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Abstract
High-dimensional datasets present many mathematical challenges 
as well as some opportunities, and generally are bound to offer 
increase to new theoretical developments. Among the issues with 
high-dimensional datasets is that, in lots of instances, maybe not 
all the measured variables are “important” for understanding the 
underlying phenomena of interest. While certain computationally 
expensive novel practices can build predictive models with high 
accuracy from high-dimensional information, it is still of interest 
in several applications to lessen the dimension of the original 
data ahead of any modeling of the info. Modern Cloud platforms 
have steadily increased their use of convoluted, High dimensional 
data. The large, High dimensional picture datasets generated by 
biology, earth science, astronomy, robotics, present producing, and 
supplementary areas of science and industry demand new methods 
for analysis, feature extraction, dimensionality reduction, and 
visualization. However, most continuing dimensionality reduction 
methods have two shortcomings. First, they do not produce a 
purpose from input to manifold that can be requested to new points 
whose connection to the training points is unknown. Second, 
countless methods presuppose the attendance of a meaningful 
distance metric in the input space. This paper proposed K-PCA 
based techniques that can reduce the dimensionality of data for 
aiding both understanding and classification.
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I. Introduction 
The word cloud mentions to a Internet or network. In supplementary 
words, we can say that cloud is something that exists at remote 
location. Cloud Calculating involves a colossal number of 
computers related across a contact web such as the Internet [1].
Cloud Calculating  mentions to impact, configure ,  and  admission 
the requests online. It proposes services like online data storage, 
request and infrastructure. Cloud Calculating provides us a way by 
which; above the internet we can have admission to the requests as 
utilities. It permits us to craft, configure, and customize requests 
online. Cloud can furnish services above the web i.e. on the 
confidential webs or on the area webs i.e. LAN, WAN or VPN. 
Requests such as web conferencing, e-mail, client connection 
association Customer relationship management (CRM), all run 
in the cloud.

The architecture of Cloud Computing comprises of many 
components, each of them are loosely coupled. we broadly divide the 
cloud architecture into two parts: Front Ends and Back Ends. Cloud 
infrastructure consists of storage, servers, network, management 
software, deployment software and platform virtualization.

Fig. 1: Cloud Computing Infrastructure

Hypervisor: •	 Hypervisor [2] is a firmware or low level plan 
that deeds as a Adjacent Contraption Manager(VMM). VMM 
permits to allocate the solitary physical instance of cloud 
resources amid countless tenants.
Management Software: •	 Association Multimedia helps in 
maintaining and configuring the infrastructure.
Deployment Software: •	 Placement multimedia helps in 
employing and incorporating the request on the cloud.
Network: •	 Web is the key constituent of cloud infrastructure. 
It permits to link the cloud services above the internet. It 
is additionally probable to hold the web as a utility above 
the internet i.e. the customer can customize  web path and 
protocol.
Server: •	 Server helps to compute resource allocating and 
proposal supplementary services like  resource allocation 
and deallocation, monitoring resources, protection etc.
Storage: •	 Cloud uses distributed file arrangement for storage 
purpose. If one of the storage resource become flounder next 
it can be removed from one more one, that makes the cloud 
computing extra reliable.

For building a database of information about a large collection 
of image over cloud systems we require efficient datacenter as 
such database is going to have very large dimensions i.e it will 
be a High Dimensional Database of images.  As A Matter Of Fact 
each database record will include multi dimensional information’s 
about images. Processing such a large volume of data is very 
challenging we need some forms of practical dimensionality 
reduction approaches by so that we can process the data effectively 
without losing much information from the data. Next section 
explains this problem of dimensionality reduction and High 
Dimensional data over cloud systems.

