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Abstract

In recent years, the development of high-speed railways (HSRs) has emerged as a trans-

formative force in the realm of transportation, revolutionizing the way people and goods

move across regions. HSRs improve the quality of service (QoS) and customer satisfaction

on the trip, creating enormous social and economic benefits. As a result of mobility, train

users will have to perform handover between base stations (BSs) to maintain service con-

tinuity. However, the increased train speed and the trend of dense distribution of BSs in

railway systems pose a set of challenges to wireless communication between the train and

the ground. Many problems remain unsolved, such as the high probability of handover

failure, frequent handovers and a large system overhead caused by group handovers, etc.

Therefore, it is of vital significance to improve the handover performance and guarantee

communication quality and service demand.

The purpose of this thesis is to investigate the existing literature works and then pro-

pose effective handover techniques to address the problems mentioned above in HSR

wireless communication systems.

Firstly, the performance of the handover is analyzed, by considering dual-layer and dis-

tributed antenna system (DAS) architecture, and an improved handover decision scheme

employing multi-criteria is proposed. The handover performance is theoretically analyzed

in terms of handover trigger probability, handover success probability and outage prob-

ability. The performance obtained via Matlab simulation coincides with the theoretical

analysis perfectly and they both show that the proposed scheme can achieve a higher prob-

ability of handover success in comparison with the conventional RSRP based handover

decision algorithm.

Then, a Q-learning algorithm based handover method is proposed for the HSR network

v



to ensure robust wireless connectivity for train users. By using reinforcement learning, HO

decisions are dynamically optimized in response to changing environments, achieving

more adaptive and efficient handover decisions, and consequently improving overall net-

work performance and user experience. The proposed framework leverages the reference

signal received power (RSRP), signal-to-interference-plus-noise ratio (SINR) and time of

stay (ToS) to provide effective HO rules for seamless connectivity while considering HO sig-

naling overhead. Furthermore, as demonstrated by the simulation results, the Q-learning

based handover method outperforms the conventional approach and existing algorithms

in terms of throughput, HO number, HO success probability and HO latency.

Finally, due to the presence of a massive number of mobile devices, we study the han-

dover management of an ultra-dense Network in HSR. An intelligent HO method based on

Kalman filter and machine learning algorithms for 5G heterogeneous ultra-dense network

of HSR is proposed. This HO method adopts a two-step methodology. In the first step,

it uses a Kalman filter to predict the future signal quality of the neighboring BSs. In the

second step, the HO decision can be optimized by utilizing support vector machine (SVM)

algorithm to select the target cell. The proposed SVM based handover method determines

the optimal hyper-plane using labeled training data to classify the available target cells

by jointly considering multiple HO criteria. In addition, the analysis and simulation re-

sults show that the proposed algorithm can improve the HO performance in terms of the

number of HOs, handover failure probability, user mean throughput and handover latency

compared to other machine learning approaches and existing methods in the literature.

Keywords: high mobility, high-speed railway wireless communication, handover, 5G,

machine learning, reinforcement learning
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Chapter 1

Introduction

1.1 Motivation

HSRs are playing a key role in mass transportation in the world. People’s lives and work

are becoming increasingly convenient with the development of HSRs which have witnessed

a significant evolution in communication systems, progressing from GSM-R (Global System

for Mobile Communications-Railways) to the advent of 5G technology. Initially designed to

meet the specific communication needs of railways, GSM-R provides a reliable platform for

train control, voice communication, and data transmission. However, as the demand for

higher data rates, low-latency communication, and the number of more comprehensive

applications grows, the railway industry is transitioning towards more advanced solutions.

Integrating 4G LTE (Long-Term Evolution) technologies allows for improved broadband

connectivity, supports passenger WiFi services and enhances operational efficiency. With

the emergence of 5G, HSR communication systems will experience a revolutionary leap.

5G offers faster data speeds, ultra-low latency, and massive device connectivity, paving the

way for innovations such as real-time monitoring, predictive maintenance, and enhanced

passenger experiences. In addition, the maximum velocity of trains has already reached

575km/h approximately, which was tested by the French National Rail Corporation [21].

With the development of HSR, some of the challenges in HSR wireless communications

include signal fading and fluctuations, bandwidth requirements and handover (HO) issues

[22]. With the rapid movement of the train, ensuring consistent connectivity and low-
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latency communication becomes more challenging through different network cells. The

increasing demand for high-data-rate services poses challenges to the available network

capacity and bandwidth resources. In the context of 5G-Railway, the deployment of ultra-

dense network (UDN) can be considered as a solution to meet the increasing demand for

mobile internet services for large numbers of train passengers. However, ultra-dense small

cells can result in more severe frequent HO problems. Furthermore, high-speed trains

(HSTs) moving through diverse environments such as tunnels, urban areas, and open

landscapes will experience signal fading and fluctuations. These fast variations in signal

strength can impact communication quality. One of the most significant challenges is the

handover issue. Handover is the process of transferring a data session from one serving

cell to another one in the network [23]. Handover problems in HSR include high handover

failure probability, frequent handovers and group handovers, etc. For instance, handover

failure occurs if the user equipment (UE) fails to connect to the target cell [24] which can

lead to interrupted data services and temporary loss of connectivity. This can impact

both operational communications for train control and passenger services, degrading the

overall reliability of the communication network. The increased speed of trains results in

frequent handovers between different BSs as the train moves along the railway track. This

can lead to increased signaling overhead, handover delay and potential interruption in

services. Additionally, the high mobility of trains in HSR environments necessitates swift

and efficient handover mechanisms to maintain continuous communication.

Despite the fact that high-speed train is a convenient and fast public transportation,

the high mobility of high-speed trains raises several significant issues mentioned above.

Therefore, efficient handover management in HSR communication systems is needed to

ensure a seamless and reliable experience for train passengers to overcome the handover

issues.

1.2 Objective

To ensure service continuity, the train users on the move have to handover between

different BSs. Considering the characteristics of the railway communication systems

and the high mobility of trains in the HSR system, this might lead to a large number of
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handovers and high handover failure rate due to short residence time in the overlapping

area, and rapid changes in the channel environment. Robust and seamless mobility in the

HSR network is a big challenge. Indeed, the aforementioned handover issues can have a

serious impact on rail passengers’ user experience, especially when dense small cells are

deployed to provide coverage for the HSR system. Thus, it is crucial to develop different

mobility management approaches that can solve the handover challenges in HSR systems.

These approaches entail considering the characteristics and nature of high-speed railway

communication systems. Therefore, the objectives of this project can be summarized as

follows:

• Mitigate Frequent Handovers: Frequent handovers in HSR communication systems

are a main issue, and a proper handover strategy is needed to reduce their occurrence.

This research aims to optimize handover algorithms to minimize handover events.

• Decrease Handover Failure Probability: Evaluate and improve the robustness of

handover procedures to decrease failure rates. Investigate factors contributing to

handover failures such as signal interference and signal fading, and propose han-

dover solutions to enhance handover success rates.

• Reduce Handover Latency: Explore innovative techniques to reduce handover la-

tency in HSR environments. Investigate the impact of high-speed train movement

on latency.

• Improve Network Performance: An efficient handover technique is needed to im-

prove network performance such as the system throughput in the HSR communica-

tion system.

• Propose Predictive Approaches: Explore the feasibility and effectiveness of predic-

tive handover strategies. Employ predictive analysis, machine learning (ML), or other

advanced technologies to predict handover events and systematically proactively

optimize network resource allocation.

By achieving these objectives, this research aims to contribute significant improve-

ments in handover techniques in HSR communication systems, in order to achieve

seamless and robust communications.

3



1.3 Major Contribution

This thesis addresses various handover problems in HSR wireless communication

systems and major contributions are summarized as follows:

1. Design a handover decision-making algorithm that jointly considers multi-criteria

in order to have more precise handover decisions. Theoretical analysis was carried out in

terms of handover trigger probability, handover success probability and outage probability.

The simulation results coincide with the theoretical analysis perfectly and they both show

that the proposed scheme can improve the handover performance.

2. Design a reinforcement learning based handover scheme to reduce the number of

handovers and handover delay time, in addition to improving the user experience in terms

of throughput and handover success probability. The optimal HO decision can be selected

considering multiple criteria as a weighted reward along the railway track.

3. Design a machine learning algorithm based handover method. The HO decision making

is considered as a classification problem that takes into account available states that they

may have in the HSR network. The proposed intelligent handover method significantly

reduces the handover number, handover latency and handover failure, in addition to en-

hancing the user mean throughput when compared with other machine learning based

approaches.

1.4 Thesis Layout

This thesis is organized as follows:

Chapter 2 gives a comprehensive introduction to the handover in wireless communica-

tions.

Chapter 3 introduces the HSR wireless communication systems and handover challenges

in HSR and then reviews the existing works in this area.

Chapter 4 proposes a multi-criteria handover method to enhance the overall handover
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decision process. Then, the handover performance is analyzed theoretically and also eval-

uated by Matlab simulation. The simulation results coincide with the theoretical analysis

perfectly. In addition, the proposed method can reduce the handover failure probability

and outage probability in the network by improving the handover decision process.

Chapter 5 proposes a Q-learning based handover method. This work can provide an effec-

tive strategy for optimal HO decision making which considers multiple criteria as weighted

rewards along the railway track, in order to enhance the overall experience in terms of

throughput, HO number, HO success probability and HO latency.

Chapter 6 proposes an intelligent handover method. First, the Kalman filter is used to

estimate the posteriori of RSRP for the neighboring BSs, relying on the measurement report

as its primary input. Second, the machine learning module considers the output of the

Kalman filter, SINR and time criteria of neighboring BSs as its input to determine the most

suitable target BS for a handover. We evaluated the efficiency of the proposed HO method

in terms of the average number of HOs, HO failure probability, user mean throughput and

handover latency.

Finally, chapter 7 draws the conclusions of the thesis and remarks on the future direction

of the research.

1.5 List of Publications

The work undertaken in this thesis has resulted in the following publications.
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2. S. Wang and L. Zhang, ”Q-learning based Handover Algorithm for High-Speed Rail
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3. S. Wang and L. Zhang, ”Support Vector Machine based Handover Scheme for Hetero-

geneous Ultra Dense Network of High-Speed Railway,” Revised version submitted
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to IET Communications.
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Chapter 2

Handover in Wireless Communications

2.1 Introduction

This chapter introduces the handover technology in wireless communications. The

rest of this chapter is organized as follows. Section 2.2 introduces the handover techniques.

In section 2.3, the commonly used handover criteria are explained. Section 2.4 discusses

different handover types. Then, different handover performance metrics are presented in

section 2.5. Finally, section 2.6 summarises this chapter.

2.2 Handover Technique

Handover is a process that transfers an ongoing call from one cell to another when

a user moves through the coverage area of a cellular system. Handover process occurs

between two cells. A handover model is shown in Figure 2.1. A classical handover procedure

is mainly composed of three steps as follows:

1) Handover initiation: the mobile station measures various criteria such as SINR,

capacity and RSRP, etc., of different candidate base stations. Subsequently, the

mobile station will send the measurement reports to the source base station.

2) Handover decision: the source BS transmits the reports to the central unit (CU).

Then, the CU employs the decision-making process by considering resource availabil-

ity and network load to determine the optimal target BS to maintain the connection.
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Figure 2.1: Handover model

If a handover is needed, the CU will notify the target BS to prepare for the connection

and inform the source BS to send handover commands to the mobile station.

3) Handover execution: it is to perform the handover process based on the outcomes

of the handover decision-making process. The mobile station establishes a new

connection with the selected target base station using resources allocated through

operations such as authentication, synchronization, network reconfiguration, etc.

Ultimately, the mobile station will send a message to the target BS informing the

successful accomplishment of the handover process.

The handover process is illustrated in Figure 2.2.

2.2.1 A1 to A6 Events

In communication systems, there are different events that will occur under different

conditions and usage. The A3 event is the conventional HO trigger method in the LTE

protocol [25]. The key principle involves the periodic measurement of signals such as

RSRP or reference signal received quality (RSRQ) from both the source and target cells.

When the received signal strength of the target BS surpasses that of the serving BS by a

value denoted as H, as represented by equation (2.1), for a duration of time defined as the

Time To Trigger (TTT), the handover is triggered. If this trigger condition is met within

the designated trigger delay TTT, the user performs the handover. Fig. 2.3 illustrates the
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Figure 2.2: Handover process [1]

hysteresis threshold parameter H and handover trigger delay parameter TTT for the A3

event and they are both the handover control parameters.

Rt −Rs > H (2.1)

Here, Rt and RS are the received signal strength of the target BS and the serving BS respec-

tively, while H means the hysteresis threshold.

Figure 2.3: Schematic diagram of A3 event algorithm [2]
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Parameter TTT plays a crucial role in the seamless execution of the handover process.

Its primary purpose is to mitigate the occurrence of unnecessary and ping-pong handovers

by ensuring that the handover criteria remain stable for a specific time duration. Nonethe-

less, the TTT introduces a delay issue in the handover operation. If the TTT duration is

too long, it can result in an increased radio link failure (RLF) rate due to the handover

delay caused by TTT, consequently reducing the overall success probability of handovers.

Conversely, an excessively short TTT can contribute to the emergence of ping-pong han-

dovers. Thus, paper [26] proposes a fuzzy logic algorithm based approach that aims to

dynamically adapt the optimal TTT value based on factors such as train speed and cell

size, to decrease the RLF while controlling the ping-pong HO simultaneously. In addition,

to evade communication disruptions and call drops, the handover process is expected to

occur before the train departs from the coverage area of the current serving BS, and a high

handover triggering probability is desired.

In addition, the 3GPP standard, No. TS 36.331, introduces various HO events, and their

triggering conditions are also explained [27]. Based on this report, A1, A2, A4, A5 and A6

events are summarised as follows:

• Event A1: This event is triggered when the signal strength of the serving BS becomes

better than a certain threshold. The condition for this event can be represented as

M s −H y s > T hr eshold (2.2)

where:

– M s is the measurement of the signal received from the serving BS,

– H y s is the hysteresis parameter relating to A1 event,

– T hr eshold is the threshold relating to A1 event.

• Event A2: This event is similar to A1, but vice versa. In this case, it is triggered when

the signal strength of the serving BS becomes worse than a certain threshold. The

condition for this event is expressed as

M s +H y s < T hr eshold (2.3)
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• Event A4: This event is triggered when the signal strength received from the target

BS becomes better than a certain threshold. The condition for this event can be

described as

M t −H y s > T hr eshold (2.4)

where M t is the measurement of the signal received from the target BS.

• Event A5: A5 is a relatively complex event with two thresholds. It is triggered when

the signal strength of the serving BS becomes worse than a certain threshold1 and

the signal strength of the target BS becomes better than another threshold2. The

condition for this event can be defined as:

M s +H y s < T hr eshold1 (2.5)

M t −H y s > T hr eshold2 (2.6)

• Event A6: This event occurs when the measurement of the signal received from the

target BS becomes greater than that of the signal received from the serving BS. The

condition for this event can be depicted as:

M t −H y s > M s (2.7)

Event A6 is similar to event A3, but event A3 can be used for intra and inter-frequency

HO whereas event A6 is used only for intra-frequency HO which is explained in

section 2.4. Furthermore, we summarize various events and their respective trigger-

ing conditions in Table 2.1. Paper [28] has investigated and analyzed various HO

Table 2.1: Events and triggering conditions

Event Type Description
Event A1 Serving BS becomes better than threshold
Event A2 Serving BS becomes worse than threshold
Event A3 Target BS becomes offset better than serving BS
Event A4 Target BS becomes better than threshold

Event A5
Serving BS becomes worse than threshold1,
target BS becomes better than threshold2

Event A6 Similar to A3, but only used in intra-HO
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events in terms of HO probability, HO failure probability and probability density

function (PDF) of handover success. Their simulation results reveal that the A3 event

has the best performance according to the defined indicators in comparison with

other events. However, it also shows that increasing speed from low to high speed of

500km/h will increase the handover failure probability by 1.89dB.

Moreover, the choice of threshold value can also greatly impact the performance of

the network, and these would typically be optimized based on the specific character-

istics of various scenarios. For instance, due to the high speed of users, the handover

process needs to be initiated earlier to ensure a seamless transition. This could

be achieved by adjusting the threshold values used in the A1-A6 events. However,

setting these control parameters is a complex task that needs to consider scenario

features and various factors such as the speed of the users, the distance between the

BSs and the network load, etc.

2.3 Commonly Used Handover Criteria

The commonly used criteria for handover algorithms in the wireless network are listed

as follows:

1) Reference signal received power (RSRP): RSRP is the power of the LTE reference

signals which spread over the full bandwidth. It is a key measure of signal level and

quality in wireless networks. In cellular networks, when a mobile device moves from

one cell to another cell and performs handover, it must measure the signal strength

of the neighboring cells. The conventional decision-making process for the HSR

network is based on the A3 event handover algorithm [26] [29]. This algorithm makes

handover decisions by regularly measuring the RSRP between the source and target

cells.

2) Reference signal received quality (RSRQ): RSRQ indicates the quality of the received

reference signal. It provides additional information when RSRP is not sufficient

to make a reliable handover decision. It is defined as the ratio of RSRP to RSSI,
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expressed as

RSRQ = N × RSRP

RSSI
(2.8)

where N is the number of resource blocks within measurement bandwidth. The

received signal strength indicator (RSSI) is the average power of the received signals

of the UE in the measurement bandwidth and it is used to indicate the interference

condition of the channel. Thus, RSRQ is determined by the strength of reference

signals, interference and noise, and thus it is similar to the signal-to-interference-

plus-noise ratio of the link [30].

3) User speed: it is the widely used criterion to minimize the number of handovers due

to high speed moving users in the coverage of cells. Considering this parameter as a

criterion for HO decision will improve the HO performance such as less HO number

and higher HO success rate, therefore it is a valuable criterion for handovers in HSR

wireless communication [31].

4) Load on target cell: this criterion is used to measure the available number of resource

blocks in the target cell. The use of this criterion can effectively reduce the handover

failure. Combining this with RSRP and other parameters can enhance the decision

making process, especially in Heterogeneous network (HetNet) [32].

5) Signal to interference plus noise ratio (SINR): this criteria is utilized to measure

signal quality and it is defined as the ratio of the signal power to the summation of

the average interference power from other cells and the noise power, described as

SINR = signal power

interference power + noise power
(2.9)

6) Time of stay (ToS): it is the expected time that the users will stay in the coverage area

of a BS. When combined with the speed, this criteria can be used to decrease the

number of HOs [33].
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2.4 Handover Types

Traditionally, in the handover process, users usually tend to connect to the closest cell

based on its received signal strength (RSS). Choosing the proper target cell for HO among

so many cells is a big challenge. Handover is performed in various ways depending on

different factors resulting in different types of HOs. As illustrated in Fig. 2.4, HO can be

classified into different types:

Figure 2.4: Handover types [3]

2.4.1 Access Technologies based Handover

According to the type of access technologies involved, handover can be classified into

two types: horizontal and vertical handovers:

a) Horizontal HO: usually, this handover happens between two base stations that

belong to identical networks such as two geographically neighboring BSs of a 4G

cellular network.

b) Vertical HO: it occurs between different network interfaces which support various

wireless access technologies [34] such as 3GPP and 802.11, etc. Vertical handover

can offer numerous advantages. For instance, it is able to seamlessly transit users

between different types of subnets while maintaining continuous connectivity and
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service quality. This technology ensures that users can enjoy uninterrupted services

regardless of their location or the network characteristics they are moving into. By

merging network features and user demands, vertical handovers provide a smooth

and transparent experience, enhancing user satisfaction and optimizing resource

utilization. From the network perspective, this can not only have efficient band-

width usage but also enable effective load balancing, contributing to overall network

performance and more reliable service delivery. For specific overviews of vertical

handovers, please refer to [35–37].

An example of vertical and horizontal handover in a heterogeneous network is depicted in

Fig. 2.5,

Figure 2.5: Vertical and horizontal handovers in heterogeneous network [4]

2.4.2 Frequency based Handover

This type of handover includes both intra-frequency and inter-frequency HO as de-

picted in the following [38]:

a) Intra-frequency HO: intra-frequency handover refers to the process of transferring

communication connections between different BSs operating on the same frequency.

For example, it is utilized in code division multiple access (CDMA) with frequency

division duplex (FDD).

b) Inter-frequency HO: inter-frequency handover refers to the process of transferring

communication connections between different BSs operating on different frequency

bands. This type of HO is crucial for maintaining seamless connectivity and quality

of service as the users move across areas covered by different frequencies in the
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wireless network.

2.4.3 Number of Connections

Categorized by the number of connections, HO can be classified as hard, soft and

softer HO.

a) Hard HO: Hard handover, also known as “break before make” handover, is a process

in cellular mobile communication systems where a mobile device switches its con-

nection from one BS to another in such a way that the connection is broken before

being established with the new BS as shown in Fig. 2.6. This short disconnection

occurs on the radio channel to achieve the switch of carrier frequencies. This char-

acteristic makes the hard HO approach more susceptible to call drops. Hard HO is

used in GSM-R, unavoidably, this system experiences low data rates and unreliable

link connection, which makes it inadequate to meet the broadband communication

demands of HSR scenarios [8].

b) Soft HO: Soft handover, also known as “make before break” handover, refers to the

process in which the user terminal maintains wireless connections with both the

source BS and the target BS at the same time as depicted in Fig. 2.6. This allows

for a seamless transition between BSs, enhancing the quality of communication

connectivity and reducing the probability of call drops or service interruptions. In

this way, the communication service quality is substantially improved [39, 40].

Figure 2.6: Hard and soft handovers

c) Softer HO: Another type of handover, known as softer handover, is similar to soft HO,
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except that the UE changes its radio channel in the same base station [8, 38].

2.4.4 User Control Allowance

According to the user Control Allowance, handover can be classified into two types:

proactive and reactive HO:

a) Proactive HO: Proactive handover refers to a type of handover mechanism in wireless

communication systems where the network initiates the HO process before the

received power at the UE side drops below a certain threshold. This approach can

decrease call drops, although it comes at the cost of increasing the average number

of HOs and impacts the overall performance of the network [33]. In addition, it is

especially useful in scenarios with high mobility, such as in vehicular communication,

where a fast HO scheme is necessary to ensure continuous connectivity.

b) Reactive HO: In contrast to proactive handover, the reactive HO delays the initiation

of the HO process as long as possible even after the received power at the UE side

drops below a certain threshold. This approach aims to minimize the number of

handovers while raising the likelihood of call drops or service interruptions [33].

To fully make use of the benefits offered by both proactive and reactive handovers, finding

a balance between these two approaches is essential.

2.4.5 Necessity of Handover

Based on the necessity, HO can be divided into voluntary and obligatory types [38]

a) Voluntary HO: This type of HO is that the decision to trigger a handover process

is made by the mobile device user itself, rather than being initiated solely by the

network infrastructure. Moreover, users actively choose to switch their connection

from one cell to another based on factors like personal preferences. It can also help

to reduce unnecessary handovers initiated by the network, optimizing the overall

user experience.

b) Obligatory HO: The UE has to trigger HO from one cell to another, in order to prevent

service failure. In this type of HO, the network triggers the handover when specific
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predefined conditions are met such as signal degradation or coverage area changes.

