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Abstract:

Machine learning plays a vital role in today’s world. In the internet data searching
will be abundant. These data has to be trained to the system in order to perform the
work of machine learning. In machine learning the main parameter that is the size
of the data plays a vital role in the execution time. In other words we can say that
the execution time is directly proportional to the volume of data. The data that are
going to use for our research is been collected from a private production
organization. When the analysis of the organization is done the datasets that is been
collected in enormous in used. To simply the work and to get accurate production
results dimensional reduction method is followed. For data reduction the Principal
Component Analysis (PCA) technique is used. This technique can be used to reduce
the size of the data that we will execute when finding out the production of an
organization. The dimensionality reduction helps in finding out the exact volume of
data that is been present in the datasets and reduce its size and helps in giving the
exact accuracy results. In this paper we have analyze the concept of Principal
Component Analysis along with clustering algorithm.

Keywords: Principal Component Analysis, Dimensional Reduction, Clustering,
Localization, Boundary Scan.

I INTRODUCTION

Machine learning is generally referred as
obtaining particular data that need from huge
collection of data and training the system to work
according to our proposed framework. If the
execution time is very high the accuracy in getting
the results will be affected. So this execution time
has to be maintained low in order to get the correct
accuracy in end results. Doing a detailed research in
finding the relationship between the data is a major
challenging in data science field. The structure of
each and every data is been analyzed in all possible
ways. Adata table consisting of all parameter data is
mandatory for reference. Maintain the entire
structure of all data it will be very easy to predict the
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size of the data. By implementing this it is very easy
to perform dimension reduction of data before
starting the execution[1]. Each and every data is
been counted and clustered according to our need
which will reflect in the output dimension of data. In
order to perform dimension reduction of data the
concept of Principal Component Analysis (PCA) is
used. PCA is generally referred as one of the most
important method in the field of machine learning
because of its nature of reducing the size of the data.
PCA will help in reducingthe dimensionality of the
dataset by two ways [2]. The first way it collectsall
the dimensions of all dataand encodes the important
data alone according to our usage. Secondly it
removes the least priority data from the data sheet.
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By following these two steps it will be very easy to
do the dimension reduction of data which will
results in the less execution time. Followingthis
method the data utilizes less space, which results in
the classification of larger data in a small amount of
time.PCA concentrates only on the dimension which
will be more helpful in fetching out the needed data
in less execution time.One of the worst problem in
machine learning is that the dimension of data is not
been taken into account anywhere which will results
in more execution time. In reality when the
dimension reached more than the expected size the
execution time will be increased which results in the
less accuracy in mining of data [3].

Il RELATED WORKS

Chen-Fu et. al.,, proposed about the
dimensionality reduction in the form of graphs.
TheLancos algorithm is usedto reduce the dimension
of data. Compute graphs are been used to find out
the dimension reduction of each and every data. The
concept of multiparty and Bi-party is been involved
which indicates the most and least data and their
dimensions. The past Lanczos algorithm is expanded
to provide the accurate set of data. This model is not
much efficient and time consuming[1].

CédricTraizetet. al., proposed the dimensionality
reduction is not only involved in the data extraction,
it also gives the extent towards the image system..
At each set of part the dimensionality reduction
takes place but the efficient of the image is not
obtained as per our expected needs. The concept of
k means clustering is used which is time consuming
and data loss will be very high [2].

Wenbo Yuet. al., proposedthe dimensionality
reduction in the Hyperspectalmethod which requires
a large storage space. The dimensionality reduction
is high because of the exact localization of the data
from the sets. So the space requirement and the
accurate extraction will be very high resulting in low
execution time[3].

Wei Wanget. al., proposed the less density of
data is low impact in considering or to extract. To
avoid this dimensionality is made to high to make to
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data to be intense. As the high dimensionality is
implemented the space in the server gets consumed
large area. Noise parity check method is executed
which will not give best results n data reduction[4].

Honglei Zhang et. al., proposed the two methods
PCA and the LDA are the main in the
dimensionality reduction. This combination can
reduce the dimensions of the vector in the matrix
set. The edge predicting is not provides the better
result. The PCA and the LDA can face several
problems. The PCA is not getting expanded in the
sets label. The LDA can be used in the label sets but
the data extraction form the label set is not much
effective. This method is time consuming and gives
less accuracy in dimensional reduction[5].

11l RESEARCH METHODOLOGY

A. Clustering

Cluster analysis is the foremost important analysis
in reducing the size of the data. Clustering is the
process in which the input data are been grouped.
This grouping will be carried on between the
important and non important data. So when we do
this grouping the quality of data will be improved.

