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ABSTRACT

REINFORCEMENT LEARNING BASED HANDOVER
MECHANISM FOR NEXT GENERATION MOBILE
COMMUNICATION SYSTEMS

Next-generation mobile communication networks have been established on crit-
ical enabling technologies such as millimeter-wave usage, cloud-native architectures,
and new intelligent algorithms to meet the increasing demands of new services and
requirements. One important research area for the new generation of networks is
Radio Resource Management (RRM) applications. In this thesis, a reinforcement
learning-based handover (HO) mechanism is designed by the concept of Contextual
Multi-Armed Bandit (CMAB) algorithm named CHARM (CMAB-Based Handover
Algorithm in Reinforcement Mechanism) and considering Open-Radio Access Network
(O-RAN) architecture. The speed of user equipment (UE) and Signal-to-Interference-
plus-Noise Ratio (SINR) of the serving Base Station (BS) parameters are evaluated as
the context information for the algorithm. The proposed algorithm is compared with
the traditional algorithm of 3rd Generation Partnership Project (3GPP) and a rival
reinforcement algorithm in the literature under different channel conditions such as
Urban Macro (UMa), Urban Micro (UMi) propagation, and different intensities of BS
and obstacles on the map. The results show that our algorithm outperforms the tradi-
tional 3GPP HO algorithm and the rival algorithm for average information rate under
every channel condition. According to the simulations, it is also highly competitive for

average HO numbers.



OZET

YENI NESIL MOBIL HABERLESME SISTEMLERI ICIN
PEKISTIRMELI OGRENME ILE AKTARIM
MEKANIZMASI

Yeni nesil mobil haberlesme aglari, yeni hizmet ve ihtiyaclari kargilamak icin,
milimetrik dalga kullanimlari, bulut tabanli mimariler ve yeni akilli algoritmalar gibi
kritik kolaylagtirici teknolojiler tizerine kurulmaktadir. RRM (“Radio Resource Man-
agement” - Radyo Kaynaklar1 Yoénetimi) uygulamalar: bu yeni nesil aglar i¢in énemli bir
aragtirma alamdir. Bu tezde, CMAB (“Contextual Multi-Armed Bandit” - Baglamsal
Cok Kollu Haydut) algoritmasi konsepti ve O-RAN (“Open Radio Network” - Acik
Radyo Ag1) mimarisi dikkate alinarak pekigtirmeli 6grenmeye dayali bir HO (“Han-
dover” - aktarim) mekanizmasi tasarlanmigtir ve algoritmaya CHARM (“CMAB-Based
Handover Algorithm in Reinforcement Mechanism” - Pekigtirme Mekanizmasinda CMAB
Tabanli Aktarim Algoritmasi) ismi verilmistir. Kullanici ekipmanlarimin hareket hizi ve
hizmet veren baz istasyonunun sinyal-parazit art1 giiriiltii oram (SINR), algoritma igin
baglam bilgisi olarak degerlendirilmektedir. Onerilen algoritma, 3. Nesil Ortaklik Pro-
jesinin (3GPP) geleneksel algoritmasi ve literatiirdeki rakip bir pekigtirmeli 6grenme
algoritmasi ile UMa (“Urban Macro” - Kentsel Makro), UMi (“Urban Micro” - Kentsel
Mikro) yayihmi ve harita tizerindeki farkli yogunluklardaki baz istasyonu ile engel
sayilar1 gibi kanal kogullari altinda karsilagtirilmigtir. Sonuglar, onerdigimiz algorit-
manin ortalama bilgi iletim hiz1 i¢in her kanal kosulunda geleneksel 3GPP aktarim al-
goritmasindan ve rakip algoritmadan daha iyi performans ile ¢aligtigini gostermektedir.
Ayrica simiilasyon sonuclarindan 6nerdigimiz algoritmanin ortalama aktarim sayilar

icin de oldukca rekabetc¢i bir algoritma oldugu goriilmektedir.
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1. INTRODUCTION

Mobile communication technologies are becoming more significant for every as-
pect of life through Industry 4.0 applications to healthcare systems. These sectors
demand high throughput rates of tens of gigabit-per-second (Gbps), and very low la-
tency, such as a few milliseconds. In addition, connection densities are expected to be
millions of devices per square kilometer [1]. New services, such as enhanced Mobile
Broadband (eMBB), Ultra-Reliable and Low-Latency Communications (URLLC), and
massive Machine-Type Communications (mMTC), are designed for 5G to meet the new
demands. The scopes of these services are also expanding towards 6G, and many other
unique services are planned. These services require key enabling technologies such as
millimeter-wave (mm-Wave) usage for propagation and artificial intelligence (AI) for
Radio Resource Management (RRM) applications in the new mobile communication
systems [2]. The RRM applications constitute an essential domain for Radio Access
Networks (RAN) intelligence, such as mobility management and handover (HO) algo-
rithms. These topics are essential research areas because of the engineering problems

that need to be addressed for 5G and Beyond technologies [3,4].

mm-Wave refers to a frequency band between 30 gigahertz (GHz) to 300 GHz.
Although legacy mobile communication is built on microwave propagation between
300 MHz to 30 GHz, such as 4G Long Term Evolution (LTE), the usage of mm-Wave
technology is critical for the 5G and Beyond technologies. This spectrum provides new
transmission space and increases wireless transmission capacity to multi-Gbps data
rates, but its usage has challenges. Due to the short wavelength, the propagation is
adversely affected by significant path loss and is susceptible to blockage, directivity, and
narrow beamwidth. [5]. Many approaches and techniques have emerged to deal with
these new challenges, such as using efficient antenna techniques, beamforming, and
increasing the network density. In addition, due to the complexity of new networks,
new intelligent and flexible RAN designs such as Open-Radio Access Network (O-RAN)
have risen [2,5-7].



The RAN’s intelligence depends on cloud-based programmable, virtualized, and
disaggregated architectures. O-RAN aims to reach these goals by withholding control
functions from hardware fabric and standardizing control interfaces. Thus, autonomous
and self-optimized networks can be established with custom closed-control loops. O-
RAN components are non-real-time and real-time RAN Intelligent Controllers (RIC),
Central Unit (CU), Distributed Unit (DU), and Radio Unit (RU). RIC components
enable RAN intelligence by providing closed-control loops. The network can take
autonomous actions via these loops by interacting with RAN components and their
controllers. For example, 5G traffic types need different requirements. The eMBB and
mMTC services target throughput, while the URLLC services aim to minimize latency.
An intelligent optimization mechanism can be established via RIC components to op-

timize scheduling and resource allocation strategies for meeting these requirements [8].

