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Abstract 
 

Over the years, the telecommunications industry has constantly adapted to accommodate the 

rising demand for more specialised network connectivity. Network slicing was introduced 

as a solution for providing specialised networks to customers. However, network slicing has 

a set of objectives which require that legacy network functions be revisited and updated to 

support network slicing. One such function is admission control. This work proposes two 

admission control algorithms and investigates how the admission control function can be 

improved by incorporating traffic forecasting into the admission control process. 

In this work, we present the state-of-the-art in admission control in sliced networks and the 

state-of-the-art of the application of predictive analytics to admission control. We design and 

evaluate two intra-slice admission control algorithms namely, the Decision Matrix algorithm 

and the Utility Index algorithm. A real IP network dataset, containing network flows collected 

from the University of Cauca, Popayán network is used for the simulation and evaluation of 

these admission control algorithms. The proposed admission control algorithms presented 

various strengths, with the Utility Index algorithm being highly profitable to the operator 

and the Decision Matrix algorithm being suitable for traffic with a large proportion of high 

priority traffic. 

A traffic forecasting model was implemented based on the Holt-Winters Exponential 

Smoothing predictive model. This forecasting model was trained using the network data 

from the real IP network dataset and then incorporated into the admission control process. 

For prediction-based admission control, the traffic forecasting model was used to forecast 

resource requirements of future network traffic in each slice and pre-emptively make 

provisions for the upcoming traffic. 

The performance of the intra-slice admission control algorithms with and without the 

influence of traffic forecasting was analysed and it was found that the use of predictive 

analytics to predict future slice traffic allows for dynamic allocation of slice resources. 

Prediction-based admission control, when compared to the admission control without 

predictions, showed better performance in terms of probability of blocking, system 

utilisation, and profitability to the operator.  
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Chapter 1: Introduction 
 

1.1. Background  
Since the introduction of mobile communication to the commercial world in the 1970s, the 

technologies behind mobile communications have evolved, and every major development 

has incorporated a response to an increase in the demand for connectivity. Cisco [1] predicts 

that the number of devices connected to IP networks (fixed broadband, Wi-Fi, and mobile 

networks included) will be up to 29.3 billion by 2023, with mobile devices accounting for 

almost half of that number (13.1 billion). Not only is the volume of traffic transmitted over 

networks increasing exponentially with respect to time, but an ever-increasing variety of 

services is to be accommodated on the network as per the demands of the industry verticals 

to be served by next generation networks such as 5G. This is outlined in the use cases and 

business models proposed by the Next Generation Mobile Network Alliance (NGMN) for the 

operation of 5G networks [2]. The concept of network slicing has been introduced as a 

solution which allows network operators to accommodate this diversity of demands on their 

networks [2]–[4]. 

Network slicing is the implementation of end-to-end logical sub-networks called slices which 

are tailored to support a particular connection type with specific network requirements [2]. 

These network slices are created and exist simultaneously with each other on the same 

physical network. Each slice is customised to serve a specific type of customer whose 

demands are different from those in the other slices. A customer or specific service which 

occupies a network slice is called a tenant. Since these network slices share the physical 

resources of the network, resource management strategies must be implemented to ensure 

that the network slices are served in the most optimal way possible.  

Even though the number of connections to be accommodated by networks is increasing 

exponentially with respect to time, the network resources that serve them remain limited, 

and the industry must remain innovative in finding ways to accommodate an increasing 

number of users while maintaining a desirable quality of service. This leads to the 

introduction of the general concept of radio resource management (RRM) and specifically the 

function of admission control which will be further explored in this work. Admission control 

for sliced networks must go a step further to not only ensure that as many users are 

accommodated on the network as possible, but also to ensure that the objectives of network 

slicing such as slice isolation are respected. 

The evolution of telecommunication networks from 1G right up to 5G networks has seen a 

shift in the network architecture from fully circuit-switched systems (1G, 2G) to a dual-
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domain system with both circuit-switching and packet-switching (2.5G, 3G), and now to fully 

packet-switched networks with a unified packet core (4G, 5G) [5][6]. Being fully packet-

switched networks, 4G and 5G networks are based on Internet Protocol (IP) communications. 

Voice and data calls on these IP-based networks are widely referred to as flows and this is 

evidenced by the use of the term ‘flow’ in the technical specification documents for 4G and 

5G [2][3], as well as in the majority of peer-reviewed research published on the topic. A flow 

on an IP network is generally defined as a stream of packets moving from a given source IP 

address and port to a given destination IP address and port within a specific time interval, 

and the packets in this stream all have specific Quality of Service requirements and the same 

transport protocol [7][8]. All the packets in a flow carry the same header information. The 

3GPP simply defines a packet flow as a collection of packets that flows between the user 

equipment and the network within a given time interval for a certain application. In a lot of 

the literature presented in Chapter 2, the terms ‘call’ and ‘flow’ are used interchangeably. 

The term Quality of Service (QoS) refers to the quantification of the performance of a system 

as perceived by the users of that system. The QoS required of a telecommunications system 

is often defined by parameters such as network availability, accessibility, service integrity 

and more [9]. 

Radio resource management (RRM) is a control functionality in the network. RRM ensures 

efficient use of the available network resources. It does so while fulfilling Quality of Service 

(QoS) requirements. RRM employs functions such as admission control, resource allocation 

(packet scheduling), radio bearer control, mobility control, load balancing and inter-cell 

interference coordination [10].  

Admission control (AC) is the function that admits or rejects users on the network. The 

admission decision is generally based on a number of factors, such as the QoS requirements 

of the incoming user, the QoS requirements of currently connected users, the availability of 

radio resources on the network for the requested connection and other constraints which may 

have been set by the network administrator [10]. 

In sliced networks, the concept of admission control is extended to include the process of 

determining whether requests from tenants for the creation of new slices should be accepted 

or denied [11] and this decision is also based on the availability of resources and whether or 

not the objectives of the incoming slice can be met while fulfilling those of ongoing slices. The 

fulfilment of Service-Level Agreements (SLA), or QoS guarantee is fundamental to 5G 

networks. 

In sliced networks, admission control is implemented on two main levels: at the network 

level (inter-slice) where requests for the creation of a slice could be admitted or rejected, and 

at the slice level (intra-slice) where individual incoming calls (users) could be admitted or 
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rejected. These concepts and the supporting literature are explored more in Chapter 2. All the 

systems and approaches for admission control explored in Chapter 2 focused on admission 

control at either the intra-slice level or the inter-slice level. A system model that considers the 

need for network resource management at both the inter-slice and intra-slice levels is 

proposed in Chapter 4. 

