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Abstract 

  This thesis aims to explore edge computing paradigm for Internet of Things services 

and applications in the 5G era. Edge computing, with its processing and storage capabilities 

near end-users, can become a reasonable alternative to cloud computing. User device with 

constrained processing and storage capabilities offloads complex task to edge nodes for 

computing, and then, edge nodes transmit the outcomes back to the user. Though various 

requirements need to be met while deploying edge computing in smart applications, this work 

focuses on the most demanding and critical ones, such as latency and system reliability. It is 

crucial to minimize latency and enhance the reliability of the system in time-critical services, 

such as smart healthcare or transportation. Current research implements a single user – multiple 

edge nodes model with Rayleigh and Nakagami-m fading channels. It is worth noting that 

Nakagami-m fading channels are widely used in the fifth generation and beyond systems. In 

order to comprehensively investigate the topic of edge computing for Internet of Things, we 

have developed two different types of schemes. Specifically, selection schemes, in which user 

device offloads task to one edge node, and combining schemes, in which user device offloads 

task to several edge nodes concurrently. Concerning selection-based schemes, edge computing 

with cache-aided relay and cache-free relay are considered. In these schemes, offloading nodes 

are chosen based on the best computing capability, channel gain between user and edge node, 

or channel gain between the user device and relay node. Numerical results demonstrate that 

edge computing model with cache-free relay, where the best channel gain between the relay 

and edge node is selected, outperforms other models in system performance. At the same time, 

time-division multiple access, frequency-division multiple access, and capacity achieving 

schemes are introduced for combining case. Thus, it can be summarized that edge computing 

model with capacity achieving scheme demonstrates the highest results among the others in 

terms of the reliability metric. Moreover, performance analysis shows that system efficiency 
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can be affected by various parameters, such as transmit power, channel bandwidth, task size, 

latency threshold, number of edge nodes, and others. Numerical and simulation results are 

provided to validate analytical findings. 
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Chapter 1 – Introduction 

1. 1 Background 

Internet of Things (IoT) concept enhanced various spheres of human life and industry. 

IoT represents the idea of connecting and managing heterogeneous things by means of Internet 

without human intervention [1]. IoT technology involves numerous services and applications, 

such as smart healthcare, transportation, power grid, industry, city, video surveillance, and 

many others. To support these advanced services with low latency, high reliability, and privacy 

requirements, novel technologies are engaged in the process of development [2]. Thus, 5G 

technology introduction for IoT services’ deployment attracted the attention of many 

researchers in this area, as it can be a promising tool to ensure the aforementioned system 

properties. However, the functionality of IoT devices has considerable limitations, as they have 

scarce resources to solve complex problems. An elaborate paradigm such as cloud computing 

plays a vital role in IoT technology. Computational, storage, and communication capabilities 

for IoT devices are provided by central servers in cloud computing [3]. Nevertheless, the 

remote location of cloud data centers leads to inevitable drawbacks, specifically, undesirable 

latency, excessive bandwidth utilization due to the huge amount of generated data, lack of 

contextual information, privacy, and security vulnerabilities [3]. Latency is one of the major 

concerns in time-critical applications such as smart healthcare, smart vehicles, and others. 

Edge computing is a new powerful technology that can solve these challenges. There 

are various types of edge computing technologies that differ in certain characteristics, the most 

common of them are cloudlets, mobile edge computing (MEC), and fog computing [3]. In edge 

computing, the computational capabilities are located closer to the end-users, hence the amount 

of redundant data transfer to central cloud servers is decreased [4]. It is noteworthy that edge 

computing is able to provide system requirements that are particularly useful for IoT 

applications, namely low latency, high reliability, improved privacy and security, context and 
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location awareness, lower energy consumption, and better bandwidth utilization [5]. 

Nevertheless, cloud and edge computing intend to complement each other, as both have certain 

advantages and disadvantages, thus it is unreasonable to substitute one with the other [4]. 

Although edge computing offers significant benefits for IoT applications, there are major 

challenges that need to be handled. Firstly, it is crucial to guarantee that a user receives 

computationally intensive tasks’ outcomes on time after offloading it to the edge node for 

processing. Secondly, edge servers and end-users intend to maximize their benefits by getting 

the highest payment and the lowest price for resources respectively, consequently, the requests 

of both sides should be satisfied [6]. Finally, the number of IoT devices is increasing 

intensively, and as the result, the need for edge and cloud resources is also growing. Various 

economic and pricing methods can be used to address these open questions [7]. Nevertheless, 

edge resources are limited in comparison to cloud resources, therefore they should be allocated 

wisely. Consequently, the issues of optimal edge resource allocation, computation offloading, 

and service caching have become the subject of concern for many researchers. 

1. 2 Aims and objectives 

This research work aims to investigate edge computing paradigm, its characteristics, 

implementation methods, advantages, and challenges. Obviously, edge computing with its 

innovative tools of resource allocation, computation offloading, and service caching can ensure 

considerable benefits for smart technologies. As noted above, numerous techniques have been 

developed by scientists in this field to find the most efficient ways to apply these tools. There 

are various metrics such as latency, reliability, energy consumption, capacity, and scalability 

to assess their performance. However, the issue of effective edge computing deployment for 

IoT technology remains open, since new advanced practices and schemes, with corresponding 

benefits and drawbacks, are rapidly developing in this area. 
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In our research work, we implement different edge computing models and analyze how 

computation offloading efficiency in edge computing can be improved in terms of the 

reliability metric. We believe that using the reliability metric in the context of the delay-outage 

probability is beneficial for IoT scenarios, since these applications tend to be time-critical, and 

therefore, edge servers must fulfill tasks within a strict time frame. Moreover, the influence of 

different parameters on the system performance is explored in this work. 

1. 3 Methodologies and techniques 

We design edge computing model, in which a constrained IoT device offloads its 

complex task to edge nodes with sufficient computing and storage capabilities to process, and 

thus, time of task completion is reduced. Selection and combining schemes are proposed for a 

task offloading in edge computing system with a single user device – multiple edge nodes. In 

selection schemes, the user device offloads its task to the single most suitable edge node, 

whereas, in combining schemes, multiple edge nodes are used for this purpose. For the 

selection-based case, we consider edge computing with cache-aided relay and cache-free relay. 

Moreover, five selection criteria are derived to find the most effective scheme. For the 

combining-based case, we introduce time-division multiple access (TDMA), frequency-

division multiple access (FDMA), and capacity achieving schemes. We evaluate proposed 

schemes’ performance according to the reliability metric, which is represented by the 

probability that transmit and computation time of task offloading will exceed the established 

latency threshold. Then, we derive a closed-form solution for the delay-outage probability 

using probability density function (PDF) and cumulative distribution function (CDF). In 

addition, in both cases, we adjust system parameters, such as signal-to-noise ratio (SNR), 

transmit power, channel bandwidth, task size, number of edge nodes, and latency threshold. 

Thus, we can observe the system performance dependency on these values. Finally, analytical 

assumptions are verified by numerical outcomes. 
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For the literature review, we use reliable digital libraries, such as Elsevier, IEEE Xplore 

Digital Library, Scopus, and others. We also utilize Wolfram Mathematica software for 

performance evaluation parts, and MATLAB software for the simulations. 

1. 4 Thesis structure 

This research work is designed in the following manner. In Chapter 1, a schematic 

description of edge computing in IoT is recommended to help illustrate the main objectives of 

the proposed work. Chapter 2 represents a detailed literature review on strategies proposed by 

researchers in this area. Moreover, a description of the most common metrics for performance 

evaluation is considered in this chapter. Chapter 3 is devoted to selection schemes in edge 

computing with Rayleigh fading channels and Nakagami-m fading channels. This chapter 

includes system model, performance evaluation, and numerical results subsections. Chapter 4 

is dedicated to combining schemes with Rayleigh fading channels and Nakagami-m fading 

channels. In particular, Section 4.1 examines TDMA scheme, Section 4.2 studies FDMA 

scheme, and Section 4.3 analyses capacity achieving scheme. All of these sections also include 

system model, performance evaluation, and numerical results subsections. Chapter 5, 

summarizes findings, identifies research gaps and limitations in research, and determines 

directions for future investigation. 
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Chapter 2 – Literature review 

2. 1 Introduction 

A significant advantage of edge computing over cloud computing is that the computing 

capabilities of the former are closer to the end-users. Therefore, the amount of redundant data 

transfer to the remote central server is reduced, which is not the case for the latter [4]. Being 

one of the main features of IoT technology, low latency in edge computing is based on its 

simplicity and less propagation delay due to the proximity of edge nodes to the customers [5]. 

At the same time, energy consumption in IoT devices is reduced through offloading complex 

tasks to edge nodes. Regarding context and location awareness, users can obtain information 

about desired services and products in accordance with their location and requests. Security 

and confidentiality of valuable data are also enhanced since there is no need to transfer data 

vulnerable to Internet attacks to central servers [5].  

Despite the significant advantages offered by edge computing, there are still serious 

challenges for its deployment in IoT applications.  One of the main concerns is the lack of 

incentive for edge node owners to contribute their limited resources, such as storage, 

computational capability, and energy, to the IoT system [8]. Different economic and pricing 

methods can solve this question, specifically, market-based, system utility gain, or auction and 

game theoretic pricings [7]. Conventional auction mechanisms, Vickrey, Vickrey-Clarke-

Gloves (VCG), combinatorial, or double auctions have a great potential in this area. In addition, 

optimal edge resource allocation, computation offloading, and service caching is other 

concerning issue.  

Thus, this literature review investigates strategies proposed by the authors for different 

edge computing architectures, and their performance evaluation metrics. 
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2. 2 Edge computing tools 

2. 2. 1 Computation offloading 

As noted above, computation offloading is a promising tool provided by edge 

technology to empower IoT services and applications. In particular, IoT devices with 

constrained capabilities offload complex assignments to nearby edge servers, after completion 

edge nodes transfer outcomes back to the users. Hence, offloading to edge nodes brings 

remarkable advantages to smart devices, such as increased battery life, reduced delay, and the 

ability to process multiple applications concurrently on a single device [9].  

 Latency is one of the most demanding features and is discussed in several research 

works, for instance [10] and [11]. The authors of these articles investigated the issue of 

computation offloading in a system with multiple user devices and edge nodes. Specifically, 

the researchers in [10] suggested a new approach of serverless computing that included both a 

traditional solution and a novel one with lambda function. Thus, in this new distributed design, 

users send their demands to the dispatcher, then the dispatcher chooses the most appropriate 

node for task completion. After completion, the outcome is sent back by the dispatcher to the 

users in an online mode. This approach demonstrated an advantage over traditional and online 

methods in guaranteeing less latency, increased scalability, and system reliability. Similarly, 

the authors of [11] intended to decrease system latency when offloading tasks to edge servers. 

They also argued that choosing the best edge node can contribute significantly to finding a 

feasible solution. However, in contrast to [11], the authors of [12] emphasized the necessity to 

take into account edge nodes’ residual bandwidth, as well as users’ placement while selecting 

offloading nodes in dynamic systems. Thus, the researchers formulated Markov decision 

process (MDP) problem, which included mentioned aspects, and solved it by means of an 

iterative approach. Exhaustive simulations showed that the developed model can outperform 

existing baseline approaches. 
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Another important metric for evaluating IoT services and applications with edge aid is 

energy consumption. For instance, [12] explored the issue of computation offloading in order 

to reduce energy expenditure. The authors implemented the strategy of dynamic partial 

offloading in their work, in which tasks can be performed by different entities simultaneously, 

based on their states. To embody a partial offloading strategy, the researchers utilized the 

integer linear programming (ILP) approach. Also, unlike other works, [12] considered energy 

harvesting user equipment and measured its power consumption during the experiment. At the 

same time, the authors of [13] were concerned not only with energy consumption but also with 

the latency criterion. According to the researchers, it is necessary to take into account the 

remaining battery power of user devices, in order to obtain better offloading results at these 

two metrics. To achieve the set goal, they stated mixed integral non-linear programming 

(MINLP) problem. Likewise [11], the authors of [13] used an iterative search mechanism to 

solve the problem, however, they included a penalty aspect in it. The researchers in [14] also 

claimed that finding a trade-off between latency constraint and energy consumption is crucial 

in cooperative edge computing. They formulated MINLP problem for this purpose and 

proposed to replace decision variables with real ones to alleviative its complexity. In addition, 

the researchers introduced branch and bound mechanism, as well as interior point mechanism 

to solve the specified problem. The work [14] demonstrated promising results in satisfying two 

critical performance metrics. Regarding optimal task offloading in edge computing, [15] also 

studied energy and latency trade-offs, however, unlike the works [12] – [14], the researchers 

focused on partial task offloading in a single device – single edge node model. Thus, as in [12], 

the authors partitioned computationally intensive assignment into several pieces to solve it 

simultaneously on the user device and edge server. To handle the decomposed problem, they 

used a block coordinate descent (BCD) approach, which outperformed the existing exhaustive 

algorithm in Monte Carlo simulations.  
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Reliability is also a critical measurement used for the performance evaluation of the 

suggested schemes. In many research works, reliability is utilized in the context of the delay-

outage probability. It is important to guarantee high reliability, as well as low latency in time-

critical IoT applications, such as smart transportation, industry, or smart healthcare [5]. For 

instance, collaborative MEC vehicles and stationary edge nodes were introduced in [16] for 

partial task offloading. Software-defined networking (SDN) enables the simultaneous 

functionality of the diverse edge computing entities here. It is important to note that SDN 

represents the idea of network softwarization, i.e., conducting processes on the software and 

dynamic reconfiguring the network architecture under certain conditions [17]. The researchers 

in [16] argued that their strategy of using heuristic algorithms can enhance the reliability of 

edge systems under latency constraints. However, they admitted that their mechanism needed 

further improvements, such as opportunistic node selection. Thus, many research papers, such 

as [18] – [21], focused on opportunistic node choosing for outage probability minimization. 

