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Chapter 1

Introduction

The Internet of Things (IoT) is regarded as an extension of the traditional Internet by

integrating heterogeneous networks composed of constrained and autonomous devices into

the global computer network. But, facing the distinct particularities of IoT systems, the

research community, as well as the industry, have been actively working on the adoption of

IoT systems with the Internet. As that contributed to the appearance of new communication

mechanisms to enable and facilitate connectivity among an unprecedented number of smart

objects deployed in the world. However, with the significant increase in the number of users

generally and objects in particular, and with the volume of data generated by these objects

in increasing day by day, have led to increased network congestion [5] and more difficulties

to the guarantees for Quality of Service (QoS), as objects may have widely varying QoS

requirements, operate on diverse protocols, and support a vast number of applications [6].

Thus, the challenge becomes more and more demanding in order to support QoS and the

large scale factor of the delivery of data services in IoT communication system. Due to these

aspects and the strong heterogeneity of objects, the design of innovative solutions provided

by the fifth generation (5G) cellular network in IoT systems represents the key issue making

the main objective of the research work of this thesis.

5G has recently attracted a lot of attention as a potential solution to the adopted of IoT

ecosystem. 5G mobile network is designed to provide new and enhanced services that make

life easier in several areas introduced in the IoT, like health care, agriculture, transportation

systems, smart cities, and manufacturing [7]. As these areas are critical, they are more

sensitive to the reliability of communication, which directly impacts the requirement for

high-performance maintenance. The 5G has the capability to support multiple combinations
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of requirements such as reliability, latency, throughput, positioning, and availability at once

[8]. That enable supporting the heterogeneous QoS requirements of users on-demand and in

real-time [9]. As same, 5G contributes to overcome the stringent challenges posed by IoT

communication system. That provides key enabling technologies for ubiquitous deployment

of the IoT technology, and enabled large-scale deployment of IoT applications. To meet

the highly heterogeneous network and fulfilling the various QoS demands generated due

to the incorporation of a wide range of IoT applications into 5G network, the wireless

communications has been split into three slice groups, namely eMBB for enhanced Mobile

Broadband, and two other class groups specified for Machine Type Communications MTC

use cases, namely mcMTC communication (mc-IoT) for mission-critical communications and

mMTC communication (m-IoT) for massive machine-type communications. These three slice

groups cover different applications and requirements. In this thesis we focus specifically on

the mission critical communication of IoT application scenarios which is intended for time

sensitive communications with focus on predictive maintenance readiness. In the mc-MTC

use-case, the main challenges are to ensure stable communication with mobility of users

while keeping ultra high reliability and ultra low latency communications (URLLC). Whilst,

these devices are not focused about features such as high data rates, or massive number of

devices.

This thesis examines the role of mobility within the 5G infrastructure, with a partic-

ular focus on how mobility prediction can enhance predictive maintenance strategies. By

anticipating user movement patterns, mobility prediction enables proactive interventions to

mitigate potential service disruptions and performance issues before they arise. Integrating

mobility prediction with predictive maintenance enhances resource allocation efficiency while

ensuring seamless service delivery across various applications. Our study explores the inter-

section of mobility management and predictive maintenance, emphasizing the transformative

impact of leveraging mobility data to sustain system reliability and optimize real-time 5G

operations. While this thesis does not delve deeply into post-deployment maintenance, its

primary aim is to facilitate the integration of predictive maintenance methodologies within

the 5G ecosystem by the proposition of a new framework of user mobility prediction.

Mobility prediction techniques are potential solutions that can be used to empower net-

work slicing systems towards effective dynamic network slicing and, thus, be able to respond

to network variability in near real-time. Therefore, in this thesis we focus on providing move-
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ment predictability in mcMTC networks to avoid service degradation of critical services due

to users’ mobility, which is a promising solution to deal with the dynamic nature of the net-

work. Furthermore, it will enhance the 5G network performance to be able to manage these

network slices in advance. Hence, in the context of mcMTC use cases with high mobility

support, how to develop and choose the best mobility prediction model, and how can it be

used as part of a 5G network slicing architecture to handle critical MTC communications,

are the main issues that will be explored in this dissertation.

The main objective of the contribution consists of the development of a next cell predic-

tion framework based on LSTM, that enhance the 5G network slicing systems by intelligent

and proactive decisions making to maintain the seamless connectivity of mc-IoT slices in a

dynamic environment, while ensuring the service quality. Therefore, our research focused on

high mobility mc-IoT applications that need ultra reliable and low latency communications.

In which, the proposed framework exploits the collected historical mobility traces of crossing

machine-type users of these applications, and the LSTM Deep Neural Network (DNN) for

the prediction of the future serving cell for a given user. In which, next-cell awareness in

5g network slicing systems can be harnessed to perform suitable actions for mc-IoT slices in

advance to avoid service degradation and to ensure the URLLC QoS over these slices. We

enumerate the major contributions of this thesis:

1. We perform a comprehensive state-of-the-art review, highlighting mobility-driven pre-

dictive maintenance as a key enabler of reliable, real-time 5G operations.

2. We propose an LSTM-based next cell prediction framework, which is a classification

process using a many-to-one scenario and has been treated as spatial time series fore-

casting problem. The input data are multi-variate features including the user-profile

identity and locations that are already visited by the user in the past.

3. We perform a real-trace-driven case study for vehicular networks to demonstrate the

performance of the proposed classifier. We generated realistic vehicles’ trace data

using SUMO [10]. We explored the generated mobility data to extract a trajectory

representation datasets as a time series of locations with different sliding windows.

4. We conduct experiments on the different generated users trajectories datasets to pro-

vide a deep analysis of the proposed approach on short-term mobility prediction, with

3



high precision results.

For the ease of the reader, the content of the following chapters is summarized as follows.

Chapter 2 examines the current research on both 5G and IoT domains, it is indeed to

explore IoT from the viewpoint of cellular telecommunication systems. Chapter 3 deals

with the background and related work that tackle the MTC communications within the 5G

systems using different classification criteria. Then, it introduces a state-of-the-art on predic-

tion techniques and their applications in 5G to support ultra reliable and low-latency class

services and predictive maintenance. Chapter 4 explains the range of mobility mcMTC

applications supported by the 5G network, the adopted network slicing architecture, and

the detailed description of the proposed approach. Chapter 5 presents the performances

evaluation. The analysis is performed on the efficiency of the proposed next-cell frame-

work within the scope of mc-IoT vehicle communication. Chapter 6 concludes this thesis

by summarizing the major findings. It provides an outlook on potential future research

directions.
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Chapter 2

The Fifth Generation Networks

Contents
2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2.2 The Fifth Generation Networks . . . . . . . . . . . . . . . . . . . 6

2.2.1 Mobile communication system generations . . . . . . . . . . . . . . 6

2.2.2 Main 5G evolution stages . . . . . . . . . . . . . . . . . . . . . . . 7

2.2.3 Network softwarisation in 5G networks . . . . . . . . . . . . . . . . 9

2.2.4 Network slicing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.3 Internet of things . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.3.1 Brief history . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.3.2 Definitions of IoT . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.3.3 IoT under the 5G cellular networks . . . . . . . . . . . . . . . . . . 18

2.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

2.1 Introduction

Cellular networks and Internet of Things (IoT) began as separate technologies, independent

from the Internet—one focused on mobile voice calls, the other on connecting objects. Over

time, they became an integral part of the Internet. Cellular networks started becoming a

crucial part of the global Internet infrastructure with the introduction of the third generation

in 1998. Meanwhile, the origins of IoT can be traced back to 1999, when RFID technology

5



2.2. THE FIFTH GENERATION NETWORKS

Figure 2.1: From 1G to 5G :Evolution of Cellular Networks

was integrated into networking by linking objects to the Internet using tags. A decade

later, the integration of IoT systems into 5G mobile networks became inevitable under

the specifications of the IMT-2020 project. This is because 5G has proven to be superior

in addressing IoT needs better than traditional IP-based solutions, thanks to several key

advantages specifically designed to meet IoT requirements. These advantages have enabled

large-scale IoT deployment, overcoming critical challenges such as device diversity, mobility,

security, and scalability. In this chapter, we present current research in both the 5G and IoT

domains, exploring IoT from the perspective of cellular telecommunication systems.

2.2 The Fifth Generation Networks

5G network is the first generation of mobile networks specifically designed to meet the diverse

requirements of various vertical industries. In this section, we talk about the most important

concepts and components of 5G networks.

2.2.1 Mobile communication system generations

Mobile network generations have undergone five distinct phases of evolution as illustrated in

Figure 2.1. The first generation (1G) of mobile communications system was based on analog

transmission for voice services, and led to the creation of the first cell phone [11]. The sec-

ond generation (2G) outperformed the first generation systems in different functionalities.

2G systems provided service text messaging, international roaming, and automatic location

services, while other services are appeared the 2.5 generation like Multimedia Messaging

6



2.2. THE FIFTH GENERATION NETWORKS

Service, instant messaging and others [12]. The third generation (3G) was envisioned as

a system that satisfies International Mobile Telecommunications-2000 specifications by en-

abling mobile Internet connectivity [11]. Next, the fourth generation (4G) has delivered the

speed of traffic we enjoy today, as it has proven its effectiveness and is now part of everyday

life [5, 12]. 4G networks has succeeded by increasing its network capacity to render users

and devices be able to connect to them. It is advantages compared to previous generation by

including higher bandwidth and data speeds, lower latency, higher network capacity, easier

network integration through the IP network, and enhanced security [5]. Further, 4G started

by the precursor to 4G technology due to the development of new technologies and enhance-

ments such as added new frequency bands, enhanced support for heterogeneous networks, as

well new technological solutions have been designed specifically to support massive IoT [12].

Beyond the 4G, 5G represents the next major phase in mobile telecommunication standards.

5G is designed to accommodate the increasing number of users, high number of demands,

the emergence of the IoT, and new applications that require very critical low latency and

very high capacity, and the heterogeneous QoS.

2.2.2 Main 5G evolution stages

This section presents the evolution stages of 5G networks under IMT-2020 standards, as

displayed in Figure 2.2.

Figure 2.2: The evolution stages of 5G networks under IMT-2020 standards
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Below, we summarize the key milestones of the 5G stages [13, 14, 15, 16]:

1. Release 15 (Rel-15) (2012-2018):

• Initial commercial deployments of 5G began in 2019.

• Focused on mobile broadband communication, battery-efficient security for low-

throughput devices.

2. Release 16 (Rel-16) (2018-2020):

• Integrated NB-IoT (NarrowBand Internet of Things) and LTE-M (Long-Term

Evolution for Machines) into 5G for dedicated MTC (Machine Type Communi-

cation) services.

• Enhanced support for the Industrial Internet of Things (IIoT).

• Introduced mission-critical communication for use cases requiring high reliability.

3. Release 17 (Rel-17) (2019-2022):

• Expanded 5G reach to support non-terrestrial communication (e.g., satellites and

drones).

• Developed "NR (New Radio) Light" for massive IoT, balancing higher data rates

and lower latency compared to LTE-M while reducing complexity and cost relative

to eMBB (enhanced Mobile Broadband).

4. Release 18 (Rel-18) (2022-2025):

• Integrate of artificial intelligence to offer smart and data-based solutions to the

5G network, in order to enhance network functionalities such as network energy

saving, load balancing, and mobility optimization.

• Address additional requirements from mobile operators and verticals such as

eMBB and mcMTC (Mission Critical MTC) security enhancements.

• Enhance the IIoT and the maintenance of MTC.

5. Release 19 (Rel-19) (2024-2026):

• Focused on integrating ambient power-enabled IoT devices.
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• Enhanced 5G device mobility using AI-driven solutions.

• Conducted studies on Integrated Sensing and Communication.

2.2.3 Network softwarisation in 5G networks

Network softwarisation and virtualization technologies aim to provide cellular network with

greater flexibility, programmability, and adaptability. Among which, SDN (Software Defined

Networking) and NFV (Network Function Virtualization) tools used in 5G network.

Figure 2.3: SDN Architecture [1, 2] Figure 2.4: NFV Architecture [3, 4]

2.2.3.1 SDN (Software Defined Networking)

The Open Network Foundation (ONF) defines SDN as “the physical separation of the net-

work control plane from the forwarding plane, where a control plane manages multiple de-

vices” [17]. SDN [18] involves decoupling the control plane from the data plane to enable

programmable and dynamic network configuration through open APIs. A centralized con-

troller within the control plane is responsible for configuring the forwarding devices, which

operate based on programmable packets. Figure 2.3 depicts the SDN architecture with three

layers, as outlined in the ONF reference model [19]. It illustrates the separation of network

control and forwarding functions, enabling centralized and direct control of the network

via open APIs. The central component of this architecture is the SDN controller, a server

located at the core of the system. The SDN controller acts as the intelligent entity man-

aging the resources of the data plane to deliver services. Its primary role is the real-time,

multi-dimensional optimization of resources and service demands in a dynamic environment,

adjusting to changing criteria over time [19].

The architecture, based on open APIs and SDN functionalities, can be divided into
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top-down and bottom-up components. The top-down component ensures service delivery,

where operations across the SDN NorthBound Interface (NBI) involve service invocation

and management between the application layer and the control layer [19]. Through the NBI,

SDN applications specify their traffic management requirements in the underlying networks

[1]. This interface is also referred to as the intent interface [19]. The SDN controller in

the control plane validates requests against policy and resource availability. It then either

satisfies these requests by translating application requirements into forwarding rules for the

underlying network switches [1] or responds with appropriate exceptions [19].

In contrast, the bottom-up component involves the SDN controller managing the re-

sources of the data plane through the SouthBound Interface (SBI). The data plane consists

of network elements, such as switches and routers, that process packets according to rules

provided by the SDN controller. These elements also collect network status information,

such as topology and traffic statistics [1]. Depending on the rules installed by the con-

troller, the SBI interface enables the controller to configure devices to function as routers,

switches, firewalls, or perform other roles, such as load balancing, reporting network status,

and managing packet forwarding rules [18].

2.2.3.2 NFV (Network Function Virtualization)

Telecommunication networks leverage the so called Network Functions (NFs) to operate on

their traffic. For instance, network functions that collect statistics, modify packet headers,

load balancers, or drop packets matching patterns of malicious traffic [20]. NFV is a network

architecture framework where the physical NFs are implemented in software [2]. Thus, NFV

technology decouples the hardware NFs from dedicated hardware, making it possible to

implement the network functions to generic software running on standard platforms like

switches, servers, and storage [21]. The main tasks of the NFV are [22]:

1. Separation of software from hardware: it enables the software to be separated from

the hardware

2. Flexible deployment of network functions: NFV is automatically able to deploy network

function software on a set of hardware resources that may run different functions in

different data centers at different times.
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3. Dynamic service provisioning: NFV is automatically able to deploy network function

software on a set of hardware resources that may run different functions in different

data centers at different times.

NFV technology [5] was originally developed by leading service providers to facilitate the

shift from hardware-centric to software-oriented infrastructure, that accelerates the deploy-

ment of new network services, fosters revenue growth, and simultaneously reduces operational

costs, ensuring a more agile and cost-effective network environment.

2.2.3.3 SDN and NFV binding role on 5G networks

As explained in [2], NFV and SDN are distinct technologies, but they are highly complemen-

tary. Combining them in a unified networking solution can deliver greater value, particularly

in 5G networking systems. On one hand, the centralized control and management applica-

tions of SDN provide a global perspective of network slices. On the other hand, NFV tech-

nology enhances reliability, scalability, and elasticity—capabilities that SDN alone cannot

achieve. Moreover, NFV and SDN in 5G networks aim to automate the operation of net-

work slices, regardless of their type, while virtualizing the resources and functions required

by each slice. Currently, the European Telecommunication Standards Institute (ETSI) has

developed the NFV Management and Orchestration (NFV-MANO) framework to efficiently

manage and orchestrate VNFs [23]. The ETSI-NFV framework has been widely adopted in

the 5G telecommunications industry and is designed to meet key NFV specifications and

requirements, including security, scalability, and reliability.

2.2.4 Network slicing

The architecture of 5G network is based on concept of network slicing, allowing each user to

be served uniquely according to their specific requirements. That is being a relevant solution

for IoT applications characterized by the existence of services with divers QoS requirements.

Due to the integration of a wide range of IoT applications into a 5G network, new use

cases were appeared and characterized by different requirements, like latency and bandwidth.