Admission control strategies and algorithms are not standardised and even though there are 

existing strategies [12], [13], the choice of strategy to implement is made at the discretion of 

the network and infrastructure providers. This has served as a cue for researchers to propose 

various admission control strategies for various network objectives. This dissertation focuses 

on admission control techniques as they pertain to sliced networks. 

Network function virtualisation (NFV) and software-defined networking (SDN) are two key 

concepts that have been leveraged to achieve network slicing [14], [15]. NFV is the software 

implementation of network functions, ensuring that the network functions are 

programmable and scalable. SDN decouples the control plane from the data plane for a more 

centralised control point, allowing for easier network management, scalability, and a global 

network view. 

The admission control schemes implemented on sliced networks must support the main 

principles of network slicing. The authors in [16] summarise the main principles on which 

the concept of network slicing is built as follows: automation, isolation, customisation, 

elasticity, programmability, end-to-end service, and hierarchical abstraction. For an 

admission control mechanism to support these principles, it must: 

i. Have automated admission request management: since network slices can be requested 

by a third party, the admission control scheme must be able to immediately compute 

whether or not incoming requests can be accommodated by the current network and 

either admit or reject accordingly. 

ii. Ensure slice isolation: radio resources must be allocated so that the activities in one 

slice do not affect services being delivered on another slice on the same network. 

iii. Support dynamic resource allocation: the admission control scheme should support the 

scaling up and down of the radio resources allocated to slices. This is to fulfil the 

principles of elasticity and hierarchical abstraction mentioned in [16]. 

In addition to the characteristics outlined above for admission control schemes in sliced 

networks, Khodapanah et al. show in [17] that an admission control scheme for network 

slicing must also be: 

iv. Slice-aware: The admission control scheme must be aware of the Service-Level 

Agreement (SLA) requirements of each slice, and the control parameters that are 
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needed to guarantee that the slice SLA is being fulfilled in all the slices. This addresses 

the issue of guaranteeing QoS. 

The survey carried out by Ojijo and Falowo in [11] identifies four main objectives of slice 

admission control: optimise revenue, provide and maintain the agreed QoS, inter-slice 

congestion control, and ensure fairness in the admission of slices. These objectives cannot all 

be achieved equally and always. Trade-offs must be made, depending on which objectives 

are a priority to the network operator. Based on these objectives, the characteristics below can 

be added to the list of characteristics to be incorporated into admission control (AC) 

mechanisms for sliced networks. An AC mechanism for sliced networks should also:   

v. Incorporate congestion control: a congestion control mechanism should be established 

to manage the requests which cannot be fulfilled in the current network state. 

vi. Assure slice fairness: biases in the types of slices admitted to the network should be 

avoided by the admission control scheme, for the network to serve a variety of 

tenants, as is the point of network slicing. 

vii. Efficiently utilise the available resources: the admission control mechanism should 

maximise resource efficiency and system utilisation, and this in turn can drive up 

revenue for the operator or infrastructure provider. 

The goal of this body of work is to review the existing admission control mechanisms with 

respect to how they support the principles of network slicing as outlined above and to 

develop and implement a system that incorporates the characteristics of effective radio 

resource management in sliced mobile networks. 

 

1.2. Problem Statement 
Several resource management and admission control schemes have been proposed and 

implemented on cellular networks. These schemes have served the previous generations of 

networks well. Advancing on this, next generation networks (5G, 6G networks) employ 

network slicing to cater to the various business models and requirements of applications. 

Network slicing largely changes the way resources are allocated within a cellular network. 

Slice isolation must be ensured, and legacy admission control schemes were not designed for 

sliced networks. 

Several admission control schemes have recently been proposed for network slicing as 

covered in Chapter 2. However, they have a few shortcomings such as enforcing the 

objectives of network slicing at the expense of individual user objectives. The works reviewed 

in Chapter 2 address admission control at either the intra-slice level or the inter-slice level 

and the intersection between inter-slice admission control and intra-slice admission control 
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was not explored by the related works reviewed in Chapter 2. To ensure that both slice-level 

and user-level objectives are met in the most efficient way possible, a dynamic hierarchical 

admission control method is needed. The hierarchical admission control method should 

allow for the implementation of admission control and resource allocation both amongst 

network slices within the network (inter-slice) and amongst users within the slice (intra-slice).  

 

1.3. Research Questions 
The research questions which were considered in this study are outlined as follows: 

i. How can admission control methods be designed and evaluated for sliced networks 

and evaluated? 

ii. How can a real network dataset be used for the simulation of admission control? 

iii. How can a prediction model be developed and trained for the forecasting of network 

traffic? 

iv. How does the integration of predictive analytics into the admission control and 

resource allocation process impact the performance of admission control algorithms? 

 

1.4. Research Objectives 
The objectives of this study are outlined as follows: 

i. To design, implement, and compare the performances of admission control methods 

that decide whether to admit incoming flows within a given slice (intra-slice 

admission control).  

ii. To identify a relevant dataset, preform data mining and data pre-processing on that 

dataset, such that it can be used for admission control simulations. 

iii. To test the impact of using forecasted traffic information for each slice to dynamically 

adjust the resources allocated to future slices. To do this, the following sub-objectives 

are first addressed. 

o Develop and train a traffic forecasting model based on the Holt-Winters 

Exponential Smoothing method, using real network data from the dataset 

mentioned in ii. above. 

o Dynamically allocate resources to each slice, based on the traffic load forecasts 

produced by the traffic forecasting model. 
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o Evaluate the impact of this dynamic slice resource allocation on the 

performance of the admission control methods in i. above. 

 

1.5. Research Methodology Overview 
A literature review is first conducted so as to identify and critically review the related work 

that has already been done in the field. A system model is then designed and modelled using 

MATLAB, which is a powerful computational software tool. Two admission control 

algorithms (the Decision Matrix algorithm and the Utility Index algorithm) are designed and 

implemented on this system model. In addition, a First-In First-Out admission control 

algorithm is implemented and a performance comparison of all three admission control 

algorithms is presented. This evaluation identifies the strengths and weaknesses of all three 

admission control algorithms. 

A traffic prediction model is developed based on the Holt-Winter Exponential Smoothing 

mathematical model. This traffic prediction model is trained using 4 possible approaches,  

outlined in Chapter 4, and the best-performing approach is used to train the final prediction 

model. This trained traffic prediction model is used to incorporate traffic forecasting into the 

admission control process, and then the performance of the admission control algorithms 

with the traffic forecasting is compared with their performance without the addition of traffic 

forecasting. This provides an assessment of the impact of the incorporation of traffic 

forecasting into the admission control process. 