For instance, the authors of [18] considered relay nodes with embedded edge computing to 

assist user devices. The researchers used Rayleigh fading channels for the system modeling 

and determined its reliability under latency constraints. Thus, they developed an effective 

algorithm for the best relay node choosing, which showed promising results in reliability and 

diversity order improvements. The authors of [19] investigated the case of one user device and 

several processing access points. To determine the best access point for the partial task 

offloading, they developed two criteria for choosing: according to the processing capacity of 

the access point and according to channel characteristics. Moreover, the optimal size of the 

tasks for unloading was determined by the researchers. The performed estimations and 

modeling demonstrated the effectiveness of the selection schemes proposed in [19]. Inspired 

by [19], the authors of [20] also considered several processing access points for computation 

offloading, however, they extended the work in [19] and utilized multiple antennas for this aim. 



 

 

15 

In addition, Rayleigh fading channels were used in the former, while Nakagami-m fading 

channels were utilized in the latter. To gain better results in edge computing with relaying, the 

authors of [20] proposed two efficient techniques such selection combining (SC) and 

switching-and-stay combining (SSC), which also demonstrated effectiveness in a set goal. At 

the same time, [21] investigated total error probability under the reliability metric. The authors 

studied the subject of ultra-reliable and low-latency communication (URLLC) for MEC 

systems with several edge servers. Thus, to design URLLC for edge computing with task 

offloading the researchers formulated an appropriate edge node selection question, divided it 

into several sub-tasks, and solved them by means of a deep deterministic policy gradient 

(DDPG) approach.  Interestingly, only the reference work [16] followed a many-to-many 

architecture, while the articles [18] – [21] used a model with one user device and several edge 

or relay nodes.  

Capacity is another important feature of optimal computation offloading in edge 

computing. This metric characterizes the ability of the system to function under dynamic 

conditions when heterogeneous entities and their numbers change during the process of 

offloading [22]. Several research papers are considered in this literature review to obtain 

comprehension of this subject. First, in [23], the authors explored a novel approach of 

simultaneous task offloading to an edge server and device-to-device technology. According to 

the researchers, the problem of capacity maximization in such a scenario is a MINLP, so 

advanced techniques need to be introduced. To begin with, efficient energy distribution and 

partial computation offloading model was formulated to optimize the utilization of edge 

resources, then an exhaustive search algorithm was implemented to increase the processing 

capability of the entire system. The simulation results revealed that the suggested by the authors 

strategy can outperform some baseline approaches. The issue of capacity improvement from 

the minimized cost perspective was investigated in [24], however, in contrast to [23], the 
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researchers considered a cooperative cloud-edge system for task offloading here. This means 

that the tasks are offloaded from smart devices not only to edge or cloud servers but also 

between neighboring edge nodes. Then, as in [23], MINLP question was formulated and solved 

by means of the branch and bound approach. Modeling demonstrated the efficiency of the 

proposed scheme, in terms of a sufficient reduction in the service cost. Since the system's ability 

to function in unforeseen conditions is represented not only by the capacity metric but also by 

security and privacy measurements, it is important to examine these metrics as well. For 

example, another important IoT service, such as smart city, was considered in [25] with security 

and privacy enhancement goals. As the authors stated, it is challenging to guarantee privacy 

and security aspects in such cooperative systems, therefore, it is necessary to implement 

advanced tools. For this purpose, they delivered a strategy consisting of the following steps: 

determining the expected waiting time by a queueing mechanism, developing a smart 

offloading approach, simulating the proposed model, and comparing it with benchmark 

schemes. Simulation outcomes revealed the advantages of the proposed strategy; thus, the 

researchers intended to implement it in real-life conditions in the future. It can be seen that all 

these articles [23] – [25] correspond to one of the most common models, i.e., the many-to-

many model. 

2. 2. 2 Resource allocation 

Edge computing with resource allocation is also used to improve the performance of 

IoT and 5G systems. Although many studies deal with the concepts of computation offloading 

and resource allocation together, some articles consider them separately. Thus, the same 

performance metrics can be implemented for the assessment of the developed strategies.  

In [26], the authors attempted to decrease the latency during edge resource allocation 

and computation offloading in multiple users – single edge node model. In this case, numerous 

IoT devices contain a considerable amount of data that needs to be processed at the edge server, 
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so edge resources should be distributed wisely among users to reduce total latency. The 

researchers implemented partial computation offloading, multiple access, problem 

decomposition, and sub-gradient approach to obtain effective resource allocation with reduced 

users’ total latency. This strategy is applicable for the scenario of scarce computation and 

sufficient communication capabilities. Resource allocation and computation offloading with 

reduced latency were also investigated in [27], however, the researchers considered fog 

computing in this case. The authors formulated an optimization problem, which included 

queuing and partial computation offloading concepts. This problem turned out to be MINLP, 

therefore the researchers used a hybrid genetic method to handle divided problems. The 

modeling revealed that the proposed approach can achieve high results in latency minimization 

under energy consumption constraints. Moreover, the authors intended to extend their work for 

multitask scenario in real-life services. At the same time, [28] considered edge computing 

resource allocation for a model with multiple users – multiple edge nodes, which is not the case 

for [26], [27], and [29]. Thus, complex tasks from user devices were simultaneously offloaded 

to several edge nodes for more reasonable resource utilization in [28]. To handle the mobility 

issue of the user devices, the authors suggested offloading tasks to edge nodes located in small 

areas. Further, an optimization question was defined by the researchers to obtain high reliability 

and low latency, which was then solved by utilizing the deep reinforcement method. Thus, this 

strategy turned out to be feasible for dynamic systems with limited latency requirements. The 

researchers of [29] developed a special approach, in which user devices were motivated to 

offload their tasks to MEC node, whereas MEC node provided power to the user devices as 

compensation. Moreover, the researchers were concerned with utility maximization and power 

usage reduction questions under limited latency. Thus, to fulfill this complex task, they used 

an iterative mechanism and Lagrangian approach, which allowed them to gain significant 

results in motivating the entities to participate in the process. 
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It was mentioned above, that in IoT and 5G systems equipped with edge computing, 

there is an inevitable trade-off between several desirable features. One of the most popular 

compromises is between energy consumption and latency constraint. For example, [30] 

considered the latency and energy consumption trade-off in edge computing with resource 

allocation and task offloading. In their work, the authors combined two cutting-edge concepts, 

such as MEC and cloud radio access network in IoT context. For this aim, they used network 

function virtualization. Based on the researchers’ assumptions, it is challenging to handle this 

problem in its initial form. Therefore, they implemented Lyapunov approach to partition 

complex question into several small tasks and addressed them by matching game mechanism. 

Similar to [30], the authors of [31] investigated energy consumption reduction under reliability 

and latency requirements. The researchers analyzed the queueing pattern in their model using 

extreme value theory, as this pattern can influence on delay metric. They also used Lyapunov 

stochastic method to design computation offloading and resource distribution model for this 

system. Thus, these two works provided valuable insights into improving the performance of 

edge computing and demonstrated high potential in comparison to benchmark algorithms. It 

can be seen that both works [30] and [31] used many-to-many model for edge computing 

architecture in IoT systems. The researchers in [32] and [33] were mainly concerned with 

reduced energy consumption demand in edge-assisted IoT services and applications. These 

works attempted to efficiently allocate edge resources; however, the authors used different 

approaches in achieving the set goal. Namely, the work [32] efforted to reduce the transmission 

time and energy cost in resource allocation and task offloading, which turned out to be a 

MINLP question. Consequently, the authors divided it into two subproblems and solved them 

by an iterative method, also used in [11] and [13]. To confirm the high potential of the proposed 

mechanism, they performed a Monte-Carlo simulation. Thus, their approach is rather 

promising for the considered conditions and can outperform benchmark algorithms. Regarding 
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[33], the authors of this article also focused on the energy consumption aspect in edge 

computing. Thus, they highlighted the effectiveness of cooperative edge computing for 

dynamic systems. To raise the question of the simultaneous task processing by different entities 

for the total energy consumption decrease, it was proposed to use the MDP approach. 

According to the authors, MDP is a helpful tool when designing this kind of problem with 

stochastic processes and numerous conditions. Afterward, by using a stochastic optimization 

policy, the authors demonstrated that cooperative processing can significantly reduce system 

energy consumption. The simulation outcomes approved the correctness of the numerical 

results and demonstrated the effectiveness of the strategy. Evidently, the work [32] used a 

many-to-many model, while the work [33] considered a model with a single user device and 

several access points. Nevertheless, the authors of [33] claimed that a model with multiple user 

devices can be examined in the future. 

The capacity metric for resource allocation evaluation has also attracted the attention 

of several academic articles, [34] and [35] are two of them. A multi-user and single edge node 

model was considered in these works to represent IoT systems with edge computing. In 

particular, [34] considered capacity measurement in terms of the quality of services (QoS) 

aspect. Thus, to enhance this parameter during resource allocation, the researchers emphasized 

that communication and computation queueing patterns should be taken into account. 

Similarly, the question of the appropriate queueing was considered in [25] and [31]. However, 

in [34], the distribution of the computation and communication edge resources was investigated 

with the aim of QoS improvement under latency limitations. This is a complex task and needs 

to be divided into small subtasks through an alternating direction algorithm. After thorough 

experiments, it was found that by efficient regulation of latency bound and allocated 

communication and processing resources, system functionality can be improved sufficiently. 

At the same time, [35] differs from [34] in several fundamental aspects. First, in [35], a single 
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user-single edge server and many-to-many architectures were implemented. Then, the capacity 

metric was defined as the edge computing resources available for user devices in a limited time. 

Thus, the researchers aimed to maximize the capacity of the system by appropriate resource 

distribution and partial computation offloading. Two scenarios were considered in [35], 

namely, with one user device and multiple user devices. Solution for the efficient resource 

allocation was given in the first scenario, furthermore, suboptimal, and water-filling 

approaches were derived to address the capacity maximization problem in the second scenario. 

Finally, Monte-Carlo simulations confirmed the analytical calculations of the researchers. 

Regarding other critical performance metrics, such as system utility maximization, 

several research papers need to be reviewed. For instance, the research articles [29] and [36] 

developed advanced mechanisms to improve system utilization during computation offloading 

and resource allocation in edge computing. Thus, a many-to-many model was discussed in 

[29], whereas a single edge node – multiple user devices model was applied in [36]. A 

stochastic optimization question was stated by the authors of [36] to obtain proper results. 

Furthermore, similar to the authors of [30] and [31], the researchers used Lyapunov 

optimization approach to decouple this sophisticated question into small tasks, which then were 

solved directly or through advanced algorithms. Finally, the outcomes of these tasks were 

utilized to address the initial problem by means of the latency-aware resource distribution 

approach. Through simulations, the researchers demonstrated that higher values of utility 

metric under latency constraint can be achieved by their approach, in contrast to the heuristic 

algorithm. At the same time, the researchers in [37], made an effort to maximize the utility and 

satisfy the security and privacy requirements of edge technology in 5G scenario. This work 

included four basic stages in achieving the set goal: formulating a question with several 

objectives (e.g., optimal resource allocation), determining a balanced uploading mechanism, 

solving a problem with several objectives through advanced algorithms, and performing a 



 

 

21 

detailed simulation to validate analytical assumptions. Thus, this work provided useful insights 

according to optimal resource allocation with utility maximization aim in multiple user devices 

– multiple edge nodes model. 

