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Abstract

Fifth Generation mobile Wireless Network practically aims not only to connect
everyone but everything as well, such as the 10T devices, self-driven cars etc.
virtually on the same platform. The demand for higher data rates, lower
latency, increased network capacity and uninterrupted user experience marks
the definition for 5G wireless network. An important characteristic of 5G
network is the Heterogeneous Networks. Any practical environment will include
open outdoor — a direct Line Of Sight environment to office buildings —
portraying the Non-Line Of Sight environment as well. Also there will be static
users and dynamic users demanding for varying ranges of data rates. All these
characterize the concept of Heterogeneous Network. Any new generation
usually ensures backward compatibility to previous generations. 5G (IMT 2020)
also ensures backward compatibility with 4G(IMT-Advanced) or 3G (IMT
2000) devices. Any 4G or 3G device will work seamlessly even when 5G is fully
operational across the globe. As the name suggests multiple types of access
nodes in the wireless network acts as the core of any Heterogeneous Network
which include densely deployed femto/small cells under laid traditional macro
cell network. This is one of the leads to the promising solution of high data rate,
more capacity, lower latency etc. of the 5G communication. But small cell
deployment is no easy task. Incorrect deployment can lead to poor data quality
and higher interference. Machine Learning techniques can induce accurate and
automated approach to small cell activation. This can resolve the issue of any
incorrect deployment. Also Automation will lead to Rapid-to-Market of 5G
services. In our current thesis work we thus implement the Kohonen'’s Self-
Organizing Map (SOM) as an automatic data-analysis method. It is extensively
applied to clustering problems and data exploration in industry. This
unsupervised neural network is popular for its topological character mapping
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where input data can be multi-dimensional. Hence we present how Kohonen'’s
SOM can be efficiently used to proceed with the small cell deployment with
maximum achievable SINR. Mobile user of wireless services increases each
day. Hence the concept of Ultra Dense Network ~ which characterizes the much
denser small cell network as compared to actual number of active users ~
brings an important solution to the seamless connectivity to the increasing tele
density. We show that with increasing user density, on applying SOM for the
small cell deployment leads to enhanced Area Spectral Efficiency targeting for
Maximum Coverage. We also demonstrate the concept of Macro User
Offloading which essentially leads to traffic offloading from Macro Cell
network to Small Cell Network leading to lesser load on existing Macro base
stations with increasing tele density. A popular unsupervised algorithm is K-
Means. In order to establish the better characteristics of Kohonen’s SOM we
also establish a comparative study with the popularly implemented K-Means
unsupervised learning algorithm. 5G cell edge spectral efficiency is represented
by 5 percentile spectral efficiency. This is an important feature of any system’s
performance index. We hence produce the comparison of system performance
when deployed using SOM and while using K-Means. This further demonstrates
the Dbetter clustering characteristics of SOM. Our entire analysis of SOM’s
performance is extended from static to mobile user-equipment exhibiting stable
and enhanced system performance with increasing successful handover
percentage. K-Nearest Neighbors Algorithm is a supervised learning algorithm.
We utilized K-NN intelligently in our work in between the training phases of our
unsupervised learning techniques to extract with ease the interfering base

stations while calculating the SINR of the system.
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Chapter 1 Introduction

1.1 Preface

Wireless Communication System has amazing effect in our daily lives. It
leads to enhanced standard of living at minimal cost. Hence the thrive from one
generation to another continues in wireless mobile communication, each
targeting for more improvement and betterment over the other. The ITU
(International Telecommunication Union) has always tried to provide specific
improved requirements for IMT (International Mobile Telecommunication) for
each generation such that 3GPP (Third Generation Partnership Project) or other
technical bodies can gracefully implement the same for the improved living of
human beings across the globe. IMT-2000 is the global standard for 3G wireless
communication as defined by ITU. Similarly for 4G it’s IMT-Advanced and for
5G it’s IMT-2020 [1]. Among everything each standard aims for more and more
data rates with improved lower latency, higher spectral efficiency and deeper
coverage. The COVID-19 pandemic became an eye-opener for the entire world
that how seamless connectivity, higher speed with lower latency has now
become a necessity for the world and not a luxury. Though it had affected the
speed of 5G deployment but had induced a positive thrust for the quick and
correct deployment of 5G meeting the IMT-2020 standards. As per 3GPP
Release 15 document [2] the peak data rate is supposed to be 20 Gbps which is
20 times more than 4G(1 Gbps as specified for 4G). Latency is also expected to
be 10 times lesser in comparison to 4G (i.e 1ms [2]). Conclusively 5G is bound
to bring better spectral efficiency and coverage in comparison to any previous
generations. Seamless connectivity is expected starting from static users,
pedestrians to high speed objects ~ as high as 500 km/hour [2]. According to
IMT-2020, 3 broadly classified usage scenario for 5G are :- eMBB, mMTC and
URLLC [3]. eMBB covers high user density(like city/urban area) requiring
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increased data rate, supporting seamless connectivity in high mobility. mMTC
Is as e.g. for 10T devices, requiring lower power consumptions supporting
higher connection density. URLLC cater for critical applications (like military
applications or remote surgical applications) where lower latency is super
important along with reliability. Hence the 5G network technologies are
intended to accommodate varied innovative services — which connect every
object, appliance or device to the Internet. This includes large influx of data
traffic with enhanced user experience in terms of quality.

In order to meet 5G requirements of higher data rate along with lower
latency, heterogeneous networks (HetNets) have been introduced. This involves
deployments of additional low power nodes under the existing conventional
high-power nodes within the coverage area. As mentioned in [4], a future
wireless heterogeneous network (HetNet) was already envisioned to have macro
base stations (BSs) providing a coverage blanket, along with small BSs like
pico BSs and low powered user-deployed femtocells. Fig.1.1 demonstrates
various applications of 5G wireless communication in heterogeneous networks
in day-to-day life [5][6]. As was mentioned previously, post COVID-19 people
urge for rapid deployment of 5G networks. Also the large influx of data created
due to varied services requires intelligent handling for reliable communications.
Machine Learning plays an important role in this field. Machine Learning is
broadly split into Supervised, Unsupervised and Reinforcement Learning. While
Supervised Learning gets trained with labeled data to provide clear
classification, Unsupervised Learning is meant to act on stochastic unlabeled
data set to provide intelligent clustering. Reinforcement Learning can work even
in complete unknown environment and gets trained via rewards in its trial-error
process. Under Unsupervised Machine Learning, SOMs are categorized as
unsupervised neural network, first proposed by Kohonen [7]. In [8] Self-
Organizing Map (SOM) had been used as a clustering tool for database
operations. SOM follows a competitive learning process in its training period
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resulting in winning neuron ruling over the input data. Unsupervised learning
feature of SOM and its capability of handling large influx of data due to its

clustering feature persuaded us to explore its capability in our thesis work.
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Fig.1.1. Applications of 5G

Another popular unsupervised learning algorithm K-Means was included
in our work to establish a comparative study between the two exhibiting

enhanced performance of SOM over K-Means.

1.2 Objective

According to the Literature Survey in 1.3, SOM has extensive capabilities
that are yet to be explored in Wireless Communication. Hence in this thesis, we
explore the performance of the unsupervised neural network, Kohonen’s SOM
in Wireless Communication field. Our model is based on 5G FR1 spectrum.
But the prototype is flexible to be extended to 5G FR2 spectrum as well post
careful calculation of path loss is performed.
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At first we will provide a comparison between the two Unsupervised
Clustering Approach, K-Means and Kohonen’s SOM, in our work while
Imposing each clustering technique for efficient deployment of the base stations
in the heterogeneous wireless network. This will be specifically done to prove
the enhanced performance of SOM over a popular UL technique like K-Means.
We have already seen how K-Means have been applied in terms of modeling of
5G HetNet [9] under Literature Survey. To get the complete picture we also
study the computational complexity difference between K-Means and SOM.
This gives an idea of faster performance with respect to increasing tele density
as well.

Further we induce mobility following Random Walk Model, among the
UEs of a specific coverage area to study how the SOM distributed HetNet
model is capable of handling successful handoff at different SINR threshold in
the system. This has been studied by extending across varying mobility,
velocity and tele-density. Study based on tele-density gives a new horizon
reflecting the ultra-dense 5G network.

Along with this, we also study the behavior of SOM distributed HetNet
model by varying the macro to small base station ratio in terms of Area Spectral
Efficiency, Coverage Probability and Load Per Tier for different SINR
thresholds as required by any 5G system model. Load per Tier demonstration

provides a clear idea of the macro offloading benefits in 5G HetNets.

1.3 Literature Survey

The impact of COVID-19 pandemic sweeping across the world affecting
the timelines of the network operators for 5G deployment is well stated at IEEE
Innovation at Work [10]. As stated in [10] already 3GPP had to delay its two
standards — 3GPP Release 16 Stage 3 and 3GPP Release 17 which cover 5G
specifications for standalone network, vehicle-to-everything systems and I10T. In
3GPP Release 18 [11], 5G new radio air interface were published. Starting with

FR1(Frequency Range 1) ranging from 410 MHz to 7.12 GHz. The other being
17



FR2 (Frequency Range 2) from 24.25 GHz to 71 GHz - this signifies the
millimeter wave application [11][12]. Our very own Indian physicist, Sir
Jagadish Chandra Bose had discovered mm wave (one can refer Wikipedia for
details). But still developing countries like ours, India, suffers with the 5G
spectrum cost as an additional burden along with time constraint. These two
major factors motivated us to apply Machine Learning techniques for faster and
economical rollout of 5G services. Along with rollout of 5G services backward
compatibility of the existing 4G wireless network architecture is inclusive
[13][14].

As elaborated in [15] Machine Learning techniques can be broadly
categorized as Supervised Learning (SL), Unsupervised Learning (UL) and
Reinforcement Learning (RL). UL is based on unlabeled data set and hence uses
functions to deal with unknown input patterns [15]. In [16][17] we find the clear
mathematical demonstration of stochastic characteristics of wireless channel.
Further, in [18] we see that in presence of fading, shadowing and interference,
deterministic approach of placing the base stations at any new area is not a good
idea. Hence, UL proves to be a good option to be applied in wireless
communication which is well equipped with unlabeled varying data. Among the
UL techniques, ANN is an efficient and popular method having applications in
various domains like image recognition, speech recognition, medical diagnosis
etc. [19]. An artificial neuron’s operating principle is similar to biological nerve
cell [19]. Similar to the dendrites of the biological neuron, the artificial neuron
receives the information in its input layer, processes the same in the processor
and calculates the weights to generate the output layer, which is further
forwarded to another neuron just like the synaptic communication between two
biological neurons [19]. According to [20] once trained an unsupervised ANN
doesn’t need any reprogramming and can produce the required results.
Kohonen’s SOM is a special type of unsupervised ANN based on competitive

learning [7]. It not only acts as unsupervised clustering algorithm but also a
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powerful visualization tool performing a powerful nonlinear mapping from a
high-dimensional input layer to a low-dimensional output layer of neurons [21].
In SOM the learning process considers both the similarity between the input
data and also the distance between the neurons [7]. This is an added advantage
In wireless mobile communication, since it has the ability to provide the
accurate position of the base stations considering the interference from the
neighboring base stations as well. Another popular UL technique used is K-
Means algorithm. It uses an iterative process to cluster the unknown input data
[22]. But this methodology requires K clusters and initial K centroids as input
for clustering of data [22]. Also since it’s not a neural network hence the idea of
distance between the K centroids doesn’t come into play by default, as can be
seen in case of SOM. Another aspect is there and will be large influx of varied
data when 5G is operational at full mode across the globe. As mentioned earlier
SOM is also a strong visualization tool. Hence if SOM is utilized for the
deployment of small base stations in HetNets of 5G, it’s visualization
characteristics can also be utilized as an add on benefit. Such benefit cannot be
expected from K-Means on the other hand.