2.4.6 Relay Handover

Relay handovers can utilize precise positioning technology, where the BS uses the user

terminal’s distance and direction parameters as supplementary data to decide whether a

handover is necessary. This approach enhances the likelihood of successful HO, decreases

the number of HOs and reduces overall system load. Moreover, relay HO can even occur

between various cells operating on different frequencies [8].

2.5 Handover Performance Metrics

The performance of handover techniques is usually evaluated using the following

metrics.

2.5.1 Handover Trigger Probability

Handover trigger probability (HTP) is defined as the probability that handover occurs

at position x as a user moves between different cellular cells while traveling at high velocity

[41].

2.5.2 Handover Failure Probability

Handover failure occurs when the handover trigger condition is met but the received

power from the target BS is lower than a thresholdβwhich is the minimum RSS to maintain

a wireless communication link. So the handover failure probability at position x can be

denoted as

P f ai l (x)

= Pr
{
Rt (x) <β | Rt (x)−Rs(x) > H

}
= Pr

{
Rt (x) <β,Rt (x)−Rs(x) > H

}
Pr{Rt (x)−Rs(x) > H }

= Pr
{
Rs(x) < r −H | Rt (x) = r,Rt (x) <β}

Ptr i g g er (x, H)

= 1

Ptr i g g er (x, H)

∫ β

−∞
F (s)(x,r −H) f (t)(x,r )dr

(2.10)
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where F is the Cumulative Distribution Functions (CDFs) and f is the Probability Density

Functions (PDFs) [42, 43]. The handover trigger condition in equation (2.10) is based on A3

event. The system’s performance decreases as the probability of HO failure increases. HO

failures denote unsuccessful handover, which can lead to signal loss and interruptions in

an active data session.

2.5.3 Ping-pong Handover

Handovers are adversely impacted by both HO failures and ping-pong handovers.

Ping-pong handover occurs when UEs swiftly handover between two BSs within a short

period of time which means that the UE is handed over from one BS to another but is

quickly handed back to the original BS, generating unnecessary signaling overhead at BSs,

degrading the QoS for other UEs and causing signal interruption [44]. The primary reasons

contributing to ping-pong handovers include UEs’ high mobility between BSs and high

variations of signal quality between two different BSs that provide connectivity to the UEs.

Therefore, in order to minimize the occurrence of ping-pong HOs, some research has been

done to mitigate the negative effects of increased ping-pong HOs [45, 46]. In [45], the

authors propose a self-organization algorithm to automatically adjust handover control

parameters such as TTT and H in 5G networks in order to improve the HO performance

by decreasing the ping-pong effects. A precoding based handover scheme is proposed

in [46] to reduce the ping-pong HO trigger rate and improve the HSR system stability.

More specifically, the precoding vectors of serving and target BS are jointly designed to

maximize the difference in received signal power between the two BSs during the HO

preparation stage. Nonetheless, there exists a trade-off between HO failure and ping-pong

HO, where reducing the number of ping-pong HOs may potentially lead to an increase in

the probability of HO failure, and vice versa. Hence, accurately assessing the occurrence

of ping-pong HO in base stations within the network is essential to optimize system

performance.
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2.5.4 Number of Handovers

The total number of handovers is how many times the handover occurs during the

journey. A higher value in this metric significantly degrades system performance and

connectivity quality as the UE moves at high speed. For instance, frequent handovers can

lead to signal interruptions in data transfers for train passengers which results in a poorer

overall user experience. In addition, a large number of HOs generate additional signal-

ing overheads in the wireless communication networks that can contribute to network

congestion, affecting the performance of all connected devices.

2.5.5 Handover Delay

Delay is considered as one of the most significant QoS parameters, playing a vital role

in enabling users to access real-time services within wireless cellular networks. This metric

represents the time needed for transmitting packets from the source BS to the target BS.

Higher delay time can impair QoS for these applications which are sensitive to real-time

delay. If the delay time in a certain BS surpasses a predefined threshold value, then this

particular BS will be avoided. Effective utilization of transmission delay Di can effectively

reduce the handover failure rate while simultaneously enhancing system throughput. The

calculation of transmission delay Di from i-th BS can be described as [47]

Di = L

Ri
, (2.11)

where L represents the length of the data packet and a packet is the smallest data unit

containing a specific number of data bits. Ri is the achievable bit rate from i-th BS. In

addition, bit rate is the amount of bits that are transmitted per unit of time. Typically, it is

measured in bits per second (bps). Higher bit rate can reduce the delay time to transmit a

data packet.

Based on the literature, handover latency is defined as the time required for the entire

handover process including HO preparation, execution and completion steps. Moreover,

it is an important decisive performance metric when it comes to the provided QoS and

user experience in wireless communication networks including cellular networks like
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4G LTE and 5G. It measures the time it takes for a mobile device to handover from one

BS to another while maintaining an ongoing communication link. The more detailed

explanation of handover delay time can be found in the technical report [48]. The goal of

network design and optimization is to minimize handover delay time to ensure a desired

user experience. Since long handover delay time can result in dropped calls, interrupted

data sessions and a poor user experience, particularly in high mobility systems such as HSR.

Some research has been done to reduce delay time and improve the QoS for mobile users

such as a predictive handover scheme to ensure smoother transitions between various

BSs [49].

2.5.6 User Mean Throughput

Throughput is defined as the actual amount of data that can be moved from one place

to another in unit period of time. In terms of user mean throughput, it refers to the average

data transfer rate experienced by passengers or users. This metric is typically measured

in Mbps and reflects the speed and quality of data connectivity available to users in the

wireless networks. The throughput can be expressed as:

T hr oug hput = B ∗ log2(1+SI N R)( bits/s) (2.12)

where B is the bandwidth of the channel. A higher user mean throughput indicates better

system performance and more reliable internet access for users. However, the high HO

failure rate and frequent HOs can reduce the user mean throughput in the wireless network,

especially when the speed of users increases.

2.6 Summary

This chapter comprehensively introduces the handover technology in wireless commu-

nications. First, the handover process is defined and then various handover trigger events

from A1 to A6 are discussed. Second, the commonly used handover criteria in the wireless

network are summarized in detail. Then, different handover types and different handover

performance metrics are introduced. In summary, the content of this chapter gives a com-

21



prehensive introduction to the handover technique in wireless communications which

lays a theoretical foundation for subsequent research on handover.
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Chapter 3

Handover in High-Speed Railway Wireless

Communication Systems

3.1 Introduction

This chapter introduces the HSR wireless communication systems and handover

challenges in HSR and then gives a comprehensive literature review of the state of the art

in the HSR scenario. The rest of this chapter is organized as follows. Section 3.2 gives an

overall introduction to the HSR wireless communication system. In section 3.3, the existing

handover challenges in the HSR are summarized. After, in section 3.4, the handover in the

macro-only network of HSR is given. Then, section 3.5 provides a comprehensive literature

review on the handover in the HSR network. At last, section 3.6 summarises this chapter.

3.2 HSR Wireless Communication System

The current railway system utilizes GSM-R for communications. However, LTE-R offers

a more extensive range of services compared to GSM-R in terms of capabilities. These

services include real-time surveillance and multimedia dispatching for trains. Nevertheless,

there are still some limitations associated with LTE-R, such as providing massive internet

access for passengers and supporting autonomous driving. As a potential future railway

communication system, 5G-R is expected to offer superior performance compared to
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GSM-R and LTE-R. It can provide higher data rate railway services that are not supported

by LTE-R. The evolution of mobile communication systems from GSM-R to LTE-R and

potentially to 5G-R is driven by commercial and marketing requirements, as well as the

progressive maturity of 5G technologies. Thus, mobile wireless communication system

plays a crucial role in establishing a vital connection between the ground and trains,

making them one of the key technologies essential for the successful operation of HSR.

They will be introduced in detail in the following sections respectively.

3.2.1 GSM-R

GSM-R was developed as a standardized digital communications protocol based on

GSM technology. Its primary objective was to replace incompatible conventional analog

systems along railway tracks with a cost-efficient solution. GSM-R implementation requires

the installation of base stations along the railway track, accompanied by the deployment

of directional antennas to ensure adequate coverage [50]. Prior to the introduction of

GSM-R, there is no established standard for implementing both data and voice in a digital

channel. The rapid adoption of GSM-R by the railway industry is to fill this gap. GSM-R

operates at a data transmission rate of 9.6 kbit/s in a specific frequency band with duplex

frequency separation [50]. The uplink frequency band of 876-880MHz and the downlink

frequency band of 921-925MHz are used, supporting train velocities of up to 500km/h [5].

Moreover, GSM-R system offers various services that can be developed to meet railway

communication requirements. Some of the typical services provided by GSM-R include

voice group calls/broadcasts, functional addressing presentation, and location-dependent

addressing. Figure 3.1 presents an overview of the GSM-R standard.

While GSM-R has successfully achieved its design goals, it does have some limitations that

have come to light:

1) Limited radio capacity: The 4MHz bandwidth of GSM-R can only accommodate 19

channels with a bandwidth of 0.2MHz per channel. This capacity falls short of the

increasing demands of HSR, which runs at significantly higher speed than traditional

rail traffic. Expanding the capacity of the GSM-R network is challenging due to the

occupied adjacent frequency bands.
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Figure 3.1: The GSM-R standard incorporates additional elements on top of the existing
commercial GSM standard [5]

2) Low link rate: Each GSM-R connection has a maximum data transmission rate of 9.6

kbits/s, which is inadequate for video surveillance and image services. In addition,

it has an approximate delay of 400ms, which is too large and not proper for any

real-time interactive services.

3) Insufficient passenger services: GSM-R primarily supports train dispatching and

control services, passengers can only access the internet through the public networks

which leads to a poor user experience. With growing user demands and personal

mobile devices, a high-quality network is necessary for good QoS.

4) Interference: Overlapping coverage areas between the GSM-R network and other

public networks along railway tracks can result in interference, degrading the quality

of data and voice communications.

In response to the evolving requirements of high-speed railways, GSM-R is expected to

undergo further advancements. The International Union of Railways (UIC) has announced

that the utilization of GSM-R will cease in 2025 due to its inability to meet the increas-

ing bandwidth demands of modern internet applications and services, as well as the

anticipated high passenger density at train stations.
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3.2.2 LTE-R

LTE, also known as Long Term Evolution, is a 4G technology developed by the 3rd

Generation Partnership Project (3GPP). It serves as a core network for various vehicular

communication technologies. LTE offers several advantages over GSM, including the

ability to operate over different bandwidths. Furthermore, the architecture supported

by LTE enables a more efficient network, resulting in reduced data transmission delay.

LTE-R, the railway-specific extension of LTE technology, has gained significant attention in

international research, particularly for the HSR scenario. Some research papers [51] [52]

have demonstrated that LTE-R provides improved passenger experience and network

performance compared to GSM-R. This implies that LTE-R can offer a wider range of

railway-related services, such as real-time video surveillance in critical scenarios like tun-

nels, bridges, and viaducts. In fact, LTE-R enhances efficiency, QoS, and passenger safety

by offering services such as real-time monitoring, train multimedia dispatching, railway

emergency communications, railway Internet of Things (IoT), and information transmis-

sion for control systems. Additionally, LTE-R can be utilized for data transmission in future

automatic driving systems.

In order to meet the demanding QoS requirement, it is essential to explore the key tech-

niques employed in LTE-R. These techniques include enhancing channel estimation,

Doppler shift estimation, fast synchronization, wireless channel modeling, and employ-

ing massive Multiple-Input Multiple-Output (MIMO) techniques with strong correlation

properties [21]. The frequency bands utilized by the upcoming generation of railway mo-

bile communication systems are higher compared to those used in the GSM-R system.

Consequently, the distance between two base stations becomes significantly shorter, ne-

cessitating more frequent handovers and dense deployment.

Some challenging issues of LTE-R implementation are further discussed as follows:

1) Specific HSR scenario: In paper [53], a channel model for high-speed railway is

presented which considers the LTE standard. The model exclusively considers a hilly

scenario and employs a Rayleigh fading channel model incorporating log-normal

shadowing and path loss. Nevertheless, authors ignore the impact of resource alloca-
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tion and assume that radio frequency resources are enough for all user equipments.

In addition, paper [54] provides a comprehensive survey of channel fading behav-

ior in various scenarios, and aims to help readers have a general understanding of

channel modeling in different high-speed railway scenarios. A key feature of the

channel is its non-stationary nature, thus the channel models must be dynamic,

encompassing various scenarios such as cuttings, viaducts, tunnels, and bridges, to

ensure a comprehensive representation of the real-world environment. Furthermore,

the future channel model should possess self-learning ability by leveraging artificial

intelligence (AI). Therefore, one of the biggest issues with current high-speed railway

channel models is weak generality. While these models are only proper to be used in

stable scenarios, their system performance deteriorates significantly when applied

in more general environments.

2) High velocity: Typically, high-speed trains operate at a velocity of 350 km/h, while

LTE-R is designed to provide support for speed up to 500 km/h. However, increased

speed gives rise to various challenges. For instance, it will lead to a non-stationary

channel model that degrades the performance of bit error rate (BER). Another chal-

lenge is the Doppler shift which is defined as the change in the wavelength or fre-

quency of the waves with respect to the observer who is in motion relative to the

wave source. Given that high-speed trains predominantly traverse established routes

at predictable speeds, it becomes feasible to effectively trace and compensate the ef-

fects of Doppler shift. This is achievable through the utilization of real-time recorded

data pertaining to the train’s speed and position [51]. Some research [55] [56] has

been done to reduce the impact of Doppler shift in the LTE-R system.

3) Linear coverage: In HSR, a strategy of linear coverage employing directional an-

tennas positioned along the rail track is implemented. In this setup, directional BS

antennas orientate their main lobe along the rail track so that it is power efficient.

However, the influence of shadow fading results in a received signal power below a

specific threshold in some positions within the coverage region. Therefore, deter-

mining the relationship between boundary coverage and the overall percentage of

coverage area is very valuable for network deployment and link budget.
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4) Effect of train material: Another major challenge is penetration loss in the LTE-R.

This is mainly because most of trains are metal materials with large multi-layer

glasses, which will lead to the loss of signals and reduction of signal-to-noise ratio

(SNR) when going through the train body. For this limitation, a train relay station

(TRS) can be utilized to improve the degraded signal strength.

LTE-R has a strong ability to offer competitive performance for the evolution of HSR. Based

on the current evaluations of LTE-R, it may not meet the demanding requirements of high-

speed railways in the future, which include increased system capacity, higher mobility

and cell coverage at higher frequency bands. Therefore, more research and investigations

about LTE-R are needed.

3.2.3 5G-R

5G-R is a promising solution for future high-speed railways, and this part presents and

analyses the characteristics and key challenges of 5G-R.

In the current era, the prevailing GSM-R, functioning as a narrowband communication

system with limited bandwidth and data transmission capabilities, falls short in catering to

the demands of advanced railway services such as train multimedia dispatching communi-

cation, and intelligent operational and maintenance services. During early 2010s, LTE-R

was contemplated as an evolutionary communication system for railways [51]. However, it

was recognized that the LTE system was not able to satisfy the demands of highly reliable

communication and extensive connectivity for future railway systems. Furthermore, it

cannot provide the necessary support for the forthcoming intelligent services and sophisti-

cated applications in the realm of railways such as predictive maintenance systems and

autonomous train operations. In order to meet the demanding requirements for higher

data rates and massive connectivity in the railways, there has been significant interest

in the deployment of 5G-R technology nowadays. The functionalities offered by 5G-R

encompass a wide range of services, such as maintaining seamless network coverage along

railway tracks, providing coverage to high-traffic areas, monitoring critical infrastructure,

and supporting high-speed intelligent applications. The current period is characterized

by a continuous revolution in smart technologies, propelled by the swift development
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of artificial intelligence, cloud computing and 5G communication. Simultaneously, the

railway industry is poised to transition from the information age to the era of intelligence.

A survey [57] analyzes the distinctions between 5G-R, conventional cellular networks, and

GSM-R networks based on the specific requirements of 5G-R and the unique physical

environment and propagation traits. Their proposed standardized scenario categoriza-

tion not only enriches the investigation into 5G-R but also fosters the development and

implementation of existing advanced technologies in the HSR. The authors in [50] present

a comprehensive survey of the current mobile communication systems utilized in railways

and assess their future development trends and technical challenges. Obviously, the per-

formance of railway mobile communication systems can be increased substantially by

5G-R [58].

Figure 3.2 presents a fully connected 5G-R system architecture and the corresponding

services, where robust connectivity is established, encompassing train-to-ground link,

train-to-train connection, and IoT, spanning all railway-associated devices.

Figure 3.2: Fully connected 5G-R system architecture and services [6]

Nevertheless, 5G-R is regarded as a new research direction and it will encounter a

range of challenges which can be summarized as follows:

1) Limited network coverage: Currently, the biggest problem for 5G-R is providing

good network coverage along the railway road. Utilizing a higher frequency band

has the potential to provide a high data rate, but serious path loss also limits network

coverage.
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2) Dense small cell deployment and interference: 5G-R requires the deployment of a

dense network of small cells to ensure coverage along the rail route. Managing the de-

ployment of small cells cost-effectively is a challenge. Furthermore, the densification

of small cells can lead to more interference.

3) Cost of deployment: The deployment of 5G-R infrastructure, including small cells

and advanced communication equipment, can be expensive. Balancing the costs

with the benefits and ensuring a viable business model is a challenge for railway

operators.

4) Coexistence with other networks: 5G-R necessitates harmonious coexistence with

the general public mobile communication network. Therefore, how to avoid serious

adjacent channel interference is a challenging issue in 5G-R. Additionally, HSR

wireless communications need to support multiple access technologies in the future.

Besides, 5G technologies can be a potential solution to address the design problems on

high throughput and high reliability for 5G HSR communications including rapid channel

estimation, cell-free massive MIMO, millimeter-wave (mmWave) utilization, effective

beamforming, and improved handover strategies [59]. Firstly, the demand for increased

data rates in the context of 5G encourages more investigation of mmWave frequencies

spanning from 30 to 300GHz [60]. Then, another significant research field for enhancing

data rate is the implementation of massive MIMO, which has had a notable impact on initial

5G trials and has gained even greater prominence as 5G advances. While massive MIMO

has been applied to 5G networks operating in traditional sub-6-GHz bands, it still has

several research challenges [61]. Furthermore, the optimization of handover has attracted

increasing attention in 5G and Beyond 5G systems. Paper [62] offers a comprehensive

investigation of the challenges and remedies for HO optimization in the Beyond 5G system.

As discussed above, 5G-R exhibits competitive performance which can support a wide

range of railway services. Table 3.1 summarizes the major parameters used in GSM-R,

LTE-R and 5G-R systems:
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Table 3.1: System parameters of GSM-R, LTE-R and 5G-R [6]

Parameters GSM-R LTE-R 5G-R

Frequency
Uplink: 876-880MHz;
Downlink: 921-925MHz

450MHz, 800MHz, 1.4GHz,
1.8GHz, 2.3GHz, 2.6GHz

900MHz, 1.9GHz, 2.1GHz, 5.9GHz

Bandwidth 4MHz 1.4-20MHz
10-20MHz,
possible >100MHz at higher frequency bands

Peak data rate
downlink: 172Kbps
uplink: 172Kbps

downlink: 50Mbps
uplink: 10Mbps

downlink: 200Mbps
uplink: 50Mbps

Peak spectral efficiency 0.33bps/Hz 2.55bps/Hz
downlink: 15bps/Hz
uplink: 8bps/Hz

Delay 500ms 200-500ms 50-500ms
Mobility Max. 500km/h Max. 500km/h Max. 500km/h
MIMO No 2×2 4×4, 8×8, 16×16, 32×32
Handover type Hard Soft Soft
Modulation GMSK QPSK/16-QAM QPSK/16-QAM/64-QAM/256-QAM/OFDM
Cell range 8km 4-12km 1-6km
4k video No No possible support with increased bandwidth

3.3 Handover Challenges in the High-Speed Railway

HSR expands globally as a result of increasing investment from different countries.

Moreover, continuous efforts have been made to increase the operational speeds of high-

speed trains, reducing travel times between major cities and making rail transportation

more competitive than other modes of transportation. In addition, ongoing advancements

in rail technologies include improvements in train design, energy efficiency and safety

features, contributing to the overall development and efficiency of HSR systems. However,

the demand for better communication in HSR is driven by the development of the HSR

system. For example, passengers expect uninterrupted and seamless connectivity during

their journeys. This requires effective handover mechanisms to ensure a smooth transition

between different network cells as the train moves rapidly. Furthermore, some advanced

technologies such as mmWave technology, massive MIMO and the addition of small cells

are essential to meet the increasing demand for bandwidth to support data-intensive

applications. Thus, as HSR networks continue to evolve, addressing these communication

demands becomes a critical aspect of enhancing the overall quality of service.

The existing handover problems in the HSR wireless communication network are summa-

rized as follows:

1) Frequent handover: The high speed of the train can cause frequent handover when

the cell size of BS is small which means the train can pass through multiple BSs

within a short time period, which can increase the probability of handover failures.
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Moreover, when the minimum time for processing handover is larger than the time

interval for the train to pass through an overlapping region between two neighboring

BSs, then call drops will occur since the handover process is not completed and it

can also cause packet loss. Therefore, a fast handover strategy needs to be proposed.

2) Doppler shift: The change in signal frequency at the receiver, resulting from the

rapid movement of users, is known as the Doppler frequency shift. As shown in Fig.

3.3,

Figure 3.3: BS coverage model for HSR cellular communications

when the train moves along the rail track, Doppler shift fρ can be calculated by

fρ = fd ×cosθ (3.1)

where fd = v
c × f is the maximum Doppler frequency, θ is the angle between the

train’s forward direction and the line of sight from BS to the train. As illustrated in Fig.

3.3, we can have cosθ = R−Ds
D ,0 ≤ Ds ≤ 2R. It can be seen that when the BS is placed

far from the rail track, i.e., D0 ≫ R, fρ is relatively low since θ will be approximately

90◦. However, it will cause large path loss. Therefore, there exists a tradeoff between

path loss and Doppler shift when optimizing BS deployment.

Additionally, to enable the practical application of wireless communications in the

HSR system, we must address severe Doppler shift and rapid Doppler transition

issues. On one hand, severe Doppler shift can lead to some problems such as the

difficulty of synchronization and bit error rate. However, it’s important to note that
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in most BS coverage areas, while the Doppler shift is large, its variation is relatively

small. This allows for accurate estimation and easy compensation of the Doppler

shift based on precise train speed and location information [55]. On the other hand,

rapid Doppler transitions, especially in the cell center, significantly impact the ac-

curacy of channel estimation and coding which can lead to irrecoverable errors in

channel estimation and severe Inter-Cell Interference (ICI) [63] [64].

In the HSR system, as the train travels at high speed along the railway track, the

relative motion between the users in the train and the BSs along the track will cause

the signal frequency to shift and produce the Doppler effect, which causes serious

problems in HSR communication systems. Doppler frequency shift will destroy the

orthogonality between subcarriers in the Orthogonal Frequency Division Multiplex-

ing (OFDM) system which can lead to ICI effect that can degrade the received power

and also increase the system bit error rate. As a result, the attenuation of the received

signal due to ICI effect can increase the probability of handover failure. Additionally,

when the train passes the BS along the railway, the signal transmission direction is

perpendicular to the train’s running direction. At this time, the Doppler frequency

shift is zero. But, when the train running direction is the same or opposite to the

signal transmission direction, the Doppler frequency shift is maximum.