All performance evaluation in this work is based on quantitative analysis. A real network 

dataset is used in all the implementations and experiments in this work. 

 

1.6. Main Contributions 
This work investigates the impact of incorporating predictive techniques into the admission 

control process in sliced networks. The effect of using network traffic forecasting to make 

resource management decisions is observed both at the intra-slice and inter-slice levels. The 

main contributions of this work are outlined as follows: 

i. The design and implementation of two admission control algorithms for admitting or 

rejecting users within a given slice (intra-slice admission). The admission decision in 

the proposed algorithms is based on policies designed for each algorithm and this is 

explored in Chapter 4. These proposed algorithms are tailored to and tested on a real 

network dataset. 

ii. Implementation and training of a prediction model for network traffic forecasting. 
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iii. Design, implementation, and evaluation of a dynamic Slice Resource Allocation 

module which adjusts the resources allocated to ongoing slices, based on the 

forecasted traffic load of each of the ongoing slices. 

iv. Benchmarking the performance of the proposed algorithms against the performance 

of a legacy admission control algorithm. In this work, the performance of the 

admission control algorithms with the addition of forecasting is also evaluated. 

 

1.7. Scope and Limitations 
The focus of this work is the implementation of admission control algorithms within a 

network slice and investigating the impact of predictive analytics on the performance of these 

admission control algorithms. Prediction-based admission control is implemented and 

compared with legacy admission control methods. Additional aspects such as user mobility 

were not considered in this work, as these aspects go beyond the scope of this work and can 

be considered in further studies or extensions of this work. 

The resources assigned to a user, or to a flow is assumed to be used for both the uplink and 

downlink (bidirectional).  

One limitation is that there is a lack of publicly available datasets for sliced networks so for 

this study, a campus IP network was used to simulate real life incoming traffic. The proposed 

algorithms in this work can however be reproduced on other traffic datasets.  

These admission control methods were simulated and tested in MATLAB and not on network 

test beds, so even though real network data was used, the real-time performance of these 

methods is not presented. 

 

1.8. Dissertation Outline 
The remaining text is structured as follows: 

Chapter 2 covers background on admission control approaches, the state-of-the-art of the 

domain of admission control for cellular networks, background on predictive techniques, 

state-of-the-art of the specific application of predictive techniques to the forecasting of 

network traffic and lastly, the state-of-the-art of the application of network traffic forecasting 

to admission control.  

Chapter 3 presents and justifies the research methodology employed in this work. The real-

world dataset that is used for the practical simulations is introduced here as well. 
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Chapter 4 takes the reader through the design of the system model, to the construction and 

training of the prediction model. The proposed algorithms are also presented here. 

In Chapter 5, the simulation parameters are detailed, and the simulation results presented. 

The performance of the algorithms described in Chapter 4 is presented, and finally, the 

results of the simulation are discussed, and recommendations made. 

Finally, Chapter 6 presents a summary of the work done, the limitations of the work and 

recommendations for a future extension of this work. 
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Chapter 2: Literature Review  
 

In this chapter, we introduce the concept of admission control and the state-of-the-art of its 

applications in sliced networks. We also introduce the concepts and processes surrounding 

predictive analytics and its application in the case of network traffic forecasting.  

 

2.1. Admission Control in Sliced Networks - Related Work 
In legacy networks, admission control (AC) is a radio resource management function that 

determines whether or not a new user can be admitted to the network. However, in the 

context of sliced networks, the functionalities of admission control mechanisms have been 

extended to manage the admission of incoming slices. 

In sliced networks, admission control is the function that not only determines which new 

users are to be admitted to the network [17], [18] but also decides which new slice requests 

are to be accepted or rejected [19], [20]. Rejection of slices may invoke some congestion control 

mechanism. The concept of congestion control shall be further explored in this section. AC 

decisions are mainly based on the available resources, the SLA of the current slices and users, 

and the resources required by the incoming slice or user to fulfil its SLA.      

AC mechanisms are triggered by the arrival of requests for network access by new users or 

by the arrival of new slice requests. Before the bearer for the user request is set up, the 

admission control mechanism starts running. AC ensures that each slice can guarantee the 

SLA of its current users for the duration of their connection. 

A variety of approaches to admission control in sliced networks, catering to different 

objectives has been proposed in the literature. The following sections explore the various 

existing categories.   

2.1.1. Implementation Level 

The work in [11] identifies two main implementation categories for admission control 

mechanisms based on the hierarchical level at which the admission control is implemented 

in the network, namely inter-slice admission control and intra-slice admission control. 

Inter-slice admission control refers to admission control schemes that are invoked to manage 

incoming requests for new slices from tenants (customers). Inter-slice admission control also 

manages the admission control for the transfer of users between slices. 

The works of Han et al. in [19], [20] propose an admission control mechanism that considers 

a network providing Slice as a Service (SlaaS), and makes decisions regarding the creation of 



10 
 

new slices. Here, the admission control module is considered a slice broker or mediator 

between the tenants (buyers of the slices) and the infrastructure provider selling the slices. 

Such an admission control model assumes that the tenant to whom an active slice is assigned 

will implement an admission control mechanism within the slice to manage the individual 

user requests for access to that slice.  

A solely inter-slice admission control scheme would address only half of the problem if 

implemented in a network where the infrastructure provider is also a mobile network 

provider, creating slices to cater to its individual consumers. The slice-level objectives may 

be met but the individual user objectives have not been considered.   

The second implementation level is the intra-slice admission control, where individual users 

send requests for network access to a tenant occupying an already existing slice. A decision 

is made within that slice as to whether a user is accepted or rejected from that slice. The 

decision is based on whether or not that user can be accommodated by the currently available 

resources in that slice and while maintaining the minimum required QoS of the active users.  

Caballero et al. [18], Khodapanah et al. [17], Ali and Zarai [21] each propose admission 

schemes that are considered intra-slice approaches because these schemes are invoked for 

each incoming user request and a decision is made for each user. The approach in [18] 

considers a network model where admission control is implemented within the slice, hence 

the AC can be managed by the tenant and [17] considers a network where admission control 

is implemented in an orchestrator which manages a multitude of cells, hence the AC must be 

managed by the infrastructure provider. Since in [17], AC is managed by a network-level 

orchestrating entity, it is slice-aware and this scheme has more control over inter-slice 

influences, hence better traffic isolation between slices.  