II. curse of Dimensionality in Cloud Systems
The term “curse of dimensionality” [4] has come to denote to 
any problem in data analysis that result from a colossal number 
of variables. In other words the problem of High dimensionality 
consequence from the fact that a fixed number of data points 
come to be increasingly “sparse” as the dimensionality of the data 
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increases. Cloud infrastructures cannot support yet support such 
High Dimensionality datasets. Dimensionality reduction aims to 
reduce High dimensional data to a low dimensional representation 
such that comparable input objects are mapped to adjacent points 
on a manifold. In cloud systems Dimensionality reduction 
can improve performance a lot. However, most continuing 
dimensionality reduction methods have two shortcomings.
To visualize High Dimensional Data in Cloud Systems, ponder 
100 points distributed alongside a uniform random allocation in 
the interval [0, 1]. If this interval is broken into 10 cells, next it is 
exceedingly probable that all cells will encompass a little points. 
Though, ponder what happens if we retain the number of points 
the alike, but allocate the points above the constituent square. 
If we retain the constituent of discretization to be 0.1 for every 
single dimension, next we have 100 two-dimensional cells, and 
it is quite probable that a little cells will be empty. For 100 points 
and three dimensions, most of the 1000 cells will be empty as 
there are distant extra points than cells. Conceptually our data is 
“lost in space” as we go to higher dimensions.
For clustering goal, the most relevant aspect of the plague of 
dimensionality concerns the result of rising dimensionality on 
distance or similarity. In particular, most clustering methods 
depend critically on the compute of distance or similarity, and 
need that the objects inside clusters are, in finish, closer to every 
single supplementary than to objects in supplementary clusters. 
One method of analyzing whether a data set could encompass 
clusters is to plot the histogram of the pair astute distances of 
all points in a data set. If the data encompasses clusters, next 
the graph will normally display two peaks: a top representing 
the distance amid points in clusters, and a top representing the 
average distance amid points. 
If merely one top is present or if the two tops are close, next 
clustering via distance established ways will probably be difficult. 
Note that clusters of disparate densities might cause the leftmost 
top to truly come to be countless peaks.

 
There has additionally been a little work on analyzing the deeds of 
distances for High dimensional data. For precise data allocations, 
that the comparative difference of the distances of the closest and 
farthest data points of an independently selected point goes to 0 
as the dimensionality increases, i.e., 

For example, this phenomenon occurs if all qualities are i.i.d. 
(identically and independently distributed). Thus, it is frequently 
said, “in High dimensional spaces, distances amid points come to 
be moderately uniform.” In such cases, the believed of the nearest 
acquaintance of a point is meaningless. To comprehend this in a 
extra geometrical method, ponder a hyper-sphere whose center is 
the selected point and whose radius is the distance to the nearest 
data point. Then, if the comparative difference amid the distance 
to nearest and farthest acquaintances is tiny, increasing the radius 
of the globe “slightly” will contain countless extra points.

A. High Dimensional Data
Modern Cloud platforms have steadily increased their use 
of convoluted, High dimensional data [3]. The large, High 
dimensional picture datasets generated by biology, earth science, 
astronomy, robotics, present producing, and supplementary areas 
of science and industry demand new methods for analysis, feature 
extraction, dimensionality reduction, and visualization. However, 
most continuing dimensionality reduction methods have two 
shortcomings. First, they do not produce a purpose from input to 
manifold that can be requested to new points whose connection 
to the training points is unknown. Second, countless methods 
presuppose the attendance of a meaningful distance metric in 
the input space. 
For example, locally Linear Embedding (LLE) [4] linearly merges 
input vectors that are recognized as neighbors. The applicability 
of LLE and comparable methods to picture data is manipulated 
because linearly joining pictures merely makes sense for pictures 
that are flawlessly registered and extremely similar. Out-of-sample 
expansions to countless dimensionality reduction methods have 
been counseled that permit for consistent embedding of new data 
examples lacking re-computation of all samples. These expansions, 
though, accept the attendance of a computable kernel purpose 
that is utilized to produce the area matrix. This dependence is 
reducible to the dependence on a computable distance metric in 
input space.
Another limitation of present methods is that they incline to 
cluster points in output space, from time to time densely plenty 
to be believed degenerate solutions. Rather, it is from time to 
time desirable to find manifolds that are uniformly obscured by 
samples

