*tree method for optimal k
value.

6) Pass the optimal k value to the KNN algorithm.

7) Using kNN algorithm find nearest neighbors for that
particular dataset value

8) Show result as a class name for that testing dataset.
9) End.
3.1 k-means Algorithm

(1) Arbitrarily choose k objects from D as the initial class
centres.

(2) Repeat.

(3 (re) assign each object to the class to which the object is
the most similar, based on the mean value of the objects in the
class.

(4) Update the class means, i.e., calculate the mean value of
the objects for each class.

(5) Until no change.
3.2 K*tree Algorithm

1) Start with all training instances associated with the root
node

2) Use information gain to select which attribute to label each
node with

Note: No root-to-leaf path should contain the same discrete
attribute twice

3) Recursively constructs each sub-tree on the subset of
training instances that would be classified down that path in
the tree.

The border cases:

a) If all positive or all negative training instances remain, label
that node “positive” or “negative” accordingly

b) If no attributes remain, label with a majority vote of
training instances left at that node

c) If no instances remain, label with a majority vote of the
parent’s training instances

V. EXPERIMENTAL SETUP

Instead of classic dataset we use Abalone dataset for the
testing and training. In this dataset there are some numeric
values to define the class of that data. We will see some data
records from the dataset to understand how data will look like
in dataset.
0.615,0.47,0.175,1.2985,0.5135,0.343,0.32,14,Female

0.605,0.49,0.145,1.3,0.517,0.3285,0.31,14,Male
0.59,0.455,0.165,1.161,0.38,0.2455,0.28,12,Female

Attributes are Length, Diameter, Height, Whole weight,
Shucked weight, Viscera weight, Shell weight, Rings, Sex.
Predicting the sex of abalone from physical measurements.
The sex of abalone is determined by cutting the shell through
the cone, staining it, and counting the number of rings through
a microscope -- a boring and time-consuming task. Other
measurements, which are easier to obtain, are used to predict
the sex. Further information, such as weather patterns and
location (hence food availability) may be required to solve the
problem.

V. RESULT AND DISCUSSIONS

By using PSO weak data discarded from dataset and only
strong data will passed to k-means. Therefore K-means
training time and testing time reduced and classification rate
increases.

In this section we present the results of evaluating
classification result of our implemented system based on PSO
and KNN on dataset. finally check the results for Detection
accuracy, false positive rate.

Detection Accuracy = (TP + TN)/ (TP + TN + FP + FN)
False Positive Rate = FP / (FP + TN)
VI. CONCLUSION AND FUTURE WORK

In this paper, we have implemented new kNN classification
algorithms, i.e. PSO, and the k*Tree methods, to select
optimal-k-value for each test sample for efficient and
effective kNN classification. The key idea of our
implemented methods or system is to design a training stage
with additional algorithms for reducing the running cost of
test stage and improving the classification performance.

In future, we will focus on improving the performance of the
implemented methods.
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