In this thesis, a Reinforcement Learning (RL) based handover mechanism is de-
signed in the context of mm-Wave and O-RAN usage for next-generation mobile com-
munication systems. The objective is to provide an efficient, intelligent HO algorithm
that addresses the problems of the next-generation mobile network. The designed al-
gorithm is compared with the traditional 3rd Generation Partnership Project (3GPP)
HO algorithm and a rival algorithm from [9] according to performed HO numbers and
average information rates in the network under different propagation environments
and network densities. The HO optimization problem is formulated as a contextual
multi-armed bandit problem that considers the speed of User Equipment (UE) and
Signal-to-Interference-plus-Noise Ratio (SINR) of the serving Base Station (BS) as a
context. It also uses a unique SINR threshold-based exploration-exploitation strategy

and a reward function to learn optimum HO actions.



2. LITERATURE SURVEY

2.1. Mobility and HO Optimization Using RL for Next Generation Mobile

Communication Systems

Maintaining the communication service for an UE on the move is a fundamental
part of mobile communication systems. Mobility feature for the network means provid-
ing communication service without any disruption. UE can change its serving cell to a
new one with this feature within the network area. Thus, the UE’s data can be trans-
mitted to the new target BS from the old serving BS [4]. The general objectives for this
handover procedure are decreasing the frequency of HO, HO failure rate, HO delay, HO
interruption time, energy consumption during the HO process, and ping-pong event
rate while increasing HO success rate [10] or throughput. The traditional standardized
handover procedure is executed when the Reference Signal Received Power (RSRP)
of serving BS is lower than the RSRP of the target BS by a threshold value along
with the duration of a predetermined time interval [10]. This threshold is called the
hysteresis (A) value, and the duration is named time-to-trigger (w) [9]. 3GPP 36.331
and 3GPP 38.331 give details for the implementation Radio Resource Control (RRC)

protocol and the handover decision procedures [10-12].

A significant body of research in the literature benefits from Reinforcement Learn-
ing (RL) algorithms for different parts of mobility management and HO decisions to use
new mobile communications systems in different scenarios and architectures. In [13],
the proposed algorithm SMART is built on traditional 3GPP events. The research
addresses the problem of the high number of HO for dense networks by adding new
policy management phases and modifying some event parameters into the traditional
HO algorithm. The reinforcement algorithm controls these phases and events. The
proposed algorithm considers the UEs’ mm-Wave channel characteristics and Quality
of Service (QoS) requirements. The agent is UE, the environment is the channel con-

dition of the BS, and the action is the BS selection policy for this RL algorithm. In



addition, the UCB is used for the exploration and exploitation dilemma.

Q-learning is one of the model-free practical ways of RL. Q-learning RL algorithms
are used in [14] and [15]. In [14], the authors inspect HO optimization using Q-learning
RL with e-greedy algorithm regarding the drone-UE connectivity for 5G, and focus on
maintaining drone-UE connectivity while minimizing the number of HO by eliminating
the ping-pong effect. The proposed algorithm itself decides the HO actions instead
of traditional HO algorithm. The standard HO scheme is evaluated as a baseline
to compare the proposed algorithm. Still, different configuration parameters of the
baseline algorithm are not emphasized for influencing the HO ping-pong effect. In [15],
a RL algorithm is used to decide quickly where to HO by a backup list of BSs. The
backup list is formed by helping a Q-learning algorithm. The authors use the current
UE location, serving BS, and the quantized signal-to-noise ratio levels as the states.
Their objective is to increase the throughput of the UE by eliminating the complexity
of beam searching in dense networks. They compare their results with algorithms such

as SMART.

One of the critical approaches in the literature is formulating handover decisions
as a Multi-Armed Bandits (MAB) [16,17], and the other is Contextual Multi-Armed
Bandits (CMAB) [9]. In [16], the proposed handover algorithm is based on the MAB
algorithm. The position of UE and the received signal strength are the inputs. The
study aims to decrease the number of handovers in the mm-wave systems. The proposed
algorithm is compared with prior literature research, which is SMART. In [17], the
authors propose a spatial and temporal contextual MAB-based handover algorithm
for ultra-dense mm-Wave networks. The objective is to maximize the duration of
serving Line-of-Sight (LOS) links to decrease excessive numbers of HO. The algorithm
extracts the UE’s context from its online past handovers. The algorithm is compared
against the SMART algorithm and is claimed to outperform. The MAB algorithms’
exploration and exploitation strategies are based on the UCB for [16] and [17] to select
an appropriate BS. In addition, the authors in the [9] model their problem as a CMAB
problem and evaluate it by considering the deployment aspects of 5G. Other typical



HO algorithms consider the measurements from the access beam and decide whether
to perform HO. However, they use link-beam measurement to calculate reward for the
HO decisions and throughput values. Their RL algorithm uses the e-greedy strategy,
and the results are compared with the traditional 3GPP algorithm.

RL combined with the neural networks is another technique for HO algorithms
[18-22]. In [18], a proactive handover mechanism using a deep learning algorithm to
predict blockage effects is proposed for the link reliability issue in the mm-Wave com-
munication systems. This issue occurs due to the sensitivity of the blockade effect on
the propagation and causes link disconnections and latency issues for the UE [18]. The
main objective is based on hypothetically gaining time to do the handover procedure
by forecasts according to the received power values of the UE. Although the results
show that the blockage prediction success probability is high for their simulations, the

traditional HO algorithm and the number of HO as a cost are not evaluated.

On the other hand, the authors in [19] evaluate load balancing for their HO
algorithms with RL leveraged by deep neural network technology. They propose an
algorithm whose objective is to increase the sum rate of all UEs in the network while
ensuring minimum rate requirements and preventing excessive numbers of HO in the
system. The problem is modeled as a non-convex optimization problem. In addition,
the Deep Deterministic Policy Gradient (DDPG) method is used in policy manage-
ment. There are different policy algorithms in the HO literature. For example, in [23],
the authors modify Proximal Policy Optimization (PPO) for their multi-agent deep
RL algorithm for power allocation and handover management. The objective is to
maximize overall throughput while decreasing HO numbers in the system. The results

are compared with DDPG and other policies.

In [20], a Double Deep Reinforcement Learning (DDRL) algorithm is proposed
due to continuous and substantial state spaces of their considered 5G environment.
Other algorithms for Q-learning, such as Q-table, are not considered appropriate for

handling the excessive number of states and actions because this leads to suffering



due to memory requirement and the response time of the algorithm [20]. The authors’
performance metrics for the research are the number of HO and the overall throughput.
The objective is to provide more extended connectivity along the path of UE and
decrease the number of HO. They compare their results with prior algorithms such as

SMART.