That represented a key challenge for network operators to simultaneously fulfill all require-

ments [20]. For this reason, the 3rd Generation Partnership Project (3GPP) has proposed

the technique of network slicing; in which 5G network be able simultaneously to serve users
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having different requirements and shared the same physical infrastructure. Moreover, net-

work slicing is regarded as an extension of network sharing, by allocating the required and

suitable amount of demanded physical resources for all services of different types, all while

running in the same time and under the same physical infrastructure [24]. Furthermore,

authors in [20] have defined the network slicing technique as the process of multiplexing

logically independent networks on a substrate where each network is dedicated for a single

use case. That means the ability of the creation and the management of multiple logical

networks known as "network slices" running on top of a shared physical infrastructure, where

the objective is to ensure seamless end-to-end service connectivity to different users according

to their own QoS requirements. In addition, the network slicing process under the specifi-

cation of 5G networks is characterized by a set of criterion need to be taking into account

such as automation and adaptation, elasticity and scalability, isolation, programmability,

customization, hierarchical abstraction, and optimization.

5G network slicing faces mobility management challenges due to the increasing number

of smart devices and the diverse requirements of vertical industries. Each 5G network slice

has unique characteristics and requirements concerning mobility and latency. For instance,

the mobility management and handover support needed for automated driving services differ

significantly from those required for mobile broadband slices. High-speed trains, for example,

can trigger multiple handovers within a short period for railway communications in 5G

networks. Fast handover with seamless mobility support is essential for real-time services

such as multimedia streaming. However, not all network slices require mobility management

support in 5G. For example, network slices designed for industrial control do not need

mobility management functions because the devices involved are typically fixed in position.

Recent studies have investigated mobility management and handover mechanisms in 5G

network slicing [17].

In the following we list each slice type by citing its role, characteristics, and the main

application scenarios it serve (see Figure 2.5):

• eMBB slice is reserved for mobile communication, addressing human-centric use cases

for access to multimedia content, services and data [25]. It focused to enhance users

Quality of Experience (QoE) on existing mobile broadband business scenarios [26]. It

is characterized by high capacity of bandwidth and high capabilities of multimedia
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Figure 2.5: The Three 5G slice groups

streaming processing, including handling of three dimensional video, virtual reality,

hologram and other related services [27], that needs a high data rate can be exceed

10 Gb/s for eMBB services [28]. Hence, the slice management and orchestration is

requested to assign efficient virtual I/O ability and processing ability of data plane

[27]. At the same time, the NFV-based mobile edge computing capability, local caching

servers deployed at the edge cloud can offer traffic offloading and latency reduction

[29]. The eMBB slice covers many application scenarios such as: smart home, smart

building, Virtual reality and augmented reality(VR/AR), and smart devices.

• mMTC slice is machine type slice designed for a very large number of connected

devices typically transmitting a relatively low volume of non-delay-sensitive informa-

tion [25]. It’s main characteristics are low cost, low energy consumption, and short

payload with massive number of connections among IoT devices [26], and consume

massive radio and signaling resources [27]. It is intended to support IoT in a wide

area radio coverage among humans and objects [26], that entails providing energy and

spectral efficient connectivity to a large number of IoT devices [30]. Moreover, the

accent here of mMTC is on scalable connectivity for an increasing number of devices,

wide area coverage and deep indoor penetration [31]. Therefore, the core network (CN)

functions can be carried out at the centralized core cloud for cost effectiveness, and

mobility management functionalities can be omitted in the slice [29]. This slice sup-

porting divers services in IoT applications that are typically delay-tolerant and have
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no mobility. These applications belonging to massive MTC (mMTC) use case, they

able to monitor, respond immediately to user input, which are known as monitoring-

oriented applications [32]. It is also about handling sensor networks measurement in

various areas of smart cities, smart home and industrial, as typical use cases we cite:

smart agriculture, smart metering tracking, and logistics.

• mcMTC slice is also a machine type slice, and the most critical slice in the 5G

systems. It designed for Ultra-Reliable-Low Latency Communications (URLLC) and

covers the timely sensitive application scenarios. It needs a fast creation, modifica-

tion, migration of virtual network functions and reliable transmission from end to end

[27]. Thus, the most core network functionalities will be processed at the edge cloud

in order to minimize latency [29]. That requiring an edge cloud and Radio Access

Network (RAN) resources of a high performance in order to provide the sufficient vir-

tual resources. These specific network slices are expected to offer agile and on-demand

scaling ability to handle abrupt data transmission and processing [27]. Moreover, The

main goal of mcMTC slice is to enhance the user’s QoE by establishing a highly reli-

able, low latency and stable communication [33]. The security and availability are also

critical in such type of slices. In addition, its data characterized to be burst, and with

small payloads [34]. However features such as high data rates, or massive number of

connections are not required [35]. This slice designed to serve applications extremely

sensitive to latency. These applications [32] are often referred to as control-oriented

IoT applications because they can manage external environments by connecting to

computer systems through smart input/output devices such as RFID tags, sensors,

or actuators. For example we cite some applications: industrial and remote control

applications, remote surgery, Internet of vehicles, etc.

2.3 Internet of things

Due to the exponential growth of things connected to the Internet, and also the volume

of data generated by IoT devices in increasing day by day, the transfer of these enormous

data on the cloud brings a big challenge due to limited bandwidth and overloading. In ad-

dition, IoT has become included a wide range of applications with diverse requirements in
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many different verticals and industrials. This ranges from best-effort connectivity for simple

sensors to high data-rate, highly reliable real-time connectivity for Machine Type Devices

(MTDs) like vehicles and drones [36]. Such conditions limits the large scale deployment of

IoT applications, and may adversely degradate the performance of the time-sensitive appli-

cations, potentially leading to increase latency and inefficiencies and, so, the non-satisfying

of the QoS. Consequently, in recent years, the advent of 5G mobile networks has demon-

strated their superiority in addressing IoT needs more effectively than traditional IP-based

solutions. This is attributed to several advanced technologies and unique advantages that

5G offers, specifically tailored to meet the diverse requirements of IoT. These characteristics

drive the evolution of IoT systems toward large-scale deployment, while at the same time

overcoming the stringent challenges associated with IoT applications, including device and

service diversity, mobility, security, interoperability, scalability, and more.

2.3.1 Brief history

Figure 2.6: Evolution of IoT over the past decades

From the history, the IoT is inspired first by the extensive use of RFID tags in transporta-

tion and logistics, then it was progressively generalized to everyday things (smart objects)

to achieve a worldwide network of connected devices. The first Internet appliance was a

Coke machine at Carnegie Melon University in the early 1980s [37]. The term IoT has been

coined by Kevin Ashton in a presentation in 1999, with reference to how to use the RFID

technology in the Procter and Gamble company for supply chain management [38]. But,

according to D. Engels, the term was used in a 1997 publication by the ITU [39]. Then,

the concept of IoT first gained traction through the Auto-ID center in 2003 and in related
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market analysts publications [37]. In 2005, the ITU published the first technical report that

describes the concept of IoT. The ITU formally defines the IoT as a combined part of ubiq-

uitous networks, next-generation networks and ubiquitous computing, according to which:

"available anywhere, from anytime, by anything and anyone”, where the main objective of

IoT is "physical things are connected to the virtual things via the Internet" [40]. While 2010

marked a pivotal point for its expansion and adoption of IoT. Thus the theoretical concept

of "objects around us be able to communicate with each other over the Internet" become

a reality. Nevertheless, IoT in the context of cellular networks have appeared from the 3G

and 4G network generations, but they are not entirely suited for such IoT systems [41]. In

contrast, 5G considered as a key enabler for the IoT from 2020s, where the main goal of IoT

as mentioned in [42] becoming in simple phrase, "is to plug and play smart objects".

In summary, IoT evolved over decades (see Figure 2.6). Objects did not have Internet

access in the 1990s [41]. This era’s technologies operated independently of each other. As

RFID technology appeared then integrated to networking by linking objects to the Internet

via tags in 1999s [43], and as smartphones and televisions started gaining internet access in

2000s, sparking the rise of connected phones. The practical beginning of the IoT being in the

early 2010s. Whereas, due to the 5G deployment in 2020s, the 5G technology advancements,

such as low latency, massive connectivity, new radio communications and new networking

paradigms formed a crucial role in achieving the vision of a global IoT network.

2.3.2 Definitions of IoT

There are no unique, or universal definition. IoT definitions come in different forms and

change depending on the context being addressed. Before the advent of 5G mobile networks,

the authors in [43] state of the art definitions of IoT offered by standardization organizations.

In what follows, we reference few of them:

Definition of ITU: ITU describes the IoT as an ubiquitous network, using the 4A con-

nectivity: “Anytime, Anyplace, for Anyone, we will now have connectivity for Anything”.

Later in [44], the 6A connectivity is described as: "IoT is to allow things to be connected

Anytime, Anyplace, with Anything and Anyone, ideally using Any path/network and Any

service". Additionally, ITU described the enabling technologies for the realization of the

IoT. Then, ITU-T Study Group for next-generation networks and future networks has for-
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mulated the following definition: “IoT: A global infrastructure for the information society,

enabling advanced services by interconnecting (physical and virtual) things based on existing

and evolving interoperable information and communication technologies.”

Definition of Cisco: In 2013, Cisco defined on the IoT under the term “The Internet

of Everything,” as: “Bringing together people, process, data and things to make networked

connections more relevant and valuable than ever before, turning information into actions

that create new capabilities, richer experiences and unprecedented economic opportunity for

businesses, individuals and countries.”

Definition of IETF: The Internet Engineering Task Force (IETF) defines the IoT by

addressing the concepts of both “Internet” and “things.” According to IETF, “things” in the

IoT vision are highly diverse, encompassing computers, sensors, people, actuators, refriger-

ators, TVs, vehicles, mobile phones, clothes, food, medicines, books, and more. These are

categorized into three scopes: people, machines (e.g., sensors and actuators), and informa-

tion (e.g., clothes, food, medicines, and books). Each "thing" must have a unique identifier

to facilitate communication, addressing, and identity verification. Once identified, a "thing"

is termed an object. Regarding the “Internet”, IETF emphasizes that while the traditional

Internet is based on the TCP/IP protocol suite, not all networks using TCP/IP are con-

sidered part of the Internet. For IoT, the concept of the Internet expands to include both

TCP/IP-based and non-TCP/IP-based networks.

However, the emergence of 5G enhanced largely the data communication in IoT systems,

and accommodate its particularities in term of higher level of heterogeneity, limited resources,

mobility, and different QoS requirements, etc. Hence, it is indeed to define IoT from the

view point of 5G cellular networks, and vice versa.

The IoT expands the legacy cellular networks to accommodate autonomous networks with

MTDs. While, the 5G cellular network expands the IoT capabilities to ensure the delivery

of its heterogeneous services with high quality. Therefore, IoT in 5G networks represented

by MTC networks that formed by a set of smart MTDs that have multiple capabilities

like computing, storing, communicating, sensing, and actuating [45]. MTC covers all related

technologies necessary to facilitate the connections of MTDs with minimal or without human

intervention [46]. As same, MTC characterized by two type of communications to cover

the different IoT applications with diverse requirements and verticals. In which, massive-

MTC designed for IoT non-delay sensitive application scenarios and provides best-effort
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connectivity for simple sensors, while, mission-critical MTC intended for timely-sensitive

applications and offers high speed, high data-rate, highly reliable real time connectivity, for

vehicles for example [36]. In the other hand, due to the incorporation of IoT applications,

5G network is considered as a complex network with stationary and mobile devices. It

integrates constrained and unconstrained devices with both Human Type Devices (HTDs)

such as tablets and smartphones, and MTDs such as drones, sensors, vehicles, and actuators

[47].

2.3.3 IoT under the 5G cellular networks

The number of connected MTDs surpassing the number of human-centric connections signif-

icantly and every year. Hence, the number of data generated by these devices in exponential

increase accordingly. This fascinating development is a driving force behind the convergence

of the physical and digital worlds that promises to create an unprecedented IoT [48]. IoT

becoming the foundation of many industrial and verticals, that is being applied for several

sectors reaching all areas of everyday life. It includes diverse range of application scenarios

like smart home automation, smart grid and energy management, intelligent transporta-

tion systems, smart agriculture, smart metering, public safety surveillance, among numerous

other applications.

Accounting for the variety and the rapid growth pace of IoT applications, the main

objective of enabling MTC technology of 5G cellular networks is to construct comprehensive

connections among diverse MTDs, stationary and mobile devices, as well as other things

across extensive coverage areas [48]. MTC enable the wide range of IoT applications from

mission critical services to massive spread of devices. Based on MTC of these applications,

IoT applications comprises two broad classes :

• “low-end” massive IoT applications : is a subgroup of the IoT applications able

to monitor, respond immediately to user input, which are also known as monitoring-

oriented applications. In high-volume IoT deployments, there are smart sensors that

report on a regular basis to the cloud infrastructure [48]. These applications have low

cost, low energy consumption, and short payload with massive number of connections

among IoT devices [26].

• “high-end” mission-critical IoT applications : advanced critical IoT applications,
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that are often referred to as control-oriented IoT applications because they can manage

external environments by connecting to computer systems through smart input/output

devices such as RFID tags, sensors, or actuators [32]. These applications have stringent

requirements in terms of communications reliability, availability, and latency [48].

The coexistence of human-centric and machine-type in IoT applications will lead to a

large diversity of communication characteristics. Some of these applications [49] can be

supported by today’s mobile broadband networks and their future evolution. However, some

other applications will impose additional and heterogeneous requirements on mobile and

wireless communication systems that the 5G will have to support. In recent years, numerous

works have been conducted on a number of challenging topics for such 5G IoT, as well as

the key criteria of IoT that is 5G enabled [41]:

• High-scalability and perfectly all right systems are required for 5G IoT to allow fine-

grained front-haul networking breakdown through NFV.

• Reduced delay is required in 5G IoT services like haptic Web, AR, video gaming, etc.

• With reliability and robustness, 5G IoT necessitates enhanced availability and transi-

tion effectiveness for consumers of IoT devices and applications.

• Safety, unlike typical security strategies that safeguard connection and privacy pro-

tection, the upcoming IoT payment service, as well as online wallet services, create a

greater safety approach to increase information security.

• To handle billions of low-power as well as low-cost IoT systems in 5G IoT, 5G-powered

IoT requires reduced energy technologies.

• Connectivity density, a very large number of sensors would be linked together during

5G IoT, requiring 5G to facilitate the effective transmission of messages in a specific

time and region.

• Agility, the 5G IoT ought to be capable of handling a large number of device to-device

connections while being mobile.

• With increased data speed, future IoT systems like HD streaming content or rather

AR would demand greater data rates to obtain satisfactory performances.
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2.4 Conclusion

5G is the first generation of mobile networks specifically designed to tackle the diverse

requirements of various vertical industries. In first chapter, we have introduced the existing

cellular network generations. Then, we highlighted the different development stages of 5G

mobile networks by citing the different improvements brought about by the 5G toward the

adoption of IoT systems for each stage. Further, to expanding the market to comprise

massive IoT applications as sames as critical IoT applications, we have presented the key

enabling technologies for enabling the ubiquitous deployment of such applications. In other

part of the chapter, we have provided some backgrounds about the IoT and its different

related terms. Then, we have explored IoT systems from the standpoint of 5G cellular

networks, as well as the key requirements of IoT that is 5G enabled.
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3.1 Introduction

As presented in the previous chapter, 5G networks operate in highly dynamic environments,

characterized by virtualized services and the need for seamless connectivity to ensure QoS.

Mobility plays a pivotal role in this landscape, influencing resource allocation, performance,
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and service continuity. This chapter focuses on studying the concept of mobility within the

5G infrastructure and explores how mobility prediction can significantly enhance predic-

tive maintenance strategies. By accurately forecasting user trajectories, mobility prediction

enables proactive measures to address potential service disruptions and performance degra-

dation before they occur. The integration of mobility prediction with predictive maintenance

not only optimizes resource allocation but also ensures the highest levels of service across di-

verse applications. Through a state of the art review, this chapter highlights the intersection

of mobility management and predictive maintenance, emphasizing the transformative poten-

tial of leveraging mobility data to maintain system health and sustain robust performance

in real-time 5G operations.

3.2 Mobility modeling for network optimization

Modeling node mobility has become a linchpin in modern networks, as the ability to antici-

pate or reliably predict a node’s future location is paramount for proactive resource allocation

and the avoidance of performance bottlenecks. This paradigm reflects the core principles

of predictive maintenance: foreseeing potential constraints before they cause service degra-

dation and implementing timely interventions to uphold consistent network functionality.

Consequently, accurate mobility models empower network operators, service providers, and

system architects to optimally provision infrastructure and orchestrate resources, ensuring

continuity and efficiency under ever-evolving operational conditions.