2. 2. 3 Service caching 

Edge computing equipped with caching technology can facilitate IoT services and 

applications remarkably due to its specific architecture. According to [38], the rapid growth of 

multimedia content has led to the need for a more expensive and sophisticated network 

configuration, which is not appropriate in certain scenarios. In such a situation, caching 

becomes a helpful tool for satisfying user requests, while reducing the network load. The idea 

of caching is to store the necessary data at the edge of the network and provide it to the 

requesters when the backhaul channels are overloaded [38]. Thus, the integration of edge 

computing with caching has attracted the attention of many researchers in this area. In the vast 

body of articles about this paradigm, researchers were trying to find new ways to optimize it. 

This literature review discusses some of the research papers, such as [22], and [39] – [41], that 

are relevant to the research question. 

The issue of latency minimization also plays a critical role in edge computing with 

caching. For example, the authors of [39] considered the question of caching, resource 

distribution, and assignment offloading collaboratively with latency reduction aim. The authors 

argued that IoT with edge computing aid can greatly benefit from task offloading to the 

appropriate node, rational edge resource allocation, and flexible caching based on user 

demands. They assume that this is a MINLP issue, therefore, handling it in its original form is 

challenging. To relieve the complexity of the problem, the researchers divided it into small 

tasks by means of auxiliary variables. Thereafter, they introduced advanced algorithm, such as 

general cooperative service caching and computation offloading (GenCOSCO), to solve 

divided problems. The modeling performed by the researchers showed that this strategy can 
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contribute to sufficient system utilization and minimized latency. The authors of [40] also 

studied the issue of edge computing with caching for IoT and 5G technologies’ aid, however, 

they were more interested in the reliability metric under a time constraint. Likewise [18] – [20], 

relay aid was also involved in this system architecture. Thus, the researchers investigated the 

question of choosing the best edge node to improve system reliability. For this objective, they 

proposed to use two criteria for the model with the cache-assistance: according to the 

processing capability of the edge node and characteristics of the relay channel. For the cache-

free model, they suggested utilizing three criteria: according to the edge node processing 

capability and characteristics of the direct and relay channels. Analytical and numerical results 

demonstrated delay-outage probability dependence on various criteria and system parameters. 

Eventually, the researchers aimed to expand their work by using deep and reinforced learning 

methods in the future. 

In [22] and [41], the authors argued that capacity metric should also be used for 

performance evaluation of service caching in edge computing. Both works [22] and [41] 

investigated the issue of capacity maximization for a many-to-many model in dynamic systems 

with limited latency. However, according to the authors of [22] and [41], capacity measure in 

cache-aided edge computing differs from the traditional representation and depends on the 

popularity of the files, system states, and diversity of the entities. In [41], the authors admit that 

collaboration of edge servers can significantly increase capacity, however, the system budget 

needs to be taken into account. Thus, they changed the capacity optimization question to a 

transfer link reduction question. For this scenario, the researchers assumed that edge server 

distribution is based on the Poisson point process and used Lagrangian approach for the 

solution. The work [22] extended the research in [41] by including the file degree concept in 

the capacity maximization problem. A bipartite graph was used by the researchers to 

demonstrate the bonds between user devices and cached data. Then, transfer length, file query 
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probability, and file degree based on the user’s dynamics were determined here. The 

researchers also used Lagrangian multiplier approach for the solution in this work. Modeling 

showed considerable results in achieving the set goal; however, the authors acknowledged that 

this study should be extended to other scenarios, for instance, congestion conditions [22]. 

Similar to [22], [39], and [41] considered a model with multiple user devices and edge nodes, 

while [40] focused on a model with one user device – several edge nodes. 

Table 2.1 synthesizes considered works by implemented edge computing tools and 

performance metrics. 

Table 2.1: Edge computing tools for IoT and 5G assistance. 

Ref. Edge computing tool Performance 
metric 

System model Strategy 

[10] Computation offloading Latency Multiple UD – 
multiple EN 

Serverless computing with lambda 
function 

[11] Computation offloading Latency Multiple UD – 
multiple EN 

Value iteration algorithm 

[12] Computation offloading Energy 
consumption 

Multiple UD – 
multiple EN 

ILP approach 

[13] Computation offloading, 
resource allocation 

Latency, energy 
consumption 

Multiple UD – 
multiple EN 

Iterative search algorithm  

[14] Computation offloading, 
resource allocation 

Latency, energy 
consumption 

Multiple UD – 
multiple EN 

Branch and bound, interior point 
algorithms 

[15] Computation offloading Latency, energy 
consumption 

Single UD – 
single EN 

BCD approach 

[16] Computation offloading Reliability Multiple UD – 
multiple EN 

FPSO-MR algorithm 

[18] Computation offloading Reliability Single UD – 
multiple EN 

LBRS scheme 

[19] Computation offloading Reliability Single UD – 
multiple AP 

CAP selection criteria 

[20] Computation offloading Reliability Single UD – 
multiple AP 

RAS or MRC with SC or SSC 
protocols 

[21] Computation offloading Reliability Single UD – 
multiple AP 

DDPG approach 

[22] Service caching Capacity Multiple UD – 
multiple EN 

Lagrangian multiplier method 

[23] Computation offloading, 
resource allocation 

Capacity Multiple UD – 
multiple EN 

Exhaustive search algorithm 

[24] Computation offloading Capacity Multiple UD – 
multiple EN 

Branch-and-bound method 

[25] Computation offloading Security and 
privacy 

Multiple UD – 
multiple EN 

IOM 
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[26] Computation offloading, 
resource allocation 

Latency Multiple UD – 
single EN 

Sub-gradient method 

[27] Computation offloading, 
resource allocation 

Latency Multiple UD – 
single EN 

Hybrid genetic algorithm 

[28] Computation offloading, 
resource allocation 

Latency Multiple UD – 
multiple EN 

DDPG approach 

[29] Computation offloading, 
resource allocation 

Latency, energy 
consumption, 

utility 

Multiple UD – 
single EN 

Iterative algorithm and Lagrangian 
dual method 

[30] Computation offloading, 
resource allocation 

Latency, energy 
consumption 

Multiple UD – 
multiple EN 

Convex decomposition methods and 
matching game 

[31] Computation offloading, 
resource allocation 

Latency, energy 
consumption, 

reliability 

Multiple UD – 
multiple EN 

Lyapunov stochastic optimization 

[32] Computation offloading, 
resource allocation 

Energy 
consumption 

Multiple UD – 
multiple EN 

Iterative algorithm 

[33] Computation offloading, 
resource allocation 

Energy 
consumption 

Single UD – 
multiple AP 

Stochastic optimization theory 

[34] Resource allocation Capacity Multiple UD – 
single EN 

Algorithm based on ADMM 

[35] Computation offloading, 
resource allocation 

Capacity Single UD – 
single EN, 

Multiple UD – 
multiple EN 

Binary-search water-filling and 
suboptimal algorithms 

[36] Resource allocation Utility Multiple UD – 
single EN 

DTCCRA algorithm 

[37] Computation offloading, 
resource allocation 

Utility, security, 
and privacy 

Multiple UD – 
multiple EN 

BSOM 

[39] Computation offloading, 
resource allocation, 

service caching 

Latency, utility Multiple UD – 
multiple EN 

GenCOSCO 

[40] Computation offloading, 
service caching 

Latency, 
reliability 

Single UD – 
multiple AP 

Destination selection criteria 

[41] Service caching Capacity Multiple UD – 
multiple EN 

Lagrangian multiplier method 

2. 3 Summary 

Thus, we can summarize that different metrics can be used to assess edge computing 

performance. However, in our case, the reliability metric is one of the most crucial. First, it is 

necessary to define the value of reliability as a measure of performance. Reliability has been a 

promising tool for evaluating computer networks and services, especially when the entities of 

the system are dynamic [42]. In general, reliability is the possibility that the system will execute 

a certain assignment correctly under unforeseen circumstances [43]. This metric is rather broad, 

and researchers in numerous scientific papers define it differently. As it was revealed in the 
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literature review, some research works use reliability metric to assess the system’s ability to 

complete maximum assignments without overloading, while others use it to assess the system’s 

ability to execute tasks within power limitations. Moreover, some authors determine reliability 

as a metric of system security or availability. The researchers in [44] define the reliability 

measurement in two ways: traditional and novel. The first definition reflects the system’s fault 

resistance, while the second one relates to the delay threshold in a wireless environment [44]. 

Obviously, the reliability of the system can be deteriorated due to various external agents. The 

authors of [45] list several of them: channel utilization conflicts between users, frequency 

sharing by different participants, device mobility, system instability, and others. Figure 2.1 

shows the main tools for reliability and latency improvement. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.1: Main tools for reliability and latency improvements [45].  
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Recently, the concept of ultra-reliable and low-latency communication has emerged and 

attracted the attention of academia. For computing or communicating context, the reliability 

requirement is integrated with the latency limitation in URRLC [21]. In our work, we use 

reliability metric in its novel meaning, as a delay-outage probability.  
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Chapter 3 – Selection schemes for task offloading in edge 

computing 

In selection schemes, the user device offloads its task to one edge node for completion. 

It is possible to enhance the reliability feature of MEC-assisted IoT services and applications 

under limited latency requirement by an appropriate edge node selection. Specifically, edge 

nodes can vary in processing capacity and channel characteristics, which can affect the system 

performance significantly [21]. Thus, computation offloading, resource allocation, and service 

caching schemes based on the different edge nodes selection with various parameters will be 

analyzed.  

3. 1 Selection-based scheme for task offloading in edge computing under Rayleigh 

fading channels 

For this scheme, we assume that the channels between the user device and edge nodes 

are the channels with Rayleigh fading, where channel gain has an exponential distribution. 

Fading is an unavoidable concept in wireless communication, which represents an influence of 

different obstacles on signal quality, such as transmission environment, weather, system 

instability, and many others [46]. Rayleigh, Nakagami-m, and Rician are some of the common 

types of channel fading. 

3. 1. 1 System model 

In our model, a user device with constrained capabilities needs to complete a 

computationally complex task, and thus, it offloads the task to the edge node. Figure 3.1 shows 

the proposed system with one user and several edge nodes. A wireless network can be used for 

the task offloading aim. One user device is defined as D, and a set of edge nodes having one 

antenna is defined as N = {1,…, n}.   
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Figure 3.1: Edge computing offloading model. 

First, it is necessary to determine offloading time of the system, which consists of parts: 

transmission time and computation time [21] and [47]: 

𝑡	 = 	𝑡!",$% 	+ 	𝑡& 	+ 	𝑡!",'(!,                                      (3.1) 

where ttr,in is a task transmission time between the user device and edge node, tc is a task 

computation time of edge node, ttr,out is an outcome transmission time between the edge node 

and the user device. Figure 3.2 demonstrates the total time needed for task offloading. 

 

 

 

                                    

 

Figure 3.2: Edge computing total offloading time [20]. 

For the considered system, we will omit ttr,out, as it is rather small due to the edge node’s 

significant transmit power [21], [39], and [48]. Therefore, the total time of task offloading from 

the user device to an edge node for our system is obtained from (3.1) [21] and [48]: 

N1 

N2 

Nn 

D 

Communication latency, ttr, in Computation latency, tc ttr,out 
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	𝑡 = 	𝑡!",$% 	+ 	𝑡& .	                                                    (3.2) 

Hence, the transmission rate should be found first, and then, the transmission time. For 

this aim, we find transmission rate by Shannon formula: 

𝑅	 = 	𝑊log) +1	 +	
*|,!|"

-"
-,                                     (3.3) 

where W is a channel bandwidth, P is a transmit power of the user device, gi is a channel gain 

from the user device to the edge node (gi  ~ 𝒞𝒩(0, Ωi)), for i ∈ N. 𝜎)  is an additive white 

Gaussian noise (AWGN). 