B. Dimensionality Reduction
Dimension reduction [6-7] is the mapping of data to a lower 
dimensional space such that uninformative variance in the data 
is discarded, or such that a subspace in that the data lifetimes is 
detected. Dimension reduction has a long past as a method for data 
visualization, and for removing key low dimensional features. In 
a little cases the wanted low dimensional features depend on the 
task at hand. Separately from teaching us concerning the data, 
dimension reduction can lead us to larger models for inference. 
The demand for dimension reduction additionally arises for 
supplementary pressing reasons. 
as m-p/(2p+d), whereas m is the example size, the data lies in , and 
whereas the regression purpose is consented to be p periods 
differentiable. Think of a particular point in the sequence of 
benefits corresponding to the optimal rate of convergence: m = 
10,000 examples, for p = 2 and d = 10. Presume that d is increased 
to 20; what number of examples in the new sequence gives the alike 
value? The answer is concerning 10 million. If our data lies on a 
low dimensional manifold L that happens to be embedded in a High 
dimensional manifold H, next modeling the data undeviatingly in 
L rather than in H could coil an impossible setback into a feasible 
one. A coherent framework for dimensionality reduction when the 
data resides on a low dimensional feature space embedded in a 
higher dimensional space is urgently required.

C. Mapping to Low Dimensions
The problem is to find a function that maps high dimensional 
input patterns to lower dimensional outputs, given neighborhood 
relationships between samples in input space. The graph of 
neighborhood relationships may come from information source 
that may not be available for test points, such as prior knowledge, 
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manual labeling, etc. More precisely, given a set of input vectors I 
= , ∀i = 1, . . . , n, find a parametric 
function GW: RD → RD with d ≪ D, such that it has the following 
properties:

Simple distance measures in the output space should 1. 
approximate the neighborhood relationships in the input 
space. 
The mapping should not be constrained to implementing 2. 
simple distance measures in the input space and should be 
able to learn in variances to complex transformations. 
It should be faithful even for samples whose neighborhood 3. 
relationships are unknown.
The setback of mapping a set of High dimensional points 4. 
onto a low dimensional manifold has a long past [1]. The 
two classical methods for the setback are Main Constituent 
Analysis (PCA) and Multi-Dimensional Scaling (MDS). 
PCA involves the protrusion of inputs to a low dimensional 
subspace that maximizes the variance. In MDS, one computes 
the protrusion that best preserves the pair astute distances amid 
input points. Though both the methods - PCA in finished and 
MDS in the classical scaling case produce a linear embedding. 
In present years there has been a lot of attention in arranging 
non-linear spectral methods for the problem. These methods 
involve resolving the Eigen worth setback for a particular 
matrix. All the above methods have three main steps. The 
early is to recognize a catalog of acquaintances of every 
single point. Second, a gram matrix is computed employing 
this information. Third, the Eigen worth setback is resolved 
for this matrix. The methods differ in how the gram matrix 
is computed. None of these methods endeavor to compute a 
purpose that might chart a new, unfamiliar data point lacking 
recomputing the whole embedding and lacking knowing its 
connections to the training points. 
The believed is to non-linearly chart the inputs to a High 5. 
dimensional feature space and next remove the main 
components. The algorithm early expresses the PCA 
computation merely in words of spot produce and next exploits 
the kernel mislead to implicitly compute the High dimensional 
mapping. The choice of kernels is crucial: disparate kernels 
yield melodramatically disparate embeddings.

Dimensionality Reduction Approaches over Cloud 
Environments
1. Principal component Analysis
PCA [8] is a useful statistical technique that has found application 
in fields such as face recognition and image compression, and 
is a common technique for finding patterns in data of high 
dimension. Before getting to a description of PCA, this tutorial 
first introduces mathematical concepts that will be used in PCA. 
It covers standard deviation, covariance, eigenvectors and eigen 
values. This background knowledge is meant to make the PCA 
section very straightforward, but can be skipped if the concepts 
are already familiar.

II. Projection Pursuit
The projection pursuit looks at the other side of the coin of the 
problem: the environment [9]. It allows us to understand which 
properties of the environment which influence the neuron, in order 
to give the specific modification equations we have presented. It 
then offers a straightforward way of introducing other learning 
rules starting from the properties in the environment which 
influence them. In the projection pursuit formalism, we think of 

the process of learning in neurons as an optimization process. 
The synapses in the neuron modify in order to find structure, for 
example edges, in the inputs. The modification of synapses then 
can thus be seen as the maximization of a cost function1 which, 
in some way, is a measure of the structure in the inputs.

