
 

 
Abstract— The notorious dimensionality reduction is a well 

known phenomenon for any multi-dimensional indexes attempting to 
scalp up to high dimensions. One of the easily recognized methods to 
rectify the degradation of the performance in increasing the 
dimensions is, when reducing the dimensionality of the raw dataset 
before index construction doesn’t degrade the performance. In recent 
years, a variety of nonlinear dimensionality reduction techniques 
have been proposed to aim the limitations of traditional techniques. 
In this paper, several high dimensionality reduction techniques are 
analyzed. Every technique has its own operations, techniques and 
their results. In this paper, the PSO algorithm is taken for 
dimensionality reduction. The performance evaluation has been 
made for both real and synthetic datasets which shows the 
achievement for higher precision and the queries have been 
processed efficiently. 
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I. INTRODUCTION 
HE technique of high dimensional data clustering finds 
many applications in real time applications. Since former 

clustering algorithms are slanted while it is applied with high 
dimensional data sets. Many methods use global dimension 
reduction techniques to overcome problems due to high 
dimensionality. An extensively used solution is to reduce the 
dimension of the data before using a clustering method. 
Dimension reduction methods can be divided into techniques 
for feature extraction and feature selection [1]. Even though 
dimensionality reduction leads to the missing of information, 
the techniques which are used to diminish the dimensions of 
the dataset should be more approximation from the full 
dimensional datasets. 

 In this paper, the performance of Principal Pattern 
Analysis (PPA) is analyzed. The dimensionality reduction 
comes down to almost decreasing the number of variables to 
few categories it is newly definable variables it diminish large 
dimensions to linear or non-linear combinations of variables, 
also called reduce the variables to group dimensions or 
categorizations of huge dimensional spaces into  
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understandable fewer partitioned spaces of category spaces 
with appropriate deductions of unusual dimensions, variables, 
spaces, and categories. In addition the trends not attributable 
to robust decision rules from the data. Dimensionality 
reduction  [2] is an effective approach for diluting the data.  

High dimensionality poses two challenges for 
unsupervised learning algorithms. First, the presence of 
irrelevant and noisy features can mislead the clustering 
algorithm. Further, in high dimensional data may be sparse 
(the curse of dimensionality), making it difficult for an 
algorithm to find any structure in the data. Many important 
problems involve clustering large datasets. Unsupervised 
clustering techniques have been applied to many important 
problems. Traditional clustering algorithms become 
computationally expensive when the data set to be clustered 
are large. There are three different ways in which the data set 
can be large: (1) There can be a large number of elements in 
the data set, (2) Each element can have many features, and (3) 
There can be many clusters to discover. 

Clustering is an expansion of traditional clustering that 
seeks to find clusters in disparate subspaces within a dataset. 
Often in high dimensional data, many dimensions are 
inappropriate and can mask existing clusters in noisy data. 
Another reason that many clustering algorithms struggles with 
high dimensional data is the curse of dimensionality. As the 
number of dimensions in a dataset increases, distance 
measures become increasingly meaningless. There are several 
works have been made for dimensionality reduction in the 
mining field they are as follows; 

II. PARTICLE SWARM OPTIMIZATION ALGORITHM 
 The Particle Swarm Optimization (PSO) [3] clustering 

algorithm can provoke more compact clustering results. 
Dimensionality reduction methods offer solutions that both 
significantly enhance the computation time and yields 
logically accurate clustering results in high dimensional data 
analysis. In clustering [4], it is typical to view the clustering 
problem as an optimization problem that detects optimal 
centroids rather than optimal partitions. This view offers us a 
chance to employ the PSO algorithm is to discover centroids 
of clusters for minimizing the intra-clusters distance as well 
as maximizing the distance between clusters.  

Clustering is widely studied in the data mining community. 
It is used to partition data set into clusters so that intra-cluster 
data are similar and inter-cluster data are dissimilar. Among 
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the many bio-inspired techniques, PSO based clustering 
algorithms have received special attention because they are 
particularly suitable to perform exploratory data analysis. 
PSO can solve a variety of difficult optimization problems 
[5]. 

Clustering algorithms are an important component of data 
mining technology which has been applied widely in many 
applications including those that operate on the internet. The 
global search competence of PSO is applied for clustering 
data [6]. A K-means+PSO is used for clustering efficiently in 
high dimensional datasets. K-means clustering groups data 
objects into a number of clusters. A K-means+PSO clustering 
algorithm was proposed and evaluated on the standard UCI 
clustering test datasets. This K-means+PSO clustering 
algorithm uses K-means to preprocesses and initialize the 
PSO positions. In the PSO document clustering algorithm, the 
multi-dimensional document vector space is modeled as a 
problem space. Each document vector scans are described as a 
dot in the problem space. Each particle maintains a matrix. 