Convolution neural network (CNN) is also used in [21] for determining image-like
states for their Q-learning deep RL mechanism. These states are an obstacle, BS, other
UEs, and the self-position information. The proposed algorithm uses all UEs state for
evaluating HO decisions with shared bandwidth usage to provide high throughput. The
objective is to obtain maximum overall throughput in the network and decrease the

number of HO. The results are compared with a heuristic solution in the literature.

2.2. Contribution

The main contributions of this thesis are given as follows:

e The problem is modeled as a Contextual Multi-Armed Bandits problem, and a
novel HO algorithm CHARM is proposed.

e The algorithm labels UEs with three different types according to their speeds and
quantizes the received SINR levels. This information is used to obtain context
for the CMAB model. The context information parameters for CHARM can also
be enhanced or modified according to different requirements.

e A novel SINR threshold-based exploration-exploitation strategy with Thompson
Sampling is used for the RL algorithm to reduce the ping-pong effect, and the
action space is narrowed for the candidate list of BS. Thus, a more efficient
algorithm is obtained.

e The reward function of the algorithm also considers SINR and HO actions to-

gether with a unique way to cover objectives.

The proposed algorithm is tested under different channel environments, with



different densities of BS, obstacles, and UEs with different speeds in the map. The
results are compared with the traditional 3GPP algorithm by different configurations

and a rival algorithm from [9].



3. BACKGROUND

3.1. Wireless Signal Propagation for Mobile Communication

Wireless signal propagation models for mobile communication systems have been
developed through 1G to 6G. Different components characterize a channel environment
and are used to formulate wireless signal propagation. These are grouped into two
types: small and large-scale fading. All propagation models attempt to estimate and

measure of the effects of these fading types [24].

Large-scale fading is based on the long-distance propagation effects compared to
the signal’s wavelength. It relates to path loss and shadowing. Path loss is formulated
according to the height of the BS and UE, the path length between a transmitter
to receiver, the environment type, and the carrier signal frequency. Shadowing is the
power changes of the signal due to obstacles between the receiver and transmitter. The

shadowing effect describes by the log-normal distribution for the environment [24,25].

Small-scale fading is the rapid fluctuations of the received signal due to relatively
minor distances, such as few wavelengths. This type of fading affects the amplitude
and phase of the signal. All parameters are related to multi-path components such as
Azimuth Angle of Arrival (AoA), Azimuth Angle of Departure (AoD), Zenith Angle of
Departure (ZOD), and Zenith Angle of Arrival (ZOA). The superposition effect of all
these parameters is modeled as a Gaussian random process such as Rayleigh and Rician
fading models. Rayleigh fading is used when there are no dominant LOS components
of the received signal; otherwise, using Rician fading gives better results than using

Rayleigh fading [24, 26, 27].

3GPP 38.901 is the standard channel model for frequencies band between 0.5 and
100 GHz. Many usage scenarios are considered for the channel models to formulate

fading, such as Urban Micro (UMi), Urban Macro (UMa), and Indoor. For outdoor



applications, the UMa channel may be used when BSs are above the rooftop levels
of surrounding buildings. Otherwise, UMi may be more suitable for the environment.
Indoor scenarios are used for deployments, such as in the office and shopping environ-
ment. These channel models have different numerical values for the component sets to

model signals [25].

3.2. O-RAN Architecture

O-RAN architecture is a new paradigm for mobile communication systems. It
provides disaggregated components that connect each other via open interfaces and
intelligent controllers [28]. Figure 3.1 shows these components. Non-real-time RIC
and near-real-time RIC provides improved embedded intelligence for the RAN net-
work [29]. Non-real-time RIC is within the Service Management Orchestration (SMO)
framework. It is responsible for operations larger than 1 s [30-32]. On the other hand,
near-real-time RIC performs near-real-time optimization and steering Open-Central
Unit (O-CU) and Open-Distributed Unit (O-DU) components within 10 ms to 1 s.
Near-real-time RIC applies the policies coming from non-real-time RIC according to
computed or trained models. RRM is one of the main responsibilities of these intelli-
gent components [33]. Figure 3.1 shows the overall O-RAN architecture and interfaces

between components [34].

Service Management and Orchestration Framework

Non-Real Time RIC

E2 E2

Open FH M-Plane
Open FH CUS-Plane Open FH M-Plane

O-RU

0O-CLOUD

Figure 3.1. O-RAN architecture.
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In the context of O-RAN, O-CU, O-DU, and Open-Radio Unit (O-RU) compo-
nents are the extensions of the RAN disaggregation paradigm of the proposed structure
by 3GPP such as for the Next Generation Node Bases (gNBs) [29,35]. The CU compo-
nent is also composed of split units: the Open-Central Unit Control Plane (O-CU-CP)
and the Open-Central Unit User Plane (O-CU-UP). O-RU and O-DU are responsible
for physical layer operations. O-DU also performs Medium Access Control (MAC)
and Radio Link Control (RLC) [36-38]. On the other side, O-CU handles Radio Re-
source Control (RRC) layer, the Service Data Adaption Protocol (SDAP) layer, and
the Packet Data Convergence Protocol (PDCP) layer. [12,28,39,40]

3.3. Reinforcement Learning

Reinforcement Learning is an Machine Learning (ML) technique that learns from
the interaction between the agent and the environment. The agent is the unit for
deciding to select appropriate actions. Each action leads to another state for the
environment and has to respond with a reward. Figure 3.2 demonstrates these steps and
the interaction between the agent and the environment. The RL agent is responsible
for maximizing the overall rewards by selecting optimal actions each time. The policy
values choose these actions to correspond to the state and the action. Therefore, the
main goal of RL is finding the optimal policy values for the system. All RL processes
can be modeled as a Markov Decision Process (MDP) [41].

/
Action

Agent J

Reward

State Environment

Figure 3.2. Reinforcement learning.
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3.3.1. General Concepts

e Markov Decision Process:
A typical MDP can be expressed as a tuple which is {S, A, P, R} [42], where
S denotes the states, and A denotes the actions. P and R denote transition
probability and the reward function, respectively. P : Sx Ax S + [0, 1] describes
that for each state s € S and for each action a € A, the conditional probability
P (s,8141,a) = p(Si11]s,a) of transitioning to state s;41 € S, and ¢ is the trial
index. The reward function can also be expressed as R: S x A x S +— R [42-45].
e Policy:
The policy is a mapping 7 : S x A — [0, 1], where 7 denotes the policy and the
policy probability for the state s and the action a [42-45]. It is expressed as

7 (s,a) = p(als). (3.1)

e Value Functions:
The value functions for the state s and the action a under the policy 7 can
be expressed as V7 (s) = E[R]s, 7] [41]. The optimal policy corresponds to the

optimal value function V* (s), which is expressed as V*(s) = max V7 (s), Vs € S

[41].