Over the years, mobility modeling research has been greatly influenced by advancements

in human mobility studies, broadening its scope to encompass the multifaceted nature of

modern mobile devices and networks. Notably, two primary methodological strands have

emerged: real trace-based models and synthetic models. Real trace-based models derive

from empirical datasets that faithfully depict the mobility behaviors of network users. These

datasets come from diverse sources, including communication logs (satellite links, RAN, and

Wi-Fi), as well as sensor data from onboard devices and roadside systems (e.g., loop detec-

tors, traffic cameras, radar) [50]. In tandem, user-centric data such as mobile phone logs,

credit card transactions, and social media footprints can provide richer context to the mo-

bility analysis [51]. Modern software-centric architectures, exemplified by SDN controllers,

further support the centralized acquisition of mobility data, facilitating the collection and in-
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tegration of large-scale, multi-modal datasets [9]. Consequently, comprehensive sources like

Call Detail Records (CDRs), Global Positioning System (GPS) trajectories, and assorted mo-

bile network traffic traces have become more accessible, powering increasingly sophisticated

mobility analytics. Synthetic mobility models, on the other hand, employ mathematical and

algorithmic constructs to recreate key features of real-world motion without requiring exten-

sive empirical data. By abstracting away the complexity intrinsic to measured datasets, these

models grant researchers the versatility to examine a wide range of hypothetical scenarios,

experiment with new network topologies or algorithms, and fine-tune system parameters in

controlled test environments. Their theoretical elegance and scalability make them particu-

larly attractive for scenarios in which obtaining or processing real data might be logistically

impractical or prohibitively expensive.

Regardless of whether they stem from real trace-based observations or synthetic abstrac-

tions, mobility models serve a critical function in anticipating node placement and movement.

By reliably projecting the near-future whereabouts of mobile nodes, operators can adopt pre-

dictive maintenance strategies that not only minimize disruptions but also enhance overall

system performance by pre-allocating bandwidth, positioning edge computing resources, and

tweaking caching mechanisms to preempt congestion. Ultimately, robust mobility modeling

resides at the confluence of performance optimization and predictive diagnostics, equipping

researchers and practitioners with essential insights for architecting resilient, adaptable, and

future-proof network infrastructures.

3.3 Main mobility prediction methods

Mobility prediction has been extensively studied in the literature, with a wide array of

methods. These methods can be categorized into memory-less predictors and more advanced

approaches capable of capturing long-term dependencies in mobility data. Memory-less

predictors, such as time-series models, the Kalman filter, and Markov models, are effective

for scenarios with limited historical data. However, these methods often fail to exploit the

long-term dependencies inherent in mobility patterns, limiting their predictive accuracy in

complex, real-world scenarios. In contrast, the advent of Machine Learning (ML) techniques

has significantly improved mobility prediction by leveraging large-scale historical datasets.

By collecting mobility information over extended periods, ML-based predictors can identify
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intricate patterns in user behavior, thereby enabling more accurate predictions [52]. These

methods excel in capturing the temporal and spatial dynamics of mobility, offering enhanced

performance over traditional approaches.

A diverse range of user mobility prediction techniques has been proposed, including

Markov chain (MC), hidden Markov models (HMM), Artificial Neural Networks (ANN),

Bayesian networks, and data mining methods. Each approach exhibits distinct strengths

and limitations depending on the application context and data availability. MC models are

widely favored for their simplicity and effective performance in predicting mobility based

on historical transition probabilities. However, more sophisticated models, such as HMM,

ANN, and Bayesian networks, often deliver superior accuracy by modeling complex rela-

tionships within the data. Despite their advantages, these methods are constrained by their

computational complexity, which can pose challenges in resource-limited environments.

Data mining approaches introduce additional dimensions by incorporating external knowl-

edge such as roadmap information, environmental context, or social interactions. While

these methods demonstrate potential for enhanced prediction accuracy, they also reveal lim-

itations due to their reliance on supplementary data sources and the increased complexity

of integrating diverse information streams.

Over recent years, real-world trajectory data has emerged as a critical resource for training

and evaluating mobility prediction models. The availability of large-scale datasets derived

from GPS and CDR traces (and other sources) has facilitated the development of robust

and scalable models. However, the effectiveness of any prediction method is inherently tied

to the quality, granularity, and diversity of the used data.

3.4 Mobility prediction in 5G

By empowering networks to anticipate handovers, optimize resource allocation, and prevent

performance bottlenecks, mobility prediction is a critical enabler of reliable and efficient 5G

systems. This section explores foundational categories and advanced methodologies, focusing

on their transformative impact on 5G cellular networks.

Mobility prediction methods in 5G networks fall into two categories: history-based and

measurement-driven strategies. Each category offers unique mechanisms to enhance system

responsiveness and reliability while addressing specific challenges in dynamic environments.
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Fig. 1. Taxonomy of Mobility Prediction Methods in 5G with Representative References

By incorporating Cooperative Multi-Point (CoMP) transmis-
sion and sidelink solutions, this framework ensures uninter-
rupted connectivity in high-mobility scenarios. Kuruvatti et al.
[11] further developed a mobility-awareness framework using
Support Vector Machines (SVMs) to predict user trajectories,
facilitating efficient resource allocation and enhancing service
continuity in vehicular networks.

C. Neural Network-Based Innovations

Neural network-based approaches represent the cutting edge
in mobility prediction, combining advanced sequence model-
ing with interpretability. Gilly et al. [12] proposed a proactive
migration framework for vehicular edge computing, leveraging
mobility predictions to relocate MEC services preemptively.
This strategy ensures reduced latency and improved service
continuity.

Park et al. [13] extended these innovations with an LSTM
encoder-decoder model for vehicle trajectory prediction. By
employing beam search, their framework forecasts future
sequences over occupancy grid maps, enhancing situational
awareness in autonomous driving and driver-assistance sys-
tems. Lastly, Li et al. [2] advanced a hierarchical temporal

attention-based LSTM encoder-decoder model. By integrating
daily and weekly mobility patterns, this approach supports
long-term predictions and actionable insights for urban plan-
ning and location-based services.

IV. MOBILITY PREDICTION: A CORNERSTONE FOR
PREDICTIVE MAINTENANCE

A. Resource Management

[14] ?
Several studies have explored user mobility prediction for

resource management in mobile edge computing (MEC) sys-
tems. For instance, [15], [16] proposed solutions focusing on
resource optimization in MEC clusters. In [16], a cross-layer
framework was developed to support ultra-reliable low-latency
communication (URLLC) and enhanced mobile broadband
(eMBB) service types, achieving ultra-high reliability and low
end-to-end (E2E) delays for applications like VR/AR and fac-
tory automation. Meanwhile, [15] investigated joint resource
allocation and user association strategies by incorporating user
mobility prediction to enhance the efficiency of both user
association and resource allocation.

Figure 3.1: Mobility Prediction in 5G

As illustrated in Figure 3.1, we showcase the most significant contributions identified in the

literature as part of our analysis.

3.4.1 History-based prediction methods

History-based methods leverage statistical patterns in a user’s past mobility records to fore-

cast future movements. By analyzing transition probabilities between network cells, these

approaches provide predictive insights into user trajectories. In this context, Hou et al. [53]

introduced a linear prediction framework integrating communication co-design, which pre-

emptively transmits device states to minimize latency. However, its dependence on linear

systems and higher prediction errors over extended horizons reveal limitations, necessitating

advanced models. Xiao et al. [54] proposed an Recurrent Neural Network (RNN)-based
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framework for UAV trajectory prediction, combining Direction of Arrival (DOA) estimation

with grid-based preprocessing. This method enhances beamforming precision and system

reliability but struggles with scalability in highly dynamic scenarios. Similarly, Bahra and

Pierre [55] developed a hybrid prediction model integrating Vector AutoRegression (VAR)

with Gated Recurrent Units (GRU), addressing challenges like frequent handovers in dense

cellular networks. Complementing these efforts, Fattore et al. [56] designed Auto Mobile

Edge Computing (MEC), an Long Short-Term Memory (LSTM)-based framework predicting

user densities to optimize resource allocation in smart cities and automotive applications.

Gilly et al. [57] proposed a proactive migration framework for vehicular edge computing,

leveraging mobility predictions to relocate MEC services preemptively. This strategy en-

sures reduced latency and improved service continuity. Lastly, Li et al. [51] advanced a

hierarchical temporal attention-based LSTM encoder-decoder model. By integrating daily

and weekly mobility patterns, this approach supports long-term predictions and actionable

insights for urban planning and location-based services.

3.4.2 Measurement-driven prediction methods

Measurement-based approaches utilize instantaneous radio parameters (such as signal strength,

velocity, and distance) to predict user transitions. These real-time insights complement his-

torical data by capturing current network conditions. In this context, Liu et al. [58] in-

troduced the Edge-Assisted Vehicle Mobility Prediction (EVM) algorithm, integrating Con-

volutional Neural Networks (CNNs) and RNNs with transfer learning to address challenges

like seamless handovers in Vehicle-to-Everything (V2X) communications.

Park et al. [59] proposed an LSTM encoder-decoder model for vehicle trajectory predic-

tion. By employing beam search, their framework forecasts future sequences over occupancy

grid maps, enhancing situational awareness in autonomous driving and driver-assistance

systems.

In [60], Kuruvatti et al. proposed the Mobility Context Awareness (MCA) framework,

which anticipates future Evolved Node B (eNB) associations and proactively migrates MEC

services. By incorporating Cooperative Multi-Point (CoMP) transmission and sidelink solu-

tions, this framework ensures uninterrupted connectivity in high-mobility scenarios. Later

on, the same authors, in [61], developed a mobility-awareness framework using Support Vec-
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tor Machines (SVMs) to predict user trajectories, facilitating efficient resource allocation

and enhancing service continuity in vehicular networks.

In [62], Sinha et al. have proposed an SDN-based seamless mobility management frame-

work tailored for Beyond 5G services in high-speed railways. By utilizing Kalman filter-based

trajectory estimation and dynamic flow rule installation, it ensures optimized handovers with

reduced latency and sustained QoS. The proposed framework enhances the handover effi-

ciency through preemptive connections. However, challenges in scaling to multi-controller

SDN environments and reliance on precise trajectory predictions, which may impact relia-

bility in dynamic scenarios.

3.5 Mobility prediction helps predictive maintenance

The following categories illustrate the critical role of mobility prediction in predictive mainte-

nance. By enabling efficient traffic management, dynamic resource allocation, and seamless

network slicing, these methods ensure high reliability and low latency in diverse applications.

We illustrate in Figure 3.2, the most relevant contributions identified in the literature as part

of our analysis.

3.5.1 Traffic and Bandwidth Management

Traffic and bandwidth management play a pivotal role in ensuring that network resources are

allocated efficiently to handle fluctuating traffic demands. By leveraging mobility prediction,

these methods proactively address congestion and optimize load balancing, ensuring seamless

communication for delay-sensitive applications.

Chen et al. [26] have proposed an intelligent traffic-adaptive resource allocation frame-

work for edge-computing-based 5G networks. By employing an attention-enhanced LSTM

model for mobile-traffic prediction, the framework forecasts peak traffic flows, enabling

proactive resource allocation across edge and remote clouds. Mobility prediction optimizes

resource management by dynamically balancing network loads, reducing congestion, and

ensuring URLLC. This approach integrates user mobility patterns to enhance resource uti-

lization and improve QoE for delay-sensitive applications in dense networks.

Xiao and Chen [63] have proposed an LSTM-based traffic prediction framework for dy-
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Fig. 2. Overview of Mobility Prediction Techniques for Predictive Maintenance in 5G

For medium and high mobility scenarios, frequent move-
ment across clusters necessitates rapid resource reservation
and management. Studies such as [10], [11], [17] have pro-
posed algorithms based on mobility prediction to address
these challenges. Plachy et al. [17] employed a Markov
Decision Process (MDP) framework, using mobility prediction
to identify optimal communication paths and dynamic virtual
machine (VM) placement. Kuruvatti et al. [10], [11] focused
on vehicular use cases within 5G MEC systems under URLLC
services, proposing frameworks for predicting user trajectories
and future serving cells to support service continuity and
reduce migration times in V2X communications.

In traditional LTE networks, mobility prediction has also
been explored. For example, Lv et al. [?] proposed a Hidden
Markov Model (HMM)-based mobility prediction algorithm
that utilizes trajectory characteristics and historical eNodeB
sequences to predict the next serving eNodeB, enabling proac-
tive resource preservation. In contrast, 5G networks, enhanced
by Software-Defined Networking (SDN), can continuously
collect user data from UEs and BSs, enabling dynamic channel
computation and path adjustments. Lee et al. [18] proposed an
SDN-based handover scheme leveraging linear programming
to select optimal next cells based on user movement informa-
tion, significantly reducing overhead and handover delays.

B. Mobility Management

Recurrent Neural Networks (RNN), particularly LSTM ar-
chitectures, have proven highly effective in time-series fore-
casting tasks, including user mobility prediction [19], [20]. For
instance, LSTM-based models can extract hidden correlations
in user trajectories, enabling accurate predictions for both
short-term and long-term scenarios. In [21], an LSTM-based
intelligent resource management solution for RAN slicing was
proposed, improving system utility by capturing user mobility
patterns. Abbas et al. [22] applied LSTM models for traffic
prediction, advancing the automation of network slice lifecycle
management and resource scaling.

C. Location-Based Services

The high density of access nodes (ANs) in 5G networks
presents unprecedented opportunities for advanced position-
ing systems, significantly benefiting Location-Based Services
(LBS). By leveraging predictive models, 5G networks can
enhance resource and radio resource management (RRM)
capabilities [23]. These systems use mobility prediction to
provide precise location tracking and service delivery, meeting
the demands of emerging LBS applications.

Figure 3.2: Mobility Prediction for Resource Management in 5G

28



3.5. MOBILITY PREDICTION HELPS PREDICTIVE MAINTENANCE

namic bandwidth allocation in 5G transport network slices. The system employs LSTM

models to predict traffic demands across different service types. Resource management inte-

grates mobility predictions with a fractional knapsack optimization algorithm, dynamically

reallocating bandwidth based on service priorities and traffic patterns. This ensures en-

hanced resource utilization, reduced packet loss, and improved user experience.

Cheng et al. [64] have proposed a joint user association and resource allocation frame-

work in heterogeneous networks (HetNets) utilizing Virtual Small Cells (VSCs) and mobility

prediction. The approach employs MC to predict user mobility. Multi-agent Q-learning and

Deep Q-Networks optimize resource allocation by proactively addressing user mobility and

interference, enhancing system capacity, spectrum efficiency, and service continuity in com-

plex HetNet scenarios.

Shabbir et al. [65] have proposed a proactive Mobility Load Balancing (MLB) frame-

work for ultra-dense networks, leveraging RNN-LSTM models. The framework predicts user

trajectories and access point (AP) loads by analyzing mobility patterns and traffic data, en-

abling dynamic AP-UE associations. By forecasting AP usage, the system optimizes resource

allocation to balance network loads, reduce handover failures, and minimize latency. The

proposed framework ensures efficient utilization of network resources while maintaining ser-

vice quality in dense environments. However, the reliance on accurate trajectory prediction

and the computational complexity may limit scalability in large-scale scenarios.

3.5.2 Cross-layer and network slicing optimization

Cross-layer and network slicing optimization focus on harmonizing communication and com-

putational resources across different network layers. By integrating mobility prediction, these

methods dynamically adjust resources, ensuring that mission-critical applications maintain

their stringent performance requirements.

She et al. [66] have proposed a cross-layer optimization framework for Mission-Critical

IoT (MC-IoT) in MEC systems. This framework integrates mobility prediction with re-

source management by dynamically adjusting user association, packet offloading rates, and

bandwidth allocation based on predicted traffic patterns. Mobility insights help balance

communication and computation loads, ensuring URLLC. By optimizing edge and network

resources, the approach enhances performance for MC-IoT services like factory automation
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and remote health monitoring.

Li et al. [67] have proposed an LSTM-enhanced Advantage Actor-Critic (A2C) algo-

rithm for resource management in 5G network slicing. The model incorporates user mobility

prediction via LSTM to track dynamic traffic patterns and fluctuating service demands.

By leveraging temporal correlations, the algorithm optimizes bandwidth allocation across

slices, ensuring high spectrum efficiency and adherence to Service Level Agreements (SLAs).

This integration of mobility prediction improves decision-making and supports low-latency,

high-reliability communications in complex network environments.

Abbas et al. [23] have proposed an Intent-Based Networking (IBN) platform for manag-

ing the lifecycle of network slices in 5G mobile networks. This platform incorporates mobility

prediction to optimize resource allocation and ensures QoS compliance by dynamically scal-

ing resources based on predicted usage patterns. The closed-loop mechanism integrates deep

learning to automate slice instantiation, monitoring, and updates. This approach enhances

resource utilization, minimizes manual configuration, and ensures service reliability in dy-

namic multi-domain environments.