K-Means clustering is a popular UL technique and several related works
applying K-Means have been published in wireless communication. Among
them we find that for uneven distribution of sensor nodes in Wireless Sensor
Networks, [22] demonstrates the use of optimized K-Means for the clustering of
sensor nodes. Also in [23] K-Means is used for network modeling followed by
analysis of downlink HetNet. To maximize throughput in 5G HetNets optimized
K-Means is used in [24]. In another work [9], K-Means is used to find the
optimal location of small cell BSs.

Application of the efficient yet simple and highly visual neural network,
Kohonen’s SOM, on efficient deployment of small base stations for maximum
throughput in 5G HetNets, is hard to find. Though we find its application in
various other fields. Under smart grid applications [25], it has been observed
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that due to frequent climate variations maintaining uninterrupted power supply
Is a challenge. Hence for uninterrupted power supply to critical loads in
distribution system operators’ networks, SOM is used as a leverage in this work
[25]. In [8], SOM had been used as a clustering tool for database operations. A
detailed survey can be observed in [21] where implementation of SOM found in
hardware [Application-specific integrated circuit (ASIC), field-programmable
gate array (FPGA)] is analyzed. The substantial parallelism feature of SOM
algorithm makes it suitable as high energy efficient algorithm — the main reason
why SOM is targeted for hardware implementation. In medical field there has
been a critical study for diagnosis of spinal column patients, where comparison
between SOM and K-Means has been established [26]. In [26], we find that
SOM outperforms K-Means while detecting patients with spinal problems. For
further improvement of K-Means’ performance in recommendation system of
smart TV, in [27], SOM has been used. SOM has been opted for the initial
clustering phase to obtain the required central points and its output has then
been used in K-Means for its improved performance. In telecommunication the
use of SOM for pattern analysis in 3G mobile networks can be observed in [28].
In order to create a more optimized and cost-effective task for any mobile
operator, SOM has been used to find near-behavior cells based on two
correlated characteristics: uplink noise and frame error rate in [28]. Clustering
of channel modeling in wireless communication using SOM is demonstrated in
[29][30]. As in [31] cell clustering is proposed based on SOM with the help of
OAM collected data. SOM algorithm in [31] is used to analyze the LTE radio
access network’s performance. The LTE cells are clustered based on downlink
features. Earlier in [32], the clustering capability of Self Organizing Map is
utilized for the detection of anomaly in mobile communication system which is
under surveillance.

In the thorough survey conducted on clustering [33], a clustering
technique is designed to support Load Balancing, Throughput, Coverage,
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Connectivity, Mobility, Inter-Cluster routing etc [33]. Based on our discussion
till now, we already find SOM’s extensive capability in various other fields. We
thus intend to explore how efficiently SOM can also provide these clustering

characteristics to the benefit of Wireless Communication.

1.4 Outline of the Thesis

® Chapter 2 provides the background study of 5G Wireless Communication
and various machine learning techniques. Along with this it portrays how
KNN Supervised Learning has been intelligently used throughout the
thesis work along with Unsupervised Learning application. The
simulation results for urban and rural areas on applying Unsupervised
Neural Network SOM for the deployment of the base stations is also
presented. The UEs are notably distributed by Poisson Point Process. This

idea is applied across the thesis work.

® Chapter 3 deals with the comparative performance analysis of the popular
Unsupervised Learning Algorithm K-Means and Unsupervised Neural
Network Kohonen’s SOM on various performance parameters like Area
Spectral Efficiency, Coverage Probability, Load Per Tier and
Computational Complexity. The entire comparison is based on Static
UEs.

® Chapter 4 introduces the concept of Random Walk Model which helps in
imposing speed in static UEs. The SOM based deployed System Model is
then applied to the mobile UEs to carefully study its behavior and
efficiency with regards to handover. Successful handoff percentage is
studied by varying velocity as well as mobility percentage in a particular

geographical area.

® Chapter 5 derives the conclusion of the results that we have obtained in
our thesis work and also includes the future scopes of research of the

work.
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Chapter2 Background Study of 5G
Wireless Communication and
Various Machine Learning
Techniques

2.1 Introduction

The evolutionary process of Wireless Communications spanned over a
few decades. In 1894 Guglielmo Giovanni Maria Marconi first experimented
an end-to-end radio wave based wireless long distance transmission using large
built in transceiver system. This discovery was a major boost to the generations
of Wireless Communications which were primarily dependent on the radio
wave spectrum. It all started in 1980s with the advent of 1G analogue cellular
system. 2G evolved in 1990 to upgrade to digital network and to the popular
GSM (Global System for Mobile Communication). However demand for high
data rates led to the inception of 3G in 2001. To support further modern services
(like video conferencing etc) LTE (Long Term Evolution) in 2009 and LTE-
Advanced (4G) came into limelight [34]. But as Plato, the Greek Philosopher,
states “Necessity...the mother of invention” and hence generation evolution
couldn’t stop at 4G. The extension of wireless mobile services from men to
things in industries led to 5G in 2019 [34]. Interestingly the invention of
millimeter wave which was made as early as 1895 by our very own Indian
physicist Sir Jagadish Chandra Bose, became a core aspect after a few decades
in 5G communication. We will study in this chapter that why these generations
were required and why 5G is such an important generation whose deployment

can lead to an impressive upgrade to standard of living of human being.

Now higher the generation, denser and more heterogeneous cellular

network of wireless communication becomes. At the first step if the deployment
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of the network is done manually then this might lead to incorrect deployment
resulting in higher interference, lower QoS, lower coverage etc. Also this will
result in cost of planning and maintenance of the network post installation and
configuration of the network. The problem of incorrect deployment and the cost
can be subsequently reduced if human intervention is reduced. This can be
achieved only when Machine Learning is applied as the relevant solution. The
field of Machine Learning allows systems to learn and improve based on
experience with reprogrammable feature installed in it. Subsequent correct
deployment of small base stations under laid a macro cell network will lead to
higher coverage, lower latency, lower interference and hence the required QoS
of our latest generation i.e 5G. Thus, in this chapter we first begin with the
concepts of Machine Learning and specifically why the unsupervised neural
network, SOM (Self Organizing Map) has been employed for our thesis work is

explained.

2.2 Evolution of Generations in Wireless
Communication From 1G to 5G

Wireless Communication evolved from generation to generation with
increasing number of users, services, mobility, deeper coverage etc. Hence we
will now discuss briefly the major component evolution that has taken place
across generations to support the specific needs and services of mankind. We

have referred the survey discussion in [35] while analyzing this evolution.
2.2.1 First Generation (1G)

1G also known as Advanced Mobile Phone Services (AMPS) in the US,
aimed towards supporting voice services for mobile users. Analog signals along
with Frequency Modulation technique was used in the Circuit Switched
Network. Carrier frequency used were 30 kHz and a single user was assigned an

entire channel whether required or not. Operating Frequency was 800-900 MHz.

23



Hexagonal cells along with frequency re-use approach were used to
accommodate large coverage area. The Mobile Telephone Switching Office
(MTSO) connected the Base Transceiver Station (BTS) to the PSTN.
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Fig.2.1. Block Diagram of 1G Network Architecture

Note: PSTN (Public Switched Telephone Network)
2.2.2 Second Generation (2G)

2G mobile cellular network were developed to support both voice and
data services. Digital modulation came into play and circuit switched (CS)
network were extended to support packet switched (PS) network as well. Global
System for Mobile Communications (GSM), the popular 2G network, advanced
towards General Packet Radio Services (GPRS) in 2.5 G and then towards
Enhanced Data Rate for GSM Evolution (EDGE) in 2.75 G, advancing in data
rate from 10 Kbps to 200 Kbps. Operating Frequency used were 900 MHz,
1800 MHz/1900 MHz. Carrier frequency used were 200 KHz while channel
bandwidth employed were 25 MHz.

The Base Transceiver Stations (BTSs) and the Base Station Controller
(BSC) comprised of the Base Station Subsystem. Operation and Support
Subsystem (OSS) governed the GSM network. The Mobile Switching Center

24



(MSC) is responsible for registration, authentication of any subscriber there by

supporting further for subscriber’s call routing, location update etc.

e Core NW
o [ |
{ Voice.. -
z i MSC < ~ /

=~ - GMSC

0SS

|
i

-~

HLR |- AUC

D*ft.?...
o SGSN [-++++e=== GGSN |-}

Fig.2.2. Block Diagram of 2G Network Architecture
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Home/Visitor Location Register (HLR/VLR) comprised of the database
of subscriber information. In order to direct calls to the correct MSC, HLR
provides the required subscriber data to the Gate Mobile Switching Center
(GMSC). For packet routing in order to support data routing, serving GPRS
Support Node (SGSN) and Gateway GPRS Support Node (GGSN) plays the
major role. In 2G, other than GSM (also known as 1S-136 in the US), CDMA

was another popular evolving network, also known as 1S-95 in the US.
2.2.3 Third Generation (3G)

The demand for video services along with voice and increasing data rates
marked the beginning of 3G digital cellular technology. CS and PS services
were already provided but the multiple access technology had to be changed
from Time Division Multiple Access (TDMA) and Code Division Multiple
Access (CDMA) to Wideband CDMA (commonly known as UMTS: Universal

Mobile Telecommunication Service) and CDMAZ2000 respectively.
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The Radio Network Controller (RNC) replaces the BSC functions, Node
B replaces the BTS in 3G WCDMA network. Node B and RNC forms the
UMTS Terrestrial Radio Access Network (UTRAN) of 3G network.
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Fig.2.3. Block Diagram of 3G Network Architecture

High Speed Packet Access (HSPA) induced the idea of shared channel
leading to efficient packet delivery supporting both downlink (HSDPA) and
uplink (HSUPA). The HSS (Home Subscriber Server), concatenation of HLR
(Home Location Register) and the AuC (Authentication Center). To deliver
voice, video and text messages over IP network, IP Multimedia Subsystem
(IMS) plays an important role. Channel Bandwidth supported in 3G was 15 to
20 MHz with operating frequency as 2.1 MHz.

