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ABSTRACT

Massive MIMO (multiple-input multiple-output) is
considered as an heir of the multi-user MIMO
technology and it has recently gained lots of attention
from both academia and industry. In 5G environment,
more users using the network at the same time, CoMP
is used for MU-MIMO beamforming environment to
provide network from BS. The transmit power, pilot
training, and spatial transmission resources need to be
allocated properly to the users to achieve the highest
possible performance. This is called resource
allocation and can be formulated as design utility
optimization problems. Identifying non-disjoint
clusters is an important issue in clustering referred to
as Overlapping Clustering. While traditional
clustering methods ignore the possibility that an
observation can be assigned to several groups and
lead to k exhaustive and exclusive clusters
representing the data, Overlapping Clustering
methods offer a richer model for fitting existing
structures in several applications requiring a non-
disjoint partitioning. In this Thesis Develop Proper
Clustering algorithm for CoMP network based on
location and traffic load using Similarity-based
Clustering and Model-based Overlapping Clustering.
The Simulation results analysis the performance of K
Means and Hierarchical Clustering.

Keywords: CoMP network, MU-MIMO, BS, SBK,
MOC

I. INTRODUCTION

The Third Generation Partnership Project (3GPP)
Long Term Evolution (LTE)-Advanced is envisaged
as the fourth generation cellular standard, and is
aligned with existing third generation deployments,

e.g., Universal Mobile Telecommunications System
(UMTS). The goals of LTE-Advanced are to improve
the peak throughput by increasing the numbers of
transmit and receive antennas. One of the key
enabling  technologies  of LTE-Advanced is
coordinated multipoint (CoMP) that targets to
improve the cell-edge performance as well as overall
network spectral efficiency through base stations
(BSs) coordination. In this thesis, develop proper
clustering algorithms for CoMP network based on
location and traffic load that provides high QoS while
is proposed. The proposed algorithm takes advantage
of frequency, spatial and time diversities in the time-
varying wireless channel to increase the CoMP
network performance. The concept of “overlapping
user grouping”, aiming to increase the system
capacity and at the same time ensure full user
coverage. To improving user experience in future 5G
cellular networks.

II. 5G NETWORKS

5G network is very fast and reliable. The concept of
hand held devices is going to be revolutionized with
the advent of 5G. Now all the services and
applications are going to be accessed by single IP as
telephony, gaming and many other multimedia
applications. As it is not a new thing in market and
there are millions of users all over the world who have
experienced the wireless services wireless technology.
It is not easy for them to shrink from using this new
5G network technology. There is only need to make it
accessible so that a common man can easily afford the
profitable packs offered by the companies so that 5G
network could hold the authentic place. There is need
to win the customer trust to build fair long term
relation to make a reliable position in the

@ IJTSRD | Available Online @ www.ijtsrd.com | Volume —2 | Issue —4 | May-Jun 2018

Page: 1037




International Journal of Trend in Scientific Research and Development (IJTSRD) ISSN: 2456-6470

telecommunication field. To complete with the
preceding wireless technologies in the market 5G
network has to tender something reliable something
more pioneering. All the features like telephony,
camera, mp3 player, are coming in new mobile phone
models. 4G is providing all these utility in mobile
phone. By seeing the features of 4G one can gets a
rough idea about what 5G Networks could offer.
There is messenger, photo gallery, and multimedia
applications that are also going to be the part of 5G.
There would be no difference between a PC and a
mobile phone rather both would act vice versa.

II1. SYSTEM DESCRIPTION

The main goal of the work is to develop Clustering
algorithms for CoMP LTE-Advanced network that
provides high QoS. The resource allocation approach
should be able to take advantage of diversities offered
in multiuser wireless networks, specifically in
frequency, spatial and time domains. To develop
Proper Clustering algorithms for CoMP network
based on location and traffic load. The overlapping
clustering model that we present here is a
generalization of the SBK model.
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Fig 2: Block Diagram

To make the number of steps to construct the example
as few as possible, the configuration is kept simple,
rather than realistic. The example might represent the
integration of two clusters created by two separate
organizations. For a more realistic scenario, see
Clustering: Planning how to configure cluster
transmission queues.

Follow the steps to construct the clusters. The clusters
are used in the following examples of isolating the
message traffic from the client application to the
server application.

