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Abstract: With the rapid developments in the wireless communication technology, ultra dense networks (UDN)
are identified as the cutting edge platform of research, in order to achieve the network capacity goals of 5G-fifth
generation cellular networks. It is envisioned that the deployment of UDN plays a vital role in the development
of 5G cellular networks to satisfy the data rate demands from the users. In an UDN, the inevitable deployment
of low power base stations enables the users with many problems in terms of Quality of experience (QoE),
Quality of Service (QoS) along with the major problem of frequent handovers due to the mobility of users.
Addressing this problem of handover optimization in the deployment of UDN’s this paper proposes a novel
framework EMI-RNN based on the recurrent neural networks to predict the handovers in advance and avoid the
call drop rate. Simulation results presented in the study exhibits the performance and prediction rate of the
proposed framework.
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1. INTRODUCTION network may cause the packet delay and packet loss

With the drastic increase in the consumption of the
bandwidth because of the current generation
technological applications like smart high definition
television (HDTV), voice over IP (VolP), usage of
10T devices and graphics embedded online gaming
have stimulated the progression of mobile
communication networks to the 5G (fifth Generation)
Ultra dense networks [1]. It is envisioned that the 5G
UDN’s are expected to deliver 1000-fold capacity
increased data rates with high end mobility for the
users when compared with the 4G network
deployments. In specific, the ultra dense networks
includes numerous small cells that enhances the rate
of throughput to the static users compared with the
conventional networks, simultaneously it enables with
the large number of challenging issues addressing the
users mobility [2]. In the context of the ultra dense
networks the User Device (UD) very frequently cross
the cells due to its mobility such that it requires
maintaining the connections across various base
stations (BS) that enables the UD with the strongest
signal strength. This phenomenon of handing off the
signals is called as handover (HO) mechanism [9].

The main challenges of the ultra dense networks
include frequent handover drastic decrease in the
quality of the service and quality of experience in the
user perspective. Contemporary hand-off mechanisms
will not be able to address these challenges. In this
context, several solutions are proposed addressing the
problem of frequent handoff’s in ultra dense 5G
networks [10]. These frequent handovers in the

that diminishes the user experience. Furthermore, this
hand-off may cause the heavy load at the network
gateway that may result in the poor performance of
the network. In general scenario, mobility speed of the
user may not depict a major change in the signal
handover problem in ultra dense networks.

The 5G ultra-dense network can be assumed as n-
tire network that includes several low power base
stations (BS’s) with varying transmitting efficiency in
terms of the femtocells and picocells that are deployed
randomly in the coverage region in which the large
BS is called as the macrocell as shown in Figure 1.

Figurel: 5G-UDN Deployment Scenarios
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Despite the numerous advantages in the aspect of the
small cell deployment in the UDN, it includes many
challenges. Handover (HO) mechanisms play a vital
role of all the challenges specified in 5G-UDN [11].
The contemporary HO strategies adopt the process of
passive trigger mechanism such that the mobile
network was not made with the prior preparation that
acquires an unconstructive impact on network side as
well as the user side. In the user perspective, the
signal interactions in between the UD, serving BS and
target BS may face severe network delay and
reduction in the throughput [12]. Due to the data
traffic and the load at the serving BS it will not be
able to accommodate the handover request from the
new UD request. Therefore it is considered as a
critical aspect in designing mobility management and
handover mechanisms in dense networks[13]. The
contribution of this study involves in designing of a
novel and enhanced multilayer independent recurrent
Neural Network (EMI-RNN) to optimize frequent
handovers and call drop rate.

The organization of the paper is as follows section 2
presents a brief outline of the various research studies
that intends to solve the problem of frequent handoffs
and call drop rate using heuristic machine learning
and decision making algorithms. Section 3 includes
the proposed network model for the purpose of
implementing the proposed algorithm. Section 4
includes the proposed framework along with its
implementation scenario. Section 5 presents the
simulation results. The rest of the paper includes
conclusion and references.