3) Penetration loss: Most of the high-speed trains are made of metal bodies with single

or multi-layer glass windows which can cause penetration loss when signals go

through the train carriages. In order to solve this problem, the two-hop model [65]

can be used. In this model, wireless signals are fed to the antenna on the top of the

train and then signals reach the UEs.

4) High handover failure probability: Handover failures occur when the system fails to

establish a connection with the target BS during the handover process. Due to the

high velocity of HST, the remote BS provides radio signal with poor strength leading

to higher handover failure probability and communication disruptions. Especially,

in the boundary region of two neighboring BSs.

5) Group handover: In the conventional mobile communication system, a handover

request is generally initiated by a single user. Nevertheless, in the HSR system, there
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will be a large number of users initiating handover requests simultaneously, due to

the relatively concentrated passengers on the trains. This will trigger a "signaling

storm", which will undoubtedly bring huge signaling overheads, and seriously impact

system performance. For instance, even if only 30% of the 1000 UEs in the train are

active, about 300 UEs will initiate handover requests at the same time.

6) Handover delay: Handovers between various BSs can introduce delays in data

transmission. This delay becomes more critical in high-speed rail systems where

trains are constantly moving with high velocity. Delays can lead to communication

disruptions and affect passenger services.

7) Load balancing: High-speed railway networks must efficiently distribute the load

among different BSs to ensure optimal network performance. Load balancing during

handover is crucial to prevent network congestion and provide consistent service

quality.

Therefore, addressing these handover problems in HSR wireless communication net-

works requires a combination of technological advancements, network optimization

and HO algorithm optimization. Efforts should focus on ensuring reliable and seam-

less high-speed connectivity to enhance safety, efficiency and passenger experience

on high-speed trains.

3.4 Handover in Macro BS Only Network of HSR

A robust handover mechanism within macro BS only network is imperative, this net-

work comprises a series of linearly deployed macro BSs which are providing wide-area

coverage. These macro BSs are instrumental in delivering high-quality wireless communi-

cation services to passengers on board, catering to their diverse connectivity needs, such

as voice calls, data streaming, and internet access.

The macro BS only deployment scenario focuses on continuous coverage along track in

high speed trains. The key characteristics of this scenario are consistent passenger user

experience and critical train communication reliability with very high mobility [7]. A dedi-

cated linear deployment along the railway line is considered as in Fig. 3.4, and passenger
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UEs are located in train carriages.

Figure 3.4: Macro-BS-only HSR network architecture [7]

where the baseband unit (BBU), known for its modular design, small size, high integration,

low power consumption, and easy deployment, plays a vital role in dealing with baseband

signal processing and managing the entire base station, including operational maintenance.

Additionally, the remote radio head (RRH), also referred to as the remote radio unit (RRU),

serves as a remote radio transceiver that establishes a connection with the operator’s

radio control panel through either electrical or wireless interfaces [66]. Its functions

encompass several critical tasks such as converting radio frequency (RF) signals into

data signals and vice versa, filtering and amplifying RF signals. Furthermore, the RRH

is the distributed and integrated frequency unit that connects to the operator’s network,

facilitating communication with UEs like cell phones and mobile devices. Consequently,

the macro BS is the integration of various radio unit like BBU and RRH. Notably, these

radio units are currently installed in the tower beneath the antenna.

3.5 Literature Review

This section summarizes the technical developments of handover in the HSR wireless

communication systems. It is divided into two main parts: handover schemes (focus on

the handover problems based on different architectures) and handover algorithms (focus

on the problem of handover decision-making during a handover process).
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3.5.1 Handover Schemes

Handover schemes refer to systematically organized plans including network architec-

ture deployment and handover procedure design based on different features of network

configuration. These schemes play a crucial role in managing the handover process within

mobile systems. The design of the handover procedure is vital, considering the nature of

the network architecture. For instance, different network architectures such as distributed

LTE and centralized GSM systems lead to various handover schemes. Thus, this section

explores and classifies various network access and handover schemes, spanning from

traditional to innovative, based on their various features as shown in Fig. 3.5.

Figure 3.5: Different handover schemes [8]

1. Satellite to ground integrated network

Satellite communications offer extensive coverage and reduce the need for the installment

of ground communication equipment along with tracks. Moreover, satellite communica-

tions are less affected by the Doppler frequency shift, ensuring more stable and reliable

connections during high-speed rail movement. In addition, the broad coverage facilitated

by satellites reduces the frequency of handovers, contributing to more continuous com-

munication quality during the journey. Nevertheless, some special scenarios such as tall

city buildings and tunnels can create blind spots in satellite coverage, leading to poten-

tial interruptions in communication. Also, satellite communication involves high costs,

including satellite renting and user equipment expenses. The most obvious disadvantage

of satellite communication is the large handover delay due to the vast distance involved,

which makes it unsuitable for real-time applications that require rapid data transfer, such

as multimedia streaming. On the other hand, satellite signals can experience high losses

in adverse weather conditions which can deteriorate signal quality and reliability during

periods of rain, snow, or storms.
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Some research works about the handover schemes in the satellite-to-ground integrated

network are summarized. Paper [67] presents a comprehensive overview of research on

space-air-ground integrated network (SAGIN), including network design, resource allo-

cation to performance analysis and optimization. This survey not only introduces the

concept of SAGIN but also its significance in enhancing various services and applications.

At last, it identifies technical challenges and suggests future research directions based on

SAGIN. Thus, according to this survey, future work needs to consider system integration,

resource allocation and mobility management in SAGIN due to its heterogeneity and time-

variability. However, the existing surveys have not fully addressed the integration of all

three network segments (space, air, ground). The authors in [9] discuss the development of

SAGIN and its application in the HSR communication system. It acknowledges the poten-

tial of SAGIN to innovate communication network structures and integration technology,

particularly in railway mobile communication systems. SAGIN provides a reliable and

high-throughput communication service for smart HSRs by integrating space-air-ground

network as shown in Fig. 3.6. This survey also points out that AI technologies are proposed

Figure 3.6: The SAGIN diagram [9]
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as solutions for optimizing the SAGIN and enhancing efficient resource utilization in com-

munication systems, but this paper implies that their application in SAGIN for HSRs is still

a challenging task. Additionally, a lack of suitable time-varying channel models hinders the

performance analysis of the SAGIN communication system for HSRs. The authors in [68]

propose a fast and secure handover method using pre-authentication and security context

transfer to reduce the handover delay in high-mobility SAGIN environments. Their results

achieve a 16.92% reduction in handover delay compared to the baseline algorithm.

2. Leaky coaxial cable

The Leaky coaxial cable (LCX) is a type of coaxial cable that is designed to intentionally

radiate signals along its length which have small slots or gaps along their outer conductor,

allowing them to leak or radiate signals. This scheme is often used in tunnel scenarios in

the HSR system. In addition, it is designed to offer average coverage of radio signals while

avoiding mutual interference. It reuses several frequency points in the long segment of the

HSR which means that the same frequency points are used multiple times to maximize

the utilization of the available bandwidth [8]. In [69], the authors introduce an experiment

of LCX in the 2.4GHz band for train-ground information transmission. In addition, they

measure the transmission performance of LCX and analyze the availability of LCX in

tunnels for Communication-Based Train Control (CBTC) train-ground communication.

However, this paper does not compare with other frequency bands or technologies that

could be used for CBTC train-ground communication. Also, the long-term durability

and maintenance requirements of the LCX system are not addressed. On the other hand,

because of the significant attenuation of radio signals in LCX, a large number of repeaters

must be deployed which leads to a substantial increase in relay coverage expenses. The

intricate nature of LCX’s transceiver and repeater equipment has been the primary focus

of recent research endeavors. In summary, the initial investment cost for establishing its

network would be exceedingly high. Therefore, the LCX network coverage solution is not

proper for the entire line of the HSR system. Instead, it serves as an alternative way to other

wireless access methods specifically in scenarios such as tunnels.

The works in [70] develop a fading model for LCX in urban rail transit tunnels, using field
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measurements from Beijing Subway Line 7. It captures large-scale and small-scale fading

characteristics and demonstrates that large-scale fading with LCX can be modeled linearly,

while small-scale fading closely follows a normal distribution. Nonetheless, this model is

based on measurements from a specific urban rail line, which may not be generalized to

other environments. In [10], the authors address high-precision train positioning, a key

aspect of intelligent transportation systems, particularly in tunnel scenario. They consider

the LCX as an antenna in tunnels, highlighting its advantages for rail applications in the 5G

and 6G eras. The structure of LCX is shown in Fig. 3.7.

Figure 3.7: The structure of LCX [10]

where slots are cut on the outer conductor of an LCX and the outer conductor is typically

made of metal. The slots are deployed periodically with a separation distance denoted as

d that allows for the leakage of signal and radiated waves.

3. Radio over fibre

Radio over fiber (RoF) is a technology that combines radio frequency and optical commu-

nication systems. One of the primary motivations for implementing RoF in HSR commu-

nication systems is the potential for significant bandwidth enhancement. HSR systems

demand high data rates and large system capacity for applications ranging from train con-

trol signaling to passenger information. Thus, the ability of RoF to support high-frequency

signals over optical fibers addresses increased bandwidth requirements, contributing to

improved communication performance. RoF technology [11, 71–73] has shown promising

potential and is well-suited for HSR broadband wireless communication system.

39



The integration of DAS with RoF technologies has been implemented in HSR communi-

cations. Multiple Remote Antenna Units (RAUs) are positioned along the railway track

and connected to the control center through a fiber ring. At the control center, RF signals

are converted into optical signals for transmission over the fiber ring to the RAUs. Subse-

quently, they are reconverted into RF electrical signals, and then these signals are radiated

by the antennas from the RAUs as shown in Fig. 3.8.

Figure 3.8: Linear cell planning based on the RoF network including control center, RAUs
along the rail track, and an optical ring network connecting them all [11]

Furthermore, when the HST runs between RAUs within the same control center, there

is no need for handover. Consequently, in comparison to the traditional HO method, the

RoF scheme can significantly decrease the frequent handover. Additionally, the handover

time can be minimized because of the swifter nature of optical switching compared to

electrical switching.

4. Moving cells scheme

The concept of moving cells (MC) was first introduced in highway communications [74],

where BSs are physically moving along the tracks. Consequently, the cell formed by a

BS is also dynamically moving. Nevertheless, the practical implementation of numerous

physically mobile BS is deemed impractical. As a result, it sparked some innovative ideas

for realizing the function of moving cells.
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Moving cells can be implemented by reconfiguring the optical network feeding the RAUs

using current optical switching technology to allow trains to communicate on the same

frequency throughout the journey, reducing handover issues [72]. Thus, there is no need for

synchronization between the preparation of the new BS and the shift of the radio channel

in the connection between the RAU and the train. The research work of moving cells is

proposed in [12]. A Cell Array is defined as three cells (A, B, C) aligned along the path of

HST. In terms of cell A, it is the current cell for the train connected. Cell B is the adjacent

cell which is ahead of cell A along the railway track as shown in Fig. 3.9. As soon as the

train is completely in cell B, cell A is no longer in the extended cell configuration. Then,

The cell array reconfigures when the train completely leaves cells A and enters cell B.

Figure 3.9: Moving cell array along the railway track [12]

During movement, cell D is introduced into the array, A is removed, and the array is

renamed to ensure a seamless transition for the train. Utilizing information about the

high-speed train’s movement direction and speed, the cell array can predict the target LTE

cell to achieve seamless handovers. The results of this paper demonstrate that handover
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latency time can be reduced and data throughput is increased compared to normal LTE

access. However, we find that the proposed solution may encounter application challenges

in real-world deployments with varying network and traffic conditions.

5. Relay based scheme

Relay station plays a crucial role in the HSR wireless communication system, facilitating

the seamless transfer of signals and data along the high-speed railway network. These

relay stations, often strategically positioned along the railway route, are instrumental in

ensuring continuous and reliable communication. The following aspects highlight the key

functionalities and characteristics of relay stations in HSR:

• Signal coverage enhancement: Relay stations are strategically located along the

railway track to provide additional points of signal transmission and reception, relay

stations help to mitigate signal attenuation and ensure a robust communication link

between various BSs of the HSR system.

• Handover management: Relay stations aid in managing handovers efficiently, en-

suring that the handover between different BSs is smooth and reduces signal loss or

degradation.

• Adaptation to HSR: Relay stations are designed to operate effectively in high-speed

scenarios. They can address challenges associated with rapid train movement, in-

cluding frequent handovers and dynamic signal propagation.

• Enhanced reliability and redundancy: The deployment of relay stations adds redun-

dancy to the communication system, ensuring that there are alternative paths for

signal transmission in case of failures. However, installing a large number of relay

stations will increase the cost and is very expensive. Thus, this is more suitable for

some areas with weak signals.

The authors in [75] propose a mobile relay-based fast handover scheme to ensure timely

handover execution by introducing two reference points. In addition, they implement

pre-preparation and packet bi-casting to reduce communication interruption. A mobile

relay node is adopted to mitigate penetration loss and support group mobility. Their
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simulation results demonstrate that this scheme can enhance performance in terms of

handover delay time, communication interruption time, and bi-casting time.

Another handover scheme [76] utilizing dual antennas and a mobile relay station is pro-

posed to enhance signal quality and reliability in train-to-ground communication. The

proposed scheme is compared to standard LTE handovers, showing a significant reduc-

tion in handover frequency and improved seamless access. Their theoretical analysis

and simulation results are provided to validate the effectiveness of the handover scheme.

However, there is no comparison with other state-of-the-art handover schemes other

than the conventional method. The authors in [77] introduce a network-assisted mobile

relay-controlled fast handover method to improve HO performance. The mobile relay

makes handover decisions based on advanced resource configuration from the serving

BS. Specifically, the mobile relay continuously measures signal strength and compares

it against handover conditions. Upon meeting the handover condition, the mobile relay

will send a handover indication information to the serving BS. Then, the mobile relay

synchronizes to the target BS using reserved resources after detaching from the serving

BS. The simulation results indicate a reduction in handover failure and communication

interruption probabilities. Note that the scheme’s effectiveness in different network config-

urations is not discussed.

A positioning and relay-assisted handover scheme [13] is proposed that utilizes train po-

sition information and relay power control to ensure the signal coverage and strength to

meet the minimum reliable communication requirements in the overlapping area. In this

scheme (Fig. 3.10),

Figure 3.10: Relay based handover scheme [13]

the relay station is located at the middle point of the overlapping area and is only associated
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with the source BS. Additionally, the train positioning and speed information provided by

the train control system is used to determine optimal handover points. For instance, the

relay station first acts as a repeater (i.e. the train is at position d1). When the handover

triggering condition is met, the power control of the relay station is initiated at specific

locations (i.e. the train is at position d2) to maintain the minimal communication link

between the train and the source BS, while the target BS is preparing for the handover.

After the handover is completed, the relay station stops the transmission. In fact, the

relay station power control leads to the postponement of the handover trigger, reducing

premature triggering and extending the overlapping region’s coverage. Besides, if more

relay nodes are added to the communication system, it will result in more complicated

interference analysis. Nevertheless, the Doppler Effect is not considered in this paper,

which could impact the performance of relay based handover.

6. Heterogeneous based handover scheme

The deployment of wireless communication technologies in HSR environments has wit-

nessed significant advancements, with the integration of heterogeneous ultra-dense net-

works playing a vital role. Seamless handover between different network technologies is

crucial for maintaining continuous connectivity as trains traverse through diverse geo-

graphical areas. This section reviews the state-of-the-art research, challenges, and solu-

tions about handover technology in heterogeneous HSR wireless communication.

Papers [78] [79] provide an overview of handover management in ultra-dense mobile het-

erogeneous networks. In [78], this paper reviews handover management in ultra-dense

mobile HetNets, focusing on the challenges posed by 5G and beyond technologies. It

discusses the introduction of small cells and mmWaves to enhance coverage and sys-

tem throughput. But, small cells in ultra-dense networks cause frequent handovers and

mmWave technology introduces high path loss and coverage issues. Additionally, various

handover management algorithms and mobility management techniques for Dual Connec-

tivity (DC) are investigated. The proposed solutions in the literature include self-organized

networks (SON) and machine-learning approaches to minimize handover failures. Future

research directions are identified, emphasizing the significance of machine learning in
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improving the handover process. The paper [79] gives a discussion about the evolution of

mobile communication technologies and the necessity for high data speeds and continu-

ous connectivity. It highlights the benefits of HetNets, such as increased network capacity

and improved signal quality, while also acknowledging the complexity and challenges they

face. Also, it identifies major challenges in handover management and categorizes current

algorithms for performance evaluation. For instance, interference from adjacent cells can

be more serious due to the ultra-dense small cells. Finally, the survey identifies open issues

and future research directions for handovers in 5G and beyond. Thus, more research work

is needed to develop advanced handover approaches to manage the increasing complexity

in HetNets and enhance handover decision techniques with ML.

The works in [14] use a heterogeneous ultra-dense network (Fig. 3.11) with the gray model

(GM) prediction based handover scheme to explore better mobility management in HSR.

Specifically, the prediction algorithm uses historical data to forecast future values such as

received power. Moreover, it also introduces a combination factor in the handover decision

to select target BS.

Figure 3.11: High-speed railway heterogeneous ultra-dense network [14]

In addition, this paper highlights the need for addressing handover lag and frequent

handover issues to ensure QoS and service continuity in heterogeneous UDN of HSR.

Their simulation results demonstrate that the proposed handover scheme significantly

reduces handover failure probability compared to the traditional scheme and the gray

model with multiple outputs helps prevent frequent ping-pong handovers and handover

lag. Nonetheless, real-field measurements are not used to verify the proposed algorithm,

indicating a need for practical validation.

A dual-link soft handover scheme to reduce handover outage probability and improve

handover success probability is proposed in [80]. This work separates control and user
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data to improve communication reliability and capacity for high-speed trains. A TRS is also

used to maintain a stable connection during the train’s movement and two antennas on

the train help in switching between BSs smoothly. Also, the bi-casting technique is adopted

to decrease the communication interruption time. In addition, this paper identifies the

need for improved network capacity and reliable frequency band usage in future HSR

communication systems. Furthermore, it compares the proposed scheme with the existing

LTE-R network and a gray prediction handover scheme, showing improved HO trigger

probability, success probability, and reduced handover outage probability. The authors in

paper [81] focus on a seamless handover scheme for 5G C/U plane split networks in HSR

communication to improve QoS and reduce handover failure probability. Their work uses

an optimized threshold that depends on the signal strength and hysteresis level. The front

antenna on the train can execute handover to a new BS while the rear antenna maintains

the connection with the current one. This method lowers the chance of losing service

as the train moves at high speeds. Their simulation results support the effectiveness of

the proposed handover procedure in reducing handover failure probability. Paper [82]

proposes a dual-connectivity scheme for mobile UEs where they are connected simulta-

neously with two mmWave BSs to overcome frequent handover problems. This method

allows a mobile UE to choose its serving link between the two mmWave connections

based on signal strength measurements and then the corresponding BSs may forward

duplicate packets to the UE. Nevertheless, this work might result in increased overhead

due to maintaining two connections with a mobile UE.

3.5.2 Handover Algorithms

The handover algorithm is a systematic process designed to address the problem of

handover decision-making during a handover process. This process, primarily executed

by a computer processor, is assessed based on various metrics, including its complexity,

accuracy, and reliability. The effectiveness of such an algorithm is crucial for the overall

efficiency of a program and even the entire system.

A key concern in HSR is the handover failure which can lead to termination of an ongo-

ing call. Handover failures occur due to many causes such as high mobility and signal
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degradation. These can have a direct impact on the service disruption and user experience

leading to dropped calls and dissatisfaction among passengers. In order to satisfy the user

QoS and to provide seamless coverage, handover procedures should be further discussed.

Current research in the HSR networks primarily focuses on two aspects: the criteria for

making handover decisions and prediction based handover algorithms. In this section,

these algorithms are summarised and discussed, as illustrated in Fig. 3.12.

Figure 3.12: Classification of handover algorithms

1. Decision criteria based handover algorithms

Handover decision criteria are various based on different application scenarios. Handover

decision making mainly relies on control parameters such as H , T T T and threshold level.

However, small adjustments to these parameters are not able to improve the performance

of the whole system. For decision making algorithms, the traditional A3 event-based HO

algorithm is very prevalent. Event A3 is defined as a reporting triggering event that is fired

when there exists a neighboring cell whose measured RSS is better than the measured

RSS of the serving cell by a certain offset. However, it is mainly designed for low-speed

scenarios such as speeds less than 120 km/h. Also, T T T and handover hysteresis parame-

ters are fixed if they are chosen properly. The authors in [53] conclude that the traditional

A3 event-based HO algorithm is not suitable for the HSR environment based on their

simulation results. For instance, due to rapid changes in channel conditions in HSR, the A3

event-based algorithm may not be able to adapt quickly enough to these changes, leading

to inefficient handover decisions or unnecessary handovers. In addition, A3 event-based

algorithm typically rely on current measurements to trigger handover and may not have

sufficient predictive capabilities to anticipate future changes in channel conditions, es-
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pecially in dynamic environment. Moreover, even though the proposed optimization

method can mitigate the influence of radio link failure in the HSR when compared with the

conventional A3 event-based HO algorithm, the ping-pong effect cannot be eliminated.

In [41], three conclusions are obtained as follows: firstly, handover trigger probability is

affected by train velocity, measurement report period, handover decision number and

overlap range. Secondly, the handover trigger probability will be more than 99.8% when

the overlap range is more than 30% of the radius of a cell. At last, the report period can

be calculated according to the train speed and overlap range to meet the requirement of

handover trigger probability. Moreover, the report period such as 200ms is very proper to

be used in high speed systems with less than 540km/h speed. In [83], the authors adopt two

kinds of handover algorithms based on the optimization of handover hysteresis and T T T

in different velocity scenarios and different SINR when compared with the conventional

A3 event algorithm. The measurement of UE velocity is used to avoid the increase of

handover failure when UE velocity increases. Furthermore, simulation results show that

optimized handover algorithms have higher handover success rate than traditional A3

event algorithm based on different velocity scenarios. The authors in [84], propose an

adaptive handover algorithm based on distributed antenna. In the process of switching,

the hysteresis threshold value of handover is dynamically varied depending on different

velocities at different positions. Simulation results demonstrate that the handover success

rate is improved substantially, and the interruption probability of handover is decreased.

However, the proposed method in [84] has increased the average number of handovers.

In summary, adjusting the handover control parameters to find the most proper values is

very helpful in triggering handover timely for high-speed scenarios.

Besides, previous handover works use single parameter for HO decision in HSR. Vari-

ous HO criteria can be combined such as RSS, SINR, capacity, train speed, distance, etc.

Therefore, the HO algorithms have various types such as RSS based HO algorithm [85–87]

and user speed based HO algorithm [88]. Generally, the RSS based algorithm is the sim-

plest system, so it is the least accurate. So far, there have been a few works done on

multiple criteria handover decision algorithms [89–92]. In [89], the authors propose a

parameter-adaptive handover mechanism suitable for LTE-R communication systems.