Like the inter-slice approach, a solely intra-slice admission control scheme is limited in that 

it does not consider the decisions to be made upon a new request for the creation of a slice. 

Infrastructure providers also operating as mobile virtual network operators need an 

approach that implements admission control at both the intra-slice and the inter-slice levels. 

The strength of an admission control approach is best demonstrated during network 

congestion. There are a number of approaches for managing congestion control and the 

following section addresses some of them. 

2.1.2. Admission Control with Congestion Control 

Generally, the decision made by the slice admission control mechanism is binary; AC decides 

whether or not an incoming slice request is to be accepted or rejected. By default, if the 

necessary resources are available and the maximum possible QoS is being attained by all 

active users and slices, all incoming user and slice requests are granted on their respective 
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allowed networks. If the currently available resources are insufficient to accommodate the 

incoming slices, the network is faced with an issue of congestion and can invoke a congestion 

control mechanism to manage the surplus user or slice requests. The following congestion 

control approaches have been explored in the literature: 

a. No Congestion Control (Blocking):  

In the admission schemes in [8] and [14], no congestion control mechanism is implemented. 

The incoming user requests which cannot be accommodated are blocked. In these cases, users 

who were not initially granted network access would have to resubmit a request for network 

access later. This results in a higher probability of blocking in these schemes than it would in 

similar schemes implementing a congestion control mechanism such as queueing. The 

admission control mechanisms presented in [8] and [14] are both intra-slice admission control 

mechanisms. 

b. Slice Degradation:  

Han et al. [19] propose a slice degradation approach to congestion control where if an 

incoming slice request is met with insufficient resources, some resources are pulled from 

other slices with flexible (elastic) QoS requirements. This degradation limits the amount of 

isolation possible between slices, as congestion in one slice has an effect on other slices on the 

same network. A trade-off should be found between congestion control by slice degradation 

and the enforcement of slice isolation. 

c. Call Degradation:  

The scheme proposed by Ali and Zarai in [21], employs a call degradation congestion control 

mechanism. Here, some resources are pulled from tolerant calls (calls without strict QoS 

requirements) and allocated to incoming calls that would otherwise have been blocked due 

to insufficient resources. This is possible because when calls are first allocated their resources, 

the calls are given the maximum possible amount of resources for the best possible QoS. 

When need be, this QoS is degraded to the minimum allowed QoS levels for that call by 

taking some of the resources which were allocated to the call. This method of congestion 

control must be limited to intra-slice admission schemes in order to ensure isolation between 

slices. Even though it is not specified in the scheme in [21], for traffic isolation, resources 

should not be pulled from calls in other slices to solve congestion in one slice.  

d. Queueing:  

Queueing schemes can be used in conjunction with other congestion control techniques, such 

as in [19] where slice degradation is implemented and heterogeneous slice queueing is also 

used to manage congestion. The strategy in [21] also uses queueing alongside call 
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degradation. Here different queues represent different service classes, associated with 

different priorities on the network.  

In [20], Han et al. propose a block-and-queue approach where the focus of the scheme is on 

efficient queue management and fairness in a bid to manage incoming slice requests without 

affecting currently active slices. This approach is tailored to networks with short-term slices 

and not long-standing tenants, as there is a limited amount of time a tenant can wait in a 

queue.  

A summary of the admission schemes which have been reviewed in this section is shown in 

Table 1 below. 
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Table 1 Summary of Admission Control Schemes Considered in the Literature 

Authors Admission control 

goals 

Trade-offs Performance 

Metrics 

Inter-slice 

Resource 

Allocation 

Network 

Hierarchy 

level 

Congestion 

Control 

Queueing 

Approach 

Shortcomings 

 Caballero, et 

al. [18], 2018 

Guarantee SLA of 

current slices, 

considering tenants 

with strict QoS 

requirements 

Maximising isolation 

vs maximising 

efficiency 

Network utilisation, 

blocking probability, 

throughput gains 

Predefined 

network shares 

(cap/threshold) 

per slice with 

dynamic 

distribution. 

Intra-slice Reject and 

block new 

users 

No queueing Queuing was not 

considered; traffic 

isolation is not ensured 

as overloading on one 

slice can cause users in 

other slices to be 

dropped. 

Han et al. 

[19], 2018 

Guarantee SLA of 

current slices, 

Account for 

inconsistencies in 

client slice requests 

Performance 

objectives of each slice 

are capped so as to 

maintain balance 

throughout the 

network. 

Slice servicing rate 

(arrival vs 

departure), slice 

dropping 

probability, network 

utilisation 

Resource sharing 

between slice 

instants 

Inter-slice Slice 

degradation 

(resources 

pulled from 

elastic slices) 

Multi-queue, 

heterogeneous 

queues (slice 

type) 

No admission control 

for incoming end-users 

Khodapanah 

et al. [17], 

2019 

Guarantee slice SLA, 

ensure isolation 

Isolation issues: Some 

inter-slice activity 

affects the lower 

priority slices, but 

they benefit from 

multiplexing gains 

Average throughput, 

number of admitted 

users (admission 

rate). 

Predefined 

network shares 

(thresholds) per 

slice. 

Intra-slice Reject and 

block new 

users 

No queuing Queueing is not 

considered. 

Ali, Zarai  
[21], 2019 

Reduced call 

blocking probability 

Isolation vs resource 

utilisation 

Packet loss ratio 

(due to dropped 

connections), call 

blocking probability, 

resource utilisation 

Resource 

reservation for 

each QoS class 

with dynamic 

thresholds. 

Intra-slice Call 

degradation 

(resources 

pulled from 

tolerant calls) 

Multi-queue, 

heterogeneous 

queues (service 

class) 

Inter-slice effects are not 

minimised (isolation is 

not guaranteed). 

Resource reservation is 

for QoS classes, not 

slices. 

Han et al. 

[20], 2019 

Guarantee fairness, 

account for 

impatient tenants 

Focuses on queue 

management and 

incoming slice 

requests from queues. 

Slice inter-

acceptance time 

Complete sharing 

amongst slices 

(resources are 

assigned for 

informing slices 

from a resource 

pool) 

Inter-slice Block and 

queue 

Multi-queue, 

heterogeneous 

queues (slice 

type), first-

come-first-

served, random 

delays 

No specific measures in 

place to ensure traffic 

isolation between slices. 

