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Abstract 

Handover is an essential and significant component of mobility management in cellular 

networks. Handover management is more challenging for Fifth Generation (5G) networks 

because of ultra-reliable low latency communications (URLLC) requirements. This thesis 

proposes a make-before-break (MBB) adopted handover mechanism for user equipment 

(UE), namely, pre-connect handover (PHO). PHO aims at providing a seamless and reliable 

handover technique in 5G networks. PHO utilizes the Deep Q-Networks (DQN) algorithm 

to facilitate the sequential decision-making problem of the target base station (T-BS) 

selection based on the reference signal received quality (RSRQ) values and RSRQ change 

rates of all the candidate base stations (BSs). Furthermore, a multi-agent deep 

reinforcement learning (MADRL) solution is tailored to extend the DQN-assisted UE-

associated PHO solution for modeling of the multi-UE environment. All the autonomous 

agents learn the action policy by interacting with the environment in a distributed manner. 

The feasibility of the PHO mechanism has been validated extensively via Network 

Simulator 3 (NS-3) and NS3-Gym. The performance of the DQN and MADRL-assisted 

PHO management solutions have been evaluated by considering various configurations. 

The experimental results demonstrated that the proposed PHO is not only achievable, but 

also that the DQN-assisted PHO technique can productively accomplish the optimal BS 

selection to maximize the success rate of PHO. Moreover, the MADRL-assisted PHO 

management solution can also be conducted and effectively applied to a realistic multi-UE 

environment where each UE is modeled with an agent. 
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Chapter  1: Introduction 

1.1 Background 

The number of mobile connections in wireless communication networks is continuously 

growing exponentially. It is reported in the Ericsson 2021 Mobility Report [1] that mobile 

data traffic soared almost 300 times more than ten years ago, and that global traffic was 

already 3 to 4 times higher than three years earlier. Mobile subscriptions reached 8.1 billion 

by the end of 2021. 5G subscriptions are expected to overtake 4G Long Term Evolution 

(LTE) subscriptions gradually and are expected to meet the requirements of seamless 

connectivity, higher throughput, higher network capacity, and lower latency. Maintaining 

the best connection for an increasing number of mobile users in 5G cellular systems brings 

challenges to mobility management [2]. The handover feature is one of the critical elements 

of cellular networks in supporting user mobility. In cellular networks, handover occurs 

when a UE is active on a data session and moves from one serving cell coverage area to 

another.  

Handovers need to be properly managed since service interruptions during handovers 

pose threats to quality-of-service (QoS) and degrade overall user satisfaction. Due to the 

growing demands of wireless mobile services and increased execution capacity of real-

time applications, seeking an efficient handover technique to improve handover 

performance has been extensively addressed in cellular networks. Under the fast 

development of small cells in 5G networks, radio channel conditions change more 

dramatically and listing of neighboring cells changes more frequently, which leads to 

increased interference and more frequent handovers.  More frequent handovers result in 

more service interruption time [3]. The high demands of mobility devices and applications 
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creates challenges and opportunities by driving network operators to exploit more efficient 

and effective technologies for handover management. Machine learning (ML) techniques 

have not only gained significant attention in the wireless networks research community, 

but also have attracted the industries’ interests to create artificial intelligence (AI) networks 

[1].  

Many researchers have explored and proposed ML-based handover management 

approaches. There are three main types of ML approaches: supervised learning, 

unsupervised learning and reinforcement learning (RL). Supervised learning uses a labeled 

training dataset provided from a knowledgeable external supervisor to train a model. The 

objective of supervised learning is to formalize a model to be used on the situations not 

present in the training set. Unsupervised learning typically aims to find patterns and 

outcomes hidden in an unlabeled dataset. RL learns with no need of pre-collected data or 

a pre-formulated model; instead, an agent learns the optimized policy for a solution by 

taking actions to maximize a numerical reward in an environment [4].   

Deep reinforcement learning (DRL) is a combination of deep learning and RL. In 

DRL, a deep neural network (DNN) is used to approximate the agent’s optimal policy 

and/or its optimal utility function [5]. DRL takes the advantage of RL to explicitly model 

the problem as a goal-directed agent interacting with an uncertain environment [4], which 

allows the network entities to learn and build knowledge from the environment [6].  DRL 

also utilizes DNN to accelerate the learning process and improve the learning performance 

in large-scale and complex networks [6][7]. 

In recent years, modern wireless networks tend to be decentralized and autonomous, 

where mobile UEs need to make local and autonomous decisions based on local 
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observations. The multi-agent reinforcement learning (MARL) technique solves sequential 

decision-making problems using multiple agents operating in a common environment, 

where each agent aims to maximize its own reward by interacting with the environment [8] 

[9].  MADRL extends the functions of DRL with MARL. MADRL enables multiple agents 

to interact with an environment to solve complex problems that the traditional DRL 

technique is not able to handle [10], particularly with distributed learning systems. 

MADRL is well suited to handover management problems in wireless networks for three 

major reasons:  

• Firstly, the mobility model of UEs has the characteristic of being dynamic and 

stochastic; therefore, it is often hard to derive an accurate mathematical model to 

formulate the problem. A model-free DRL algorithm can solve a complex problem 

without a predefined model. Specifically, a UE can learn an optimal policy for T-BS 

selection without knowing the mobility pattern in a handover application [6].  

• Secondly, the communication network is a complex real-time system. The DRL agent 

can conduct offline training and implement an online prediction to satisfy the real-time 

requirements.  

• Thirdly, MADRL is a good fit for the multiple UEs handover scenario, where all the 

UEs act independently in the network. Each DRL agent represents an individual UE 

and learns the partial information of the system in a distributed manner. 

1.2 Motivation  

1.2.1 Problem Statement 

Handover management is one of the essential features in cellular networks. It is responsible 

for handling the mobility of UEs in continuing active communication sessions without 
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disruption, ideally during a UE’s movement. Any failure or error during a handover can 

result in dropped calls, radio link failure (RLF), and packet loss in the radio channel, which 

degrades customer satisfaction. With the requirement of URLLC services in 5G networks, 

more efficient handover techniques are required to support stable connections for UE 

mobility. URLLC services target 0.5ms of one-way user plane latency, and 0ms of mobility 

interruption time (MIT) in 5G New Radio (NR) networks [11]. Therefore, near 0ms 

handover execution time is required to reduce communication interruptions [12] compared 

with 49.5ms in LTE networks [13].  

The non-optimal parameter configuration, handover trigger time, and target cell 

selection are possible factors for causing handover failures. Additionally, one typical 

deployment scenario of 5G networks is the highway scenario [11], where UEs moving with 

high speed may cross cell coverage areas in a few seconds, which reduces the probability 

of successfully making handover decisions and/or completing the handover procedure [14].  

1.2.2 Research Objective 

This thesis aims to design an enhanced seamless handover technique to improve handover 

performance and reliability. Specifically, the research focuses on increasing handover 

success rate and reducing packet loss during handovers. Moreover, a smart PHO 

management mechanism is proposed by applying the DQN algorithm and MADRL 

technique to pre-connection trigger time and T-BS(s) selection to improve handover 

performance and reliability. 

1.3 Contributions 

There are three main contributions in this thesis: 
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1. The thesis proposes an enhanced handover management approach, namely PHO, which 

has several advantages: 

• Firstly, PHO adopts the MBB handover scheme [15], where a UE connects to T-

BS before being disconnected from the serving base station (S-BS) [12]. The MBB 

scheme can reduce handover interruption time (HIT) and packet loss during the 

handover process. 

• Secondly, in PHO, the T-BS prepares the handover in advance by pre-allocating 

the radio resource and sends a handover command message to UE before the 

handover is triggered. The preparation is implemented when radio conditions are 

stable and reliable, which reduces the chance of handover failure. The proposed 

scheme can increase the handover success rate. 

• Thirdly, once the pre-connection is established between the UE and the candidate 

T-BS, the downlink (DL) packets are duplicated and forwarded from the S-BS to 

the preconnected T-BS via X2-U interfaces. All the received packets at T-BS are 

stored in a capacity-adjustable queue, and sent back to UE when the handover 

procedure is completed. The early DL data duplicating-forwarding-buffering 

mechanism aims to reduce packet loss caused by degraded signal qualities on the 

S-BS and/or radio interference before and during handovers.  

• Fourthly, the proposed approach provides the functionality of establishing multiple 

pre-connections to different T-BSs, which further increases handover success rate 

and provides for better QoS. 

2. The thesis explores the MADRL technique, specifically the multi-agent DQN 

algorithm [16] for PHO management. Each UE is modeled as an independent agent in 
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the system. All agents operate in a partially observable environment, learn in a 

distributed way, and no information is exchanged between each other. Each individual 

agent makes its own handover decisions based on candidate BSs’ RSRQ values and 

RSRQ change rates. The goal is to find an optimal BS selection policy to maximize its 

own PHO success rate (PHO-SR), which reduces the interrupt time accordingly.    

3. The thesis develops an offline learning and online prediction framework. Offline 

learning can reduce both time and space complexity [2]. The proposed PHO technique 

is evaluated with a NS-3 simulator and NS3-Gym toolkit. The simulated environment 

is adopted for offline model training. The trained model can be used to conduct an 

online prediction in real-time applications.  

1.4 Organization 

The thesis is structured as follows. Chapter 2 presents an overview of relevant materials in 

this study, including a detailed overview of handover concepts, conditional handover 

(CHO) mechanism in 5G networks [17], machine learning approaches, and research tools 

including NS-3 and NS3-Gym adopted for the thesis. Chapter 3 explores related state-of-

the-art research in handover management solutions based on RL, DRL, or MADRL 

algorithms. Chapter 4 depicts the proposed multi-agent DQN-assisted PHO management 

solution at the system-level. Chapter 5 details the implementations with the NS-3 simulator 

and NS3-Gym toolkit. Chapter 6 demonstrates the experiments and summarizes the results. 

Finally, Chapter 7 concludes the thesis and outlines the future research directions. 
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Chapter  2: Background 

This chapter presents the basic background and related works.   

• Section 2.1 highlights the wireless radio access network.  

• Section 2.2 describes the handover management concept and related techniques.  

• Section 2.3 introduces two enhanced handover techniques specified by the Third 

Generation Partnership Project (3GPP) in 5G networks, which are conditional 

handover and early DL forwarding. 

• Section 2.4 gives a high-level overview of the machine learning methods, and focuses 

on the concepts of RL, DRL, and MADRL. 

• Section 2.5 introduces the research tools which are used in the experiments. 

2.1 Radio Access Network 

The mobile telecommunication networks consist of four main components, which are UE, 

radio access network (RAN), core network (CN) and transport network.  RAN consists of 

BSs, providing wireless connectivity to UEs on the radio interfaces. Each BS contains one 

or more cells. The BSs monitor the UEs’ air interface status, determine and execute the 

handover process. The handover occurs between the air interfaces of different BSs or cells 

[18]. 

In LTE networks, RAN is named as Evolved Universal Mobile Telecommunications 

System (UMTS) Terrestrial Radio Access Network (E-UTRAN), CN is named as Evolved 

Packet Core (EPC) [19]. The E-UTRAN architecture is illustrated in Figure 2.1 (a) [20]. 

The BS is called eNodeB (or eNB). Each eNodeB handles the radio communications 

between the UEs and EPC. The eNodeBs are interconnected with each other via the X2 

interface and are also connected to EPC through the S1 interface. Specifically, eNodeBs 
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are connected to the Mobility Management Entity (MME) via the S1-MME interface and 

to the Serving Gateway (SGW) via the S1-U interface [20]. Both X2 and S1 interfaces can 

be used in handover procedures in different scenarios.   

In 5G NR networks, RAN is called Next Generation Radio Access Network (NG-

RAN), and CN is called 5G core (5GC). The NG-RAN architecture is illustrated in Figure 

2.1 (b) [17]. The LTE and 5G NR BSs are co-existing in NG-RAN. A gNodeB (or gNB) 

is the 5G radio BS that connects 5G NR devices to the 5GC network on the NR radio 

interface. An enhanced LTE eNB (ng-eNB) is an upgraded version of eNodeB that 

connects LTE devices to 5GC on the LTE radio interface. All the gNodeBs and ng-eNBs 

are interconnected via Xn interface, and connected to 5GC via the NG interface [17]. 

  

          
                                                                          

Figure 2.1 RAN Architecture: (a) LTE [20]; (b) 5G [17] 

Mobility management is a fundamental function of mobile networks. It ensures the 

UEs maintain continuous service during the movements. Mobility management contains 

three components which are cell re-selection, handover management, and redirection [21].  
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The cell re-selection procedure is the process of selecting a more suitable cell for a UE to 

camp on [22], [23]. 

The X2 application protocol (X2AP) [24] handles UE mobility within E-UTRAN in 

LTE networks. The handover related procedures include Handover Preparation, Sequence 

Number (SN) Status Transfer, Early Status Transfer, UE Context Release, Handover 

Success Indication, Handover Cancellation, and Conditional Handover Cancellation [25]. 

In contrast, the Xn application (XnAP) protocol takes the relevant responsibilities of the 

UE mobility management in NR-RAN networks [26]. 

The radio resource management (RRM) is responsible for efficiently using the 

available air interface resources [27]. RRM in the cellular network consists of the following 

main functions: resource allocation, packet scheduling, link adaptation, radio admission 

control and handover management [28]. One of the important functionalities in RRM is to 

make handover decisions based on handover algorithms [27]. The specific radio resources 

used in handover management include DL and uplink (UL) carrier frequency, DL and UL 

channel bandwidth, and antenna configurations. The QoS management for all UEs is also 

significant during and after the handover [2]. QoS class identifier (QCI) is a mechanism 

specified by 3GPP to ensure carrier traffic is allocated appropriate QoS, different carrier 

traffic requires different QoS with different QCI values. QCI is one of the service-level 

QoS parameters [29]. Each QCI is associated with a priority level defined by 3GPP. The 

smaller priority number has the highest priority. If congestion is encountered, the lowest 

priority level traffic with the highest priority number would be the first to be discarded. 

The one-to-one mapping of standardized QCI values to standardized characteristics is listed 

in Appendix A   [29].  
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2.2 Handover Management 

This section describes various techniques in handover management.  

• Section 2.2.1 describes handover types.  

• Section 2.2.2 introduces 3GPP specified handover events and trigger conditions.  

• Section 2.2.3 depicts handover management and reporting.  

• Section 2.2.4 details the handover procedures.  

• Section 2.2.5 introduces handover performance metrics. 

2.2.1 Handover Types 

2.2.1.1 Hard/Soft Handover 

The hard handover algorithm is also known as break-before-make (BBM), in which the 

UEs detach from S-BS before establishing connections to T-BS [12]. The hard handover 

is standardized in LTE networks [30]. Each UE communicates only one BS at a time, which 

makes efficient use of network resources, and reduces the network complexity. However, 

the main drawback of hard handover is the temporary service disruption, increased system 

delay and decreased system throughput [12][15].  

The soft handover algorithm is also known as MBB, in which the UEs retain the 

connection with S-BS when establishing the connection to T-BS [31]. Therefore, a UE can 

connect to S-BS and T-BS simultaneously during the handover process, which minimizes 

the service interruption time, improves the link gains with lower packet loss [15], and 

lowers the probability of handover failure [31]. However, the advantage also brings up the 

cost, because more radio resources are required to support one connection, which reduces 

the radio resources availability and degrades the network capacity. The MBB handover is 



 11 

the most suitable handover type for low-latency applications [32]. The MBB handover has 

been specified in E-UTRAN by 3GPP [20]. 

2.2.1.2 Intra/Inter-RAT Handover 

Handovers that occur in the same radio access technology (RAT) are called Intra-RAT 

handovers, which are also called horizontal handovers. In contrast, the Inter-RAT 

handovers occur between different radio technologies [3], which are also called vertical 

handovers. Both Intra-LTE and Inter-LTE handovers exist in LTE networks. 