48



It uses Temporal-Difference (TD) learning-based reinforced agents to assess handover

performance and network performance under various train speed and handover param-

eter combinations to enhance handover accuracy and adaptability. Work in [90] adopts

a novel handover control scheme named H2, designed to monitor the received power

variation level of the serving BS and target BS to prevent late handover and stably execute

handover in rapidly changing conditions. Their simulation results demonstrate that the

H2 scheme can reduce handover failure probability compared to traditional LTE handover

mechanisms, offering a promising approach for maintaining reliable and high-quality

communication in the HSR system. In addition, an optimized relay handover algorithm

in HSR is proposed in [91]. The authors address the issue of handover decision-making,

focusing on improving the handover success rate and reducing outages. They introduce a

dynamic adjustment of T T T based on the train speed and other factors aiming to optimize

handover performance in high-speed environments. Their simulations demonstrate its

effectiveness in reducing handover failures compared to traditional methods. However, the

limitation of this proposed scheme is the higher signaling load and less system throughput.

In [92], the authors propose a novel approach to improve the handover decision-making in

3GPP LTE systems for HSR environments. This handover algorithm is based on the Grey

Model, which considers both RSRP and RSRQ for handover decision making. The aim is to

ensure QoS by making more accurate handover decisions, using the Grey Model to predict

signal strengths and manage handover processes efficiently. Moreover, the authors in [93]

propose an improved handover scheme for LTE-R systems in HSR scenarios. It focuses on

optimizing handover decisions by dynamically adjusting the handover hysteresis margins

of the RSRP and RSRQ based on the train speed and position. The proposed scheme also

uses beamforming technology to improve received signal strength which can enhance

handover performance such as handover trigger probability and success probability effec-

tively.

2. Prediction based handover algorithms

According to the space-time features of the train operation, the available information

that they may have in the HSR network can be utilized to assist handovers. Prediction
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techniques help to make handover decisions based on the expected future values of the

received power or other network information. Therefore, the handover processing time

can be decreased and the handover failure probability will be reduced. Various handover

prediction algorithms have been proposed to enhance the handover performance. Here is

a summary of some prediction based handover algorithms in high-speed railways:

A work in [94] is proposed to predict the future movement and handover reference point.

The authors use GPS information including train speed, location and direction, the system

first finishes the channel assignation and activation, and then makes handover decisions

based on the measurement reports before the train arrives at the overlapping area between

serving BS and target BS. Their simulation results demonstrate that the proposed algo-

rithm can reduce the handover delay. Nevertheless, a large amount of statistical location

information is needed to obtain a good prediction of the handover reference point. More-

over, the handover reference point should be updated periodically. The authors in [95]

present a Bayesian regression based algorithm for improving handover decisions in HSR

scenarios which uses this model to predict the cell boundary crossing time to initiate

the handover process earlier than conventional algorithm. Simulation results show that

the proposed algorithm performs better than the conventional and H2-based schemes

in terms of communication reliability at the cell boundary regardless of the train speed.

Additionally, this paper also discusses the computational complexity and the necessity of

using Bayesian regression for better handover decisions. In [14], the authors propose a

gray model prediction based handover algorithm in the heterogeneous ultra-dense HSR

network to reduce the handover failure rate. The results show that the proposed handover

algorithm reduces the handover failure probability, and ping-pong effect and improves

mobility management for HSR.

In addition, with the development of AI, utilizing ML for handovers in 4G/5G HSR net-

works holds the promise of enhancing overall wireless network performance and efficiency

through making more precise handover decisions. Nonetheless, several key research chal-

lenges need to be solved to fully realize the potential of machine learning in this area. These

challenges encompass issues related to the availability and quality of datasets, concerns

about privacy and security, online and offline learning, frequent handovers, signaling
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overhead, energy efficiency, and even the necessity of load balancing. Addressing these

challenges is paramount to the development of accurate and efficient ML algorithms for

handover decisions in the HSR network. Thus, a few works [32, 96–98] have utilized ma-

chine learning algorithms to analyze patterns in handover data and predictive models

trained on historical handover events can provide insights for more efficient handover

decisions in the future. The authors in [32] provide a comprehensive survey of recent

handover decision algorithms in mobile HetNets, categorizing them based on decision

techniques. The survey concentrates on current and future requirements related to mo-

bility and handover management in mobile communication networks. In addition, this

survey discusses self-optimization, soft computing, and machine learning/deep learn-

ing approaches for handover and mobility management. Finally, it highlights technical

challenges and opportunities related to handovers in mobile communication networks.

In [96], the authors propose an intelligent handover algorithm based on the Elman network

for HSR scenarios which introduces a neural network prediction system to continuously

observe and predict handover decision parameters like RSRP and RSRQ. The proposed

method aims to reduce link failure and enhance user experience under the LTE-R system.

Simulation results illustrate that the Elman-based handover algorithm performs better

than the gray prediction model-based handover algorithm. Nevertheless, the Elman net-

work’s performance in this study is not compared against other types of neural networks

or machine learning models. In [97] and [98], various machine learning approaches are

applied for future mobility prediction. An adaptive optimization decision mechanism

for handover parameters in LTE-R communication systems using Generative Adversarial

Networks (GAN) theory is presented in [97]. The authors use GAN to learn from discrete

samples and train the network to generate continuous handover situations for the selection

of optimal handover parameters. At last, feedback from successful handover situations is

used to improve the GAN’s learning and optimization. The results demonstrate that the

GAN based handover parameter prediction algorithm can help in making more accurate

handover decisions and enhance the LTE-R system performance. However, the adapt-

ability of the proposed HO algorithm to other types of communication networks beyond

LTE-R is not discussed and the robustness of the system against adversarial attacks or
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network disruptions is not addressed. In [98], a speed model based on the gradient descent

algorithm to locate the high-speed train is proposed which helps to identify the location

of abnormal remote radio units and BSs. The results demonstrate that the probability of

accurately locating the HST can be up to 87.17%. Nevertheless, the accuracy of the speed

model is dependent on the amount of user information available including start time, user

name, BS HO type, BS HO status, cell number and BS label. In other words, with less data,

the model may be less accurate. Thus, expanding user information could reduce errors

and improve the model’s accuracy.

3.6 Summary

The studies reviewed reveal the complexities associated with seamless communication

during the handover process between cells or BSs. To overcome these challenges includ-

ing high handover failure probability, frequent handovers caused by high mobility, high

penetration loss, Doppler shift, signaling overhead and group handovers, etc, advanced sys-

tem architecture designs, handover schemes choice and handover algorithms designs are

needed to achieve better handover performance in HSR wireless communication mobile

network. According to the reviewed research works in this chapter, we can conclude that

RSS based handover is the most common handover decision metric used in the literature.

Other criteria such as speed, position and interference, etc also can have a big impact on

handover performance for high-speed railways. Additionally, incorporating HO hysteresis

margin and T T T plays a significant role in RSS comparison which could reduce the ping-

pong HOs to some extent. Furthermore, the incorporation of machine learning-based

approaches is considered as a promising solution for addressing the handover issues in

the HSR network.

Based on the literature, a lot of work has been done to address the HO issues in HSR

wireless networks, but important work still needs to be done in this area. Handover man-

agement is a critical aspect of wireless networks, particularly in 5G-R where there is a

high density of small cells and a large number of devices connecting to the network with

dynamic requirements like high-speed mobility, low latency, high reliability and high data

rates, etc. Similarly, a lot of emerging technologies such as intelligent HSR, millimeter
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technology and massive MIMO, etc. will introduce new challenges in HSR dense network.

Previous research works in the HSR scenario are already focusing on various techniques

such as different handover system architecture, and decision criteria based HO to improve

handover management and to make it more efficient and flexible. There are still many

open areas to be addressed such as the need for considering multiple criteria to enhance

the HO decision and better prediction algorithms to reduce the handover challenges such

as frequent HOs and handover failure.

To this extent, this thesis focuses on the handover problem in HSR wireless communication

mobile networks aiming to address the following aspects:

1) To improve the handover triggering process and handover success probability by

considering multiple significant criteria in the HSR system.

2) To reduce the signaling overhead, penetration loss and group handover problem by

adopting dual-layer architecture (two-hop model).

3) Designing a handover technique to minimize the number of handovers, handover

latency and handover failure probability, in addition to improving the user experi-

ence in terms of enhancing the throughput for 5G HSR system. This is done by a

reinforcement learning algorithm based handover strategy.

4) Designing an intelligent handover method based on machine learning algorithm

that selects the target BS by jointly considering multiple HO criteria that account

for reducing the number of handovers, handover failure probability and handover

latency, in addition to improving the user experience in terms of enhanced user

mean throughput.
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Chapter 4

Multi-Criteria Handover Scheme for

Distributed Antenna System based

High-Speed Railway Wireless

Communication

4.1 Introduction

In recent years, the HSR has been developed rapidly and considered as the most

flourishing transportation mode. The maximum train moving speed has reached nearly

575 km/h. This brings multiple challenges to HSR wireless communications, such as the

handover technology. In wireless communication of HSR, BSs are deployed along the rail

track and handover happens in the overlapping areas. The increased handover failure

rate and frequent handover caused by high mobility results in serious communication

interruption.

The DAS based system architecture [99] [15] provides a dual purpose, aiming to improve

both spectrum efficiency and handover performance, as shown in Fig. 4.1.
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Figure 4.1: Distributed antenna system [15]

Specifically designed for the HST scenario, this DAS network architecture comprises nu-

merous RAUs arranged linearly along the train track. These RAUs are controlled by the

same CU which is used for signal processing operations [100, 101] and linked to a CU via

optical fiber or wireless links. Notably, the CU’s range of control extends up to 20 km, and

the need for handovers between RAUs is eliminated due to the utilization of a frequency

switch (FSW) scheme as proposed in [102]. The FSW scheme offers a robust mobility

signaling process, ensuring a successful transition between frequencies instead of HO. This

approach effectively decreases the probability of RLF when compared with the conven-

tional HO process in HSR system. Consequently, DAS is considered as the most effective

solution to deal with the HO issue in HSR mobile wireless communications. However, a

HO is still needed when the train moves between RAUs controlled by different CUs.

Additionally, there are many problems existing in high-speed rail handover process. For

instance, the train passes through the overlapping area so fast that the handover procedure

can not be accomplished timely. Additionally, most of the high-speed trains have metal

bodies with single or multi-layer glass windows which can cause penetration loss when

signals go through the train carriages. This will degrade the received signal strength and

lead to handover failure. Meanwhile, a handover will be triggered every 20s assuming a

speed of 360km/h along an area with a coverage of 2km. In this case, it is hard to maintain

the QoS and system performance is deteriorated. Moreover, when the minimum time

required to process handover is larger than the time interval for the HST takes to pass
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through an overlapping region, then call drops will occur and it causes packet loss. In

addition, in HSR, there are a great number of handover requests from different users at

the same time. However, because passengers congregate in the small areas on the train,

simultaneous requests of handover from a large number of users result in “signaling storm”,

which will undoubtedly cause huge signaling overhead, and seriously deteriorate system

performance [103]. For example, even only 30% of the 1000 UEs in the train are active,

there will be 300 simultaneous handover requests.

Although the handover problems for high-speed railway have been widely investigated,

most of them consider only the A3 event method to trigger handover in the DAS archi-

tecture. A3 is triggered when the received power of the neighboring cell becomes better

than that of the serving cell by an offset. In fact, other criteria can also affect the handover

performance such as speed, RSRQ, and position, etc. Thus, this chapter aims to propose an

improved handover scheme based on dual-layer DAS architecture for HST. In the proposed

method, we jointly consider multi-criteria including speed, location, RSRP, and RSRQ, in

order to have more precise handover decisions. In addition, the received signal strength

and SINR obtained from the measurement report are used as the RSRP and RSRQ respec-

tively.

The main contribution in this chapter can be briefly given as follows:

• We develop an improved handover decision scheme by jointly considering multiple

HO criteria including train speed, location, RSRP and RSRQ to achieve better HO

decision making.

• Implement, evaluate and compare the proposed method with the conventional

HO method in terms of HO trigger probability, HO success probability and outage

probability.

The rest of this chapter is organized as follows: In section 4.2, some of the related works are

given. In section 4.3, the network architecture model and usage scenarios are introduced.

Section 4.4 is devoted to presenting the proposed handover scheme. Section 4.5 analyzes

the performance of the proposed scheme. Simulation results are presented and discussed

in section 4.6. Finally, Section 4.7 concludes the chapter.
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4.2 Related Works

The above challenges have attracted intensive research interest. A communication

system using dual-antenna and mobile relay station proposed in [104] can improve the

quality of the received signal and provide reliable communication for train-to-ground

network to enhance the handover performance. LTE-based HST mobile communication

system is proposed in [105], which adopts a faster handover algorithm to reduce the

failure probability by decreasing the handover latency with the target of providing reliable

broadband services. Based on special features of railway architecture such as straight

rail line and motion direction of train, a number of handover schemes based on DAS

are proposed [106] [107] [108]. The SINR can be increased especially for users near cell

boundaries by DAS in a multicell environment [106]. Additionally, dual-antenna for HSR

DAS is proposed in [107] to guarantee higher handover success rate and improve system

throughput. A novel handover scheme based on DAS and mobile-relay-aided two-link

network is introduced in [108] taking into account the effect of inter-carrier interference to

reduce the handover failure rate and link outage probabilities. Furthermore, an expedited

predictive handover scheme based on DAS is presented to lower the handover failure rate

by starting handover preparation phase in advance via inferring the train position [49]. A

handover optimization algorithm based on multi criteria is proposed in [109], considering

joint RSRP and RSRQ to trigger handover in order to reduce the handover failure rate. Table

4.1 summarizes the criteria used by existing works and our proposed scheme that are based

on DAS architecture.

Table 4.1: Handover trigger conditions in DAS

References Criteria

[104][107][108] RSS

[105][106] SINR

[109] RSRP, RSRQ

Proposed scheme RSRP, RSRQ, Speed, Location
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4.3 System Model

Considering that the train is running at relatively constant speed and direction on

a straight railway line, we take advantage of the specialized DAS network architecture

to meet the requirement of high quality wireless communication service. In addition,

dual-layer configuration which is similar to the two-hop model [103] is also used to reduce

penetration loss and avoid the group handover problem.

4.3.1 HSR Network Architecture

A) Dual-layer configuration

The dual-layer configuration has been well recognized in the broadband wireless

communication for HST [65, 104], as shown in Fig. 4.2.

Figure 4.2: System architecture.

The users communicate directly with the access points (AP) which are located inside

each carriage of the train. All access points are able to support various types of

wireless access technologies such as 3G,4G and WLAN, and are controlled by train

relay station. All information collected by the TRS will be sent to BS. Actually, in

dual-layer configuration, the TRS acts as a single big user to execute handover from

the serving BS to the target BS, which substantially reduces the handover signaling

overheads and avoids the group handover problem. However, for a conventional
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handover scheme, all the active mobile terminals in a train will request a handover

at the same time which can result in “signaling storm”.

B) DAS configuration

DAS system has been certified as a promising system for HST communication by

shortening the distance between transmitter and receiver to provide better commu-

nication services [71]. Unlike the conventional collocated antenna system, DAS is

divided into several sectors including BSs and RAUs. Several RAUs in the DAS system

are geographically distributed in the cell and all RAUs are connected to a central

unit or base station via cable or optical fiber in a cell (see Fig.4.2). The left four RAUs

constitute a logical cell i which are centrally controlled by the serving base station i.

Similarly, the right four RAUs constitute a logical cell j which are centrally controlled

by the target base station j. RAUs are only considered as the antenna units, and

their aim is to transmit and receive radio signals for their BSs. Because all RAUs are

connected to one BS in a cell, spatial diversity technology can be utilized to improve

spectral efficiency. Moreover, several RAUs are controlled by the same BS, which can

be considered as repeaters for the same signal to form spatial diversity and there is

no need to handover when train moves from one RAU to the next one in the same cell.

Handover between RAUs in the coverage of the same BS can be avoided via moving

frequency concept (MFC) [72] [110]. Using frequency switching algorithm to initiate

MFC and then the frequency of RAU can be changed through the implementation of

fiber optic radio technology within MFC. The fundamental concept of the “moving

frequency” is to alter the radio frequencies of RAUs alternatively in a predetermined

sequence based on the position of the HST. Thus, the radio frequency used by the

HST remains constant, while the frequencies of the RAUs dynamically adjust to

synchronize with the train’s movement. In other words, the frequencies of RAUs

are “moving” with the HST. Nonetheless, when the train enters the coverage area

of another BS, the handover is still necessary. It’s worth noting that this approach

significantly reduces the number of handovers. More specifically, as shown in Fig.

4.3.
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Figure 4.3: Moving frequency concept.

When the HST is in the position of time t1, the radio frequencies of RAU1, RAU2,

RAU3 and RAU4 are f 1, f 2, f 3, and f 1. After, when the train is running in the

position of time t2, the RAU1, RAU2, RAU3 and RAU4 use frequencies as follow:

f 3, f 1, f 2 and f 3, respectively. The operation frequency of the HST during the

movement between the different RAUs is unchanged, and the frequency of the RAU

moves with the HST. As a result, if the HST is within the coverage of a BS and the

handover is not needed. The concept of moving frequency is introduced briefly

above, but this is not my focus on this chapter.

Since there is usually more data transmission in downlink than uplink, this work will

mainly concentrate on the downlink scenario.

4.3.2 Channel Model

In this section, only the main path signal will be considered since high-speed train

runs through rural or viaduct areas most times, so multi-path effect can be ignored. At

time t, let a high-speed train be located at x in the i-th cell (current serving logic cell). The
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received signal power from the cell i is:

R(i , x)[dBm] = P t [dBm]−PL (i ,di ) [dB]−ε (0,σi ) [dB] (4.1)

where Pt is the transmission power of the i-th cell. PL(d) = A ·d−γ is the path loss, where A

is a constant, d is the distance, γ is the path loss exponent. ε (0,σi ) is a Gaussian distributed

random variable with a zero mean and a standard deviation to characterise the shadow

fading.

Similarly, the received signal from target logical cell j is:

R( j , x)[dBm] = P t [dBm]−PL
(

j ,d j
)

[dB]−ε(
0,σ j

)
[dB] (4.2)

The co-frequency interference for the serving cell can be given by:

I (i , x)[dBm] = 10log10

(
Ncel l∑
ni=1

10R(ni ,x)/10

)
(4.3)

Similarly, the co-frequency interference for the target cell can be given by:

I ( j , x)[dBm] = 10log10

(
Ncel l∑
n j=1

10R(n j ,x)/10

)
(4.4)

Where Ncel l is the number of co-frequency cells. R(ni , x) means the received interference

signal power of the serving cell from the co-frequency cells. R(n j , x) is the received inter-

ference signal power of the target cell from the co-frequency cells.

Thus, at location x, we can express the SINR from source BS and target BS respectively as

follows:

SI N R(i , x)[dB] = R(i , x)[dBm]− (I (i , x)+B ·N0)[dBm] (4.5)

SI N R( j , x)[dB] = R( j , x)[dBm]− (I ( j , x)+B ·N0)[dBm] (4.6)

Where N0 is the noise power spectral density (dB/Hz). B is signal bandwidth (Hz).
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4.4 Proposed HO Decision Scheme

According to [106], several transmission schemes such as RAU selection transmission

scheme and blanket transmission scheme can be adopted for data transmission in a DAS

cell. In the blanket transmission scheme, each BS allocates its available power to its RAUs

equally, even during the handover process. For the RAU selection transmission scheme, it

is a strategy used in wireless and cellular communication systems to optimize the selection

of antennas within a DAS network, which selects one RAU with minimum propagation path

loss for transmission. [65] shows that the RAU selection transmission is more appropriate

for wireless HSR. In this chapter, we are concern about the handover between the last RAU

of the source cell and the first RAU of the target cell, namely the handover between two

adjacent logical cells.

In this section, a handover trigger scheme is proposed considering four parameters, i.e.,

speed, location, RSRP, and RSRQ. The handover decision algorithm determines whether to

trigger a handover according to the measurement reports sent by the UE. A good handover

decision algorithm can guarantee the success probability, avoid the occurrence of the

ping-pong effect, and ensure good quality of service and experience of passengers.

RSRP and RSRQ are the key parameters of physical layer measurement. RSRP is a key

measurement of signal level for modern LTE networks. When a mobile device moves from

one cell to another, it must measure the signal strength received from the neighboring cells.

In a low-speed environment, the RSRP received by the UE has small fluctuations and the

received signal strength is more accurate, so the RSRP based handover decision algorithm

is widely used. However, the RSRP measurement values for the two adjacent cells are close

and if channel conditions are not good, RSRP based scheme may not trigger a handover in

time, causing link failure. In addition, in a high-speed environment, because the channel

environment changes very quickly, considering RSRP only to trigger a handover easily

results in ping-pong effect.

The RSSI is the average power of the received signals of the UE in the measurement

bandwidth and it is used to indicate the interference condition of the channel. It includes

the impact of interference and noise in wireless communication. Specifically, interference
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and noise can both impact the strength and quality of the received signal, which in turn can

affect the RSSI value. Interference and noise can cause the received signal to be weakened,

leading to fluctuations in the RSSI value. RSRQ is defined as the ratio of RSRP to RSSI,

expressed as

RSRQ = N × RSRP

RSSI
(4.7)

where N is the number of resource blocks within measurement bandwidth. RSRQ is

determined by reference signals, interference singals and noise signals, which is similar to

the SINR of the link. Thus, RSRQ can effectively reflect the received signal quality. During

the handover, RSRQ is seriously affected by the system load and measurement strategy.

Considering RSRQ only may lead to increased drop rate. Therefore, a handover decision

algorithm that considers RSRP and RSRQ jointly can enhance the overall performance of

handover. The proposed handover decision algorithm, first checks the RSRP. When the

RSRP of the target BS is higher than that of the source BS by a certain threshold, handover

can be triggered. Otherwise, the algorithm then checks RSRQ of the target BS. If it is higher

than that of the source BS by a certrain threshold, handover can be triggered.

Additionally, speed can also have a big impact on handover performance [41]. In a given

measurement period T , with higher train speed, the train moves further during T T T ,

then the handover trigger position can be further away from the right position which will

cause higher handover failure probability. For this reason, speed is also used as one of the

parameters to make handover decision. Conventional A3 event-based handover algorithm

is very prevalent. However, it is mainly designed for the low speed scenarios such as speed

less than 120 km/h [41]. Thus, when the velocity is higher than 120km/h, the effect of speed

on handover performance should be considered. In the proposed handover scheme, if the

speed is higher than 120km/h, then the algorithm checks the location of users. Otherwise,

traditional A3 trigger event will be adopted to determine a handover. Another criterion,

location is also used to check if the train reaches the midpoint of the overlapping area.

Specifically, when the train does not reach the midpoint of the overlapping area, A3 trigger

event with considering T T T is used to avoid false triggers and ping-pong effect caused by

signal fluctuations in high-speed scenario and to ensure the stability of handover triggers.

When the train reaches the midpoint of the overlapping area, checking the RSRP without
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considering T T T parameter to decrease the handover delay. According to the analysis

of [111], A3 event has the best performance in terms of HO probability or HO success rate

when compared with A4 and A5 events for high-speed railway scenario.