Tailored to slices with 

short-term duration. 
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The admission control schemes we have explored thus far, in conjunction with their 

respective congestion control measures, are reactive. This means that they attempt to resolve 

the issues as they are occurring. In contrast, preventive AC should anticipate the problems 

and make provisions to address the problems beforehand. As suggested in [22], with the 

incorporation of predictive analytics and traffic forecasting into network functions such as 

admission control and congestion control schemes, higher QoS performance would be 

possible because congestion would be avoided, rather than resolved. 

 

2.2. Introduction to Predictive Analytics 
Predictive analytics refers to a range of statistical and analytical techniques used to develop 

models that can predict future events or behaviours [23]. In predictive analytics, historical 

data is analysed, and relational information such as trends and patterns are identified and 

extracted from the data. This relational information is used to develop predictive models 

which can then use statistical techniques to make predictions about future events, based on 

historical data. 

In a broad sense, the process of predictive analytics starts with analysing the current and 

historical data for trends, patterns and relationships [23][24]. This is also known as data 

mining or feature extraction. This is considered the first step of predictive analytics, under the 

assumption that the data has already been collected, cleansed, and stored in some sort of data 

warehouse. There are various techniques for the collection and cleaning of data. Data 

cleaning (also called data cleansing, or data scrubbing) is key to reducing errors, removing 

redundancies like repeated entries, and improving overall data quality [25]. Data cleaning 

also prepares data into a format that can be read by an analytical tool [24]. However, the issue 

of data collection and data cleansing is beyond the scope of this dissertation.  

After the data is mined, the data is then divided in to 2 portions: a training dataset and a testing 

dataset. The training dataset is used to develop a predictive model based on statistical tools, 

which will be discussed in the subsequent sections of this chapter. Depending on the 

intended application of the predictive model, a statistical tool is chosen for the predictive 

model and an algorithm which emulates the chosen statistical tool is chosen. The statistical 

tool on which a predictive model is based can be a regression technique, a machine learning 

technique, a combination of both in a hybrid model as can be seen in [26]. 

The model is then trained and tested in an iterative manner. The model is trained and 

retrained such that with each iteration, the model is more robust than it was in the previous 

iteration [23]. Training the model involves running the chosen algorithm against the training 

dataset, which as mentioned above, is part of the relational information that was mined from 

the data. For example, if data had been collected over the course of 1 year, the training data 

could comprise of the data that was collected within the first, say 9 months. An optimal 
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number of iterations or performance level must be determined so that the training is stopped 

once the model attains that performance [27]. This is important to avoid ‘overtraining’ the 

model. An overtrained model would yield near perfect results on its training and testing 

datasets but would not be able to make accurate predictions on other more general datasets. 

The testing dataset is the portion of data that was not included in the training data. In the 

example cited above, the testing dataset would be the data collected in the last 3 months of 

the 1 year of data collection. After training, the model is then tested by redacting the variable 

to be predicted (the dependent variable) from the testing dataset and then running predictions 

on the incomplete testing dataset to see how close the predictions come to the redacted 

information. Model testing, also known as model validation, is key to verifying the accuracy of 

a model. The accuracy of the prediction obtained from the predictive model is measured by 

the error, which is the difference between the predicted and actual values. Since the actual 

values in the testing dataset are already known and were redacted by the model developer, 

the accuracy of the predictive model can easily be verified. The validity of a predictive model 

depends on the size and quality of the dataset available for its development. 

In the context of machine learning, this method of training and testing a model where the 

training data contains the inputs as well as the expected output is called supervised learning. 

All the predictive techniques covered in subsequent sections are trained via supervised 

learning. 

When the predictive model has been validated and is sufficiently accurate, it goes into the 

deployment phase where it is applied to the real processes for which it was built. Predictive 

models, like most systems, must be maintained after deployment to ensure and improve 

performance and efficiency. An example of the type of maintenance that goes into predictive 

models is the updating of significant prediction factors which may have changed since 

deployment, such as geographical locations, population numbers, among other examples. 

Most predictive models generate a probability variable (also known as a score) which 

indicates the likelihood of the occurrence of a given event. In a nutshell, predictive analytics 

uses past events to anticipate future events. A summary of the processes explained above 

with respect to the development of a predictive model is shown in Figure 1. 
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Figure 1 Summary of Flow of Processes in Predictive Analytics 

 

There are some predictive models called non-training models that have been proposed for 

cases where there is not enough data available to constitute a training data set. In these non-

training models, the model makes a prediction based on the last few observed values [28]. 

An example of such a model is the Linear Minimum Mean Square Error. Non-training models 

generally do not achieve as high a performance as the trained models and will not be 

considered in this dissertation. 

While discussing the topic of Predictive Analytics, it is important to highlight the difference 

between the terms, ‘prediction’ and ‘forecasting’. Prediction, in predictive analytics, refers to 

the estimation of unknown values of a variable, based on historical data, possibly as a 

response to changes in other factors that might affect the unknown variable, while forecasting 

is the branch of predictive analytics that focuses on estimating the value of a variable at a 
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given time in the future, based on mathematical models created from historical data [29]. 

Since the focus of forecasting is the temporal feature of data, the mathematical models used 

are usually time-series models. Simply put, forecasting answers the question, “Based on how 

A has behaved in the past, how would A behave at this specific time in the future?” while 

prediction answers the broader question, “If B and C change, how will that affect A?” 

2.2.1. Statistical Tools for Predictive Modelling 

The tools used to develop predictive models are founded on statistical methods and these 

methods or tools have been broadly categorised in the literature into regression techniques 

and machine learning techniques [23] . 

i) Regression Techniques 

Regression modelling describes the relationship between the variable to be predicted (the 

dependent variable) and the known variables (also known as independent variables, 

predictors, or features) [23]. Regression models generally represent the dependent variable 

as a function of the independent variables and their coefficients with an added error value. 

For regression modelling, the relationship (i.e., the afore mentioned function) to be modelled 

must be specified during the model development such that it fits the training data as closely 

as possible. As outlined in Chapter 6 of [30], linear regression models generally have the 

following mathematical representation: 

𝑌𝑖 = 𝑓(𝑋𝑖, 𝛽) + 𝑒𝑖  (2.1) 

Where 𝑌𝑖  is the dependent variable, 𝑋𝑖 represents the independent variables, 𝛽 represents the 

coefficients of the independent variables, also called regression coefficients, and 𝑒𝑖 represent 

the error terms (also called the residuals). 

During modelling, based on the training data, the function 𝑓 is chosen such that it best 

approximates the relationship between 𝑌𝑖 and 𝑋𝑖. 𝛽 is calculated using estimation methods to 

ensure that the 𝑒𝑖 error term is as small as possible. 