2.2.4 Fourth Generation (4G)

Demand for varied services like IP telephony, Smart TV, Video
Conferencing, 3D Television etc. , induced the need for more data speed leading
to the invent of Long Term Evolution (LTE) and then 4G VoLTE (Voice Over
LTE) with higher speed of communication.
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To achieve this Orthogonal Frequency Division Multiple Access
(OFDMA) was selected to handle FDMA multiple access efficiently. The entire
spectrum was split into sub-channels each assigned to a subcarrier with a
spacing of 15 kHz. MIMO is implemented in 4G which helps in increased data
capacity with decreased interference. Channel bandwidth up to 100 MHz is
supported with operating frequencies at 600 MHz, 700 MHz, 2.1 GHz, 2.3 GHz
and 2.5 GHz.
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Fig.2.4. Block Diagram of 4G Network Architecture

The NodeB functions gets replaced by the eNodeB which forms the
evolved UTRAN (EUTRAN). Evolved Packet Core (EPC) performs the core
network functions. The control plane rules over the control signals which
includes activities like checking the signal strength, start, stop or change the
UE’s data session etc. The user plane rules over the actual call flow between
two UEs, the actual data that gets exchanged between the UE and the PDN.
Both planes support signal flow across EUTRAN and EPC components which
forms the core of Evolved Packet System (EPS). 4G marked the inception of
varied data rates. HSS continued to be the central database containing the
subscriber information. Data from the serving base station gets routed to the
Serving Gateway(S-GW) to the Packet Data Network (PDN) via the PDN

27



Gateway (P-GW). PDN is the connect to the Internet. Each PDN is identified by
an access point name (APN). S-GW is similar to SGSN while P-GW is similar
GGSN of 2G and 3G networks. All policy control decisions and charging
features are executed by Policy Control and Charging Rules Function (PCRF)
based on the P-GW’s Policy Control Enforcement Function (PCEF). To support
backward compatibility to previous generations, Circuit Switched Fall Back
(CSFB) is employed that allows GSM or other circuit switched network to
connect to the 4G network architecture. LTE is all-IP-based network and hence

requires CSFB for enabling circuit switched activities.
2.2.5 Fifth Generation (5G)

The IMT-2020 is the standard that defines the 5G requirements. 5G
services are segregated into eMBB, uRLLC and mMTC. While eMBB services
demand high data rate and spectral efficiency, uRLLC require lower latency and
mMTC demands high connection density [35]. To fulfill all 5G requirements,
multiple technologies come into play. Massive MIMO, mmWave, NOMA,
cloud Radio Access Network (cloud-RAN), ultra dense networks, wireless
caching etc. In the 5G NR cellular network architecture eNB gets replaced by
“next generation NodeB” or “gNB” which basically intends to connect not only
everyone but also everything. Distributed Unit (DU) and Centralized Unit (CU)
are the two groups that form the NG-RAN. EPC of 4G is replaced by the 5G
Core network i.e 5GC. We now briefly describe the components of 5GC.
Unified Data Management (UDM) handles the Subscription management, user
registration, user data and mobility management. The Access and Mobility
Management Function (AMF) is responsible for data integrity, ciphering, user
authentication and authorization along with mobility management. The session
management function (SMF) helps in allocation of UE IP address and
maintenance and also selecting the UPF for roaming and controlling tasks. The

Policy Control Function (PCF) enforces the required policy rules as part of the
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Control Plane (CP) functionality while the Application Function (AF) handles
the policy framework. The external connection points to the data network are
controlled by the User Plane Function (UPF).
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Fig.2.5. Block Diagram of 5G NR Network Architecture

2.3 Detailed Overview of the 5G System Architecture

The entire 5G system is based on densely connected wireless UEs and
devices from diverse applications like health, transportation, industry etc. which
demands certain challenging requirements. To support more effectively, the 5G
services have been broadly classified into three generic services: enhanced
mobile broadband (eMBB), massive machine-type communications (mMTC)
and ultra-reliable low latency communication (URLLC). In very brief
description, eMBB targets for stable connections while maintaining very high
data rates and moderate data rates for cell-edge users. mMMTC includes a
massive number of Internet of Things (loT) devices which are intermittently
active, based on requirements, and transmit low-weight data payloads. Any kind
of low latency transmissions of small but highly reliable payload targeted for
limited terminals, form the uRLLC services. In 3GPP Release 18 [11], 5G new
radio air interface were published. Frequency Range 1(FR1) ranges from 410
MHz to 7.12 GHz, while Frequency Range 2(FR2) ranges from 24.25 GHz to
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71 GHz — this signifies the millimeter wave application [11][12]. The frequency
ranges of 3.3 GHz to 4.2 GHz, 4.4 GHz to 5 GHz and 700 MHz are of special
interest in 5G network deployment. As per ITU vision document 2083 (ITU-R
M.2083-0) we provide a comparative study of requirements between 5G and 4G
in table 2.1 for a general Bandwidth requirement of at least 100 MHz to 1 GHz

for FR2 frequencies. Note: DL means Downlink in Table 2.1.

TABLE 2.1: Requirement Comparison between 4G and 5G

PARAMETER NAME 5G 4G
Peak Data Rate (DL) 20 Gbps 1 Ghps
User Experienced Data Rate(DL) 100 Mbps 10 Mbps
Spectrum Efficiency 3X 1x
Mobility 500 km/hr | 350 km/hr
Latency 1 ms 10 ms
Connection Density (devices/km?— for mMMTC) 10° 10°
Network Energy Efficiency 100x 1x
Area Traffic Capacity(Mbps/m?) 10 0.1

2.3.1 5G Non-Stand Alone and Stand-Alone Architecture
The framework of 5G is flexible to support a vast variety of applications.

The 5G architecture is functionally divided into Core Network (CN) and Radio
Access Network (RAN). The concepts of Network Slicing (NS), Software
Defined Networking (SDN) and Network Function Virtualization (NFV)
enables the 5G architecture to remove the constraint of always requiring the
base stations (BS) to be in close proximity. The 5G Mobile System Architecture
consists of the following components as per the 3GPP standard, as portrayed in
Fig. 2.6 [36].

Data
Network

(DN)

5G Core
Network

(5GC)

AS - UE

Fig.2.6. 5G System End-to-End Architecture
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The New Radio (NR) interface is the key characteristics of the 5G mobile
network, standardized by 3GPP. It is the 5G air interface expected to be more
faster supporting various mobile technologies across industries. The NR will
support communications between transceivers functioning at frequency bands of
52.6 GHz. 5G System Architecture includes both Non-Standalone (NSA)

architecture as well as Standalone (SA) architecture [36].
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Fig.2.7. 5G Non-Stand Alone Architecture

For backward compatibility NSA suffice the requirement. It can connect
NG-RAN to both 4G (LTE) and 5G core network. SA suffice the pure 5G
requirements. It connects the 5G Core Network and NG-RAN alone [36].

We provide a comparative study between NSA and SA Architecture [36],
in table 2.2, wherein both architectures have been diagrammatically portrayed in
Fig. 2.7 and Fig. 2.8. In our thesis work 5G SA architecture has been referred
where 5G RAN and LTE services are solely provided by the 5G System Model
prototype.
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TABLE 2.2: Comparative Study between 5G NSA and SA

5GC

NG-RAN

5G Non-Stand Alone Architecture

5G Stand Alone Architecture

1) To ensure 5G NR technology
without immediate network
replacement, NG-RAN and NR
interface is used along with existing 4G
Access Network (AN) and 4G Core
Network (CN)

1) 5G NG-RAN alone will be
providing both LTE and NR
services.

2) The BS of 5G NR i.e. gNB connects
to the BS of 4G-LTE (eNB) through
the X2 interface. The Control Plane
(CP) and User Plane (UP) functions of
LTE towards UE will be fulfilled by
eNB while gNB will be delivering the
CP and UP functions of 5G-NR.

2) The 5G NG-RAN node consists
of gNB and next generation eNB
(ng-eNB). The Control Plane (CP)
and User Plane (UP) functions of
LTE towards UE will be fulfilled
by ng-eNB while gNB will be
delivering the CP and UP functions
of 5G-NR.
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3) The S1 interface connects the eNB | 3) The Xn interface interconnects
to the MME/S-GW of EPC (as|both gNBs as well as ng-eNBs. The
discussed in section 2.2.4) while S1-U | NG interface connects ng-eNBs and
interface connects the gNB to the EPC. | gNBs to the 5GC. NG-C is the
X2-U is the interface that connects | interface between 5GC and the
gNB to gNB. Access and Mobility Management
Function (AMF) while NG-U is the
interface between the 5GC and the
UP function.

2.4 Machine Learning Technigues

Machine Learning (ML) models learn using the discriminative features
about a system and there by establish an inherent computational model. These
learning can be based on classification, regression, clustering or interaction
between an agent and environment [15]. Once accomplished the model can
effectively work on any unknown data. In context of wireless communication,
ML can thus provide proper network configuration with enhanced QoS and
throughput having the maximum coverage for any new and unknown
geographical area. The field of ML covers three important aspects:- a)
Supervised Learning b) Unsupervised Learning and ¢) Reinforcement Learning.

We will be discussing each aspect in sections 2.4.1, 2.4.2 and 2.4.3 respectively.
2.4.1 Supervised Learning

The ML model that gets trained using labelled input training data and the
model can estimate the required output. Labelled input data means it is already
mapped to the correct output data. When from a given set of data prediction of
target numerical value is required then Supervised Learning (SL) is best. Based
on prior experience, Supervised Learning’s output can be optimized and hence
best suited for problems of classification and regression. But using SL unknown
information cannot be extracted. Also with increasing data sets its accuracy

decreases. Fig.2.9 gives the visual aspect of Supervised Learning.
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Fig.2.9. Supervised Learning

Mathematically supervised learning [15] is illustrated in table 2.3.

TABLE 2.3: Mathematical Model of Supervised Learning

N

Consider Training data Set of N samples 7 = {(xi'yj)}ijzl

f () is the SL model which produces output ‘O’ for each 7: (x;,y;)

Input Raw Data 7’ is applied to f () such that
O(t) «— M=f(") «— 7
O(7) is returned with highest score value and hence is the required output

Few examples of SL techniques are Decision Trees (DTs), Support Vector
Machine (SVM), K-Nearest Neighbors (KNN) etc. In our thesis work we have
intelligently applied SL technique KNN while calculating the interference of

our wireless system model. Hence, we put forward a brief discussion on KNN.
2.4.1.1 K- Nearest Neighbors (KNN)

The KNN algorithm is the SL technique which groups individual data point
based on proximity. It is a typical classification algorithm. It studies the
similarity between any new data point and other existing data points and
classifies to the most suitable category.
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Algorithm 1: KNN Algorithm [19]

Step 1: Specify the number k of the neighbours

Step 2: Based on distance measurement (as eg:- Squared Euclidean Distance,
Euclidean Distance etc.), calculate the required distance for k number of
neighbours

Step 3: On receiving the output in step 2 consider k nearest neighbours

Step 4: Once step 3 is done, count the number of the data points for each
category.

Step 5: Any new data point is assigned to that category for which the number of
the neighbor is maximum.

Step 6: This methodology , Step 1 to Step 5, keeps applying for all future data
points

e Application of KNN in System Model

As mentioned in section 2.4.1 we have used KNN intelligently in our
thesis work while calculating the interference in our system model. To
understand the same, let us consider a random user at random location marked
by (X,y) co-ordinates in Euclidean plane positioned at a certain distance from its
serving BS in 5G HetNet. Other BSs will be treated as non-serving interferers
and will be part of interference towards the particular user.

As per our system model, Interference Management will include co-tier
and cross-tier interference [37]. Cross-tier interference involves the interference
caused by the co-channel bearer small BSs and macro BSs. Thus, 5G
Heterogeneous Network includes small cells for several benefits like lesser
power consumption, lesser cost, reduced load on Macro Base Stations etc. but at
the additional cost of cross tier interference. Thus, as an example for a macro
user, nearby small base stations will add on to this interference. Small base
stations located at larger distance will not contribute any significant interference
due to long distance. [37][38]

Co-tier interference involves the interference caused by the co-channel

bearer of base station of same class (like small BS or macro BS) [37]. As
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example, for a small BS user, small BSs deployed in adjacent macro cells will
contribute to this interference as part of co-channel interference [37][38]. Both
these types of interferences have been depicted pictorially in Fig.2.10. These
play a major role in the calculation of the system SINR which is the governing
parameter of the system’s performance. It is the cross-tier interference where
KNN plays a vital role in mathematical calculation. Once the system has been
trained based on primary parameter Euclidean distance, in a particular coverage
sector, specifically which small/femto BSs fall in the same sector as the macro

BS can be easily derived by KNN as shown in table 2.4.