Generally, a handover will take place between two neighboring BSs when the criteria

of handover is met. We assume that the handover criteria is met when the RSRP of the

target station is larger than that of the serving station by a certain threshold for a certain

period of time called T T T . If the T T T is too long, the probability of radio link failure

might increase before the handover is finished. This is mainly because the time interval

available to execute the handover decreases as the train velocity increases based on the

same overlapping area. Similarly, in case of 5G system, the time available to perform

handover successfully between base stations also decreases substantially as the cell size

smaller. Thus, in the proposed scheme, when the train enters the overlapping area between

two neighboring BSs, the handover should be triggered at the predefined location where

the handover criteria is met without considering the waiting time T T T . So, the time for

performing HO is decreased by omitting the time delay caused by T T T , especially in the

high-speed railway scenario. Specifically, the handover will be triggered at one location

where the RSRP or RSRQ of the target BS is larger than that of the serving BS by a certain

threshold. The flow chart of the proposed handover decision algorithm is shown in Fig. 4.4.

64



Figure 4.4: The flow chart of the proposed handover decision algorithm.

65



4.5 Performance Analysis

The performance of the proposed handover trigger scheme is evaluated in terms of

handover trigger probability, handover success probability and the outage probability.

4.5.1 Handover Trigger Probability

Handover trigger probability is defined in this paper as the probability that handover

occurs at position x. According to the proposed handover decision algorithm in DAS cell,

the handover trigger probability of HST can be written as:

P (x)trigger =P [R( j , x)−R(i , x) ≥ H ]

+P [R( j , x)−R(i , x)<H ]·P [SI N R( j , x)−SI N R(i , x)≥Γ]
(4.8)

Based on equations from (4.1) to (4.6), we can obtain the following equations:

P [R( j , x)−R(i , x) ≥ H ]

= P
[−PL

(
j ,d j

)+PL (i ,di )−ε(
0,σ j

)+ε (0,σi ) ≥ H
]

= P
[
ε (0,σi ) ≥ H +PL

(
j ,d j

)−PL (i ,di )+ε(
0,σ j

)]
= P

[
ε (0,σi ) ≥ H +PL

(
j ,d j

)−PL (i ,di )+ε0 | ε
(
0,σ j

)= ε0
]

·P
[
ε
(
0,σ j

)= ε0
]

=
∫ ∞

−∞
1√

2πσ2
j

Q

(
H +PL

(
j ,d j

)−PL (i ,di )+ε0

σi

)

exp

(
− ε2

0

2σ2
j

)
dε0

(4.9)

P [R( j , x)−R(i , x) < H ]

=
∫ ∞

−∞
1√

2πσ2
j

[
1−Q

(
H +PL

(
j ,d j

)−PL (i ,di )+ε0

σi

)]

exp

(
− ε2

0

2σ2
j

)
dε0

(4.10)
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P [SI N R( j , x)−SI N R(i , x) ≥ Γ]

=
∫ ∞

−∞
1√

2πσ2
j

Q

(
Γ+PL

(
j ,d j

)−PL (i ,di )+ I ( j , x)− I (i , x)+ε0

σi

)

exp

(
− ε2

0

2σ2
j

)
dε0

(4.11)

Where, Q(x) is defined as follows:

Q(x) = 1p
2π

∫ ∞

x
exp

(
− t 2

2

)
d t (4.12)

Based on the above analysis, the handover trigger probability of proposed scheme can be

expressed as follows,

P (x)trigger =
∫ ∞

−∞
1√

2πσ2
j

Q

(
H +PL

(
j ,d j

)−PL (i ,di )+ε0

σi

)
exp

(
− ε2

0

2σ2
j

)
dε0

+
∫ ∞

−∞
1√

2πσ2
j

[
1−Q

(
H +PL

(
j ,d j

)−PL (i ,di )+ε0

σi

)]
exp

(
− ε2

0

2σ2
j

)
dε0

·
∫ ∞

−∞
1√

2πσ2
j

Q

(
Γ+PL

(
j ,d j

)−PL (i ,di )+ I ( j , x)− I (i , x)+ε0

σi

)
exp

(
− ε2

0

2σ2
j

)
dε0

(4.13)

4.5.2 Outage Probability

Another important metric to evaluate the handover performance is outage probability.

Communication outage happens if the received SINR of the TRS is less than a threshold.

The outage probability is:

P (i , x)outage = P [SI N R(i , x) <Υ] (4.14)

P ( j , x)outage = P [SI N R( j , x) <Υ] (4.15)
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whereΥ is the minimum SINR required for normal communication.

Substituting equations (4.5)(4.6) into equations (4.14)(4.15), then:

P (i , x)outage

= P [SI N R(i , x) <Υ] = P [R(i , x)− (I (i , x)+B ·N0) <Υ]

= P [P t −PL (i ,di )−ε (0,σi )− (I (i , x)+B ·N0) <Υ]

= P [ε (0,σi ) > P t −PL (i ,di )− (I (i , x)+B ·N0)−Υ]

=Q

(
P t −PL (i ,di )− (I (i , x)+B ·N0)−Υ

σi

)
(4.16)

P ( j , x)outage

= P [SI N R( j , x) <Υ] = P [R( j , x)− (I ( j , x)+B ·N0) <Υ]

= P
[
P t −PL

(
j ,d j

)−ε(
0,σ j

)− (I ( j , x)+B ·N0) <Υ]
= P

[
ε
(
0,σ j

)> P t −PL
(

j ,d j
)− (I ( j , x)+B ·N0)−Υ]

=Q

(
P t −PL

(
j ,d j

)− (I ( j , x)+B ·N0)−Υ
σ j

)
(4.17)

4.5.3 Handover Success Probability

In our proposed scheme, the handover success probability can be defined as the

probability when the following three conditions are met simultaneously. At first, there is

no communication interruption before the handover is triggered. Then, the handover is

triggered at appropriate position and successfully executed. Finally, there is no communi-

cation interruption after the handover is completed. Thus, when the train is at location x,

the probability of successful handover can be expressed as:

P (x)success

= [1−P (i , x)outage] ·P (x)trigger · [1−P ( j , x)outage]
(4.18)
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4.6 Simulation Results and Discussion

The performance of our proposed handover scheme is also evaluated by simulation

based on dual-layer DAS cell architecture. The speed of the train is assumed to be 360km/h.

Based on the HST channel model recommended by 3GPP [112], a single-path fading

channel is used in the simulation. In the obtained simulation results, each point of the

curves was obtained as the average of over 1000 channel realizations. The parameters used

in the simulation are listed in Table 4.2.

Table 4.2: Simulation parameters

Parameters Value

Bandwidth of System 10 MHz

Carrier Frequency 2.5 GHz

Total Transmit Power Pt 86 dBm

Path Loss Model 31.5+35log10(d)

Shadow Fading Deviation 4 dB

Noise Density -145 dBm/Hz

Signal Threshold -30 dB

Distance from BS to Rail Dbs,rail=100 m

Distance from RAU to Rail Drau,rail=60 m

Distance between two cells ds=3000 m

Number of RAU in one cell N=4

Hysteresis Threshold H 1 dB
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Figure 4.5: Relationship between RSRP and train location

Fig. 4.5 shows the RSRP simulation results received by the mobile train at different train

positions. The blue line represents the RSRP received from the serving cell i, and the red

line represents the RSRP received from the target j. From the results, we can conclude that

the received signal strength from the serving and target cells is identical at location 1500m

which indicates that the train arrives at the middle point of overlapping area between two

cells.

Figure 4.6: Handover trigger probability
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Fig. 4.6 presents the handover trigger probability versus the train location x. To verify

the analysis in section 4.5, both analytical results and simulation results are presented, and

it is clear that the simulation results closely align with the analytical results. The curve

with red star indicates the cumulative distribution probability of conventional handover

which only considers RSS as the triggering metric. For example, when the train location is

at 1500m, the TRS has 20% handover triggering probability. The curve with blue circle is

the cumulative distribution probability of the proposed handover triggering method. As

shown in the figure, the handover triggering probability of the proposed scheme is 22%

higher than that of the traditional scheme when the train is located at 1500m.

Figure 4.7: Handover success probability

Fig. 4.7 is the probability of handover success. In this figure, both simulation results

and analytical results are presented, and we can see that the simulation results closely

align with the analytical results. The curve with orange circle describes the A3 event

method. The curve with blue square is the result of the proposed scheme. In addition, it is

obvious that the proposed scheme can substantially enhance the handover performance

when compared with the A3 event method. At distance 1600m, the successful handover

probability rises from 60% to 90%.
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Figure 4.8: The outage probability

Fig.4.8 illustrates the outage probability of the target cell vs. train location. Again, the

simulation results closely align with the analytical results. The curve with orange circles is

the conventional method. The curve with blue stars is the result of the proposed scheme.

In addition, the proposed scheme can substantially reduce the outage probability when

compared with the conventional one. With the high-speed train moving towards the target

cell, its outage probability is gradually reduced. It is close to 0 when the handover location

exceeds 1550 m. This clearly indicates that the proposed scheme can achieve a seamless

handover when the handover location is properly selected.

4.7 Summary

This chapter has investigated the handover problems of high speed rail wireless com-

munication systems. Based on dual-layer and DAS architecture, an improved handover

scheme employing multi-criteria is proposed to achieve better handover performance,

which is analyzed in terms of handover trigger probability, handover success probability

and outage probability. The simulation results coincide with the theoretical analysis per-

fectly and they both show that the proposed scheme can improve the handover success

probability in comparison with the conventional RSRP based handover decision algorithm.
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Chapter 5

Q-learning based Handover Algorithm for

High-Speed Railway Wireless

Communication

5.1 Introduction

In recent years, HSRs have offered transport that runs considerably fast in excess of

300km/h for the new lines and 200km/h for the existing ones. HSRs can immensely in-

crease mobility and improve customer satisfaction [113]. With the booming development

of HSRs, the evolution of high speed rail wireless communications systems from LTE-R to

5G is essential for reliable safety-related communications and seamless mobile connectiv-

ity of passengers, but also faces new challenges, one of which is the handover problem. In

the next generation wireless cellular networks, the HO process has even more significant

impact on the network performance. For instance, the number of HOs between different

cells will increase in the 5G network because of the smaller coverage area of the cells.

Frequent HOs cause disruption of data service, higher signaling overhead and decreased

network throughput. Moreover, most of the high-speed trains have metal bodies with

large windows of a single layer or multi-layer glasses, therefore, at higher frequency bands,

such as mmWave that is used in 5G system, signals passing through the compartments

will experience more significant attenuation. Additionally, handover failure occurs if the
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UEs fail to connect to the target cell. The probability of handover failures increases as the

speed of train increases. In cellular networks, the mobility management entity is tasked

with facilitating a seamless handover operation without interruptions, as emphasized

in [114]. With users on trains moving at significantly high speed and the utilization of

higher frequency bands in the 5G HSR system, there arises a question about the capability

of existing 5G mobility management designs to support uninterrupted high-speed mobility.

Furthermore, as 5G is expected to connect a larger number of users, resulting in a denser

network, it becomes imperative to develop a handover management scheme that ensures

optimal performance for users. This poses an open research challenge within 5G technol-

ogy. Thus, the objective of this chapter is to propose a novel HO scheme that can reduce

the number of HOs and enhance the HO success probability without compromising the

performance of the communications in HSR.

In this chapter, an efficient HO scheme is developed based on RL for 5G high-speed rail

wireless communication system. In a dense 5G high-speed rail deployment, HO decisions

can be optimized by utilizing Q-learning algorithm in order to reduce the unnecessary

HOs and improve the network performance. In addition, the criteria are selected consider-

ing the characteristics of the high-speed rail movement. The proposed scheme aims to

reduce the HO rate and achieve better throughput by jointly considering four parameters

including HO cost, SINR, RSRP and ToS as rewards. By using the Q-learning algorithm, the

current HO decision of users is associated with the long-term benefit so that the overall

HO performance can be improved. The effectiveness of this method is demonstrated using

simulation results.

The rest of this chapter is organized as follows. In section 5.2, the related works are given.

Then, the network architecture model and usage scenarios are introduced in section 5.3.

Section 5.4 illustrates a brief introduction of the RL and the proposed Q-learning based HO

scheme. Section 5.5 evaluates, compares and analyses the performance and simulation

results of the proposed method with other methods in the literature. Finally, section 5.6

concludes this chapter.
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5.2 Related Works

There already exist several different schemes which solve the HO problems mentioned

above. Work in [115] adopts mobile relays (MRs) to decrease the signaling load caused by

the large number of HO procedures triggered by the UEs in the same carriage at the same

time. In addition, authors of [49] adopt a DAS that combines with the two-hop architecture

and proposed a fast predictive HO algorithm to reduce the HO latency and handover

command failure probability. In [116], type-2 fuzzy-based HO optimization for advanced

long term evolution (LTE-A) network was proposed, with the aim to reduce call drops and

the number of handovers. In the future, machine learning will play a crucial role in many

innovative 5G technologies and architectures [117]. It is an algorithm which has a self-

learning ability to the systems and improve the performance from its training experience.

Machine learning based algorithms are required to accurately apply HO decisions which

enable the system to automatically adjust parameters according to the users’ demand and

requirements. As a result, frequent HO can be reduced efficiently [78]. The authors in [118]

introduce a HO optimization algorithm based on RL for 5G system. They model the HO

problem as a contextual multi-armed bandit problem and then solve it using Q-learning

algorithm to improve the performance of the link beam. In [119], the authors present

a solution based on RL to select the optimal BS for proactive decision HO in mmWave

wireless communication. Their results illustrate that intelligent self-learning agent can

decrease the number of HOs. A self-learning framework is proposed in [120], which jointly

optimizes the performance of HO and beamforming for mmWave network. RL algorithm

is exploited to determine the optimal backup BSs along user trajectory which can help

reduce the overhead signalling during channel estimation and minimize the number of

HOs. In [121], the authors introduce a RL based mobility model for drone UEs. This

model provides flexible HO decision making for a specific flight trajectory. It achieves a

trade-off between the number of HOs and the received signal power. Optimization of HO

by jointly considering AHP-TOPSIS and RL algorithm is discussed in [122], where optimal

BS is selected by using AHP-TOPSIS, then RL approach is utilized to set the parameters for

the triggering point such as T T T and hysteresis according to the different speed of users
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for LTE-Advanced network. Their results show that the proposed scheme can minimize

the handover failure rate and ping-pong effect. The algorithms in [96] and [123] present

methods to decrease the link failure during HO process. An intelligent handover scheme

based on the Elman neural network in the HSR scenario is proposed in [96], where the

authors associate past measurement parameters such as RSRP and RSRQ with future

handover decisions, which can accelerate the HO execution and optimize the HO process.

In [123], fuzzy Q-learning is used to optimize two contradictory handover problems, which

are RLF and the ping-pong effect for LTE network. The aim is to minimize RLF for real

time users and reduce ping pong effect for non-real time users while keeping RLF within

acceptable limits. Although the machine learning based HO methods have been widely

investigated in the literature, the problem of HO optimization using machine learning

for HSR still remains an open problem. As aforementioned, there are a few that consider

RSRP measurements, HO success probability, etc. as rewards. However, different reward

configurations such as SINR, train speed and downlink-throughput, etc. can also be taken

into account to achieve the optimized HO decision in 5G HSR system. Thus, we use

a reinforcement learning approach (Q-learning) to select the target BS from available

possible neighbor BSs. For this selection, four criteria are considered, and consequently,

the intelligent selection of the target BS is impacted by the weighted combination of four

criteria as reward.

5.3 System Model

5.3.1 HSR Network Architecture

In [124], the challenges of high speed railway communications are to maintain consis-

tent user experience and reliable and seamless communication. In high-speed rail system,

dedicated BS deployment along railway track is considered, as illustrated in Fig. 5.1. The

network is covered by macro BSs with carrier frequency 4 GHz. The distance between

the BS and railway track is 100 m. Passenger UEs are located in train carriages. For the

passenger UEs, all information is collected by the TRS which is placed on the top of the

train. The TRS acts as a single big user to execute HO from the serving BS to the target BS
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to reduce the HO signaling overheads and avoid the penetration loss caused by the train.

The passengers can get access to the internet via WiFi or access points that are connected

to the train relay by wired link.

Figure 5.1: System architecture

5.3.2 Channel Model

Since high-speed train runs through rural or viaduct areas most of the time, so multi-

path effect is disregarded in this chapter. At time t, let a high-speed train be located at

position x in the i-th cell. The received signal power as well as RSRP from the cell i is:

RSRP (i , x)[dBm] = P t [dBm]−PL (i ,di ) [dB]−ζ (0,σi ) [dB] (5.1)

where Pt is the transmission power of the i-th cell. PL (i ,di ) is the path loss. ζ (0,σi ) is

a Gaussian distributed random variable with a zero mean and a standard deviation to

describe the shadow fading.

The pathloss model is proposed in [89, 125], which is applicable to HSR scenario. Thus, the

path loss (in decibels) of the i-th cell can be expressed as

PL (i ,di ) [dB] = 10θ log(di )+PL (d0) , (5.2)

where θ is the path loss exponent, di is the distance between the BS and the moving train,

d0 = 1 m is close-in free space reference distance thus PL (d0) = 10θ log(4πd0/λ)2 ,λ is the

wavelength.

We consider inter-cell interference caused by the nearest neighboring cells and express it
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as

Ii [mW ] =
Nnei .i∑

n=1,n ̸=i
10RSRP (n,x)/10, (5.3)

where Nnei .i is the number of the co-channel cells. RSRP(n, x) obtained from (5.1) is the

received interference signal power from the co-channel cells.

Then, we can obtain the SINR of the i-th cell as

SI N Ri [dB ] = 10log

[
10RSRP (i ,x)/10

Ii +N0

]
, (5.4)

where N0 is the noise power.

5.4 Proposed Handover Scheme

In this chapter, we first introduce the Q-learning algorithm in the RL framework, and

then a Q-learning based HO algorithm is designed to solve the frequent HO problem while

maintaining the reliable connection.

5.4.1 Background of Reinforcement Learning

RL is a type of machine learning which can make an agent learn in an interactive

environment by a great number of trials and errors utilizing feedback from its own actions

and experiences. It is about taking suitable action to maximize the reward in a particular

situation [126] [127].

RL is different from the supervised learning. Specifically, in the supervised learning, the

training data has the answer key with it so the model is trained with the correct answer

whereas in RL, there is no answer but the reinforcement agent decides what to do to

perform the given task. In the absence of a training dataset, it is bound to learn from its

experience. As compared to unsupervised learning, RL differs from it in terms of their

respective goals. The goal in the unsupervised learning is to find similarities and differences

between data points. While in the RL, the goal is to find a suitable action model which

can maximize the total cumulative reward of the agent. The relationship between agent,
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action and environment is shown in Fig. 5.2. The agent learns the best policy by multiple

interactions with the environment.

Figure 5.2: Framework of RL [16]

The model comprises the following components:

• Set of states: A state is utilized to characterize the present condition of an agent

under specific environmental circumstances. Let the set of states be S.

• Set of actions: The set of all possible actions that an agent can take in a given state is

known as the action space. The action space defines the range of choices available

to the agent in each state. The new state (next state) can be obtained by taking an

action on the current state. Let A represent the set of available actions.

• The probability of state transition from state st at time t to a new state st+1 when

taking action at can be denoted as P(st+1 | st , at ).

• Policy: A policy refers to the strategy or a set of rules that guides the agent’s decision-

making process in choosing actions in different states of an environment. The policy

determines how the agent selects actions to maximize its cumulative rewards over

time.

• Reward: A reward R , generally refers to a scalar quantity provided by the environment

to the learning agent to indicate the immediate feedback. Reward is used to represent

whether the action taken is good, bad or neutral in the current state.

Markov Decision Processes (MDPs) are mathematical frameworks which are often used to

describe an environment in RL and almost all RL problems can be formulated using MDPs.

An MDP usually consists of a set of finite environment states S, a set of possible actions
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A, a real valued reward function R and a transition model P. The learning procedure is

detailed as follows: At time t, the agent observes the state of the environment, st ∈ S, where

S is the set of possible states. After observing state st , agent will take an action, at ∈ A(st )

where A(st ) is the set of possible actions at state st . After selecting the action at from state

st , agent will receive the immediate reward Rt+1 from the state-action pair (st ,at ). The

selected action in state st moves the agent to state st+1 at time t+1. It is crucial for the

environment to have state dynamics such that P(st+1 | st , at ) exists. This is the probability

that the action at in state st at time t will lead to new state st+1 at time t+1. Specifically, the

probability that the process moves into its new state st+1 is impacted by the chosen action.

However, real world environment is more likely to lack any prior knowledge of environmen-

tal dynamics. Model-free RL method such as Q-learning, is more suitable. Since Q-learning

is a model-free RL algorithm to learn the value of an action in a particular state. It does not

require a model of the environment. For any finite MDP, Q-learning can find an optimal

policy to maximize the expected value of the total reward over all successive steps, starting

from the current state, and it can identify an optimal action in a given situation based

on trial and error. The model is composed of a set of states, agent and set of actions per

state. An action is performed by an agent and it will move from one state to another state.

The reward is provided to the agent after executing the action in the specific state. The

maximum total reward is the main goal of the agent by learning the optimal action in each

state.

In a given state, the action-value-function is utilized to calculate the anticipated utility for

an action chosen by the agent. More specifically, this function quantifies the effectiveness

of the state-action combination. For state s and action a, the action-value function, often

referred to as the Q-function or Q-value, is represented by Q(s, a). Thus, in general, the

Q-value can be described as follows:

Q : S × A 7→R. (5.5)

At the beginning, the Q-value is chosen by the designer and can be an arbitrary value. After

taking an action in the current state, the agent transits to a new state (next state), and the

Q-value is computed for the current state. Therefore, the core component of the Q-learning
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algorithm is based on value iteration, where the old Q-value is updated by considering the

current information that is related to the chosen action. The update of the Q-value is given

as

Q(s, a) ←Q(s, a)+α
[

R+γmax
a′ Q

(
s′, a′)−Q(s, a)

]
(5.6)

where maxa′ Q
(
s′, a′) is the maximum Q-value for the next state s′ over all possible actions

a′, indicating the highest expected cumulative reward that the agent could achieve from

the next state onwards, considering all available actions. It is used in the Q-learning update

rule to adjust the current Q-value for the action a in state s. In addition, the parameter α is

the learning rate, γ is the discount factor, respectively. R is known as immediate reward.

These parameters are defined as follows:

• Learning rate (α): This parameter determines the extent to which new information

gained from experiences in the environment is used to update the agent’s Q-value.

Additionally, it impacts how quickly or slowly the Q-value is updated, balancing the

importance of new information with the agent’s prior knowledge. For instance, when

α = 0, the agent does not learn anything from the environment; Whereas, when

α= 1, the Q-value is updated entirely based on the most recent information only. It

completely overrides the old Q-value with the new estimate. Most often, the learning

rate α is set to a value between 0 and 1. In this case, the Q-value update is a weighted

average of the old Q-value and the newly acquired estimate. In fact, a constant value,

such as 0.1, is used as the learning rate since the learner can be assigned a significant

time to obtain information about the environment.

• Discount factor (γ): This factor represents the importance of future rewards. It

must be a value between 0 and 1, where a smaller γ makes the agent focus more on

short-term rewards, and a larger γ increases its emphasis on long-term rewards. If γ

exceeds 1, the Q-value might diverge.
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5.4.2 Q-learning Based Handover Algorithm

In this work, we regard the high-speed train as a reinforcement agent and consider

the physical network environment of the HO area as the external environment, so the

interaction process between the RL agent and the external environment can be modelled

as a MDP. The MDP can be represented by the following four tuples: 〈S, A, R, π〉, which are

defined as follows:

1) State

The state is represented by S consisting of the train’s location and current serving

base station.