Some relevant examples of regression techniques are explained below. 

a. Linear Regression 

In the simplest linear regression model, the function 𝑓 in equation 2.1 is a straight line and 

the error component has a distribution with zero mean and unknown variance. Here, the 

dependent variable, Y, has just one predictor, X and their relationship is represented by a 

straight line shown in equation 2.2 [31]: 

𝑌 = 𝛽0 + 𝛽1𝑋 + 𝑒  (2.2) 
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The regression coefficients are unknown and are usually estimated using least squares 

estimation. 

b. Time Series Regression 

In some cases, relevant data can only be observed over time, and not as a function of another 

variable, as in the example of linear regression above. When the data is recorded as 

observations of a given variable (e.g., the performance of a unit, revenue, or the demand for 

an item in a market) over fixed, equally-spaced time intervals (e.g., hourly, daily, monthly, 

quarterly observations), this data is referred to as a time series [32] and time series regression 

analysis is an appropriate approach to analysing such data in conjunction with data from 

other relevant predictors so as to produce models for predictions.  

Basically, time series regression is a method of predicting future values of a variable based 

on the history of that variable as well as the impact of relevant predictors. Time series 

regressions account for dynamic factors in the data such as seasonal variations and because 

of the temporal nature of the data, time series regression can be used to predict the behaviour 

(response) of the given parameter at some specific point in the future (forecasting). 

Usually in time series regression, only one variable is considered, and the predictions are 

based on past observations of that variable as expressed in equation 2.4. 

𝑌𝑇+1 = 𝑓(𝑌1, 𝑌2, … , 𝑌𝑇)  (2.4) 

Where 𝑌𝑇+1 is the prediction of the variable Y at a future time T+1 and (𝑌1, 𝑌2, … , 𝑌𝑇) are 

observations of the variable Y in the time series (1, 2, …, T).  

In time series regression, a ‘design’ matrix containing the past (and current) observations of 

the predictors is typically built and the entries of this matrix are organised in chronological 

order of occurrence. An estimation method is then applied to the design matrix in order to 

calculate the regressor coefficients.    

Various linear methods have been developed for time series regression and the most popular 

examples include the Autoregressive Moving Average (ARMA), Autoregressive Integrated 

Moving Average (ARIMA) used for non-stationary time series, Double Exponential 

Sequencing (DES), and the Holt-Winters Exponential Smoothing (HWES) algorithm. 

We present the case study of the Holt-Winters Exponential Smoothing algorithm, and this 

algorithm is a fundamental feature of the prediction model implemented in this work. 

Holt-Winters Exponential Smoothing (HWES) 

The Holt-Winters Exponential Smoothing model is chosen as a case study because it is a 

favourable model for the prediction of network traffic. Network traffic tends to be periodic 
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and seasonal and the HWES model is known for its suitability for data that has components 

with level, trend, and seasonality. Level refers to the magnitude of a measurement in a set of 

measurements. Trend refers to the general slope of the overall graph, irrespective of peaks 

and troughs. Seasonality refers to how often the patterns in the data are repeated. HWES 

forecasting is also known as Triple Exponential Smoothing due to the fact that it is based on 

these 3 parameters. Like the regression techniques introduced above, level, trend and 

seasonality each have a smoothing equation shown by equations 2.5, 2.6 and 2.7 respectively.  

The Holt-Winters ES model has two main modes of application: additive seasonality and 

multiplicative seasonality. The choice of the mode to use depends on the nature of the data 

to be modelled. The multiplicative variety is used when the previous value within a season 

is a factor of the future value. The additive variety is used when the behaviour of the seasons 

is linear. 

Because the smoothing factors are basically a ratio of how much weight should be placed on 

current values versus previous values, the smaller the smoothing factor, the smaller the 

weight or impact of the current value on the forecast and the larger the weight of the previous 

values.  

The forecasted values are given by equation 2.8. 

𝐿𝑡 =  𝛼 ∗ (𝑌𝑡 − 𝑆𝑡−𝑀) + (1 − 𝛼) ∗ (𝐿𝑡−1 + 𝑏𝑡−1) (2.5) 

𝑏𝑡 =  𝛽 ∗ (𝐿𝑡 − 𝐿𝑡−1) + (1 − 𝛽) ∗ (𝑏𝑡−1)             (2.6) 

𝑆𝑡 =  𝛾 ∗ (𝑌𝑡 − 𝐿𝑡) + (1 − 𝛾) ∗ 𝑆𝑡−𝑀   (2.7) 

𝐹𝑡+𝑘 = 𝐿𝑡 + 𝑘 ∗ 𝑏𝑡 +  𝑆𝑡+𝑘−𝑀     (2.8) 

Where 𝑌𝑡 = actual value at time t 

𝐿𝑡 = current level 

𝐿𝑡−1 = previous level 

𝑏𝑡 = current trend 

𝑏𝑡−1 = previous trend 

𝑆𝑡 = current seasonal value 

𝑆𝑡−𝑀 = corresponding seasonal value in previous season. 

M = duration of a season (number of observation points in a season) / order of seasonality 

k = number of datapoints into the future to forecast 
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𝐹𝑡+𝑘 = forecast of k steps ahead 

Values must be chosen for the smoothing constants, and initial values for Lt, bt and St must 

be calculated [33] and then the model will be extended from these initial values.  

The initial value for Lt is denoted as L0, and one way to calculate L0 is to average the values 

for Yt over the first season as done in [34] and as shown in equation 2.9. Equation 2.10 is used 

to obtain the initial value for the trend (𝑏0).

𝐿0 =  
1

𝑀
 ∑ 𝑌𝑡
𝑀
𝑡=1    (2.9) 𝑏0 = 

1

𝑀
 ∑

𝑌𝑡+𝑀− 𝑌𝑡

𝑀
𝑀
𝑡=1    (2.10)

 

ii) Machine Learning Techniques 

Machine learning (ML) is an application of artificial intelligence (AI) which allows algorithms 

to improve by themselves ‘through experience’ and without explicit programming [35], and 

it is an advanced approach compared to the regression techniques presented in section i) 

above. Machine learning approaches are said to be an appropriate solution for situations 

where no mathematical model sufficiently represents the system [36]. 

Machine learning can be regarded as a tool used to implement the regression techniques 

explored in section i) above and the implementation of time series forecasting is commonly 

done using machine learning. 

The application of machine learning in predictive analytics follows the same predictive 

analytics steps outlined in the introduction to section 2.2.; machine learning facilitates the 

creation and training of a model using training data such that it can process new data to make 

predictions. 