3.3.2. Multi-Armed Bandits

The concept of multi-armed bandits is a classic problem for reinforcement learn-
ing. The term is derived from the image of a gambler at a row of slot machines. The
gambler tries to maximize the earned rewards from the machines by finding the proper
sequence to pull the arms. This problem is formed by the exploration and exploitation

of machine arms to maximize profit [46].

A typical stateless MAB problem can be expressed as a {A, R, Q} [46]. A is the

action set that consists of N arms in the problem. The reward function is denoted as
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R. @ is the average reward, and it can be expressed as [46]

Qu (ar) = Ntzat) S R (ar). (3.2)

N; (a) is the total number of choosing the action a; before the trial t and 7 < t.

The value function of the MAB also turns to
V* = E[R|7]. (3.3)

7 is the policy where 7 : A — [0, 1] and 7 (a) = p(a) for a € A. Finding the optimum
policy is the key. Therefore, the algorithm of MAB needs to overcome the exploration
and exploitation dilemma. If the agent explores, it will make decisions at random by
disregarding all the knowledge acquired in the initial phases. On the other hand, if
the agent only engages in exploitation, it will make decisions based on the immediate
benefit, much like greedy methods [46]. There are three main algorithms for MAB to
overcome this dilemma. These are e-Greedy [47], Upper Confidence Bounds (UCB) [48]
and Thompson Sampling (T'S) [43,46,49].

o c-Greedy
This strategy is based on exploiting the best action most of the time with proba-
bility (1 — €) and exploring new random actions occasionally with probability e.

The exploiting phase can be expressed as [46,47]

a; = argmax Qq(a). (3.4)

acA

e Upper Confidence Bound (UCB)
UCB considers the average reward function and its confidence bound together to
decide which action to take in a greedy way. Cy(a) denotes the confidence bound
of the average reward for the a € A, and the selection of the optimum action a;}

can be formulated as [46]

a; = argmax Q¢(a) + Cy(a). (3.5)

acA

The Cy(a) can be calculated as [48]

Ci(a) = /?vl,:i)t (3.6)
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e Thompson Sampling (TS)
The algorithm for Thompson Sampling is based on the Bernoulli bandit and
follows a Beta distribution with parameters a; and ;. The value of a; comes
from the agent’s successes to get a reward, and [3; comes from the failures [46,49].

The pdf of the Beta distribution is

Fp.0us) = sl 1= 37

where p denotes the random variable, 0 < p < 1, and I'(.) is the Gamma func-
tion.T'S takes samples from the distribution of Equation (3.7). These samples are

denoted as Q(a;), and it is formulated as

Q(at) ~ Beta(ay, 5y), (3.8)

where Beta(.) is the Beta distribution function, and the selection of the action

formula is expressed as [46]

af = argmax Q(ay). (3.9)
acA

3.3.3. Contextual Multi-Armed Bandits

The basic MAB model considers only the results of the past action, and the agent
decides from these results. The contextual multi-armed bandits (CMAB) algorithms
also evaluate side information as a context for these results [50]. The CMAB model
can be expressed as a tuple of {M, A, Q}, where M is the context set, and A and Q
are the action and average reward functions, respectively. For the CMAB, Q turns to
Q : M x A. Thus each context m € M has its average rewards values for the action

space. The average function can be expressed as
| t—1
m = — R™(a;). 3.10
Q1 (0 = ey SR (310
Other mechanics of the CMAB can be expressed as the same as the MAB model in

Section 3.3.2.
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4. CHARM: CMAB-BASED HANDOVER ALGORITHM
IN RL MECHANISM

In this chapter, the system model and the proposed algorithm are defined. Section
4.1 explains the system model with formulas of simulation components such as map
environment, BS, UE, and links. Finally, section 4.2 presents CHARM model with its

architecture and CMAB agent usage for the algorithm.

4.1. System Model

For the system model, we assume that base stations and obstacles are posi-
tioned in the Cartesian plane using a Poisson Point Process (PPP) [51] with intensity
s (BS/m?) and A, (obstacle/m?), respectively. The UEs can travel on the given path
in this plane according to speed values drawn from a Gaussian-based distribution de-
fined in this section. These UEs receive signals from different links along the path. Cell
acquisition and control information are obtained from sub-6GHz frequency bands. On
the other hand, data are transmitted via mm-Wave bands by using beamforming [9].
The link that conveys cell acquisition and control information is named an access link,
and the link for data transmission is named a data link throughout this thesis. The
components of the system model are given as follows: map, base stations, obstacles,

mobile users, and links.

4.1.1. Map

The map is a Cartesian plane with X and Y parameters, where X is the x-axis

length, and Y is the y-axis length in meters. Let ¥ denote the map area where ¥ = XY
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4.1.2. Base Stations

Let v = {bs;} be the set of base stations, where bs; means the " base station.
Each bs; is located at point (zps,, Yss,) and Aps = ﬂ%, where y is the average Inter-side
Distance (ISD) for the base stations. We assumec21 the cell radius is half of x for the
system model. The number of BSs is obtained from PPP where |v| ~ Poisson(Ays¥),

and each BS is randomly set into the map.
4.1.3. Obstacles

Let O = {o;} be the set of obstacles. The obstacles are modeled as line blocks
with length and angle parameters. Let L, denote the length of the I obstacle in O.
Each L,, is set uniformly from the interval [0, Ly,q4,], where L,,q, denotes maximum
obstacle length. The angle between each obstacle and x-axis is also uniformly set from
the interval [0,27]. The number of obstacles is generated from PPP where O] ~

Poisson(A\,¥), and each obstacle is randomly set in the map.
4.1.4. Mobile Users

Let & = {ue;} be the set of mobile users, where ue; is the 57 mobile user. The
speed of UE is derived from a Gaussian probability density function model. Each ue;
has one of the three speed types: low, med, and high. Each speed type corresponds
to the different minimum and maximum speed limits. Maximum and minimum speed
values are denoted as Uy, and VUpmgs, respectively. For the speed of j** UE vj, the

probability density function (pdf) can be expressed as
1 _(@py)?

f(vj):aj\/%e RE (4.1)

where p; is the mean, and o; is the standard deviation. The mean value of the distri-

J J
Umazx +vmin

bution is set to . On the other hand, o; is derived from the Empirical rule,

J .
Umaz —Vp,;

J
and it is set to o; = === So, this standard deviation formula ensures 99.7% of

the generated speed values are between vf;m and v/ from the Gaussian distribution.
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For the other part, v; : v; < v, =— v, =v , Vo, >0l =— v =vl
policy is applied. Each UE starts at the beginning of the path and finishes it after T;
time according to its speed. In the simulations, the path line is wider than a single
point, and UE can be randomly at any point on the width axis according to the biased

waypoint model.