2. RELATED WORK

Several studies form the researchers provided many
solutions addressing the problem of handover in the
wireless networks such that this section provides the
glimpse of the research works and their patterns in
solving the handover problem. Most of the research
studies addressed the time delay and its mitigation in
the context of the hand over process [ 20, 17].
Furthermore many studies indicate that there are few
cases in which the handover process is too early or
too late and there is a decision problem in choosing
the right BS. Research studies in [18] indicate that
the frequent handover problem can be solved by the
implementation of the software defined networking
(SDN) in which localization of the mobility is
considered as the major aspect. The studies in [19]
illustrates a novel mechanism in which the small cell
deployments play a major role in the context of the
backhaul topology in which the researchers further
concentrated on the analysis of the series of network
evaluation metrics. The research work presented in
[song] utilize the information theory that
quantitatively evaluate the trajectory of the user

device mobility such that they illustrated that the user
device mobility is 93% predictable on computing the
conditional entropy of the mobility history of a user
device such that learning the user mobility through
the trajectory data [21].

A. Handover Prediction Based on ML

Recent studies specify that the usage of machine
learning has derived prolific solutions that emphasize
5G UDN’s to solve various problems automatically.
Figure 2 specify various machine learning algorithms
that are helpful in managing handoffs in mobile
networks. The most efficient and popular algorithms
of those are mixtures of Gaussians, k-means,
automated relevance determination (AMD) etc.
These algorithms play a vital role in improvising the
handover management, load balancing at the base
stations, mitigation of the congestion. In this context,
the handoff forecasting models utilize the dynamic
handover data collected from the wvarious base
stations in which it makes use of the time series
forecasting techniques as the most viable mechanism
that analyze the historical patterns of the HO data to
predict the next base station[22]. Furthermore
variants of Machine learning (ML) and Deep
Learning (DL) algorithms, dynamic models like
Neural networks are utilized for the predictions.

. Decision Tree, NN, Random Forest, SVM's
Handover Classification |
and Nave Bayes
Linear and Non linear Regression
—* Handover Forecasting | . £ '
Gaussian Process, NN
N Decision Making 4 Reinforcement Learning, SVM, Hidden
Markov Models
Machine
Learning based » Handover Prediction |——  Markov Chain Theory, self organizing
Applications neural networks
Handover Clustering R K-Means, Gaussian Mixture, PCA
Abnormal detection SVM's and Random Forest
»| Hand over and other
Maximum Weight Spanning Tree and
KPI's Relationship .
Information Theory
Analytics

Figure 2: Variants of Machine Learning
Algorithms used for Handover

Research studies have categorized the process of

handovers as the Vertical

HO as well

as the

Horizontal HO. In horizontal HO the mobility and the
signal switching of the users will be happened in
between the base stations (BS) of the same network
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where as in vertical handover the signal switching
may happened in between the different networks.
Optimizing the HO parameters plays a vital role as it
affects the overall network coverage, energy
consumption and inference management over the
network. On considering its vitality progressive
research is being done and several ML and DL based
automated approaches are being utilized for the
process.

Soldani et al., in his research studies [23], illustrated a
generic framework that work based on the self
optimizing networks is demonstrated as a feasible
solution to optimize the Handover parameters in the
context of neural networks. Supporting the feasibility
of implementing the neural networks the authors in
[4] bhave proposed a novel handoff algorithm
developed based on the probabilistic neural networks
and evaluated its performance based on the
comparison with current generation hysteresis
mechanism. It has been notified that the application of
the neural network in optimizing the handoff have
depicted a progressive improvement in the context of
reducing overall signalling cost. Authors in [3] have
brought into discussion regarding the impact changes
in TTT (Time to Trigger) parameters as well as the
A3-offset  parameters[24]. A novel solution
addressing the application of cell range extension and
mobility estimation was proposed that depicts the
positive impact in optimizing the Mobility Robustness
of the user furthermore enhancing the performance of
the network handover in an heterogeneous network
distribution scenario.