2) Action

In the conventional HO events such as A3, the users will always select the target BS

with the highest RSRP or SINR according to the HO trigger condition resulting in the

sub-optimal decision and frequent HO problem. Hence, we define the action a ∈ A(s)

as the scalar representation of the serving BS at current state s. The action space A(s)

includes all BSs along with the train railway track. For instance, choosing an action

is analogous to select an appropriate BS to handover or stay with the current BS. The

aim is to select an action in a given state that maximizes the expected reward.

3) Reward Design

The reward R is a measurement of the rationality of the agent’s behavior in a specific

environment state. The selection of the reward will impact the learning efficiency of

the agent and reflect the environmental feedback in RL. The significance of reward

is to motivate the agent to learn to reach the target through reward maximization,

and our objective is to reduce the HO number while maximizing the throughput.

In a handover process, the reward is closely related to handover and network per-

formance. Thus, we design the immediate reward so that multiple parameters that

affect the HO performance can be considered and it can be expressed as follows:

R =−ω1×HOcost +ω2×SI N R +ω3×RSRP +ω4×ToS (5.7)
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where ω1, ω2, ω3 and ω4 represent the weights for the HO cost, SINR, RSRP and ToS

respectively. In addition, their range is from [0,1] and ω1+ω2+ω3+ω4 = 1. Based

on RL, we can find out the best state-action pair with the maximum R.

The reward function is a weighted combination of four parameters: HO cost, RSRP,

ToS and SINR. The definition of RSRP and SINR can be found in section 5.3.2. HO

cost is used to describe whether a HO occurs between the current and the next state.

For example, HO cost=0 if there is no HO occurring from the current state to the next

state, and vice versa. In terms of ToS, it is the expected time that the users will stay in

the coverage area of a BS. When combined with the train speed, this parameter can

be used to decrease the unnecessary HO number. If the train is always connected to

the BS with the best received signal without considering how long the users stay in

that cell, it will result in frequent HOs, and consequently, also increase overheads.

Ideally, if the time of stay in one cell is too short, then the handover to this cell can be

avoided.

4) Policy

In a given HO route, policy π refers to the set of rules that the agent uses to determine

which actions to take in different states. In the proposed scheme, we select the ε-

greedy algorithm [128] [129] as the policy π, which is a common exploration strategy

used in Q-learning algorithm and other RL algorithms to balance exploration (trying

new actions) and exploitation (choosing the best-known actions). This algorithm

helps the agent to gradually learn the optimal policy while exploring the environment.

In other words, the ε-greedy policy deals with the trade-off between exploration and

exploitation. Moreover, ε means the probability that the agent chooses the next state

s’. Its range is from 0 to 1. In the ε-greedy policy, the concepts of exploration and

exploitation can be elucidated as follows:

• Exploration: An action is chosen randomly from the set of available actions

with the probability of ε. This encourages the agent to explore new actions and

states, even if they have lower estimated Q-values.

• Exploitation: An action is selected to achieve the highest Q-value for the current

state with the probability of 1-ε.

83



The ε-greedy algorithm for Q-learning based HO is described in Algorithm 5.1. A Q-table

Algorithm 5.1 Q-learning with ε-greedy algorithm for HO situation

1: Initialization: input parameters
2: Train trajectory posi t i on = {P i | i = 0,1, . . . , l −1}
3: Set Q ← 0l×m×m ;HOs,s′ ← 0m×m

4: Set wHOcost , wRSRP , wSI N R , wToS ,ϵ,α,γ
5: Cms ← m BSs at starting waypoint P0

6: for i in length (posi t i on)−1 do
7: Cms′ ← m BSs at waypoint P i+1

8: RSRPms′ ← RSRP values for BSs in Cms′
9: SI N Rms′ ← SINR values for BSs in Cms′

10: ToSms′ ← ToS values for BSs in Cms′
11: ∀h ∈Im , set Q[i , :,h] ← wRSRP ·RSRPms′ +wSI N R ·SI N Rms′ +wToS ·ToSms′
12: Binary matrix HOs,s′ ←Cms ̸=Cms′
13: Q[i , :, :] ← Q[i , :, :]−wHO ×HOs,s′

14: Cms ←Cms′
15: end for
16: Reward matrix R ← Q;
17: for n ← 0 to number of training do
18: j = 0
19: for i in length (posi t i on)−1 do
20: Take a random variable g uniformly from [0,1]
21: if g < ε then
22: jnew ← select a random number from Im

23: else
24: jnew ← ar g maxy∈Im Q[i , j , y]
25: end if
26: Observe next state and reward
27: Update the Q values as:
28: Q = Q[i , j , jnew ]
29: Q = (1−α)Q +αR[i , j , jnew ]+αγargmaxk∈Im Q[i +1, jnew ,k]
30: Q[i , j , jnew ] =Q
31: end for
32: j = jnew

33: end for
34: Return Q

is created by trying different actions for the received states and recording the observed

reward. To simplify the model, we limit the action space A to the neighboring m candidate

BSs for each state in order to reduce complexity. Let us define a set Im = {0,1, . . . ,m −1}

which is the m neighboring candidate BSs for every state. For a train railway trajectory with

l waypoints, the resulting Q-table is stored in memory and updated based on equation

(5.6). The initial Q-table for the given train trajectory is generated in steps 6-15. In step 12,

a binary square matrix of size m is generated such that its entry is 0 if the BS at state s is
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the same as the BS at state s′, and it is 1 otherwise. The Q-value iterations for each training

episode are performed in steps 17-34, where steps 21-25 perform the ε-greedy exploration

while step 29 implements the update equation (5.6). After a great number of iterations, the

RL converges and the state with the largest R value selected by the agent will remain stable.

In other words, the largest Q value stored in the Q-table represents the optimal selection.

Therefore, we can find the optimal HO decision in a given railway trajectory by selecting

the largest Q value in each state.

5.5 Performance Evaluation and Simulation Results

In this section, we compare the performance of the proposed Q-learning based algo-

rithm with that of the conventional method and the methods presented in [49] and [130] in

terms of the throughput, HO number, HO success probability and HO latency. Firstly, we

describe the experiment setup and then present the simulation results with discussions.

5.5.1 Experiment Setup

In order to evaluate the handover performance of the proposed algorithm in the HSR

system, we set up a HSR communication network model in MATLAB. In this model, the

overall length of the railway track is 10 km and ten BSs are distributed alternately along

both sides of the track. Based on the analysis in section 5.4.2, we build a Q table during the

training phase of the Q-learning algorithm (Algorithm 5.1). In this phase, the agent will

take random actions (HO to certain BS) based on ε-greedy exploration and then update

the Q table. After the training phase, the table we obtained can be used in HO decision

making.

In addition, the whole track is divided into 100 waypoints evenly and the train will take

steps in a straight direction along the railway track. In each step, the measurement reports

will be sent to the agent which exploits the Q table to take an action that maximizes the Q

values for each state.
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5.5.2 Simulation Results

The performance of the proposed HO scheme is evaluated in terms of the average

number of HOs, HO success probability, throughput and HO latency, and the performance

is the average of 1000 runs. The parameters used in the simulation are listed in Table 5.1.

Table 5.1: Simulation Parameters

Parameters Value

Bandwidth of System 20 MHz

Carrier Frequency 4 GHz

Transmit Power of BS Pt 46 dBm

Shadow Fading Deviation 4 dB

Noise Density -174 dBm/Hz

Distance from BS to Rail 100 m

Number of BSs 10

Learning Rate α 0.1

Discount Factor γ 0.9

Exploration Coefficient ε 0.1

Figure 5.3: Average number of HOs for different weight proportion

In Fig. 5.3, we compare the average number of HOs of the proposed scheme with
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different weight combinations considering four criteria including HO cost, SINR, RSRP

and ToS with the conventional HO method and the existing algorithms [49] [130]. In the

conventional HO scheme, the train users always connect to the BS with the strongest

RSRP. From the figure, it can be clearly observed that the proposed scheme outperforms

the existing algorithms as well as the conventional method and achieves the lowest HO

rate. Since the UEs do not have to perform HO frequently due to the incorporation of

UE’s ToS and HO cost. The proposed scheme can be decreased by 48% when weight

proportion ω1/ω2/ω3/ω4=0.1/0.5/0.3/0.1, compared to the conventional scheme. Overall,

the simulation result clearly indicates that the proposed scheme is effective in reducing

the number of unnecessary handovers.

Figure 5.4: Throughput for HSR system

The throughput vs speed of train is shown in Fig. 5.4. The proposed method clearly

outperforms the conventional method and other algorithms [49] [130] in the literature.

Specifically, when the speed of train is 300 km/h, the throughput of the proposed scheme

is increased by about 12.2%, 23.9% and 27.4% respectively in comparison to multi-criteria,

predictive HO scheme and conventional HO scheme. The reason is that the proposed

method can effectively reduce the HO number, especially when the train moves faster.
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Figure 5.5: Handover success probability

Fig. 5.5 illustrates the handover success probability at different train location (way-

points) for different HO methods. The proposed scheme achieves the best performance

at most of the train locations when compared with the conventional HO method and the

existing HO algorithms [49] [130]. For those locations with a success probability of 0, that

means no HO occurring.

Figure 5.6: Handover latency
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Handover latency is another decisive performance metric when it comes to QoS. The

handover latency time can be defined as

T = Psuccess ×Ts + (1−Psuccess)×Tr ec (5.8)

where Ts and Tr ec are the handover latency in case of successful and failure situations

respectively. Note that the calculation of Ts and Tr ec is based on [27] [48] [49]. More

specifically, Ts=1/14 ms is the symbol duration, and Tr ec = T 304+T 311+T 301 where

T 304, T 311 and T 301 are 50 ms, 100 ms and 1000 ms respectively.

In Fig. 5.6, the abscissa is the train locations that we pick along the whole train railway

track and we use the numerical values to represent for convenience. It is clear that the

proposed scheme has the lowest HO latency time and also achieves the best user QoS

when compared with the conventional HO scheme and other existing schemes [49] [130].

5.6 Summary

This chapter has investigated the HO problems in the HSR wireless communication

system. A novel HO scheme based on Q-learning algorithm is proposed to achieve better

HO performance. This chapter establishes a Q-learning framework for the HSR HO, and

provides an effective method for optimal HO decision making which considers multiple

criteria as weighted rewards along the railway track. As demonstrated by the simulation

results, the proposed scheme outperforms the conventional approach and existing algo-

rithms in terms of throughput, HO number, HO success probability and HO latency. In

summary, the Q-learning based handover scheme offers an intelligent solution for effec-

tively managing high mobility scenarios by intelligently selecting the target cell. Through

simulations, it indicates that the proposed scheme has the potential to greatly enhance

the HO process in the context of 5G, enabling more efficient management of high-speed

mobility in 5G network.
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Chapter 6

Machine Learning based Handover

Algorithms for High-Speed Railway

Heterogeneous Ultra-Dense Network

6.1 Introduction

HSRs have emerged as a transformative mode of transportation, revolutionizing the

way people and goods move across long distances. With their remarkable speed, effi-

ciency, and environmental advantages, HSRs have gained significant popularity and are

becoming a vital form of transportation. As the demand for fast, reliable, and sustainable

transportation grows, effective management of HSR mobility becomes crucial to ensure

smooth operations and enhance passenger experience. Thus, how to provide users with

the best quality of high-speed mobile network services attracts increasing attention in

the research of 5G wireless communications. One of the big challenges is the handover

problem, such as the frequent handover, unnecessary handover, etc due to the increased

density of small cells and increased speed of trains. In addition, seamless handover proce-

dures are vital to ensure safety, and uninterrupted services in the high-speed rail network.

UDN is deployed in 5G-Railway to meet the increasing demand for mobile internet services

for large number of train passengers. In addition, mmWave is considered as a promising

technique used in the 5G communication for UDN. However, both the small coverage of
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mmWave and the ultra-dense small cells can result in more severe frequent HO problem.

Frequent HO causes disruption of data service, higher signalling overheads and decreased

network throughput. Moreover, most of the high-speed trains have metal bodies with large

windows of a single layer or multi-layer glasses, which cause great attenuation for high

frequency signals. Additionally, handover failure occurs if the UEs fail to connect to the

target cell, especially in the ultra-dense network using the mmWave which offers high

data rates but experiences higher propagation loss. This means that the signal strength

degrades rapidly over distance. As a user moves away from a BS, the signal strength drops

quickly, increasing the probability of handover failure. In ultra-dense networks, a large

number of small cells are deployed in a limited geographical area, leading to increased

interference levels. Co-channel interference can hinder seamless HO and decrease the

received signal strength leading to handover failure. Thus, handover problem is becoming

more serious in the UDN of HSR that must be addressed.

In this chapter, we develop an efficient intelligent HO scheme based on Kalman filter and

machine learning algorithms for 5G heterogeneous ultra-dense network of high-speed

railways. This HO scheme follows a two-step methodology. In the first step, it employs a

Kalman filter to estimate future (a posteriori) RSRP values of the neighboring BSs. These

estimations rely on measurement reports obtained from neighboring BSs. Subsequently,

considering the predicted RSRP, in the second step, HO decision can be optimized by

utilizing support vector machine algorithm in order to select the target cell and reduce the

number of HOs and improve the network performance. The proposed SVM based han-

dover scheme determines the optimal hyper-plane using labeled training data to classify

the available target cells by jointly considering multiple HO criteria such as RSRP, SINR

and time. In addition, we conduct extensive simulations to demonstrate the effectiveness

of our proposed HO algorithm. The simulation results show that the proposed method can

improve the HO performance in terms of the number of HOs, handover failure probability,

user mean throughput and handover latency in comparison with other machine learning

approaches including Decision Tree (DT), K-Nearest Neighbors algorithm (KNN) and Arti-

ficial Neural Network algorithm (ANN) and existing methods [131] in the literature.

The contributions of this chapter are summarised below:
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• We design a Kalman filter to calculate the posteriori of the RSRP of the neighboring

BSs for the handover. Consequently, according to the prediction, the estimation of

the future signal quality can help the handover decision-making in advance, ensuring

that the chosen target BS can sustain the necessary network performance in such

dynamic, high-mobility environments.

• We develop an intelligent handover scheme based on SVM algorithm which selects

the target cell by jointly considering multiple HO criteria including RSRP, SINR and

time. For the selection of target BS, the RSRP estimation by the Kalman filter is

considered, and thus the intelligent selection of the target BS is impacted by the

predicted future signal quality of neighboring BSs.

• We introduce the standard deviation (SD) technique to assess the priority weight and

effect of different attributes in the BS selection algorithm.

The rest of this chapter is organized as follows. In section 6.2, the related works are reviewed.

Then, the network architecture model and usage scenarios are introduced in section 6.3.

Section 6.4 introduces the Kalman filter and different machine learning algorithms and

then presents the proposed HO scheme. Section 6.5 evaluates the performance of the

proposed method in comparison with other methods in the literature. Finally, section 6.6

summarises this chapter.

6.2 Related Works

There already exist several different schemes which solve the HO problems mentioned

above. Work in [132] adopts a gray model prediction based handover scheme to prevent

the handover delay problem, and they used a combination factor in the handover decision-

making in order to select the best target cell in heterogeneous UDN for HSR. Paper [133]

provides a comprehensive overview of the current state-of-the-art and future trends for

wireless technologies aiming to realize the concept of HSR communication services. Fur-

thermore, authors of [134] adopt a dual-link soft handover algorithm by deploying a TRS

and two antennas on top of train to decrease the outage probability of handover for con-

trol/user plane split network. In [135], the authors introduce a handover decision algorithm
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called the relative velocity-aided handover algorithm, which uses the speed of the user’s

device relative to the current and potential new access points to decide when to switch

connections. This work considers the user’s relative speed to all nearby access points

and uses a speed threshold to determine if a handover should occur, aiming to reduce

the chance of a connection drop. If the relative speed is lower than the threshold, the

traditional handover method is used; if it’s higher, the UE device avoids connecting to the

AP with high relative velocity (higher than the threshold). Works in [136] [137] propose MRs

as a solution to improve communication quality by reducing handover delays. Paper [138]

provides a comprehensive overview of the current state-of-the-art and future trends for

exploring the utilization of mmWave technology for high-speed railway communication

systems. In [139] and [140], different handover schemes based on 5G mmWave mobile

communication systems in the HSR scenario are proposed. Work in [139], the authors

present a novel approach to improve inter-beam handover (IBH) in HSR scenarios for 5G

mmWave communication systems. The authors propose a Jointly Optimized Dynamic

Inter-Beam Handover (JOD-IBH) scheme, which is based on multiple beams cooperation.

Simulation results show that the proposed method can decrease handover failure rates

and achieve a balance between handover failure and resource occupation rates in the HSR

scenario. In [140], the authors propose a Long Short-Term Memory (LSTM) based method

to improve handover in 5G mmWave networks for high-speed railways. This method

aims to address the high handover delay and link interruption issues of the traditional

A3 handover approach. In [141], authors proposed a handover optimization method that

utilizes fuzzy logic to decrease the number of HOs. Their simulation results demonstrate

that the ping-pong effect has been significantly reduced. With the development of the

5G and beyond networks, AI will play a crucial role in many innovative 5G technologies

and architectures in the future. The main reason is that AI techniques are increasingly

being utilized in wireless communication due to their powerful learning and optimizing

ability to analyze complex data patterns, make intelligent decisions, and adapt to dynamic

environments [142]. Additionally, ML techniques can be used to refine the models by ana-

lyzing the behavioral traits of moving objects from historical records and predicting future

movements using trained models. For handover management, it can be used to achieve
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intelligent mobility prediction and optimal handover solutions to guarantee seamless com-

munication connectivity. An intelligent mobility management system based on improved

multi-objective optimization method by ratio analysis and reinforcement learning ap-

proach has been discussed in [143]. In this scheme, authors first adopt the multi-objective

optimization method to decrease the ranking abnormality when it selects a target BS. Then,

the reinforcement learning method is used to select the optimal triggering points, aiming

to reduce the number of frequent HOs and handover failure rate for better QoS. However,

the authors only consider handover occurring in an intra-macro cell scenario. In [144],

authors propose and evaluate a ML based handover algorithm to improve users’ QoS in

the presence of signal-blocking obstacles. Their simulation results demonstrate that the

proposed scheme is able to choose the BS that will provide the highest QoS, even in severe

channel propagation situations. Nevertheless, they do not consider the effect of velocity on

handover performance. Work on [145] uses the received power of the serving and the target

BS as input features for handover failure prediction based on a machine learning model.

However, they do not consider the effect of interference which is severe in UDN. In [146]

and [147], different machine learning approaches are applied for future mobility prediction.

Machine learning based user-level handover decision making scheme in 3GPP networks is

presented in [146], where the authors employ various classification algorithms, including

neural networks, to address the problem of identifying the optimal HO target BS. They

also utilize regression approaches to estimate the duration and percentage of download

progress of a mobile user, specifically when the user is in motion and has initiated a HO

request. In [147], a novel framework is introduced to predict the future network connec-

tion of a mobile node in WLAN environments. The proposed framework incorporates a

decision-making process that relies on classification algorithm, as well as the user’s posi-

tion and acceleration data, to anticipate network change. The proposed method achieves

an impressive prediction accuracy of up to 96.75% when forecasting the connection of the

future network. A Bayesian Regression Based LTE-R Handover Decision Algorithm [95]

for HSR is proposed to predict the cell boundary crossing time. Their proposed method

maintains stronger signal strength between mobile relays and the serving BS both before

and after the handover. This improvement results in a reduced likelihood of RLF. However,
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they do not consider the Doppler shift effect in HSR scenario.

Despite the improvements achieved by the existing works, they may not perform efficiently

in 5G HSR mmWave UDNs. This is primarily due to the challenges posed by the small

coverage area and high propagation loss of the mmWave technique. Therefore, the HO

challenges in 5G HSR mmWave UDNs cannot be solved by the existing methods. In order to

fill in this gap, this chapter focuses on investigating handover performance enhancement

using various machine learning algorithms in 5G mmWave ultra-dense network of HSR.

Leveraging the characteristics of HSR scenario, the study develops a Kalman combined

with SVM algorithm prediction method to find the optimal target cell. This approach takes

into account a range of appropriate handover criteria and the Doppler effect to enhance

handover performance and deliver satisfying QoS to train users of HSR system.

6.3 System Model

6.3.1 HSR Network Architecture

In this chapter, we consider a heterogeneous UDN deployed for high-speed rail, as

depicted in Fig. 6.1. The network consists of two layers. The first layer utilizes macro BS

operating at a carrier frequency of 2 GHz to ensure uninterrupted coverage. The second

layer employs small BSs operating at mmWave frequency, which offers high-speed data

services to passengers thanks to their abundant bandwidth resources. Thus, the mmWave

technology can support a massive number of connected devices simultaneously, especially

in HSR environments. However, the mmWave signal suffers from high path loss and

significant propagation attenuation, resulting in limited coverage [148]. Consequently, a

dense deployment of small BS is required in the HSR scenario.

To mitigate penetration loss caused by trains, a relay station is deployed on the train’s roof.

This relay assists passengers in connecting to the small BS or macro BS located along the

trackside. Passengers can access the Internet through AP connected to the TRS via wired

link. The TRS acts as a single entity to execute HO from the serving BS to the target BS,

aiming to minimize handover signaling overhead and avoid the penetration loss caused by

the train.
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Figure 6.1: System architecture

6.3.2 Channel Model

In this chapter, the linear radio coverage topology is adopted in HSR and only the main

path signal is considered since high-speed train runs through rural or viaduct areas most

of the time, so multi-path effect can be ignored. At time t, let a high-speed train be located

at position x in the coverage area of i-th BS. The received signal power as well as RSRP from

the BS i is considered in dBm as follows:

RSRP (i , x)[dBm] = P t [dBm]−PL (i ,di ) [dB]−ζ (0,σi ) [dB] (6.1)

where Pt is the transmission power of the i-th BS. PL (i ,di ) is the path loss. ζ (0,σi ) is

a Gaussian distributed random variable with a zero mean and a standard deviation to

describe the shadow fading. Let

R(i , x)[mw] = 10RSRP (i ,x)/10 (6.2)

where R is the RSRP in mw units.

Doppler shift is another important feature we should consider for high speed rail [149].

Doppler Shift refers to the phenomenon observed in mobile communication, where the fast

movement of the mobile station and the varying distance between the receiving terminal

and the base station cause the synthesized frequency to fluctuate both above and below

the center frequency [150]. The Doppler shift will result in ICI effect which will decrease

the received power. Thus, the RSRP with the normalized noise power at the time t and
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position x from the i-th BS can be modified as

RSRP (i , x)[dBm] = 10log10

[
R(i , x)

R(i , x)∆+1

]
, (6.3)

where ∆ = ∫ 1
−1(1− |x|)(1− J0

(
2π fd Ts x

))
d x is the ICI power and details can be found in

[108] [49] [151]. J0(·) is the zeroth-order Bessel function of the first kind, fd represents the

maximum Doppler frequency shift and Ts is the symbol duration.