4.1.5. Links

Let FA = {fa;} be the set of central frequencies of access links, and F'D = {fd;}
be the set of central frequencies of data links, where fa; and fd; are the i** frequencies
in the sets that corresponds to ¥ BS. Each bs; has two central frequencies, fa; and fd;,
for the access and data links. These links can be Non-Line-of-Sight (NLOS) or LOS.
The data link uses mm-wave propagation and the access link uses sub-6GHz frequency
bands. We assume that transmit power is constant and denoted as Pr. 3GPP UMa

and UMi scenarios are considered for signal propagation.

The fading of the signal is modeled as independent Nakagami fading. The re-
ceived signal is attenuated according to a normalized gamma distribution. The gamma
random variable and the gamma distribution parameter are denoted as g; and 7;, re-
spectively, for base station bs;. We assume that n; = 3 for the NLOS links and 7; = 2
for the Nakagami fading channel [52].

The antenna gain is different for the data link and access link. Beamforming tech-
nology is modeled as approximated sector antenna pattern for the data link according

to [53]. We denote the antenna gain by Gj;.

Table 4.1. Probability Mass Function of Directivity Gain G;.

k 1 2 3 4

Lk TsTuEe vpsTuE TpsvuE UBsSUU

Dk cpgscue | (1 —cps)cur | ees(1 —cug) | (1 —cps)(l — cur)
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Table 4.1 gives the parameters for the sector antenna pattern. We assume angle
of arrival (AoA) ¢yr and angle of departure (AoD) ¢pg of the signal are equal to zero
(pvr = ¢ps = 0) for the serving BS. On the other hand, the AoA and AoD take values
uniformly between the range [0, 27] for the other interfering BSs. The gain of beam
G is equal to TpsTyE for the serving BS, where T and v denote main and back lobe
directivity gains. For the other interfering BSs, G; is one of the probabilistic values of

1, from the Table 4.1, where cpg = % and cyp = % [51,53].

The path loss formula is adopted from the 3GPP 38.901 document for the UMa
and UMi scenarios. The path loss formulation parameters change according to the
distance between the UE and the BS. Let PLf”fyC denote the path loss for the i** BS at
(z,y) coordinates. There are two formulas in the standard for the LOS signal and the

UMa scenario as

UMa,(x, x,
PLy;y, 9= 28,04 22 logyo(d3p ;) + 201ogyo(fe), (4.2)

PLYM™@D 98,0 4 40log, () + 201og o f.) — 9logyo((dnp ) + (hus — hur)?),

where f. is the center frequency of i BS normalized by 1GHz. The frequency can be
chosen as fa; or fd; according to the link type. d3} is the 3D distance between the UE
and the BS. hpg and hyp are the antenna heights for the BS and the UE, respectively.
dyp is the breakpoint distance for the scenarios in the 3GPP 38.901. For the UMi

scenario, the path loss formulas are

UMi,(x, T,
PL1,z’,fc( Vo= 324+ 211og,o(dsp ;) + 201ogyo(fe), (4.3)

PL;{ j‘j{’(ﬂf’y) = 32.4+40log,o(d53,) + 20log;o(fe) — 9.5 1og,0((dpp )2 + (hps — hug)?).
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The PLi’fyc formula is deduced from the following equation.

¢ (

pLYME@Y - qom < diy . < d
b fe PR TR ror x = {150,300} m

by _ ) \PLETY dpp < dif < Skm (1.4)
e T ( ) / ’ .
PLUMZ,(LE,Z/) 710m§d;g7l SdBP

hofe ,for x = {450,600} m

| PLz Y d L, < Ay < Skm
where dy; is the 2D distance between the UE and the BS for the UMa and UMi
scenarios. ISD is assumed as approximately 500 m for UMa scenarios and 200 m for
UMi scenarios [25]. In this thesis, four x values are considered for the system model,
which are 150 m, 300 m, 450 m, and 600 m. The UMi propagation model is considered
for the 150 m and 300 m y values. On the other hand, the UMa scenario is evaluated

for the 450 m and 600 m y values.

Shadow fading is log-normal, denoted as ogp. It is 4 dB and 7.8 dB for the LOS
UMa and the NLOS UMa scenarios, respectively. For the UMi scenario, shadow fading
is 4 dB and 7.82 dB for the LOS and NLOS signal, respectively [25]. The received

signal power can be calculated as

9iPrGiPL; (4.5)

where P[:f}’c denotes value of PL]/ in Watts. Noise power is denoted as o and
calculated according to user bandwidth By, [51,54,55]. The noise power formula is
expressed as 0% = —174 + log,, By + Ny, where the noise figure is denoted as N; in
dB. Let 0;2\7 denote 0% in Watts. The SINR value of the user at (x,y) coordinates can
be calculated as

glPTGlPI:Z}?C (4.6)

Hlvfc = — _ ,
ON + Lbsien, 9iPrGiP LY

:E’y

where bs; is the serving BS for the UE. ; denotes the base station set that serves with
the same frequency of bs;. It is assumed that the UE reaches Shannon bound for the

information rate. The information rate formula is expressed as [51, 52]

241 = By In(1 + min(HSe Thoay)), (47)

z,y
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where T,,,. is a threshold value for limiting the information rate capacity in the case

of very high SINR values.

4.2. CHARM Model

4.2.1. CHARM in O-RAN Architecture

ORAN architecture is considered for the operations. Each BS has a near-real-time
RIC unit, and the CHARM agents run on the RIC components. These agents decide
on handover operation according to the proposed algorithm by taking measurement
reports from the UE. These measurement reports contain the access link SINR values

of the neighbor BSs and the data link SINR value for the serving BS.