Stoyanova et al., in his work [25] proposed two
efficient algorithms addressing the vertical handoff
optimization problem, of those the initial one is the
self organising mapping (SOM) algorithm within
which the handover parameters are periodically
computed independently that may cause handover
initiation. Furthermore the Fuzzy Logic Controller
(FLC) based optimization and decision making
solution that involves in the crucial metrics like
latency, bit error rate, signal strength in order to
determine the handover decision for each mobile
terminal. The simulation results of these algorithms
depict that FLC based algorithm outperforms the
SOM based algorithms in optimizing and decision
making in predicting appropriate handoffs. To
optimize and to obtain balance in between the
handoff and call drop rate, Sinclair[24] have proposed
a novel mechanism that address the most vital
handover parameters that include TTT and hysteresis.
The proposed model is based on SOM and XSOM
that enables the kernel to modify the distance metric
of SOM thoroughly by allowing the mapping of the
inputs within the high dimensional space. The
simulation results of this algorithm depicts that it

reduces the number of handoffs and call drop rate by
nearly 70%.

Recent class of the progressive research on frequent
handoffs and call drop rate in ultra dense networks
mostly make use of feedback controllers. These
classes of algorithms mainly focus on the handoff
parameters that include Handoff margins, TTT, A3-
offset and hysteresis. Wide range of research articles
mainly concentrate on the Fuzzy logic controllers to
solve frequent handoff problem.[6][7][8]. The pattern
of research in all the research work is carried in such a
way that quantifiable number if the network metrics
are gathered and fuzzyfy them to make optimal
decisions. On the other side Mwanje et al., in his
research work [26, 5] have proposed a diverse Q-
learning mechanism for mobility robust optimization
in the context of addressing the handoff settings.
Based on the mobility rate observed in each cell the
algorithm functions and obtain penalty or reward.
Authors in this research article have considered both
the problems that include mobility robust optimization
as well as mobility load balancing (MLB) case
studies. Within the MLB the main objective is to
redistribute the signalling loads automatically.

3. SYSTEM MODEL

A. Network Model

A simplified schematic architecture of the proposed
multi-connectivity paradigm in the 5G ultra dense
network is depicted in Figure 3.The architecture
includes the trajectory movement path of the user
equipment across various mm Wave base stations that
are simultaneously connected to the LTE base stations
that contain control plane connection as well as the
user plane connection. In this context the user plane
messages are transmitted by the LTE BS furthermore
each user equipment will have a single connection
which is monitored by the (MME) Mobility
management equipment that which simultaneously
connects the LTE BS and the core network. However
the mmWave base stations can exchange the
configuration messages with LTE BS through X2 link
that may be wireless backhaul or wired.
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Figure 3: A simplified architecture for multi-
connectivity 5G UDN

In specific, the trajectory paths of the user equipment
are trained in prior based on the history of the user
geographical position data. If user equipment (UE) is
under service, the core network will be able to predict
the further position of mobile UE at a particular
moment of time based on the historical records[14].
The training and prediction of the of the network in
this research work is accomplished based on the
Independent Recurrent Neural Network (IRNN)
phenomenon [15] derived based on the recurrent
neural networks and reinforcement learning that will
be explained detail in next section. The concrete
process of the proposed multi-connectivity handover
process is described in Figure 4.

User Equipment under
serviee

Mobility Pradiction of the
User Equipment

Executz Handover Stop Muti-commection

Handover
Required

Report as Prediction Report as Prediction
Corract Error

N

Improved RSS
in tergst BS?

Figure 4: Handover Scenario in Proposed multi-
connectivity network model

MME plays a vital role in the evaluation of future
Received Signal Strength (RSS) of mobile UE and
determine the next base station to optimize the
frequent handoff and call drop rate. Due to the
random variants in the paths of the mobile UE the
network predictions may not be accurate all the time
[16]. In the perspective to avoid the energy loss and
call drop rate the multi connected user equipment
frequently monitors the RSS from its source base
stations.