1. Initialize cluster centroids py. ps. ..., px € " randomly.
2. Repeat until convergence: {
For every i, set
e = arg min ||z = ;|-
b
For each j. set
m i . 1
_ L Yl = el

SR SN TP
- (1)

To eliminate the unwanted databy this clustering
method and only the needed data are been taken into
account. So when doing this as first step the output
data is given as the input for the PCA. Thus
resulting in a good mining work where only the
needed datagot as input.
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Fig.1. Clustering of Data

B. Principal Component Analysis

Principal component analysis (PCA) is a
mathematical work in which the number of possibly
correlated variables are been spitted into a smaller
number of uncorrelated variables which is generally
termed as principal components in data science. The
principal component checks the possibility and
availability of all data whose dimension has to be
reduced. For each and every application the work of
principal component varies. Usually it will be
termed as cosine transform n the mathematical
formulation.
1. Compute the sample covariance matrix
2 =bn —1 Pni=1(Xi — Xn)(Xi— Xn) T.
2. Compute the eigenvalues A1 > A2 > - -
eigenvectors el, e2, ..., of X.
3. Choose a dimension k.
4. Define the dimension reduced data
Zi = Tk(Xi) = X + Pk j=1 Bijej where Bij = hXi — X,
eji

Now in case of data analysis this principal
component is mainly used as a tool in reduction of
size of data. Here the concept of Eigen values and
matrix multiplication is carried out.The results that
is been obtained is termed as component score in
data analysis. PCA is a true and good Eigen vector
calculation that is been most commonly used in data
analysis. This PCA will help in localization of data
that we need to be mined and fixes the exact
location in each and every computation. So, to
follow these stepsit’s very easy to locate the data
and process the data which will result in its
dimension reduction. The following diagram
represents the principal component analysis which

- and
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shows matrix multiplication of data.
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Fig.2. Principal Component Analysis

C. Principal Components (PC)

Principal component is generally defined as
combination of optimally weighted variables and
non weighted variables present in the data sheet
from where we need to make our dimension
reduction. Generally there will be two types of
components that is been extracted. The first
component extracted in a principal component
analysis will give the results of the wanted data that
we are going to mine and the second component
extracted will be the data that we do not require at
any cost. Actually both the components which we
have derived will be irrelevant to each other either in
size or number of data.This PCA will give two
results of the covariance correlation of both needed
and unneeded data. Eigen values of both the results
are been calculated and matrix multiplication is
carried out [14-16].

Mean is represented by following equation

N
X= %Zx

(2)
D. Dataset Description
Here the production company data is used. All the
production company data is tabulated in the
attributes such as fresh milk, detergents, frozen and
so on. The data are tabulated as 81 Rows with 3592
Columns. All samples are included same number of
attributes.
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IV PROPOSED DESIGN

In this proposed system we are reducing the
dimension of datawith the help of PCA. The
unwanted attributes are been reduced in order reduce
the dimension of data. The following steps are been
carried out in PCA.

Similarity

Measurement

AIS Data . :> Spatio-temporal ‘:r‘>
Trajectory uThe Distance Matrix

of trajectories

Clustering Analysis Dimension Reduction|
¢ Improved Center «PCA

<3 Clustering Algorith < e Number of
uk Clusters in Two
Cluster Centers k

Traffic Flow Pattern
and Customary
Route Mining

u Cluster Analysis

Datasets

Fig.3: Block Diagram of Dimensionality Reduction

The following steps are the step by step process
representing dimensional reduction of data using
PCA.

« Data acquisition- Here the entire data are been
collected from the Bench mark data sets. This is the
first step involved.

» Data pre-processing- Needed attributes and un-
needed attributes are been classified.

 Each attribute is been standardized and variance
and standard deviation formula is been calculated.

Variance is defined as
A

% Z {uix, - ‘~-"1|.f}>3 =, Su,
)

Where S is data covariance defined as
| )

(4)

Standard Deviation is calculated from below
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The vector o

:%(.'fl+.i’:...+.f”): "

=

is called the sample mean vector

note
X = l(l}] TX, e T, ) = 1{2'\1/]

n h J=1
(5)
« Correlation of each attribute is calculated.
r = 2D EGD)
-1 Sy NS
(6)

Where sx is mean of attribute trained data 1

sy is mean of attribute trained data 2
*Eigen values of each attributes is been calculated in
order to produce principal components (PC).

13[Eren)-25(80e)

@ --13(5)
> ) -3(48w )

J
™ Ecovlu.jle = /e, eis an eigenvector of
=1 the covariance matrix

- ).||1e}: =2 (7)
 Find principal component coefficients are been
formulated in order to find out the variance of each
attributes.