Intra-LTE handover refers to both S-BS and T-BS being served within the same LTE 

network. It primarily uses either the X2 or S1 interface. The X2 interface is considered 

faster than the S1 interface [33]. When the X2 connection is available between the S-BS 

and T-BS, the handover is completed without involving the EPC. During an X2-based 

handover, the X2 interface carries the control information transmitted between the serving 

eNBs and the target eNBs. However, if the X2 connection is unavailable or the X2 process 

has failed, then a handover can be processed through the S1 interface, with the condition 

that both the S-BS and T-BS are in the same MME/SGW.  

Inter-LTE handover happens with other LTE nodes.  Inter-LTE handover includes 

Inter-MME and Inter-MME/SGW. The Inter-MME handover occurs when a UE moves 

between two different MMEs within the same SGW.  Inter-MME/SGW handover is similar 

to Inter-MME, the only difference is that a UE moves from one MME/SGW to another 

MME/SGW, within the different MMEs and SGWs. 

The proposed PHO technique focuses on Intra-LTE X2-based handovers. However, 

the proposed method can also be applied in NR-RAN theoretically.  



 12 

2.2.2 Handover Events and Trigger Conditions 

A handover event is triggered when an entry condition is satisfied by the network. Such 

conditions are signaled by the BS in the form of threshold, hysteresis, and offset 

parameters. The 3GPP has specified the handover events and trigger conditions in LTE 

[34] and 5G networks [35], which are listed in Table 2.1. The A1-A6 events are used in 

Intra-RAT scenarios, whereas, B1 and B2 are used in Inter-RAT scenarios.  

Table 2.1 3GPP Specified Handover Events and Trigger Conditions [34], [35] 

Event Trigger Conditions 

A1 Serving cell becomes better than a threshold 

A2 Serving cell becomes worse than a threshold 

A3 Neighbor cell becomes offset better than serving cell 

A4 Neighbor cell becomes better than a threshold 

A5 Serving cell becomes worse than threshold1 and neighbor cell becomes better than threshold2 

A6 Neighbor cell becomes offset better than secondary cell (This event for carrier aggregation) 

B1 Inter-RAT neighbor cell becomes better than threshold 

B2 
Serving cell becomes worse than threshold1 and Inter-RAT neighbor cell becomes better than 

threshold2 

2.2.3 Handover Measurements and Reporting 

2.2.3.1 Handover Measurement Parameters 

There are four basic measurement parameters of RRM in LTE [27], Channel Quality 

Indicator (CQI), Reference Signal Received Power (RSRP), RSRQ, and Carrier Received 

Signal Strength Indicator (RSSI).  

The RSRP and RSRQ are common parameters used for cell reselection and handover 

decision in Intra-LTE handover [27]. A2-A4-RSRQ and A3-RSRP are two popular Intra-

LTE handover algorithms [36]. Both RSRP and RSRQ are 3GPP specified cell-specific 

signal parameters [37]. RSRP is a signal strength parameter (in dBm) and it is defined as 

the average power (in Watts) of the resource elements that carry cell-specific reference 

signals within the considered frequency bandwidth. RSRQ is a signal quality parameter (in 
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dB) and it is defined as Equation 2-1, where N is the number of resource blocks (RBs) of 

the carrier RSSI measurement bandwidth. RSSI is the total received power, including co-

channel non-serving and serving cells, adjacent channel interference and thermal noise 

[27].  

𝑹𝑺𝑹𝑸 =  
𝑵∗ 𝑹𝑺𝑹𝑷

𝑹𝑺𝑺𝑰
     Equation 2-1 

It can be seen that RSRQ considers the combined effect of signal strength and channel 

interference and noise. RSRQ performs better than RSRP in practical measurements [27]. 

Therefore, RSRQ is considered as a key observation in the proposed DQN-assisted PHO 

management, which is presented in Section 4.2. 

2.2.3.2 Handover Reporting Methods 

In general, there are three methods for handover reporting [3]: 

• Event-triggered reporting: The UE sends a measurement report (MR) to S-BS once a 

configured event is triggered.  

• Periodic reporting: The UE performs the MR reporting at specific time intervals. 

• On-demand reporting: The UE sends the MR immediately after receiving the request 

from S-BS.  

2.2.4 Handover Procedure 

The 3GPP specified baseline handover is network-controlled and UE-assisted [20]. The 

handover process is composed of three phases: handover preparation, handover execution, 

and handover completion [17] [20]. In a cellular network, the UE performs the radio signal 

strength or signal quality measurement over all the surrounding BSs. If a certain predefined 

criteria is satisfied, A MR is sent to the S-BS [3]. The S-BS makes the handover decision 
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based on the RSRP and/or RSRQ values, and oversees the execution. The T-BS provides 

guidance for UEs on radio access, including radio resource configuration. During the 

handover, a UE switches the radio channels, resource, and/or cells to maintain the ongoing 

session.  

 

Figure 2.2 3GPP Baseline Handover Procedure (adapted from [17], [20]) 

As demonstrated in Figure 2.2 (adapted from [17], [20]), the handover preparation is 

initialized at S-BS once a handover is triggered. A Handover Request message is sent to 

the T-BS. Upon successful admission accepted at the T-BS, the necessary resources are 

allocated, and a handover command is sent to the S-BS within a Handover Request 
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Acknowledge message. The S-BS then sends a mobility control message to the UE. Once 

the UE receives the mobility control message from S-BS, the handover execution phase 

starts. The UE synchronizes with the T-BS and initializes a random-access procedure. The 

UE is attached to the T-BS until the random-access procedure is completed successfully. 

After the connection is established between the UE and the T-BS, the UE’s data path is 

switched from S-BS to T-BS. Additionally, the T-BS sends a UE Context Release message 

to S-BS to inform the successful handover. After that, the S-BS finalized the procedure by 

releasing resources for the UE [17], [20].  

2.2.5 Handover Performance Metrics 

Various performance metrics have been used to measure the handover performance, 

including HIT, handover success rate, handover latency, packet loss, and ping-pong rate, 

etc.  

• HIT is a time duration where the UE is not permitted to send data plane packets to the 

BS [2].  

• Handover success rate is defined as the number of successful handovers divided by the 

total number of triggered handovers [2].  

• Handover latency is defined by 3GPP [13], it is a time duration between the time of UE 

receiving a handover command from the S-BS and sending a radio resource control 

(RRC) connection reconfiguration complete message to the T-BS. In other words, it is 

the time taken during the execution phase.  

• Ping-pong rate is defined as the number of ping-pong events during a given period of 

time [38]. A ping-pong event is the occurrence of a handover between a serving cell 

and a target cell, followed by another handover triggered by the original serving cell.  
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The proposed PHO approach aims to increase the handover success rate, decrease 

the HIT, and reduce the packet loss during the handover process. 

2.3 Enhanced Handover Approaches in 5G 

URLLC is one of the important usage scenarios in 5G networks defined by International 

Telecommunication Union Radiocommunication (ITU-R) International Mobile 

Telecommunications (IMT) for 2020 and beyond. The requirement of 0.5ms one-way user 

plane latency and 0ms MIT for URLLC mobile applications [11] is challenging. In order 

to satisfy the URLLC requirements, 3GPP has specified several potential handover 

improvement techniques [20], which include conditional handover and early data 

forwarding. 

2.3.1 Conditional Handover 

CHO is specified by 3GPP [20] as a handover improvement mechanism. It is executed by 

the UE when one or more handover execution conditions are satisfied. Specifically, the UE 

evaluates execution condition(s) for candidate cells upon receiving the CHO configuration, 

and executes CHO once the execution condition(s) are met for a CHO candidate T-BS. 

Once a handover is executed, the UE stops the evaluating [20]. The CHO supports multiple 

candidate T-BSs to prepare in advance in the networks.  

The main idea of CHO is allowing a UE to communicate with the S-BS for the 

handover command receiving while the radio link is still stable and reliable. The 

improvements are provided by decoupling the preparation and execution phases. CHO can 

increase the handover success rate by avoiding a RLF, which is caused by the poor signal 

quality and/or cell interference [39] in the handover preparation phase, and decrease HIT 
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by implementing the MBB handover inherently during the handover execution phase [40]. 

In CHO, the handover preparation is network-controlled and the handover execution is UE-

controlled [40]. The 3GPP specified CHO in LTE is depicted in Figure 2.3 [20]. The 

concept for CHO in 5G [17] is similar to LTE. 

• Network controlled preparation in CHO is initialized at S-BS. The S-BS configures the 

UE with measurement configuration, which is used by the UE to trigger MR for 

potential CHO. Once receiving a MR from a UE, S-BS makes a decision of CHO based 

on the information in MR, then a request message is sent to T-BS. If the request is 

accepted, the S-BS receives a handover command from T-BS in the Handover Request 

Acknowledge message. The handover command is forwarded to the UE in a RRC 

Connection Reconfiguration message at step 7. However, the UE doesn’t access the T-

BS immediately when receiving the handover command; instead, waiting for an 

additional condition to be triggered. 

• UE controlled execution is autonomously started by UE to T-BS once the condition is 

fulfilled. The number of the execution conditions can be configured up to two per 

candidate BS [17]. 
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Figure 2.3 Intra-MME/SGW Conditional Handover in LTE [20] 

2.3.2 Early Data Forwarding 

The early data forwarding technique specified by 3GPP [17] [20] is used to reduce HIT 

and increase the mobility robustness [32]. In early data forwarding, the S-BS initiates data 

forwarding to a candidate T-BS during the handover execution phase. As shown in Figure 

2.3 [20],  at step 8a, S-BS initializes the early data forwarding by sending an EARLY 
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STATUS TRANSFER message to T-BS. Only DL Packet Data Convergence Protocol 

(PDCP) Service Data Units (SDUs) with SNs are supported in early data forwarding. 

During the early data forwarding process, the S-BS still maintains the DL data path to the 

UE until the handover success message is received from the T-BS [20].  

2.4 ML-Assisted Handover Management 

The growing demands of the wireless mobile services and complex network architecture 

in 5G mobile networks pose multiple network management challenges. The ML powered 

wireless networks are new trends from network design to infrastructure management and 

for user performance improvement [41]. The emerging ML-assisted techniques enable a 

shift from reactive-driven operations to proactive-driven operations for various network 

applications, including handover management. 

This thesis proposes a ML-based PHO management solution. The T-BS selection for 

handover is a decision-making problem. The proposed ML-assisted handover management 

approach ensures that a decision is made for each handover in an efficient and effective 

manner to increase handover success rate, and reduce packet loss during the handover 

process. 

2.4.1 Machine Learning 

Machine learning is defined as a study that gives the computers the ability to learn by 

themselves without being explicitly programmed [42]. The ML algorithms can be 

classified based on how learning is performed. ML is divided into three main categories 

shown in Figure 2.4 [2]: supervised learning, unsupervised learning and reinforcement 

learning.  
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Figure 2.4 Machine Learning Categories [2] 

Supervised learning requires a labeled dataset consisting of all the input and output 

features. It tries to learn a function that maps the inputs to the expected outputs by 

minimizing the bias and variance errors in the predicted results [2]. The most widely used 

supervised learning algorithms are: decision tree, support vector machine (SVM), linear 

regression, k-nearest neighbor (KNN) algorithm, random forest, and neural networks, etc. 

Supervised learning algorithms can help with providing user mobility information through 

the prediction of future location, trajectory, etc., which is needed for proactive handover 

optimization [43]. 

Unsupervised learning has the target of finding the underlying patterns and structures 

from unlabeled data. This approach is mainly used for clustering, anomaly detection, 

pattern recognition problems[2]. K-means clustering is one of the common unsupervised 

learning algorithms. The authors in [44] applied the K-means clustering algorithm to 

partitioned UEs into clusters, where the UEs have the similar mobility pattern in each 

cluster; then DRL was implemented to determine the optimal handover policy in each 

cluster.  
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Unlike supervised and unsupervised learning, the RL agent learns how to map the 

situations to actions from the feedback and experiences without any labeled or unlabeled 

input dataset [4]. The agent seeks the optimal action by interacting with the environment, 

to achieve the maximized reward.  

2.4.2 Reinforcement Learning 

RL is defined as an agent that learns a theoretical optimal action policy to maximize the 

accumulated future rewards by interacting with its environment. It is an approach for 

solving sequential decision-making problems [4]. Figure 2.5 [4] demonstrates the 

interaction between an active decision-making agent and its environment in RL.  

 

Figure 2.5 Interaction between Agent and Environment [4] 

At each time step 𝑡 of an episode, an agent executes an available action 𝑎𝑡 to interact 

with the environment in the state 𝑠𝑡. The environment gives the numerical value of reward 

𝑟𝑡  as the feedback of the action. The state consists of all the necessary information for the 

agent to make the decision of taking the best choice of action.  The action selections are 

determined on not only the instantaneous rewards, but also the subsequent states, and the 

future rewards [4]. 
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2.4.2.1 Markov Decision Process 

RL is formalized from the idea of dynamic system theory, specifically, the Markov 

Decision Process (MDP) approach [4]. MDP provides a mathematical framework for 

modeling discrete-time decision-making problems [45]. MDP can be defined by a tuple 

(𝑆, 𝐴, 𝑠0, 𝑃, 𝑅, 𝛾, 𝐻) [45]. 

• 𝑆 is state space, which contains all possible states in the system. 

• 𝐴  is action space, which contains all possible actions the agent may take when 

interacting with the system. 

• 𝑠0 is the initial state of the system. 

• 𝑃 is the transition probability from the state 𝑠 to next state 𝑠′ over the actions given the 

current state, where 𝑠, 𝑠′ ∈ 𝑆. 

• 𝑅 is the reward value received by the agent, which is used to evaluate the transition 

from the state-action pair (𝑠, 𝑎) to state 𝑠′;  

• 𝛾 is a discount factor, which is a number in the interval [0,1], used to determine the 

discounted weight of future rewards compared to immediate rewards [46]. If 𝛾 = 0, the 

agent only concerns immediate rewards. γ = 1 indicates that rewards in the distant 

future should count just as much as the reward at the next time-step. The higher the 

discount factor, the slower the convergence of iterative methods. When γ approaches 

1, the time for convergence approaches ∞ [47]. Tuning the discount factor implies a 

trade-off. The higher γ the higher possibility of ensuring average optimality for 

discounted-optimal policies, but the bigger the computational costs for calculating the 

solution.  
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• 𝐻 is the horizon, which is the maximum number of time-steps in each episode. It may 

be a positive integer or ∞. 

2.4.2.2 Elements of Reinforcement Learning 

There are three main elements in RL: a policy, a reward, and a state-value function [4].  

• A policy (𝜋) is defined as a strategy used by the agent to take action in a given state at 

a given time. The policy can either be a simple lookup table or a complex strategy. The 

policy is the core of an agent, since it is along with the efficiency of the determining 

behavior. The goal of the agent is to learn an optimal policy (𝜋∗) that maximizes the 

cumulative rewards.  

• A reward is the feedback returned from the environment to the agent after taking an 

action. It is a numerical value and is used to evaluate the goodness of the action taken 

by the agent. In MDP, the total reward for one episode can be calculated by 𝑅 =  𝑟1 +

𝑟2 +  ⋯ +  𝑟𝑛. Accordingly, the total rewards with the discounted future rewards from 

time 𝑡 can be expressed as Equation 2-2 [4], where 𝛾 is the discount factor, 𝑘 is the 

time steps in the future. 

𝑅𝑡 =  𝑟𝑡 + 𝛾𝑟𝑡+1 + 𝛾2𝑟𝑡+2 + ⋯ +  𝛾𝑛−𝑡𝑟𝑛 = 𝑟𝑡 +  𝛾𝑅𝑡+1  =  ∑ 𝛾𝑘𝑟𝑡+𝑘

∞

𝑘=0

 Equation 2-2 [4] 

• A value function, which is also known as state-value function, represents an estimation 

of how good it is for the agent to perform a certain action in a given state. The value is 

the maximum discounted reward value that an agent can expect to achieve in a given 

state. The concepts of value and value function are key to most of the RL methods [4]. 

The value of a state 𝑠 is the expected infinite discounted sum of reward that an agent 

will gain if it starts in that state and under policy 𝜋. It can be defined as Equation 2-3 
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[48] , where 𝛾 is the discount factor, 𝑟𝑡 is the reward at time 𝑡, and 𝑠𝑡 is the state at time 

𝑡 . 

