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Abstract

Machine Learning and Deep Learning are transforming modern wireless communications. With the
increasing number of users in cellular networks and need for increased bandwidth requirement owing to
multimedia applications, the choice and utilization of effective multiplexing techniques for 6G onwards has
become mandatory. Orthogonal Frequency Division Multiplexing (OFDM), Filter Bank Multicarrier
(FBMC) and Non-Orthogonal Multiple Access (NOMA) have been leading contenders for multiplexing for
future generation wireless communications. High data rates, low bit error rate (BER), low latency and
packet loss are fundamental requirements of wireless communications which may be challenging to achieve
under fading channel conditions with mobile users. One of the technologies may perform better than the
other under practical channel conditions and user attributes which points to the fact that co-existence and
vertical handover among the technologies would increase the Quality of Service (QoS) if a choice among
multiple techniques is provided. Moreover, estimating the wireless channel state information (CSI) would
also facilitate the decision of picking a particular technology in real time scenarios.
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I.  Introduction

With the advent of data driven machine learning models, wireless networks are also harnessing
pattern recognition and estimation for improving Quality of Service (QoS) metrics in pervasive networks
such as internet of things (IoT), edge computing and fog computing. One such practical application happens
to be witching from one multiple access technique to the other, often termed as handover. It is necessary to
meet the constraints of hardware as well as software in terms of available bandwidth and latency to design
optimal networks. Often a rigid network design doesn’t suffice for the network constrains in real time.
Hence, handover is an essential part of the network design wherein the network can switch between different
configurations so as to maintain satisfactory quality of service.

Table.1 Major Handover Types

OFDM NOMA Comparative Analysis
Orthogonal sub-carrier separation Power Level Separation NOMA exhibits higher spectral
efficiency
Mandatory: Orthogonality among Mandatory: Significant power Fading conditions may deteriorate
carriers difference among carriers power level Separation.
Relatively lower throughput Relatively higher throughput INOMA beats OFDM in throughput
metric.
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Relative lesser Spectral efficiency ,,n"

Relatively higher Spectral efficiency
A

NOMA beats OFDM in terms of
spectral efficiency

Reception requires
Orthogonal separation: relatively
simpler

Reception requires power
separation: relatively complex

OFDM clearly has a less
Complex receiver design than
NOMA

By dint of orthogonality, the effect of
path loss is less prominent.

By dint of power separation, the effect
of path loss is much more prominent.

OFDM clearly triumphs over NOMA
if impact of QoS based on path loss is
considered
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Fig. 1.-The Rayleigh Fading Model

The Rayleigh Fading Channel: A Rayleigh fading channel is a wireless channel in which there is no line
of sight (LOS) but only multi path components (MPCs). Rayleigh fading is a channel model when there are
many objects in the environment that scatter the radio signal before it arrives at the receiver. Such objects
are called interacting objects or IOs. The Rayleigh fading channel is typically suited to urban areas with
heavy population, buildings etc. This type of fading results in a fluctuating level of power received at the
receiver.

II.

The objectives of the proposed work are:
Analysing the variations in signal strength under fading wireless conditions.
Analyzing the conditions for co-existence among multiple access techniques.
Selecting features which can govern vertical handovers.
Designing an optimized automatic data driven handover mechanism among multiple access techniques.

Computing parameters such as iterations to convergence, mean squared error, regression, bit error
rate and outage probability.
Obtaining low values of iterations to convergence, BER and outage

I11.

Need for Handover
Wireless Future generation wireless communications will face the following challenges:
High User Mobility and Interconnected Devices (Ex. IoT/Edge Computing)

Need to support high data rates (~GBps).
Seamless connectivity and minimal outages.
Limited Bandwidth.
Continuously increasing number of users and data traffic.
Moreover, user mobility would result in both temporal and frequency selective nature of wireless
channels coming into play, where the channel response would be given by:
Channel response=H(f,t)

Here,

H represents the channel response
f is the operating frequency
t is the time metric

Objectives Of Study

Proposed Methodology

@3.1)
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Channel Estimation

The practical wireless channels are generally functions of frequency and time both. The
channel state information can be obtained by summing up the samples of the channel response at regular time
steps of ,,T* each assuming quasi-stationary of the channel and can be modelled as [75]:
Here,
CSIy ="
H(f,t—Ti) 3.2)
T is time step for sensing
i € N;set of natural numbers i=1
CSI¢ temporal channel state response

H corresponds to the frequency domain response of the practical wireless channel. Practical wireless
channels seldom follow the conditions for distortion less transmission given by [76]:

Hw) =KV o (3.3)
P(w) = —k(w) V @ 3.4
Here,

H(w) represents the magnitude response of the channel.
P(w) represents the phase response of the channel.
w represents the angular frequency given by:

w = 2nf (3.5

K is a constant
—k(w) represents a linear function of w

H{

'

Time: tl

Frequency ()

A

Time: 2
Time: t3

Time (t)
Fig.2 Practical Channel Characteristics

Thus, the need for estimating the channel response is critically important for two major reasons:
Obtaining the CSI
Obtaining the spectrum hole in the system.