4. DEEP LEARNING OF THE NETWORK
WITH EMI-RNN.

In the context of the deep learning framework, RNN
(Recurrent Neural Network) plays a major role in time
series prediction. Conversely, the traditional RNN
will not be able to make accurate predictions when
there is a necessity to store and retrieve long term
memories. Furthermore the training of the RNN
experiences exploding problem as well as the gradient
vanishing because of frequent multiplication of the
recurrent weighted matrix. Different variants of the
RNN were proposed in various research studies that
include gated recurrent unit (GRU) and (LSTM) Long
short term memory to address the gradient problems.
To overcome these deficiencies independent recurrent
neural networks are adopted as they can maintain long
term memory sequences that gives more advantages
over conventional RNN techniques.

A. Independently Recurrent Neural Network with
Backpropagation

Independently recurrent networks are described as
follows in the context of time series prediction within
the networks on the utilization of the long term
memory along with exploding problems and gradient
vanishing

hk = O'(Wt(Xk) + U° (hk - 1) + B) ....... Eqnl

Where h,, indicates hidden vector, Wt(X,) weight of
the input vector, U and B indicates the matrix
parameters and ° indicates the hadamard product. In
this variant of recurrent neural network, every neuron
is independent of each layer such that staking of one
or more layers enhances the connection between the
neurons till the n™ layer.

hn,k = O'(th(Xk) + Un (hn,k - 1) + Bn)Eqn2

In which Wt,, and U, indicates the n-th row of the
recurrent weight and input weight such that
information is received by each neuron from its
hidden state of previous time step and input. In this
perspective every neuron deals with a type of spatial
pattern such that is considered to be as the multilayer
perceptrons in which the parameters are shared. The
main property of the this kind of RNN is to maintain
correlation in between the neurons which are
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exploited on stacking two or more layers such that
each neuron in the subsequent layer generates an
output to the neurons in the previous layer.

The major drawback of the recurrent neural networks
i.e., exploding problem and gradient vanishing are
addressed through backpropagation of independently
recurrent neural networks. The main objective of the
IRNN through backpropagation is to reduce the time
step Tsin Jy, i.e., the jacobian matrix is as follows.

Ts—1
0Jm _ Olm Ohprs _ 0] O Ry i1
th,k ghn,Ts ghn,k th_k : th'm
6Jm -
= ehn,Ts H;Cf:tl an,m+1 Un
6Jm - _
= m nTS , HTTnzlon,mH ......... Eqn.3

ehn,Ts

Onm+1 IN the equation 3 indicates the activation
function within which the gradient values includes the
scalar value U, such that diag(oy,,+1) indicates the
jacobian matrix. The learning process of the neuron
includes that whenever the recurrent weight is
considered as O the consequent neuron only uses the
information of the previous neuron such that the
neurons in this recurrent neural networks store values
in the different patterns and in varying lengths in the
memory.

B. Proposed EMI-RNN mechanism to optimize
frequent handovers

The proposed EMI-RNN (Enhanced Multilayer
Independently Recurrent Neural Network) mechanism
is one of the variant of the independently recurrent
neural network that is capable to store long stack of
time series pattern for the prediction of the next layer.
The optimization of frequent handover in ultra dense
networks is processed in threes steps as follows:

Step 1: Initially the received signal strength at the UE
is calculated from the various base stations on
acquiring the time order sequence of the spatial
gradient parameters of the every candidate base
station such that the weights of the hidden vectors and
the weight of the input signal strength is calculated.
The computation process is carried out in the
following manner:

Let us assume that there is N-base stations of
mmWave in which two user equipment are under
service. the signal strength of each base station is
calculated at the LTE BS in correspondence with the
UE. Further the computation of the preference level is
done based on the independent recurrent neural
network. Based on the activation function the
preference value (hidden Vector) is computed.

hix = Wl(Xl,k) + diag(Uin)hq k-1

Equation 4 indicates computation of the preference
level for primary layer simultaneously Equation 5
indicates the computation of preference level at the
secondary layer.