𝑉𝜋(𝑠) =  𝔼𝜋{∑ 𝛾𝑡𝑟𝑡

∞

𝑡=0

|𝑠 =  𝑠𝑡}  Equation 2-3 [48]  

Accordingly, the optimal value of a state is achievable by executing the optimal policy. 

It is expressed as Equation 2-4 [48], where 𝜋 is the policy. 

𝑉∗(𝑠) = max
𝜋

𝔼(∑ 𝛾𝑡𝑟𝑡|𝑠 =  𝑠𝑡

∞

𝑡=0

) Equation 2-4 [48] 

2.4.2.3 Model-Based and Model-Free Reinforcement Learning 

Besides the three main components presented in Section 2.4.2.2, there is one more optional 

component in RL, which is a model of the environment. Based on the availability of the 

system model, there are two types of RL strategies: model-based RL and model-free RL.  

Model-based RL can be split into two categories: the model is given or the model is 

learnt by the agent [49]. If the model is given, then the reward function and the transition 

process can be accessed directly by the agent or the method learns the model. However, 

sometimes the model cannot acquire the model directly due to the complexity of the 

environment, but the agent can learn a model from interactions with the environment then 

apply the model in policy improvement. Model-based RL assumes that the agent knows 

the system dynamics, that is how the system transits from one state to another one, and 

how the rewards are generated [5]. In a model-based system, the model of the environment 

is obtainable, and the interconnections of different states are known [50]. The model of the 

environment can predict the next state and next reward with a given state and action.  
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Whereas, in model-free RL, the agent learns based on explored samples without the 

model of the environment. Therefore, model-free RL is an explicitly trial-and-error learner 

[4]. Further, there are two types of methods in model-free RL, which are policy-based (also 

known as on-policy) and value-based (also known as off-policy).  

Recall the definition of policy introduced in Section 2.4.2.2. A policy 𝜋(𝑎|𝑠) is 

simply a function that maps states to actions in RL. Policy-based approaches learn and 

optimize an explicit policy during the training; the policy is updated iteratively until it 

reaches the maximized accumulative return [49]. The value function is not required. 

Policy-based methods are often adequate [4]. By contrast, value-based methods learn a 

value function instead of a policy, the goal of this method is to maximize the value function. 

However, an implicit policy can be derived directly from the value function. For example, 

Q-Learning, Q-Network, and DQN [51] are model-free value-based algorithms. The 

taxonomy of RL algorithms is summarized as Figure 2.6 (adapted from [49]). 

 

Figure 2.6 Taxonomy of Reinforcement Learning Algorithms (adapted from [49] ) 

For most real-world applications, it is challenging to have an accurate model of the 

environment. Therefore, the model-free RL approach is attracting more interest in the 
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research community. This thesis utilizes the model-free DQN algorithm for optimal T-BS 

selection in PHO management. 

2.4.2.4 Exploration and Exploitation 

In RL, the agent learns through trial-and-error interactions with a dynamic environment. 

There are two strategies during the learning process, which are exploration and 

exploitation. Exploration is the process when an agent tries to explore the environment by 

taking different available actions. Meanwhile, the agent also exploits the experienced 

optimal actions in order to achieve the maximum cumulative reward. Each action must be 

tried many times to gain a reliable estimate of expected reward in a stochastic scenario [4]. 

The trade-off between exploration and exploitation is one of the challenges in RL [46]. In 

order to optimize the policy, the agent has to try various actions to see the results. That 

might result in worse performance, because the policy for action selection might be worse 

than the current one. However, without exploration, it might never find any improvements.  

In this research, the 𝜖-greedy policy is used to balance exploration and exploitation, 

which is one of the most widely used strategies.  𝜖-greedy algorithm selects its highest 

valued action with probability 1 − 𝜖 +
𝜖

𝑘
 , and uniformly at random among all other 𝑘 − 1 

actions with probability 
𝜖

𝑘
 , where 𝑘  is the total number of possible actions [52]. The 

probability 𝜖 is decayed in each time step.  

2.4.3 Deep Reinforcement Learning 

DRL [51] is a combination of RL and DNN. As demonstrated in Figure 2.7 [6] (c), DNN 

acts as a component of a RL agent in DRL. DRL embraces the advantage of DNN to train 
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the learning process in RL to accelerate the learning process and improve the learning 

performance in complex decision-making problems [6][7].  

 

 

Figure 2.7 (a) RL; (b) DNN; (c) DRL [6] 

There are two main advantages of the DRL algorithm: Firstly, DRL is suitable for 

high-dimensional state-spaces, accelerates the learning progress, overcomes the issues of 

memory complexity, computational complexity in RL [53]. Secondly, the neural network 

can take much more information as its inputs, enlarging the state-action space for better 

policy making [54].  
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2.4.3.1 Deep Q-Network 

One of the most popular DRL algorithms is DQN, which is the first DRL method proposed 

by Google DeepMind [51]. DQN is a value-function-based DRL algorithm, which 

combines Q-learning with DNN. The DNN acts as a function approximator for action-

value function 𝑄(𝑠, 𝑎). DQN is based on training DNN to approximate the optimal action 

policy 𝜋∗  and optimal action-value function 𝑄∗(𝑠, 𝑎) . As demonstrated in Figure 2.8 

(adapted from [51]), the input of a multi-layer DNN is a given state 𝑠𝑡  of an RL 

environment, and it outputs a vector of action-values for the given state.  

 

Figure 2.8 The Functionality of DNN in DQN (adapted from [51])   

The action-value function 𝑄(𝑠, 𝑎) is formulated as Equation 2-5 [51], where 𝑅𝑡 is the 

total discounted reward from time step 𝑡, which is obtained by Equation 2-2. 𝑄(𝑠, 𝑎) is the 

expected return starting from state 𝑠 by taking action a, under the policy π.  

𝑄𝜋(𝑠, 𝑎) = 𝔼[𝑅𝑡 |𝑠𝑡 = 𝑠,   𝑎𝑡 = 𝑎, 𝜋] Equation 2-5 [51] 

The parameterized action-value function can be expressed as  𝑄(𝑠, 𝑎; 𝜃), where 𝜃 are 

the parameters of the Q-Network. DQN frames the RL learning problem as the 

minimization of a loss function 𝐿(𝜃), which is shown as Equation 2-6 [51], where θ 
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represents the parameters of the primary network; 𝜃′ represents the parameters of the target 

network. 

𝐿(𝜃) =  𝔼 [(𝑟 + 𝛾 max
𝑎′

𝑄(𝑠′, 𝑎′; 𝜃′) − 𝑄(𝑠, 𝑎; 𝜃))

2

] Equation 2-6 [51] 

2.4.3.2 Experience Replay and Target network 

Experience replay and target network are two core techniques of the DQN algorithm, which 

can efficiently stabilize learning and improve performance [51].  

Experience replay [55] is used to train an agent with the transitions, which are 

randomly sampled from a reply buffer of its previous experienced transitions. The 

transitions collected from the environment are stored in a fixed-size replay memory. A 

transition is in the form of a quadruple (𝑠, 𝑎, 𝑟, 𝑠′), where 𝑠 is the current state; 𝑎 is the 

action; 𝑟 is the reward value after executing the action 𝑎 in the state 𝑠, and 𝑠′ is the next 

state. At each time step, the current transition is added to the replay memory, and a mini-

batch of the transition samples are sampled uniformly at random from the memory and 

used to train the parameters of neural networks [56]. The uniform sampling approach gives 

equal importance to all stored experiences. 

The size of the replay memory is one of the hyperparameters in the experience replay 

technique in DQN. The memory always overwrites with the recent transitions due to fixed 

size. The authors in [57] state that the replay buffer size is an important task-dependent 

hyperparameter. The empirical results demonstrated that the agent is sensitive to the replay 

memory size in the complex learning system. The optimal tuned memory size can improve 

data efficiency and stabilize the training of a neural network. They applied a DNN with 

rectified linear units (ReLU) activation function for the Buffer-Q agent, which DQN can 
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be considered as. The empirical results demonstrated that the Buffer-Q agent with the 

neural network as a function approximator, learns faster with the medium replay buffer 

size, and fails to find the optimal solution with an extremely large replay buffer. For Buffer-

Q agent, the optimal buffer size for Lunar Lander task is 103, but for Grid World task, the 

optimal buffer size is 104. 

The experience replay technique provides several advantages. First of all, the stored 

experience samples can be reused multiple times, which allows the agent to learn 

efficiently from its experience; Secondly, it can reduce the variance and the correlation 

between the samples. Thirdly, it improves the stability of the network during training, and 

improves the sampling efficiency [56].  

The target network is used to determine target Q-value, and it is structurally the same 

as the primary Q-network. The parameters 𝜃′  of the target network are fixed, and 

periodically updated from the primary Q-network (𝜃′ =  𝜃) every certain number of time 

steps, which is intended to stabilize the learning process. The target value can be achieved 

from Equation 2-7, where 𝛾 is the discount factor;  𝑠′ is the next state; 𝑎′ is the action taken 

to maximize the Q-value in state  𝑠′;  𝜃′ are the parameters of weights in the target network. 

𝑌𝐷𝑄𝑁 =  𝑟 +  𝛾 max
𝑎′

𝑄(𝑠′, 𝑎′; 𝜃′) Equation 2-7 

2.4.4 Multi-Agent Deep Reinforcement Learning 

In recent years, researchers have attempted to extend the single-agent RL algorithms to 

multi-agent approaches. A large number of real-world problems are complex, so it cannot 

be solved by a single agent that interacts with the environment. Specifically, a cellular 

communication network is a complex system, which is a multi-agent environment by 

nature, and where the multi-agent system (MAS) is needed. The MAS deals with behavior 
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management of several independent agents, where the individual agent has its own interest 

and goal [58].  

There are several advantages of MAS. First of all, MAS is scalable. The modularity 

of MAS leads to simpler programming. It is easier to add new agents to a multi-agent 

system compared with a monolithic system. Secondly, MAS is cost effective. The 

individual agent takes the partial view of the environment, implements the subtask, which 

reduces the complexity and computational resources compared with centralized 

approaches [58]. Thirdly, the redundant agents can be deployed in the system, which can 

tolerate failures, providing the system robustness. 

MARL is a group of agents that interact with the operating environment and interact 

with each other to achieve the goals [10]. MADRL extends the functions of RL and MARL 

with deep learning [10].  

A simple approach to extend single-agent RL algorithms to multi-agent algorithms 

is to consider each agent as an independent learner, which is called independent Q-learning 

(IQL) [59]. The independent learners are non-communicative agents; they cannot observe 

the rewards and actions of all the other agents in the MAS [60]. However, since there are 

no inter-communications between the independent agents, which can reduce the signaling 

and overhead. The biggest challenge for the independent learner is non-stationarity, as the 

other agents’ actions toward local interests impact the environment transitions. However, 

the comprehensive empirical studies [60] on independent learning have shown that IQL 

often works well in practical applications.  

This thesis proposes a multi-agent DQN-assisted PHO management solution in a 

multiple UEs scenario, where a single agent controlled by DQN algorithm, takes action of 
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T-BS selection for a UE to establish a pre-connection. However, this specific multi-agent 

scenario is simple, there is neither cooperative nor competitive relationship among the UEs, 

and no knowledge exchanged between each other. All the agents are independent and act 

in a distributed manner in the networks, the individual agent is only aware of its local action 

and reward, without any inter-agent communications. 

2.5 Research Tools 

2.5.1 Network Simulator 3  

The simulation tool used in the research is NS-3 [61], [62]. NS-3 is a discrete event network 

simulator for both IP and non-IP based networks in research and education. NS-3 provides 

models for LTE and 5G NR networks. NS-3 is an open-source tool licensed under GNU 

General Public License (GPL) v2 and is primarily used on Linux or macOS systems. The 

tool is designed as a set of software libraries that can be combined together and it also has 

the ability to link with external libraries. NS-3 is written in C++; however, users can work 

at the command line with C++ and/or Python software development tools.  

The tracing function is one of the important mechanisms in NS-3, which can be used 

to gather feature information or statistical data from the network. It uses a callback-based 

framework of decoupling the trace sources from the trace sinks [61] and a uniform 

mechanism to connect the sources to sinks.  Trace source entities can generate events in a 

simulation and provide access to underlying data. Trace sink entities are the consumers of 

the trace information. The users can add customized traces as needed.  
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2.5.2 NS3-Gym vs. NS3-AI 

As ML-based applications have attracted more interest in the research community for 

various domains, a variety of academic tools have been developed and released, which 

allows researchers to work on RL-related research. OpenAI Gym [63] is a toolkit that can 

be used for developing and comparing RL algorithms. OpenAI Gym is an open-source 

Python library for developing and comparing RL algorithms by providing a set of standard 

application programming interfaces (APIs) to communicate between RL algorithms and 

environments. It can be in conjunction with numerical computation libraries, such as 

TensorFlow and Keras, which are used to build neural networks in this research. 

NS3-Gym [64], [65] is the first toolkit for RL in networking research. It is open 

source under a GPL. NS3-Gym integrates OpenAI Gym into the NS-3 network simulator. 

Specifically, NS3-Gym simplifies feeding the RL models with the data generated in the 

simulator. Figure 2.9 [64] demonstrates the NS3-Gym framework.  

• NS-3 provides a simulation scenario serving as an environment for an RL agent.  

• OpenAI Gym framework provides a set of APIs used to access the state and execute 

actions in an RL environment.    

• The inter-process communication (IPC) component between the environment-

independent agent and the environment is based on serialized messages via ZeroMQ 

(ZMQ) [66] socket using the Protocol Buffers library.  
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Figure 2.9 Architecture of NS3-Gym Framework [64] 

NS3-AI [67] is another toolkit, which supports the integration of Python-based RL 

frameworks into NS-3 by using a shared memory space for communication between 

processes. The NS3-AI framework is shown in Figure 2.10 [67]. The authors in [67] state 

that the shared memory technique that allows NS3-AI to achieve a transmission 100 times 

faster than the ZMQ socket used in NS3-Gym on a benchmark example.  
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Figure 2.10 Architecture of NS3-AI Framework [67] 

Even though the advantage of NS3-AI is clear. However, the shared memory has the 

disadvantages of data synchronization problems, limited scalability by the memory, and 

challenges in data management. In contrast, the Protocol Buffers library used in NS3-Gym 

ensures reliable and stable data transmission and can improve system robustness. In 

addition, from the user’s perspective, the inherited Gym APIs in NS3-Gym are intuitive 

and practical. 

In this thesis, a DQN-assisted PHO management solution is simulated and evaluated 

with NS-3 and NS3-Gym. More detailed implementations are introduced in Chapter 5.  
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Chapter  3: Review of Machine Learning for Handover Management 

This chapter presents a literature review of ML-based handover management techniques. 

Section 3.1 gives a general description of ML for handover management. Section 3.2 

depicts RL-based and DRL-based handover management solutions. Section 3.3 presents 

two MADRL applications for handover management. Section 3.4 presents a summary. 

3.1 General Machine Learning for Handover Management 

ML techniques have been applied to solving various challenges in different domains. Many 

research efforts on applying the ML approaches to handover management have been 

proposed in the literature. With the high-speed deployment requirement in 5G networks 

defined by 3GPP [13], the passengers in high-speed railway and vehicles demand high QoS 

with wireless connections. 

The mobility pattern prediction of UEs brings in certain regularity in ML-based 

handover management. The proposed method in [68] predicted the UE movement patterns 

from the historical trajectories in dense networks. A Long Short-Term Memory (LSTM) 

network, fed by the position coordinates of each UE, was implemented to predict the UE’s 

mobility trends. Dual connectivity was also applied to decrease interruptions caused by the 

hard handover. The input dataset includes the mobility patterns which capture all the UEs’ 

two-position coordinates for 12 hours at one-minute granularity each day. However, the 

simulations are performed by the low-speed UEs with maximum speed of 8 m/s 

(28.8km/h). Moreover, the handover prediction accuracy falls to 60% when the user speed 

is 8 m/s. Therefore, this method is not suitable for high-speed UE scenarios. 