The instructions add a couple of extra queue managers
so that each cluster has two repositories. The gateway
queue manager is not used as a repository for
performance reasons.
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Fig 3: System Model

Given set of n data points, each point being a vector in
Rd , let them be represented by a n*d observation
matrix X, such that row Xi denotes the ith data point
and Xij represents its jth feature. Fitting a mixture
model to X is equivalent to assuming that each data
point Xi is drawn independently from a probability
density.

Let Z be a n*k boolean matrix such that Zij is 1 if the
jth component density was selected to generate Xi,
and 0 otherwise. In mixture model estimation, since
each point Xi is assumed to be generated from only
one underlying mixture component, every row Zi is a
k-dimensional boolean vector constrained to have 1 in
only one column and 0 everywhere else. Let zi be a
random variable corresponding to the index of the 1 in
each row Zi: every zi 1is therefore a multinomial
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random variable, since it can take one of k discrete
values. If the matrix Z is known, one can directly
estimate the parameters of the most likely model
explaining the data by maximizing the complete log-
likelihood of the observed data.
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Fig 4: Flow Chart

The SBK model assumes that M and A are
independent so that P(M,A)=P(M)P(A) and that Xij’s
are conditionally independent given Mi and Aj. The
SBK model minimizes the squared loss between X
and MA, and their proposed algorithms is not
applicable for estimating the optimal M and A
corresponding to other loss functions.

We show that the basic SBK model for overlapping
clustering can be (more simply) understood as an
extension of the mixture modeling with Gaussian
density functions. We extend the basic SBK model to
work with any regular exponential family. Using a
connection between exponential families and
Bregman divergences. We outline an alternating
minimization algorithm for the general model that
monotonically improves the objective function for
overlapping models for any regular exponential
family distribution. We present empirical evidence
that the proposed overlapping clustering model works
better than some alternative approaches to
overlapping clustering.
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Fig 5: Similarity-based Clustering

In MOC, we generalize the SBK model to work with
a broad class of probability distributions, instead of
just Gaussians, and propose an alternate minimization
algorithm for the general model.

The most important difference between MOC and the
mixture model is that we remove the multinomial
constraint on the matrix Z, so that it can now be an
arbitrary boolean matrix. To distinguish from the
constrained matrix Z, we denote this unconstrained
boolean matrix as the membership matrix M. Every
point Xi now has a corresponding k-dimensional
boolean membership vector Mi : the h th component
Mh i of this membership vector is a Bernoulli random
variable indicating whether Xi belongs to the h th
cluster. The membership vector Mi for the point Xi
effectively encodes 2k configurations, starting from
[00 : : : O&, indicating that Xi does not belong to any
cluster, to [11 : : : 1¢, indicating that Xi belongs to all
k clusters. So, a vector Mi with multiple 1’s directly
encodes the fact that the point Xi belongs to multiple
clusters.
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Fig 6: Model-based Overlapping Clustering

Such a procedure will of course depend on the order
in which clusters are considered to be turned “on”. In
particular, the choice of the first cluster to be turned
“on” will partly determine which other clusters will
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get turned “on”. The permutation dependency of the
problem is somewhat similar in flavor to that of pay-
off computation in a co-operative game. If h players
are already in cooperation, the value-add of the
(h+1)th partner will depend on the permutation
following which the first h were chosen. In order to
design a fair pay-off strategy, one computes the
average value-add of a player, better known as
Shapley value, over all permutations of forming co-
operations. The other entries of the permutation are
obtained greedily on the fly. Since dynamicM runs k
threads to achieve partial permutation independence,
the best membership vector over all the threads is
selected at the end. The algorithm has a worst case
running time of O(k3) and is capable of running with
any distance function.

IV. SYSTEM ANALYSIS

K means is an iterative clustering algorithm that aims
to find local maxima in each iteration. This algorithm
works in these 6 steps:

1) Specify the desired number of clusters K: Let us
choose k=2 for these 5 data points in 2-D space.

2) Randomly assign each data point to a cluster: Let’s
assign three points in cluster 1 shown using red color
and two points in cluster 2 shown using grey color.

3) Compute cluster centroids: The centroid of data
points in the red cluster is shown using red cross and
those in grey cluster using grey cross.

4) Re-assign each point to the closest cluster centroid:
Note that only the data point at the bottom is assigned
to the red cluster even though its closer to the centroid
of grey cluster. Thus, we assign that data point into
grey cluster.