Pass loss models are different for macro BSs and small BSs. The COST 231 Hata model

for macro BS is proposed in [93], which is applicable to HSR scenario. The simplicity and

availability of accurate factors make this model widely used for radio propagation in the

urban, suburban and rural areas for HSR system. Since the HSR is generally built in rural

areas, we use the open rural formula to calculate the path loss which can be written as

follows,

PL = A+B log(d)+C ,

A = 46.3+33.9log
(

fc
)−13.82log(hb)−a (hm) ,

B = 44.9−6.55log(hb) ,

C = 0,

a (hm) = [
1.1log

(
fc

)−0.7
]

hm − [
1.56log

(
fc

)−0.8
]

,

(6.4)

where A,B and C are decided by frequency and antenna height, and fc is given in MHz,d

is given in kilometer, hb and hm are given in meter.

The path loss model in the i-th small BS can be represented as

PL (i ,di ) [dB] = PL (d0)+10θ log(di ) , (6.5)

where di is the distance between the i-th small BS and the mobile train, θ is the path loss

exponent for the mmWave frequency band, and PL(d0) = 10θ log(4πd0/λ)2, λ is the wave

length. Path loss depends on the distance between the transmitter and receiver.

For macro BS, we consider the inter-cell interference caused by the nearest neighboring
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base stations with same frequency and can be denoted as

Im[mW ] =
Nnei .m∑

nm=1,nm ̸=m
10RSRP (nm ,x)/10,m ∈ M (6.6)

where M = {m1,m2,m3...mh}, h is the number of macro BS and Nnei .m is the number of the

nearest neighboring macro BS. RSRP(nm , x) obtained from (6.3) is the received interference

signal power from the co-channel macro BS.

Similarly, the interference power received from the nearest neighboring small base stations

can be expressed as

Is[mW ] =
Nnei .s∑

ns=1,ns ̸=s
10RSRP (ns ,x)/10, s ∈ S (6.7)

where S = {s1, s2, s3...sp }, p is the number of small BS and Nnei .s is the number of the nearest

neighboring small BS. RSRP(ns , x) obtained from (6.3) is the received interference signal

power from the co-channel small BS.

Therefore, at location x, we can express SINR from the im-th macro BS and the is-th small

BS respectively as follows:

SI N Rim [dB ] = 10log

[
10RSRP (im ,x)/10

Iim +N0

]
, (6.8)

SI N Ris [dB ] = 10log

[
10RSRP (is ,x)/10

Iis +N0

]
, (6.9)

where N0 is the noise power, RSRP(im , x) and RSRP(is , x) obtained from (6.3) is the received

signal power from the macro and the small BS respectively.

6.4 Proposed HO Scheme

In this section, we present the proposed handover scheme. This scheme comprises

two modules, as illustrated in Fig. 6.2.

1) The Kalman filter based module is proposed to estimate the posteriori of RSRP for

the neighboring BSs, relying on the measurement report as its primary input.
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2) Following the first module, the SVM module considers the output of the Kalman

filter and SINR, time criteria of neighboring BSs as its input to determine the most

suitable target BS for a handover.

For the purpose of comparison, we will consider other supervised learning algorithms and

the existing works [131] in the literature.

Figure 6.2: System model overview

6.4.1 Kalman Filter based RSRP Estimation

The Kalman filter [152] is a recursive mathematical algorithm used for estimating a

system’s next state based on only the previous state and the current measurement. It is par-

ticularly useful in some situations where noise or uncertainty exists in the measurements.

The reasons for using the Kalman filter are described as follows:

• As a recursive model, the Kalman filter does not need the knowledge of the entire

measurement history. It only relies on the information from the last measurement to

estimate the desired output [152]. Consequently, this approach reduces response

time and saves memory space.

• The Kalman filter has a strong ability to estimate system states from noisy measure-

ments [153]. Thus, it can be employed to estimate the received signal strength of the

channel and effectively monitor fluctuations in channel quality while taking noise

factor into account.

• When estimating unknown variables, the utilization of the Kalman filter generally
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tends to be more accurate compared to a single measurement [154].

In addition, classical machine learning algorithms need a lot of historical data for training,

where the estimation is based on the size and quality of the dataset. Nonetheless, the

RSRP based on a long time sequence of previous measurements will not be estimated fast

enough to adapt to rapid variation of the wireless environment in HSR communications

systems.

Kalman filters are employed for state estimation based on linear dynamical systems in

state space format. The process model defines the state’s progression from time k −1 to

time k as follows:

xk = Fxk−1 +wk (6.10)

where F is the state transition matrix which is applied to the previous state vector xk−1

and wk is the process noise vector that is assumed to be zero-mean Gaussian with the

covariance Q, i.e., wk ∼N (0,Qk ).

The process model of the Kalman filter is combined with the measurement model which

describes the relationship between the state and the measurement at the current time step

k denoted as:

zk = Hxk +νk (6.11)

where zk is the measurement or the observation vector, H is the measurement matrix, and

νk represents the measurement noise vector that is assumed to be zero-mean Gaussian

with the covariance R, i.e., νk ∼N (0,Rk ).

Kalman filter algorithm consists of two phases: prediction and update [152] [17] [155].

During the prediction phase, the previous state estimate is utilized to predict the state at

the current time step. It’s important to note that the predicted state is an estimate of the

current time step, does not account for the current observed information. Consequently,

the predicted state is commonly referred to as the “a pr i or ” state. In the subsequent

update phase, the current observed information is integrated with the a pr i or i prediction

to enhance the state estimate. This refined state estimate is known as the “a posteriori”

state estimate.

The Kalman filter algorithm is summarized as follows:
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1) Predict phase

• Predicted (Prior) state estimate: x̂k = Fxk−1 +wk

• Predicted (Prior) error covariance estimate: P̂k = F Pk−1F T +Qk

2) Update phase

• Kalman gain: Kk = P̂k H T
(
Rk +HP̂k H T

)−1 = P̂k H T

HP̂k H T +Rk

• Updated (Posteriori) state estimate: xk = x̂k +Kk zk −Hx̂k

• Updated (Posteriori) error covariance: Pk = (I −Kk H)P̂k

In the above equations, let x̂k and xk be the a prior and a posteriori estimation of the state,

respectively. P̂k means the a prior estimate error covariance matrix and Pk denotes the a

posteriori estimate error covariance matrix. Let K represent the Kalman gain, which is the

relative weight assigned to the current state estimate and measurements. K can be tuned

to obtain a particular performance. For instance, a higher Kalman gain gives more weight

to the measurements, while a lower Kalman gain relies more on the prediction. Thus, a

higher gain leads to more frequent fluctuations in the estimation. In contrast, a lower gain

tends to reduce the impact of noise, resulting in a smoother estimate but with reduced

responsiveness.

The Kalman filter information flow is described in Fig. 6.3.
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Figure 6.3: Kalman filter information flow [17]

Since the initial value of P will not have an impact on the converged value of K , we

initialized P with a non-zero matrix.

Based on the introduction above, we consider SRSRP,k and SRSRP,k−1 as the RSRP values

measured at time k and k −1, respectively. We assume that Ne,k is the environment noise

that is generated from various RF devices, including power generators, WiFi and motors, etc.

Additionally, the HSR wireless network is a fast time-varying system in which measurement

and environment noises have a significant impact on the received signal strength of a

BS. Accurate signal quality estimation is vital for handover decision making. Hence, it

is necessary to enhance signal quality estimation by eliminating measurement noise.

The Kalman filter’s promising ability is to estimate and predict the states of a dynamic

system based on noisy measurements. It is particularly effective in filtering out noise and

providing accurate estimates of the system states. Therefore, we can design a Kalman

filter to estimate the signal strength of the channel and accordingly track the changes in

channel quality, accounting for the influence of the noise. In our model, the Kalman filter
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estimates the variation of RSRP (SRSRP ) and environment noise (Ne ) by filtering the value

of the measurement noise. Therefore, the system can be denoted as follows,

SRSRP,k = SRSRP,k−1 +ws,k

Ne,k = Ne,k−1 +we,k

(6.12)

where ws,k is the effect of path loss and shadow fading on the signal strength RSRP and

we,k represents the environment noise. Moreover, we assume that ws,k and we,k are

independent of each other and they both follow Gaussian distributions with zero mean.

The values of environment noise and RSRP are correlated because the RSRP values can

be reduced as the effect of environment noise increases and vice versa. As a result, the

likelihood of the measured RSRP values is related to the environment noise. At time k, the

correlation between the RSRP and environment noise is described by a covariance matrix

denoted by Pk . Equation (6.12) can be expressed in a vector representation, which results

in a state evolution formula as follows,

xk = Fxk−1 +wk (6.13)

Where, xk =

 SRSRP,k

Ne,k

 is the estimated values of the system states. Our aim is to predict

the next state at time k according to the current state at time k −1. F is the prediction

matrix and F =

 1 0

0 1

. It is used to estimate the next state of the dynamic system. In a

wireless signal model, we can use a radio frequency integrated circuit (RFIC) to measure

the state variable, and this variable is relevant to the measurement noise. Furthermore,

wk =

 ws,k

we,k

. Based on the introduction of Kalman filter above, let Qk be the covariance

of the zero mean Gaussian distribution followed by wk and consequently, wk ∼N (0,Qk ).

Besides, in terms of the observation (measurement) equation, it can be represented as

zk = Hxk +νk (6.14)

where zk is the measured or observed value of the system state. H is the measurement
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matrix and H =

 1 0

0 1

. Further, νk represents the observed noise or measured noise,

assumed to follow a zero mean Gaussian distribution with covariance Rk , and thus νk ∼
N (0,Rk ).

In our proposed scheme, the state value xk is used in the next module as shown in Fig. 6.2,

where the handover decision will be made utilising the SVM model. This learning algorithm

and details of the handover mechanism will be discussed in the following section.

6.4.2 SVM based HO

This section first provides a brief introduction to the SVM algorithm and then the

proposed SVM based HO scheme will be introduced.

SVM is a popular algorithm in supervised learning, commonly employed for both classifi-

cation and regression tasks. However, its predominant usage lies in classification problems.

In addition, SVM is not limited to linear classification tasks, it can also effectively handle

non-linear classification through the use of the kernel trick. By doing so, SVM can implicitly

map the inputs into high-dimensional feature spaces, thereby enabling efficient non-linear

classification. The main objective of the SVM algorithm is to construct an optimal line

or decision boundary, known as a hyperplane, capable of effectively separating different

classes within an n-dimensional space. This facilitates accurate categorization of future

data points into their appropriate categories.

SVM identifies crucial points or vectors, known as support vectors, which play a vital role in

defining the hyperplane. Support vectors are data points that are closer to the hyperplane

and significantly impact its position and orientation. By leveraging these support vectors,

we aim to maximize the margin of the classifier. A margin is a separation gap between the

two lines on the closest data points. It is calculated as the distance from the hyperplane

to support vectors. The relationship between hyperplane, support vectors and margin

is shown in Fig. 6.4. The basic principle of SVM is to find a decision hyperplane among

linearly separable sets. The expression of the hyperplane can be shown as follows:

f (x) = 〈ω,x〉+b (6.15)
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Figure 6.4: SVM optimizes margin between classes or support vector [18]

where x is the feature input, ω is the weight matrix and b is a bias term.

The cost function is given by the following formula:

J = min
1

2
∥ω∥2 +C

N∑
i=1

µi (6.16)

where µi ≥ 0 and ∥ω∥2 is the Euclidean distance from the original to the hyperplane.

Moreover, N is the number of training set, C is a parameter for regularization which can be

used to control the number of errors that is permitted on the training dataset.

The prediction model in equation (6.15) can be expressed as a linear combination of the

training data xi [156]. It can be represented as follows:

f (x) =
N∑

i=1

(
αi −α∗

i

)
K

(
xi ,x j

)+b (6.17)
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where αi ,α∗
i ∈ [0,C ] and K

(
xi ,x j

)
is the kernel function. In our proposed scheme, we

utilize the radial basis function (RBF) as the kernel function:

K
(
xi ,x j

)= exp

(
−

∥∥xi −x j
∥∥2

2σ2

)
(6.18)

where σ is the Gaussian kernel width. It implicitly determines the data’s distribution

after being mapped to the new feature space. ∥xi −x j∥2 represents the squared Euclidean

distance between vectors xi and x j in the original feature space. An equivalent definition

involves a parameter γ= 1
2σ2 :

K
(
xi ,x j

)= exp
(
−γ∥∥xi −x j

∥∥2
)

(6.19)

where γ is the kernel coefficient for kernel function. Without loss of generality, let γ= 1
2 .

We can obtain the following equations using the multinomial theorem [157]:

exp

(
−1

2

∥∥xi −x j
∥∥2

)
= exp

(
−1

2
∥xi∥2 +x⊤

i x j − 1

2

∥∥x j
∥∥2

)
= exp

(
−1

2
∥xi∥2

)
exp

(
x⊤

i x j
)

exp

(
−1

2

∥∥x j
∥∥2

)
=

∞∑
m=0

(
x⊤

i x j
)m

m!
exp

(
−1

2
∥xi∥2

)
exp

(
−1

2

∥∥x j
∥∥2

)
=

∞∑
m=0

∑
n1+n2+···+nk=m

exp

(
−1

2
∥xi∥2

) xi
n1
1 · · ·xi

nk
k√

n1! · · ·nk !

exp

(
−1

2

∥∥x j
∥∥2

) x j
n1
1 · · ·x j

nk
k√

n1! · · ·nk !

= 〈
ϕ(xi ),ϕ

(
x j

)〉

(6.20)

where is a mathematical function that takes two input data points in the original feature

space and computes their similarity or inner product in the transformed space. It is

particularly useful when dealing with non-linearly separable data in high-dimensional

feature spaces. Thus, the kernel function enables the transformation of input data into

a higher-dimensional space where it might become linearly separable. Mathematically,

given two data points represented as vectors xi and x j , the kernel function is denoted as
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K (xi ,x j ). The kernel function can be thought of as a measure of how similar or related

the data points are. In other words, the kernel function can implicitly represent the high-

dimensional feature space without explicitly computing the transformed data points.

After the brief introduction of the SVM algorithm, the introduction to the proposed SVM

based HO scheme will be divided into two parts: (A) Data Preparation And Process; (B) The

SVM-based Predictive Handover Scheme.

A. Data Preparation And Process

We jointly consider three major criteria for the HO decision making process, i.e.,

RSRP, SINR and travel time (T ).

1) RSRP: RSRP refers to reference signal receive power and measures the power of

the reference signal received at the antenna of the mobile device. It indicates

the radio link quality between the mobile device and the serving cell. This

criterion is from the output of the Kalman filter module.

2) SINR: SINR often serves as an indicator of the interference level on the radio

link and evaluates the connection’s overall quality. In the proposed scheme,

this parameter helps to select a BS that provides higher SINR value, and in turn,

decreases the HO failure rate.

3) Travel time: The travel time (T ) is defined as how long the train takes to reach

the far edge of a BS coverage area. In other words, it is the time that the train

takes to arrive at the intersection point of the railway track and BS coverage

boundary as shown in Fig. 6.5. This metric is utilized to reduce the HO number.

In Fig. 6.5, we assume that the circle drawn is the communication range that a

BS can cover.

Then, a multiple criteria matrix is formed and can be used as model input to predict

an optimal BS for HO. The dataset is expressed in the equation (6.21), where m is

the number of samples (waypoints), Xm denotes the inputs of the sample m and ym

stands for the outputs of the sample m as well as the different classes in the SVM
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Figure 6.5: Travel time diagram

algorithm.

D = {(X1, y1), (X2, y2), ..., (Xm , ym)} (6.21)

The inputs contain features including the RSRP, SINR, and T in the network. Fur-

thermore, in addition to an input matrix X , the corresponding output matrix y is

also generated and the elements in matrix y are the chosen BS index for each sample

(each waypoint). Here, we use index pi ={1,2,3,4,5} to describe the 5 different classes

in the output matrix which are the next 5 neighboring BSs at each waypoint.

For the generation of the output matrix, we use Multiple Criteria Decision Making

technique (MCDM) method [158] to rank the 5 candidate BSs (5 classes) for each

sample (waypoint) and select the highest ranked index which corresponds to the

best/optimum BS as the output. MCDM methods aim to provide a systematic frame-

work for evaluating and ranking alternative solutions in decision-making scenarios

where there are multiple criteria to consider. In addition, MCDM approaches utilize

mathematical and computational models to assist decision-makers in selecting the

most suitable option from a set of alternatives. In this chapter, we adopt the Simple

Additive Weighting (SAW) method which is one of the MCDM techniques that is

based on the weighted average. SAW assigns weights to each criterion based on their

perceived importance, and the alternatives are evaluated by summing the normal-

ized scores across all criteria. The mathematical representation of the SAW method

can be expressed as follows:

Given p alternatives (candidate BSs) and u criteria, let X = [
xi j

]
be the decision
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matrix, where xi j represents the performance of alternative i on criterion j . The

weight vector W = [w1, w2, . . . , wu] represents the importance weights assigned to

each criterion.

The normalized decision matrix V = [
ri j

]
is obtained by normalizing each criterion’s

values, ensuring that different scales do not bias the results. For benefit criteria,

higher values are preferred, as they represent better performance or higher desirabil-

ity. The normalization formula for a benefit criterion xi j is given by:

ri j =
xi j

max
(
X j

) (6.22)

Where X j is the vector of all values for criterion j , and max
(
X j

)
is the maximum

value in that vector.

For cost criteria, lower values are preferred, as they represent lower costs. The

normalization formula for a cost criterion xi j is given by:

ri j =
min

(
X j

)
xi j

(6.23)

Where X j is the vector of all values for criterion j , and min
(
X j

)
is the minimum

value in that vector.

The overall score for each alternative i is then calculated by summing the weighted

normalized scores:

Si =
u∑

j=1
w j · ri j (6.24)

The alternative with the highest overall score is considered the most favorable. In

our work, we use R to describe the overall score. In order to select the optimum BS

for each sample, the BS index with the highest R will be picked as the output of each

sample. R can be calculated by the following formula,

R =ω1×RSRP +ω2×SI N R +ω3×T (6.25)

where ω1, ω2 and ω3 represent the weights for the RSRP, SINR, and T respectively.

In addition, their range is from [0,1] and ω1 + ω2 + ω3 = 1. More specifically, there
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are 5 classes (5 candidate BSs) to be selected in our model. In terms of the dataset, it

includes the input and the output of each sample which are different features (RSRP,

SINR, T ), and the selected BS index for each sample based on MCDM method.

The selection of weights also has a crucial impact on selecting the candidate BS as

the output of each sample. The application of the MCDM method in BS selection

relies on the approach used to calculate the weighted network priority criteria. Thus,

in this chapter, we adopt the standard deviation method [159] to calculate the weight

of each individual criterion as shown in the following equations,

δk =
√√√√ 1

m

m∑
j=1

(
α j k −Nk

)2, (6.26)

where m is the number of candidate alternatives and k = 1,2, . . . , s and s is the

number of criteria. Further, Nk = ∑m
j=1α j k /m means the average score. Then, we

can obtain the objective weight ϕk of k-th criteria which can be denoted as follows,

ϕk = δk∑s
k=1δk

, (6.27)

If the SD value is larger, the criteria should be assigned a significant weight value as

they have a substantial impact on decision making.

B. The SVM-based Predictive Handover Scheme

The proposed SVM based handover prediction method to improve mobility manage-

ment is presented in this section. In the beginning, a flowchart of SVM algorithm is

presented in Fig. 6.6.
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Figure 6.6: The SVM algorithm flowchart

where the SVM mechanism can be described as follows:

Step 1: Data collection: Collect labeled training dataset, where each data point is

associated with a class label. Additionally, normalize or standardize the features to

bring them to a similar scale.

Step 2: Train/test set split: Split the dataset into training (80%) and testing sets (20%)

to evaluate the model’s performance.

Step 3: Training the SVM: Input the training data into the SVM algorithm. SVM can

find the hyperplane that separates the data into different classes while maximizing

the margin between the classes.

Step 4: Testing: Use the testing set to evaluate the performance of the trained SVM

model.

Step 5: Prediction: Once satisfied with the model’s performance, use it to make

predictions on new data.

In this work, handover prediction is considered as a classification problem. The
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proposed HO scheme is summarized in Algorithm 6.1. The overall scheme comprises

Algorithm 6.1 Proposed HO Algorithm

Initialization:
Input: Dataset
Output: Target BS
Dataset are preprocessed to extract the various features such as RSRP, SINR and time T
The dataset is divided into training set (80%) and testing set (20%)
SVM takes these features as input. Then, SVM classifier is used to choose the best BS
based on the values of the criteria. (Refer to Fig. 6.7)
End

two phases: the training phase and the prediction phase. In the training phase, the

input to the model is the generated dataset including the different features (RSRP,

SINR, T ) along with the whole railway track and their labeled next selected BS index

{pi }. Here, {pi } is the corresponding class which the learning algorithm aims to match

the input features of each sample. After the training phase, the prediction phase is to

apply the trained classification model in the decision making process to predict the

next BS based on future input features. In addition, the SVM classification model was

trained using the ‘fitcecoc’ function, which employs a class error-correcting output

codes approach. This function provides a fully trained multi-class error-correcting

output model. By utilizing the One-vs-One coding design, ‘fitcecoc’ creates K(K-1)/2

binary SVM models, where K represents the number of unique class labels. The

implementation of error-correcting output codes and the one-vs-one coding design

in SVM enhances the performance of the classification model [160].

Thus, the flowchart of the proposed HO scheme can be illustrated in Fig. 6.7.
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Figure 6.7: The SVM algorithm for HO situation

The objective of the SVM is to find the decision boundary between different classes

by constructing a hyperplane in a high-dimensional space [161]. This hyperplane is

positioned to have the maximum distance from the nearest training samples of each

class. Furthermore, the learning capability and accuracy of SVM according to the

chosen parameters and the kernel function applied. The selection of an appropriate

kernel function significantly impacts the performance of SVM [162] [163]. In our

experiments, four kernels are used: linear, polynomial, sigmoid and RBF. We found

that the RBF kernel can achieve the highest accuracy, which maps sample vectors

into a higher dimensional space. The RBF kernel parameter γ and the SVM slack

variable C are optimized by using K-fold cross-validation [144] on a subset of the

training set which is described in Fig. 6.8. This enables us to determine the most

suitable values for γ and C that maximize the performance of SVM.
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Figure 6.8: K-fold cross-validation for K=10

In the k-fold validation, the training set is divided into k parts. Then, the learning

process involving k trials will be performed. During each trial, one of the k parts is

designated as the test set which is named as the validation set, while the remaining k-

1 parts are utilized for training. Finally, the model structure that achieves the highest

average score on the validation sets across the k trials is selected. It is particularly

helpful when dealing with limited data to avoid overfitting, which occurs when a

model performs well on the training data but struggles to work well on new or unseen

data.

In the proposed scheme, the significant steps are the generation of the dataset and

the training procedure. Once the trained SVM model is obtained, it can be promptly

used in the decision making process to determine the next target BS to handover.

6.5 Performance Evaluation and Simulation Results

This section evaluates the performance of the proposed machine learning based HO

scheme.