Xi = (C1, C2, … Ci,…, Ck), where Ci is the ith cluster 
centroid vector and k is the number of clusters. 

Vid = w* (Vid + C1 * rand1 * (pid – xid) +  

C2 * rand2 * (pgd – xid))               (1) 

Xid = xid + vid                  (2) 

The equation (1) and (2) representing the PSO clustering 
algorithm. In equation (1), each particle acquires experience 
by moving through the solution space with velocity vid. The 
two random values (rand1, rand2) are generated each 
generation. The behavior of the PSO clustering algorithm can 
be divided into two stages: a global searching stage and a 
local refining stage. The starting of PSO search iterations can 
be divided as a global searching stage. After much iteration, 
the particle’s velocity will gradually decrease and the 
particle’s exploration area will shrink as the particle 
approaches the optimal solution.  

The global searching stage gradually merges into the local 
refining stage. By selecting different parameters in the PSO 
algorithm, the shift time is controlled from the global 
searching stage to the local refining stage. Although the PSO 
algorithm generates better clustering result than the K-Means 
algorithm [7] does, it is much slower to execute because of 
the high dimensionality of the document dataset. A hybrid 
PSO (HPSO) that uses PSO for global search and then 
employs K-Means for local refining is presented, this hybrid 
PSO significantly increases the accuracy and decreases the 
runtime. The PSO clustering algorithm needs a fitness 
function to calculate each particle’s performance at each 
iteration. In most data clustering PSO algorithms, a common 
approach is to use a cluster validity measure index functions 
as a fitness function. There are many other clustering 
evaluation criteria that have been developed. The main goal of 
the clustering evaluation can be represented as two criteria. 

A. Compactness 
The similarity distance between the elements in one 

cluster. It indicates the compact degree of the cluster. The 
elements in one cluster should be similar to each other. 

B. Separation 
The similarity distance between centroids of different 

cluster. The clusters should be well separated from each other. 
 

 
Fig.1 High Dimensionality Reduction 

III. MMDR ALGORITHM 

A. Generate Ellipsoid (GE) 
In Generate Ellipsoid, multilevel projections are applied 

from low to high dimensionality until ellipsoids are fully 
discovered. At each level, Mahalanobis distance is applied to 
detect possible ellipsoids. Any unqualified ellipsoid is passed 
to generate ellipsoid with a high subspace dimensionality so 
that more information can be used for clustering. First, in high 
dimensional space, some dimensions may contain less 
information, which may not be very helpful when it comes to 
identify the cluster membership. Second, for the well-
separated clusters in the subspace, their correspondences in 
the higher dimensional space are usually well separated 
because of the property of PCA. In this algorithm, MPE 
indicates how much information is lost during the projection 
process. 

Model-based Multifactor Dimensionality Reduction 
(MMDR) [8] algorithm has the following advantages. 

                     



 

Initially, the ellipsoids can be effectively discovered at the 
data’s subspace level, rather than at the original space. 
Furthermore, the ellipsoids are able to be discovered as soon 
as the shapes can be identified. Then, the cost to perform 
clustering using Mahalanobis distance can be diminished 
dramatically since it is performed in the low dimensional 
subspace. The final output of the MMDR algorithm is a set of 
subspaces and outliers [9]. Each subspace may have a 
disparate optimal number of reduced dimensions. The outlier 
set remains in the original space since its data points are not 
well  correlated.  

 
 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

B. Dimensionality Optimization 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

IV. ITERATIVE CLUSTERING ALGORITHM 
The Linear Dimensionality Reduction (LDR) [10] 

algorithm needs to perform local correlation analysis  i.e. 
PCA [11] on subsets of points in the dataset rather than the 
whole dataset, the need is to identify the right subsets to 
perform the analysis. Dimensionality reduction of high 
dimensional data plays a crucial role in a variety of research 
areas, including computer vision, patter recognition and data 
visualization. The goal of dimensionality reduction is to 

simplify the data and make it more amenable to further 
analysis. 

To scale to higher dimensionalities, a commonly used 
approach is dimensionality reduction. This technique has been 
proposed for both multimedia retrieval and data mining 
applications. The idea is to first diminish the dimensionality 
of the data and then index the diminished space using a 
multidimensional index structure [12].  