Compute the RSS at User Equipment sent from the various Base
stations

-

!

Acquire the time order sequence of spatial gradient parameters of
each candidate BS

'

Based on the time order sequence compute first order and Second
order difference and further more layers consequently for each
bases station in time ordered sequence.

¥

Computation of the preference level is done based on the ratio of
the positive finite differences that have consecutive ordered
preferences fo the first order differences

N
° Weather the all BSs

in the Proximity is
evaluated?

Identify the Base station based on the computed preference level
which is greatest of all the base stations

'

Select fhe preferred Base Stations

Figure 5: Flow chart of the proposed framework

Let us assume that Inverse probability of W, is
evaluated then,

Wy hyy = Wl(Xl,k) + diag(Uin)Wy * hyj_y
........... Eqn.6 thereby,

hox = W2 W1(Xy ) + W2 diag(Uy)hy i1

Step 2: After the base station is selected for the
optimized handover, the preferred base station is to be
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indicated to the LTE-BS and the mobility
management equipment in which the qualitative
decision is to be made in switching the base station.
After obtaining the permission the UE switches to the
preferred base station. Else other base station is
selected quantitatively. The process of handover
decision is depicted in Figure 6.

Preferred base station i3 selected

'

Enrol the prefetred base station i MME through LTE-BS and request for
the handover permission

»

v

TES

Acquited
pemission

Switching UE to
peeferred BS

NO

Select other BS

Figure 6: Handover Decision in MME

Step 3: To optimize the handover frequency the base
station is selected from the list of potential base
stations based on th mobility frequency of UE and the
cell type of a BS. Further the process is carried on by
selecting the preferred base station from the list of
selected base stations.

Step 4: Repeat Stepl until the UE service is
terminated.

5. PERFORMANCE EVALUATION

A. Simulation Environment and Mobility
Prediction

Several research studies have indicated the patters of
human mobility in their work that includes pause-
times, heavy-tail flights and heterogeneously
circumscribed mobility areas etc. On considering
these properties several mobility models were
developed of those we refer (SLAW) Self-similar
Least-action Human Walk data set along with the
SMOOTH model in the context of generating the
mobility data. Exclusive mobility patterns for the user
have been generated and captured their locations for a
period of 15 hours.

In this Scenario we made use of EMI-RNN
algorithm to devise and exclusive prediction model
for every UE in which the two dimensional co-
ordinates of the user mobility were considered for a
period of 700 minutes as an input and executed

towards the time series forward a minute to obtain a
standardized output. Based on that, the prediction of
user mobility can be made for the next minute.
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Figure 7(a) Brediction of HO Accuracy

The performance evaluation of the proposed
mechanism EMI-RNN is evaluated through handover
prediction accuracy, moreover the comparison of HO
prediction accuracy is assessed based on the mobility
speed of the user in 3 variants such that it includes
2m/s , 5m/s, 10m/s respectively and compared with
dual connectivity and multi-connectivity . Figure 7.
(a) Depicts the prediction accuracy of the handover
and Figure 7. (b) Illustrates the frequency of the
handovers based on the cell density.

6. CONCLUSION AND FUTURE WORK

This paper proposes a novel and intelligent
framework based on multi connectivity mechanism
for mobility management in 5G ultra dense networks.
To learn the user equipment trajectory paths and
mobility patterns this study utilizes Enhanced
Multilayer Independently Recurrent Neural Network
(EGI-RNN) through which a sequence of time series
predictions is made possible in correlation with the
mobility patterns. Based on the extensive simulations,
it is identified that the predictions of Handover
accuracy made by this algorithm are quite satisfied
quantitatively and supports the multiple users in ultra
dense networks qualitatively in terms of Quality of
Service and Quality of Experience. This work can be
further extended based on implementing a multi-
objective decision making algorithm while delegation
of the signals is being done in the low frequency
signal areas. Furthermore, the proposed framework
could be implemented based real time quantifiable
dataset.
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