Tariq et al. [68] have proposed an LSTM-based framework for traffic demand prediction

tailored to 5G network slices, focusing on mobility-aware resource management. The system

predicts slice-specific traffic demands by analyzing mobility patterns and application usage

trends, allowing dynamic resource allocation across the different types of slices. This ap-

proach ensures proactive handling of traffic spikes, enhancing service continuity and resource

utilization. However, high computational complexity and reliance on precise mobility data

limit scalability in dense, heterogeneous networks.

3.5.3 Overall Discussion

This subsection provides a comparative analysis of the discussed mobility prediction methods

using six criteria: scalability, mobility prediction precision, resource optimization, Service

Quality Assurance (SQA), traffic adaptability, and operational complexity. These criteria

reflect core aspects of predictive maintenance, emphasizing proactive resource allocation,

reliability enhancement, and operational efficiency. We give in Table 3.1, the overall com-

parison of the reviewed works. In the following, we give some insights regarding this study.

Scalability is vital for mobility prediction methods to remain effective in dynamic net-
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works; for instance, Abbas et al. [23] employed IBN to dynamically adjust resources across

multi-domain systems, making it ideal for large-scale predictive maintenance, whereas Shab-

bir et al. [65] addressed ultra-dense networks with RNN-LSTM models but faced scalability

challenges due to computational complexity. Precision in mobility prediction further enables

proactive resource allocation: Chen et al. [26] used attention-enhanced LSTM models for

accurate peak traffic prediction, improving resource distribution, and Shabbir et al. [65]

optimized access point load balancing with trajectory-based RNN-LSTM models. Resource

optimization is crucial as well; Li et al. [67] integrated LSTM and reinforcement learning

to dynamically allocate resources across slices while meeting strict SLAs, and Cheng et al.

[64] utilized virtual small cells (VSCs) to pool resources and address traffic hotspots effec-

tively. Service quality assurance (SQA) is indispensable for reliability and low latency: Xiao

and Chen [63] dynamically allocated bandwidth to critical services using fractional knapsack

optimization, while She et al. [66] focused on URLLC for mission-critical IoT. Lastly, opera-

tional complexity varies across solutions; lightweight approaches such as Xiao and Chen [63]

are computationally efficient, whereas more advanced frameworks like Shabbir et al. [65]

may face limitations in real-time deployment due to higher demands.

3.6 Conclusion

This chapter has provided a review of how mobility prediction techniques can enhance pre-

dictive maintenance strategies in 5G networks. By surveying a variety of modeling ap-

proaches, we showcased how accurate forecasting of user trajectories and network states lays

the groundwork for proactive service management. Predictive maintenance frameworks be-

come significantly more effective when mobility insights are integrated, enabling preemptive

resource allocation, dynamic load balancing, and seamless handover support.

As 5G continues to evolve into a heterogeneous environment with diverse use cases

(spanning critical applications such as industrial automation, telemedicine, and vehicular

networks) predictive maintenance must evolve accordingly. Advanced data analytics tools,

cross-layer orchestration, and real-time network slicing will be paramount in meeting the

stringent requirements of low-latency, high-reliability communication. Through this syn-

ergy, 5G systems can move closer to self-optimizing infrastructures capable of detecting and

mitigating potential disruptions before they degrade network performance or user experience.
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Ref. Scalability Prediction
Method

Resource
Optimiza-
tion

SQA Traffic
Adaptability

Operational
Complexity

[26] Effective in
edge-centric
networks
with man-
ageable
complexity

Leverages
attention-
enhanced
LSTM for
precise peak
traffic predic-
tion

Balances edge
resources
proactively
to minimize
latency

Ensures
URLLC
for delay-
sensitive
applica-
tions

Dynamically
adjusts to lo-
calized peak
traffic fluctua-
tions

Designed for
edge-cloud
collaboration
with moderate
computational
demands

[63] Addresses
transport
network
slicing with
tailored so-
lutions

Employs
LSTM for
forecast-
ing traffic
demands
across service
classes

Allocates
bandwidth us-
ing fractional
knapsack opti-
mization

Prioritizes
critical
services

Implements
slice-specific
adjustments
based on pre-
dicted demand
patterns

Lightweight
greedy al-
gorithm for
efficient compu-
tation

[64] Limited
scalability
in dense
networks

Markov-
based predic-
tion model
for traffic
hotspot anal-
ysis

Pools virtual
small cell
resources for
dynamic user
association

Improves
spectral
efficiency

Adjusts re-
source alloca-
tion to respond
to traffic trends

Relies on
multi-agent
Q-learning,
increasing
computational
complexity

[65] Scales in
dense net-
works

RNN-LSTM
models for
trajectory-
based load
balancing

Optimizes ac-
cess point-user
associations
to prevent
congestion

Enhances
handover
success

Tailors access
point load
management
to dense traffic
environments

Computational
demands may
limit applica-
tion in large
networks

[66] Targets
mission-
critical IoT
with MEC
integration

Integrates
mobility to
optimize
cross-layer
resource allo-
cation

Balances com-
munication
and computa-
tional loads for
short-packet
processing

Ensures
stringent
delay for
critical IoT
services

Adapts to fluc-
tuating IoT
traffic patterns
with low la-
tency demands

Employs cross-
layer algorithms
that are moder-
ately complex

[67] Operates
effectively
across multi-
ple network
slices

Combines
LSTM and
A2C rein-
forcement
learning for
adaptive pre-
dictions

Ensures bal-
anced spec-
trum utiliza-
tion

Provides
robust QoS
for diverse
applica-
tions and
traffic types

Proactively
manages re-
sources for
real-time multi-
slice demands

High com-
putational
requirements
due to deep
reinforcement
learning

[23] Scales in
multi-
domain
resource
allocation

Utilizes
intent-based
networking
to predict
and scale
resources
dynamically

Automates
slice manage-
ment to opti-
mize resource
utilization

Maintains
QoS com-
pliance
by dy-
namically
scaling the
slices

Handles real-
time traffic
spikes and fluc-
tuating slice
requirements

Moderate com-
plexity due
to automated
closed-loop
mechanisms

[68] Limited in
dense net-
works

LSTM-based
framework
for traffic
demand pre-
diction

Cross-slice
dynamic allo-
cation

Service
continu-
ity and
resource
allocation

Proactif slice
traffic manage-
ment

High computa-
tional complex-
ity

Table 3.1: Mobility prediction helps predictive maintenance
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To complement these efforts and pave the way for enhanced predictive resource allocation,

the next chapter will present our proposed mobility model, designed to further optimize

network efficiency and reliability under dynamic conditions.
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4.1. INTRODUCTION

4.1 Introduction

This chapter is dedicated to our proposition for advancing mobility prediction methodolo-

gies. While we do not claim to provide a comprehensive solution for the full establishment

of predictive maintenance, we present an innovative approach that achieves high-precision

user mobility predictions. This, in turn, facilitates efficient resource orchestration and mit-

igates performance degradation. Our proposed solution [69] is tailored to a specific use

case: vehicular mobility. By focusing on enhancing movement predictability within mcMTC

networks, we aim to prevent the degradation of critical services caused by user mobility.

This approach addresses the dynamic nature of such networks while ensuring the stringent

QoS requirements of URLLC. Moreover, our solution contributes to optimizing 5G network

performance by enabling proactive management of network slices, particularly for scenarios

requiring robust support for high-mobility mcMTC use cases. Central to this chapter are

the following key questions: How can the most effective mobility prediction models be de-

veloped and selected? And how can these models be integrated into the 5G network slicing

architecture to ensure seamless and reliable machine-type communications? These are the

critical issues we explore in this chapter, offering insights into how mobility prediction can

empower next-generation networks to meet the demands of dynamic vehicular environments.

4.2 Context and motivation

Cellular systems originated for Human Type Communications (HTC) to serve users with

high mobility and high data rate, such as streaming a high-definition video for train pas-

sengers [35], which corresponds to mobile broadband communications in 5G communication

systems. However, in the context of MTC, mcMTC is the most mobility-sensitive type,

where the mobility of connected end-users has a direct influence on the QoS of communi-

cations. Accordingly, it is very challenging to satisfy the mcMTC URLLC requirements in

a dynamic environment, especially for high mobility applications scenarios cases like V2X

communications in 5G enabled vehicular networks.

Network slicing is one powerful tool used to achieve the desired QoS URLLC. It provides

the mcMTC slice reserved to handle URLLC. In contrast, for high-mobility application

scenarios, a dynamic network slicing can improve the 5G systems to handle the dynamicity
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of mcMTC slices when their connected users move. Hence, mobility prediction techniques

are potential solutions that can be used to empower network slicing systems towards effective

dynamic network slicing and, thus, be able to respond to network variability in near real-

time.

The motivation behind this research stems from the greater mobility challenges faced in

network slicing for mcIoT compared to eMBB and mIoT slices. These challenges arise from

the autonomy of mcIoT applications and their strict latency and reliability requirements.

Although network slicing has proven successful in reducing latency and increasing reliability

in IoT communications, it still encounters significant limitations in ensuring seamless han-

dovers, maintaining URLLC-level QoS, and guaranteeing stable communications for mcIoT

applications. The primary mobility challenges in the mcIoT slice include:

• High mobility and rapid cell transitions: Devices in mc-IoT applications often

move at high speeds, necessitating frequent transitions between cell base stations. For

instance, autonomous vehicles traveling on highways at speeds over 100 km/h must

switch from one cell to another within seconds. If the handover process is not fast

enough, the vehicle may experience a temporary loss of connection which is unaccept-

able for mcIoT Requirement, and potentially leading to a failure in receiving real-time

updates about road conditions or navigation instructions, which could compromise

safety in case of emergency breaking for example.

• Stringent QoS requirements: mc-IoT applications require stringent QoS to ensure

reliability and low latency. Disruptions during handovers can lead to delays or loss of

critical data. For example, in autonomous driving, a delay in handover could mean

that the vehicle does not receive timely information about an obstacle or traffic signal

change, leading to a potential accident.

• Dynamic network conditions: During large public events, such as concerts or

sports events, network congestion can dramatically increase due to the high number of

users in a small area. This can interfere with the handover process for mc-IoT devices

like emergency response drones or public safety vehicles, which rely on uninterrupted

communication to perform critical functions.

• Network slicing management becomes complex: Mobility in mcIoT introduces
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significant challenges for network slicing, making operational slice lifecycle manage-

ment far more complex than in static slicing scenarios. This complexity arises from

device mobility, strict URLLC QoS requirements, frequent handovers, as well as or-

chestration, automation, and isolation challenges in dynamic environments. Network

slicing management can address mobility of mcIoT slices at several levels, such as:

1. Service continuity across cells and slices: To ensure QoS continuity during thou-

sands of simultaneous handovers, mobility management must adress inter-slice

continuity, not only cell-to-cell continuity. The handover process becomes more

complex because it involves QoS-aware orchestration, rather than simple cell

switching, in order to maintain seamless continuity across network slices during

mobility.

2. Dynamic slice adaptation: When devices move across cells, the slice must be

dynamically reconfigured or extended to maintain QoS, with resource allocation

managed in real time for the moving devices. For instance, if hundreds of drones

enter the same cell simultaneously, the slice must instantly scale up resources

without violating the 1 ms latency constraint to avoid drone crashes.

3. Cross-slice interference: The mcIoT slice operates together with eMBB and mIoT

slices; thus, resource competition (e.g., bandwidth, edge servers and theirs CPUs)

needs intelligent slice orchestration. For example, during High-Speed Train (HST)

travel, an eMBB slice may provide high-definition (HD) video streaming or high-

speed Internet access for passengers, while a mcIoT slice for critical train commu-

nications simultaneously requires ultra-low latency and high reliability for safety

and control message delivery between the train conductor and the rail operating

center. Without intelligent orchestration, the mcIoT slice could suffer perfor-

mance degradation due to competition with eMBB traffic. If control messages

are not delivered on time, the system risks accidents or emergency stops.

• UDN with Auto and Heterogeneous Devices & Use cases. In mcIoT slices,

ultra-dense networks host thousands of heterogeneous devices with diverse QoS needs—from

simple sensors with delay tolerance to vehicles requiring real-time safety signaling.

Managing UDNs with such device diversity makes mcIoT slice mobility particularly

challenging, as the network must simultaneously support thousands of connections
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while meeting strict QoS requirements. For example, in a train station, the slice must

serve vehicls, drones, sensors, and passengers without affecting safety-critical mcIoT

communications.

• Legacy mobility management approaches are insufficient: Legacy mobility

management mechanisms enhance largely the eMBB demands for high data through-

put with best-effort handovers, assuming that short disruptions are tolerable. However,

they cannot address mission-critical IoT scenarios, as mcIoT requires uninterrupted

service continuity, ultra-low latency, high reliability, and real-time slice orchestration

under mobility. These characteristics render legacy mobility management mechanisms

either unusable or insufficient, thereby highlighting the need for novel, on-demand

mobility management strategies for mcMTC. For instance, Session Continuity via An-

chors (SGW/UPF) is a legacy mobility function based on centralized anchoring for

simplicity, where added delay is tolerable. However, it cannot be applied to mcIoT,

which requires distributed and dynamic anchors to minimize latency. For example, in

autonomous vehicle handovers, central detour latency is unacceptable.

While the motivation for choosing the LSTM framework as an appropriate mobility pre-

diction method has been established, it is important to note that LSTM is particularly

well-suited for addressing the challenges of mc-IoT slice management in dynamic IoT ap-

plications due to its ability to handle sequential data and capture long-term dependencies.

The relevance of LSTM-based next-cell prediction can be summarized as follows:

• Handling sequential data: LSTMs excel at processing sequential data, making them

ideal for predicting future cell connections based on historical movement patterns.

This capability is essential for understanding and anticipating the mobility patterns of

devices in mc-IoT applications. For instance, in connected vehicle scenarios, LSTMs

can learn from past movement sequences to predict the next-cell, enabling proactive

handover decisions that reduce latency and prevent dropped connections.

• Capturing temporal dependencies: LSTMs can capture long-term dependencies

in data, allowing them to consider the temporal context of a device’s movements. This

results in more accurate predictions of future cell transitions. In intelligent trans-

portation systems, LSTMs can process and learn from the temporal patterns of vehicle
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movements and traffic conditions, enhancing the accuracy of next-cell predictions and

ensuring seamless connectivity.

• Adaptive and proactive resource allocation: By accurately predicting the next-

cell a device will connect to, LSTM-based models enable proactive resource alloca-

tion. This means that network resources can be prepared in advance for the incom-

ing connection, minimizing handover latency and ensuring QoS. For UAV operations,

this predictive capability ensures stable control and data links, even as UAVs move

through areas with varying network coverage, maintaining the high reliability required

for mission-critical tasks.

In what follows, we discuss the assumptions in mission-critical IoT slice category group as

classified by the ITU organisation and what problems that arise. Then, we explain in detail

the range of mobility mcMTC applications supported by the 5G network, the concept of

network slicing architecture and the slice responsible for such types of applications. Further,

we demonstrate how network slicing can address some of the main problems of mc-IoT appli-

cations mentioned earlier, and how the mobility prediction may assist network slicing system

to handle the dynamicity of mc-IoT slices. This is establisged through a logical sequence ,

beginning with the critical aspects of mc-IoT communications, their applications, and the

impact of mobility on this type of communication. Then, the slicing aspect is addressed

through the introduction of specialized mc-IoT slices within the three-layer functional archi-

tecture of network slicing, highlighting their advantages in terms of reducing communication

latency as well as managing heterogeneity and scalability. After that, we highlighting the

advantages of using LSTM for historical mobility prediction and in the URLLC communica-

tion domain. Finally, we provide a detailed architectural description of the proposed LSTM

model used for next-cell prediction. We explain its benefits for mc-IoT slices under network

slicing. We also show how it serves as a predictive maintenance (PdM) framework that helps

manage resources efficiently and reduces performance degradation during real-time critical

operations. Finally, we provide a detailed architectural description of the proposed LSTM

model used for next-cell prediction, by discussing its benifits for mcIoT slices under network

slicing and its role as a predictive maintenance framework that supports efficient resource

orchestration and mitigates performance degradation in real-time critical operations.
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4.3 Mission critical IoT communication

mcMTC is intended for time-sensitive communication, which focuses on scenarios where

quick, dependable responses are critical, which emphasizes high device density over ultra-

low latency and reliability. This type of communication is specifically designed for mission-

critical IoT scenarios operating in controlled environments. It is characterized by small

payloads and low data rates, ensuring highly reliable and consistent performance for critical

applications.