In machine learning, there is no one-size-fits-all algorithm, and each application needs an 

algorithm which has been tailored to its data structure and domain.  

The most popular machine learning techniques are artificial neural networks and decision 

trees, and they are described as follows: 

a. Artificial Neural Networks 

Artificial neural networks (ANN) were inspired by the naturally occurring neural networks 

naturally in animal brains. In ANN, the neural network is a collection of interconnected nodes 

(representative of the neurons in the brain) where each node is a function (transfer function) 

which receives input from the node(s) of the preceding layer and passes its output to node(s) 

of the next layer [37]. The inputs and outputs are passed between the nodes via the 

connections, each of which bears a learned weight (learned during the training phase) and 
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the cumulation of the nodes, the connections and their respective weights determines the 

overall behaviour of the ANN.  

When designing an ANN, important issues to consider include the number of layers of 

neurons (nodes) to use, the transfer function of the neuron and the connections between the 

neurons. The first layer of neurons is referred to as the input layer, the middle layers are called 

the hidden layers and the last layer is called the output layer. The layers of artificial neural 

networks are depicted in Figure 2. 

 

 

Figure 2 Neural Network Layers 

b. Decision Trees 

In decision trees, observations are made about a variable and from these observations, 

conclusions are drawn about target values of that variable. Decision trees are ideal for 

classification and decision-making problems.  

 

2.3. Traffic Forecasting - Related Work  

2.3.1. Traffic Forecasting Using Predictive Analytics 

Over the years, the field of predictive analytics has evolved, and one of the several areas of 

application of predictive techniques is the forecasting of network traffic. Network traffic has 

been found to be fairly predictable [37], even though the authors in [28] pointed out that 

based on the literature, prediction models for network traffic should be adaptive so as to 

accommodate the fact that network traffic presents temporal and spatial variations. In 

addition to the variations across time and space in network traffic, in recent years, there has 

been an explosion in communication network traffic, in terms of the number of users 

accessing the networks and in terms of the number of new services being offered by the 
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network. This has resulted in a significant change in the traffic patterns which were first 

observed on communication networks when network traffic forecasting was first being 

proposed. The literature shows that there is no one-size-fits-all solution in the application of 

predictive techniques to network forecasting. 

The choice of predictive model to use in various communication systems has been widely 

governed by the prediction accuracy, as shown by the authors in [28], [38], [37], [39], [40]. The 

prediction accuracy is generally a function of the mean square error of the predictions. An 

example of such a function is the root mean square error (RMSE) as employed by the authors 

in  [28], [38], and the normalised mean square error (NRMSE) as used by the authors in [37]. 

The terms RMSE and NRMSE are further defined in Chapter 4, section 4.3.2. A desirable 

prediction error would be <10% as per Wittig [27] and several researchers, but [27] points out 

that prediction accuracy should not be the sole determinant of how effective a prediction 

model is, but ease of use and interpretability should be considered as well. 

Other performance metrics have been used in addition to the prediction accuracy to further 

inform the choice of predictor to use. Iqbal et al. in [41] focused on identifying an accurate 

predictor with minimal computational complexity and minimal power requirements. Their 

work showed that artificial neural network (ANN) predictors are highly accurate but also 

very computation-intensive. This meant that an optimal trade-off point was to be found 

between the cost (in terms of complexity and power requirements) and the accuracy of the 

predictor.      

Predictors based on time-series models are a popular choice amongst researchers. In some of 

the earlier works considered in this dissertation (2007 – 2012), network traffic was broadly 

categorised into voice (circuit-switched calls) and data calls (packet-switched calls) as seen in 

[37], [38]. Tikunov and Nishimura in [38] applied Holt-Winters Exponential Smoothing to the 

prediction of circuit-switched cellular network traffic. The network traffic under 

consideration in [38] is seasonal over spans of 24 hours, as well as over spans of 7 days. 

However, 4G networks and beyond favour a unified packet system (Evolved Packet System 

[5]) where there is no longer a circuit-switched route and models must adapt to these new 

traffic types. 

Despite the popularity of the time-series based predictors, some researchers found machine-

learning based predictors to be a better fit for certain network applications than their time-

series counterparts. Zhani, Elbiaze and Kamoun in [28] investigated and compared two time-

series models, ARMA (Autoregressive Moving Average) and ARIMA (Autoregressive 

Integrated Moving Average) with the hybrid neurofuzzy model [42]. The comparison was 

done with respect to their application in the prediction of Internet traffic. The hybrid 

neurofuzzy model, which is based on neural networks, performed best in terms of prediction 
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accuracy but the traffic structure used in their study does not necessarily reflect today’s sliced 

networks and the fact that today’s traffic model has two hierarchies: the arrival of slice 

requests and the arrival of individual users trying to access these slices.     

Existing network traffic prediction or traffic forecasting models have been analysed in the 

literature and proposed for various types of networks and with various objectives such as 

improved power efficiency, improved dynamic scalability, lower computation complexity, 

and improved prediction accuracy.  

When dealing with time-series data, it is important to consider the dependence range of the 

data. The dependence range of a process describes how dependent the occurrence of point A 

is on the occurrence of point B, based on the time or spatial distance between the two points. 

This dependence between 2 points in a process is statistical dependence and is usually 

measured with the auto-covariance function. Most network traffic is presented and analysed 

as time series data, and for a time series model, if a process is ‘short-range dependent’, this 

simply means that the statistical dependence decreases rapidly as the time delay between 

them increases [43]. This is also referred to as short-memory processes. Nie et al. in [40] 

identified that because of the aspect of random access in networks, modelling short-range 

dependence is an important stage in network traffic prediction for the purpose of capacity 

planning and admission control. This is reflected in the work done in the field of network 

traffic forecasting by the authors in [28], [38], [22], and [23].   

A network’s ability to forecast the traffic behaviour (trends and patterns) is a contributing 

factor to how efficiently the available network resources are allocated and used, and how the 

quality of service can be maximised.  

Traffic forecasting has found application in several areas of network management [28] such 

as network security, network resource allocation, congestion control and capacity planning. 

The subsequent sections and chapters of this dissertation will focus on the application of 

network traffic forecasting to admission control in the context of sliced networks.  