S~BS : Small

Base Station
Macro BS

:Macro Base

Station S~BS User:

Small Base

Station User

Macro BS
User :Macro
Base Station

Us.r.
BS a‘-?

Macro
BS Usara‘i

)

Macro

Fig.2.10. 5G Heterogeneous Wireless Network exhibiting interference

2.4.2 Unsupervised Learning
The ML model that acts on the raw input data without any supervision or

guidance and groups the unsorted information or data into clusters based on
features without any prior training, is termed as Unsupervised Learning (uSL).
Clearly it doesn’t have access to any labelled data to learn. uSL works with real
time stochastic data which makes it very suitable for Wireless Communication
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where the channel is not at all deterministic. uSL is extensively used for Cluster
Analysis for identifying the hidden patterns [15]. It is undue to state that uSL
will be computationally complex. Diagrammatically uSL is demonstrated in
Fig.2.11.

TABLE 2.4: Mathematical Model of Applied KNN Supervised
Learning in Thesis Work

Step 1: After Training Phase 1 based on only Euclidean distance by UL, let
the co-ordinates of Macro Base stations be {M (xi,yj)} and that of Small BSs
be {S(xl,y])}

Step 2: fxnn(7) Is the KNN SL model which produces output ‘O’ for each
T: (x;,y;) for every value of {M(x;y,)} and {S(x;y;)} based on distance
measurement (as eg:- Squared Euclidean Distance or Euclidean Distance )

Step 3: On receiving output Oy (7) from Step 2 , k nearest neighbours gets
evaluated i.e. small BSs which are closest to the Macro BSs respectively

X Daa St

Unknown
\ Outpu’

-

1 Input Raw Data ‘ \ Interpretation ‘ Algorithm | Processing

Fig.2.11. Unsupervised Learning
uSL techniques include K-Means Algorithm, Principal Component Analysis
(PCA), Self Organizing Map (uSL neural network) etc. We have extensively
used uSL technique in our thesis work because of its capability to work in
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unknown stochastic environment resembling the practical wireless channel in

wireless communication.

Mathematically Unsupervised learning [15] is illustrated in table 2.5.

TABLE 2.5: Mathematical Model of Unsupervised Learning

Consider Input raw data Set of N samples 7,4, = {(xi,yj)}li\]j:1

f(t,qw) is the function of the uSL model (M) which considers ‘a’ (constant)
as the starting point of the algorithm.

f(Trqw) = M considering 'a’ - starting point of the algorithm

If ‘O’ 1s the desired output then the expected output will then be representing
the cost function of the algorithm defined as :-
Expected Output = E[(0 — f(T,qw))?]

Among others particularly we have chosen the uSL neural network Kohonen’s
Self Organizing Map (SOM) for our thesis work. The reason behind it will be
discussed now. Its enhanced performance is further proved when we did a
comparative study between SOM and K-Means. As already illustrated in
Literature Survey under section 1.3 that K-Means is a popular uSL algorithm.

Hence any performance beyond K-Means will result in significant attention.

2.4.2.1 Kohonen’s Self Organizing Map (SOM)
Teuvo Kohonen in 1980s introduced SOM and thus it is also sometimes

called a Kohonen map or Kohonen network. Its unsupervised learning is based
on competitive learning methodology resembling that of the human biological
neuron. Other than clustering SOM is also extensively used in dimensionality
reduction functionalities where to visualize complex problems lower dimension
IS a necessity. SOM is unique both in its architecture as well in its algorithmic
property when compare with any typical Artificial Neural Network. At the base
architecturally it comprises of a single layer of linear 2D neuron grid as opposed
to series of layers. The data input vector is connected to all the nodes on this

grid, but no node is connected to each other. At each iteration the grid organizes
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itself as a function of the input vector. At the end of learning each node has its
own (X,y) co-ordinate. The grid itself is the MAP here.

In terms of algorithm or learning property, Self-Organising Map uses
competitive learning to adjust the weights connected to the input as opposed to
error-correction learning. When the feature of an instance of the input vector is
presented to the neural network, all nodes compete among themselves to
become the chosen node or the Best Matching Unit (BMU), selected based on
similarity. Eventually the entire grid matches the complete input data set with
similar node of neurons mapped together towards one area.

The map retains the calculated relative distance (or any other parameter)
between the points. Points closer to each other within the input space are
mapped to the nearby map units in Self-Organizing Maps. Self-Organizing
Maps can thus serve as a cluster analysing tool. The important aspect of Self
Organizing feature map about using competitive learning instead of error
correction learning is there in [7].

There are two models of SOM: Willshaw—Von der Malsburg SOM and
Kohonen Map or SOM [7]. Here our discussion is based on Kohonen Map
or SOM. Kohonen SOM includes the following basic steps, as illustrated in Fig.
2.12[39]:

1. Initialization: All the connection weights are initialized with small random

values. The weights in Kohonen SOM is mapped to the input data.

2. Competition: For each input pattern, the neurons compute their respective
values of a discriminant function which provides the basis for competition.
Hence SOM is competitive UL. The particular neuron with the smallest value of

the discriminant function is declared the winner.

3. Co-operation: The winning neuron determines the spatial location of a
topological neighbourhood of excited neurons, thereby providing the base for

cooperation among neighbouring neurons.
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4. Adaptation: The excited neurons decrease their individual values of the
discriminant function in relation to the input pattern by suitable adjustment of
the associated connection weights. This increases the response of the winning
neuron to the subsequent application of a similar input pattern. We will be
providing detailed simulation results and analysis based on SOM in Chapter 3
and Chapter 4. But before moving into detailed analysis we will present here a
small snippet of Rural-Urban Wireless Tele density after discussing about SOM

Algorithm.

WwWnm

INPUT LAYER WEIGHTS(Wxx) OUTPUT LAYER

Fig.2.12. Architecture of Kohonen SOM NN

Algorithm 2: Kohonen- SOM Algorithm [22][40]

Step 1: Initialization — Choose random values for the initial weight vectors wy

Step 2: Sampling — Draw a sample training input vector x from the input
space.

Step 3: Competition— Find the neurons I(x) that has the weight vector closest
to the input vector i.e the minimum value of

d(x) = Xi=1t0 (X — Wi)? (2.1)
Note: ith data is associated with kth cluster and considering D input units
where dKk(x) is the discriminant function

Step 4: Cooperation:- If S is the lateral distance between winning neuron 1(x)
and kth neighbouring neuron on the grid of neurons then topological
neighbourhood is given by:
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SE 1(x
s = exp(— L) 22)

Size o of the neighbourhood decreases exponentially with time

Step 5: Adaptation— Apply the weight update equation

Awie = N()-Tipxy) (X0 — Wix) (2.3)
where, n(t) is the learning rate, this decreases exponentially with time; x; is the
input vector and wi is the current weight vector

Step 6: Continuation — Repeat from step 2 till iteration limit has been reached
or weights don’t change any further

e Depiction Of Typical RURAL AND URBAN Wireless Tele-
density using SOM
Before moving to detailed analysis the visualization of tuple distribution

of [Macro eNB, Small gNB , UE] over a specific area is important to know.
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Fig.2.13. Simulation of Coverage Regions of HetNet over 700x700 m? based on
SOM with UE distribution in PPP.,

As per Monthly Telecom Scenario [41] as published by Department of
Telecom (Govt of India), dated 10" March 2021, 44.78% of wireless phone
connections is part of rural India while 55.22% is part of urban India. Applying

the percentage distribution on our prototype, the tuple distribution of [Macro
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eNB, Small gNB ,UE] is shown below for urban and rural scenarios respectively
in Fig. 2.13.

24.2.2 K-Means

K-means clustering IS an uSL method that  aim
at partitioning n observations/data points (or mobile UES) into k clusters in
which each observation belongs to the cluster with the nearest mean called the
cluster centres (or Cluster Centroid). We have next stated the K-Means

Algorithm followed by Fig.2.14 demonstrating the basic working principle of
K-Means.
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Fig.2.14. Basic Working Principle of K-Means
Algorithm 3: K- Means Algorithm [22]

Step 1: Specify the number k of clusters to assign

Step 2: Randomly initialize k centroids

Step 3: Step 2 is then repeated through few iterations
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Step 4. expectation: Each point is then assigned to its closest centroid;
Similarity grouping in K Means can be done based on distance measurement
(as eg:- Squared Euclidean Distance, Euclidean Distance etc.).

Step 5: maximization : The new centroid (mean) of each cluster is the
recalculated

Step 6: This methodology continues until the centroid positions do not change

2.4.3 Reinforcement Learning

Reinforcement Learning (RL) concentrates on current situation. Then
makes decisions pertaining to situation. Based on the decision action is carried
out. The action that bears the maximum long-term reward is considered to be
the best action. Hence the goal of RL is to maximize the received reward while

interacting with the environment [15].

.« — 1 Best
j,_,-—«"_""’ ==, Action
R C Environmen\t___'_:?'
— Return 1
—— Return 2
— Return 3
Selection
of
Algorithm

Fig.2.15. Reinforcement Learning

The learning model comprises of the following elements [42] (as also
demonstrated in Fig.2.15)
a) Agent :- like the base station or transmitter in wireless communication

b) Environment :- like the channel or receiver or user equipment in wireless
communication

c) State Space :- all possible environment states in a finite set

43



d) Action Space :- all possible actions in a finite set
e) Reward (r) :- The reward function obtained on exercising the action on
the environment

RL’s goal is to find the suitable policy () in a stochastic environment that can
maximize the cumulative received reward (R) given in (2.4).
maximize, E[R|n] where R=Y2,7; (2.4)

Mathematically we can represent Reinforcement Learning [15] as demonstrated
in table 2.6.

TABLE 2.6: Mathematical Model of Reinforcement Learning

Policy Evaluation(m) : Probability that an action ‘a’ is taken at environment
state ‘s’ for selection of Agents is defined as:
T AXS - [0,1]
n(a,s) = P(a; = a|s; = s)

State-Value Function: State value (v,) is calculated by the algorithm for
estimating the maximum reward in the given state ‘s’.

Ur(s) =E[R] =EXoy 1 |So =5
where y is the discount factor inrange 0 < y < 1 and R = return value

Return (R) : Algorithm calculates ‘R’ , the return value which can be calculated
as follows:-

R=27ZoY 1t
where 1; is the reward at step ‘t’ and y is the discount factor in range 0 <y <
1

2.5 System Model Description

In our thesis work, we produce a model of 5G heterogeneous cellular
network of 2 tier (j=2 where j implies number of tiers), where each tier is
modeled based on the class of the base station of existing eNBs such as macro
BS or gNBs, small cell BS (as eg:- femto cell). The 5G NR system is modeled
in FR1 [12] under carrier frequency range of 4.1 GHz and bandwidth of 5MHz.
The base stations across tiers may differ in terms of transmit power, coverage
area, user handling capacity, path loss models etc. We initially build a base

scenario where the macro cell users follow PPP distribution over a specific
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coverage area with a specific BSs density of macro BSs and small cell BSs with
transmitting power as per ETSI v14.3 standard [14].

In our prototype, the mobile UEs are distributed in the Euclidean plane in
the j™ tier according to PPP (Poisson Point Process) @; of specific user intensity
2i [18]. In any finite region A C€R?, the no. of points of the process denoted by
N;(A) is defined [9][43] as the Poisson distributed random variable.

e[_uj(A)]_ l'lj(A)p

P[N; (A) =p| = " (2.5)
where p=1,2,3,......
and with mean rate function in (2)
ui(A) = [, (xy) dxdy (2.6)

Any mobile UE can only be served by BS of j" tier if and only if the received
downlink SINR with respect to that BS is greater than the threshold SINR of the
system.