4.3.1 Applications, requirements and assumptions

In comparison to older cellular networks, they have been designed to satisfy the human com-

munication application scenarios, where most efforts have focused on providing users with

connectivity that accommodates the growing demand for higher data rates. In 5G, mc-IoT

is a subset of IoT, designed for mission-critical IoT application scenarios that require a data

delivery from end-to-end, while guaranteeing URLLC [70]. The typical mc-IoT use cases

as mentioned in [32], include the communication between vehicle and the transportation

infrastructure and the cooperation among vehicles in smart transportation [71, 72], remote

surgery in healthcare [72], robotics cooperation or remotely maneuver in public safety agent

[72] or process automation and control in industrial environments [73, 72, 74], and many

others. As well, these applications are characterized by different functional and performance

requirements [75], where the degree of importance of each feature differentiates from one

application to another. For mcMTC services, 5G standards outline high levels of availabil-

ity, while latency requirements are often set to reach millisecond-level delays or even lower

[76]. The different mission-critical IoT use cases and applications with theirs diversified

requirements are depicted in Figure 4.1.

Accordingly, we define mc-IoT through a set of stringent requirements and fundamental

assumptions that are indispensable for supporting mission-critical applications—where even

minimal disruptions or delays can result in severe consequences. The core requirements of

mc-IoT encompass ultra-high reliability, ultra-low latency, and high availability. Reliability

refers to the probability that a given data packet is successfully delivered within a specified

time frame. It mandates that packets are not only transmitted successfully from one node

to another but also that the predefined latency constraints are met. Latency is defined as
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Figure 4.1: The different mc-IoT application scenarios and requirements

the time delay between the moment data is generated and transmitted by a device and the

instant it is successfully received and processed by another. Finally, availability denotes the

probability that a given service remains accessible, particularly in terms of coverage. For

example, an availability rate of 99.99% implies that, on average, one user out of 10000 may

experience insufficient coverage.

4.3.2 Mobility support

In terms of mobility requirement, mcMTC use cases may be classified from applications with

high mobility support such as self-driving cars, intelligent transportation systems, railway

and aviation systems, to also applications that require less or no mobility at all, such as

factory automation, remote control and virtual/augmented reality. Starting from Rel-15

and continuing in the 3GPP releases, 5G focused on supporting critical MTC and enables

new use cases categories by meeting the requirements imposed by URLLC transport appli-

cations, such as connected cars, high-speed trains, and unmanned aerial vehicles [77, 71]. In

High mobility application scenarios, many factors will seriously degrade the system perfor-

mance due to high-frequency bands, higher doppler effect, and fast movement with speeds

up to 500 km/h, where the recent communication systems develop advanced innovations and

technologies to provide services to high mobility MTC users at a data rate on the order of

hundreds of Mbps or higher [78]. For instance, many 5G underlying advanced communica-
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tion technologies such as ultra-dense networks, ultra massive multiple-input multiple-output,

and millimeter wave can enhance localization, coverage, and reliability’s communication per-

formance [79, 80] for such types of high mobility MTC applications.

4.4 Network slicing architecture model

The concept of network slicing has been introduced as a key enabler to help reach the best

QoS for each tenant while serving diversified and heterogeneous services and applications.

As shown in Figure 4.2, the three-layered view of network slicing architecture inspired from

[81] allows to provide on-demand tailored services for distinct application scenarios while

using the same physical infrastructure [81]. It makes partitioning of the physical network

into multiple virtual network slices, isolated from each other to build an end-to-end network

service with optimal utilization of resources in terms of communication, computing, and

storage [75]. The upper layer contains a variety of vertical applications supported by 5G, each

application type has its own characteristics and requirements. To fulfill the requirements of

each application type, 5G is classified into three slice groups: enhanced Mobile Broadband

(eMBB) to support a large traffic flow cases, mcMTC slice (URLLC) for mission-critical

communications, and massive MTC slice (mMTC) for massive MTC. All done through

leveraging SDN and NFV technologies, which are responsible to construct, configure and

manage all the network slices.

mcMTC is the most critical slice in 5G, where its main goal is to enhance the user’s QoE

by establishing highly reliable, low-latency, and stable communications [26]. It is intended for

critical applications with URLLC and is characterized by a lower data rate, bursty traffic,

and small payloads [34]. Reliability and latency are the main KPIs of the mcMTC slice.

Availability, security, resiliency, and mobility are also critically important features of the

mcMTC slice to provide services that are extremely sensitive to latency, such as autonomous

driving [82, 81]. In addition, mcMTC is a time- and mobility-sensitive slice, which requires

priority over all other mobility decisions of nodes and dedicated resources [83]. Therefore,

user mobility may influence URLLC communication requirements, but the automation of

network slice operations is a promising solution to improve the KPIs of mcMTC slices in a

dynamic 5G communication system, requiring the design of models and operational policies
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Figure 4.2: Network slicing architecture.

in an anticipatory manner.

4.5 AI-Mobility Prediction for mcIoT Slice Enhance-

ment

Communication networks are inherently dynamic as explained in [84], which means that,

in a dynamic system, when the network parameters and/or topology change frequently, the

network slicing management will require proactive decision-making to adjust network slices

to match the network changes. Furthermore, prediction techniques are relevant solutions

that can be used for dynamic network slicing and the automation of 5G network slicing

functions [84, 85]. The basic idea is when the system will be able to predict the behavior of

users’ mobility and the status of the network slices parameters (such in [67] and [23, 86, 87]

respectively), then the predicted information can be employed to make decisions to up-

date the system accordingly, to better preserve resources and maintain connections stability

with users of slices. On another hand, we focus on AI mobility prediction engines, because

AI-based solutions thrive particularly in the context of MTC due to its heterogeneous re-

quirements [30]. In particular, providing AI-movement predictability in mcMTC networks

is crucial to preserve resources, maintain connection continuity, and meet their critical QoS
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requirements. Hence, supporting URLLC applications with high mobility in wireless com-

munication systems will bring significant research challenges [80], especially at the virtual

level of network slicing systems.

Within the scope of cellular networks mobility prediction is considered one of the main

investigation fields, which is used to optimize the performance of various network func-

tions such as mobility management, resource management, and location-based service [88].

History-based mobility prediction is one way to address the influences of user’s movement, by

estimating their user mobility patterns based on their movement history records, and there-

fore be able to predict the future movement of a given actual state [88]. There are different

kinds of mobility prediction methods based on historical movement data, but through accu-

racy evaluation studies on location and trajectory predictions [52, 89] data-driven methods

(e.g., ML) can reach better prediction accuracy compared with model-based methods, and

can be applied to further improve the performance for data with short and long-term depen-

dencies. Moreover, the particular ML supervised deep learning algorithms are very powerful

when the amounts of available history data are extremely large, which will be able to find

the optimal solution in near real-time [89] so as to make regression or classification tasks.

Meanwhile, the historical movement resulting from prior user movement trajectories may be

approached as a time series of locations, where the Deep Learning LSTM algorithm is very

powerful for time-series prediction as shown in [90, 91], where authors have proved through a

set of experiments that the Recurrent Neural Network LSTM outperforms statistical model

ARIMA and traditional ML Support Vector Machine model SVM on time series forecasting

in both traffic and user mobility prediction. Besides, the mobility prediction model based on

LSTM can extract hidden correlations in the user’s movement history to make predictions

with input sequences of different sizes (at short-term or long-term levels).

LSTM has been applied in various fields in computer science, not only in the natural

language processing field (i.e. machine translation [92] and speech recognition [93]) but

also adopted in wireless networks fields and improved the KPIs of communication systems.

Within the framework of URLLC communication systems as presented in [89], LSTM has

shown its superiority in different time series problems; such as channel prediction [94, 95],

mobility prediction [96, 97], traffic prediction [26], and also QoS/QoE prediction [98]. How-

ever, only a few works have investigated LSTM under network slicing architecture. Li et

al. [67] proposed an intelligent resource management solution for RAN slicing that may cap-
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ture the user mobility and enhance the system utility, while Abbas et al. [23] proposed a

traffic LSTM-based solution toward the automation of network slice life-cycle management

and resource scalability assurance at the operational level, and the authors in [63] have pro-

posed a dynamic bandwidth resource allocation method for transport network slicing based

on traffic prediction using LSTM model. As a result, due to the availability of large-scale

mobility profiles in the network captured from the mobility of their connected URLLC users,

a supervised deep-learning LSTM is a candidate solution for the mobility prediction prob-

lem that may be applied to handle the dynamicity of URLLC networks in network slicing

systems.

4.6 Next-Cell awareness in 5G network slicing system

In 5G communication systems, positioning plays a major role to provide accurate location

information in both indoor and outdoor environments, which can be utilized not only for

location-based services but also for improving wireless communication performance like rout-

ing and network optimization, and a vast set of location-aware radio resource management

(RRM) functionalities [99, 100]. For instance, the enhanced Cell-ID method (E-CID) is a

positioning method already available in rel9, it is a cellular-based localization method typi-

cally applicable in urban and indoor environments when there is a lack of satellite visibility,

E-CID is an enhanced version of Cell-ID based methods in which cell-identity information

is combined with other measurements to improve the positioning accuracy capabilities [99],

and therefore cell-identity and other measurement-related information of passing users are

captured at the network side and thereafter they will be available at the network in an

updated and reliable manner.

From one side, location information can benefit the performance of the 5G communication

systems to rapidly control their operations and improve their KPIs requirements through

designing communication systems in an anticipatory manner [101, 100], and from another

side, the location in terms of the Cell Identity is the key mobility-related factor in the

cellular network, as the mobility management definition in [102] that is the process in which

the network is able to know the cell that is currently in use by a user. For such reasons,

to improve the network slicing systems to fulfill the desired URLLC networks requirements

in a dynamic environment, next cell prediction is one way to tackle these issues, that will
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address the geographic movement effect of their connected MT-users at the virtual level, in

order to provide proactive control and management over URLLC network slices.

Therefore, in mcMTC applications of medium and high mobility scenarios, when the

MT-user is in motion, the serving cell will be changed over time which causes more frequent

handover, and the ability of a service provider (SP) to predict the cell that will be traversed

in the near future may perform seamless mobility and fast handover control, wherein the

network slicing management entity will be aware enough of the toward cell that will be visited

to perform the suitable updates for network slice, so as by preparing mobility and resource

management algorithms required in advance before the handover occurs. Thereafter, Next-

cell awareness can be harnessed in 5G network slicing architecture for the following aspects:

1. In mcMTC slices, the current serving cell information is also reliably and availably

ensured in the network because the Cell-Identity is a network based information. Also

the latency of URLLC communications will be reduced, because as same as all dedi-

cated functions of critical slice the AI next cell prediction module should be deployed

at the edge cloud for fast decision making.

2. We find such types of applications in urban and indoor environments, where the 5G

network becomes ultra-dense due to the dense distribution of small cells within a macro

cell, and a redundant coverage is established which can be used to ensure the reliability

for URLLC slices based on the predicted IDCell information. That is why the predicted

IDCell information may optimize the handover operation between neighboring cells, by

a prior update of the Neighbor relation Table (NRT) of eNodeB when a moving cell or

a newly added small cell are detected.

3. When the MT devices are continuously moving from one cell to another, it is necessary

to perform corrective actions in advance to handle the mobility over network slices.

Thus, to avoid service degradation, and resource wastage into critical slices, AI-next cell

prediction algorithm can benefit both resource management and mobility management

planes for the 5G network slicing architecture. This means that the predicted next

cell information is used as a movement indicator to run the dedicated mobility and

resource management algorithms of critical slices.

4. Automatic processing of network control and management is one of ITU-T’s key goals
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in the IMT-2020 network [27], which provides a dynamic network slicing solution in

5G systems to address users’ varying communication requirements and to match the

network changes. Therefore, based on our next cell prediction module, the network

slice management will be extended toward proactive and dynamic update support of

network slices, so that there will be critical slice-aware mobility. Accordingly, it may be

applied to allow the automation of mcMTC slice operations, including the automation

of the life-cycle management of critical slices to react to dynamic network changes in

near real-time.

5. Self Organized Networks (SONs) play also a major role in the automation of 5G network

slicing management, and Automatic Neighbour Relation (ANR) is a SON function that

automates the management of adjacent neighbours in the eNBs, but not on a real-time

basis [103]. In critical applications having high mobility support, the neighbour cell

lists are frequently modified, which requires the ANR function to be able to optimize

neighbour cell lists more quickly. This can be effected based on the prior knowledge

of the cell that the moving user will connect to in the near future, which can extend

the capacity of the ANR function to respond to the change of network topology for a

proactive resource adjustment and therefore achieve a timely hand-off.

6. To realize IoT with seamless and ubiquitous computing, energy efficiency must be im-

proved due to constrained resources and limited power capabilities. This is particularly

critical in mcIoT systems, due their strict latency requirements and uninterrupted con-

nectivity demands. Generally, the energy aspect refers to: 1)Preserve the battery life of

sensors and machine-type devices such as vehicles and drones. 2)Reduce the network’s

energy costs by minimizing excess energy consumption from antennas, base stations,

and servers. Network slicing, combined with NFV and SDN, plays a key role in opti-

mizing the energy aspect while guaranteeing safety-critical QoS. When integrated with

next-cell prediction, energy efficiency is further improved by enabling the network to

anticipate future cells, prepare handovers in advance, and avoid unnecessary signaling

and redundant handovers.
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Figure 4.3: PdM strategies for enhancing 5G mcIoT slice QoS.

4.6.1 Next-Cell Prediction for Slice Maintenance under Mobility

The proposed next cell prediction architecture acts as a predictive maintenance framework

(PdM) within 5G-based network slicing systems. The deployed next-cell model enables the

network slicer to determine in which cell the user is located in near real-time based on its

current serving cell. This helps PdM to maintain the network slices proactively, thereby

directly improving the reliability and QoS of mission-critical IoT services and mitigating

disruptions under mobility.

This is illustrated in Figure 4.3, where PdM in 5G networks functions as a modern SoN

system for the network slice manager to enhance and preserve QoS. PdM leverages data mon-

itoring, AI tools, and mobility prediction analytics to proactively prevent network component

failures and implement timely interventions to maintain consistent network functionality.

Moreover, PdM operates in a closed-loop automation process :

1. Monitoring : The system continuously collects real-time data and mobility predic-

tions.

2. Detection : Events are triggered only when potential failure signs are detected.

3. Analysis : PdM applies predictive analytics on the data to anticipate potential con-

straints before they cause service degradation.

4. Resolution Actions : corrective measures are proactively triggered to prevent failures

and maintain slice service quality in a timely manner. Different forms of corrective

actions are applied to uphold consistent network functionality.
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4.7 The proposed solution

In this section, we present our mobility prediction framework based on Long Short Term

Memory (LSTM). Our solution is a history-based mobility prediction, which exploits the

trajectories of a 5G moving user to predict the future location that will be visited. Instead

of geographic location, we talk about location in terms of the Cell Identity (IDCell), which

is corresponding to the base station that serves the user. The proposed prediction model

leverages the trajectories of users for training the LSTM deep neural network for the pre-

diction of the future serving cell for a given user. That will bring a significant improvement

in the 5G communication systems. Hence, if the network is able to identify the most likely

future cell of MT-users based on their identifiers, this will assist the network slice manage-

ment in enabling sensitive slices (i.e., mcMTC slices) to adapt to the network dynamicity by

triggering the required optimisation operations in advance.

We have chosen LSTM because it has powerful ability to predict time series with short

and long-term dependencies, it works better when the historical data are large, and also

because it has the capabilities to remember inputs for a long time, thereby the next location

can be predicted more accurately. The rest of this section is organized as follows: the

notations used in this paper are listed in Table 4.1, followed by the problem definition and

some LSTM preliminaries, then by a detailed description of our proposed LSTM architecture

for the next cell prediction.

Table 4.1: Notations

Notation Definition
pu

i The location IDCell of a moving user u at the time instance i
p̃u

i The predicted user’s u new location IDCell

Tru = (pu
1 , pu

2 , · · · , pu
m) A trajectory of a moving user u with length m

Tru′ = (pu
1 , pu

2 , · · · , pu
k) The input trajectory of length k

∆ The time step length
B The set {0, 1}
P The probability value is a real value ∈ [0, 1]

4.7.1 Problem definition

We define the mobility prediction problem as a multi-class classification problem. The tra-

jectory can be approached as a time series of locations, and defined as a sequence of time-
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stamped locations that are chronologically visited. A location will be represented by the

crossing cell traversed by the user u, and a timestamp t.