Further, we can determine the delay-outage probability using the following formula 

[15], [18] – [20], and [40]: 

𝑃𝑟'(! 	= 	𝑃𝑟	(𝑡 > 	 𝑡!."),                                             (3.4) 

where Pr(.) is a notation of probability and tthr is a latency threshold, in particular, it is a 

constrained time for the task execution, which should not be exceeded. The delay-outage 

probability is determined by the likelihood that the actual task completion time is greater than 

this threshold [18] and [40].   

3. 1. 2 Performance analysis 

As was mentioned before, here we find transmission rate by Shannon formula: 

𝑅	 = 		𝑊log) +1	 +	
*|,!|"

-"
-.                                    (3.5) 

In Rayleigh fading channels, the average channel gain Ωi can be formulated through the 

path-loss function [49] – [51]: 

𝛺$ = 𝐸(|𝑔$|)) =
&"

/01"2#"3!
$	
,                                    (3.6) 

where E(.) is a notation of the expectation, c is the speed of light, fc is a carrier frequency, di is 

a distance between a user device and edge node, 𝛼 is a path-loss exponent. Some values of the 

path-loss exponent based on the medium are provided in Table 3.1.  
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Table 3.1: Values of path-loss exponent [52] and [53]. 

Medium Path-loss exponent, 𝛼 
Free space 2 
In factories  2 – 3 

Shadowed urban area 3 – 5 
In buildings 4 – 6  

An approximation of the average transmission rate for Rayleigh fading channels can be 

defined as 𝑅 = 	𝐸(𝑅), thus we get from (3.5), (3.6), and Jensen’s inequality [54]: 

											𝑅 	= 𝐸 =𝑊log) +1	 +	
*|,!|"

-"
->  

																																																														≈ 𝑊log) +1	 +	
56*|,!|"7

-"
-   

											= 𝑊log) +1	 +	
*8!
-"
- .                                         (3.7) 

We can define task transmission time from the user device to an edge node using (3.5) 

[19], [20], and [40]: 

𝑡!",$  =   
9

:;<=">/	?	
%&'!&

"

("
@
	,                                                               (3.8) 

where B bits is the size of the offloaded task. 

An approximation of the average task transmission time from the user device to an edge 

node can be obtained using (3.7): 

𝑡!",$  =   
9

:;<="A/	?	
%)!
("

B
	.                                                                (3.9) 

Computation latency of an edge node is defined as [19], [20], and [40]: 

𝑡&,$ 	= 	
C9
&!
	,                                                          (3.10) 

where K is a cycle frequency for one bit of task execution and ci is an edge node’s central 

processing unit (CPU) cycle frequency.  

Thus, the total time of task offloading from the user device to an edge node can be 

determined from (3.2), (3.8), and (3.10) [19], [20], and [40]: 
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𝑡	$  =   
9

:;<=">/	?
%&'!&

"
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@
	+ 		C9

&!
.	                                        (3.11) 

Further, we can define the delay-outage probability for this scenario from (3.4) and 

(3.11) [19], [20], and [40]: 

𝑃𝑟'(!D 		= 	𝑃𝑟 @ 9

:	;<=">/	?	
%&'!&

"

("
@
	+ 		C9

&!
	> 	 𝑡!."A	.                (3.12)   

After simplification of the formula (3.12) we obtain: 
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The delay-outage probability can be determined from (3.13) through the CDF of the 

exponential random variable (RV) gi [40]:  

𝑃𝑟'(!D =	L
/
L
𝑒F
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Therefore, it can be seen from (3.14) that the delay-outage probability is related to the 

CDF of exponential RV and depends on certain values, such as bandwidth and gain of the 

channel between the user device and edge node, transmit power of user device, AWGN, size 

of the task, cycle frequency for one bit of task, CPU capacity of the edge node, and latency 

threshold. 
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 3. 1. 3 Numerical results 

This subsection aims to validate the analytical assumptions regarding the delay-outage 

probability dependence on various system parameters in Rayleigh fading channels. Let us 

assume task size B = 50 Mbits, channel bandwidth W = 200 MHz, carrier frequency fc = 28 

GHz, path-loss exponent 𝛼 = 3, cycle frequency for each bit of task execution K = 10, edge 

node’s CPU cycle frequency ci is 50 GHz, and the latency threshold is tthr = 0.1 second. From 

Figures 3.3 and 3.4, we can observe the relationship between the system performance and 

transmit SNR. In this model, transmit SNR, i.e., 𝑃/𝜎),	varies from 0 to 30 dB. It can be seen 

that average delay and the delay-outage probability curves decrease with higher values of 

transmit SNR. 

      

 

 

 

 
 

Figure 3.3: The outage probability curve of 
Rayleigh fading model with B = 50 Mbits, W 
= 200 MHz, and tthr = 0.1 second versus 
SNR.     

Figure 3.4: Average delay curve of Rayleigh 
fading model with B = 50 Mbits and W = 200 
MHz versus SNR.   

Figures 3.5 and 3.6 demonstrate the change in average delay and the delay-outage 

probability according to different task sizes. Here, we assume transmit SNR is 𝑃/𝜎)	= 20 dB, 

while task size B varies from 20 to 200 Mbits. Evidently, task size increase leads to average 

delay and the delay-outage probability curves rise. 
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Figure 3.5: The outage probability curve of 
Rayleigh fading model with 𝑷/𝝈𝟐	= 20 dB, 
W = 200 MHz, and tthr = 0.1 second versus 
task size. 
 

Figure 3.6: Average delay curve of Rayleigh 
fading model with 𝑷/𝝈𝟐	= 20 dB and W = 
200 MHz versus task size. 

From Figures 3.7 and 3.8, we can see how average delay and the delay-outage 

probability can be improved with higher values of channel bandwidth. For this model, we select 

channel bandwidth with values from 20 and 200 MHz. 

    

 

 

 

 
 
 

Figure 3.7: The outage probability curve of 
Rayleigh fading model with 𝑷/𝝈𝟐	= 20 dB, 
B = 50 Mbits, and tthr = 0.1 second versus 
channel bandwidth. 

Figure 3.8: Average delay curve of Rayleigh 
fading model with 𝑷/𝝈𝟐	= 20 dB and B = 50 
Mbits versus channel bandwidth. 

 
In Figure 3.9, we can observe the system performance improvement with the latency 

threshold increase. Let us assume the latency threshold, i.e., tthr, varies from 0.1 to 1 second. 
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Figure 3.9: The outage probability curve of 
Rayleigh fading model with 𝑷/𝝈𝟐	= 20 dB, 
B = 50 Mbits, and W = 200 MHz versus 
latency threshold. 

 

 
Therefore, it can be seen that the delay-outage probability can be reduced by selecting 

the edge node with the highest CPU capacity and channel gain [18], [19], and [40]. Moreover, 

by adjusting the other specified parameters, we observe how the delay-outage probability and, 

therefore, the system performance can be changed. In particular, different values of signal-to-

noise ratio (SNR), task size, channel bandwidth, and latency threshold significantly affect the 

reliability of the system. Further, the selection model will be investigated using Nakagami-m 

channels.  

3. 2 Selection-based scheme for task offloading in edge computing under Nakagami-

m fading channels  

Nakagami-m fading channels differ from Rayleigh fading channels by having two 

features, such as m and 𝛾, which bring more precision to the system [55]. The channel gain has 

a gamma distribution in this scenario. Certain values of m parameter in the Nakagami-m 

distribution allow covering Rayleigh, Rician, and Gaussian fading channels [56]. Thus, 

Nakagami-m fading channels are suitable for urban and indoor environments [55] and [56]. In 

addition, Nakagami-m is an appropriate channel model for mmWave bands utilized in 5G and 

beyond mobile networks (see, e.g.,[49], [51], and [57]). 
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3. 2. 1 System model 

In this scheme, inspired by [40], we consider a user device with constrained capabilities, 

which needs to fulfill a computationally complex task, and thus, it offloads the task to the edge 

node with the relay assistance. Figure 3.10 shows the proposed system with one user device D, 

one relay node R, and a set of edge nodes N = {1,…,n} having one antenna. However, in this 

subsection, we assume that the channels between the user device, relay, and edge nodes are the 

Nakagami-m fading channels. 

 

 

 

 

 

 

 

 

 

 

Figure 3.10: Edge computation offloading model with relay assistance [40]. 

To estimate the delay-outage probability, two models are implemented: relay with 

cache and relay without cache assistance systems. For the first model, the link between the user 

device and edge node can be decreased to the link between a relay and edge node [40]. 

Consequently, task transmission time from the user device to an edge node through cache-

assisted relay obtained from (3.8) as: 
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where ri is a channel gain from the relay to the edge node (ri  ~ Nak	(𝑚$,	𝛾$)) for i ∈ N.  

The total time of task offloading from the user device to an edge node in this model can 

be determined from (3.2), (3.10), and (3.15) [19], [20], and [40]: 

𝑡	$  =   
9

:;<=">/	?
%&,!&

"

("
@
	+ 		C9

&!
.	                                        (3.16)  

Further, we can define the delay-outage probability for this scenario from (3.4) and 

(3.16) [19], [20], and [40]: 

𝑃𝑟'(!DD 	= 	𝑃𝑟 @ 9
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The second model is represented by the cache-free relay system. In this model, the 

transmission time is composed of two parts: transmission of the assignment from the user 

device to relay and edge node simultaneously; processing and transmission of the task by relay 

to the edge node [40]. Furthermore, two links are integrated at the edge node. Consequently, 

the task transmission time from the user device to an edge node can be obtained from (3.8) [40] 

as: 

𝑡!",$ =  )9
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	,                         (3.18) 

where s is a channel gain between the user device and relay (s ~ Nak	(𝑚,		 𝛾)). 

Thus, the total time of task offloading from the user device to an edge node in this model 

can be determined from (3.2), (3.10), and (3.18) [40]: 

𝑡	$ =  
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		+ 		C9
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	.	           (3.19)  

Further, we can define the delay-outage probability for this scenario from (3.4) and 

(3.19) [40]: 
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3. 2. 2 Performance analysis 

For both models, we develop appropriate schemes for node selection and investigate 

system performance based on different architectures.  

The first model is represented by two schemes [40]: 

• Scheme I: Selection of the edge node with the best CPU ci 

• Scheme II: Selection of the channel between a relay and edge node ri with the 

best power gain 

The second model is represented by three schemes [40]: 

• Scheme I: Selection of the edge node with the best CPU ci 

• Scheme II: Selection of the channel between a relay and edge node ri with the 

best power gain 

• Scheme III: Selection of the channel between the user device and edge node gi 

with the best power gain 

Regarding Scheme I of the first model, the edge node with the best CPU is utilized, i.e., 

maximum ci, hence the delay-outage probability is based on high transmission time from relay 

to edge node [19], [20], and [40]. Thus, from (3.17) we obtain: 
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Moreover, analogously to the statement in the previous subsection, 	𝛾$ = 𝐸(|𝑟$|)) [57]. 

Thus, the delay-outage probability can be determined from (3.21) through the CDF of the 

gamma RV ri , where 𝑓|"!|"	(𝑥) =
S!

H!MH!14

T!H!U(S!)
𝑒
F
H!I
J!  [56] and [57]:  

𝑃𝑟'(!DD = 	1 −	𝑒
F
J*+,4,!(

"H!
%J! 	∑ /

X!
S!F/
XZN +T*+,4,!-

"S!
*T!

-
X
,	            (3.22)  

for	𝛾!."/,$ ≥ 0,	where 𝛾!."/,$ = 2
.

/0**+,1	
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According to Scheme II of the first model, the channel between a relay and edge node 

with the best power gain is chosen, i.e., maximum ri. In addition, the likelihood of choosing an 

edge node with the best CPU, i.e., maximum ci, is similar for every link [40]. Consequently, 

the delay-outage probability can be determined from (3.21) through the CDF of the maximum 

of independent gamma RVs ri, where 𝑓|"!|"	(𝑥) =
S!

H!MH!14

T!H!U(S!)
𝑒
F
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J! :  
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for	𝛾!."/,$ ≥ 0, where 𝛾!."/,$ = 2
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#!
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For Scheme I of the second model, the edge node with the best CPU is utilized, i.e., 

maximum ci, therefore, the delay-outage probability can be expressed by high transmission 

time [19], [20], and [40]. Thus, from (3.20) we define the delay-outage probability as: 

								𝑃𝑟'(!DD = 	𝑃𝑟

⎝

⎜⎜
⎛ )9

:;<="Q/	?	
%<=>?&'!&

",			<AB	C|E|",&,!&
"FG

("
R

		> 𝑡!." −
C9
&!