Similarly, the authors in [69] proposed a method for predicting UEs’ movement 

patterns from the historical trajectories to achieve mobility management in mm-wave 
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vehicular networks. Firstly, the channel state information (CSI) was used as the input of 

the Kernel-based ML algorithm for prediction of the vehicles’ positions. Then, a historical 

handover dataset leveraging the KNN algorithm was used for handover decision-making 

for the UEs with the speed of 30 m/s (108 km/h). The soft handover scheme was 

implemented to decrease the transmission interruptions during the handover.  

Some applications built the prediction model with the key objective of future signal 

quality conditions. A LSTM-assisted handover management scheme is proposed in [70] 

for RSSI prediction, which was used in handover decision-making. The historical RSSI 

values were collected by the vehicles. The authors in [71] adopted the RSRP values as the 

inputs to classify handover events either in success or failure. Firstly, the prediction of 

RSRP of the candidate cells was implemented by using LSTM and Recurrent Neural 

Network (RNN). After that, a supervised KNN classification method named neighborhood 

component analysis was applied for handover prediction. 

All the above solutions are based on supervised learning with the following 

limitations. First of all, a historical dataset is required as the input, somehow, the size of 

the dataset influences the prediction accuracy and stability. Secondly, supervised learning 

cannot deal with the raw data, therefore, the data pre-processing is needed for the missing 

and nominal data to improve the prediction accuracy. Thirdly, most of the supervised 

learning approaches are not suitable for the complex system, in which the high-dimensional 

data may change dynamically, and not easily be collected.  

3.2 Reinforcement Learning on Handover Management 

Compared with supervised learning, RL has the advantage of flexibility, because it does 

not require a given model and can deal with the dynamic environment without the pre-
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collected dataset as the inputs. Furthermore, by taking into account the power of the deep 

learning algorithms, the DRL is suitable for complex sequential decision-making problems. 

In the literature, a variety of works have been proposed to apply RL on handover 

management. There are two considerations for optimization in handover decision-making 

problems: T-BS selection and handover trigger time.  

The authors in [72] proposed a Q-learning based approach to optimize the trigger 

time for the predictive handover with the information of pedestrian-UE’s location and 

moving velocity as the inputs. In the proposed framework, the agent learnt the optimal 

handover policy by maximizing the future throughput. The RSSI value was mapped into 

the data rate in the reward function. Although the velocity was considered as input, it was 

a fixed value of 1 m/s in their experiments.  

The authors in [73] proposed a Q-Learning based handover mechanism for optimal 

T-BS selection in a cellular drone-UEs system. The proposed frameworks aimed at a 

balance between maximizing the RSRP values and minimizing the number of handovers. 

By leveraging the RSRP values of all the surrounding BSs and the UE’s trajectory 

information, including UE’s position and moving direction, to provide an effective 

handover policy. Specifically, the state of the environment consisted of the drone’s 

position, moving direction, and the current S-BS. The action is the T-BS selection. The 

reward function is a weighted combination of S-BS’s RSRP in the future and the handover 

cost. Their empirical results showed that the proposed approach can significantly reduce 

(e.g., by 80%) the number of handovers.  

Both applications conducted the Q-learning algorithm for decision making. Q-

learning is impractical in large and complex networks. Firstly, Q-learning lacks scalability, 
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because it only works in the environment with discrete, finite, and low-dimensional state 

and action space. Secondly, the known over-estimation issue with Q-learning influences 

the learning performance. Additionally, the UEs’ trajectory information was known for 

both of the solutions. However, it is challenging or impractical to dynamically collect all 

the UEs’ locations and velocities information in reality. 

Many of the successes in DRL, which is powered by the function approximation 

properties of neural networks, have been achieved in high-dimensional and complex 

problems. The authors in [74] proposed a DRL assisted proactive handover decision 

solution to optimizing handover trigger time by using time-consecutive camera images of 

the UEs as the input. The camera images were mapped to action values. Specifically, the 

proposed DRL approach was used to predict the cumulative sum of the future data rates, 

then decision-making was based on the predicted values. However, the solution depends 

on the resolution of the camera and external conditions to adequately capture the images.  

The authors in [75] applied double deep reinforcement learning for T-BS selection 

to minimize the frequency of handovers in mm-wave networks, and subsequently to 

maximize the system throughput. The BS selection was based on the UE that received the 

signal-to-noise ratio (SNR) values from all surrounding BSs. An offline learning 

framework was proposed to alleviate the negative impact of online learning in terms of 

computational costs. The UE’s velocity was configured as 8 m/s (28.8 km/h) in their 

simulations. 

3.3 Multi-Agent Deep Reinforcement Learning on Handover Management 

MADRL-based techniques for handover management provides the ability to adapt a UE 

association reinforcement learning scenario to a multiple UEs circumstance. MADRL has 
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the advantages of scalability and flexibility, because in most multi-agent systems, a new 

agent can be easily added into or removed from the system [16]. 

The authors in [44] utilized DQN to optimize the handover process to reach a balance 

between the handover rate and the system throughput. In this approach, DRL was used to 

make handover decisions with the input of RSRQ measurements from UEs. Firstly, all the 

UEs were clustered based on their mobility patterns with K-Means Clustering, which is 

one popular unsupervised learning algorithm. Then, the multi-user handover process in 

each cluster was optimized in a distributed manner by using the Asynchronous Advantage 

Actor-Critic (A3C) RL framework. Then DNN was applied to approximate the Q-function 

and to generate the policy in A3C. The reward was defined as the weighted sum of the 

average handover rate and throughput. The state consisted of the UE’s received RSRQ 

values of all the BSs, and the index of the current S-BS. 

A MADRL framework for distributed handover management called RHando was 

presented in [76].  In their proposed scheme, each UE was modeled as an agent. Each DQN 

controlled agent aimed at learning an optimal policy to perform handover in order to 

maximize the network throughput. The fully distributed solution reduced the signaling and 

computation overhead. The state space included the information of UE’s velocity, 

Received Signal Strength (RSS) values of the surrounding BSs, previous data rate, and 

network sum-rate. The UEs learned how to perform association requests that limit 

handovers and avoid collisions across service requests. The collisions occurred when the 

number of UEs requesting a handover within a given BS was greater than the capacity of 

the connections at the BS. 
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3.4 Analysis of Existing ML-Assisted Handover Management Schemes 

The previous sections present the existing ML approaches to handover management. As 

described, each of those approaches has some strengths and limitations.  

The supervised learning based handover management solutions are summarized in 

Table 3.1, The MBB handover scheme is applied in [69] [70], which decreases the 

transmission interruption during the handover, therefore, subsequently improves the QoS. 

Research methods in [70]–[72] support the high-speed scenario, which is one of the 

deployment requirements in 5G networks. However, all the above solutions are based on 

supervised learning with some limitations, which are highlighted in Section 3.1. 

Table 3.1 Summary of Supervised Learning-Based Approaches to Handover Management 

Related 

Works ML Method Input 

Historical 

Dataset 

Needed 

Multiple 

UEs 

Scenario 

High 

Speed 

Scenario 

MBB 

Handover 

[68] 

Supervised 

Learning LSTM 

UEs' 

trajectories Yes Yes No Yes 

[69] 

Supervised 

Learning KNN 

CSI values & 

handover 

dataset Yes Yes Yes Yes 

[70] 

Supervised 

Learning LSTM 

Dataset of 

RSSI values Yes Yes Yes No 

[71] 

Supervised 

Learning 

RNN & 

LSTM 

Dataset of 

RSRP values Yes Yes Yes No 

 

Table 3.2 presents a summary of the aforementioned RL-based handover schemes. 

All the solutions have the same defined actions, which is the T-BS selection. Different 

reward functions depend on the different objectives. Compared with Table 3.1, the RL-

based approaches have the advantages of no historical dataset needed as the input. 

Additionally, DRL has the power of dealing with complex and high-dimensional systems. 

Furthermore, MADRL-based techniques can manage the multiple UEs scenario. However, 
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neither [44] nor [76] takes into account the advantage of the MBB handover scheme, and 

supports the high-speed UE scenario and multi-connectivity between UEs and BSs.   

Table 3.2 Summary of RL-Based Approaches to Handover Management 

Related 

Works 

ML 

Method 

Multiple 

UEs 

Scenario 

High Speed 

Scenario  

MBB 

Handover Action State Reward 

[72] RL No No No 

T-BS 

selection 

UE's position & 

velocity,  

S-BS index UE's throughput 

[73] RL No No No 

T-BS 

selection 

UE's position & 

moving direction,  

S-BS index 

Handover cost 

and the S-BS’s 

RSRP 

[74] DRL No No No 

T-BS 

selection 

time-consecutive 

received power 

values BS’s data rate 

[75] DRL No No No 

T-BS 

selection 

SNR values,  

S-BS index 

System 

throughput and 

the number of 

handovers 

[44] MADRL Yes No No 

T-BS 

selection 

RSRQ values,  

S-BS index 

Average DL 

throughput and 

the number of 

handovers 

[76] MADRL Yes No No 

T-BS 

selection 

RSS values,  

UE's data rate, 

network sum-rate 

Network 

throughput and 

the number of 

handovers 

 

This thesis proposes a DQN-based enhanced handover technique by devising the 

MBB scheme and multiple T-BSs pre-connection. MADRL approach is conducted for T-

BS selection in multiple UEs handover management scenarios by taking into account that 

MADRL has the advantages of higher scalability and more flexibility. Additionally, the 

proposed solutions are evaluated in the highway scenario to meet the 5G deployment 

requirements [11].   



 43 

Chapter  4: System Model and Design 

This research focuses on a solution that fulfills the following requirements: 

1. Design of an enhanced handover mechanism, namely PHO, which considers the 

following functionalities: 

a) Support for the MBB handover scheme to reduce HIT. 

b) Support for pre-connections to multiple T-BSs to ensure QoS. 

c) Support for pre-connections to candidate T-BS(s) in advance before handover 

triggered. 

d) Design of early DL data duplicating-forwarding-buffering mechanism to reduce 

packet loss during the handover process. 

2. Application of the DQN-assisted UE-associated PHO solution for optimized T-BS 

selection to maximize the PHO success rate. 

3. Development of a MADRL-based PHO management solution to handle the multiple 

UEs scenario. 

4. Support for the high-speed UE mobility scenario. 

5. Support for offline learning and online prediction. 

The rest of the chapter is as follows: Section 4.1 describes the detailed process of the 

proposed PHO mechanism. Section 4.2 discusses DQN-assisted UE-associated PHO 

management. Section 4.3 presents a MADRL-based approach to PHO for a multiple UEs 

scenario.  

4.1 Pre-connect Handover 

The proposed PHO is an enhanced handover technique based on the 3GPP baseline 

handover process presented in Figure 2.2. During a UE’s movement, the PHO can be 
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triggered based on all the surrounding BS’s RSRQ conditions. It is a network-controlled 

and UE-assisted handover solution. The detailed process is depicted in Figure 4.1.  

 

Figure 4.1 Pre-connect Handover Process  

The main steps are detailed as follows: 

Step 1.  The S-BS initiates the process by sending a Preconnect Request message to one or 

more T-BSs through the X2 interface. 
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Step 2.  Upon receiving the Preconnect Request message from S-BS, T-BS can either 

accept or reject the request under its own admission control. If the request is accepted, 

the T-BS takes the following actions:  

1) Allocate a new Radio Network Temporary Identifier (RNTI) for UE. The RNTI is a 

16-bit number, it can be considered as a UE identifier for traffic between the UE and 

the lower layer of a BS [20].  

2) Map the International Mobile Subscriber Identity (IMSI) to RNTI. An IMSI is a 

unique 15-digit number provisioned in the Subscriber Identity Module (SIM) card, 

and used by mobile network operators to identify individual subscribers in a cellular 

network [77].  

3) Reserve a data radio bearer. The data radio bearer is the service provided by Layer 2 

for data transmissions between a UE and RAN [78].  

4) Prepare a handover command message with mobility control information, including 

target cell identifier, RNTI, carrier DL and UL frequency, and carrier DL and UL 

bandwidth. The target cell identifier is a unique number used to identify each BS or 

a sector of  BS.  

5) Encode the handover command message as RRC context and send it within the 

Preconnect Request Acknowledge message to S-BS via the X2 interface.  

Step 3. Once receiving the Preconnect Request Acknowledge message from T-BS, the S-

BS sends the handover command to UE through the RRC Preconnection Configuration 

message and switches the state to PRECONNECTED. After that, the S-BS starts the 

early DL forwarding process to the pre-connected T-BS. The received DL packets are 
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buffered in a capacity-adjustable queue at T-BS. The queue capacity is defined as the 

number of PDCP SDUs. 

Step 4.  The UE receives RRC Preconnection Configuration message and switches the state 

to PRECONNECTED, which indicates the pre-connection is established successfully. 

The UE holds the received handover command without taking any action.  

Step 5.  When the trigger condition of the handover event is satisfied, the pre-connect 

handover is triggered on S-BS by sending a Preconnect Handover Request message to 

the pre-connected T-BS. The handover events and trigger conditions are listed in Table 

2.1 [34], [35]. 

Step 6.  Upon receiving the Preconnect Handover Request message from the S-BS, the T-

BS checks the availability of the pre-allocated resources for the UE. If the resources are 

still reserved, then the T-BS allocates a random-access preamble identifier (RAPID) 

[79], which is used by a UE to access the BS on the random-access channel (RACH). 

T-BS switches the state to PRECONNECT_HANDOVER_JOINING and sends a 

Preconnect Handover Request Acknowledge message including the RAPID to S-BS to 

accept the request. 

Step 7.  The S-BS receives the Preconnect Handover Request Acknowledge message, then 

switches the state to PRECONNECT_HANDOVER_LEAVING, and sends a RRC 

Connection Reconfiguration message to UE to modify an RRC connection of RBs to 

perform the handover. The S-BS also sends the SN Status Transfer message to the T-

BS through the X2 interface to convey the UL PDCP SN receiver status and the DL 

PDCP SN transmitter status of the E-UTRAN Radio Access Bearer [20]. In addition, if 

multiple pre-connections have been established with other candidate T-BSs, then S-BS 
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sends a Pre-connection Cancel message to notify all other candidate T-BSs to release 

the reserved resources. 

Step 8.  After receiving the RRC Connection Reconfiguration message from S-BS, the UE 

extracts the RAPID, starts the random access procedure with T-BS. If the random access 

procedure is completed successfully, the UE sends an RRC Connection Reconfiguration 

Complete message to T-BS to notify of the success, and switches the state to 

PRECONNECT_NORMALLY. The successful outcome indicates the handover 

completion in RAN networks. 

Step 9.  Upon receiving the RRC Connection Reconfiguration Complete message from the 

UE, T-BS sends a Path Switch Request message through the S1 interface to inform 

MME that UE has switched the connection to T-BS, and request the path switch on the 

CN.  

Step 10. The T-BS receives the Path Switch Request Acknowledge message, which means 

the data plane has been switched to T-BS by the CN. The T-BS starts sending the 

buffered DL PDCP SDUs to the UE, and informs the successful handover to the S-BS 

by sending the UE Context Release message. 

Step 11. Finally, upon receiving the UE Context Release message, the S-BS releases the 

radio and control plane resources associated with the UE. 

4.2 DQN-Assisted PHO Management 

Inspired by the huge success of DRL in resolving complicated control problems, this 

research designs a DQN-assisted PHO management solution. Each UE-associated agent 

interacts with the environment to learn the optimized policy for T-BS(s) selection with the 
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goal of maximizing the PHO-SR. PHO-SR is defined as Equation 4-1, where the total 

number of triggered handovers includes PHOs and 3GPP baseline handovers. 

PHO-SR = 
Number of Successful PHOs

Total number of triggered handovers
 Equation 4-1 

A system level architecture of DQN-assisted PHO management is depicted in Figure 

4.2, which contains two main components: environment and DQN model.  

 

Figure 4.2 System Architecture for DQN-Assisted PHO Management 

• Section 4.2.1 details the customized environment for PHO management, including the 

state, action, and reward.  