Formally a location p is the pair pu
t = (IDCell, t), where IDCell is the Cell Identifier of the

visited cell by a moving user u at a timestamp t. Hence, the trajectory of the user u, Tru

is written as Tru = (pu
1 , pu

2 , · · · , pu
m), where m =| Tru | is the trajectory length. The time

interval between each two successive locations is equal to (ti − ti−1 = ∆, where 1 ≤ i ≤ m).

Let Tru′ = (pu
1 , pu

2 , . . . , pu
k) be the actual input trajectory, where pu

k is the current serving

cell IDCell of the user u at the current time instant k, we seek to predict the future cell that

will be visited in the next time step (k + 1) that maximize the probability condition of the

target location pu
k+1 given a trajectory source Tru′ such as

p̃u
k+1 = arg maxpu

k+1
P (pu

k+1 | Tru′). (4.1)

The performance metrics of the model will be evaluated using data through multi-class

classification tasks with the following criteria: accuracy, precision, recall, F1-Score, and

categorical cross-entropy. Accuracy measures the proportion of correct predictions among

the total predictions, providing an overall effectiveness of the model. Precision evaluates the

proportion of true positive predictions among all instances classified as positive, indicating

how many of the predicted positive instances are actually correct. Recall, also known as

sensitivity or true positive rate, measures the proportion of true positive predictions among

all actual positive instances, reflecting the model’s ability to capture all relevant cases.

Finally, F1-Score is the harmonic mean of precision and recall, providing a balanced metric

that accounts for both false positives and false negatives, especially useful when dealing with

imbalanced datasets. Detailed definitions and mathematical formulations of these metrics

are given in Section 5.3.2.

4.7.2 LSTM Preliminaries

LSTMs [104] are improved RNNs that have been designed to address their limitations, by

carrying on long-term dependencies in relation to the gated structure. LSTMs are able to

remember information for long periods of time through a gating mechanism to avoid the RNN

vanishing gradient problem [104]. Moreover, LSTM architecture is a black-box framework

composed of a series of connected units called memory blocks. Each LSTM block consists
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of multiple memory cells with self-connections storing capabilities of the temporal state of

the network. Each memory cell has multiplicative units called gates which control the flow

of information [105].

Moreover, as expressed in [106], LSTM is defined as a Supervised DNN, where its goal is

to learn a function (model) f that maps input sequence X = (x1, x2, . . . , xT ) to output Y for

a period of time T , where Y = f(X) . The optimal model f ∗ is obtained after T iterations

(from t = 1 to T) of the recursive formulas (4.2). The following formulas describe how the

LSTM works within each memory block at a given time step t:

ft = σ(Wf .[ht−1, xt] + bf );

it = σ(Wi.[ht−1, xt] + bi);

C̃t = tanh(WC .[ht−1, xt] + bC);

Ct = ft ∗ Ct−1 + it ∗ C̃t; (4.2)

ot = σ(Wo.[ht−1, xt] + bo);

ht = ot ∗ tanh(Ct),

where ft, it, ot, Ct are respectively forget gate, input gate, output gate, and memory

cell vectors, Wf , Wi, Wo, WC and bf , bi, bo, bC are the corresponding weighted matrices

and bias factors of LSTM. xt and ht represent the input and the output at the current time

step t, while ht−1 is the output of the precedent time step, σ and tanh are the sigmoid and

the hyperbolic tangent Activation Functions respectively, and (*) denotes the element-wise

product.

The author in [107], describes in detail the role of each equation (i.e., from formulas (4.2))

of a recursive module of LSTM. The three gating vectors ft, it, and ot are responsible to decide

which values shall be forgotten, updated, and preserved from the cell state respectively, using

the sigmoid layer of each gate. Whilst, the tanh layer creates a vector C̃t of new values that

could be added to the state. The new cell state Ct is obtained based on the previous cell

state, the input and forget gate decisions, and the vector of new candidate values C̃t. In the

end, the final LSTM output ht will be the filtered version of the current cell state Ct.

A Deep or a Stacked architecture has been proven to be powerful in representation

51



4.7. THE PROPOSED SOLUTION

learning [108, 109]. For instance, a stacked LSTM optimizes the power of the neural network,

by allowing it to make better utilization of features by dispatching them over the space via

multiple layers. So, it is used to extract the high-level representation and encode temporal

correlations on robust local features [110, 111]. Moreover, a stacked LSTM stacks multiple

LSTM layers, in which each LSTM layer’s output work is an input to the next LSTM layer

[112]. Hence, the first LSTM layer is fed with the input sequence, the second layer is fed

with the output of the first layer, and so on.

Therefore, at a given time step t, each LSTM cell of the hidden layer (L − 1) outputs

a sequence hL
t that will be used as input to the upper hidden layer L. It can be calculated

using equation (4.3) as follows

hL
t = LSTM(hL−1

t , hL
t−1, CL

t−1), (4.3)

where LSTM(.) is the mapping function calculated by the equations of formula (4.2)

that update the LSTM cell parameters at instance t. Hence, hL−1
t is the hidden state vector

of the lower hidden layer L − 1 at instance t. CL
t−1 and hL

t−1 are the memory cell and hidden

states of the hidden layer L at time step t − 1.

In the end, the output result of the last Lth LSTM layer will be the vector hL =

(h1, h2, . . . , hT ), fed as input to the fully connected output layer to extract the predicted

information Y that maximizes the conditional probability of Y given a source X (i.e.,

arg maxY P (Y | X)).

4.7.3 LSTM Framework for next cell prediction

The proposed predictor has two aspects: 1) it is a multi-class classification task, 2) it also

belongs to the spatial time-series forecasting problems class. The first aspect is justified by

the fact that the output y takes one discrete value as a specific class label; which is the

corresponding IDCell that will be visited by the user u in the near future. As for the second

aspect, the prediction task is approached as a spatial time-series since input data x are

represented by a sequence of the locations (IDCell) orderly visited by user u, in which there

is an auto-correlation between the cells that have been visited in the past and the user’s next

cell that will be visited in the future.

Furthermore, based on the preprocessed dataset of the raw mobility traces of 5G users,
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the proposed next cell prediction framework intends to learn the users’ mobility behavior

in order to extract patterns hidden in their historical motion data. More precisely, the

decision-making of the proposed framework is based on many-to-one scenarios with multiple

inputs-single output. In which, the solution of our model consists of inferring the most likely

next-cell location of a specific user in the next timestamp, given a sequence of cell locations

previously visited by that user.

Figure 4.4 shows the proposed framework for next-cell prediction. Our architecture is

mainly inspired by the work of Hua et al. [91] who have worked on time series prediction

using RCLSTM (a variant of LSTM where neurons are randomly connected) whereas our

approach uses a fully connected neural network. The following sections outline the details of
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Figure 4.4: Our proposed next-cell classifier.
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the proposed framework, from the preprocessing to the deep learning modeling-based LSTM

phase.

4.7.3.1 The preprocessing phase

In the preprocessing phase, we have applied data exploration and transformation techniques

on the users’ movement history dataset. First, we transform the initial dataset (raw traces)

into discrete trajectories of ordered visited locations (IDCell) as shown in Figure 4.4. Thus,

the mobility traces of every moving user u is transformed into a set of trajectories, and

each trajectory of a moving user u is represented by a set of sequence of locations orderly

visited in the past. Hence, for a given user u, the trajectory result Tru of length m is

formed by an ordered set of sequences with equal history length k + 1. Each sequence xi

is represented by a vector xi = (pu
i , pu

i+1, · · · , pu
i+k), and each location pu

t has two attributes

pu
t = (IDCell(t), IDUser(t)), with (IDCell) representing the cell identity of the serving cell

that serves the user u at the timestamp t, attached to the user identifier (IDUser).

Second, as a multi-classification modeling task, and to feed the deep LSTM neural net-

work with appropriate input and output data (X and y). The dataset of trajectories are

arranged in a features matrix X ∈ Rn×k×2, and a target vector y ∈ Bn×N of labels, with N

being the number of labels. Thus, each entry xi from X features two attributes: the user

identifier (IDUser) and the k past visited cells xi = (pu
i , pu

i+1, · · · , pu
k), and each output yi

from y indicates the tuple representation of the last (k + 1)th value (i.e., pu
k+1) of each row

from the dataset.

4.7.3.2 The classifier framework description

The next-cell prediction model built by using LSTM algorithm, as shown in Figure 4.4, has

the advantage of stably capturing the long-term dependency of real mobility patterns of

MT-users from their historical trajectories. This is owing, as explained in Section 4.2, to the

collaboration between the gates and the memory cell of each LSTM cell.

For the next cell prediction modeling, the set of the pre-processed trajectories from raw

traces of multiple users is used as input data to the LSTM deep learning framework. It

is made in the form of samples from X = {x1, x2, · · · , xn} and the set of outputs from

y = {y1, y2, · · · , yn}. Let ỹ = {ỹ1, ỹ2, · · · , ỹn} denotes the set of serving cell that we aim to
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forecast. Within each period of time k, given a short mobility trace xi = (pu
1 , pu

2 , · · · , pu
k)

from X. Each LSTM cell executes the equations of formula (4.2) in an iterative and in an

ordered manner, in order to predict the future cell that will be visited (ỹi = p̃u
k+1) at the

next timestamp k + 1.

The predictor architecture (cf., Figure 4.4) is LSTM-based next cell prediction framework.

The developed deep architecture with three stacked layers gives better results compared to

single-layer LSTM, because it has more capabilities to extract the high-level representation

and to encode temporal correlations on strong local features. It is composed of three major

components correspond to three main actions involved in the prediction task. First, in the

input layer, input data are sequences of size k with two-dimensional input feature. This

layer treats each given sub-trajectory xi = (pu
1 , pu

2 , · · · , pu
k) to feed the first layer of LSTM

block of next layer.

Then, we have the second and the output layers which are the main parts of the archi-

tecture. They leverage the deep learning LSTM tools to perform our mobility prediction

task. More specifically, the second layer is responsible for the sequence processing coming

from the input layer. It is formed by an LSTM block which includes 3-stacked LSTM layers,

each with 64 hidden units (this is the optimal dimension that we have obtained during the

hyperparameter tuning process when we trained the model). Each LSTM layer’s output

is an input to the next layer. In other words, the first LSTM layer is fed with the input

sequence of the input layer, the second layer is fed with the output of the first layer, and so

on.

Finally, based on the output vector of the previous layer, the output layer is used to

explicitly reveal the predicted next cell location (p̃u
k+1). It is composed of two layers: 1) the

softmax layer, and 2) the classification layer. The softmax layer is a fully connected neural

network, formed by N units to specify the number of classes of the classifier, and followed

by the softmax activation function. It receives the final trajectory vector from the previous

layer v = hL = (h1, h2, · · · , hk), where each hidden state hi ∈ RH has a size H equal to the

number of hidden units of LSTM layer. This vector is then mapped to the pre-activation

(logit) vector z ∈ RN , and the softmax function (e.g., as defined in Eq: 4.4) is applied to

z to produce the output vector ỹ, which represent the probability distribution over the N
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class labels, given by ỹ = (P (y = c1∥v), P (y = c2∥v), · · · , P (y = cN∥v)).

Softmax(zi) = exp(zi)∑N
j=1 exp(zj)

. (4.4)

At the end, the classification layer is used for final cell location mapping. Based on the

probability distribution output y′ received from the softmax layer, the predicted next cell

location (p̃u
k+1) is obtained By applying the maximum likelihood method using the argmax

function, which maps the equivalent class label having the highest probability in ỹ.

Moreover, the cost function we optimize is the categorical cross-entropy loss function

LCE(y, ỹ), defined for all inputs to calculate the total loss error between the LSTM-predicted

data ỹ ∈ P n×N and the ground truth data y ∈ Bn×N , thus guiding the optimization process

during training to find the optimal model f ∗ with minimal cost. In a probabilistic aspect, it

is a probabilistic metric and a generalization of the cross entropy loss function of Shannon

entropy [113] used in the binary classification task. That measures the deviation of the

learned mapping ỹ from the ground truth data y. The loss function LCE is calculated using

formula (4.5) such as

LCE(y, ỹ) = −
n∑

i=1

N∑
j=1

yijlog(ỹij), for n samples and N classes, (4.5)

where yij is the true one hot encoder vector of sample i, and ỹij being the predicted

probability vector of sample i being of class j. y ∈ BM×N and ỹ ∈ P M×N

4.7.3.3 The training and prediction phases

On completion of the pre-processing phase and the architectural detail description phase of

the proposed next-cell classifier, the model execution phase starts in order to find the one

that best fits the data in the dataset.

As a supervised learning task, the execution phase operates in two phases namely, the

training phase and the prediction phase. Thereby, we split the dataset of trajectories pre-

pared in the pre-processing phase into two instances D-train and D-test. D-train is used to

train the LSTM model and D-test is used to evaluate its performance (cf., Figure 4.5).
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Figure 4.5: Dataset split into training and testing sets.

Besides, for an accurate prediction results, we take the larger portion of the samples

(xi, yi) from D-train, corresponding to about two-thirds of the entire dataset, to train the

LSTM neural network. Whilst, the remainder (i.e., samples (xi, yi) from D-test) is reserved

to evaluate the trained model.

Training phase The training process’ goal is to minimize the total error of the prediction

using the gradient descent learning algorithm in combination with the backpropagation algo-

rithm (BPTT) [114]. Therefore, during the training phase, the algorithm updates the LSTM

parameters (weights and biases) time by time to find the optimal model f ∗ that makes the

loss cost function as small as possible, and therefore the log-liklihood objectif function is

Figure 4.6: Training phase to find f ∗ for a given iteration.
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maximized.

Moreover, the LSTM algorithm use as input the matrix of samples (X) and the binary

matrix of labels (y) of D-train to train the model. Hence, due to LSTMs being able to

remember their inputs information for an extended period of time. For each period of

time k, we use as input the whole sub-trajectory Trũ of length k except the last location

(xi = (pu
1 , pu

2 , · · · , pu
k) ∈ X), to forecast time series to predict the next location (ỹi = p̃u

k+1),

where the ground truth label (yi = pu
k+1 ∈ y) is used to estimate the loss error LCE of

prediction.

As depicted in the Figure 4.6, the categorical cross-entropy loss LCE using the equation

(4.5) is computed at each iteration until the optimal model f ∗ is obtained. The proposed

next-cell classifier uses an LSTM based on the mini-batch technique for faster convergence

and improved accuracy. By using mini-batch gradient descent, this computation is repeated

for every batch. The final epoch yields f ∗ with the best parameters Wi and bi. The reported

loss corresponds to the average over all batch losses.

Finally, when the optimal model f ∗ is generated in the training phase, a separate instance

D-test will be used in the prediction phase to measure its performance.

Prediction phase When the training phase is terminated, we move on to the prediction

phase. The latter represents the testing of the generated model f ∗ of the training phase. In

Figure 4.7: Testing phase for the next-cell prediction.

58



4.8. CONCLUSION

this phase, we consider that all the inputs are from D-test dataset (cf., Figure 4.7). Wherein,

the LSTM prediction algorithm use each sequence for a given user u (xi = (pu
1 , pu

2 , · · · , pu
k−1))

from the D-test, as an input and predict the location (yi = p̃u
k) as an output (prediction data)

in the time slot k while using the parameters of the generated optimal model f ∗.

Ultimately, the model is evaluated by calculating the classification error (or accuracy)

metric, which depends on the percentage of miss-classified (or well-classified) prediction data

in comparison with ground truth data.

4.8 Conclusion

In this chapter, we focus on AI-based mobility prediction mechanisms within the scope of

high mobility mcMTC communication applications scenarios. We have shown that LSTM

DNN architecture is well suited for mobility prediction, particularly the stacked LSTM ar-

chitecture which is known to further empowers the neural network. Therefore, we have

proposed a mobility prediction framework (i.e., an AI next-cell prediction framework) based

on the stacked LSTM architecture and the trajectories resulting from the collected mobil-

ity traces of MT users. The basic idea is to predict the user’s next-cell to make proactive

decisions accordingly, that will optimize the KPIs of URLLC communication systems in

a dynamic environment. In the beginning, we presented the network slicing architecture

and our mobility prediction module that play a pivotal role in handling the dynamicity of

mcMTC slices and fulfilling the URLLC QoS requirements. Then, we defined the mobility

prediction problem as a multi-classification task, followed by an extensive description of our

proposed framework for the next-cell prediction.
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Performances Evaluation
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5.1 Introduction

In this chapter, we analyze the efficiency of the proposed next-cell framework within the

scope of URLLC vehicle communication. We consider a vehicular urban environment case

study as an example type of mcMTC use cases with high mobility scenarios. First we describe
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the generated dataset, which are a real vehicle mobility dataset generated through SUMO.