⎠

⎟⎟
⎞

   



 

 

39 

																												= 𝑃𝑟	 Clog2 =1 +	
*[\]A|,!|",			[^_	6|`|",|"!|"7B

-"
> < 	 )9

:E!*+,F	
-.
#!
G
E	    

= 𝑃𝑟 @
*[\]A|,!|",			[^_	6|`|",|"!|"7B

-"
<	2

".

/0**+,1	
-.
#!
3 − 	1A.            (3.24) 

Because of the independence of channels, we obtain from (3.24) [40]: 
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Therefore, the delay-outage probability can be determined from (3.25) through the CDF 

of the gamma RVs gi, s, and ri, where 𝑓|,!|"	(𝑧) =
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For Scheme II of the second model, the channel between a relay and edge node with 

the best power gain is chosen, i.e., maximum ri. In addition, the likelihood of choosing an edge 

node with the best CPU, i.e., maximum ci, is similar for every link [40]. Hence, the delay-

outage probability can be determined from (3.25) through the CDF of the gamma RVs gi, s and 

the maximum of gamma RVs ri, where 𝑓|,!|"	(𝑧) =
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for	𝛾!."),$ ≥ 0, where 𝛾!."),$ = 2
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For Scheme III of the second model, the channel between the user device and edge node 

with the best power gain is chosen, i.e., maximum gi. In addition, the likelihood of choosing an 

edge node with the best CPU, i.e., maximum ci is similar for every link [40]. Consequently, the 

delay-outage probability can be determined from (3.25) using CDF of the gamma RVs s, ri, 
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and maximum of gamma RV gi, where 𝑓|`|"	(𝑦) =
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From the performance evaluation conducted in this subsection, it was revealed that 

caching in edge computing with relay can influence reliability metric sufficiently, as for cache-

assisted schemes transmission time is decreased. In addition, there is flexibility in choosing the 

most efficient link between the user device and edge node in edge computing with cache-free 

relay, which also influences the reliability metric. Eventually, the delay-outage probability 

depends on the computational capacity of the chosen edge node and the number of edge nodes 

in the system. Thus, the impact of the aforementioned aspects will be observed during 

simulations. In the following chapter, we investigate the delay-outage probability for three 

different combining schemes. 

3. 2. 3 Numerical results 

In this subsection, numerical results also intend to confirm analytical assumptions 

obtained in the performance analysis subsection for Nakagami-m fading channels. To begin, 

we consider the first edge computing model, i.e., with cache-assisted relay, Scheme I and 

Scheme II. As was mentioned above, Scheme I represents edge computing with cache-assisted 

relay, where edge node with the best CPU is selected. At the same time, Scheme II represents 
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edge computing with cache-assisted relay, where the best channel gain between the relay and 

edge node is selected. Let us assume task size B = 50 Mbits, channel bandwidth W = 200 MHz, 

carrier frequency fc = 28 GHz, path-loss exponent 𝛼 = 3, Nakagami parameter m = 2, cycle 

frequency for each bit of task execution K = 10, and edge node’s CPU cycle frequency ci is 50 

GHz.  

In Figures 3.11 and 3.12, we can observe the relationship between the system 

performance and transmit SNR for Scheme I and Scheme II, respectively. For comparison, we 

use different parameters of the latency threshold. Thus, transmit SNR, i.e., 𝑃/𝜎), varies from 

0 to 30 dB, while the latency threshold is tthr = 0.1, 0.2, 0.5 seconds. It can be seen that the 

delay-outage probability curves of the system decrease with higher values of transmit SNR and 

the latency threshold in both cases. Moreover, a larger number of edge nodes in Scheme II, 

namely N = 1, 2, 4, can also improve the system performance even more, which is obvious at 

higher values of SNR. 

 

    

 

 

 

                            
Figure 3.11: The outage probability curves 
of the first model, Scheme I, with B = 50 
Mbits, W = 200 MHz, and m = 2 versus SNR 
for different delay threshold values. 

Figure 3.12: The outage probability curves 
of the first model, Scheme II, with B = 50 
Mbits, W = 200 MHz, and m = 2 versus SNR 
for different delay threshold values and 
different number of edge nodes. 
 

Figures 3.13 and 3.14 show the dependency of the delay-outage probability on task size. 

We assume transmit SNR is 𝑃/𝜎)	= 20 dB. Here, task size B varies from 20 to 200 Mbits, and 
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the latency threshold is tthr = 0.1, 0.2, 0.5 seconds. Obviously, the delay-outage probability 

curves increase with the task size. However, the system performance can be improved by 

higher values of the latency threshold in both cases. While a larger number of edge nodes, that 

is, N = 1, 2, 4, can also enhance the system performance in Scheme II, this benefit is more 

noticeable for smaller task sizes. 

 

 

 

 

   

 

From Figures 3.15 and 3.16, we can observe the delay-outage probability curves 

decrease with higher values of channel bandwidth W in Scheme I and Scheme II. For this 

model, we select channel bandwidth with parameters from 20 to 200 MHz, and the latency 

threshold is tthr = 0.1, 0.2, 0.5 seconds. Thus, higher values of the latency threshold also provide 

the delay-outage probability curves decrease in both cases. Moreover, with a greater number 

of the edge nodes, i.e., N = 1, 2, 4, the system performance improves remarkably.  

 

 

 

 

 

Figure 3.13: The outage probability curves 
of the first model, Scheme I, with 𝑷/𝝈𝟐		= 20 
dB, W = 200 MHz, and m = 2 versus task size 
for different delay threshold values. 

Figure 3.14: The outage probability curves 
of the first model, Scheme II, with 𝑷/𝝈𝟐	= 
20 dB, W = 200 MHz, and m = 2 versus task 
size for different delay threshold values and 
different number of edge nodes. 
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Figure 3.15: The outage probability curves 
of the first model, Scheme I, with 𝑷/𝝈𝟐	= 20 
dB, B = 50 Mbits, and m = 2 versus channel 
bandwidth for different delay threshold 
values. 

Figure 3.16: The outage probability curves 
of the first model, Scheme II, with 𝑷/𝝈𝟐 = 
20 dB, B = 50 Mbits, and m = 2 versus 
channel bandwidth for different delay 
threshold values and different number of 
edge nodes. 

 

Next, we observe the second edge computing model, i.e., with cache-free relay, Scheme 

I, Scheme II, and Scheme III. Scheme I is a selection scheme that uses the edge node with the 

best CPU for task computing. At the same time, the best channel gain between the relay and 

edge node is selected in Scheme II. Finally, the best channel gain between the user device and 

edge node is chosen in Scheme III. In the same vein, we assume task size B = 50 Mbits, channel 

bandwidth W = 200 MHz, carrier frequency fc = 28 GHz, path-loss exponent 𝛼 = 3, Nakagami 

parameter m = 2, cycle frequency for each bit of task execution K = 10, and edge node’s CPU 

cycle frequency ci is 50 GHz.  

From Figures 3.17, 3.18, and 3.19, we see that the system performance in this model is 

also related to SNR values. Specifically, when transmit SNR, i.e., 𝑃/𝜎), increases from 0 to 

30 dB and the latency threshold is tthr = 0.1, 0.2, 0.5 seconds, the delay-outage probability 

curves decrease significantly in all schemes. For Scheme II and Scheme III, we utilize a 

different number of edge nodes, namely N = 1, 2, 4, which also leads to the reliability 
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enhancement. Evidently, the advantage of using more edge nodes is more noticeable for higher 

SNRs in Scheme II and Scheme III.  

     

  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.19: The outage probability curves 
of the second model, Scheme III, with B = 
50 Mbits, W = 200 MHz, and m = 2 versus 
SNR for different delay threshold values and 
different number of edge nodes. 

Figure 3.20: The outage probability curves 
of the second model, Scheme I, with 
𝑷/𝝈𝟐=20 dB, W = 200 MHz, and m = 2 
versus task size for different delay threshold 
values. 

 
Figures 3.20, 3.21, and 3.22 demonstrate how the delay-outage probability depends on 

task size. Here, we assume transmit SNR is 𝑃/𝜎)	= 20 dB and the latency threshold is tthr = 

 
Figure 3.17: The outage probability curves 
of the second model, Scheme I, with B = 50 
Mbits, W = 200 MHz, and m = 2 versus SNR 
for different delay threshold values. 

 
Figure 3.18: The outage probability curves 
of the second model, Scheme II, with B = 50 
Mbits, W = 200 MHz, and m = 2 versus SNR 
for different delay threshold values and 
different number of edge nodes. 
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0.1, 0.2, 0.5 seconds, while task size B varies from 20 to 200 Mbits. It can be seen that the 

system performance deteriorates in terms of the reliability metric with a larger task size. In 

contrast, higher values of the latency threshold result in better system performance in all 

schemes. In addition, the use of more edge nodes leads to the delay-outage probability curves 

decrease, though this improvement is reasonable for the smaller task size. 

    

  

 

 

 

 

Figure 3.21: The outage probability curves 
of the second model, Scheme II, with 
𝑷/𝝈𝟐=20 dB, W = 200 MHz, and m = 2 
versus task size for different delay threshold 
values and different number of edge nodes. 

Figure 3.22: The outage probability curves 
of the second model, Scheme III, with 
𝑷/𝝈𝟐=20 dB, W = 200 MHz, and m = 2 
versus task size for different delay threshold 
values and different number of edge nodes.   
 

Figures 3.23, 3.24, and 3.25 show the relationship between the delay-outage probability 

and channel bandwidth. In this experiment, channel bandwidth ranges from 20 to 200 MHz 

and the latency threshold is tthr = 0.1, 0.2, 0.5 seconds. We can observe the system performance 

improvement with higher values of channel bandwidth and the latency threshold in Scheme I, 

Scheme II, and Scheme III. The number of edge nodes, that is, N = 1, 2, 4, can also impact the 

system performance. Thus, the delay-outage probability curves decrease with a larger number 

of edge nodes, which is more noticeable in Scheme II. 
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Figure 3.23: The outage probability curves 
of the second model, Scheme I, with 𝑷/𝝈𝟐 = 
20 dB, B = 50 Mbits, and m = 2 versus 
channel bandwidth for different delay 
threshold values. 

 
Figure 3.24: The outage probability curves 
of the second model, Scheme II, with 
𝑷/𝝈𝟐	= 20 dB, B = 50 Mbits, and m = 2 
versus channel bandwidth for different 
delay threshold values and different number 
of edge nodes.         
 

  

 

 

 

 

 

Figure 3.25: The outage probability curves 
of the second model, Scheme III, with 𝑷/𝝈𝟐 
= 20 dB, B = 50 Mbits, and m = 2 versus 
channel bandwidth for different delay 
threshold values and different number of 
edge nodes. 

 

Hence, from the experiments above, it was revealed that the reliability of all schemes 

is highly dependent on SNR, task size, and channel bandwidth values. In addition, higher 

values of the latency threshold provide more opportunity for edge nodes to fulfill intensive 

tasks on time, therefore the delay-outage probability is decreased. Further, more edge nodes 
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improve the system performance to a certain extent in all cases, although this advantage differs 

depending on the models and schemes under consideration.  

Eventually, we compare edge computing selection schemes with Nakagami-m fading 

channels presented above. For this aim, the delay-outage probability curves versus SNR, task 

size, and channel bandwidth are demonstrated in Figures 3.26, 3.27, and 3.28, respectively. In 

these schemes, the latency threshold is tthr = 0.5 second and the number of edge nodes is N = 

2. It can be seen that edge computing model with cache-free relay outperforms edge computing 

model with cache-assisted relay in terms of the reliability metric. This pattern can be justified 

by the flexibility in choosing the most efficient link between the user device and edge node in 

edge computing with cache-free relay. Interestingly that the system performance can be 

considerably improved in edge computing model, where the best channel gain between the 

relay and edge node is selected. 

     

 

 

  

 

 

 

 

 

 

Figure 3.26: The outage probability curves 
of the Selection schemes, Nakagami-m 
fading channels, with B = 50 Mbits, W = 200 
MHz, m = 2, tthr = 0.5 second, and N = 2 
versus SNR.           