• Section 4.2.2 presents the proposed algorithm of the DQN-assisted PHO mechanism. 
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4.2.1 PHO Management Environment   

As shown in Figure 2.5, the environment in RL consists of three main components, which 

are state space (𝑆), action space (𝐴) and reward (𝑅). 

4.2.1.1 State Space  

The state space 𝑆 is a set of all the states that an agent can transit to. To learn the optimal 

strategy, the agent continuously collects information from the environment. Because it is 

impractical in reality to dynamically collect and manage UEs’ geographical locations and 

speeds information, the proposed DQN-assisted PHO solution correlates a UE’s relative 

location and speed to the RSRQs and RSRQ change rates of all surrounding BSs. 

The state vector is defined as Equation 4-2, where 𝑆𝑡 is the state at time step 𝑡, 𝑛 is 

the number of BSs in the system, RSRQ𝑛 is the UE measured RSRQ value of BS𝑛.  

𝑆𝑡 = { {UE′s QCI, servingBS}, { RSRQ1, …  RSRQ𝑛}, {RSRQ Change Rate1, … RSRQ Change Rate𝑛 } }  Equation 4-2 

• The UE’s QCI value and S-BS information are observed directly from the environment.  

• The RSRQ values of all the surrounding BSs represent a UE’s relative location, which 

are collected at each time step 𝑡. 

• The RSRQ change rate values can be calculated by Equation 4-3. The time step 𝑡 is a 

fixed value in the environment. 

RSRQ Change Rate =  
RSRQst+1

−  RSRQst
  

time step t
 Equation 4-3 

4.2.1.2 Action Space  

Action space 𝐴 is a set of all possible actions the agent can take in a certain environment. 

At every time step 𝑡, the agent is allowed to choose an action 𝑎 from the action space 𝐴, 
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where 𝑎 ∈ 𝐴. In the proposed DQN-assisted PHO solution, the action space comprises all 

the BSs in the system, including the S-BS and the candidate T-BSs. An action 𝑎 is defined 

as the selected T-BS for the pre-connection before the A2-A4-RSRQ handover event 

occurs. The one-hot encoding technique [80] is used to represent the BS selection. One-hot 

encoding is a representation of integer variables as a binary vector. For example, if the 

system supports up to six BSs for the handover decision making, and BS3 is selected, then 

the one-hot vector is expressed as [0,0,1,0,0,0].  

4.2.1.3 Reward  

The reward function is used to obtain an optimized policy for the agent to take an action 

by maximizing the cumulative reward values in the long run. This proposed solution aims 

at maximizing the PHO-SR. In a dynamic network, the handover result can only be 

obtained once it occurs. Hence, we do not know what delay to expect after taking an action, 

which results in a delay in observation. To avoid the delayed reward [81], an immediate 

award is defined by associating the award with the RSRQ values. The reward function is 

defined as Equation 4-4, which rewards the selected BS with the maximum RSRQ and the 

RSRQ change rate for a UE, while penalizing all the other conditions.  

Reward =  {
2    selected BS has maximum RSRQ and maximum RSRQ change rate 
1                                                RSRQ of selected BS ≥ RSRQ of serving BS
−1                                                                                                            otherwise

 Equation 4-4 

An example of topology is given in Figure 4.3. A UE is originally attached to BS1, 

and moves from BS1 to BS6, with a constant moving speed of 110 km/h. The location 

vector of UE and each BS is represented in the format of x, y, and z coordinates. The 

distance between each two neighboring BSs is 400 meters. During a UE’s movement, the 
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handovers sequentially occur in the following order: BS1-> BS2, BS2-> BS3, BS3-> BS4, 

BS4-> BS4, and BS5->BS6.  

 

Figure 4.3 Example Topology Adopted in Explanations of PHO Environment  

 

Figure 4.4 Plots of RSRQ and RSRQ Change Rate 

The UE measured RSRQ values are periodically collected from the NS-3 simulator, 

which is illustrated in  Figure 4.4 (a). The values of the RSRQ change rate are calculated 

by Equation 4-3, as shown in Figure 4.4 (b). The blue dots indicate that the 3GPP baseline 

handover occurs during the UE’s trajectory, which are at 10.8s, 24.0s, 37.2s and 50.4s. It 

can be seen that, before the first handover is triggered at 10.8s, UE departs from BS1 and 

approaches BS2. BS1 has the highest RSRQ value, both RSRQ value and RSRQ change 

rate decrease; in contrast, BS2 has the highest RSRQ change rate, both RSRQ value and 

RSRQ change rate increase. Therefore, BS2 is the best T-BS for handover. Similarly, the 

T-BSs for the sequential handovers are BS3, BS4, and BS5. 
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By applying the proposed DQN-assisted PHO solution to the same scenario, the T-

BS selection and PHO trigger time can be obtained as shown in Figure 4.5. The 

comparisons are summarized in Table 4.1. The PHO is triggered earlier than the 3GPP 

baseline handover. 

 

Figure 4.5 T-BS Selections in DQN-Assisted PHO  

Table 4.1 Handover Trigger Time - 3GPP Baseline Handover vs. PHO 

Handover 

Occurrence  

3GPP Baseline 

Handover Trigger 

Time (s) 

S-BS 

Index  

T-BS 

Index 

  

PHO Trigger 

Time 

Optimized T-BS 

Index Selected 

by Agent 

1𝑠𝑡 10.8 1 2 [𝑡1, 10.8] 2 

2𝑛𝑑 24.0 2 3 [𝑡2, 24.0] 3 

3𝑟𝑑 37.2 3 4 [𝑡3, 37.2] 4 

4𝑡ℎ 50.4 4 5 [𝑡4, 50.4] 5 

4.2.2 DQN-Assisted PHO Management 

4.2.2.1 Deep Neural Network Model 

As illustrated in Figure 2.7 [6] (c), a DNN is the brain of an RL agent. DNN is typically a 

neural network with two or more hidden layers [6]. Each layer contains nodes that are fully 
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connected to the next layer. The nodes contain a nonlinear activation function. The 

activation functions in neural networks are significant, as they can help in the learning by 

making a non-linear and complicated mapping between the inputs and outputs [82]. The 

prediction accuracy of DNN depends in part on the number of layers and the type of 

activation function.  

ReLU is one of the most widely used activation functions in hidden layers [82]. 

However, ReLU has a potential disadvantage during optimization, known as the Dying 

ReLU issue [83].  As shown in Figure 4.6 [84] (a), the gradient is 0 when the unit deals 

with the negative inputs, which could lead to the problem that the gradient-based 

optimization algorithm will not adjust the weights of a unit that never activates initially. 

The Leaky ReLU activation function is a solution to the Dying ReLU problem [85].  

As is shown in Figure 4.6 [84] (b), Leaky ReLU assigns a non-zero slope to the negative 

inputs, which enables the negative part of feature information to be retained. The parameter 

𝛼 was assigned as 0.01 in the original paper [85]. 

 

Figure 4.6 Comparison between (a) ReLU and (b)Leaky ReLU [84] 
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The Softmax activation function is used to compute the probability distribution from 

a real numbers vector, and it is commonly used in the output layers [86]. The output values 

of Softmax are in the range of 0 to 1, and the sum of all the outputs is 1. The Softmax 

function is also used in the case of RL output probabilities related to different actions to be 

taken, which is suitable for the BS selection in the proposed PHO mechanism. 

The optimizer used in the DNN model is Adam. Adam is a first-order gradient-based 

stochastic optimization algorithm, with the advantages of computationally efficient and 

little memory requirement [87].  

A four-layer DNN model applied in the DQN-assisted PHO is summarized in Figure 

4.7. The figure depicts all the layers, input shape, output shape and number of parameters. 

The parameters are used in the inter-connections of the DNN, and are updated by gradient 

descent during training. 

• Input Layer: The input shape (None, 2, 6) can be interpreted to (any batch size, 2: two 

input features {RSRQs, RSRQ change rates}, 6: the number of candidate BSs). 

Defining a size parameter as none means the size is not predetermined. 

• Hidden Layer: The Leaky ReLU activation function is used. Because the RSRQs are 

negative values, typically in the range of -19 to -3dB [22]. While the RSRQ change 

rates can either be positive or negative. 

• Flatten layer: It is used to reshape the two-dimensional data to the one-dimensional 

array for inputting it to the output layer. The Flatten layer is required because the output 

shape of the hidden layer is (None, 2, 32), but the output layer requires a single 

dimensional input. 
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• Output layer: The output shape (None, 6) means (any batch size, 6: the number of 

candidate BSs) The Softmax is used as the activation function, with the output values 

as the probabilities of all the six BSs, and the BS with the highest probability value will 

be selected as the action. 

 

Figure 4.7 DNN Model Applied in DQN-Assisted PHO 

4.2.2.2 DQN-Assisted UE-Associated PHO Algorithm  

The algorithm of the DQN-assisted UE-associated PHO mechanism is presented as 

Algorithm 1. All the parameters are listed in Table 4.2.  

Table 4.2 Parameters used in DQN-Assisted UE-Associated PHO Algorithm 

Parameter's Name Description Value 

Nepisode the number of episodes for training 2,000 

T maximum number of time steps in one episode  60 

MER size of experience replay memory 50,000 

minMER minimum size of experience replay memory to start training 100 

minibatch minibatch size for training 64 

C the number of step period used to update target network 3 

𝜖 initialized exploration rate 1 

𝜖decay 𝜖 decay rate 0.999 

𝜖𝑚𝑖𝑛 minimum epsilon value 0.001 

𝛾 discount factor 0.99 
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 Algorithm 1: DQN-Assisted UE-Associated PHO (adapted from [51]) 

 Input: UE dynamically measured surrounding BSs’ RSRQs and calculated RSRQ  

           change rates  

 Output: The offline trained model file, which is UE-associated. 

 Parameters: Nepisode, MER, minMER, minibatch, 𝜖𝑚𝑖𝑛, 𝜖decay, 𝛾, T, C 

1 Initialize Experience Replay Memory MER,  

2 Initialize Primary Q-network (as shown in Figure 4.7) with random weights 𝜃 

3 Initialize Target Q-network (as shown in Figure 4.7) with weights 𝜃′ = 𝜃 

4 Initialize 𝜖 = 1 for 𝜖-greedy policy 

5 for episode = 1 to 𝑁𝑒𝑝𝑖𝑠𝑜𝑑𝑒 do 

6     Receive initial state by resetting the customized PHO environment  

7     for time step t = 1 to T do 

8     Following 𝜖-greedy policy, select action 𝑎, which represents the index of T-BS    

    for PHO. 𝑘 is the total number of possible actions (candidate BSs). 

               𝑎 = {
a random action           with probability 

𝜖

𝑘

argmax 𝑄∗(𝑠, 𝑎;  𝜃)                      otherwise
   

9     Execute action 𝑎 to observe the reward 𝑟 the next state 𝑠′ 

10         Store transition (𝑠, 𝑎, 𝑟, 𝑠′) in MER 

11         If buffer size >= min𝑀𝐸𝑅 

12             Sample random minibatch of transitions (𝑠𝑗 , 𝑎𝑗, 𝑟𝑗, 𝑠𝑗+1) from MER 

13 
        targetQ =  {

𝑟𝑗                  if episode is terminated at step j + 1

𝑟𝑗 +  𝛾 max
𝑎′

𝑄(𝑠𝑗+1, 𝑎′; 𝜃′)                      otherwise
 

14         Perform a gradient descent to minimize loss function: 

        𝐿(𝜃) =  (targetQ − 𝑄(𝑠𝑗 , 𝑎𝑗; 𝜃))
2
 

15         Update target parameter (𝜃′= 𝜃) in every C step 

16     end if  

17 end for 

18 if 𝜖 >  𝜖𝑚𝑖𝑛: 

19         𝜖 ∗=  𝜖𝑑𝑒𝑐𝑎𝑦 

20         𝜖 = max  ( 𝜖𝑚𝑖𝑛, 𝜖) 

21     end if 

22     Set up filter for saving the trained model 

23 end for: // DQN-assisted UE-associated PHO offline training for optimal T-BS selection 
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4.2.3 Offline Learning and Online Prediction 

The DRL-based algorithms sometimes are time-consuming. Offline learning uses a 

simulator of the environment as a cheap way to get training samples for safe and fast 

learning [46]. A framework of offline learning and online prediction is adopted to alleviate 

the negative impact of online learning in terms of computational cost and to ensure a fast 

and responsive prediction in the real-time system. 

4.2.3.1 DQN-Based Offline Learning Framework 

This section gives the detailed design of how the T-BS prediction problem is formulated 

into a sequential decision-making solution. Figure 4.8 demonstrates the framework of DQN 

offline learning.  

 

Figure 4.8 DQN Offline Learning Framework 

The input of the DQN is a state vector, which is the aforementioned two-dimensional 

parameter: the RSRQs and RSRQ change rates. The parameters of the DQN are trained by 

the collected transitions (𝑠𝑡, 𝑎𝑡, 𝑟𝑡, 𝑠𝑡+1)  from the environment through the repeated 
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episodes. The loss function defined in Equation 2-6 is used to minimize the difference 

between the observed output from the primary Q-Network and the desired output from the 

target Q-Network. The back propagation computes the gradient of the loss function with 

respect to the weights of the primary Q-Network.  

A filter is set up to save the trained model. In the proposed solution, the model trained 

in the last episode is saved. Alternatively, some other criteria can be used for model saving. 

For example: a reward threshold. 

4.2.3.2 Online Prediction for Target Base Station Selection 

The trained DQN model can be applied to predict the T-BS in an online manner, so that 

the system can make a real-time decision on pre-connection. The proposed online 

prediction is depicted in Figure 4.9. The input of the system is the state vector. The output 

of the DQN algorithm is the index of the T-BS which has the maximum Q-value among 

all the BSs. If the predicted T-BS is different from the S-BS, the PHO process is initialized 

at the S-BS as shown in Figure 4.1. 

 

Figure 4.9 Online Prediction Using Trained DQN Model 

In addition, the proposed PHO provides the ability for multiple pre-connections to 

more than one candidate T-BS simultaneously. This is designed to further improve the 
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handover reliability and ensure QoS. The number of T-BSs to pre-connect for a UE can be 

deduced from the QCI priority level. As introduced in Section 2.1, the lower QCI priority 

level service can have multiple pre-connected T-BSs. For example, UE’s service with QCI 

priority level 1 could have one or more T-BSs with pre-allocated resources; while service 

with priority level 8 may have no preconnected T-BS, and only use standard 3GPP 

handover procedure. 

4.3 Multi-Agent Deep Reinforcement Learning Assisted PHO Management  

MAS provides mechanisms for complex systems management involving multiple agents 

and coordination of independent agents’ behaviors. MAS allows a constraint satisfaction 

problem to be subcontracted to different agents with their own interests and goals. The 

simplest MAS is a multi-agent system with a non-communicating scenario [58].  

MADRL is a good fit for the multiple UEs PHO scenario, where all the UEs act 

independently in the network. Each DRL agent represents an individual UE and learns 

partial information from the system in a distributed way. This thesis extends the single 

agent DQN-assisted UE-associated PHO solution to the simplest MADRL-assisted 

solution for the multiple UEs scenario. All the agents operate in a partially observable 

environment and no information is exchanged between each other. 

The credit assignment problem may arise when considering extending the single 

agent RL model to a multi-agent ML application. The credit assignment issue occurs when 

the same global reward is given to all the agents as feedback without distinguishing their 

individual contributions [88]. This issue may encourage the lazy agents in the system, and 

affect individual learning performance. Since the proposed multi-agent PHO solution 

focuses on the non-communicating and independent agents’ application, one possible 
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solution is the local reward strategy, which is generated based on the individual agent’s 

behavior [88] [89].  

 

Figure 4.10 Multi-Agent System for PHO Management 

As shown in Figure 4.10, each independent UE-associated agent is controlled by the 

DQN algorithm, and the local reward strategy provides different reward values as the 

feedback to the agent. An individual agent learns the optimal policy for T-BS selection 

with the goal of maximizing its own PHO-SR. The DQN algorithm can run on a high-

performance computing server which can be set up on a base station. For the multi-agent 

DQN-based solution, the parallel training for agents can be considered to accelerate the 

learning process.  