Obtaining the spectrum holes i.e. the free part of the spectrum is necessary to allocate spectrum to
new users and can be done through cognizance of the channel through the channel sensing mechanism of
cognitive networks.

Channel Sensing and Equalization:

It is necessary to sense the channel conditions continuously or recursively as the channel’s response
and hence the channel state information (CSI) keeps changing [77]. A typical frequency selective channel
sensing illustration is depicted in figure 4.2.
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Fig.3 Frequency Selective Nature of channel

Figure 3 depicts a typical channel response H for a frequency selective practical wireless channel
typically utilized in IoT systems. The channel response is often evaluated based on the sensed energy for
each frequency. For instance, the channel Response of any frequency f is computed as,

Hf_Of

If
Where,
Hf is the channel response for frequency f.

Of is the output power of the channel for frequency f.
I is the input power of the channel for frequency f.

To estimate the complete channel response (CSI) or H(f, t), the channel is to be sensed periodically,
every T's seconds for all the frequencies in the bandwidth under interest.

Here,
T is called the sampling time for the cognitive network.

Channel Equalizer
Transmitter 1 Receiver
H( f. T) —_——
F
3
P
Compare
Error Enown
Feedback le——— dummy data
every T, and received
data

Fig.4 The Equalization Mechanism

The equalization has to be performed every Ts seconds as the channel sensing has to be repeated

periodically to estimate the updated channel response. The advantage of such an approach would be an
updated version of the channel state information (CSI) but having a major constraint of enhanced complexity
of the system. Thus, the proposed algorithm aims at continuously estimating the channel state response to
evaluate the jamming activity and avoiding the bandwidth section which is prone to moderate and high
jamming activity.

IV.  Experimental Results & Graphs:
Expected Results
The proposed system has been designed so as to emulate a real-world wireless data transfer
mechanism that is identical to [oT data transmission. The simulation results are presented subsequently.
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Transmitted Binary Data
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Fig.5 Transmitted binary data

Figure 5 depicts the transmitted binary data that emulates an actual IoT binary data transmission
pattern. For the sake of visualization, only 1600 binary samples of the entire bit stream is shown.

Nosie Addition in Channel
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Fig.6 Noise Addition

Figure 6 depicts the addition of the random fluctuations and noise to the data signal. The addition of
noise and disturbance is inevitable and simulates an actual transmission model.
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Signal after noise addition
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Fig.7 Data Stream after Noise Addition

Figure 7 depicts the [oT data stream after the addition of noise. The noise addition has been assumed
to follow a Gaussian or white noise pattern thereby exhibiting a constant noise psd over the entire bandwidth
of transmission (random fluctuation in time domain)
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Fig. 8 Ideal probability of false alarm

Figure 8 depicts the probability of false alarm with respect to the variations in the energy threshold.
It can be clearly observed that as the energy threshold increases, the probability of false alarm keeps
plummeting. This supports the theoretical standpoint as noise is typically weak in nature compared to the
signal strength. Thus, noise, deceiving the receiver completely would be extremely uncommon with the
increase in the energy threshold for the detection of signals.

DOI: 10.9790/4200-16023036 www.iosrjournals.org 35 | Page



An Effective Investigation On Deep Learning Based CSI-Driven Adaptive Handover ........

[11.
21.
(31
[4].

[5].
[6].

[7].

[8].

[9].

[10].
[11].
[12].
[13].
[14].
[15].
[16].

[17].

[18].