Then, we present the set of experiments have been conducted on the proposed classifier using

the datasets with various history lengths. Further, for a comprehensive analysis, we compare

the proposed LSTM-based predictions with baseline ML methods: the K-nearest neighbor

(KNN) algorithm, the Random Forest (RF) algorithm, and the Support Vector Machine

(SVM) algorithm. At the end, we highlighted the practical implications of integrating the

proposed LSTM-based approach into real-world 5G mc-IoT deployments. by addressing

scalability concerns, computational requirements, and potential challenges.

5.2 Dataset generation

Figure 5.1: Area of the mobility simulation.

To evaluate the performance of our mobility prediction framework, we performed a set of

simulations on datasets that we generated [115]. We considered the mobility traces generated

using SUMO (Simulation of Urban MObility) [10] in an urban area of 5000m × 5000m of the

city of Bejaia derived from OpenStreetMap [116] and shown in Figure 5.1. The output traces

of the mobility generator SUMO provide detailed vehicle mobility data collected at regular

intervals. The data includes GPS positions, which provide precise latitude and longitude

coordinates of the vehicles at each timestamp. The vehicles’ GPS positions are sampled

every 1 − 5 seconds, allowing for detailed capture of vehicle movements and thus ensuring

high temporal granularity. The vehicles move freely at averagely 45 km/h over a period of

1h30 in a city center with traffic lights, frequent intersections, and dense traffic conditions.
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(a) Profile of user u1. (b) Profile of user u2.

Figure 5.2: Collected mobility information profiles.

The dataset also considers 42 cell base stations, known as Road-Side Units (RSUs), being

deployed at fixed locations in the simulation area. These RSUs, with a coverage area of

500 meters, are capable of providing on-demand services to moving users (i.e., vehicles)

passing through them. Based on this initial dataset, we generated a mobility profile for two

users u1 and u2 with three randomly selected destinations (e.g., work-supermarket-home).

These profiles describe random mobility around these destinations and include 10 different

trajectories with a total number of 3434 and 5149 locations, respectively. We then carried

out a mapping of each GPS position in these trajectories to the fixed positions of the RSUs

deployed in the simulation area, to identify the RSUs that users u1 and u2 passed through.

Figure 5.2 present snapshots of the collected mobility information records for each profile,

including GPS coordinates and cell identifiers.

Finally, we have built k datasets (k = 1, · · · , 6) as shown in Figure 5.3, where each

entry has two attributes ⟨IDUser, k − Past − ID − Cells⟩, each denotes the identifier of a

moving user u and and its previously visited RSUs with a k-length history (pu
1 , pu

2 , · · · , pu
k),

respectively. For instance, the cell identifier RSU35 is mapped to 35, RSU2 to 2, and so

forth. The same mapping is applied to the two user profiles, where profile u1 corresponds

to 1 and profile u2 corresponds to 2. These datasets are then used as inputs to our LSTM

classifier to predict the next cell that will be visited by a user u.

By considering vehicle mobility data collected in an urban area, the generated dataset

realistically reflects the frequency of inter-cell handovers encountered in real-world mc-IoT
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networks. Indeed, urban environments typically have a high density of cell base stations

to support high data demand as vehicles move through the city. Additionally, they present

complex mobility patterns (e.g., variable speeds and directions, high-volume traffic) and

obstructions (e.g., buildings, tunnels), which can stress-test the handover mechanisms as well

as the capacity and robustness of the network, both of which are essential for the reliability

and performance of mc-IoT applications, such as in smart city deployments. Hence, these

characteristics offer a rich and challenging set of conditions, which enable the proposed

LSTM-based prediction model to simulate the handover dynamics encountered in mc-IoT

networks, ensuring that the model can be effective in real-world scenarios.

(a) dataset_1 with one sliding window length. (b) dataset_2 with two sliding window length.

(c) dataset_3 with three sliding window length. (d) dataset_4 with four sliding window length.

(e) dataset_5 with five sliding window length. (f) dataset_6 with six sliding window length.

Figure 5.3: Overall constructed datasets.
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5.3 Experiment settings

In this section, we introduce the experimental setup, followed by experimental results, a

comparison with different statistical and traditional machine learning models, and a discus-

sion of these results. The experimental results in the following sections are presented within

three stages: (1) We investigate the impacts of history length on the performance of the

next-cell LSTM-based classifier; (2) We evaluate the performance of the proposed classifier

using the different metrics often used in the multi-classification task; and (3) We conduct a

comparative study with different baseline methods used in classification.

5.3.1 Datasets splitting for training and evaluation

To evaluate our LSTM-based model (and other models against which it is compared) in the

three aforementioned stages, we have divided each dataset in the same following manner.

We split each datasetk, k = (1, · · · , 6) into two splits: training splits D-train and validation

splits D-test. D-train split with 68% of dataset is used to train the model and D-test split

with 32% of dataset is used to test and validate its performance.

The D-train split is formed by a juxtaposition of 68% of data of user’s profile u1 data

with 68% of data of user’s profile u2. Similarly, the D-test split is formed by a juxtaposition

of 32% of data of user’s profile u1 data with 32% of data of user’s profile u2.

In order to tune the hyper-parameters of the studied models, we have used Grid Search

to find the best parameters for each model (see Table 5.1 for a summary of the best values

for each model). Finally, we performed a prediction task on the whole test data D-test, and

also on each of the 32% per-profile from the dataset.

5.3.2 Evaluation metrics

The performance metrics used to evaluate the LSTM model and the traditional machine

learning models are : accuracy, precision, recall, and F1-Score [117, 118].

• Accuracy:

– Definition: Accuracy is the ratio of correctly predicted instances to the total

instances in the dataset.
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– Formula:

Accuracy = TP + TN

TP + TN + FP + FN

– Explanation: This metric provides an overall effectiveness of the model by showing

the proportion of true results (both true positives and true negatives) among the

total number of cases examined.

• Precision:

– Definition: Precision is the ratio of correctly predicted positive observations to

the total predicted positives.

– Formula:

Precision = TP

TP + FP

– Explanation: Precision is useful for determining the exactness of the model. A

high precision indicates that the model has a low false positive rate.

• Recall:

– Definition: Recall, also known as sensitivity, is the ratio of correctly predicted

positive observations to all the observations in the actual class.

– Formula:

Recall = TP

TP + FN

– Explanation: Recall is crucial for situations where it is important to capture all

positive instances. A high recall indicates that the model has a low false negative

rate.

• F1-Score:

– Definition: The F1-Score is the harmonic mean of precision and recall.

– Formula:

F1-Score = 2 × Precision × Recall
Precision + Recall

– Explanation: The F1-Score is useful when seeking a balance between precision

and recall, particularly in scenarios where there is an uneven class distribution.
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Table 5.1: Hyper-parameter settings for each model

Parameters Best Parameters Best Score

LSTM
M

odel

Activation elu

96.33%

Batch Size 16

Epochs 50

Number of Neurons 64

Dropout Rate 0

Number of layers 3 LSTM, 1 Dense

Optimizer ADAM

Loss Function Categorical Cross_entropy

Classification Activation Function Softmax

Parameters Best Parameters Best Score

KNN

Number of neighbors K k=11 92.98

Random
Forest

Number of trees K n_estimators=10
95.99Maximum depth 15

Maximum number of leaf nodes 50

SVM

C C = 10
93.55kernel rbf

gamma scale

5.3.3 Models hyper-parameters tuning

In order to select the best configuration for the studied models, we have used GridSearchCV

on the proposed LSTM deep-learning estimator and the other studied models. We have

applied the Grid Search technique over the parameter grid for each model by using the 5-

fold cross-validation re-sampling method. The rationale for choosing the 5 folds is that we

have a total 8573 number of entries (i.e., number of visited cells), and using more than 5 folds

would decrease the fold’s size and impact the validation task. The detailed configurations

and hyper-parameters settings used for the proposed LSTM-based and other studied models
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can be found in Table 5.1.

5.3.3.1 Hyperparameter selection for the LSTM model

For the LSTM RNN network, we have trained and tested the model in TensorFlow using

Keras deep learning library [119]. We have selected a stacked-layer LSTM model with

three layers as it gives better results compared to a single-layer LSTM. The number of

epochs is fixed to 50, the optimizer and the loss function that were used are Adam and

categorical_crossentropy, respectively. The output layer is a fully connected neural network

with twenty-six units to specify the twenty-six candidate Cell IDs classes, followed by the

Softmax activation function. While the following configurations of number of hidden cells,

dropout rate, batch-size, and the activation function are explored with (32, 64, 128), (0, 0.1,

0.2), (10, 16, 32) and (relu, elu), respectively.

5.3.3.2 Hyperparameter selection of traditional ML models

As for the conventional ML algorithms, we have used the scikit-learn library to train and

evaluate the generated models. For instance, to find the best fit K value for KNN algorithm,

we have fixed the euclidean distance as a dissimilarity measure, while the values of the hyper-

parameter k are varied from 1 to 500. Then, we run the Grid Search CV to pick the one with

best cross-validation accuracy. As for the SVM algorithm, to find the best parameters that

maximized the model’s accuracy, we explored different values of hyperparameters, including

the kernel type (rbf, sigmoid), regularization parameter C (1, 2, 10, 100), and gamma (scale,

1). For the RF algorithm, to identify the best hyperparameters of the model, we have used

Grid Search CV with the following values: number of trees (10, 20, 30, 50, 60), maximum

depth (15, 20, 25, 30), and minimum samples required at a leaf node (50, 100, 200, 250, 300,

400).

5.3.4 Results and analysis for each dataset

This section examines the impact of the history length on the performances of the future

cell prediction. We performed a set of experiments on the proposed LSTM-based model, as

well on baseline-methods used in classification such as KNN, RF, and SVM. Furthermore,

for each experiment, we fixed the best configuration with 5-fold cross validation selected in
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History length Mean loss Mean accuracy Lowest loss Highest accuracy
SW=1 21.52% 96.26% 17.25% 97.31%
SW=2 20.07% 96.12% 16.24% 97.31%
SW=3 22.09% 96.05% 19.11% 97.05%
SW=4 21.39% 95.82% 16.84% 97.12%
SW=5 21.74% 95.96% 18.32% 96.9%
SW=6 19.56% 96.34% 16.58% 97.27%

Table 5.2: LSTM model results with different sliding windows k

Figure 5.4: LSTM model loss and accuracy on test data versus history length.

Table 5.1. To train and validate each model, we used the training set D-train and the testing

set D-test of each datasetk, k = (1, · · · , 6). The prediction results on test data can be seen

in Table 5.2 for LSTM model and Table 5.4 for traditional models. We note that the results

of each experiment are obtained through simulations of 100 iterations.

5.3.4.1 Results of the LSTM classifier

Figure 5.4 shows the prediction loss and accuracy results for the LSTM model using the

test data of each datasetk. We analyzed the loss and accuracy metrics by varying the

history length k (i.e., the sliding window), observing its effect on the model’s performance.

The numerical results with the maximum accuracy and lower loss for each dataset can be

seen in Table 5.2. The obtained results, as shown in Figure 5.4, demonstrate good loss and

accuracy values with LSTM model regardless of the history length. However, there are slight

differences when the history length changes. Indeed, the loss results are varying from 22.09%
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Figure 5.5: LSTM model loss on training and testing data for each datasetk.

with SW = 3 to the lowest loss value of 19.56% with SW = 6, while the accuracy results

are varying from the best result of 96.34% with SW = 6 to the worst result of 95.82% with

SW = 4 (which is still acceptable). Finally, the proposed classifier brings better results for

all datasets. However, it gives the best fit to the data of dataset6 (i.e., with SW = 6)

compared to other datasets, as it achieves the best accuracy and loss results of 96.34% and

19.56%, respectively.

To evaluate the performance of the LSTM-based predictions, we have also conducted

a detailed comparison with the ground truth data (i.e., the training splits D-train of each

datasetk, k = (1, · · · , 6)). Specifically, Figure 5.5 and 5.6 illustrate plots of the LSTM

predictions alongside the ground truth data. The LSTM classifier was thus trained on

the training splits D-train and validated using the testing splits D-test for each datasetk,

(k = 1, · · · , 6), with respect to loss and accuracy metrics over 50 training epochs. The results

demonstrate a perfect convergence between the ground truth data and the predictions made

by the model, thereby confirming the effectiveness and accuracy of the proposed LSTM-

based mobility prediction framework. Furthermore, the quantitative analysis of the results,

presented in Table 5.2, demonstrates about 21% loss and 96% accuracy regardless of the

history length k. This reinforces our confidence in the robustness of the model and its
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Figure 5.6: LSTM model accuracy on training and testing data for each datasetk.

History length SW=1 SW=2 SW=3 SW=4 SW=5 SW=6
Loss 18.87% 22.34% 27.25% 27.07% 28.89% 27.02%
Accuracy 97.34% 96.25% 94.68% 95.16% 94.86 % 94.42%

Table 5.3: KNN model results with different sliding windows k

ability to generalize effectively to new datasets without significant performance loss.

In the average of a set of experiments, the classifier can achieve better results of accuracy

on training and testing data for each datasetk. Figure 5.5 shows that the loss function is

decreasing exponentially as the number of epochs increases. This indicates that the classifier

gives better loss results on both training and testing data for each datasetk. Similarly,

Figure 5.6 shows that the accuracy metric is increasing exponentially as the number of

epochs increases for train and test data at once.

5.3.4.2 Results of traditional ML classifiers

In this section, we examine the performance of machine learning models KNN, RF, and

SVM for the next-cell prediction on both the training and testing sets. The experiments

were conducted over an average of 100 model execution iterations.
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Figure 5.7: KNN model loss and accuracy on test data versus history length.

Results of the KNN model In the case of KNN, the prediction results are not influ-

enced by the number of iterations as seen in Figure 5.8 and 5.9. This is because KNN is a

deterministic algorithm, in which the prediction decision to classify each instance from the

testing set is based on the distance measurement with the instances of the training set.

Meanwhile, the loss rate and accuracy results for the KNN model may be affected by

the history length of each dataset as illustrated in Figure 5.7. We can see that the KNN

algorithm performed good for each datasetk for the loss and the accuracy metrics, and

Figure 5.8: KNN model loss on training and testing data for each datasetk.
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Figure 5.9: KNN model accuracy on training and testing data for each datasetk.

performed best with the accuracy of 97.34% and the loss of 18.87% in the dataset1, which

has the lowest history length (i.e., with SW = 1). As it performed worst for the dataset6

of highest history length (i.e., with SW = 6), with the accuracy of 94.42%, and the model

achieved the highest loss on the dataset5 (i.e., with SW = 5), where 28.89% of test data

are misclassified. The performance evaluation of the KNN model for each dataset is shown

in Table 5.3.

Results of RF model Similarly, the RF model may be influenced by the history length

of each dataset. Figure 5.10 shows the loss and accuracy results for the RF model using the

test data of each datasetk. The RF model gives also best fitting to data of dataset1 with

History length Mean loss Mean accuracy Lowest loss Highest accuracy
SW=1 37.91% 97.42% 36.71% 97.42%
SW=2 21.13% 97.25% 17.60 % 97.49%
SW=3 22.09% 96.32% 19.24 % 96.72%
SW=4 19.65% 96.00% 17.12 % 96.54 %
SW=5 19.63% 96.13% 17.98 % 96.72%
SW=6 18.55% 95.81% 16.76 % 96.97%

Table 5.4: RF model results with different sliding windows k
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Figure 5.10: RF model loss and accuracy on test data versus history length.

accuracy of 97.42%, and achieved best loss on the dataset dataset5 with proportional of

18.55% of data are wrongly classified. The numerical results showing the highest accuracy

and lowest loss for each dataset are presented in Table 5.4.

However, the RF model may be influenced by the number of iterations this is due to

the inherent randomness of the model. The correlation between training and testing curves

Figure 5.11: RF model loss on training and testing data for each datasetk.
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Figure 5.12: RF model accuracy on training and testing data for each datasetk.

History length Mean loss Mean accuracy Lowest loss Highest accuracy
SW=1 21.85% 95.52% 20.68% 95.52%
SW=2 22.01% 95.09% 21.07% 95.09%
SW=3 23.73% 94.65% 22.68% 94.65%
SW=4 24.18% 94.32% 23.18% 94.32%
SW=5 23.82% 93.95% 23.18% 93.95%
SW=6 22.92% 94.42% 22.21% 94.42%

Table 5.5: SVM model results with different sliding windows k

for the next-cell prediction using the RF model is illustrated in Figure 5.11 and 5.12. It

shows the loss and the accuracy results over 100 iterations of training, and indicates that the

performance of the RF classifier is well satisfying for all datasets. However, in such curves,

we observed that the validation curve is slightly outperforming the training curve. For the

loss curves, this is found on all dataset except for the dataset7. In contrary, in the accuracy

curves, the RF model performed well for all datasets except for dataset1, where we observe

that the training and the testing curves are a little uncorrelated.