5) Re-compute cluster centroids: Now, re-computing
the centroids for both the clusters.

6) Repeat steps 4 and 5 until no improvements are
possible: Similarly, we’ll repeat the 4th and 5th steps
until we’ll reach global optima. When there will be no
further switching of data points between two clusters

for two successive repeats. It will mark the
termination of the algorithm if not explicitly
mentioned.

Fig 7: K Means Clustering

Hierarchical clustering, as the name suggests is an
algorithm that builds hierarchy of clusters. This
algorithm starts with all the data points assigned to a
cluster of their own. Then two nearest clusters are
merged into the same cluster. In the end, this
algorithm terminates when there is only a single
cluster left. The results of hierarchical clustering can
be shown using dendrogram.

At the bottom, we start with 25 data points, each
assigned to separate clusters. Two closest clusters are
then merged till we have just one cluster at the top.
The height in the dendrogram at which two clusters
are merged represents the distance between two
clusters in the data space.

The decision of the number of clusters that can best
depict different groups can be chosen by observing
the dendrogram. The best choice of the no. of clusters
is the no. of vertical lines in the dendrogram cut by a
horizontal line that can transverse the maximum
distance vertically without intersecting a cluster.

In the above example, the best choice of number of
clusters will be 4 as the red horizontal line in the
dendrogram below covers maximum vertical distance
AB.
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Fig 8: Hierarchical Clustering
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Two important things that you should know about

hierarchical clustering are:

» This algorithm has been implemented above using
bottom up approach. It is also possible to follow
top-down approach starting with all data points
assigned in the same cluster and recursively
performing splits till each data point is assigned a
separate cluster.

» The decision of merging two clusters is taken on
the basis of closeness of these clusters. There are
multiple metrics for deciding the closeness of two
clusters :

«Euclidean distance: |ja-b||2 = V(Z(ai-bi))
*Squared Euclidean distance: |ja-b||22 = Z((ai-
*Manhattan distance: ||a-b||1 = X|ai-bi|
*Maximum distance: ||a-b||INFINITY = maxi|ai-bi]
Mahalanobis distance: V((a-b)T S-1 (-b)) {where, s
: covariance matrix }

bi)2)

The performance of the proposed clustering algorithm
is carried out through simulation using MATLAB
simulation environment. The network model and the
proposed clustering and resource allocation algorithm
is developed and evaluated through mathematical
analysis.

V. RESULTS

In this thesis we proposed Clustering algorithms such
as Similarity-based Clustering and Model-based
Overlapping Clustering and their performance with
single user and multiple user, with various diversities
are analyzed under following four situation.

1. K Means Clustering

2. Hierarchical Clustering

3. UPGMA (Unweighted Pair Group Method with
Arithmetic mean)

4. WPGMA (Weighted Pair Group Method
Arithmetic mean)

with
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Fig 9: Cluster based Resource allocation
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Fig 10: K Means clustering of bidimensional
coordinates points
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Fig 11: Hierarchical clustering of
bidimensional coordinates points
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clustering UPGMA method
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Fig 13: Dendrogram for Hierarchical
clustering WPGMA method

In this research work we developed Clustering
algorithms for CoMP network that can provide high
QoS. The proposed algorithm has been proven to
provide a significant improved performance for
CoMP LTE-Advanced network and can be extended
to future 5G network.

VI. CONCLUSION

In wireless systems, interference is a major factor that
limits the total network capacity. In this work, the
allocation of system bandwidth and power among
users in the network are coordinated such that the
interference generated to other cells is minimized.
This is also known as inter-cell interference
coordination (ICIC), which is able to increase the
overall network throughput.

In this thesis Clustering allows coordinate their
transmission while the clusters compete with one
another to reduce a per cluster cost based on their
energy consumption and time load due to their traffic.
Our proposed clustering method uses information on
both the locations of BSs and their capability of
handling the traffic and dynamically forms the
clusters in order to improve the overall performance.

The broad generative model for overlapping
clustering, MOC, based on generalizing the SBK
model presented in. It has also provided a generic
alternating minimization algorithm for efficiently and
effectively fitting this model to empirical data.
Finally, we have presented experimental results on
both artificial data and real newsgroup and movie
data, which demonstrate the generality and
effectiveness of our approach. In particular, we have
shown that the approach produces more accurate

overlapping clusters than an alternative ‘“naive”
method based on thresholding the results of a
traditional mixture model.
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