III. Maximum Likelihood Factor Analysis
Maximum likelihood factor analysis offers effective procedures 
for statistical estimation of factor matrices and for statistical tests 
as to whether a factor analysis model represents the interrelations 
of attributes in a battery for a population of objects or individuals 
[10]. In practical use of these methods, however, there is a problem 
in judging the quality of a factor analytic study. While the factor 
analytic approach may be quite profitable in establishing latent 
traits which account for essential interrelations among observations 
in a domain of phenomena, the factor analytic model involving a 
limited number of common factors almost surely will not represent 
exactly the phenomena for a population of objects. 

IV. Independent Component Analysis
Most measured quantities are actually mixtures of other quantities 
[11]. Typical examples are 

The sound in a room in which several people are talking • 
simultaneously, 
An electroencephalogram (EEG) signal, which contains • 
contributions from many different brain regions, and
 A person’s height, which is determined by contributions from • 
many different genetic and environmental factors. 

Science is, to a large extent, concerned with establishing the 
precise nature of the component processes responsible for a given 
set of measured quantities, whether these involve EEG signals, 
human height, or even IQ. Under certain conditions, the signals 
underlying measured quantities can be recovered by making use 
of independent component analysis (ICA), which is a member of 
a class of blind source separation (BSS) methods.

V. Non-Linear Principal Component Analysis
Engineers are often confronted with the problem of extracting 
information about poorly-known processes from data [12]. 
Discerning the significant patterns in data, as a first step to 
process understanding, can be greatly facilitated by reducing 
dimensionality. The superficial dimensionality of data, or the 
number of individual observations constituting one measurement 
vector, is often much greater than the intrinsic dimensionality, 
the number of independent variables underlying the significant 
nonrandom variations in the observations. 

VI. Random Projections
In many fields of science and technology, one is often able to 
make only a limited number of measurements about an object of 
interest; particular examples include Magnetic Resonance Imaging 
(MRI) in medicine and interferometric imaging in astronomy. 
Roughly speaking, it Random Projections state that if a signal f has 
a parsimonious representation in a basis it is possible to reconstruct 
f accurately from a small number of projections onto randomly 
chosen subspaces via a tractable optimization program. 

VII. Vector Quantization
Learning Vector Quantization (LVQ) is a particularly intuitive 
and simple though powerful classification scheme which is 
very appealing for several reasons [13]: The method is easy 
to implement; the complexity of the resulting classifier can be 
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controlled by the user; the classifier can naturally deal with multi-
class problems; and, unlike many alternative classification schemes 
such as feed forward networks or the support vector machine , 
the LVQ system is straightforward to interpret because of the 
intuitive assignment of data to the class of the closest prototype. 
For these reasons, LVQ has been used in a variety of academic and 
commercial applications such as image analysis, bioinformatics, 
telecommunication, robotics, etc. 

VIII. Kohonen’s self-organizing Maps
The basic approaches for information retrieval and data mining 
in textual document collections are [14]:

Searching using keywords or key documents, • 
Exploration of the collection referring to some organization • 
or categorization of the documents, and 
Filtering of interesting documents from the incoming • 
document stream.

Keyword search systems can be automated rather easily whereas 
the organization of document collections has traditionally been 
carried out by hand. In manual organization carried out, for 
example, in libraries, classification schemes are defined and each 
document is positioned into one or several classes by a librarian. 
Similarly, in the current hypertext systems the links between 
related documents are most often added by hand.