 

Figure 3.27: The outage probability curves 
of the Selection schemes, Nakagami-m 
fading channels, with 𝑷/𝝈𝟐= 20 dB, W = 
200 MHz, m = 2, tthr = 0.5 second, and N = 2 
versus task size. 
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Figure 3.28: The outage probability curves 
of the Selection schemes, Nakagami-m 
fading channels, with 𝑷/𝝈𝟐= 20 dB, B = 50 
Mbits, m = 2, tthr = 0.5 second, and N = 2 
versus channel bandwidth. 
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Chapter 4 – Combining schemes for task offloading in edge 

computing 

Another approach is used in combining schemes, which has certain advantages over the 

strategy used in selection schemes. In this section, we investigate the delay-outage probability 

for IoT systems with edge computing assistance, in which all edge nodes are utilized 

simultaneously for task offloading. It is acknowledged that the main disadvantage of the 

wireless network in multiple access models is represented by the channels’ interference. Time-

division multiple access, frequency-division multiple access, space-division multiple access, 

and code-division multiple access turned out to be the solution to this problem [58].  

Thus, we study three different scenarios of combining schemes in this chapter to assess 

the performance of computation offloading and resource allocation in edge computing by 

reliability metric. 

4. 1 TDMA model for task offloading 

In this model, the user device offloads a complex task to all edge nodes, at the same 

time, through the time interval allocated to each access [58].  

4. 1. 1 System model 

The usage of time-division multiple access model for edge computing is demonstrated 

in Figure 4.1. In this scheme, B bits of the offloaded task are equally divided between N edge 

nodes, and thus, each edge node processes bi bits of the data, for i ∈ N. 
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Figure 4.1: Edge computation offloading with TDMA model. 

Hence, a transmission rate from the user device to each edge node can be obtained from 

Shannon formula: 

𝑅$ 	= 		𝑊log) +1	 +	
*|,!|"

-"
-.                                   (4.1) 

Then, a task transmission time from the user device to each edge node is obtained using 

(4.1) [19], [20], and [40]: 
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In the TDMA based edge computing system, the user device shares the task between N 

edge nodes, therefore, each node obtains bi bits of the data for computation, for i ∈ N. The 

transmission of the divided data from the user device to each node is performed at the assigned 

time interval. Then, edge nodes perform computation on the received data bi and send the 

outcome back. However, the time of sending the results to the user can be neglected due to the 

small data size. Therefore, the total time of task offloading in TDMA model represents the sum 

of all time slots for transmitting divided data from the user device and computation time for 

the received data at the edge nodes [59]. It can be determined from (3.2), (3.10), and (4.2) as: 

bn 

b2 

b1 
N1 

N2 

 D 

Nn 



 

 

52 

𝑡	 =    ∑ e!

:;<=">/	?		
%&'!&

"

("
@
	+ 		Ce!

&!
%
$Z/ 	.                             (4.3) 

We can define the delay-outage probability from (3.4) and (4.3) for this scenario as: 

𝑃𝑟'(!,D 		= 	𝑃𝑟 @∑ e!

:;<=">/	?		
%&'!&

"

("
@
	+ 		Ce!

&!
%
$Z/ >	 𝑡!."A.        (4.4)    

4. 1. 2 Performance analysis 

 The delay-outage probability can be obtained through the CDF of the summation of 

independent exponential RVs Yi:  
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For this aim we can derive the CDF of Yi for Rayleigh fading channels: 
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Taking into account the following condition: 



 

 

53 

𝐹$(𝑥) =

⎩
⎪
⎨

⎪
⎧

1 − 𝑒F
⎝

⎜⎜
⎛
"

N!
/0I1

-N!
#!

3
1	4

⎠

⎟⎟
⎞
("

5% 	,					𝑥 > 	Ce!
&!

			0,																																							otherwise.

	                           (4.7) 

Then, we can obtain PDF from CDF above by taking the derivative with respect to 

variable x: 
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To determine the delay-outage probability, CDF from the sum of the densities of RVs 

should be found. In the case of independent RVs, the sum of their PDFs is equal to their 

convolution [60] – [62]. However, in many research works (see, e.g., [63] – [65]), it is proposed 

to use the characteristic function to alleviate the problem’s complexity. Thus, using Fourier 

transform of PDF, we can obtain a characteristic function of 𝑌$: 
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where F is Fourier Transform. 

If RVs are independent, the characteristic function of their sum can be expressed as a 

product of their characteristic functions [60] and [66]: 

𝜑∑ i!
P
!Q4 	(𝜔) = 𝜑i4	(𝜔)⋯𝜑iP	(𝜔),																																	(4.10) 
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where ∑ 𝑌$%
$Z/ 	 = 𝑌/	 + ⋯ + 𝑌%	,and	𝜑i!	is the characteristic function of the exponential RV 𝑌$. 

Therefore, we can obtain from (4.10): 
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Furthermore, using Fourier inversion formula, PDF of ∑ 𝑌$%
$Z/  can be obtained from 

𝜑∑ i!
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Then, we can obtain CDF of ∑ 𝑌$%
$Z/ 	from its PDF: 

𝑃𝑟'(!D = � = /
)1
L +∏ � 𝑓𝑖(𝑥)	𝑒

𝑗ω𝑥𝑑𝑥m

Fm
%
$Z/ -

∗
𝑒FklM

m

Fm
𝑑𝜔>𝑑𝑥,

!*+,

N

     (4.13) 

for	𝑡!." ≥ 0. There is no closed-form expression for CDF, and we cannot derive an analytical 

expression for CDF. However, it can be computed numerically.  

 In addition, the authors of [63] – [65] proposed to use the approach implemented in [62] 

and composite trapezoidal rule to obtain CDF of ∑ 𝑌$%
$Z/ : 

𝑃𝑟'(!D ≈	
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where Υ(𝑥, 𝜔) = 	
hSTIr∑ V!

P
!Q4 	(Fl)Fh

1STIr∑ V!
P
!Q4 	(l)

kl
.             

4. 1. 3 Numerical results 

In this subsection, we introduce simulation results in order to evaluate the system 

performance numerically. For this aim, we consider TDMA model with Rayleigh fading 

channels and Nakagami-m fading channels. In corresponding simulations, we iterate 1000 000 

times to reach a proper average. Let us assume task size B = 50 Mbits, channel bandwidth W = 

200 MHz, carrier frequency fc = 28 GHz, path-loss exponent 𝛼 = 3, cycle frequency for each 

bit of task execution K = 10, noise power 𝜎)	= 8 ´ 10F/N mWatt, and edge node’s CPU cycle 

frequency ci is 50 GHz. Nakagami parameter m = 2 in Nakagami-m fading channels. 

From Figures 4.2 and 4.3, we can observe how the system performance depends on 

transmit power in Rayleigh fading channels and Nakagami-m fading channels, respectively. 

For comparison, we use different parameters of the latency threshold and different number of 

edge nodes. Thus, transmit power, i.e., 𝑃 varies from 0 to 20 dBm, the latency threshold is tthr 

= 0.1, 0.2, 0.5 seconds, and the number of edge nodes is N = 1, 2, 4. The delay-outage 

probability curves of the system decrease with higher values of transmit power and the latency 

threshold in both cases. The system performance also improves with an increase in the number 

of edge nodes and high transmit power for Nakagami-m fading case. Whereas this pattern is 

not substantial for Rayleigh fading case. 
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Figure 4.2: The outage probability curves of 
the TDMA model, Rayleigh fading 
channels, with B = 50 Mbits and W = 200 
MHz versus transmit power for different 
delay threshold values and different number 
of edge nodes.                              

Figure 4.3: The outage probability curves of 
the TDMA model, Nakagami-m fading 
channels, with B = 50 Mbits, W = 200 MHz, 
and m = 2 versus transmit power for 
different delay threshold values and 
different number of edge nodes. 

 
Figures 4.4 and 4.5 show the relationship between the delay-outage probability and task 

size. Here, transmit power is 𝑃	= 20 dBm, while task size B varies from 20 to 200 Mbits. We 

also select different values of the latency threshold for this model, namely tthr = 0.1, 0.2, 0.5 

seconds, and different number of edge nodes, i.e., N = 1, 2, 4. It can be seen that the delay-

outage probability curves increase with task size. At the same time, the system performance 

can be improved by using higher values of the latency threshold. Nevertheless, more edge 

nodes negatively affect the system performance in Rayleigh fading channels. This is not the 

case for Nakagami-m fading channels with smaller task sizes, where a larger number of edge 

nodes improve the system performance. 
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Figure 4.4: The outage probability curves of 
the TDMA model, Rayleigh fading 
channels, with 𝑷	= 20 dBm and W = 200 
MHz versus task size for different delay 
threshold values and different number of 
edge nodes.     

 
Figure 4.5: The outage probability curves of 
the TDMA model, Nakagami-m fading 
channels, with 𝑷= 20 dBm, W = 200 MHz, 
and m = 2 versus task size for different delay 
threshold values and different number of 
edge nodes. 

 
Figures 4.6 and 4.7 demonstrate the delay-outage probability curves decrease based on 

higher parameters of channel bandwidth in TDMA model with Rayleigh and Nakagami-m 

fading channels. In this case, we choose channel bandwidth W with parameters from 20 to 200 

MHz. In addition, the latency threshold is tthr = 0.1, 0.2, 0.5 seconds and the number of edge 

nodes, i.e., N = 1, 2, 4. Obviously, higher values of the latency threshold guarantee the delay-

outage probability curves decrease. On the contrary, using more edge nodes worsens the system 

performance significantly in Rayleigh fading channels. For the Nakagami-m fading channels, 

a larger number of edge nodes improves the system performance at higher values of channel 

bandwidth and latency threshold. 
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It can be concluded from the simulations above that the reliability metric in TDMA 

model with Rayleigh fading channels and Nakagami-m fading channels depends on transmit 

power, task size, and channel bandwidth values. Specifically, there is the delay-outage 

probability curves decrease based on higher values of transmit power and channel bandwidth. 

Conversely, the delay-outage probability curves increase with task size in both cases. In 

addition, higher values of the latency threshold improve the system performance considerably 

in both models. However, a larger number of edge nodes slightly improves the system 

performance in Nakagami-m fading channels with different parameters. While the utilization 

of more edge nodes leads to the system performance deterioration in Rayleigh fading channels.  

4. 2 FDMA model for task offloading 

In this model, the user offloads a complex task to all edge nodes at the same time 

through the appropriate frequency band designed for each link [58].  

4. 2. 1 System model 

The usage of the frequency-division multiple access model for edge computing is 

demonstrated in Figure 4.8. In this scheme, B bits of the offloaded task is divided between N 

 
Figure 4.6: The outage probability curves of 
the TDMA model, Rayleigh fading 
channels, with 𝑷		= 20 dBm and B = 50 
Mbits versus channel bandwidth for 
different delay threshold values and 
different number of edge nodes.                           

 
Figure 4.7: The outage probability curves of 
the TDMA model, Nakagami-m fading 
channels, with 𝑷	= 20 dBm, B = 50 Mbits, 
and m = 2 versus channel bandwidth for 
different delay threshold values and 
different number of edge nodes. 
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edge nodes, and thus, each edge node processes bi bits of the data, for i ∈ N. However, in this 

scheme, channel bandwidth W and transmit power P of the user device are also divided between 

N edge nodes, and therefore, each link obtains bandwidth of wi and transmit power of pi, 

respectively, for i ∈N.  

 

 

 

  

 

 

 

 

Figure 4.8: Edge computation offloading with FDMA model.  

Hence, a transmission rate from the user device to each edge node can be obtained from 

Shannon formula [67]: 

𝑅$ =		𝑤$log) +1	 +	
s!|,!|"

t!uW
-,                                 (4.15) 

where N0 is the spectral density of the noise. 

In the FDMA based edge computing system, the user device also divides the task 

between N edge nodes, and thus, each node obtains bi bits of the data for computation, for i ∈ 

N. The transmission of the divided data from the user device to all edge nodes is organized 

simultaneously with the assigned power pi and channel bandwidth wi. After that, edge nodes 

process the received data bi and send the results back. Nevertheless, the time of sending the 

results to the user device can be omitted due to the small data size. Consequently, the total time 
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of task offloading in FDMA model is the sum of the transmission time of the divided data from 

the user device and computation time of the received data at the edge nodes. Thus, the total 

time of task offloading from the user device to all edge nodes can be determined from (3.2), 

(3.10), and (4.15) as: 

𝑡	$  =    max^@
e!

t!;<=">/?	
X!&'!&

"

Y!ZW
@
	+ 		Ce!