 For this purpose, the high dimensional data is mapped to 
a lower dimensional space such that certain properties, such 
as locality and other geometric characteristics, are preserved. 
Principal Component Analysis (PCA) is among the most 
popular reduction techniques. It belongs to the class of linear 
methods [13], in the sense that the mapping from the original 
to the reduced data is linear. For the purpose of classifying 
data, however, PCA  [14] is not well suited due to its 
supervised nature. This observation has led to the 
development of a range of supervised linear methods for 
dimensionality reduction, which take into account the class 
labels of the training data. The iterative clustering algorithm is 
similar to the hill climbing technique. It is commonly used in 
spatial clustering algorithms. In this technique, the bad quality 
clusters are discarded and is replaced, if possible, by better 
quality clusters.  

PCA is presumably the most popular multivariate 
statistical approach and it is used by almost all scientific 
disciplines [15]. PCA is a method of analyzing relationships 
between sets of data in mathematics. PCA is a statistical 
technique that analyzes patterns in data sets of higher 
dimensions. PCA is very useful in compressing data and 
reducing its number of dimensions [16]. 

V. GLOBALDIMENSIONALITY REDUCTION (GDR) 
The Global Dimensionality Reduction (GDR) performs 

well when the dataset is globally associated i.e. most of the 
variation in the data can be collected by a few orthonormal 
dimensions. Where a single dimension captures the variation 
of data in the 2-D space. On such issues, it is possible to 
remove most of the dimensions with little or no loss of 
distance information. However, the dataset may not be 
globally associated. In such cases, diminishing the data 
dimensionality using GDR will cause a significant loss of 
distance information. Loss in distance information is 
manifested by a large number of false positives and is 
measured by precision. More the loss, larger the number of 
false positives, lower the precision. 

 False positives increase the cost of the query by causing 
the query to make unnecessary accesses to nodes of the index 
structure and adding to the post processing cost of the query, 
that by checking the objects returned by the index and 
eliminating the false positives. The cost increases with the 
increase in the number of false positives. Note that false 
positives do not affect the quality the answers as they are not 
returned to the user. Protein structures are better preserved 
than protein sequences, and consequently more functional 
information is accessible in structures than in sequence [17]. 
Diminishing the data dimensionality using GDR causes 
significant loss of distance information resulting in a large 
number of false positives and hence a query cost [18]. 

GE (data, d, s_dim) 
1. Projections ← getProj (data, s_dim); 
2. Semi_ellip ← ellip_k_means (projection, 

s_dim); 
3. // process each semi_ellips 
4. For each semi_ellip with size > 0 
5. Semi_ellip_data ← restoreData 

(semi_ellip); 
6. Semi_ellip ← getProj (semi_ellip_data, 

s_dim); 
7. MPE ← get MPE (s_dim); 
8. If MPE > MaxMPE and 2*s_dim > d 
9. GE(data, d, 2*s_dim); 

10. Else 
11. Add semi_ellip_data into 

ellipsoid_array 
 

12.  For each ellipsoid_array[i] 
13.   dr ← min (MaxDim, s_dim); 
14.   MPE ← getMPE (dr); 
15.   while change of MPE < threshold 
16.    dr --; 
17.   MPE ← getMPE (dr); 
18.  Projections ← getProj (ellipsoid_array [i], dr); 
19.  for each projection 
20.   ProjDist ← getProDist (); 
21.   if ProjDist ≤ β 
22.    add it to this subspace; 
23.   else 
24.    add it to noise set; 



 

VI. EXPERIMENTAL RESULT 

PPA is better over PSO [19], MMDR [20], GDR as PSO 
discovers the centroids of cluster for minimizing the 
intracluster distance. It also maximizes the distance between 
clusters. 

 
Fig.2 Performance Comparison between PPA, PSD, MMDR and 

GDR 

VII. CONCLUSION 
The ultimate intent of dimensionality reduction is to 

rapidly develop the query accuracy and efficiency; 
simultaneously pattern classification is to select and apply the 
right pattern at right scenarios. In our proposed approach PPA 
is best by comparing the other techniques i.e., MMDR, PSO 
and Clustering. This approach diminishes the error rate, 
significant rise in the throughput, reduction in missing of 
items and certainly the patterns are classified. In future still 
more enhancement of this approach is needed especially 
concentrating on pattern recognition/classification. 
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