III. Proposed Work

A. PCA based Dimensionality Reduction Algorithm 
Principal constituent scutiny (PCA) has been shouted one of the 
most priceless aftermath from requested linear algebra. PCA is 
utilized plentifully in all forms of scutiny - from neuroscience to 
computer graphics - because it is a easy, non-parametric method of 
removing relevant data from mystifying data sets. With negligible 
supplementary power PCA provides a roadmap for how to cut a 
convoluted data set to a lower dimension to expose the from time 
to time hidden, clear dynamics that frequently underlie it. 
The aim of this tutorial is to furnish both an intuitive sense for 
PCA, and a methodical discussion of this topic. We will onset 
alongside a easy example and furnish an intuitive explanation of 
the aim of PCA. We will tolerate by adding mathematical rigor 
to locale it inside the framework of linear algebra and explicitly 
resolve this problem. We will discern how and why PCA is 
intimately connected to the mathematical method of singular 
worth decomposition (SVD). This understanding will lead us 
to a prescription for how to apply PCA in the real world. We 
will debate both the assumptions behind this method as well as 
probable expansions to vanquish these limitations. 
The discussion and explanations in this paper are casual in the 
spirit of a tutorial. The aim of this paper is to educate. Occasionally, 
rigorous mathematical proofs are vital even though transferred to 
the Appendix. Even though not as vital to the tutorial, the proofs are 
gave for the brave reader who desires a extra finished understanding 
of the math. The merely assumption is that the reader has a working 
vision of linear algebra. Nothing more. Gratify sense free to link 
me alongside each suggestions, corrections or comments.

The below given figure shows the flow chart of proposed k-Means 
PCA based algorithm. This method clusters n data objects in to 
k number of clusters. It asks from the user to enter data set and 
number of clusters to be formed. 
Initially, Assign first k objects as k individual clusters. As each 
cluster has single data object so centroid of cluster is data object 

itself. In next step find the distance of each data object to each 
centroid and then cluster the data objects according to minimum 
distance. Now, clusters are updated with addition/deletion of 
data objects due to which centroid of each cluster is recalculated. 
Repeat last two steps until objects changes their clusters.

Algorithm for Dimensionality Reduction
Input:    //Set of n Documents to cluster
  D={d1, d2, d3,……..dn}
Output: //C is set of subsets of D as final clusters 
 C = {k1, k2, k3….kk}
 V = {v1, v2,…….,vc} be the set of centers.
Algorithm:
1. Randomly select ‘c’ cluster centers.
2. Calculate the distance between each data point and cluster 
centers.
3. Assign the data point to the cluster center whose distance from 
the cluster center is minimum of all the cluster centers..
4.  Recalculate the new cluster center using:  

  
5. where, ‘ci’ represents the number of data points in ith cluster.
6. Recalculate the distance between each data point and new 
obtained cluster centers.
7. If no data point was reassigned then stop, otherwise repeat 
from step 3).
8. Initialize dim array = size(data)
9. For each row successfully clustered using K-means, 
10. Find Cluster c to which the row r belong 
11. Dim[i] = c;//the c cluster center can now represent all the 
data points
12. // A, B, C .. with single value c
13. Return Dim
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Fig. 1: Dimensionality Reduction and clustering flow chart

In following figure we have taken a two dimensional data and made 
a plot using MATLAB, the data consists of High variance.
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Fig: 2: D High Dimensional Data

in following figure we have introduced redundancy in the existing 
data by applying angular transformations. 
Angle = [cosd(75) -sind(75); sind(75) cosd(75)];
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Fig. 3: Redundant Data After Transformations
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Fig. 4: Ribbon Plot Expand All in Page Plots the Columns of 
y as Three-Dimensional Ribbons of Uniform Width Using x = 
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Fig. 5: Reconstruction Error of Sample High Dimensional 
Image

IV. Conclusion and Future Scope
In cloud systems there are most of conditions that are “Big p 
Small n” cases; these are extreme examples of circumstances 
where dimension reduction is required because the true number 
of explanatory factors p surpasses (sometimes greatly exceeds) 
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the amount of samples n. In this work we have presented Nearest 
Niebuhr based Dimensionality reduction and Features selection 
methods that can be applied to large Cloud datasets effectively to 
reduce overall dimensionality of the data. EM based methods can 
be applied to data which have large dimensions and non linear 
mappings are not possible by traditional methods such as PCA 
or ICA. K-PCA can give a good reduction of the data when it 
lies along a non-linear manifold.  The matrix is n x n, so PCA 
will have difficulties if we have lots of data points. in future we 
would like to resolve this problem, we foresee the development 
of new nonlinear techniques for dimensionality reduction that 
do not rely on local properties of the data manifold. In addition, 
we foresee a shift in focus towards the development of nonlocal 
techniques for dimensionality reduction with objective functions 
that can be optimized well. Data-driven methods for fMRI analysis 
are useful.  
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