The pseudo code of the proposed multi-agent DQN-assisted PHO is designed as 

Algorithm 2. It can be considered as an extension of Algorithm 1, which is presented in 

Section 4.2.2.2, by adding a for loop to iterate over a multi-UE application. The parameters 

listed in Table 4.2. Additionally, 𝑁𝑈𝐸 is the number of UEs. 
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Algorithm 2: Multi-Agent DQN-Assisted PHO (adapted from [51]) 

 Input: UEs dynamically measured surrounding BSs’ RSRQs and calculated RSRQ    

           change rates  

 Output: The offline trained models (model per agent). 

 Parameters: Nepisode, MER, minMER, minibatch, 𝜖𝑚𝑖𝑛, 𝜖decay, 𝛾, T, C 

1 for UE = 1 to 𝑁𝑈𝐸  do: 

2     Initialize Experience Replay Memory MER,  

3     Initialize Primary Q-network (as shown in Figure 4.7) with random weights 𝜃 

4     Initialize Target Q-network (as shown in Figure 4.7) with weights 𝜃′ = 𝜃 

5     Initialize 𝜖 = 1 for 𝜖-greedy policy 

6 end for 

7 for episode = 1 to 𝑁𝑒𝑝𝑖𝑠𝑜𝑑𝑒 do 

8     Receive initial state of all the UEs by resetting the customized PHO environment  

9     for time step t = 1 to T do: 

10         for UE = 1 to 𝑁𝑈𝐸  do: 

11         Following 𝜖-greedy policy, select action 𝑎, which represents the index of T-BS    

        for PHO. 𝑘 is the total number of possible actions (candidate BSs). 

               𝑎 = {
a random action           with probability 

𝜖

𝑘

argmax 𝑄∗(𝑠, 𝑎;  𝜃)                      otherwise
           

12         Execute action 𝑎 to observe the reward 𝑟 the next state 𝑠′ 

13             Store transition (𝑠, 𝑎, 𝑟, 𝑠′) in the 𝑀𝐸𝑅 

14             If buffer size >= min𝑀𝐸𝑅 

15                 Sample random minibatch of transitions (𝑠𝑗, 𝑎𝑗, 𝑟𝑗, 𝑠𝑗+1) from MER 

16 
            targetQ =  {

𝑟𝑗                   if episode is terminated at step j + 1

𝑟𝑗 +  𝛾 max
𝑎′

𝑄(𝑠𝑗+1, 𝑎′; 𝜃′)                      otherwise
 

17             Perform a gradient descent to minimize loss function: 

            𝐿(𝜃) =  (targetQ − 𝑄(𝑠𝑗, 𝑎𝑗; 𝜃))
2
 

18             Update target parameter (𝜃′= 𝜃) in every C step 

19         end if 

20     end for 

21 end for 

22 if 𝜖 >  𝜖𝑚𝑖𝑛: 

23        𝜖 ∗=  𝜖𝑑𝑒𝑐𝑎𝑦 

24        𝜖 = max  ( 𝜖𝑚𝑖𝑛, 𝜖) 

25     end if 

26     for UE = 1 to 𝑁𝑈𝐸  do: 

27         Set up filter for saving the trained model for individual agent 

28     end for 

29 end for // multi-agent DQN-assisted PHO offline training for optimal T-BS selection 
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Chapter  5: Implementation with NS-3 

Implementation is critical in evaluating the proposed PHO. Implementation of the proposed 

PHO solution has been conducted using NS-3 and it involves various components, which 

warrants further explanations. Section 5.1 presents an overview of the system. Section 5.2 

details the PHO solution and all the customized traces used in the PHO solution on NS3. 

Section 5.3 describes the DQN-assisted UE-associated PHO management, and MADRL-

based implementation with Keras and TensorFlow.  

5.1 System Overview  

The implementation of the proposed DQN-assisted PHO solution with NS-3 comprises 

three main components: NS-3 simulator, DQN Agent and OpenAI Gym. The proposed 

system architecture is shown in Figure 5.1. 

• NS-3 simulator: The NS-3 provides the network functionalities in a simulation 

scenario. The simulator provides an environment for an agent. The proposed PHO 

process presented in Figure 4.1 is implemented with NS-3 in C++. 

• DQN agent: The single DQN agent algorithm, which is given in Section 4.2.2.2, is 

implemented with TensorFlow and Keras libraries in Python. 

• NS3-Gym: It integrates the OpenAI Gym framework and the NS-3 simulator. The 

OpenAI Gym utilizes the interface between an agent and the simulator. The 

communication between the agent and the environment is based on serialized messages 

via ZMQ [66] socket using the Protocol Buffers library. The NS3-Gym middleware 

consists of two components: Environment Proxy and Environment Gateway. The 

environment proxy, written in Python, is inherited from the Gym APIs. The 
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environment gateway, written in C++, is a part of the NS-3 simulator environment. The 

callback functions are applied for the state collection and the action execution. 

 

Figure 5.1 Simulation Architecture of Multi-Agent DQN-Assisted PHO Management 

5.2 Pre-connect Handover Implementation 

Recall the PHO process presented in Figure 4.1. This thesis implements the proposed X2-

based PHO solution in a NS-3 simulated LTE network. The implementation is mainly in 

EPC and RRC modules.  



 64 

The NS-3 LTE-EPC control model is shown in Figure 5.2 [90]. The control interfaces 

are S1-AP, S11 interface and X2-AP interface. The PHO is mainly scattered in the X2-AP 

interface, the EpcX2Application module, and the LteEnbRrc module.  

The EpcX2 entity is installed inside an eNodeB and provides the functionality for the 

X2 interface, including the X2 control plane interface X2-C and the user plane interface 

X2-U. In the proposed PHO mechanism, all the control messages are transmitted on the 

X2-C interface, the signaling message between the S-BS and T-BS are through the X2-C 

socket of the EpcX2 module. The early DL forwarding from S-BS to T-BS is via the X2-

U socket. 

 

Figure 5.2 EPC Control Model in NS-3 [90] 
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The RRC is a network layer protocol that is defined by 3GPP in [34] [35]. It is used 

in the air interface between a UE and a BS. The major functions of the RRC protocol 

include: connection establishment and release, system information broadcasting, radio 

admission control, radio bearer establishment, configuration and release, UE RRC 

measurement model, handover, etc. There are two different RRC protocol models 

supported in NS-3 for message transmissions, which are real and ideal. The real mode is 

adopted in the proposed PHO solution.  

The RRC entities in NS-3 include LteUeRrc and LteEnbRrc, respectively, at the UE 

and the eNodeB. The LteUeRrc handles the UE’s measurement functionalities in the 

handover process, including measurement configuration, measurement performing, 

measurement report triggering, and measurement reporting. LteEnbRrc is the LTE Radio 

Resource Control entity on eNodeB. All the BS-managed radio resource related 

functionalities in PHO management are in the LteEnbRrc module. For example, the radio 

bearer and the radio resource block management, the RNTI assignment, the resource pre-

allocation in handover command, including the DL and UL carrier frequency, DL and UL 

channel bandwidth, RACH preamble, etc. 

As mentioned in Section 4.1, a capacity-adjustable queue is required at T-BS to 

buffer the received early forwarding DL packets for UE. An attribute, namely 

QueueCapacity, is added in the LteEnbRrc module, and it can be dynamically configured. 

The A2 and A4 events are used in the proposed PHO as the handover trigger 

conditions. The NS-3 provided A2-A4-RSRQ algorithm utilizes the RSRQ measurements 

acquired from A2 and A4 events. The algorithm is summarized in Figure 5.3 [90]. There 
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are two attributes in the algorithm: the ServingCellThreshold for Event A2 and the 

NeighbourCellOffset for Event A4.  

 

Figure 5.3 A2-A4-RSRQ Handover Algorithm in NS-3 [90] 

The tracing utility tool with the callback functionality in NS-3 is significant. As 

introduced in Section 2.5.1, the tracing system is built on the concept of independent 

tracing sources acting as the provider, and tracing sinks acting as the consumer. It applies 

a uniform mechanism for connecting the sources to the sinks [61][91]. The tracing tool can 

be used to retrieve information from a simulation. The customized traces listed in Table 

5.1 are implemented in the DQN-based PHO management solution, which are used for the 

communication between the simulation environment and the agent. 
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Table 5.1 Traces used for DQN-Assisted PHO Management  

NS3 Model  

Availability 

in NS3  Trace Source Name Trace Fired upon Condition Functionality 

LteUeRRC Existing ConnectionEstablished 

Successful connection 

establishment event between 

UE and BS 

NS-3 sends the UE QoS 

information to the environment 

LteUeRRC Existing 3GPPHandoverEndOk 

Successful outcome of a 3GPP 

baseline handover between UE 

and T-BS 

NS-3 sends the 3GPP handover 

success result to the environment 

LteUeRRC Added PHOEndOk 

Successful outcome of a PHO 

between UE and T-BS 

NS-3 sends the PHO handover 

success result to the environment 

LteUePhy Added ReportRsrqAllBSs 

Reports UE measurements of 

RSRQs (dB) for all the 

surrounding BSs 

UE measured RSRQ values are 

generated in NS-3, and are sent to 

the Gym environment. 

GymEnv Added EnvNextBSIndex 

The agent selects the T-BS 

index for PHO. 

Agent sends the selected T-BS 

index to simulated environment 

 

Additionally, the traces in Table 5.2 are used to support the early data duplicating-

forwarding-buffering mechanism in PHO. Because the proposed PHO is based on the MBB 

scheme, there is no packet loss during the simulated PHO process, but the early DL 

duplicating-forwarding-buffering mechanism can prevent packet loss if there are radio link 

failures and error occurrences during handovers. 

Table 5.2 Traces used for Early DL Duplicating-Forwarding-Buffering  

NS3 Model 

Availability 

in NS3 Trace Source Name Trace Fired upon Condition 

LteUeRRC Added UeRxDlPacketStats 

The statistics of UE received DL 

packets, including the number of lost 

and duplicated packets. 

LteEnbRrc Added QueueCapacity 

The capacity of the queue is configured 

at preconnected T-BS for early DL data 

buffering in PHO. 

LteEnbRrc Added ForwardDLDataToPreconnectedBS 

Once S-BS receives the Pre-connect 

Request Acknowledge message from T-

BS, The S-BS starts forwarding DL 

packets to T-BS. 

LteEnbRrc Added SendPreconnectBufferedDLDataToUe 

Pre-connected T-BS receives a Path 

Switch Request Acknowledge message 

from CN. It indicates the data plane 

switched to T-BS from CN. T-BS sends 

the buffered data to UE. 
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5.3 DQN Agent Implementation with Keras and Tensorflow 

The MRs are periodically generated by the UEs in the NS-3 simulator. The MRs are further 

processed in the environment by extracting the RSRQ values, calculating the RSRQ change 

rates, and formatting them into a state vector. As shown in Figure 5.1, the formatted state 

information flows from the NS-3 simulated environment through the NS3-Gym 

middleware to the agent. The agent takes the state vector as the input, and performs the 

training process with the goal of the optimal policy of T-BS selection by maximizing the 

long-term rewards in a trial-and-error manner.  

The TensorFlow and Keras libraries are imported into Python to utilize DNN in 

DQN. TensorFlow is a ML software library released by Google [92].  Keras is a deep 

learning API focusing on deep learning and running on top of the TensorFlow platform 

[93]. 

Recall the system framework in Figure 5.1 that supports the independent multi-agent 

application for the multi-UE scenario. There are three additional components that need to 

be added for MADRL-based implementation. Firstly, the multiple UE entity nodes need to 

be added to the simulation environment, and each node simulates an agent. Secondly, the 

local reward is required for the individual agent in the environment. Thirdly, the serialized 

structured data in the Protocol Buffers message of the NS3-Gym middleware needs to be 

modified to support the local reward feedback. Furthermore, the Protocol Buffers message 

is required to be re-compiled and the NS3-Gym Python module needs to be reinstalled to 

activate the local reward functionality. 
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Chapter  6: Experiments and Results 

The feasibility of the proposed PHO mechanism, the performance of the DQN and 

MADRL-assisted PHO management solutions are evaluated in this chapter. Each 

experiment is described with an objective, adopted topology, essential parameters, and 

results.  

• Section 6.1 describes the system formation, including simulation software version, 

operating system, and hardware. In addition, the simulation parameters with NS-3 and 

the hyperparameters used in DQN are listed.  

• Section 6.2 depicts the feasibility evaluation results of the proposed PHO mechanism 

simulated on NS-3.  

• Section 6.3 analyses the performance of the proposed DQN-assisted PHO management 

in both single-agent and multi-agent experiments.  

• Section 6.4 analyses the impact of some hyperparameters, including discount factor, 

replay buffer capacity, and ReLU vs. Leaky ReLU activation functions.  

• Section 6.5 presents a summary.  

6.1 System Information and Simulation Parameters 

To evaluate the feasibility of the designed PHO technique and the proposed DQN-assisted 

PHO management, all the evaluation experiments were conducted with the NS-3 simulator 

and a modified NS3-Gym tool specific to MAS. As aforementioned in Section 5.3, a 

modification of the NS3-Gym tool is needed to support the reward value of the individual 

agent in an MAS. The information of software and hardware is summarized in Table 6.1. 
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Table 6.1 Software and Hardware Information 

NS-3 Version  ns-3.33 

NS3-Gym Version 1.0.0 

OS Ubuntu 20.04.3 LTS 64-bit 

Processor AMD Ryzen 7 3700X 8-core @ 3.60 GHz 

RAM 64.0 GB 

The proposed PHO handover mechanism is simulated and evaluated with NS-3. 

Table 6.2 lists the relevant configurations in the simulation. All the listed parameters are 

held constant except for the parameters of interest: the number of UEs and UE’s mobility 

model.   

Table 6.2 NS-3 Simulation Parameters 

Parameter Setting 

Simulation Duration (Seconds) 60 

Number of BSs 6 

Number of UEs 1-3 

UE’s Mobility Model RandomWalk2D; ConstantVelocity 

RRC Mode Real 

EPS Bearer To Radio Link Control (RLC) Mapping Mode RLC_UM 

Antenna Transmission Mode SISO 

eNodeB Power Transmission (dBm) 50 

LTE-FDD Resource 

DL EARFCN 100 

UL EARFCN  18100  

DL Bandwidth (Number of RBs) 100 

UL Bandwidth (Number of RBs) 100 

Scheduler  RrFfMacScheduler (Round Robin) 

Pathloss Model FriisPropagationLossModel 

Handover Algorithm A2-A4-RSRQ 

A2-A4-RSRQ 

Parameters 

ServingCellThreshold 30 

NeighbourCellOffset 2 

The carrier frequency in UL and DL is designated by the Evolved Universal 

Terrestrial Radio Access (E-UTRA) Absolute Radio Frequency Channel Number 

(EARFCN) in the range of 0 to 65535 [94]. The relation between EARFCN and the carrier 
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frequency (MHz) for UL is given by Equation 6-1, where NUL  is UL EARFCN. 

Accordingly, Equation 6-2 is for DL, where NDL is DL EARFCN. The factors of FUL_low, 

NOffs−UL, FDL_low, and NOffs−DL are dependent on the operating band, and can be obtained 

in a lookup table specified by 3GPP [94]. The lookup table is given in Appendix B   [94]. 

The specific carrier frequency listed in Table 6.2 is 1930 MHz for UL, and 2120 MHz for 

DL, which belong to LTE Band 1.  

FUL =  FUL_low + 0.1 ∗ (NUL −  NOffs−UL) Equation 6-1 

FDL =  FDL_low + 0.1 ∗ (NDL −  NOffs−DL) Equation 6-2 

The radio channel bandwidth is configured as the number of RBs. Table 6.3 shows 

the mapping of the number of RBs against channel bandwidth used in NS-3. 