Serving BS BS
‘ User Mear-real-time RIC (Target)
’7 Measurement Repnr&_i E
CHARM Agent / :
Evaluates measurement report and decides for HO action b] !
[ :
alt ) [if the CHARM agenttakes the HO decision] |
HCO Request -
-
_ HO Request ACK
- HO Command
Initial Entry Procedure
Synchronization & Randpm Access Process -
-
CHARM Agent /
_ Target BS feedback for the UE's data SINR
Evaluates the feedbacks for the RL Model B]
| iIi |
User Serving BS BS
Mear-real-time RIC (Target)

Figure 4.1. HO process with CHARM.
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The handover decision problem is modeled as a CMAB problem with CHARM.
CHARM agent in the BS considers the UE velocity v; and the data link SINR value

of the serving BS (! at the ¢ time as context information.
4.2.2. CHARM Agent

CHARM agent is based on CMAB. Let M denote the context set. M = {m;}
where m, is the context information at time ¢. m, = (5, é;), where 7; and é; denotes the
velocity level and the quantized data link SINR value labels of the ue; at time ¢, respec-
tively. If a UE speed is between [3.6, 40), [40, 90), and [90, 144] km/h, we label UE as
low, med, and high speed UE, respectively. We also label the SINR values by mapping
them in an appropriate interval place from an SINR scale of [—oc0, —20, —10, 0, 10, +o<]
dB values. Let A denote the action set. Each action a;;n corresponds to a target base
station bs; for handover operations, where a;’ft” € A and bs; € v. The reward function
for the CMAB is expressed as

(
(¢ =¢h)
¢t

R = 1 att > . (4.8)
! ! ,if handover action is NOT per formed

,1f handover action is per formed

-1 gt <!
- <

Thompson algorithm is selected and modified for the exploration-exploitation
strategy. Each context corresponds to its average reward function ) where ) : M x A.
Let Qg”(a;;n) be the sample value of the average reward function for the Thompson

algorithm. It is expressed as
Q'(ajy") ~ Beta(afl, B73), (4.9)

where o and (]} are pseudo counters initially set to 1. The pseudo counters are

incremented according to R as

m o am ajiy = oy + [R5l R =0
(@1, Biter) = (4.10)

m . am t t
T =00 IR R <0
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According to the Thompson algorithm, best action can be determined as

~

— arg max Q" (a;7"), (4.11)
acA

i,m*
@it
where a;’ftn* and A denotes the best action at time t for the context m and limited
action set, respectively. Let 5;5@ denote the access link SINR value of the serving bs; at

time ¢ for the ue;. An SINR threshold level & is determined to limit action space, and

the limited action set can be expressed as A = {G;T 0%, > kK, Va € A}
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5. EXPERIMENTS AND RESULTS

5.1. Experiments

5.1.1. Simulation Basics

The simulations are run as a Monte-Carlo method. Ten simulations are done for
each characteristic environment, and each simulation runs on a different map generated
with the same environment parameters. The results, which are average info rate and
average HO numbers, are generated from the 1000 iterations of the ten simulations
per the proposed method, 3GPP standard algorithm, and the rival algorithm of [9]
according to different configurations of these algorithms. The iteration number for
each simulation is set to 500. We use 400 iterations to train RL HO methods for
each simulation, and the remaining part is evaluated for comparisons between chosen

methods.

5.1.2. Map Environment

The lengths of the x-axis and y-axis are set to 1000 m and 2000 m as the map
size. Different map environments are generated according to \ys and A\, parameters.
These environments have different intensities of BS and obstacles. y is taken as 150
m, 300 m, 450 m, and 600 m for the high and low intensity of BS scenarios. The
parameter )\, is set to 1.107% obstacle/m? and 5.1075 obstacle/m? for high and low
intensity of obstacles, respectively. The following map environments are examples of
600 m and 150 m x values and low and high-intensity obstacles to demonstrate map

environments.



X: 600 m A,: 5.e-06 obstacle/m? Lpmax: 100 m

192 / /

336 Finish

672 Start 0 SIMULATION ROAD

Figure 5.1. Average ISD 600 m and low intensity obstacle environment.
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Figure 5.2. Average ISD 600 m and high intensity obstacle environment.
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. X: 150 m Ao: 5.6-06 obstacle/m? Lmax: 100 m
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Figure 5.3. Average ISD 150 m and low intensity obstacle environment.
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Figure 5.4. Average ISD 150 m and high intensity obstacle environment.
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The red points denote the BSs. The black rectangles are the obstacles, and the
path is shown as the blue line in the figures. UEs start their movements at the map’s
beginning point, where the location of [0, 2Y /3], and follow the path according to their
speed models till the end point [X, Y/3]. The width of the path is set to 5 m.

5.1.3. UE Speed Configurations

Each iteration is conducted per a UE. The UEs can be one of the low, med,
and high-speed UE types. The UE types’ percentages for each simulation are defined
as 20%, 50%, and 30% for the low, med, and high-speed types, respectively. The
minimum and maximum speed values range are in [1m/s, 18m/s|, [12m/s,29m/s] and
[13m/s,40m/s] for the speed types. The UE and its model are determined for each

iteration according to these values.
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Figure 5.5. Total UE speed distribution example for 5000 iteration of a simulation.
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5.1.4. Transmission Configurations

The transmission power of the BS (Pr) is set to 16 Watts. The main and back
lobe directivity parameters are set to 10 Watts and 2 Watts, respectively, for both
BS and UE. On the other hand, the antenna gain is set to 1 watt for the sub-6GHz
transmission. The height of the BSs is assumed as 25 m and 10 m for the UMa and
UMi models, respectively. It is assumed that each UE can use all the bandwidth,
and the By, is set to 100 MHz. The T,,,, value is set to 100 dB for the Shannon
formula. All base stations can transmit the signal with carrier frequencies for access
link and data link. The carrier frequencies of a BS are randomly set from the evaluated
frequency sets F'A and F'D for the sub-6 GHz and the mm-Wave spectrum. According
to standard implementations, the evaluated access link carrier frequency numbers are
greater than the number of mm-Wave carrier frequencies. |F'A| and |F' D] are set to 25
and 3, respectively. The BSs far away, 1 km from the UE position, are ignored for the

SINR calculation due to computational limitations.