References
J. Thompson Et Al, "S5g Wireless Communication Systems: Prospects And Challenges [Guest Editorial]," In Ieee
Communications Magazine, Vol. 52, No. 2, Pp. 62-64, February 2014, Doi: 10.1109/Mcom.2014.6736744.
M. A. M. Albreem, "5g Wireless Communication Systems: Vision And Challenges," 2015 International Conference On
Computer, Communications, And Control Technology (I4ct), 2015, Pp. 493-497, Doi: 10.1109/14¢t.2015.7219627.
J. M. Khurpade, D. Rao And P. D. Sanghavi, "A Survey On lot And 5g Network," 2018 International Conference On Smart
City And Emerging Technology (Icscet), 2018, Pp. 1-3, Doi: 10.1109/Icscet.2018.8537340.
J. H. Anajemba, Y. Tang, J. A. Ansere And C. Iwendi, "Performance Analysis Of D2d Energy Efficient Iot Networks With
Relay-Assisted Underlaying Technique," Iecon 2018 - 44th Annual Conference Of The Ieee Industrial Electronics Society,
2018, Pp. 3864-3869, Doi: 10.1109/Iecon.2018.8591373.
M. Aazam, S. Zeadally And K. A. Harras, "Fog Computing Architecture, Evaluation, And Future Research Directions," In Ieee
Communications Magazine, Vol. 56, No. 5, Pp. 46-52, May 2018, Doi: 10.1109/Mcom.2018.1700707.
S. Sonmez, 1. Shayea, S. A. Khan And A. Alhammadi, "Handover Management For Next-Generation Wireless Networks: A
Brief Overview," 2020 Ieee Microwave Theory And Techniques In Wireless Communications (Mttw), 2020, Pp. 35-40, Doi:
10.1109/Mttw51045.2020.9245065.
T. D. Novlan, R. K. Ganti, A. Ghosh And J. G. Andrews, "Analytical Evaluation Of Fractional Frequency Reuse For
Heterogeneous Cellular Networks," In Ieee Transactions On Communications, Vol. 60, No. 7, Pp. 2029-2039, July 2012, Doi:
10.1109/Tcomm.2012.061112.110477.
H. Zhang, X. Wen, B. Wang, W. Zheng And Y. Sun, "A Novel Handover Mechanism Between Femtocell And Macrocell For
Lte Based Networks," 2010 Second International Conference On Communication Software And Networks, 2010, Pp. 228-231,
Doi: 10.1109/Iccsn.2010.91.
M. Yannuzzi, R. Milito, R. Serral-Gracia, D. Montero And M. Nemirovsky, "Key Ingredients In An lot Recipe: Fog
Computing, Cloud Computing, And More Fog Computing," 2014 Ieee 19th International Workshop On Computer Aided
Modeling And Design Of Communication Links And Networks (Camad), 2014, Pp. 325-329,
Doi: 10.1109/Camad.2014.7033259.
A. Alrawais, A. Alhothaily, C. Hu And X. Cheng, "Fog Computing For The Internet Of Things: Security And Privacy Issues,"
In Ieee Internet Computing, Vol. 21, No. 2, Pp. 34-42, Mar.-Apr. 2017, Doi: 10.1109/Mic.2017.37.
S. Han Et Al., "Artificial-Intelligence-Enabled Air Interface For 6g: Solutions, Challenges, And Standardization Impacts," In
Ieee Communications Magazine, Vol. 58, No. 10, Pp. 73-79, October 2020, Doi: 10.1109/Mcom.001.2000218.
Y. Cai, Z. Qin, F. Cui, G. Y. Li And J. A. Mccann, "Modulation And Multiple Access For 5g Networks," In leee
Communications Surveys & Tutorials, Vol. 20, No. 1, Pp. 629-646, Firstquarter 2018, Doi: 10.1109/Comst.2017.2766698.
G. Nain, S. S. Das And A. Chatterjee, "Low Complexity User Selection With Optimal Power Allocation In Downlink Noma,"
In Ieee Wireless Communications Letters, Vol. 7, No. 2, Pp. 158-161, April 2018, Doi: 10.1109/Lwc.2017.2762303.
D Tse & P Viswanath, Fundamentals Of Wireless Communication, 2004 (Book)
J. Guerreiro, R. Dinis, P. Montezuma And M. Campos, "On The Receiver Design For Nonlinear Noma-Ofdm Systems," 2020
Ieee 91st Vehicular Technology Conference (Vtc2020-Spring), 2020, Pp. 1-6,
Doi: 10.1109/Vtc2020- Spring48590.2020.9129559.
A Al Khansa, X Chen, Y Yin, G Gui, H Sari., Performance Analysis Of Power- Domain Noma And Noma-2000 On Awgn
And Rayleigh Fading Channels, Journal Of Physical Communication, Elsevier 2020, Vol.43, 101185.
H. Yoo, M. Lee, T. H. Hong And Y. S. Cho, "A Preamble Design Technique For Efficient Handover In leee 802.16 Ofdm-
Based Mobile Mesh Networks," In Ieee Transactions On Vehicular Technology, Vol. 62, No. 1, Pp. 460-465, Jan. 2013,
Doi: 10.1109/Tvt.2012.2220990.
D. Zhang, Y. Zhou, X. Lan, Y. Zhang And X. Fu, "Aht: Application-Based Handover Triggering For Saving Energy In Cellular
Networks," 2018 15th Annual Ieee International Conference On Sensing, Communication, And Networking (Secon), 2018, Pp.
1-9, Doi: 10.1109/Sahcn.2018.8397106.

DOI: 10.9790/4200-16023036 www.losrjournals.org 36 | Page