Table 6.3 Mapping of Number of RBs - Channel Bandwidth  

Number of RBs Channel Bandwidth (MHz) 

6 1.4 

10 3 

25 5 

50 10 

75 15 

100 20 

The propagation loss models determine the wireless signal strength at the receivers. 

The NS-3 simulator presently supports up to 16 different loss models in its library [90] . 

The model used in this research is Friis path loss model [95]. Frris assumes a free space 

scenario. The formula is defined as Equation 6-3, where 𝑃𝑟 is reception power (W); 𝑃𝑡 is 

transmission power (W); 𝐺𝑟  is reception gain; 𝐺𝑡  is transmission gain; 𝜆 is wavelength 

(m); 𝑑 is distance (m); 𝐿 is system loss; C = 299792458 m/s is the speed of light in vacuum; 

and 𝑓 is the frequency (Hz). 



 72 

Pr =  
PtGtGrλ2  

(4πd)2L
=  

PtGtGrC2  

(4πdf)2L
 Equation 6-3 

Furthermore, the DQN algorithm is applied to solve the decision-making problem of 

optimized T-BS selection in PHO management. The DQN agent is trained with the listed 

hyperparameters adopted from Table 6.4.  

Table 6.4 Training Hyperparameter - DQN 

Parameter Value 

Number of Episodes 2,000 

Optimizer Adam 

Learning Rate of DNN  0.01 

Activation Function in Hidden Layer Leaky ReLU 

Activation Function in Output Layer Softmax 

Exploration Decay Rate 0.999 

Minimum Epsilon Value 0.001 

Discount Factor  0.99 

Capacity of Experience Replay Memory  50,000 

Minimum Number of Transition Samples in Replay Memory to 

Start Training 100 

Mini-batch Size (The number of Samples) 64 

6.2 Experimental Network Topologies 

Two network topologies were adopted in various experiments: free space topology and 

highway topology. 

The free space topology is depicted in Figure 6.1, which is a 6-BS system. All the 

entities are positioned having centers at coordinates (x, y, z) with the assumption that the 

UE’s height is 1.6 meters and the BSs’ height are 3 meters. Since the simulation duration 

in one episode is a fixed value, the total number of handover occurrences during a UE’s 

movement depends on the UE’s velocity and moving direction. The single agent UE-

associated DQN solution is evaluated with this topology.  
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Figure 6.1 Free Space Topology Adopted in Experiments 

The highway scenario is one of the typical deployment scenarios required in 5G 

networks [11]. The impact of UE’s velocity for handover performance was evaluated in 

[96], in which the UE’s velocity was in the range of 30 to 100 m/s. The empirical results 

show that the UE with the higher speed received a worse signal power and quality. The 

high velocity increases the possibility of handover failure, which counteracts the seamless 

data service and deteriorates QoS. The highway topology with coordinates used in the 
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experiments is shown in Figure 6.2. The proposed DQN-assisted and MADRL-based PHO 

solutions were evaluated with highway topology. 

 

Figure 6.2 Highway Topology Adopted in Experiments 

6.3 Evaluation of PHO Mechanism  

❖ Experiment Objective:  

This experiment aims to verify the feasibility of the proposed PHO mechanism described 

in Section 4.1 and Figure 4.1. In this experiment, the PHO is triggered manually at specific 

time slots without any ML approach involved. The following three main scenarios are 

simulated: 

• Pre-connection of single candidate T-BS in PHO 

• Pre-connections of multiple candidate T-BSs in PHO 

• PHO cancellation with pre-connection and pre-allocated radio resource release. 

❖ Topology and Parameters: 

The adopted topology is shown in Figure 6.2. The simulation parameters are listed in Table 

6.2. A single UE is configured as the ConstantVelocityMobilityModel with the velocity of 

27.78 m/s (100 km/h) and departure position at coordinates (400, 100, 1.6). 
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As introduced in Section 4.1, the proposed early DL data duplicating-forwarding-

buffering mechanism embraces a capacity-adjustable queue at T-BS for packet buffering. 

The queue capacity is defined as the number of PDCP SDUs, which is configured as 10 in 

this experiment.   

❖ Results: 

Firstly, the proposed PHO with a single candidate T-BS scenario was simulated and 

verified. The trace logs generated by NS-3 are illustrated in Figure 6.3. Some important 

steps are highlighted as follows: 

 

Figure 6.3 NS-3 Tracing Logs of Simulated PHO Process: Single Pre-connection 

• Line 3 shows that S-BS1 sends a Pre-connect Request message to T-BS2 via the X2-C 

interface.  

• Line 4 shows that T-BS2 receives request message, then takes the following actions: 

accepts the request, pre-allocates the radio resources, prepare the handover command, 

encode handover command in a Pre-connect Request Acknowledge message, and send 

the acknowledge message to S-BS1. 
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• Line 5 indicates that S-BS1 receives the Pre-connect Request Acknowledge message 

including the handover command from T-BS2. S-BS1 sends an RRC Pre-connection 

Configuration message including the handover command towards UE. In addition, S-

BS1 initializes the early data forwarding to T-BS2 on the X2-U interface. 

• Line 6 shows that the UE receives the handover command from S-BS1. The pre-

connection is established between UE and T-BS2. 

• Lines 7 to 16 demonstrate the handover process. 

• Line 17 indicates the data plane has switched to T-BS2. T-BS2 starts transmitting the 

buffered data to UE. 

• The packet statistic results at line 19 shows that there is no packet loss during the PHO 

simulation.  

 

Figure 6.4 NS-3 Tracing Logs of Simulated PHO Process: Dual Pre-connections 

Secondly, the pre-connection with multiple candidate T-BSs in PHO was verified. 

The logs obtained from NS-3 are shown in Figure 6.4. The pre-connection establishing 

process is the same as the single T-BS pre-connection scenario in Figure 6.3. In this dual 
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pre-connection example, there are two pre-connected T-BSs, specifically T-BS2 and T-

BS3. Lines 3 to 8 demonstrate the signaling communication between S-BS and T-BSs on 

X2-C interfaces. S-BS1 sends a Pre-connect Request message to both T-BS2 and T-BS3. 

Once the candidate T-BSs accept the request, S-BS1 starts forwarding DL data to both T-

BS2 and T-BS3 simultaneously, which are shown at line 7 and 8. Additionally, it can be 

seen that the pre-connections are established between UE and T-BS2 and T-BS3 at line 9 

and 10. During UE’s movement, the actual handover occurs with T-BS2 at line 12. Based 

on the proposed PHO process, once the UE completes the handover with a T-BS 

successfully, the established pre-connection and the reserved pre-allocated resources at 

other candidate T-BSs should be released, as shown at line 23. Finally, the packet statistic 

results at line 24 indicate that there is no packet loss during the PHO simulation. 

 

Figure 6.5 NS-3 Tracing Logs of Simulated PHO Process: Pre-connection Cancellation 

Thirdly, T-BS mis-selection may occur when an unoptimized T-BS is selected during 

the agent training process of the DQN-assisted PHO solution. This specific example is 

demonstrated in Figure 6.5. In that case, a handover is triggered and processed by the 

standard 3GPP baseline handover procedure; the established pre-connection and the 
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reserved resources at the preconnected BS(s) should be released, which is shown at line 8. 

Since the standard 3GPP baseline handover takes over the execution and completion 

phases, the functionalities of early data forwarding and packet statistics are not supported 

in the simulation system. 

6.4 Evaluation of DQN-Assisted PHO Mechanism  

In RL, an agent is trained in episodes. It is a common practice to let a RL agent interact for 

a fixed amount of time with the environment before resetting it and repeating the process 

in a series of episodes [97]. This method was applied to all the experiments in this section. 

The experiments are trying to answer the following questions: 

1. What is the performance of the proposed DQN-assisted and MADRL-based PHO 

management?   

2. How do the hyperparameters of discount factor and reply memory capacity affect 

DQN learning performance?  

3. How do ReLU and Leaky ReLU activation functions affect DQN learning 

performance? 

The following two metrics are used for performance evaluations: 

• Episode reward: The proposed DQN-assisted solution trains the agent through the 

repeated episodes. The episode reward is the cumulative reward value in one episode.   

• PHO-SR: It is defined by Equation 4-1. In the experiments, PHO-SR is calculated at 

the end of each episode. 
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6.4.1 Evaluation of Training Execution Time  

❖ Experiment Objective:  

One of the drawbacks of RL is the slowness in convergence. Additionally, in the proposed 

MADRL-assisted PHO management scheme, multiple agents are trained in a distributed 

manner, which increases the computation complexity. This experiment aims to evaluate 

the training time factors in DQN-based and MADRL-based PHO management solutions. 

❖ Results: 

The execution time against different simulation duration settings in a single UE scenario is 

demonstrated in Figure 6.6. The training execution time with 2,000 episodes against the 

number of UEs in the MADRL-based PHO management is shown in Figure 6.7.  

 

Figure 6.6 Training Execution Time vs. Simulation Time Duration 
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Figure 6.7 Training Execution Time vs. Number of UEs in MADRL-based Solution 

The comparison results show that the simulation duration and the number of UEs in 

MADRL linearly impact the training execution time. Training agents is a time-consuming 

process.    

As mentioned in Section 4.3, the high-performance computing servers with the 

parallel training for the multi-agent scenario can be considered to accelerate the learning 

process. 

6.4.2 Single-Agent DQN-Assisted PHO Mechanism 

❖ Experiment Objective:  

In the proposed DQN-based solution, the agent is tied to the UE. This experiment aims to 

evaluate the single UE scenario with the proposed DQN-based PHO management scheme, 

which is presented as Algorithm 1 in Section 4.2.2.2.  

❖ Topology and Parameters: 

The adopted topology is depicted in Figure 6.1, which is a system of a single UE and 6 

BSs. A UE departs from the coordinates (100, 200, 1.6) with a constant velocity of 22 m/s 
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(80 km/h) and time-based uniformly random direction. The moving direction is changed 

every 4 seconds in the range of 0 to 1.8 radians. Although the direction change frequency 

is uncommon in the real-world, the model considers the system randomness, which is 

common in reality. According to the specific parameters listed in Table 6.5, there are five 

handovers during the UE’s trajectory. The sequential occurrences are BS1-> BS6, BS6-> 

BS5, BS5-> BS4, BS4-> BS3, and BS3->BS2. 

Table 6.5 Parameters for Free Space Topology - Single UE Scenario 

  Parameter Name Values 

NS3  

Parameters 

Simulation Duration (Per Episode) 100 seconds 

Number of BSs 6 

Number of UEs 1 

UE’s Mobility Model RandomWalk2dMobilityModel 

Time Mode   4s 

UE’s Velocity 22 m/s (80 km/h) 

UE’s Direction Uniform Random [0, 1.8] radians 

UE’s Coordinates  (100, 200, 1.6) 

  

DQN 

Hyperparameters 

Discount Factor  0.99 

Replay Buffer Capacity 50,000 

❖ Results: 

 

Figure 6.8 Learning Performance: (a) Episode Reward; (b) PHO-SR 



 82 

The learning performance is shown in Figure 6.8. It can be seen that: 

• The UE-associated agents are able to converge successfully within the period of each 

simulation.  

• The number of episodes is not a part of the environment and is used to facilitate 

learning. However, the number of episodes may affect the learning performance. The 

learning performance of episode reward and PHO-SR are improved when increasing 

the number of episodes. When increasing the number of episodes from 2,000 to 3,000, 

the PHO-SR increases from 80% to 100% in the online prediction.  

The simulation delivers the ideal outcome of all triggered handovers that can be 

completed successfully. In the system, the handover mechanism is configured as the 

standard 3GPP baseline handover by default. Even though the DQN-assisted PHO-SR is 

80%, the standard 3GPP baseline handover takes over the 20% partition. The total 

handover success rate can reach 100%. 

 

Figure 6.9 Execution Time vs. Number of Episodes   
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To reach the PHO-SR of 100%, the trade-off is the extra training time needed, from 

25.29 hours for 2,000 episodes to 38.25 hours for 3000 episodes, as depicted in Figure 6.9. 

As a result, the number of episodes of 2,000 is used in all the following experiments in the 

interest of time.  

6.4.3 Multi-Agent DQN-Assisted PHO Mechanism 

6.4.3.1 Two UEs with Different Velocities  

❖ Experiment Objective:  

This experiment aims to evaluate the performance of the proposed multi-agent DQN-

assisted PHO management scheme, which is presented as Algorithm 2 in Section 4.3.  

❖ Topology and Parameters:  

The topology adopted is depicted as Figure 6.2. However, only two UEs are conducted. 

The two UEs move with different velocities and depart from the different locations. All the 

parameters are listed in Table 6.6. 

Table 6.6 Parameters for Evaluation of 2 UEs with Different Velocities in MADRL Solution 

  Parameter Name Values 

NS3 Parameters 

Number of Episodes 2,000 

Simulation Duration (Per Episode) 60 seconds 

Number of BSs 6 

Number of UEs 2 

UEs’ Mobility Model ConstantVelocityMobilityModel 

UEs’ Velocities 

UE1: 27.78 m/s (100 km/h) 

UE2: 29.17 m/s (105 km/h) 

UEs’ Coordinates 

UE1: (500, 0, 1.6) 

UE2: (550, 0, 1.6) 

  

DQN 

Hyperparameters 

Discount Factor  0.99 

Replay Buffer Capacity 50,000 
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❖ Results: 

The learning performance is shown in Figure 6.10, which includes performances of episode 

reward shown in (a) (b), and PHO-SR shown in (c) (d).  

 

Figure 6.10 Learning Performance Comparison - 2 UEs with Different Velocities 

It can be seen that: 

• Both UE-associated agents are able to converge successfully within the period of each 

simulation. 

• The performances of PHO-SR for both agents are improved when the number of 

episodes increases. PHO-SR can converge to 100% at the end of episode 2,000. 

• The agent for UE1 outperforms on reward during the learning process. 

Table 6.7 Online Prediction Results of 2 UEs with Different Velocities in MADRL Solution 

Online Prediction 

UE1 (100 km/h) UE2 (105 km/h) 

PHO-SR  Reward PHO-SR  Reward 

100% 75 100% 61 
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The online prediction results are shown in Table 6.7. Both UE-associated agents can 

reach the PHO-SR of 100%. However, the agent for UE1 outperforms on reward, which is 

the same as offline learning performance.  

Additionally, comparing the experiment in Section 6.4.2, the UE is configured with 

RandomWalk2dMobilityModel, and PHO-SR can only reach 80% when the number of 

training episodes is 2,000. The randomness in the mobility model increases the learning 

complexity, which needs longer learning time for convergence. 

6.4.3.2 Three UEs with Different Velocities  

❖ Experiment Objective:  

The purpose of this experiment is to evaluate the more complex MADRL-based PHO 

solution by extending the number of UEs. Compared with the experiment in Section 

6.4.3.1, one more UE (UE3) is added to the system. 

❖ Topology and Parameters:  

The adopted topology is depicted in Figure 6.2. All the parameters are listed in Table 6.8. 

Table 6.8 Parameters for Evaluation of 3 UEs with Different Velocities in MADRL Solution 

  Parameter Name Values 

NS3 Parameters 

Number of Episodes 2,000 

Simulation Duration (Per Episode) 60 seconds 

Number of BSs 6 

Number of UEs 3 

UEs’ Mobility Model ConstantVelocityMobilityModel 

UEs’ Velocities 

UE1: 27.78 m/s (100 km/h) 

UE2: 29.17 m/s (105 km/h) 

UE3: 30.56 m/s (110 km/h)  

UEs’ Coordinates 

UE1: (500, 0, 1.6) 

UE2: (550, 0, 1.6) 

UE3: (600, 0, 1.6) 

  

DQN 

Hyperparameters 

Discount Factor  0.99 

Replay Memory Capacity 50,000 
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❖ Results: 

The agents’ learning performance on episode reward and PHO-SR is shown in Figure 6.11. 

The online prediction results are summarized in Table 6.9. 