Results of SVM model In the case of SVM model, Figure 5.13 shows the loss and

the accuracy results for the SVM model using the test data of each datasetk. The SVM

model preformed well on dataset1 with an accuracy of 95.52%, and a loss rate of 21.85%.
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Figure 5.13: SVM model loss and accuracy on test data versus history length.

Table 5.4 shows the numerical results of the highest accuracy and the lowest loss for each

dataset. The training and testing curves of each dataset, depicted in Figure 5.14 and 5.15,

show that the SVM classifier performs effectively across all datasets. However, we observe

that the validation curve slightly outperforms the training curve in certain datasets. This is

found on dataset6 and dataset4 of the accuracy curves, and in dataset3, dataset4, and

dataset5 of the loss curves.

Figure 5.14: SVM model loss on training and testing data for each datasetk.
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Figure 5.15: SVM model accuracy on training and testing data for each datasetk.

5.3.5 Results and analysis using multi-classification metrics

Herein, we started the experiments on dataset6 to evaluate the performance of the proposed

LSTM classifier as well with three traditional ML models, namely KNN, RF, and SVM. To

train each model, we set the parameters that have been tuned before in Table 5.1 by using

the training set D-train. Then, we evaluate the prediction results for each model by using

the different metrics used in the classification task.

5.3.5.1 Model evaluation using confusion matrix

Figure 5.16 shows the overall confusion matrix accuracy of the next-cell LSTM-based predic-

tion model. The LSTM classifier gives 2662 true predicted cells from 2743 real cells of test

data, thus a result of about 97.05% accuracy score, as shown in Table 5.6. The CM accuracy

evaluation per mobility profile is also conducted. The LSTM classifier performed better with

user’s profile u2 with accuracy of 98.05%, where 1614 cells are well predicted among 1646

true cells of test data of user’s profile u2. While, in user’s profile u1, the accuracy can reach

a 95.53% score with 1048 true predicted cells among 1097 real cells of test data of user’s

profile u1.

In the case of KNN algorithm, the overall CM of the model is shown in Figure 5.17. We
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Figure 5.16: LSTM Confusion Matrix. Figure 5.17: KNN Confusion Matrix.

obtained an accuracy of about 94.42%, with 1016 true predicted cells well-classified among

2743 ground truth data of the test data. As more, the KNN model provides higher accuracy

on user’s profile u1 in comparison to user’s profile u2. The classifier demonstrated a correct

prediction of 1016 cells from 1097 true labels of data test, and 1574 truly predicted cells

among 1646 true labels of testing data, with a percentage of 95.63% of user’s profile u2 data

and 92.62% of user’s profile u1 data accurately classified.

Concerning the RF classifier, the overall CM of the model can be found in Figure 5.18.

The best accuracy can be reached at about 95.77% with 2627 predicted cells correctly clas-

sified among 2627 real test data labels. For user’s profile u1, the accuracy can achieve about

94.26% with 1034 of predicted cells truly classified from 1097 of test data. As for user’s

profile u2, the accuracy may give about 96.78% with 1593 well predicted cells from 1646 of

test data. The classifier performed as same as other models with the user’s profile u2 data.

Similarly, the overall CM of the SVM model is depicted in Figure 5.19. The SVM classifier

predict 2590 true predicted cells from 2743 real labels of test data, thus a result of about

94.42% accuracy performance. The accuracy for each mobility profile gives about 94.26%

of data for user’s profile u1 with 1034 correctly predicted cells from the testing data, and

about 94.53% with 1556 true predicted cells from 1097 real cells of test data. The classifier

achieved nearly equal accuracy for each user’s profile.
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Figure 5.18: RF Confusion Matrix. Figure 5.19: SVM Confusion Matrix.

Model Accuracy% f1_score% Precision% Recall%
LSTM 97.05% 96.79% 96.95% 97.05%
KNN 94.42% 94.17% 94.36% 94.42%
SVM 94.42% 93.30% 92.93% 94.42%
Random Forest 95.77% 95.54% 95.78% 95.77%

Table 5.6: Performance of LSTM classifier and the traditional ML classifiers

5.3.5.2 Model evaluation using F1_Score, precision , and recall metrics

Table 5.6 and Figure 5.20 show the superiority of the LSTM model compared to the tradi-

tional methods in term of averaged accuracy, F1_Score, precision, and recall metrics. As

more, the LSTM-based next-cell prediction model achieved a precision of 96.95%, a recall of

97.05%, and a F1_Score of 96.79% for the averaged number of classes. Followed by the RF

model, which brings an average precision of 95.78%, a recall of 95.77%, and a F1_Score of

95.54% for the averaged number of classes. Then, the KNN algorithm reported an average

F1-Score of around 94.17%, a precision of 94.36%, and a recall of 94.42%. Finally, the SVM

reported the lowest results with an average precision of 92.93%, a recall of 94.42% and a

F1_Score of 93.30%.

5.3.5.3 Discussion

As outlined by the experiments that have been conducted for the evaluation of the proposed

LSTM-based next-cell prediction framework, the key finding of the current research is that
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Figure 5.20: Comparison of the LSTM classifier with other ML methods.

an LSTM model is performing better than the conventional models in vehicle mobility data.

This is because the LSTM is designed to capture long-term temporal dependencies through

specialized architecture characterized by internal memory cells and gates. As demonstrated

by our results experiments, the effectiveness of LSTM classifier in the dataset6 outperforms

other datasets with lower history length, as same it exceeds the performance of the baseline

classifiers KNN, RF, and SVM for the next-cell prediction. As more, in the average of

100 experiments, the LSTM classifier achieved the best accuracy and loss of 96.34% and

19.56%, respectively on dataset6. Against of the KNN classifier which brings lowest results

on dataset6, with accuracy of 94.42% and loss of 27.02%. As same as the RF model which

performed the worst results in dataset6 with loss of 18.55% and an accuracy of 95.81%.

While the SVM model achieved the lowest results in dataset6 with an accuracy of 94.42%

and a loss of 22.92%. In contrast, all ML models performed well in dataset1, and with better

accuracy than the LSTM model , but the performance of each model is a little degraded as

the history length increased unlike the LSTM model. This is due to the lack the ability of

ML models to capture time dependencies from sequential data or time series data.

In the second stage based on the conducted experiments on dataset6, we evaluated
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Model u1% u2%
LSTM 95, 53 98, 05
KNN 92, 62 95, 63
SVM 94.26 94, 53
RF 94, 26 96, 78

Table 5.7: Accuracy per profile

the performance of the LSTM classifier using the different metrics often used in the multi-

classification task. We started by the confusion matrix, among all models, LSTM was

found to perform better than KNN, RF, and SVM as LSTM was able to capture sequence

information better then traditional ML models. Regarding the obtained results, LSTM

classifier brings better accuracy of 97.05% followed by RF with 95.77%, then KNN and SVM

performed the same accuracy of 94.42%. The accuracy obtained for each mobility profile were

also taken into account (see Table 5.7), where each model provides higher accuracy on user’s

mobility profile u2 versus user’s profile u1, against the SVM model which attained almost

the same accuracy across each profile. This is due to the fact that user’s profile u2 represents
3/5 of the training and testing sets. As more the LSTM model reported average F1-Score,

precision, and recall better than all the baseline models, followed by the RF model, then the

KKN model, and finally the SVM which performed worst than other models. At the end, the

proposed LSTM-based model for the next-cell prediction consistently outperforms baseline

methods when dealing with large time-series sequences, showing better accuracy, precision,

recall, and F1-Score results. This demonstrates that LSTM is more adept at understanding

and forecasting temporal patterns in the data compared to baseline methods. LSTM has the

capability to capture the mobility patterns even from complex datasets with multiple users

and a variety of features, which profile users’ daily style.

5.4 Practical integration of the proposed approach

5.4.1 Scalability concerns

The scalability of our LSTM model is crucial for real-world 5G mc-IoT deployments. Our

model is designed to handle extensive volumes of vehicle mobility data efficiently. The

architecture leverages historical mobility data and processes it in real-time, which allows it

to scale as the number of connected devices increases. Our experiments demonstrate that
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the model maintains high accuracy and performance. This scalability is achieved through

efficient data management techniques and the ability to predict next-cell transitions with

minimal latency, ensuring that the system can accommodate the dynamic nature of 5G

networks without degradation in service quality.

5.4.2 Computational requirements

A significant advantage of our LSTM-based approach is its low computational requirements.

The LSTM architecture is specifically designed to handle long-term dependencies in sequen-

tial data, which reduces the need for extensive computational resources. By focusing on the

historical mobility data of vehicles and employing a multi-class classification approach, our

model minimizes computational overhead. This efficiency is further supported by optimized

data preprocessing techniques and a streamlined model structure, allowing the system to

function on standard hardware without requiring specialized, high-performance computing

resources. Our experimental results indicate that the model can process data quickly and

accurately, making it suitable for real-time applications in dynamic environments with pre-

diction times of less than 1 ms, as demonstrated in the Figure 5.21. The table in the figure

is a snapshot of the results, showing the average prediction time per sample over 100 itera-

tions using the CPU. Each sequence is chosen randomly, with both the predicted and true

next cells displayed. Only one sample was misclassified, with an average execution time of

0.78ms.

5.4.3 Potential challenges

Implementing the LSTM-based approach in real-world settings involves several challenges,

such as managing data transmission latency, ensuring model robustness in diverse environ-

ments, and maintaining data privacy. To address these issues, we conducted extensive testing

using realistic mobility scenarios. Our model demonstrated the ability to adapt to varying

mobility conditions, ensuring reliable performance while maintaining data privacy and secu-

rity. The LSTM model’s robustness and adaptability make it a viable solution for enhancing

the performance and reliability of 5G mc-IoT systems.
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Figure 5.21: Prediction Execution Time per one_sequence.

5.5 Conclusion

This chapter evaluated the the effectiveness of the proposed LSTM classifier in high-mobility,

mission-critical use cases. Our simulation experiments were performed using realistic mo-

bility traces in a vehicular environment case study. The real vehicle mobility dataset was

obtained from SUMO. We performed a series of experiments on the classifier using datasets

with various history lengths, and the results have validated the effectiveness of the per-

formed predictions on short-term mobility prediction. Additionally, the results showed that

the proposed classifier performs better on longer history datasets. While compared to tra-

ditional Machine Learning algorithms used for classification, the proposed LSTM model

outperformed ML methods, achieving the highest prediction accuracy.
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Chapter 6

Conclusions and Future Works

This thesis centered on the mission critical communication scenarios IoT applications which

is intended for time-sensitive applications that need high speed, high reliability, and low

latency. Throughout this academic work, to introduce this mcMTC communication slice

group provided by 5G networks. We delved into the foundational concepts of the IoT and the

5G networks, and the associated technologies shaping the future evolution of IoT, including

softwarisation, virtualization and, in detail,network slicing techniques.

To ensure the end-to-end delivery of mission-critical services with QoS, it is essential to

explore IoT systems from the standpoint of 5G cellular networks. 5G networks are con-

sidered the first generation of mobile networks specifically designed to meet the diverse

requirements of IoT systems and various industry verticals. Therefore, we began by exam-

ined the telecommunication systems from the inception of the first generation, providing an

overview of the existing cellular network generations. Then we highlighted the various stages

of 5G mobile networks development, citing the key advancements introduced by 5G that have

facilitated the adoption of IoT systems. Further, we have presented the core softwarisation

and virtualization technologies designed to provide 5G cellular network with greater flex-

ibility, programmability, and adaptability. These advantages have enabled large-scale IoT

deployment, addressing critical challenges such as device diversity, mobility, heterogeneity,

security, and scalability.

We have studied the concept of mobility within the 5G infrastructure and explored how

mobility prediction can significantly enhance predictive maintenance strategies. A state-of-

the-art review of mobility prediction methods in 5G communication systems is elaborated,

where we have classified, surveyed and compared them. In this context, we have presented
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a taxonomy of mobility prediction solutions used in 5G, classifying them into two main cat-

egories, namely : history-based and measurement-driven strategies. We then categorized

the most relevant contributions identified in the literature, illustrating the critical role of

mobility prediction in predictive maintenance, with a particular focus on efficient traffic

management, dynamic resource allocation, and seamless network slicing. Finally, we con-

ducted a comprehensive comparative analysis of the reviewed works, evaluating the various

mobility prediction methods discussed.

The research contribution of this dissertation thesis lies in the proposal of a mobility

prediction architecture based on LSTM for the prediction of the next cell. This architecture

serves as a predictive maintenance framework within 5G-based network slicing systems, in

which the network be able to determine in which cell the user is located in near real-time for

proactive service management. Hence, this facilitates preemptive resource allocation, and

seamless mobility and handover support for network slices. Therefore, the core benefit of

the proposed approach is the effective management of mission-critical IoT slices for time-

sensitive and high-mobility applications, by reducing latency and improving the reliability

of mc-IoT communications.

Though we have discussed the mobility prediction algorithm using the LSTM framework,

which is designed to further optimize network efficiency and reliability under dynamic con-

ditions targeting mc-IoT network slices. Several open issues remain to be explored in the

future, such as :

• LSTM model improvement: We aim to enhance our LSTM model to carry out

long-term mobility predictions across heterogeneous mobility profiles like train, drone

and so on. Additionally, we plan to extend into a multi-user prediction framework

with multi-variant features, integrating several other mobility-influencing factors such

as user velocity, received signal strength, channel state information, and others. Be-

cause network slicing architecture originated for diversified application scenarios, and

vehicular use cases are one example type that supports different slice classes, we aim

to further improve our model while taking into account the different slice types (i.e.,

mMTC, eMBB, and URLLC).

• A deep integration within the predictive maintenance process: As 5G evolves

into an heterogeneous environment with diverse high-mobility use cases, predictive
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maintenance must advance accordingly. This involves leveraging AI, advanced analyt-

ics, and real-time slicing to anticipate and prevent potential failures or performance

degradation in virtualized network slices, highlighting the critical role of mobility pre-

diction in predictive maintenance. Our future work will involve implementing the

developed model in a practical 5G communication system, where the predicted cell

information can be leveraged to automate critical slice control and management. This

will help optimize resource allocation and enhance mobility management for these

slices. Similarly, it is essential for 5G network slicing control and management to pri-

oritize mcMTC slice updates over eMBB and mMTC to meet their stringent reliability

and latency requirements. This synergy drives 5G toward self-optimizing networks

that proactively detect and mitigate disruptions before impacting performance.
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Abstract:
The evolution of 5G networks introduces dynamic, virtualized environments where seamless

connectivity and quality of service are essential. Mobility management is crucial for optimizing re-
source allocation, ensuring service continuity, and enhancing predictive maintenance. Machine-type
communications support diverse IoT applications requiring ultra-reliable, low-latency communica-
tion. Network slicing addresses these needs by differentiating between mission-critical and massive
communication slices. This thesis explores the role of mobility prediction in improving the quality
of service by forecasting user transitions between network cells, enabling proactive service man-
agement. A next-cell prediction framework using Long Short-Term Memory networks is proposed.
Evaluated in vehicular networks, the model outperforms conventional classifiers, demonstrating its
potential to enhance predictive maintenance and resource allocation.

Keywords: 5G, Network slicing, Predictive maintenance, QoS, LSTM.

Résumé :
L’évolution des réseaux 5G introduit des environnements dynamiques et virtualisés où la con-

nectivité transparente et la qualité de service sont essentielles. La gestion de la mobilité est cruciale
pour optimiser l’allocation des ressources, assurer la continuité du service et améliorer la mainte-
nance prédictive. Les communications de type machine prennent en charge diverses applications
IoT nécessitant une communication ultra-fiable et à faible latence. Le découpage réseau répond à
ces besoins en distinguant les tranches de communication critique et massive. Cette thèse explore
le rôle de la prédiction de mobilité dans l’amélioration de la qualité de service en anticipant les
transitions des utilisateurs entre les cellules réseau, permettant une gestion proactive des services.
Un cadre de prédiction de la prochaine cellule basé sur les réseaux de mémoire à long terme est
proposé. Évalué dans des réseaux véhiculaires, le modèle surpasse les classificateurs convention-
nels, démontrant son potentiel à améliorer la maintenance prédictive, anticiper la dégradation des
performances, et faciliter l’allocation des ressources.

Mots-clés : 5G, Découpage réseau, Maintenance prédictive, QdS, LSTM.
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