&!
A.                           (4.16) 

The total transmit time is dominated by the MEC with the largest delay, therefore, we 

introduced maxi in this expression. Thus, we can obtain the probability of the delay-outage 

probability from (3.4) and (4.16): 
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4. 2. 2 Performance analysis 

Finding a closed-form solution for the expression (4.17) is not straightforward. Instead, 

we consider the special case where all parameters are equal, i.e., bi = b0, ci = c0, pi = p0, and wi 

= w0. In that case, MEC with the largest delay should have the worst channel gain gi, therefore, 

we can obtain from (4.17): 
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Hence, for the case of Rayleigh fading channels, the delay-outage probability can be 

determined from (4.18) through the CDF of the exponential RV gi, where 𝑓|,!|"	(𝑥) = 	
/
L
𝑒F

4
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With regard to Nakagami-m fading channels, the delay-outage probability can be 

obtained from (4.18) through the CDF of the gamma RV gi, where 𝑓|,!|"	(𝑥) =
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Furthermore, we can determine the optimized value of the offloaded task size bi in order 

to minimize the delay. Specifically, this optimization problem can be expressed as: 
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              s.t. ∑ 𝑏$ ≥ 𝐵%
$Z/ .                                                                    (4.21b) 

Let us assume that the statistics of the channel gain, i.e., path-loss 𝛼 of gi, are known, 

and thus, the task size bi can be defined as: 
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where ‘éù’ represents ceiling of the outcome. 

4. 2. 3 Numerical results 

In this part, we demonstrate simulation results to assess the system reliability 

numerically. To this end, we consider FDMA model with Rayleigh fading channels and 

Nakagami-m fading channels. The respective simulation includes 1000 000 trials to obtain a 

proper average. Let us assume task size B = 50 Mbits, channel bandwidth W = 200 MHz, carrier 

frequency fc = 28 GHz, path-loss exponent 𝛼 = 3, cycle frequency for each bit of task execution 

K = 10, spectral density of the noise N0 = – 174 dBm/Hz, and edge node’s CPU cycle frequency 

ci is 50 GHz. For Nakagami-m fading case, Nakagami parameter m = 2. 

Figures 4.9 and 4.10 show the impact of transmit power on the system performance 

with different parameters of the latency threshold and different number of edge nodes in 

Rayleigh and Nakagami-m fading channels, respectively. In our scheme, transmit power varies 

from 0 to 20 dBm, while the latency threshold is tthr = 0.1, 0.2, 0.5 seconds, and the number of 

edge nodes is N = 1, 2, 4. It can be seen, that the system performance improves with higher 

values of transmit power. Moreover, higher latency thresholds result in the delay-outage 

probability curves decrease for both cases. Nevertheless, the system performance degrades with 

more edge nodes involved in the process.  
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Figure 4.9: The outage probability curves of 
the FDMA model, Rayleigh fading 
channels, with B = 50 Mbits and W = 200 
MHz versus transmit power for different 
delay threshold values and different number 
of edge nodes.             

Figure 4.10: The outage probability curves 
of the FDMA model, Nakagami-m fading 
channels, with B = 50 Mbits, W = 200 MHz, 
and m = 2 versus transmit power for 
different delay threshold values and 
different number of edge nodes.      

 
From Figures 4.11 and 4.12, we can observe the dependency of the system delay-outage 

probability on the task size. In these schemes, transmit power is 20 dBm, while task size B 

varies from 20 to 200 Mbits. The latency threshold also has different values, specifically tthr = 

0.1, 0.2, 0.5 seconds. Obviously, the delay-outage probability curves increase with task size. 

However, the system performance can be improved by means of the higher latency threshold. 

At the same time, more edge nodes also deteriorate the system performance in Rayleigh fading 

channels and Nakagami-m fading channels. 
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Figure 4.11: The outage probability curves 
of the FDMA model, Rayleigh fading 
channels, with P = 20 dBm and W = 200 
MHz versus task size for different delay 
threshold values and different number of 
edge nodes.      

 
Figure 4.12: The outage probability curves 
of the FDMA model, Nakagami-m fading 
channels, with P		= 20 dBm, W = 200 MHz, 
and m = 2 versus task size for different delay 
threshold values and different number of 
edge nodes.    

 
In Figures 4.13 and 4.14, we can observe a slight decrease in the delay-outage 

probability curves based on the higher channel bandwidth parameters in FDMA model with 

Rayleigh and Nakagami-m fading channels. In these schemes, we assume channel bandwidth 

W with parameters from 20 to 200 MHz. Furthermore, the latency threshold is tthr = 0.1, 0.2, 

0.5 seconds, and the number of edge nodes, that is, N = 1, 2, 4. It can be seen that the higher 

values of the latency threshold provide a significant improvement in the system performance. 

Conversely, the usage of more edge nodes negatively impacts the system performance in both 

cases. 
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Figure 4.13: The outage probability curves 
of the FDMA model, Rayleigh fading 
channels, with P = 20 dBm and B = 50 Mbits 
versus channel bandwidth for different 
delay threshold values and different number 
of edge nodes. 

 
Figure 4.14: The outage probability curves 
of the FDMA model, Nakagami-m fading 
channels, with P = 20 dBm, B = 50 Mbits, 
and m = 2 versus channel bandwidth for 
different delay threshold values and 
different number of edge nodes. 

Thus, after obtaining numerical results, we can summarize that the reliability metric in 

FDMA model with Rayleigh fading channels and Nakagami-m fading channels also depends 

on transmit power, task size, and channel bandwidth values. In particular, the system 

performance improves considerably with higher values of transmit power. However, the delay-

outage probability curves decrease with higher channel bandwidth values is less significant in 

FDMA model. Conversely, a larger task size deteriorates the system performance in both cases. 

With regard to the latency threshold, its higher values improve the system performance 

remarkably. This does not apply to the number of edge nodes, since a larger number of edge 

nodes, involved in the process, worsens the reliability of the system in Nakagami-m fading 

channels and Rayleigh fading channels.  

4. 3 Task offloading with capacity achieving codes 

In this model, the user device also offloads a complex task to all edge nodes at the same 

time and same frequency. This can be realized either by proper separation of space using the 

space-division multiple access scheme [59] or by efficient management of interference. Thus, 

the maximum transmission rate between the user device and edge nodes can be achieved. For 
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interference management, we can use superposition coding and successive interference 

cancellation (SIC) concepts which are also called non-orthogonal multiple access scheme [54], 

[59], [68], and [69]. 

4. 3. 1 System model 

The usage of capacity achieving schemes for edge computing is demonstrated in Figure 

4.15. In this scheme, the user device transmits complex task to all edge nodes via common 

channel bandwidth, i.e., each link obtains W bandwidth. At the same time, transmit power P of 

the user device is divided between N edge nodes, and thus, each link obtains transmit power of 

pi, for i ∈ N.  

 

 

 

 

 

 

 

 

 

Figure 4.15: Edge computation offloading with capacity achieving codes. 

An ergodic sum-rate is defined as 𝑅 = 	𝐸(𝑅)and can be obtained from Shannon 

formula [54]: 
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An upper-bound for the ergodic sum-rate can be obtained from (4.23) and Jensen’s 

inequality [54]: 

				𝑅 	≤ 	𝑊log) +1	 +	
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!Q4 7
-"

-     
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P
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-.                                         (4.24) 

In addition, a lower-bound for the ergodic sum-rate can be also obtained from (4.23) 

and Jensen’s inequality [54]: 
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where i ∈ N and k is the Euler’s constant. 

By a tight approximation of the total achievable transmission rate, we obtain [54]: 
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Then, a task transmission time from the user device to edge node is obtained using 

(4.26): 
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9
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P
!Q4 @

	.                                                         (4.27) 

In the SDMA based edge computing system, the user device transmits task B to N edge 

nodes in separated dimensions, for i ∈ N. The transmission of the data from the user device to 

all edge nodes is organized simultaneously via common bandwidth W [58]. Further, edge nodes 

process the received data and send the results back. However, the time of sending the results 

to the user device can be ignored due to the small size. Consequently, the total time of task 

offloading in capacity achieving schemes is the sum of the transmission time of the data from 

the user device to all edge nodes and the computation times of the received data at the edge 

nodes. Thus, it can be determined from (3.2), (3.10), and (4.27) as: 
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We can define the delay-outage probability from (3.4) and (4.28) for this scenario: 
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4. 3. 2 Performance analysis 

For this scenario, we can obtain the delay-outage probability after simplification of the 

formula (4.29): 
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For the Rayleigh fading channel case, we first consider a special case of channel gains 

with identical means. Therefore, to determine the delay-outage probability, the characteristic 

function can be utilized. Hence, the sum of independent exponential RVs will have Erlang 

distribution, namely 𝑓∑ s!|,!|"
P
!Q4X!

	(𝑥) = 	
LPMP14

(%F/)!
𝑒FLM	[60] and [70]. In addition, CDF of the 

sum of independent exponential RVs, and therefore, the delay-outage probability can be 

obtained from PDF of Erlang distribution: 
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for	𝛾!."{,$ ≥ 0, where 𝛾!."{,$ = 2
.
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P
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For the Nakagami-m fading channel case, to find the delay-outage probability, we need 

to derive CDF of the sum of independent gamma RVs, which in the general case can be 

obtained from the nested weighted sum of gamma CDFs [51], [57], and [71]: 

𝑃𝑟'(!DDD = ∑ ∑ 𝐴$,X𝐹s!|,!|"(𝑥)
S!
XZ/

%
$Z/ ,			                          (4.32) 

where 𝐹s!|,!|"(𝑥) is the CDF of gamma RV 𝑝$|𝑔$|) and can be expressed 𝐹s!|,!|"(𝑥) =
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. Whereas 𝐴$,X  represents weights, which can be 

derived from the expression below [51] and [57]: 
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In the scenario with the analogous channel parameters (e.g., distance or path-loss), we 

can observe that the sum of independent gamma RVs also will have Erlang distribution. 

Consequently, we can define the delay-outage probability from the PDF of Erlang distribution: 
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for	𝛾!."{,$ ≥ 0, where 𝛾!."{,$ = 2
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P
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4. 3. 3 Numerical results 

In this part, we present simulation outcomes to assess the system performance 

numerically. For this aim, we consider capacity achieving schemes with Rayleigh fading 

channels and Nakagami-m fading channels. Our simulation consists of 1000 000 trials in order 

to obtain an appropriate average. Let us assume task size B = 50 Mbits, channel bandwidth W 

= 200 MHz, carrier frequency fc = 28 GHz, path-loss exponent 𝛼 = 3, cycle frequency for each 
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bit of task execution K = 10, noise power 𝜎)	= 8 ´ 10F/N mWatt, and edge node’s CPU cycle 

frequency ci is 50 GHz. For Nakagami-m fading case, Nakagami parameter m = 2. 

In Figures 4.16 and 4.17, we can observe the effect of transmit power on the system 

performance with different parameters of the latency threshold and different number of edge 

nodes in Rayleigh and Nakagami-m fading channels, respectively. In this case, transmit power 

varies from 0 to 20 dBm. At the same time, the latency threshold is tthr = 0.1, 0.2, 0.5 seconds 

and the number of edge nodes is N = 1, 2, 4. Obviously, higher transmit power parameters lead 

to system performance enhancement. In both schemes, the delay-outage probability curves 

decrease with higher latency thresholds. It can be seen that the reliability of the system 

improves as the number of edge nodes increases, especially for a higher latency threshold case, 

i.e., tthr = 0.2, 0.5 seconds, where more edge nodes result in improved reliability.  

 

 

 

 

 

 

Figure 4.16: The outage probability curves 
of the SDMA scheme, Rayleigh fading 
channels, with B = 50 Mbits and W = 200 
MHz versus transmit power for different 
delay threshold values and different number 
of edge nodes.    

Figure 4.17: The outage probability curves 
of the SDMA scheme, Nakagami-m fading 
channels, with B = 50 Mbits, W = 200 MHz, 
and m = 2 versus transmit power for 
different delay threshold values and 
different number of edge nodes.    

 
Figures 4.18 and 4.19 demonstrate the system performance dependency on a task size 

in Rayleigh and Nakagami-m fading channels, respectively. In these schemes, transmit power 

is 20 dBm, the latency threshold is tthr = 0.1, 0.2, 0.5 seconds, and the number of edge nodes is 



 

 

71 

N = 1, 2, 4. Whereas task size B varies from 20 to 200 Mbits in both schemes. Thus, we can 

observe the delay-outage probability curves increase with task size. At the same time, the 

reliability of the system improves with a higher latency threshold. In addition, the usage of 

more edge nodes enhances the system performance with a smaller task size. 