5.1.5. Algorithm Configurations

Simulation results are generated for different configurations of the algorithms.
The 3GPP algorithm has two parameters to arrange: hysteresis (A) value and the
time-to-trigger (w). The proposed algorithm has one configuration parameter, the
SINR threshold level &, to limit action space, and the rival algorithm has none of the
configuration parameters. The evaluated configurations for the algorithms are as fol-
lows. For the 3GPP, the hysteresis parameter sets from 0 dB to 20 dB by skipping 2dB
intervals, and the time-to-trigger parameter sets from 0 to 2 seconds. The configuration

number is the combination of these values as a different pair. The proposed algorithm

sets the SINR threshold from -20 dB to 20 dB by skipping 2 dB intervals.
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5.1.6. Example Simulation Scenario

As an example of our simulations, Figure 5.6 illustrates a low intensity BS and
obstacle environment. The orange circles represent approximate cell ranges of BSs
where a UE can receive a data signal from those BSs down to around —30 dB. In this
scenario, a UE begins the path with 1 m/s, getting service from B3, B0, and B1 along
the path, respectively.

X: 600 m A,: 5.e-06 obstacle/m? Lpmax: 100 m
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Figure 5.6. Example of a simulation scenario.

Figure 5.7 shows the windowed data link signal levels by 20 s for this scenario
according to an iteration of the example simulation. It demonstrates how a UE can

receive data signals from the BSs with the examined HO algorithms.
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Propagation Example
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Figure 5.7. Example of data link signal levels.

This example is a sample from 10" iteration of the learning phase. CHARM has
better results between 1750 s and 2000 s even by the beginning of the learning phase.
However, the HO algorithms give similar results for the first HO region between 250 s
and 500 s. These differences are because of the complexity of data and access link
propagation models. For the more complex scenarios, such as high intensity of BSs
and obstacle scenarios, the effect increases as an optimization problem. For a longer
distance than the 1 km, the received signal level is set to —100 dB to ignore these

signals for this figure.
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5.2. Results of Experiments

The results are given for each experiment with Pareto-front graphs and compar-
ison tables of the best algorithmic configurations. The Pareto-front graph values are
calculated according to different configurations of the algorithms. The average info rate
and the average HO number correspond to the x-axis and y-axis of the given Pareto-
front graph, respectively. Each point of the graphs is calculated from 10 simulations
for one configuration of the algorithms. The best configuration for the environment is
also systematically chosen according to the Utopian method to compare algorithms.
In Section 5.3, the comparison results of the algorithm are given as gain percentages
that show how much CHARM has a lower HO number and higher average throughput

than the compared algorithms.

5.2.1. Case 1: UMa Average ISD 600 m and Low Intensity Obstacle Envi-

ronment

Figure 5.8 shows the results of all the configurations as a Pareto-Front graph. The

graph is from the UMa 600 m average ISD and low-intensity obstacle environment.
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Figure 5.8. Case 1: Pareto-front graph for HO algorithms.
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According to the Utopian method, the best configurations are A =8 dBw =1 s
for the 3GPP algorithm and k = 6 dB for CHARM. The best results are given in the

following tables for these configurations.

Table 5.1. Case 1: Table of Results for Best Configuration.

Results 3GPP CHARM | Rival-RL
Best Configuration A=8dBw=1s| k=6dB -
Average HO Number 4.026 3.736 25.895
STD of HO Number 0.783 0.929 20.899
Average Info Rate (Mbits/s) 75.330 76.119 59.125
STD of Info Rate 58.526 59.836 47.436

5.2.2. Case 2: UMa Average ISD 600 m and High Intensity Obstacle Envi-

ronment

Figure 5.9 shows the results of all the configurations as a Pareto-Front graph. The

graph is from the UMa 600 m average ISD and high-intensity obstacle environment.
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Figure 5.9. Case 2: Pareto-front graph for HO algorithms.
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According to the Utopian method, the best configurations are A =8 dBw =1 s
for the 3GPP algorithm and k = 6 dB for CHARM. The best results are given in the

following tables for these configurations.

Table 5.2. Case 2: Table of Results for Best Configuration.

Results 3GPP CHARM | Rival-RL
Best Configuration A=8dBw=1s| k=6dB -
Average HO Number 5.018 4.107 26.453
STD of HO Number 1.646 1.582 17.468
Average Info Rate (Mbits/s) 68.680 73.032 60.209
STD of Info Rate 35.436 38.909 27.801

5.2.3. Case 3: UMa Average ISD 450 m and Low Intensity Obstacle Envi-

ronment

Figure 5.10 shows the results of all the configurations as a Pareto-Front graph.

The graph is from the UMa 450 m average ISD and low-intensity obstacle environment.
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Figure 5.10. Case 3: Pareto-front graph for HO algorithms.
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According to the Utopian method, the best configurations are A =6 dBw =1 s
for the 3GPP algorithm and k = 4 dB for CHARM. The best results are given in the

following tables for these configurations.

Table 5.3. Case 3: Table of Results for Best Configuration.

Results 3GPP CHARM | Rival-RL
Best Configuration A=6dBw=1s| k=4dB -
Average HO Number 6.497 6.353 46.211
STD of HO Number 1.700 2.179 26.599
Average Info Rate (Mbits/s) 106.363 111.676 82.790
STD of Info Rate 52.708 58.771 34.535

5.2.4. Case 4: UMa Average ISD 450 m and High Intensity Obstacle Envi-

ronment

Figure 5.11 shows the results of all the configurations as a Pareto-Front graph.

The graph is from the UMa 450 m average ISD and high-intensity obstacle environment.
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Figure 5.11. Case 4: Pareto-front graph for HO algorithms.
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According to the Utopian method, the best configurations are A =8 dBw =1 s
for the 3GPP algorithm and x = 8 dB for CHARM. The best results are given in the

following tables for these configurations.

Table 5.4. Case 4: Table of Results for Best Configuration.

Results 3GPP CHARM | Rival-RL
Best Configuration A=8dBw=1s| k=8dB -
Average HO Number 6.470 5.853 39.074
STD of HO Number 1.523 2.942 17.988
Average Info Rate (Mbits/s) 97.434 97.393 61.613
STD of Info Rate 51.247 54.270 24.715

5.2.5. Case 5: UMi Average ISD 300 m and Low Intensity Obstacle Envi-

ronment

Figure 5.12 shows the results of all the configurations as a Pareto-Front graph.

The graph is from the UMi 300 m average ISD and low-intensity obstacle environment.
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According to the Utopian method, the best configurations are A =10 dBw =1 s
for the 3GPP algorithm and x = 10 d B for CHARM. The best results are given in the

following tables for these configurations.

Table 5.5. Case 5: Table of Results for Best Configuration.

Results 3GPP CHARM | Rival-RL
Best Configuration A=10dBw=1s| k=10dB -
Average HO Number 7.853 8.687 104.498
STD of HO Number 1.395 1.209 13.092
Average Info Rate (Mbits/s) 53.943 56.749 19.847
STD of Info Rate 28.720 30.584 8.068

5.2.6. Case 6: UMi Average ISD 300 m and High Intensity Obstacle Envi-

ronment

Figure 5.13 shows the results of all the configurations as a Pareto-Front graph.