Tu(%x) = (u,x) = var[r,] = u'Zu ()

Where Y u is the covariance matrix

* Calculate eigenvectors IS been done in each and
every steps.

* Building classification model of PCA is been
executed at the final stage.

V RESULTS AND DISCUSSIONS

Figure 4 shows the results obtained using classical
PCA on an isometric nonlinear manifold, in the
shape of an S-Curve, with 1000 data points. The
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MDS embedding appears not to be as good as the
other embeddings because MDS is not able to take
nonlinearities into account, and the Euclidean
distance may not be as good a distance measure if
the data lies on a nonlinear manifold. However, if
the number of data points, N, is set very small, then
the results for MDS appears less distorted compared
to the nonlinear dimensionality reduction
algorithms. Figure 4 for the results of using the
dimensionality reduction algorithms on the S-Curve
manifold, this time with only 200 data points. We
can conclude from this that MDS may be better than
the other algorithms for sparse data sets, but is not
able to accurately capture the nonlinearities if the
original data lies on a nonlinear manifold. Although
PCA, Isomap and HPCAare all able to reduce the
dimension of the nonlinear isometric manifold, they
require the data points to be relatively dense.

0 1| | 3 4 5|6 7|8 |9]10
0 1000025 S5 1 1 1 2 |1 31112
1 1002945 5 4 4 S 7110 13|21 |2
2 1015425 3 1 1 1 2|2 3(1]1]|2
3 1016277 6 8 8 1 3 4 3|7 (12
4 1017023 4 1 1 3 2 |1 3|1(1(2
5 1017122 8 10 10 8 7110 |9 (711 |4
6 1018099 1 1 1 1 2 (10 (3|1 |12
7 1018561 2 1 2 1 2 1 3|11 (1|2
8 1033078 2 1 1 1 21 1115 ]|2
9 1033078 4 2 1 1 2 |1 2 (1|12
10 1035283 1 1 1 1 1 1 31112
11 | 1036172 | 2 | 1 1 1 2 |1 2 (1|12
12 1041801 &5 3 3 3 2 |3 4 4 1 4
13 1043999 1 1 1 1 2|3 3|1T(1(2
14 1044572 8 7 5 10|17 (9 5 5 4 4

Fig. 4. Reduced Production Data Sets

The figure 2 shows the results of PCA algorithm.
The results of sum of squared error distance and
Execution Time of corresponding clusters are been
clearly put in the figure 5. The Figure 6 shows the
relation between SSE and Number of clusters. It
finally shows that when number of clusters increases
the sum of squared error distance values decreases
and vice versa. TheFigure 7shows the

Published by: The Mattingley Publishing Co., Inc.

January - February 2020
ISSN: 0193 - 4120 Page No. 14546 - 14552

ExecutionTime and No of Clusters. It shows that if
the number of clusters increases the Execution time
increases also increases and vice versa.

PCA
Dataset Ne of Clusters A5E Execution
Time(in ms)
1 12604 0513
2 9513 0631
3 B0TS 068
Reduced
Datasct 4 7641 0777
5 1959 0862

Fig.5. Results of Number of Clusters, SSE and
Execution Time
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Fig. 6. Shows SSE and Number of Clusters
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Fig.7. Shows Execution Time and Number of
Clusters

VICONCLUSION

The  Multi-dimensionality-Systems  decrease
systems for information investigation has been
assessed in this work. A rundown of some current
direct and nonlinear dimensionality decrease
strategies has been introduced. PCA is helpful in
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recognizing  huge directions and  straight
relationships in high dimensional information. PCA
just as old style MDS are inadmissible if the
informational  collection  contains  nonlinear
connections among the factors. General MDS
procedures are fitting when the information is
exceptionally nonmetric or inadequate. On the off
chance that the first high-dimensional informational
collection contains nonlinear connections, at that
point nonlinear dimensionality decrease systems are
increasingly fitting.

For fundamental kinds of nonlinear manifolds, an
assessment  was  performed on  different
dimensionality decrease procedures. Since the
nonlinear dimensionality decrease procedures rely
upon a decent neighborhood, the outcomes when
utilizing various neighborhoods are altogether
unique. A decent neighborhood will rely upon the
specific attributes of the informational index. On the
off chance that the area is excessively little, the
worldwide structure may not be caught successfully.
In the event that the area is too enormous, the
nonlinearities of the informational index may not be
mapped suitably. Since a "decent" neighborhood is
dependent on the informational collection, it is hard
to sum up a worthy worth that will work under all
conditions.
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