The BSs are laid over the mobile user points using the concept of Self
Organizing Map — the unsupervised Neural Network, and clustering of the
mobile UEs along with the BSs as centroids are accomplished based on
maximum downlink SINR. This leads to maximum coverage to mobile users in
a particular area. We have intelligently used the concept of KNN Search
(Supervised Learning) while calculating the cross tier interference in our system
model. These Machine Learning concepts have been discussed in detail in
Sec.2.4.
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Chapter 3 Performance Analysis of SOM
For Static UEs

3.1 Introduction

A User Equipment (UE) is any device that is used for direct end user
communication. It can be a hand held phone or a mobile broadband adapter
equipped laptop. As demonstrated in Chapter 2, in Universal Mobile
Telecommunication System (UMTS) this UE connects to the base station Node
B while in 3GPP LTE to the eNode B as per the ETSI 125/136 series and 3GPP
25/36 specification series respectively. In 5G UE includes mobile phones as
well as mobile devices like 10T devices. These will have in-built MIMO
antenna technology supporting mmWave frequencies as well.

When a user doesn’t move while carrying the mobile equipment or while
having a call, then it will count for a Static UE. Also in 5G say 10T sensors
detecting the water level status in any farming land, will also be accounted as
Static UE. In this chapter we will be studying the enhanced performance of
SOM while deploying the base stations (Macro BSs and small BSs) while
supporting the Static UEs at different system thresholds and tele-density in a

definite geographic area.

3.2 System Model

Our System Model is depicting the 5G wireless network where two tiers
have been employed in the Heterogeneous Network. Tier 1 is Macro BSs
overlaid on Static UEs while Tier 2 is Small/Femto BSs overlaid on Static UEs
but under laid in existing Macro BSs’ architecture. The SOM employed

deployment of the BSs undergoes two Training Phases.
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e Training Phase I: In phase I, the BSs are first deployed based on a
very typical but basic distance measurement i.e Euclidean measurement.
This accounts for the required 2D distance between the Static UE and the
serving BS. This 2D distance serves as the input to the next Training
Phase Il

e Training Phase 11 :
In Training Phase 11, we will primarily producing a SOM re-clustering based on
SINR (based on 5G Path loss model) and study the performance of SOM on
various scenarios. The 2D distance thus obtained in Training Phase | is used to
calculate the 3D distance which form the core of 5G Path loss Model as per the
3GPP Release 15 standards [13]. Diagrammatically we represent this final

OM
CLUSTERING
SED ON SINR

Training Phase in Fig.3.1

5G PATH LOSS
CALCULA

2D Distance from
Training Phase

Fig.3.1. SOM Re-clustering Based on 5G SINR and Its Outcomes
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3.2.1 5G Path Loss Calculation
As per [14] if the 2D distance (d2p) and height of base station (hgs) and height

of user terminal (hyr) is depicted in Fig.3.2 , then 3D distance, dsp can be
defined as in (3.1) —

dsp = \/(dgu + (hgs — hyr?)) (3.1)

A
hUT
\
< dZD >
Fig.3.2. dapand dsp for outdoor UTs
Breakpoint distance(d'sp) as defined in [14] as
! _ ! ! fc
dBP_4hBShUT? (32)

where f; is the center frequency in Hz, c= 3.0x10® m/s is the free space
propagation speed and h'gs and h'yr are the effective antenna heights of BS and
UT defined as :

h'gs = hps — hg (3.3)

and h,UT = hUT - hE (34)

where, hgs and hyr are the actual antenna heights, while he is the effective
environment height.
For UMi hg = 1m.

For UMa hg = 1m with a probability equal to ! and chosen from a
: P Y €q (1+C(dzp hur))

discrete uniform
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distribution (12,15,...,(hyr- 1.5)) otherwise.
C(d,p , hyr) 1S given by

0 hyr < 13m

Cldyp , hyr) = 13
(o hur) {(hw—1—0)1-Sg<d20),13mshws23m

where

,dop <18m

0
g(dyp) = { 5 .dp\3 dzp (3.5)
Z(ﬁ) exp (— ﬁ),dw > 18m

NOTE: A BS site can be a 1 BS or multiple co-locate BSs. Also he depends on
d2p and hyt and requires to be independently determined for every BS-UT link.
Path Loss formulae in LOS scenario for UMa and UMi as per 3GPP Release 15
[13] are as stated in equations (3.6) and (3.7) respectively.

TABLE 3.1: 5G Path Loss in LOS scenario for UMa and UMi

LOS Path Loss for UMa
h35=25 m; Osg= 4dB, hUT: 15m
Path L0oSSuma-Los

28 + 22 log,o(dsp) + 20 logqof,, 10m < d,p, < d'gp
28 +401log,¢(dsp) + 20 log o f:

-9 log1o(d’ép + (hps — hUT)z)' d'gp < dyp < 5km

(3.6)
LOS Path Loss for UMi
th:10 m; Osp= 4dB, hUT: 1.5m
Path LosSumi-Los
32.4+ 21 log,o(dsp) + 20 logqofe, 10m < d,p, < d'gp
32.4 4+ 40 log,y(dsp) + 20 logqof:
—9.5log:(d'zp + (hgs — hyr)?), d'gp < dyp < 5km
(3.7)

3.2.2 Downlink SINR Calculation
Let us consider a random user at random location marked by (X,y) co-

ordinates in Euclidean plane positioned at a certain distance from its serving BS
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in 5G HCN. Other BSs will be treated as non-serving interferers and will be part
of Interference towards the particular user.

As per our system model, Interference Management will include co-tier and
cross-tier interference [37].

Cross-tier interference involves the interference caused by the co-channel
bearer small BSs and macro BSs. Thus, 5G Heterogeneous Network includes
small cells for several benefits like lesser power consumption, lesser cost,
reduced load on Macro Base Stations etc. but at the additional cost of cross tier
interference. Thus, as example for a macro user, nearby small base stations will
add on to this interference. Small base stations located at larger distance will not
contribute any significant interference due to long distance. [37][38]

Co-tier interference involves the interference caused by the co-channel
bearer of base station of same class (like small BS or macro BS) [37]. As
example, for a small BS user, small BSs deployed in adjacent macro cells will
contribute to this interference as part of co-channel interference [37][38].

We also define our strategy to be open access strategy. Open Access
Strategy is when a typical mobile user is allowed to connect to any tier without
restriction [23].

Considering a fully loaded model where every BS’s always transmitting,
along with open access strategy as defined in above para, a basic generalized
form based on binary association indicator [4][44] (either O or 1) is realized in
order to maximize the load and coverage in presence of power constraint of
each class of BS and respective target SINR threshold (yi"in dB) in the system.
SINR threshold values have been referenced from ETSI [13]. Implementing the
idea of Macro User Offloading (as referenced from [45]), binary association
indicator of the system is O till the small BSs gNBs are able to support at a
particular SINR threshold. When it goes beyond the capacity of the small BSs
gNBs, the indicator is switched to 1 and Macro eNBs comes into play to support
the mobile UEs under the target system SINR threshold.
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Basically in downlink there are 2 major components: transmitted power

(P in dBm) and Pathloss (in dB; Expression of the same is provided in Table

3.1). Along with this Noise Power (r in db) and Shadow Fading standard

deviation (o in dB) adds on. So for any typical UE at (X,y) received power (in
dBm) is given by [16][46]:

Pox(x,¥) = Pex(x,¥) — PL(x,y) (3.8)

The received SNR then follows as below:
SNR(ny)Z Prx(x,)’)_ﬂ —0 (39)

If P)y denotes the average interfering power (in dBm) and then interfering SNR
can be defined as below

SNR;y(x,¥) = Piy(x,y)—1m — 0O (3.10)
Considering equations (10) and (11), SINR can then be evaluated as:
SINR(x,y) = SNR(x,y) — SNR;y(x,y) (3.11)
3.2.3 Area Spectral Efficiency Calculation

Our system model follows the UMi and UMa LOS scenario [14] with
respective transmitter height (10m for Umi & 25m for UMa). With increased
Signal-to-Interference Noise Ratio (SINR), provide increased capacity. As per
Shannon-Hartlet theorem maximum Capacity (C in bits per second) of a
communication system with specified bandwidth (B in Hz) in presence of

noise(N) and additionally interference (1) can be related [17][38] as :

C = B log,(1 + SINR) (3.12)

With above equation (3.12) and referencing [16][46], Spectral Efficiency
(SE) can then be defined as the information rate (in bps) that can be transmitted

over a specific bandwidth in Hz.
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SE =% = log,(1+ SINR) (3.13)

As further explained in [46][47], Area Spectral Efficiency (ASE) is
defined as the maximum throughput per unit bandwidth per unit area supported
by cells BS interfered by neighboring BSs deployed in geographical area under

same radio frequency. Hence, ASE (bps/Hz/m?) is given as:

SE __ log,(1+SINR)
Coverage Area o Coverage Area

ASE =

(3.14)

3.2.4 Coverage Probability & Average Load Per Tier
Calculation
When a mobile user manages to connect to at least one BS with SINR
above its threshold (y") then the mobile user is said to be in coverage. With
same SINR threshold across tiers, coverage probability is defined as the
complementary cumulative distribution function (CCDF) of the effective
received SINR, where outage being CDF i.e 1-CCDF [23][9].

The expression [23], [9] of coverage probability (Pc) is given as below:-

P[Pec e, ), 43, vf"] = 4; [, PISINR(x,y) > "] (3.15)

In our prototype we consider that all UEs are active at any instant of time. This
Is done to demonstrate the maximum capability of the prototype extended for all
use cases defined in Chapter 3 and Chapter 4. Since we have two tiers (tier j=2)
in our prototype, hence we calculate the number of active users supported at any
instant of time by either tier. Also since we incorporate the concept of Macro-
User Offloading, hence first the small BS tier steps to support any active user
for particular system threshold and next Macro BS tier steps forward when
small BS tier is unable to support. Now active UEs might account for both new
calls (9,,) as well as hand-off (9;,) calls. The total offered load (19) to any system

Is given by the sum of new and handoff calls that have arrived [16] :
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9= 9, + U, (3.16)
If Pg = the call blocking probability where a new call attempt is not
accommodated and is given by (Number of new call blocked + Number of new
call timed out)/(Number of new call arrived)
and Pr = the forced termination probability defined as (Number of hand-off call
blocked + Number of hand-off call timed out)/ (Number of hand-off call
arrived) then Grade of Service (GoS) [16] is the penalty cost function of a
wireless system which accounts for more penalty if handoff forced termination
takes place and lesser penalty if new call gets blocked. It is defined as:
GoS =Pg + 10 P (3.17)
As opposed to the offered load in (3.16) the amount of traffic carried by the
wireless network is defined as the total carried traffic [16] which is further
defined in (3.18)
Total Carried Traffic = [(1 — Pp)9, + (1 — Pg)9,] (3.18)

3.3 Performance Analysis of Simulated System Model

We now put forward the simulation results studied after re-clustering
based on SINR was performed, as mentioned in section 3.2. The required

parameters and their respective values are provided in Table 3.2.