 

Figure 6.11 Learning Performance - 3 UEs with Different Velocities 

Table 6.9 Online Prediction Results of 3 UEs with Different Velocities in MADRL Solution 

Online Prediction Results 

UE1 (100 km/h) UE2 (105 km/h) UE3 (110 km/h) 

PHO-SR  Reward PHO-SR  Reward PHO-SR  Reward 

100% 77 100% 67 80% 63 

It can be seen that: 

• Both UE1 and UE2 consistently perform well in the learning process, and can reach 

the online prediction of PHO-SR at 100%, however, UE1 outperforms on reward. The 

results are similar to Section 6.4.3.1. 

• UE3 underperforms on both learning and prediction.  
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6.4.3.3 Three UEs with Same Velocity    

❖ Experiment Objective:  

The experiment results in Section 6.4.3.2 show that learning and prediction performance 

of UE3 (110 km/h) is worse than the other two UEs with lower speed values (100 km/h 

and 105 km/h). This experiment explores the scenario of multiple UEs with the same 

velocity of 110 km/h. 

❖ Topology and Parameters:  

The network topology is depicted in Figure 6.2. All the parameters are listed in Table 6.10. 

Table 6.10 Parameters for Evaluation of 3 UEs with Same Velocity in MADRL Solution 

  Parameter Name Values 

NS3 Parameters 

Number of Episodes 2,000 

Simulation Duration (Per Episode) 60 seconds 

Number of BSs 6 

Number of UEs 3 

UEs’ Mobility Model ConstantVelocityMobilityModel 

UEs’ Velocities UE1: 30.56m/s (110 km/h) 

UEs’ Coordinates 

UE1: (400, 0, 1.6) 

UE2: (450, 0, 1.6) 

UE3: (600, 0, 1.6) 

  

DQN 

Hyperparameters 

Discount Factor  0.99 

Replay Memory Capacity 50,000 

❖ Results: 

The offline learning performances are illustrated in Figure 6.12 and the online prediction 

results are summarized in Table 6.11. Although all three UEs are configured with the same 

velocity, their learning performance is different. UE1 and UE2 can reach the PHO-SR of 

100%. Additionally, UE1 outperforms on reward. UE3 still underperforms on both reward 

and PHO-SR compared to that of UE1 and UE2, which is the same as that of in Table 6.9. 
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Figure 6.12 Learning Performance - 3 UEs with Same Velocity 

Table 6.11 Online Prediction Results of 3 UEs with Same Velocity in MADRL Solution 

UE1 (110 km/h) UE2 (110 km/h) UE3 (110 km/h) 

PHO-SR  Reward PHO-SR  Reward PHO-SR  Reward 

100% 74 100% 60 80% 63 

The learning instability of UE3 is caused by the time limits in RL. In the simulated 

environment, the simulation time per episode is 60 seconds, with the time step of 1 second. 

The coordinates of all possible handover occurrences are marked as the red stars in Figure 

6.13.  

 

Figure 6.13 Coordinates of Handover Occurrences 
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During UEs’ trajectories, the total number of handover occurrences in a UE’s 

trajectory depends on UE’s velocity and departure location. According to the UE’s settings 

in Table 6.10. There are 4 handovers that occurred for UE1 and UE 2, which are from 1st 

to 4th. By contrast, there are 5 handover occurrences for UE3. The PHO-SR at 80% means 

that there is one PHO failure. By observing the online prediction process, it can be seen 

that the PHO failure occurred at the 5th handover. The 5th handover occurs at a simulation 

time of 55.63 seconds. The UE3-associated agent cannot be trained adequately for the 5th 

handover with a simulation time limit of 60 seconds. 

The importance of time-awareness for optimizing a time-limited objective has been 

well-studied in the literature. The authors in [97] investigated and thorough analyzed the 

impact of time limits in RL, and their experimental results show that time limits can cause 

invalidation of experience replay and result in suboptimal policies and training instability, 

they suggested adding time limits parameter for time-limited tasks to facility the agent to 

maximize its performance over a limited time. 

6.4.4 DQN Hyperparameters Optimization 

The hyperparameters in DQN algorithms are used to control the learning process and can 

have a significant impact on the learning and prediction performance. A model with well-

tuned hyperparameters can achieve expected outcomes. The optimized hyperparameters 

can minimize the loss function and maximize the learning performance. On the contrary, 

it can lead to an endless training process or raise many stability problems and can be ended 

without achieving the desired goal.  
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In this section, several hyperparameters are evaluated in the DQN-assisted PHO 

management solution, which are discount factor 𝛾 , the capacity of experience replay 

memory, ReLU and Leaky ReLU activation functions.  

6.4.4.1 Discount Factor 𝜸 in DQN 

❖ Experiment Objective:  

Discount factor 𝛾 is a significant hyperparameter in RL, which is introduced in Section 

2.4.2.1. It helps with proving the convergence of a RL algorithm. If 𝛾 = 0, the agent only 

concerns the immediate rewards. If 𝛾 = 1, the agent cares for all future rewards. Tuning 

the discount factor implies a trade-off. The higher γ the higher possibility of ensuring 

average optimality for discounted-optimal policies, but the bigger the computational costs. 

❖ Topology and Parameters:  

The selected topology is depicted in Figure 6.2. All the parameters are listed in Table 6.12, 

except for the parameter of interest: capacity of experience replay memory. Two different 

discount factor values are evaluated in these experiments, which are 0.95 and 0.99. 

Table 6.12 Parameters for Evaluation of Discount Factor  

  Parameter Name Values 

NS3 Parameters 

Number of Episodes 2,000 

Simulation Duration (Per Episode) 60 seconds 

Number of BSs 6 

Number of UEs 1 

UE’s Mobility Model ConstantVelocityMobilityModel 

UE’s Velocity UE: 27.78 m/s (100 km/h) 

UE’s Coordinate UE: (500, 0, 1.6) 

  

DQN 

Hyperparameters 
Replay Memory Capacity 50,000 
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❖ Results: 

The offline learning performance results are demonstrated in Figure 6.14 for γ = 0.95, and 

Figure 6.15 for γ = 0.99. The online prediction results are summarized in Table 6.13. It can 

be seen that: 

• The discount factor 𝛾 does not affect the execution time. 

• The discount factor 𝛾 has significant effects on an agent’s learning performance. γ = 

0.99 outperforms in the proposed solution.  

• In the online prediction, the agent trained with γ = 0.95 can only achieve PHO-SR at 

50% with a reward value of 10. In contrast, the agent trained with γ = 0.99 can 

maximize the PHO-SR at 100% with the reward value of 65.  

 
Figure 6.14 Learning Performance - Discount Factor γ = 0.95  
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Figure 6.15 Learning Performance - Discount Factor γ = 0.99 

Table 6.13 Impacts of Discount Factor 

Experiment 

# 

Hyperparameter Offline Training 

  

Online Prediction Results  

Discount Factor  Execution Time (hours)  PHO-SR  Reward 

#1 0.95 13.53 50% 10 

#2 0.99 13.95 100% 65 

6.4.4.2 Capacity of Experience Replay Memory in DQN 

❖ Experiment Objective:  

As highlighted in Section 2.4.3.2, the experience replay memory is one of the core 

techniques in the proposed DQN-based solution. The capacity of experience replay 

memory determines the total number of transition samples to be stored and further used for 

model training. The empirical evidence in [57] shows that the replay memory size is a task-

dependent hyperparameter. The agent is sensitive to the replay memory size in a complex 

learning system. The optimal memory size can improve data efficiency and stabilize the 

training of a neural network. This experiment aims to evaluate the impact of the replay 

memory size in the proposed DQN-associated PHO management.  
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❖ Topology and Parameters:  

The deployed topology is depicted in Figure 6.2. All the parameters are the same as that of 

Table 6.12, except for the parameter of interest: capacity of experience replay memory. 

The discount factor used in this experiment is 0.99, which is selected based on the empirical 

results in Table 6.13.  Three capacity values are evaluated in these experiments, which are 

10, 000, 30,000 and 50,000. 

❖ Results: 

The comparison of offline learning performances evaluated by reward are demonstrated in 

Figure 6.16. Figure 6.17 is the comparison of the PHO-SRs. The online prediction results 

are illustrated in Table 6.14. It shows that: 

• The capacity values of 10,000 and 50,000 lead to the same prediction results: PHO-SR 

is 100%, and reward value is 65. The performances on both metrics are better than that 

of 30,000. 

• When increasing the capacity of experience replay memory, extra execution times are 

needed in model training, but the impact is negligible.  

 

Figure 6.16 Learning Performance Comparison of Capacity: Reward 
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Figure 6.17 Learning Performance Comparison of Capacity: PHO-SR 

Table 6.14 Impacts of Replay Memory Capacity 

Experiment 

# 

Hyperparameters Offline Training 

  

Online Prediction 

Results  

Discount 

Factor  

Capacity of 

Replay Memory 

Execution Time 

(hours) 
PHO-SR  Reward 

#1 0.99 10,000 13.51 100% 65 

#2 0.99 30,000 13.79 75% 42 

#3 0.99 50,000 13.95 100% 65 

6.4.4.3 Activation Function in DNN: ReLU vs. Leaky ReLU 

In the proposed DQN-based PHO management, a two-feature state vector {RSRQs and 

RSRQ change rates} is considered as the observations of the environment, and used for 

training the agent. The state vector is defined as Equation 4-2. The RSRQs are negative 

values, typically in the range of -19 to -3dB, but the RSRQ change rates can be either 

positive or negative. The advantage of the Leaky ReLU activation function compared with 

ReLU is highlighted in Section 4.2.2.1. 

❖ Experiment Objective:  

This experiment aims to compare the learning performance of ReLU and Leaky ReLU 

activation factions in the proposed multi-agent DQN-assisted PHO solution. 
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❖ Topology and Parameters:  

The topology is depicted in Figure 6.2. All the parameters are listed in Table 6.15, except 

for the parameter of interest: ReLU and Leaky ReLU activation function; the parameter 𝛼 

in Leaky ReLU. 

Table 6.15 Parameters for Activation Function Evaluation 

  Parameter Name Values 

NS3 Parameters 

Number of Episodes 2,000 

Simulation Duration (Per Episode) 60 seconds 

Number of BSs 6 

Number of UEs 2 

UEs’ Mobility Model ConstantVelocityMobilityModel 

UEs’ Velocities 

UE1: 27.78 m/s (100 km/h) 

UE2: 29.17 m/s (105 km/h) 

UEs’ Coordinates 

UE1: (500, 0, 1.6) 

UE2: (550, 0, 1.6) 

  

DQN Hyperparameters 
Discount Factor  0.99 

Replay Memory Capacity 50,000 

❖ Results: 

The results are summarized in Table 6.16. It shows that:  

Table 6.16 Performance Comparison: ReLU vs. Leaky ReLU 

Experiment 

# 

Hyperparameters 

  

Online Prediction Results  

UE1 (100km/h) UE2 (105 km/h) 

Activation Function PHO - SR  Reward PHO - SR  Reward 

# 1 Leaky ReLU (𝛼 = 0.01) 75% 27 100% 61 

# 2 Leaky ReLU (𝛼 = 0.1) 75% 42 100% 67 

# 3 Leaky ReLU (𝛼 = 0.2) 100% 77 100% 67 

# 4 ReLU 100% 65 100% 65 

• The parameter 𝛼 in Leaky ReLU activation function impacts the prediction accuracy, 

and it is task-dependent.  

• For UE1, Leaky ReLU activation function with parameter 𝛼 = 0.2 outperforms others 

on both reward and PHO-SR.  
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• For UE2, all the four experiments can achieve PHO-SR at 100%; Leaky ReLU 

activation function with parameter 𝛼 = 0.1 and 0.2 perform better on reward.  

• ReLU activation function can also be considered as a good choice, because both UEs 

can achieve PHO-SR at 100%.  

6.5 Summary  

The evaluation results obtained from various experiments described in this chapter 

demonstrated that the proposed PHO handover technique is achievable, and the MADRL-

assisted solution delivered a flexible and intelligent PHO management solution. The results 

show that the devised solution is suitable for the problem and the performance remains 

consistent.   

Some areas for improvement were identified during the experiments which include 

the reward function refactoring to explicitly encourage a better policy on best T-BS 

selection, hyperparameters optimization to accelerate the learning process and improve the 

performance, and new techniques for improving the learning efficiency.  
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Chapter  7: Conclusions and Future Work 

7.1 Summary and Conclusions 

The heterogeneous services with consistent QoS requirements in 5G networks bring more 

challenges to cellular networks. Handover management is an essential and significant 

functionality in cellular networks, and it is one of the challenges for URLLC. Enhanced 

handover mechanisms have been attracting widespread interests from both the research 

community and the networking industry. The design and development of an approach that 

deals with efficient and effective handovers and the evaluation of system performance 

through scalable and realistic simulations are indeed recognized as significant topics to be 

properly investigated.    

In this thesis, both objectives of the design and evaluation of a handover methodology 

using simulation were achieved. The proposed PHO aimed to increase the handover 

success rate by integrating three main techniques, which are MBB scheme, candidate T-

BS(s) pre-connection and early data duplicating-forwarding-buffering during handover 

execution. In addition, solutions based on DRL and MADRL were designed and evaluated. 

The DRL-based approach satisfied the objective of the selection of candidate T-BS(s) to 

maximize the individual UE’s PHO success rate. The MADRL-based solution further 

extended the DRL-based UE-associated solution to a multiple UEs scenario in which the 

agents learned simultaneously and independently in a distributed manner. 

In order to provide the proposed algorithms with an environment as realistic as 

possible, the implementation and evaluation of the proposed solutions were performed with 

the NS3 simulator and its extension tool of NS3-Gym. The integration of the RL framework 
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with realistic network simulations provides a powerful tool for investigating complex 

network scenarios. 

A detailed and long trial-and-error session has been performed in order to identify 

the more optimal parameters and reward function for the DQN algorithm. The performance 

evaluation and experimental results seemed promising based on the facts that results of the 

PHO success rate were consistent and all agents were able to converge successfully within 

the interval of each simulation. In spite of some limitations in the proposed approach, it 

has potential to meet performance challenges and requirements of 5G networks.  

7.2 Future Research Directions 

Although the maximum reward achieved is consistent, a threat to validity can be observed 

from the research, which should be considered and addressed in future works.  

First of all, the DQN-based and MADRL-based PHO management did not consider 

resource constraints at T-BSs. Since the admission control can be configured in T-BS, 

shown in Figure 4.1, so if no resource is available, the pre-connect request should be 

rejected and the PHO success rate may be reduced due to the fact that resources at T-BSs 

may be exhausted or UEs may compete for the limited available resources.  

Secondly, the experiments were conducted based on a small number of UEs due to 

the amount of training time needed, as demonstrated in Section 6.4.1. A large number of 

UEs and a wider range of velocities could result in higher variations on the results. Thirdly, 

the two factors of RSRQs and RSRQ change rates in the state vector with equal weights 

were considered for the decision making in the proposed DQN-assisted PHO solution. If 

different weights or other factors need to be incorporated, the results need to be re-

evaluated.  
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Thirdly, the choice of task-dependent hyperparameters of the DQN algorithm could 

affect the learning performance. The exploration experiments, in terms of discount factor, 

the experience replay memory capacity, and activation function were conducted in Section 

6.4.4. However, the optimization of some other hyperparameters should also be considered.  

There are potential areas that warrant further research for PHO, especially those 

regarding reward function refactoring and hyperparameter optimization to accelerate the 

training process, in order to maximize reward with the minimum number of episodes.  

In addition, further research is suggested to consider improving the learning 

efficiency by exploring new methodology or other DRL algorithms. For example, the 

prioritized experience replay [98] can improve the learning efficiency of the experience 

replay in DQN applications; Double Deep Q-Networks can improve over DQN in 

convergence, value accuracy, policy quality, and learning stability [99] . 

Furthermore, the proposed PHO focused on mobility management and applied the 

simplest MADRL approach to the optimization problem, which involves independence of 

UEs learning in a distributed manner in the system. Further research is suggested to 

integrate resource management and QoS into PHO to enable competition among UEs for 

decision making. 
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Appendices 

Appendix A  Standardized QCI Characteristics [29] 

  



 101 

 

 

  



 102 

Appendix B  E-UTRA Channel Numbers [94] 
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