6.5.1 Experiment Setup

In order to evaluate the handover performance of the proposed algorithm in the HSR

system, we firstly set up a HSR communication network model in MATLAB. In this model,
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we assume that the overall length of the railway track is 15 km and the network consists of

4 macro BSs and 77 small cells, which are distributed linearly along one side of the track

as shown in Fig. 6.1. A trained classification model is built as explained in section 6.4.2

during the training phase in the SVM algorithm. After the training phase, the model we

obtained can be used to predict (classify) the next BS in HO decision making. Here, we

have five different classes (5 neighboring BSs) for the train to handover at position x.

In the simulation, we collect a dataset of size 5000 samples, from which 4000 are used for

training purpose (80%), and 1000 samples for test purpose (20%).

6.5.2 Other Machine Learning Algorithms for Comparison

1) Decision Tree

Decision trees [19] [164] [165] stand as a prominent and versatile class of supervised

machine learning algorithms that have been widely applied across diverse domains,

ranging from classification to regression tasks. Rooted in the realm of decision

theory, these algorithms are particularly adept at modeling complex decision-making

processes by simulating a tree-like flowchart with a hierarchical structure of nodes

and branches.

A decision tree is a hierarchical structure comprising a root node, branches, internal

nodes and leaf nodes that guide the traversal of data to arrive at conclusive decisions

or predictions. Each internal node represents a decision point, and each leaf node

signifies an outcome as shown in Fig. 6.9.

Figure 6.9: Decision tree structure [19]
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As shown in Figure 6.9, a decision tree starts with a root node, which does not have

any incoming branches. The outgoing branches from the root node then feed into

the internal nodes, also known as decision nodes. Based on the available features,

both node types conduct evaluations to form homogeneous subsets, which are de-

noted by leaf nodes, or terminal nodes. The leaf nodes represent all the possible

outcomes within the dataset.

Decision tree learning employs a divide-and-conquer strategy by conducting a greedy

search to identify the optimal split points within a tree. This process of splitting is

then repeated in a top-down, recursive manner until all, or the majority of records

have been classified under specific class labels.

There are many popular types of decision tree algorithms, such as ID3, C4.5 and

CART.

- ID3: Iterative Dichotomiser 3 is an algorithm invented by Ross Quinlan used to

generate a decision tree from a dataset. This algorithm leverages entropy and infor-

mation gain as metrics to evaluate candidate splits [166] [167].

- C4.5: This algorithm is considered a later iteration of ID3, which was also developed

by Quinlan. It can use information gain or gain ratios to evaluate split points within

the decision trees. [167]

- CART: The term, CART, is an abbreviation for “classification and regression trees”

and was introduced by Leo Breiman. This algorithm typically utilizes Gini impurity to

identify the ideal attribute to split on. Gini impurity measures how often a randomly

chosen attribute is misclassified. When evaluating using Gini impurity, a lower value

is more ideal.

There are multiple ways to select the best attribute at each node including informa-

tion gain and Gini impurity which act as popular splitting criteria for decision tree

models. They help to evaluate the quality of each test condition and how well it will

be able to classify samples into a class.

– Entropy

It is a fundamental concept that stems from information theory and quantifies

the impurity in a dataset. In the context of decision trees, entropy is used to
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measure the uncertainty associated with a particular set of data which can be

denoted as

Entropy (S) =− ∑
c∈C

p(c) log2 p(c) (6.28)

where S represents the data set that entropy is calculated. c represents the

classes in the set S. p(c) is the proportion of data points that belong to class c to

the number of total data points in the set S. Entropy values are typically in the

range between 0 and 1. If all samples in the dataset S belong to one class, then

entropy will equal zero. If half of the samples are classified as one class and the

other half are in another class, entropy will be at its highest at 1. When there

are more than two classes, the entropy value can be greater than 1. This occurs

when there is a higher degree of impurity due to a more even distribution of

data points among multiple classes. To select the best feature to split on and

find the optimal decision tree, the attribute with the smallest amount of entropy

should be used.

– Information gain

Information Gain is a vital metric used in decision tree construction, quan-

tifying the difference in entropy before and after a split on a given attribute.

The attribute with the highest information gain will produce the best split.

Mathematically, information gain for an attribute A is calculated as

Information Gain (S, A) = Entropy(S)− ∑
v∈values(A)

|Sv |
|S| Entropy(Sv ) (6.29)

where A represents a specific attribute or class label. Entropy(S) is the entropy

of the dataset S. In addition, Sv is the subset of data for which attribute A has

value v , and values (A) represent the possible values of attribute A. At last,

Entropy(Sv ) is the entropy of the dataset Sv .

– Gini impurity

It quantifies the likelihood of incorrectly classifying a data point in a dataset.

The Gini impurity ( Gini(S) ) for a set S with respect to classes c1,c2, . . . ,ck is
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calculated as follows:

Gini(S) = 1−
k∑

i=1

(
p (ci )

)2

where p (ci ) is the proportion of data points belonging to class ci in set S.

The Gini impurity ranges from 0 to 1, where 0 indicates perfect purity (all

data points belong to the same class) and 1 indicates maximum impurity (data

points are evenly distributed among different classes). In the context of decision

tree construction, the objective is to minimize the Gini impurity by selecting

attributes that lead to more homogeneous subsets when the data is split.

2) K Nearest Neighbor

The KNN algorithm [168] [169] is a supervised machine learning method and pro-

vides a flexible framework for classification and regression tasks across diverse do-

mains. It operates by identifying the K nearest neighbors to a given data point based

on a distance metric, such as the Euclidean distance. Subsequently, the class of the

data point is determined using majority voting or the average of the K neighbors.

This approach enables the algorithm to effectively adapt to different patterns and

make accurate predictions based on the local structure of the data.

The Euclidean distance can be calculated as

d (x, xi ) =
√√√√ n∑

j=1

(
x j −xi j

)2
(6.30)

where d (x, xi ) represents the Euclidean distance between two points x and xi in the

n-dimensional space. Moreover,
∑n

j=1 represents the summation over all dimensions

from 1 to n. Furthermore,
(
x j −xi j

)2
calculates the squared difference between the

corresponding coordinates of the two points in each dimension. For each dimension

j , it computes the squared difference between the j -th coordinate of x and the j -th

coordinate of xi , squares it, sums up these squared differences across all dimensions

and then takes the square root of the sum. Thus, the result is the Euclidean distance

between the two points in the n-dimensional space.

Additionally, the determination of the parameter K holds significant importance in

the KNN algorithm since it decides the quantity of neighboring data points that are
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considered in the algorithm. The selection of the K value should be based on the

input data. If the input data has more outliers or noise, a higher value of K will be

better to choose. Moreover, it is recommended to choose an odd value for K to avoid

ties in classification. Cross-validation methods can be used to help in selecting the

best K value for the given dataset.

The KNN algorithm operates on the principle of similarity, where it predicts the

class of a new data point by considering the classes of its K nearest neighbors in the

training dataset as shown in Fig. 6.10.

Figure 6.10: KNN algorithm example diagram [20]

Step-by-Step explanation of how KNN works is discussed as follows:

Step 1: Selecting the optimal value of K

K represents the number of nearest neighbors that need to be considered while

making the prediction.

Step 2: Calculating distance

Euclidean distance is used to assess the similarity between the target and training

data points. The calculation involves determining the distance between the target

point and each data point in the dataset.

Step 3: Finding Nearest Neighbors

The K data points with the smallest distances to the target point are the nearest

neighbors.

Step 4: Voting for Classification

Each of the k-nearest neighbors“vote” for the class label they belong to. The class

labels are determined based on the majority class among these neighbors. The class

label that receives the most votes from the k-nearest neighbors is assigned as the
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predicted class for the new data point.

3) Artificial Neural Networks

ANN algorithm refers to a class of machine learning algorithms inspired by the

structure and functioning of biological neural networks [170] [171], particularly

the human brain. ANN consists of interconnected nodes, often called neurons,

organized into layers. These layers include an input layer, one or more hidden layers,

and an output layer as shown in Fig. 6.11. The connections between neurons are

represented by weights, and each connection is associated with a numerical weight

that is adjusted during the learning process.

Figure 6.11: The structure of artificial neural network algorithm

Once an input layer is determined, weights are assigned. These weights help de-

termine the importance of any given variable, with larger ones contributing more

significantly to the output compared to other inputs. All inputs are then multiplied

by their respective weights and then summed. Afterwards, the output is passed

through an activation function, which determines the output. The weighted sum of

inputs for a neuron (z) is calculated as the dot product of input vector X and weight

vector W , including a bias term (b) :

z = X ·W +b (6.31)
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Then, the output ( a ) of the neuron is obtained by applying an activation function

( f ) to the weighted sum:

a = f (z) (6.32)

Usually, the activation Function has various types including the sigmoid function

(σ), hyperbolic tangent function (tanh), and rectified linear unit function (ReLU):

σ(z) = 1

1+ez

tanh(z) = ez −e−z

ez +ez

ReLU(z) = max(0, z)

(6.33)

For example, when considering a simple one-hidden-layer neural network, the

output (y) is computed as follows:

z1 = X ·W1 +b1

a1 = f (z1)

z2 = a1 ·W2 +b2

y = f (z2)

(6.34)

In addition, the loss function (L) measures the difference between the predicted

output (y) and the true target values ( ytrue ):

L
(
y, ytrue

)
(6.35)

Moreover, the backward propagation algorithm is used to calculate the gradient of

the loss to the weights and biases and use this information to update the weights

and biases which can be denoted as

∂L

∂W
= ∂L

∂y
· ∂y

∂z2
· ∂z2

∂W
∂L

∂b
= ∂L

∂y
· ∂y

∂z2
· ∂z2

∂b

Wnew =Wold −α · ∂L

∂W

bnew = bold −α · ∂L

∂b

(6.36)
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where α is the learning rate.

In our work, the neural network is formed using 15 input neurons and the layer at

the output has 5 output neurons. Forward and backward propagation algorithms are

utilized to implement ANN. It is trained using the same dataset created for SVM and

other machine learning algorithms.

6.5.3 Simulation Results of Handover Performance

The performance of the proposed HO scheme is evaluated in terms of the average

number of HOs, HO failure probability, user mean throughput and handover latency.

• Handover failure probability:

This metric is used to quantify the likelihood of an unsuccessful handover. Handover

failure occurs if the received power of users is less than a threshold after a handover

is triggered.

• User mean throughput:

It refers to the effective data rate of a network. It measures how much data can be

transmitted from one point to another in a specific amount of time (usually measured

in seconds). The throughput can be expressed as:

T hr oug hput = B ∗ log2(1+SI N R)( bits/s) (6.37)

where B is the bandwidth of the channel. Because SINR is one of the criteria we used,

selected BS can provide better SINR, which improves the throughput.

• Handover latency:

The handover latency refers to the duration between receiving (or transmitting) the

last packet in the old cell connection and the first packet in the new cell connection.

This latency is influenced by the handover initialization, decision and execution

phases of the handover process.

The parameters used in the simulation are listed in Table 6.1.
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Table 6.1: Simulation parameters

Parameters Value

Bandwidth (B)
Bmacr o = 20 MHz
Bsmal l = 500 MHz

Carrier Frequency (F )
Fmacr o = 2 GHz
Fsmall = 28 GHz

Transmit Power (Pt )
Ptmacr o = 46 dBm
Ptsmall = 23 dBm

Number of BS (N )
Nmacr o = 4
Nsmall = 77

Noise Power Spectral Density -174 dBm/Hz

Distance from BS to Rail (D)
Dmacr o = 100 m
Dsmall = 2 m

Height of BSs(h)
hmacr o = 30 m
hsmall = 7 m

Shadowing Standard Deviation (SD)
SDmacr o = 4 dB
SDsmal l = 8 dB

Figure 6.12: Average number of HOs

In Fig. 6.12, it depicts that there is an increasing number of HOs with the increase of

train speed. We compare the average number of HOs of the proposed scheme with the

conventional HO approach, Q-learning algorithm [131] and other classification algorithms

including Decision Tree (DT), K-Nearest Neighbors algorithm (KNN) and Artificial Neural

Network algorithm (ANN). The conventional HO method is A3 event and is used as the
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benchmark. From the figure, it’s obvious that the proposed method outperforms other

methods and achieves the lowest HO number. Furthermore, among various classification

algorithms, ANN performs better than KNN and DT because of its multi-layer connection

and various activation functions to deal with nonlinear classification problems. Therefore,

the simulation result clearly indicates that the SVM-based HO method is significantly

effective in reducing the number of unnecessary HOs.

Figure 6.13: Handover failure probability

The probability of HO failure rises with the increasing speed of the train as shown in Fig.

6.13. This is primarily due to the limited time available for the BSs to execute the handover

process at the target cell and also the degraded signal. The proposed scheme achieves

the best performance when compared with the conventional HO method and Q-learning

algorithm [131]. Initially, the HO failure rate is almost the same for the proposed scheme

and other classification learning algorithms. However, when the train speed exceeds 60m/s,

the proposed SVM-based HO method performs better than other learning algorithms.
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Figure 6.14: User mean throughput

With the increase in train speed, the throughput of users for all methods is decreased

as illustrated in Fig. 6.14. The conventional HO method has the worst throughput perfor-

mance due to the high HO failure rate and the large number of HOs. In addition, the pro-

posed scheme clearly outperforms Q-learning algorithm [131]. When compared with other

classification learning algorithms, the proposed method and ANN algorithm can achieve

slightly better throughput than DT and obviously better throughput than KNN algorithm.

Specifically, when the speed of train is 90m/s, the throughput of the proposed scheme

outperforms by about 5%, 11.1%, 24.9%, 29.8% and 49.5% respectively in comparison

with ANN, DT, KNN, Q-learning algorithm and conventional HO scheme. The increased

number of HO can reduce the throughput. Since frequent handovers can lead to temporary

disruptions (handover time) in data transmission. Each handover process involves control

signaling and potential latency, which can lower the effective data throughput. Moreover,

high handover failure probability can also increase data transmission interruptions, thus

negatively impacting throughput.
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Figure 6.15: Handover latency

Fig. 6.15 shows the handover latency with respect to the train speed, where the pro-

posed scheme can provide a lower handover latency than the conventional HO approach,

Q-learning algorithm [131] and other classification algorithms. Specifically, when the train

speed is 60m/s, the handover latency of the proposed scheme decreases by about 65.7% in

comparison to the conventional HO scheme. The handover latency can be extended as the

number of handovers increases because frequent handovers need a longer time for the

handover process in data transmission.

6.5.4 Performance Analysis of Classification Algorithms

The performance of the proposed SVM based HO algorithm, DT, KNN and ANN are

evaluated by using different metrics such as Precision, Recall, accuracy and F1 score.

1) Accuracy The accuracy of classification is defined as,

Accuracy = Number of correct predictions

Total number of predictions
(6.38)

It is used to evaluate the accuracy of the prediction model.
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2) F1 score The F1 score is a metric that combines precision and recall through a

harmonic mean. A higher F1 score, closer to 1, indicates better performance of the

ML algorithm. It can be defined as follows,

F1 score = 2∗ (precision∗ recall)

(precision+ recall)
, (6.39)

where,

Precision = TP

TP+FP
, (6.40)

Recall = TP

TP+FN
, (6.41)

where TP, TN, FP and FN mean true positives, true negatives, false positives, and false

negatives respectively. Precision is the ratio of the True Positives to all the Positives

and also gives us a measure of the relevant data points. But for the Recall, it is the

measure of how accurately our model is able to classify the relevant data. Therefore,

F1 scores strike a trade-off between precision and recall by computing the weighted

average of the two measures to evaluate the classification model.

The performance metrics obtained during the test phase are summarized in Table 6.2. The

Table 6.2: Performance metrics obtained on the test set of dataset

Algorithm Accuracy Precision Recall F1 score
Support Vector Machine 98.9% 0.955 0.985 0.97
Decision Tree 96.6% 0.917 0.931 0.924
K-Nearest Neighbors 94.1% 0.946 0.769 0.84
Artificial Neural Network 99% 0.987 0.864 0.92

trained model is assessed on the test set of the dataset. Table 6.2 shows that SVM and

ANN-based ML methods can achieve better accuracy and outperform in general when

compared with other ML classification methods. From Table 6.2, we can conclude that F1

score for SVM performs better than other algorithms during the test phase.

Confusion matrix is often used to provide valuable insight into the accuracy of our predic-

tions and their alignment with the actual values. It enables us to analyze the correctness

of our predictions and evaluate their performance comprehensively. Correct prediction

means the predicted class matches the actual class by the classification model. The results

of the confusion matrix with the proposed SVM scheme are presented in Fig. 6.16.
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Figure 6.16: SVM-based handover algorithm

In Fig. 6.16, the matrix compares the actual classes (target classes) with the predicted

classes (output classes) by the classification model.

• Green Blocks (Diagonal)

These represent correct predictions by the classification model, where the predicted

class matches the actual class. They are often referred to as “True Positives” for the

respective classes. For instance, the block with number 835 indicates that there are

835 samples where class 1 was correctly predicted as class 1.

• Red Blocks (Off-Diagonal)

These indicate incorrect predictions. The red blocks not on the diagonal show

samples where the prediction differs from the actual class. For example, the red

block with the number 1 in the first row and third column indicates that there is 1

sample where the actual class was 3, but the model incorrectly predicted it as class 1.

• White Block(Right Side)

The percentages in the last column represent the precision for each class, including

both the percentages of correct and incorrect predictions. For instance, for actual
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target class 1, 99.5% of the predictions were correct and 0.5% were incorrect.

• White Block(Bottom)

The percentages in the bottom row represent the recall for each class. For example,

99.3% of the predictions for class 1 are actually class 1, but 0.7% are not.

• Gray Block

Overall Accuracy: this is the sum of the green block numbers divided by the total

predictions. Accuracy should be as high as possible.

The confusion matrices of other ML-based algorithms are shown from Fig. 6.17 to Fig. 6.19.

Figure 6.17: ANN-based handover algorithm
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Figure 6.18: DT based handover algorithm

Figure 6.19: KNN-based handover algorithm

From Fig. 6.16 and Fig. 6.19, the confusion matrices demonstrate that the SVM

and ANN algorithms have similar prediction performance and both achieve the highest

130



accuracy of the model which are 98.9% and 99% accuracy respectively when compared to

the 96.6% and 94.1% accuracy of other ML-based algorithms.

6.6 Summary

This chapter has investigated the HO problems in the HSR wireless communication

system. We propose a novel HO scheme based on the Kalman filter and machine learning

algorithm to predict the train’s next target BS. The prediction task is considered as a

classification problem by applying the SVM on available information in the HSR network.

This chapter establishes an effective SVM classifier model for improving HO decision

making by considering multiple criteria along the railway track. As demonstrated by

the simulation results, the proposed scheme outperforms the conventional approach,

Q-learning algorithm [131] and other ML-based algorithms in terms of HO number, user

mean throughput, HO failure probability and handover latency. In addition, we also use

various performance metrics to evaluate their accuracy. The results show that the SVM

and ANN algorithms can achieve higher accuracy which are found to be 98.9% and 99%.

However, during the actual implementation process (HO decision making process), the

SVM outperforms ANN in terms of the average number of HOs, HO failure probability, user

mean throughput and handover latency. Therefore, the proposed prediction algorithm

holds great promise and deserves further investigation in real-world scenarios.
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Chapter 7

Conclusion and Future Work

In this chapter, we summarize the research findings of this thesis and highlight the

future directions of this work.

7.1 Conclusions

The work in this thesis focuses on the handover techniques in the HSR wireless com-

munication networks.

In chapter 4, a HO method is proposed to reduce the outage probability and enhance

the handover trigger and success probability by improving the handover decision mak-

ing process. This was done by employing multi-criteria including train speed, location,

RSRP and RSRQ based on dual-layer and DAS architecture. The dual-layer involves a

TRS positioned on top of the train, facilitating communication between the train and the

BSs, thereby reducing penetration loss and mitigating group handover issues. Integrated

with DAS architecture, this model employs strategically positioned antennas to enhance

signal strength and ensure reliability. Furthermore, in order to evaluate our proposed HO

method, three handover performances such as handover trigger probability, handover suc-

cess probability and outage probability were analyzed theoretically. It was shown that the

simulation results coincide with the theoretical analysis perfectly, they both showed that

the proposed HO method can improve the handover success probability in comparison

with the conventional RSRP based handover decision algorithm.
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In chapter 5, we proposed a novel HO method to enhance the throughput and HO suc-

cess probability, in addition to decreasing the HO number and HO latency. This method

was done by applying a reinforcement learning algorithm, namely Q-learning in the HSR

scenario. The Q-learning based HO algorithm can dynamically optimize HO decisions to

adapt to the fast varying environment in the HSR system. The proposed method leverages

the RSRP, SINR and ToS to make efficient handover decisions for seamless connectivity

while considering HO signaling overhead. The simulation results demonstrate that the

proposed HO method outperforms the conventional approach and existing algorithms in

terms of throughput, HO number, HO success probability and HO latency. Moreover, it

indicates that the proposed method has the potential to greatly enhance the HO process in

the context of 5G, enabling more efficient management of high-speed mobility in the 5G

network.

Finally, in chapter 6, we proposed an intelligent HO method by using various machine

learning algorithms to choose the optimal target BS. Firstly, the Kalman filter is used to

estimate the posteriori of RSRP for the neighboring BSs, taking the measurement report as

its primary input. Then, the SVM module considers the output of the Kalman filter, SINR

and the traveling time of neighboring BSs as its input to determine the most suitable target

BS for a HO. It was shown that the proposed HO method outperforms the conventional

approach, existing algorithms and other ML-based algorithms in terms of HO number,

user mean throughput, HO failure probability and HO latency. In addition, we also use

various performance metrics to evaluate their accuracy. The results demonstrate that the

SVM and ANN algorithms can achieve higher accuracy which are found to be 98.9% and

99%. However, during the actual implementation process (HO decision making process),

the SVM can perform better in terms of the average number of HOs, HO failure probability,

user mean throughput and handover latency.

7.2 Future Works

This section outlines some of the potential future works based on the topics presented

in this thesis.
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1.) Overloading problem: more complicated scenarios such as the increased number

of trains and users, can be considered as one of the future challenges in the HSR

network. For instance, some of the BSs might face overloading problems. For this

challenge, dynamic data offloading strategies are needed to avoid congested data

traffic and should be considered in the HO procedure in HSR. For example, we can

consider one more criterion such as capacity when making HO decision to offload

the traffic from congested BSs.

2.) Channel modeling: we will consider using ray-tracing techniques to construct to

provide a more realistic channel model. Furthermore, the dataset could be also

augmented with measured data and empirically derived models based on measure-

ments in order to obtain a more realistic model in HSR. The work of chapter 6 can be

extended by improving the dataset construction.

3.) This thesis mainly considers high-speed trains operating in open areas such as rural.

In fact, trains can also pass through various complex terrains such as urban areas

and tunnels, and the handover algorithm needs to be optimized by comprehensively

considering various environmental factors.

4.) More advanced 5G technologies can be used in the HSR network: for instance,

due to the high-frequency spectra, the mmWave may suffer from severe path loss

and reduced coverage. To overcome this disadvantage, massive MIMO based on

beamforming technology can be considered in the HSR mmWave system in the

future. Even though beamforming technology is used, the coverage of each beam is

limited. When the user leaves the serving beam coverage, the original serving beam

will no longer be suitable for it, and a beam handover will be needed to connect to a

new beam. Thus, in the high-speed railway scenario, frequent beam handover will

happen because of the narrower beam coverage in 5G network.
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