TABLE 3.2: Simulation Parameter’s Values

PARAMETRIC NAME PARAMETRIC VALUE
Operating Carrier Frequency 4.1 GHz
Bandwidth 5 MHz
Coverage Area 4 km?
No.of Macro BSs 3
No.of Small/Femto BSs 15
Transmitting power of Macro BS 46 dBm
Transmitting power of Femto BS 20 dBm
No.of Static UEs Varied by PPP
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3.3.1 Simulation Results of SOM Based System on varying
Macro : Small BS Ratio in 5G HetNet

An analysis was conducted for specific area on varying the count of
femto/small BSs deployment (using SOM) under 1 macro BS for a specific UE
PPP distribution. This demonstrates how the Area Spectral Efficiency and Load
Per Tier along with Coverage Probability varies (Ratio of Macro eNB to Small
gNB were as follows: 1:4; 1:6; 1:8; 1:10; 1:15). Simulation Graphs are
provided as in Fig.3.3, Fig.3.4, Fig.3.5 and Fig.3.6.

As observed with rise in small BSs, at a particular SINR threshold leads
to corresponding decrease in Area Spectral Efficiency. This obviously happens
since due to rise in small BSs the Coverage Probability also increases. For any
specific Macro: Small BSs ratio, Area Spectral Efficiency increases with
increasing threshold, which is quite obvious as at high system threshold lesser
UEs can be supported. As observed with rise in small BSs, Coverage
Probability increases at a particular SINR threshold which naturally leads to
corresponding decrease in Area Spectral Efficiency. Also regarding Coverage
Probability of Macro vs Small Base Station/Femto, with respect to SINR
threshold, with increasing ratio (i.e more small base stations under 1 macro BS),
coverage probability of macro BS obviously decreases while of small BS
increases since more offloading from macro BS takes place by the small BSs.

Another interesting observation with respect to Load Per Tier (tier j=2 in
our prototype), at lower SINR threshold small base stations in our system model
are able to share the load of macro base station more. But with increasing
threshold, this percentage of share decreases and gradually macro base station
provide more coverage at higher threshold. This is self-explanatory since
transmit power of macro base stations is more than small base stations, hence at
higher threshold capacity for carrying more load for small base stations

naturally decreases.
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Area Spectral Effeciency vs SINRTh
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Fig.3.3. Comparison of Area Spectral Efficiency at different Macro to Small
Base Station Ratio across target SINR thresholds in Urban India
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Fig.3.4. Comparison of Coverage Probability of Small Base Stations at different
Macro to Small Base Station Ratio across target SINR thresholds in Urban India
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Coverage Probability(MACRO) vs SINRTh
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Fig.3.5. Comparison of Coverage Probability of Macro Base Stations at
different Macro to Small Base Station Ratio across target SINR thresholds in
Urban India
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Fig.3.6. Comparison of Load Per Tier at different Macro to Small Base Station
Ratio across target SINR thresholds in Urban India
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3.3.2 Simulation Results of SOM Based System vs K-Means

Based System Employed to Deployment of 5G HetNet
As demonstrated below there will be two models. Model 1 projects the

BS distribution using SOM while Model 2 projects the BS distribution using K-
Means. The performance parameters being Area Spectral Efficiency, Coverage
Probability and Load Per Tier vs System Threshold in dB.

Both Kohonen’s SOM and K-Means undergoes the two training phases defined
in section 3.2. During Training Phase 1, for the same UE PPP distribution over
a specific coverage area in Euclidean Plane, we portray Model 1 followed by
Model 2. In this first phase the model is trained based on Euclidean distance.

In Training Phase 2 we generate a re-clustering of the models primarily based
on SINR. In order to accomplish Training Phase 2 we need to calculate
appropriate path loss for 5G HCN as per ETSI standard [14], described in
section 3.2.1.

Considering path loss, noise, shadow fading standard deviation and transmitted
power of BSs, downlink SINR is calculated, as discussed under section 3.2.2.
At Training Phase 2, based on UE position and SINR re-clustering is invoked
with the help of SOM to calculate the best positions of serving small base
stations leading to maximum coverage under existing locations of macro BSs.

It has been observed that in terms of Area Spectral Efficiency at various SINR
thresholds SOM performs Dbetter than K-Means for similar user PPP

distribution. Simulation Results are shown in Fig. 3.7.
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Area Spectral Efficiency vs SINRTh
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Fig.3.7. Comparison of Area Spectral Efficiency between K-Means & SOM,
across different target SINR thresholds
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Fig.3.8. Comparison of Coverage Probability of Small BSs between K-Means &
SOM, across different target SINR thresholds
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Coverage Prob(Macro) vs SINRTh
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Fig.3.9. Comparison of Coverage Probability of Macro BSs between K-Means
& SOM, across different target SINR thresholds

While studying the Coverage Probability of Macro & Small BSs across
target SINR thresholds, we observe K-Means and SOM perform hand-to-hand
efficiently. As seen in the results portrayed in Fig.3.8 and Fig.3.9, the above
demonstration gets cleared. While Fig.3.10 demonstrates the macro user

offloading concept.
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Fig.3.10. Comparison of Load Per Tier between K-Means & SOM, across
different target SINR thresholds
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We put forward another observation, by varying the tele density in terms of
Area Spectral Efficiency. As eg:- Rural and Urban India will exhibit different
tele-densities (as shown under [41]). Keeping this in mind we provide the
comparison result between K-Means & SOM. Once again SOM outstands K-

Means in terms of Mean Area Spectral Efficiency (refer Fig.3.11).

Mean Area Spectral Effeciency vs Teledensity

0.592 [ | e K-.Means

- |——som

£
[4)
©
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0.578 &

102 10°

Teledensity(per km?2)

Fig.3.11. Comparison of Mean Area Spectral Efficiency between K-Means &
SOM, across different Tele density

But as stated earlier SOM is unsupervised neural network. So, definitely its time
computation is higher when compared with K-Means. While studying the
Time/Computational Complexity of K-Means from [48][49] we get the
expression:-

Time Complexityy_peans = O(I K N d) (3.19)
where | = no. of iterations; K= no. of clusters; N = no. of input points; d = no.
of attributes; O = implies the big O notation
As stated in [50], considering a SOM of %’ neurons, each being p’
dimensional and applied to input data with d-dimension, then for t: learning

steps and after ‘iter’ iterations the complexity is stated as below:-
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Time Complexitysoy = O(iter xte(d *n+ p*n®))  (3.20)

Here again O = implies the big O notation. As demonstrated in Fig.3.12 and
also with above computational expressions for time complexity, it is obvious
that SOM has a higher time complexity as K-Means. But it is worth noting that
as the tele density increases, the performance gap between SOM and K-Means
keeps reducing, also exhibiting the performance consistency of SOM over K-

Means even with increasing tele density.
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Fig.3.12. Comparison of Time Complexity between K-Means & SOM, across
different Tele density

3.3.3 5™ Percentile Spectral Efficiency Simulation Results of
SOM Based System vs K-Means Based System Employed to
Deployment of 5G HetNet Supporting Cell Edge UEs

The 5" percentile point of the cumulative distribution of the normalized
user throughput is termed as the 5™ percentile Spectral Efficiency. The number
of bits accurately received is termed as the normalized user throughput. In a
particular cell, UEs close to the base station experience a better SINR as
compared UEs at the cell edge. It is also termed as the outage spectral efficiency
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meaning 95 percent of the time the downlink spectral efficiency is above the
required value for proper communication [51].

The 5™ percentile point Spectral Efficiency can be derived in 3 simple steps as
follows:

Step 1: The spectral efficiencies of all UE points in a cell under a base station is
first calculated

Step 2: Now plot of the cumulative distribution function of Step 1 is performed
Step 3: From the plot in Step 2 the 5™ percentile point represents the cell edge
spectral efficiency

When Effective Bandwidth is multiplied by frequency reuse factor then this
gives the Channel Bandwidth. The Effective Bandwidth is appropriately
normalized by considering the Uplink and Downlink ratio.

If R;(T;) is the ‘I’ number of bits that are correctly received while T; is the
Active Session Time for ith UE and W is the effective bandwidth then the

normalized user throughput r; is given by [51]:-

r = Rilly) 3.21
l

W.T;

In Table 3.3 we provide the key performance minimum parameter value with
respect to 5™ Percentile Spectral Efficiency for minimum standard performance
of IMT 2020 (5G) as defined by the ITU in ITU-R Report M.2410-0 for a
general Bandwidth requirement of at least 100 MHz to 1 GHz for FR2

frequencies:

TABLE 3.3: IMT 2020 KEY PARAMETER VALUE

PARAMETER NAME PARAMETER VALUE
5™ percentile user Dense Urban Downlink: 0.225 bit/s/Hz
spectral efficiency Rural Downlink: 0.12 bit/s/Hz
Indoor Hotspot Downlink: 0.3 bit/s/Hz
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Cell Edge User Spectral Efficiency vs SINRTh
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Fig.3.13. Comparison of 5" Percentile User Spectral Efficiency between K-
Means & SOM, across different target SINR thresholds

As per Table 3.3 in Dense Urban scenario, minimum downlink 5%
percentile spectral efficiency value is expected to be 0.225 bit/s/Hz. When
compared with the simulation result in Fig.3.13. this is well met when the 5G
HetNet deployment is served by Kohonen’s SOM. For further significance we
have compared this performance with popular K-Means algorithm. As observed
for maximum of the SINR System Threshold, SOM outperforms K-Means
while supporting cell edge users as well. This is a very significant and important
result since supporting cell edge users marks the standard of any 5G system

model.

3.4 Why SOM

Our primary focus have been on 5G eMBB service, as it is the primary
service that requires early deployment to support the existing customers in the
market. We have produced a comparison between SOM and K-Means primarily
because K-Means is quite popular Unsupervised Learning applied in previous

works, this has been discussed in detail under section 1.3 Literature Survey of
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the Thesis. Also as discussed under the same section 1.3, application of
unsupervised neural network SOM is quite less. During our exploration of SOM
we found that not only SOM performed quite well as compared to K-Means
under Area Spectral Efficiency vs SINR Threshold and Area Spectral Efficiency
vs Tele density, but also it worked hand-in-hand efficiently when compared
with K-Means under Coverage Probability for Small Base Stations, Coverage
Probability for Macro Base Stations and Load Per Tier. Also notably, Area
Spectral Efficiency is the primary performance ruling factor for 5G eMBB
service. Hence it is surprising that exploration of SOM is quite less wherein it
can rule over K-Means effectively while training the network for the proper and
quick deployment of the base stations in any specific geographic area.

Area Spectral Efficiency vs
SINR Threshold

1

Sth Percentile Spectral
Efficiency vs SINR Threshold

1111

Area Spectral Efficiency vs Tele
density

Coverage Probability (Small

BSs)
Coverage Probability (Macro
BSs)
Load Per Tier B K-Means
uSOM

Fig.3.14. Final Comparison Chart between SOM and K-Means
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Chapter 4 Performance Analysis of SOM
For Dynamic UEs

4.1 Introduction

Initiation of motion for a User Equipment (UE) (either a mobile device or
mobile thing like Self Driven Car) will account for any Dynamic UE in a 5G
HetNet. While in motion a dynamic UE may cross several cells or coverage area
of serving and neighboring base stations. During its movement it might be in an
active call or may be in passive mode. If in active call then transferring the call
from the serving base station to the neighboring base station is required in order
to continue the current communication without any disruption. This process of
transfer of an active call from one cell to another is termed as Handoff or
Handover [16]. In passive mode when any dynamic UE makes movement it
keeps updating its registration in HSS(Home Subscriber Server) to keep the
wireless system updated about its latest location [16][17]. In this chapter we
will be focusing the Handoff process in the SOM deployed 5G HetNet system.