 

 

                                                      

 

 

Figure 4.18: The outage probability curves 
of the SDMA scheme, Rayleigh fading 
channels, with P = 20 dBm and W = 200 
MHz versus task size for different delay 
threshold values and different number of 
edge nodes 

Figure 4.19: The outage probability curves 
of the SDMA scheme, Nakagami-m fading 
channels, with P		= 20 dBm, W = 200 MHz, 
and m = 2 versus task size for different delay 
threshold values and different number of 
edge nodes. 

From Figures 4.20 and 4.21, we can see the decrease in the delay-outage probability 

curves with higher channel bandwidth for capacity achieving schemes. In these schemes, we 

assume channel bandwidth W with parameters from 20 to 200 MHz, the latency threshold is 

tthr = 0.1, 0.2, 0.5 seconds, and the number of edge nodes is N = 1, 2, 4. Clearly, higher values 

of the latency threshold enhance the system performance. Moreover, at higher latency threshold 

and channel bandwidth, more edge nodes significantly improve the system performance.   
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Figure 4.20: The outage probability curves 
of the SDMA scheme, Rayleigh fading 
channels, with P = 20 dBm and B = 50 Mbits 
versus channel bandwidth for different 
delay threshold values and different number 
of edge nodes. 

Figure 4.21: The outage probability curves 
of the SDMA scheme, Nakagami-m fading 
channels, with P = 20 dBm, B = 50 Mbits, 
and m = 2 versus channel bandwidth for 
different delay threshold values and 
different number of edge nodes. 

 
Thus, it can be concluded that there is a tangible tie between the system performance 

and transmit power in capacity achieving schemes with Rayleigh fading channels and 

Nakagami-m fading channels. Moreover, the reliability of the system depends on the task size 

and channel bandwidth parameters. Specifically, the larger values of the transmit power and 

channel bandwidth improve the system performance, while the larger task size degrades it. 

Regarding the latency threshold, higher values improve the system performance. Additionally, 

a larger number of edge nodes enhances the reliability of the system in Nakagami-m fading 

channels and Rayleigh fading channels.  

Finally, we observe differences in the system reliability based on several edge 

computing combining schemes, i.e., TDMA, FDMA, and capacity achieving schemes to obtain 

a comprehensive view of the subject. Figures 4.22, 4.23, and 4.24 show the delay-outage 

probability curves in Rayleigh fading channels versus transmit power, task size, and channel 

bandwidth, respectively. At the same time, Figures 4.25, 4.26, and 4.27 show the delay-outage 

probability curves in Nakagami-m fading channels. For all schemes, we select the latency 

threshold, i.e., tthr = 0.5 second, and the number of edge nodes, namely N = 2. From the figures 
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below, we can conclude that edge computing model with capacity achieving scheme 

demonstrates the highest results in terms of the reliability metric. Since, in this scheme, all 

resources, namely frequency and time, are completely used for data transfer from the user 

device to edge nodes. This does not apply to edge computing with FDMA scheme, which is 

inferior in performance to the other two combining schemes.    

  

 

 

 

 

Figure 4.22: The outage probability curves 
of the Combining schemes, Rayleigh fading 
channels, with B = 50 Mbits, W = 200 MHz, 
tthr = 0.5 second, and N = 2 versus transmit 
power.   

Figure 4.23: The outage probability curves 
of the Combining schemes, Rayleigh fading 
channels, with P = 20 dBm, W = 200 MHz, 
tthr = 0.5 second, and N = 2 versus task size.  
              
 

 

 

 

 

 

Figure 4.24: The outage probability curves 
of the Combining schemes, Rayleigh fading 
channels, with P = 20 dBm, B = 50 Mbits, tthr 
= 0.5 second, and N = 2 versus channel 
bandwidth. 

Figure 4.25: The outage probability curves 
of the Combining schemes, Nakagami-m 
fading channels, with B = 50 Mbits, W = 200 
MHz, m = 2, tthr = 0.5 second, and N = 2 
versus transmit power.    
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Figure 4.26: The outage probability curves 
of the Combining schemes, Nakagami-m 
fading channels, with P = 20 dBm, W = 200 
MHz, m = 2, tthr = 0.5 second, and N = 2 
versus task size.                                                                                          

 
Figure 4.27: The outage probability curves 
of the Combining schemes, Nakagami-m 
fading channels, with P = 20 dBm, B = 50 
Mbits, m = 2, tthr = 0.5 second, and N = 2 
versus channel bandwidth.                    
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Chapter 5 – Conclusions 

5. 1 Contributions 

Edge computing has become a state-of-art means of equipping IoT devices with 

complementary computing and storage capabilities. In such a system, users partially or fully 

offload their assignments to edge nodes for completion, while edge nodes can distribute their 

resources among multiple user devices. As it was found during the process of investigation, the 

authors of previous works in this field developed various edge computing schemes with latency 

and energy consumption minimization, scalability, capacity, security, and privacy 

enhancement goals. However, due to the nature of IoT services and applications, latency is one 

of the most important and challenging characteristics. Therefore, in our research work, we 

implemented edge computing models to support IoT and assessed their performance against 

reliability metric in its delay-outage probability sense.  

This thesis has accomplished three main objectives: studying edge computing models, 

evaluating the performance of selection schemes, and evaluating combining schemes for task 

offloading. The first part included an examination of the latest academic papers on task 

offloading, resource allocation, and service caching in edge computing. In this section, we 

investigated various edge computing schemes pursuing specific goals. Additionally, we 

identified a lack of research efforts to concurrently design different system architectures and 

compare them in terms of the delay-outage probability. Thus, in the second part, we designed 

selection schemes for task offloading with Rayleigh and Nakagami-m fading channels and 

examined them by changing system parameters. For the Nakagami-m fading case, we 

implemented edge computing with cache-free and cache-aided relay. Analytical and numerical 

results have demonstrated that edge computing model with cache-free relay outperforms edge 

computing model with cache-assisted relay according to the reliability. Moreover, edge 

computing model with cache-free relay, where the best channel gain between the relay and 
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edge node is selected, showed the highest results in this measurement. In the third part, we 

organized combining schemes with Rayleigh and Nakagami-m fading channels for task 

offloading and assessed their performance by adjusting system parameters. In this case, 

analytical and simulation results have demonstrated the advantage of capacity achieving 

schemes over TDMA and FDMA schemes in reliability. Therefore, in our work, two types of 

schemes with various parameters are considered simultaneously. As a result, we come to the 

conclusion that the latency of the task offloading from the user device to edge servers can be 

sufficiently reduced due to the appropriate architecture and favorable system and channel 

parameters. 

5. 2 Future work 

To get the initial insights into this subject, we used a single user device – multiple edge 

nodes model. Nevertheless, current work can be extended to a multiple user devices – multiple 

edge nodes model, where several user devices offload tasks to edge nodes simultaneously. In 

this model, edge servers can allocate resources using economic and pricing methods. Moreover, 

our work considered a static system, in which the system conditions or location remain 

unchanged, while this can be also spread to a dynamic system. In addition, to be closer to 

reality, one can also take into account the blockage effect when considering edge computing 

for IoT. Blockage is a random obstacle that threatens communication channels and is inherent 

in 5G technology. Partial task offloading, as well as local task offloading, can also be 

considered in future work. Finally, deep learning and reinforcement learning algorithms have 

attracted the attention of many research papers recently. Obviously, this topic is rather novel 

and broad, therefore, it has numerous research gaps for further investigation. 
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Appendices  

Appendix A 

This Appendix contains supplementary MATLAB codes for numerical evaluation of the 

system performance. There are codes for selection schemes with Rayleigh and Nakagami-m 

fading channels versus different values of SNR, task size, channel bandwidth, latency 

threshold, and the number of edge nodes.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure A.1: Code of the delay-outage 
probability versus SNR, Rayleigh fading 
channels.     

Figure A.2: Code of average delay versus 
SNR, Rayleigh fading channels. 
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Figure A.3: Code of the delay-outage 
probability versus task size, Rayleigh fading 
channels.     

Figure A.4: Code of average delay versus 
task size, Rayleigh fading channels.   

Figure A.5: Code of the delay-outage 
probability versus channel bandwidth, 
Rayleigh fading channels.     

Figure A.6: Code of average delay versus 
channel bandwidth, Rayleigh fading 
channels.   
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Figure A.7: Code of the delay-outage 
probability versus SNR, first model, Scheme 
I. 

 
Figure A.8:  Code of the delay-outage 
probability versus task size, first model, 
Scheme I. 

 
Figure A.9: Code of the delay-outage 
probability versus channel bandwidth, first 
model, Scheme I. 

 
Figure A.10: Code of the delay-outage 
probability versus SNR, first model, Scheme 
II. 
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Figure A.11: Code of the delay-outage 
probability versus task size, first model, 
Scheme II. 

 
Figure A.12: Code of the delay-outage 
probability versus channel bandwidth, first 
model, Scheme II. 

 
Figure A.13 Code of the delay-outage 
probability versus SNR, second model, 
Scheme I. 

 
Figure A.14: Code of the delay-outage 
probability versus task size, second model, 
Scheme I. 
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Figure A.15: Code of the delay-outage 
probability versus channel bandwidth, 
second model, Scheme I. 

 
Figure A.16: Code of the delay-outage 
probability versus SNR, second model, 
Scheme II. 

Figure A.17: Code of the delay-outage 
probability versus task size, second model, 
Scheme II. 
 

Figure A.18: Code of the delay-outage 
probability versus channel bandwidth, 
second model, Scheme II. 
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Figure A.19:  Code of the delay-outage 
probability versus SNR, second model, 
Scheme III. 
 

 
Figure A.20: Code of the delay-outage 
probability versus task size, second model, 
Scheme III. 
 

 
Figure A.21: Code of the delay-outage 
probability versus channel bandwidth, 
second model, Scheme III. 
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Appendix B 

 This Appendix contains supplementary MATLAB codes for numerical evaluation of the 

system performance. There are codes for combining schemes with Rayleigh and Nakagami-m 

fading channels versus different values of transmit power, task size, channel bandwidth, latency 

threshold, and the number of edge nodes.  

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure B.1: Code of the delay-outage 
probability versus transmit power, TDMA 
model, Rayleigh fading channels. 

Figure B.2: Code of the delay-outage 
probability versus task size, TDMA model, 
Rayleigh fading channels. 
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Figure B.3: Code of the delay-outage 
probability versus channel bandwidth, 
TDMA model, Rayleigh fading channels. 

 
Figure B.4: Code of the delay-outage 
probability versus transmit power, TDMA 
model, Nakagami-m fading channels.     

Figure B.5: Code of the delay-outage 
probability versus task size, TDMA model, 
Nakagami-m fading channels.  

Figure B.6: Code of the delay-outage 
probability versus channel bandwidth, 
TDMA model, Nakagami-m fading 
channels.  
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Figure B.7: Code of the delay-outage 
probability versus transmit power, FDMA 
model, Rayleigh fading channels.     

 
Figure B.8: Code of the delay-outage 
probability versus task size, FDMA model, 
Rayleigh fading channels. 

 
Figure B.9: Code of the delay-outage 
probability versus channel bandwidth, 
FDMA model, Rayleigh fading channels. 

 
Figure B.10: Code of the delay-outage 
probability versus transmit power, FDMA 
model, Nakagami-m fading channels.     
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Figure B.11: Code of the delay-outage 
probability versus task size, FDMA model, 
Nakagami-m fading channels.  

 
Figure B.12: Code of the delay-outage 
probability versus channel bandwidth, 
FDMA model, Nakagami-m fading 
channels.  

Figure B.13: Code of the delay-outage 
probability versus transmit power, SDMA 
model, Rayleigh fading channels.     

Figure B14: Code of the delay-outage 
probability versus task size, SDMA model, 
Rayleigh fading channels. 
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Figure B.15: Code of the delay-outage 
probability versus channel bandwidth, 
SDMA model, Rayleigh fading channels. 

Figure B.16: Code of the delay-outage 
probability versus transmit power, SDMA 
model, Nakagami-m fading channels.     

Figure B.17: Code of the delay-outage 
probability versus task size, SDMA model, 
Nakagami-m fading channels.  

Figure B.18: Code of the delay-outage 
probability versus channel bandwidth, 
SDMA model, Nakagami-m fading 
channels. 