The graph is from the UMi 300 m average [SD and high-intensity obstacle environment.
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Figure 5.13. Case 6: Pareto-front graph for HO algorithms.
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According to the Utopian method, the best configurations are A =8 dBw =1 s
for the 3GPP algorithm and x = 10 d B for CHARM. The best results are given in the

following tables for these configurations.

Table 5.6. Case 6: Table of Results for Best Configuration.

Results 3GPP CHARM | Rival-RL
Best Configuration A=8dBw=1s|k=10dB -
Average HO Number 9.968 9.501 120.098
STD of HO Number 1.230 1.126 14.646
Average Info Rate (Mbits/s) 82.603 85.145 27.938
STD of Info Rate 29.238 31.312 8.861

5.2.7. Case 7: UMi Average ISD 150 m and Low Intensity Obstacle Envi-

ronment

Figure 5.13 shows the results of all the configurations as a Pareto-Front graph.

The graph is from the UMi 150 m average [SD and low-intensity obstacle environment.
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According to the Utopian method, the best configurations are A =0dBw=1s
for the 3GPP algorithm and k = 6 dB for CHARM. The best results are given in the

following tables for these configurations.

Table 5.7. Case 7: Table of Results for Best Configuration.

Results 3GPP CHARM | Rival-RL
Best Configuration A=0dBw=1s| k=6dB -
Average HO Number 18.811 20.25 150.796
STD of HO Number 1.644 1.659 11.961
Average Info Rate (Mbits/s) 152.242 178.849 16.663
STD of Info Rate 18.226 22.337 2.715

5.2.8. Case 8: UMi average ISD 150 m and High Intensity Obstacle Envi-

ronment

Figure 5.15 shows the results of all the configurations as a Pareto-Front graph.

The graph is from the UMi 150 m average ISD and high-intensity obstacle environment.
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According to the Utopian method, the best configurations are A =0dBw=1s
for the 3GPP algorithm and x = 8 dB for CHARM. The best results are given in the

following tables for these configurations.

Table 5.8. Case 8: Table of Results for Best Configuration.

Results 3GPP CHARM | Rival-RL
Best Configuration A=0dBw=1s| k=8dB -
Average HO Number 18.666 20.68 154.949
STD of HO Number 1.987 2.662 23.827
Average Info Rate (Mbits/s) 137.702 162.805 15.384
STD of Info Rate 25.876 32.741 3.311

5.3. Overall Results

In this section, the best results of each experiment and the standard deviations
of the algorithms are demonstrated to compare them according to the result of exper-

iments in Section 5.2.

5.3.1. Comparison of CHARM and 3GPP HO Algorithm

Figure 5.16 shows that CHARM performs fewer HO actions than the 3GPP HO
algorithm while cell size increases. For the x 150 m and 300 m scenarios, CHARM
slightly performs more HO than the 3GPP algorithm. However, it is still competitive,

although the negative difference increases for the high-intensity obstacle environment.
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Figure 5.16. CHARM vs 3GPP algorithm HO number gain.

Figure 5.17 shows that the average information rate gain is dramatically increas-
ing for the dense network UMi scenarios, while the HO actions are increasing for
CHARM. Furthermore, CHARM gives better results to 18% for all experiments than
the traditional 3GPP HO algorithm.
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Figure 5.17. CHARM RL vs 3GPP algorithm info rate gain.
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5.3.2. Comparison of CHARM and Rival RL HO Algorithm

According to simulations, CHARM gives around 90% fewer HO operations than

the rival-RL algorithm’s results for all scenarios. Figure 5.18 shows these results.
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Figure 5.18. CHARM vs rival-RL algorithm HO number gain.

Figure 5.19 demonstrates that CHARM outperforms the rival-RL algorithm. The
result shows that CHARM is twice times better than the rival-RL algorithm for the
lower densities of BS in the network. Furthermore, while the cell size decreases in the

network, CHARM gives a ten times better average information rate.
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Figure 5.19. CHARM vs rival-RL algorithm info rate gain.
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5.3.3. Comparison of the Algorithms’ Standard Deviations

The standard deviations of the HO number results are closely similar for the
3GPP algorithm and CHARM. They are giving more stable results than the rival-RL
algorithm according to Figure 5.20 and Figure 5.21 for low intensity and high-intensity

obstacle environments, respectively.
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Figure 5.20. Standard deviations of HO numbers results for low intensity obstacle
environment.
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Figure 5.21. Standard deviations of HO numbers results for high intensity obstacle

environment.
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Figure 5.21 and Figure 5.22 illustrate that the standard deviation of rival-RL
is fewer than the 3GPP algorithm and CHARM for the average information rates.
That means the rival-RL algorithm performs precisely ineffective results because of the

significantly lower average information rates. On the other hand, the deviation results

of the 3GPP algorithm and CHARM are similar.
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Figure 5.22. Standard deviations of info rate results for low intensity obstacle

environment.
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Figure 5.23. Standard deviations of info rate results for high intensity obstacle

environment.
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6. CONCLUSION

Using mm-Waves and increasing the network densities are critical technologies for
the next-generation mobile networks. These phenomena require intelligent algorithms
to handle resource management operations due to the complexity of networks. This
thesis proposes a novel HO algorithm CHARM for next-generation mobile networks.
This algorithm’s architecture is established on the O-RAN technology. It is examined
under different channel conditions such as UMa and UMi propagation models, different
network densities, and different intensities of the environment’s obstacles to compare

the traditional 3GPP HO algorithm and a rival algorithm from [9].

The results show that our proposed HO algorithm outperforms the other algo-
rithms, especially for the network’s average information rates for a UE. At the same
time, it produces competitive results for the performing HO numbers. When our al-
gorithm is employed, depending on the scenario, twice to ten times more data could
be transmitted with around 90% fewer handovers compared to the rival RL algorithm
from [9]. Furthermore, It gives around 2% to 20% higher results than the traditional
3GPP algorithm for the average information rate while the network density increases.
On the other hand, from the perspective of performed HO numbers, it works more
efficiently than the 3GPP algorithm for low-density networks, while it is competitive

for dense network environments.

Our study is promising for developing a new intelligent HO algorithm for next-
generation mobile communication technologies. In the future, it is planned to consider
serving the capacity of BSs to enhance the algorithm for more realistic network traffic
during the day and to apply different RL methods, such as multi-agent reinforcement

learning, for simultaneous UE simulations.
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