An exponential growth has been observed in mobile services from 2G to
5G. The ultra-densification concept of 5G is a key factor to support this high
data traffic demands. As observed in previous chapters how 5G HetNet concept
plays an important role in providing high spectral efficiency. But on the other
hand a clear impact of ultra-dense networks is on handover increased rate due to
deployment of low power small/femto BSs. So if a system is able to perform the
Handover Management efficiently as well for any 5G HetNet, then it stands out
to be a standard system capable of maintaining minimum QoS for user

experience.
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4.2 System Model

The mobility management in wireless network enables the dynamic UE to
be mobile within the coverage area and still be serviced. The UE can be in two
different modes:

e |IDLE_MODE : when the UE is under no active transmission or reception
e CONNECTED_MODE: when the UE is actively transmitting or
receiving

Our system model is based on the cell re-selection and handover process when
the UE is in CONNECTED_MODE. Before going into 5G NR specific
handover management, let’s discuss certain basic concepts that sweeps across
generations of wireless communication.
When there is UE assisted Network Controlled Handover, the UE will generally
measure the signal strength (SS) with reference to a downlink reference signal
from the serving base station (S-BS) as well as the neighboring BSs. Based on
this measurement report the S-BS starts a handover request to the next target
BS. Once done the targeted BS (next S-BS) informs about the successful
handover to the current S-BS, which then release any allocated resource to the
UE. As example in LTE, the Reference Signal Received Power (RSRP) defined
as the average received power excluding interference and noise. Reference
Signal Received Quality (RSRQ) defined as the ratio between RSRP and
Received Signal Strength Indicator (RSRI), where the total received power
along with noise and interference is termed as RSRI. When the RSRP
measurements goes below the threshold value, the UE then starts its
measurements from S-BS and neighboring BSs.
Now this UE specific reporting can be of below types:-

e Event-triggered Reporting : UE reports about the measurements after the

occurrence of a specific event
e Periodic Reporting : UE reports about the measurements at specified time

intervals
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e On-demand/blind reporting: Immediately when BS sends a request to UE,
it reports the measurement. Whenever an entry condition like threshold,
hysteresis parameter, is satisfied an event is triggered

In our thesis work we basically initiate On-demand handover. Whenever
downlink SINR (with respect to the S-BS) is below the system threshold,
iImmediately handover is initiated based on measurements from neighboring
BSs.

In Chapter 3, UE has been static in all use cases. We now induce velocity
in UE with the help of Random Walk Model and then study the SOM deployed
HetNet’s efficiency in handling the handover of the system. But before moving
into the Simulation Results let’s discuss the Handoff types, Handoff Algorithm

and the Random Walk Model that has been employed in our thesis work.
4.2.1 Types of Handoffs

Handover can be of several types with respect to different domains of use

cases. We will be broadly discussing the most popular ones [52]:

A)INTER-/INTRA FREQUENCY HANDOVER

When both serving and target BS operates at the same carrier frequency then
they are termed as intra-frequency neighbours else they will be called as inter-
cell neighbours. In both cases the UE measures the received signal strength as
guided by the network. But in case of inter-frequency neighbours the UE needs
a measurement gap for performing these measurements on different frequencies.
Measurement gap is defined as the time period when no DL/UL transmissions
take place. Any UE does these measurements based on order of priority as
indicated by the BS since the more the UE measures the more its battery gets
consumed.

B) INTER-/INTRA-CELL LAYER HANDOVER

As discussed in Chapter 2, HetNets include a multiplicity of cellular layers

(including macro, micro , pico, femto cell layers) to provide more capacity and
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fulfill the coverage loopholes of the Macro BSs. Intra-frequency same flavor
cellular handover (as e.g between macro—to-macro handover) is termed as Intra-
layer handover. When the received signal strength with respect to small BS
results above any system threshold then offloading to small cell takes place (as
eg:- macro-to-femto handover). This is termed as Inter-layer handover. An
Inter-layer handover can be both Inter- and Intra-frequency handover. In Intra-
frequency Inter-Layer handover, interference is the main challenge, since both
macro BS and small BS works in the same carrier frequency. In Inter-frequency
Inter-Layer handover the main challenge is the UE power consumption since it
has to perform periodic inter-frequency measurements at intervals called
measurement gap. As will be demonstrated in our thesis work we encounter the
Intra-frequency Inter-Layer handover which also plays an important role in the
System Interference Management.
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Fig.4.1. Inter-/Intra Cell Layer Handover in 5G HetNet
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C)INTER-/INTRA-RAT HANDOVER

The service choice of the user rules over the Radio Access Technology
(RAT). The handover that takes place between cells of the same network is
termed as Intra-RAT handover while if it occurs between cells of different
network then it will be termed as Inter-RAT handover. Inter-RAT handover
initiated in HetNet is due to necessity for the service choice opted by the user.
This category of handover is still under research in the context of load balancing
between RATS.

D)INTER-/INTRA-OPERATOR HANDOVER

In order to provide better service to user, any operator will try to support as
many systems and technologies available in the market. Intra-Operator
handover accounts for any handover between systems and networks of the same
operator while if operators are different then it will be termed as Inter-Operator
handover. Biggest advantage of Inter-Operator Handover is when a UE moves
from country to country or when UE is roaming. Challenges faced by operators
in supporting seamless roaming is to be compatible with other mobile operator’s
frequency bands, interfaces, protocols etc.

E) BREAK-BEFORE-MAKE VS MAKE-BEFORE-BREAK

Break-Before-Make refers to Hard Handover. In Hard Handover a UE will
be connected to only one BS. Thus momentary connection disruption might
occur when handover takes place between serving BS and target BS. Make-
Before-Break refers to Soft Handover. In Soft Handover, a UE will be able to
simultaneously connect to two BSs for some time in order to eliminate any
interruption of connection during handover. User Latency experienced was high
in LTE’s hard handover which is expected to be as low as 4 ms for 5G NR User
Plane Latency for eMBB services (as per ITU vision document Report ITU-R
M.2410-0). Among others multi-cell connectivity is one solution to achieve this

requirement. mmWave can be blocked by building, bricks, human body etc. and
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hence Multi-Cell connectivity is an important solution. But this also increases
the UE reporting and measurement complexities along with battery
consumption. This field is still under research for further enhancements.
4.2.2 Handoff Algorithm

There are several different types of handoff algorithms based on received
signal strength at UE. The one that has been applied to our thesis work is
discussed in this section. When measured downlink SINR with respect to
serving BS drops below a threshold y, a handoff gets triggered. As example, a
handoff could take place between the serving BS (BSy) and the target BS (BS;)
when the measured downlink SINR with respect to BS, drops below the system
threshold y, and hence handed over to BS; whose measured downlink SINR
meets with the system threshold and greater than y,.This way the scheme
reduces the probability of dropped call. Along with this a required average
signal strength difference called hysteresis (H) is considered. Excessive
handoffs due to “ping-pong effect” between BSs is avoided by handoff
hysteresis.
Algorithm 4: Downlink SINR based Hard Handoff Algorithm [53]

Step 1: Let Yo(n) and Yi(n) are the estimated mean signal strengths (in dBm) of
BSo and BS; respectively

Yo(n) =~ B0 _yas Iro (k)| (4.1)

Yi(n) =~ S 1 (O (4.2)
where |r;(kT)?| in (dB) is the kth sample with Ts as sampling period and N as
window length

Step 2: Let “H” be the required handoff hysteresis value in dB

Step 3: If the serving BS is BS, and y;, is the system threshold then the handoff is
initiated from BS, to BS; when
Y;(n) > Y,(n) + H and Yy(n) > vy,
or when Y;(n) > Y,(n) and Yy(n) < y;

Step 4: If the serving BS is BS; and y;, is the system threshold then the handoff is
initiated from BS; to BSo when Yy(n) > Y;(n) + H and Y;(n) > y,
or when Yo(n) > Y;(n) and Y;(n) < y,
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4.2.3 Random Walk Model

The stochastic process formed by successive summation of independent
and identical distributed random variable is defined as the Random Walk.
Random Walks are basic models in Applied Mathematics. It is a common
example of a Markov Chain. During any stochastic process the fraction of time
spent in each state represents the limiting stationary distribution of the Markov
Chain. In a finite set of states a random walk is the process that moves from one
state to another in a manner that depends only on the last state and the transition
from one state to another is associated with transition probability [54][55]. As
example, a random walk with few sample trajectories of transitions is shown in
Fig.4.2.
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Fig.4.2. A Sample Random Walk associated with Transition Probability

The Random Walk depicted in Fig.4.2. is also known as a Markov Chain.
One key property of Markov Chain is the walk is expected to be on average
when the process tends towards infinity.

Let’s say a random walker (as eg a drunkard) can walk along a line with
regularly spaced positions, Ax distance apart. At time 0 the walker is at position
0 while after a fixed time interval At the walker either jumps to the right with
probability p or to the left with probability g=1-p, for discrete time points N > 0.
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We will be calculating the probability p(m,N) that the walker will be at position
‘m’ after ‘N’ steps. This probability follows the binomial distribution and is
given by [55]:

p(m,N) = w mem qN;m (4.3)

| |
2

The Gaussian approximation for Random Walk probability p(m,N) when N is
very large. The position ‘m’ after ‘N’ steps can be expressed as the sum of
individual positions attained, m; where m; € {-1,1} and m=YY_, m;
Mean value averaged over all possible random walks
<m>==YN. <m;>=N<m; >= N(pl— (1 -p)l

<m>=NI(2p—-1) (4.4)

Average variance over all possible random walks:
62=<m?> —<m>?=Nog? =N(<m?> —<m>?)
0? = N(pl* + (1 —p)I* =< m >?)

g2 =4N*p(1 —p) (4.5)

According to the Central Limit Theorem for large N p(mm, N) when approaches

towards Gaussian distribution then results in [55]:

1 — —
p(m’ N) ~ W e (m <m>)2/(20-2) (4.6)

4.3 Performance Analysis of Dynamic Simulated System
Model

We now put forward the simulation results studied after performing re-
clustering based on SINR, and applied to dynamic UEs, as explained in section

4.2. The required parameters and their respective values are provided in Table
4.1.

TABLE 4.1: Simulation Parameters’ Values

PARAMETRIC NAME PARAMETRIC VALUE
Operating Carrier Frequency 4.1 GHz
Bandwidth 5 MHz
Coverage Area 4 km?
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No.of Macro BSs 3

No.of Small/Femto BSs 15
Transmitting power of Macro BS 46 dBm
Transmitting power of Femto BS 20 dBm

No.of UEs Varied by PPP

Speed of very slow walker 5 km/hr
Speed of brisk walker 7 km/hr
Speed of Running Female 10 km/hr
Speed of Running Male 13 km/hr

The handover concept is important for any system’s QoS. As a known fact [16],
the QoS or Grade of Service (GoS) of a wireless network is dependent on Pg
(the probability of new calls being blocked) and P (the probability of forced
termination of ongoing calls). GoS always has a higher dependency on P as
compared to Pg and any network operator’s performance is also more dependent
on Pe. Hence the % of successful handoff of any wireless network is an
Important aspect of any system. In our prototype we have induced Random
Walk Model while employing motion to our static UE, which is explained under

section 4.2.

4.3.1 Simulation Results of Successful Handover in SOM Based

Deployed 5G HetNet System with respect to System Threshold
We will be presenting our simulation results of Successful handover

percentage in SOM based deployed 5G HetNet system with respect to different
system thresholds. We will be analyzing this percentage by varying velocity of
users and also, by varying the mobility percentage among users. This will then
be helping us to demonstrate that whether varying velocity with increasing

mobile users can be supported successfully by the system or prototype.

« Simulation Result Analysis of Successful Handover % Across

Different UE Velocities
As velocity of mobile UE increases the successful handoff percentage at

higher SINR target thresholds decreases but not significantly. Also at lower

SINR target thresholds, the percentage reaches to almost 100% across all
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velocities. Thus handover success rate is quite high and supports well at higher

velocity. Fig.4.3 provides the required simulation result in this respect.

Successful Handoff vs Threshold-Mobility 20%

Successful Handoff %

5 km/hr
7 km/hr
10 km/hr

13 km/hr/| |

10’ : :
25 20 -5

-10

5

0
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Threshold(dB)
Fig.4.3. Successful handoff % vs Target SINR Threshold across Velocity

e Simulation Result Analysis of Successful Handover % Across

Different UE Mobility

As mobility percentage of mobile UE increases the successful handoff

percentage at higher SINR target thresholds decreases but not significantly.

Also at lower SINR target thresholds, the percentage reaches to almost 100%.

Thus handover success rate is quite high and supports well at higher mobility.

Fig 4.4 provides the required simulation result in this respect. 5G aims at

seamless connectivity. We observe that SOM deployed BSs are located at quite

favorable positions to provide seamless connectivity with increasing velocity

and increasing mobility for different target system SINR thresholds.
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Successful Handoff vs Threshold-Velocity 10km/hr

- = 5%
- = 10%
°\° 102 - = o gy - = 15%
L e ]
i ot =~ ~ - = 20%
= T~
= S
= Y.
x AR
s AR
i §\\
= L
& .4
A}
W ¥\
ot \
() v
= 8y
2 )
L
by
101 I 1 L 1 I I I “ \
-25 -20 -15 -10 -5 0 5 10 15 20
Threshold(dB)

Fig.4.4. Successful handoff % vs Target Threshold across Mobility

4.3.2 Simulation Results of Successful Handover in SOM Based
Deployed 5G HetNet System with respect to Tele-density

We will be presenting our simulation results of successful handover
percentage in SOM based deployed 5G HetNet system with respect to different
Tele-density. We will be analyzing this percentage by varying velocity of users
and also by varying the mobility percentage among users. This will then be
helping us to demonstrate that whether varying velocity with increasing mobile

users can be supported successfully by the system or prototype.

e Simulation Result Analysis of Successful Handover % Across
Different UE Velocities

As velocity of mobile UE increases the successful handoff percentage at
any tele density increases. This successfully demonstrates that the prototype is
capable of supporting any mobile UE at any speed. It is natural that as speed
increases the chance of handoff increases. Hence successful handoff percentage

will be high at higher speed only when the system is able to make successful
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connectivity at any possible speed. But another aspect is noticeable that as tele
density increases naturally at any speed the successful handoff percentage also
decreases. This happens since the number of small BSs doesn’t increase in our
prototype with rise in mobile UE. Fig.4.5 provides the required simulation result

in this respect.
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Fig.4.5. Successful handoff % vs Tele density across Velocity

e Simulation Result Analysis of Successful Handover % Across
Different UE Mobility

Though the prototype shows promising results with respect to increasing
velocity in  previous section, but for increasing mobility percentage the
successful handoff percentage decreases. Thus the system needs to be leveraged
further to support high mobility percentage as well. At any constant mobility
percentage even for higher tele density, successful handoff percentage decreases
since the number of small BSs in our prototype doesn’t increase with rise in

tele-density. Fig.4.6 provides the required simulation result in this respect.
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Fig.4.6. Successful handoff % vs Tele density across Mobility

Increasing mobile UEs is the driving factor for 5G network requirements.
In terms of deployment, positions of small BSs by SOM provides promising
results with respect to increasing velocity & increasing tele density. Providing
seamless connectivity with increasing velocity & tele density is definitely the

demand of the day in today’s world.
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Chapter 5 Conclusion and Future Scope

5.1 Conclusion

In our thesis work, we have explored suitability of Kohonen’s Self
Organizing Map (SOM) based downlink HetNet deployment model for 5G
along with performance comparisons with K-means. The most useful
observation is that mean area spectral efficiency (ASE) for SOM is higher than
K-means at the cost of little more time complexity that would help first phase of
5G deployment for eMBB use cases. This demonstration is clearly indicated in
Table 5.1 where SOM outperforms K-Means especially for ASE. The primary
usage scenario for 5G is eMBB which concentrates on human-centric access to
multi-media content, services, data etc. In Fig. 5.1 we portray the key
requirements for 5G usage scenarios as referenced from [56]. It clearly displays

how spectral efficiency acts as an important parameter for eMBB.
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Fig.5.1. Essential Requirements of 5G Use Cases [56]
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TABLE 5.1: Comparative Study between K-Means and SOM

Parameter Name K-Means | SOM Inference

Mean ASE(bits per | 1.017 1.473 | 45% increase observed in case of
km?) on SINRTH SOM
Mean Load Per | 474 478 0.84% increase observed in case
Tier on SINRtH of SOM while considering 520

average tele density in 4 km?
coverage area.

As per 5G IMT 2020
requirements for mMTC [56],
Connection Density per km? is
supposed to be 1 million. For eMBB
service even if we consider 10,000
active connections per km? still we
get the percentage increase to be 16%

Mean Coverage |0.89 0.89 Both techniques provide good
Probability on coverage
SINRtH
Mean ASE(bits per | 0.581 0.587 1% increase observed in case of
km?) on Tele SOM with 638 as an average tele
density density per km?.

As per 5G IMT 2020

requirements for mMTC [56],
Connection Density per km? is
supposed to be 1 million.
For eMBB service even if we
consider 10,000 active connections
per km? still then the percentage
increases to 16%

In our prototype, as indicated in Tables 3.2 and 4.1, the coverage area
considered is 4 km? and operating frequency is 4.1 GHz (part of FR1) and hence
bandwidth considered is also the minimum bandwidth, which is 5 MHz. In FR1
allowable bandwidth in 5G is from 5 MHz to 100 MHz while in FR2 it is 50
MHz to 400 MHz [57]. The IMT-2020 5G requirements as stated in [58] is
based on minimum bandwidth of 100 MHz. In Table 5.2 we provide a
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comparative study of these requirements and the results that are obtained when
we applied SOM for FR1 for minimum channel bandwidth of 5 MHz
considering eMBB use cases — which is the primary use case to be served first.
Hence the comparison is based on 20:1 ratio approximately (i.e 100 MHz
Channel Bandwidth : 5 MHz Channel Bandwidth).

TABLE 5.2: Comparative Study between 5G [IMT-2020
requirements and Results Obtained in Thesis Work

Parameter Name IMT-2020 5G 5G Simulated Prototype
requirements for 100 deployed applying SOM
MHz Bandwidth for 5 MHz Bandwidth in
LOS Outdoor Environment
5™ percentile user 0.3 bit/s/Hz (Indoor 0.635 bit/s/Hz
spectral efficiency Hotspot)
(DL) 0.225 bit/s/Hz (dense
urban)
0.12 bit/s/Hz (rural)
User Experienced 100 Mbps 3.175 Mbps
Data Rate (DL)
Average Spectral 9 bit/s/Hz (Indoor 4.06 bit/s/Hz
Efficiency (DL) Hotspot)
7.8 bit/s/Hz (dense urban)
3.3 bit/s/Hz (rural)
Peak Spectral 30 bit/s/Hz 7.9 bit/s/Hz
Efficiency (DL)

Note: DL means Downlink

In Table 5.3 we produce the SOM based deployed 5G simulated system’s
performance for the dynamic users with respect to different mobility and speed.
The maximum successful handoff % achieved is 100% for different SINR
thresholds. This is a major requirement for 5G to achieve seamless connectivity.
Also, an average of 70% successful handoff is always maintained for different

SINR thresholds and for varying tele density.

It can be concluded that for faster rollout of 5G with higher data rate and

spectral efficiency and seamless connectivity, SOM can be effectively applied
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to get the best position of the base stations in a particular geographical area both

for static as well as dynamic UEs.

TABLE 5.3: Performance of SOM Based System Model under
Mobility

Parameter Velocity | SOM | Mobility | SOM | Inference
Name (km/hr) %

Mean 5 68.7 5 67.6 | Good system response
Successful 7 67.8 10 67.3 | for increasing velocity
Handoff % 10 67.6 15 67.2 | and mobility. Maximum

on SINR 13 66.1 20 67 | 100% was achieved in

Threshold both cases: while
varying velocity as well
as mobility

Mean 5 73.7 5 76.7 | Good system response
Successful 7 74.5 10 75.1 | for increasing velocity
Handoff % 10 76.4 15 74.9 | and mobility for

on Tele 13 76.7 20 73.6 | varying tele density.
density

We also demonstrate an up gradation over popular K-Means unsupervised
algorithm, whose application in Wireless Communication is quite popular as
compared to Self Organizing Map. With increasing tele-density in current 5G
world, on applying this simple neural network results in enhanced system

performance thereby supporting the ultra-dense concept more efficiently.

5.1.1 Establishing the Competency of Self Organizing Map

Post analysis of Tables 5.1, 5.2 and 5.3, we hereby conclude the
competitive results as provided by SOM. As per Table 5.1, SOM outperforms
the popular unsupervised K-Means algorithm, in the ruling performance
parameter of 5G eMBB service i.e Area Spectral Efficiency while competing
hand-in-hand with K-Means in other parameters like Coverage Probability,
Load Per Tier etc. As per Table 5.2, the 5G system model based on SOM meets
the required minimum parameter values of IMT-2020 for 5G. Finally, Table 5.3
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demonstrates that the 5G system model based on SOM not only provides
promising results with static UE but also is capable of providing 100%
successful handoff for maximum SINR threshold values.

Thus clearly, we can conclude that if this less-explored unsupervised
neural network, SOM, is utilized for the deployment of base stations in 5G
standalone network then not only SOM gives better results but also its
implementation is faster and easier. Hence if one has time constraint with
respect to implementation, which is an important aspect while launching
products to market, then one can easily opt for SOM for completion of the job
in time rather than jumping into more complex learning like Reinforcement

Learning, for further better results.

5.1.2 Bibliography

Part of our thesis work has been submitted as IEEE Conference Paper in
2023 IEEE 4th Annual Flagship India Council International Subsections
Conference, INDISCON 2023. On the title “Leveraging Self Organizing Map
For 5G Heterogeneous Network Deployment For Enhanced Performance”,
Paper ID: 633.

5.2 Future Scope
¢ In the entire thesis work 5G FR1 (410 MHz to 7.12 GHz) [11] is considered

since this spectrum is cheaper and more in use in developing countries like
India. But the thesis can be extended to FR2 (24.25 GHz to 71 GHz) [11]
which has been opted in developed countries like the US. This way the entire
5G spectrum implementation can be studied via the prototype.

¢ In the thesis work the coverage area is bound to a small geographical area.
Practically it emulates the private 5G network which is quite trending in
current scenario. For large 5G networks, the work can be extended to cover

large geographical areas as well with high computational power computers.
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In Chapter 3, it was seen that computational complexity of K-Means is better
than SOM. Also with increasing tele-density the performance gap in terms of
computational complexity between K-Means and SOM was narrowing (refer
to Fig.3.12). Thus if SOM is used along with K-Means and applied for the
deployment of the base stations in a standalone 5G network architecture,
then even improvement in terms of computational complexity is expected.

The Thesis work was primarily based on Unsupervised Learning. The third
branch of Machine Learning i.e Reinforcement Learning seems to be more
promising since it has the capability to work even in complete unknown
environment and learn in the process of Action and Reward. Thus for self

organizing network it is expected to perform well practically.
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