2.3.2. Predictive Analytics and Admission Control 

Several studies [37] have shown that predictive analytics and network traffic prediction 

provide proactive approaches to resource management in communication networks with 

application in areas like admission control, congestion control and resource allocation. In 

adopting such proactive approaches, issues on the network can be anticipated and prepared 

for beforehand (preventive measures), rather than managing issues during or after their 

occurrence (curative measures). Resources can be utilised more efficiently if the future traffic 

can be predicted accurately. The authors in [36] outline the current and potential applications 

of machine learning in communication networks, citing resource management and 

interference mitigation as examples of these applications. 
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Predictive analytics, when applied to admission control, can help admission control 

algorithms to reduce blocked calls and improve overall QoS. Predictive analytics can use 

historical data to predict how long a user or tenant is likely to stay on the network. Based on 

this prediction, measures can be taken to free up network resources for incoming users. 

The capacity planning strategy proposed in [38] intuitively compares predicted traffic levels 

with a pre-determined threshold in the network which defines a particular blocking rate. If 

predicted traffic levels are above that threshold, this indicates a higher potential for blocking 

and the network is warned about potential future overload and the cells are dynamically 

allotted more resources to accommodate the potential influx of traffic.  

The work of Buyakar et al. in [45] explored inter-slice admission control and resource 

allocation using traffic forecasting to ensure certain QoS. They opted to do their predictions 

using neural networks. 

Owing to the introduction of the network slicing architecture [2], [4] in 5G networks and 

beyond, some works introduce a slice broker entity [46], [47] into the 3GPP network 

management architecture and the broad function of this slice broker is to allocate physical 

resources on the network to incoming slice requests based on their SLA requirements.  

Sciancalepore et al. [44] present a slice management scheme for sliced networks where they 

applied predictive analytics to the prediction of slice traffic, improved admission control and 

scheduling, and optimal system utilisation. They proposed a modification of the above-

mentioned network slice broker, first proposed in [46], into a three-module system. This 

three-module system would comprise of the following: 

i. a forecasting unit [44] [45] which would predict the future slice traffic load based on 

the observations from that same network,  

ii. an admission control module [44] [45] which would receive the predictions from the 

forecasting module and make a decision on the incoming slice requests, and lastly,  

iii. a slice scheduler [44] which would immediately schedule these requests, as well as 

provide a feedback path to the forecasting module. This feedback to the forecasting 

module is the data such as the status of SLA, and the forecasting error. This 

information can then be used to adjust the forecasting model and improve future 

predictions.  

Buyakar et al. [45] also opted for a similar modular system with the 3 main modules being 

the forecasting unit, the admission control unit and a resource allocation unit. The resource 

allocation unit in [45]  feeds back the actual resources used by each request. 
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In both cases studies, the feedback path allows for the actual values to be compared to the 

predicted value and the difference is used to improve the forecasting model. 

Also worthy of note is that Sciancalepore et al. [44] perform traffic predictions on the expected 

traffic per tenant while Buyakar et al. [45] perform traffic predictions per slice. Given the 

definition of a network slice as an end-to-end isolated logical network, and the replicability 

of network slices as opposed to the replicability of tenants, Buyakar’s decision to predict 

traffic on a slice-by-slice basis appears to be more feasible on larger scale networks.  

In their implementations, Sciancalepore [44] and Buyakar [45] both employed an observation 

period during which incoming requests were gathered to be processed at the end of the 

observation period by the admission control unit. 

Sciancalepore et al. [44] opted for the additive Holt-Winters predictive model for the traffic 

forecasting. The main goal of this slice management scheme is to maximise system utilisation 

and to find the best forecasting configuration for this application. The work done by 

Sciancalepore et al. [44] and Buyakar et al. [45] are the main case studies and their system 

architecture will be extended and tested at the intra-slice level in the subsequent chapters of 

this dissertation. 

 

2.4. Chapter Summary 
The literature review done in this chapter shows that a trade-off must be found between the 

implementation of slice congestion control and the enforcement of true slice isolation. Slice 

isolation is a fundamental feature of network slicing, and this trade-off is necessary because 

slice congestion control solutions tend to limit slice isolation and on the other hand, the 

enforcement of true slice isolation prevents the network from effectively responding to 

congestion. With the prediction tools explored in this chapter, one could design a system in 

which the incoming traffic for each slice would be predicted at set intervals and the slice 

resource allocations pre-emptively made to accommodate the predicted incoming traffic. 

This would eliminate the need for impromptu slice degradation because slice resources 

would only be reviewed at pre-determined intervals, maintaining true slice isolation for set 

periods of time. This approach is explored further in subsequent chapters. 
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Chapter 3: Methodology 
 

In this chapter, we reiterate our research objectives and then we present the hardware and 

software tools that were used to achieve the results in this work. This chapter also specifies 

which prediction model is used in this work and we present the performance metrics by 

which the proposed algorithms will be evaluated. Lastly, the dataset used in this work is 

presented and described in this chapter. 

 

3.1. Research Objective 
As seen in Chapter 2, there is not a lot of literature exploring the application of predictive 

analytics to admission control, specifically in the context of sliced networks. The aim of our 

work is reiterated as follows: 

i. To design, implement, and compare the performances of admission control methods 

that decide whether to admit incoming flows within a given slice (intra-slice 

admission control).  

ii. To identify a relevant dataset, preform data mining and data pre-processing on that 

dataset, such that it can be used for admission control simulations. 

iii. To test the impact of using forecasted traffic information for each slice to dynamically 

adjust the resources allocated to future slices. To do this, the following sub-objectives 

are first achieved. 

o Develop and train a traffic forecasting model based on the Holt-Winters 

Exponential Smoothing method, using real network data from the dataset 

mentioned in ii. above. 

o Dynamically allocate resources to each slice, based on the traffic load forecasts 

produced by the traffic forecasting model. 

o Evaluate the impact of this dynamic slice resource allocation on the 

performance of the admission control methods in i. above. 
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3.2. Tools, Models and Methodical Approach 
To achieve the research objectives, a system model was designed, and algorithms for 

admission control were developed and implemented in MATLAB® running on an Intel®   

Core™ i7-8550U CPU @ 1.80 GHz, 4 Core(s), and 8 GB RAM. MATLAB is a powerful 

computational tool with which both simulations and quantitative evaluations can be 

performed. The ideal data structure for the representation of multi-faceted network traffic is 

the array or matrix because each row or column can be used to carry characteristic 

information about that traffic. MATLAB was built for array (or matrix) manipulations and so 

is a justified choice for this research work. The predictive model was also successfully 

implemented in the MATLAB computing environment.  

The predictive model used here is the additive Holt-Winters exponential smoothing (HWES). 

As seen in section 2.2.1., this model is good for predicting data that has a seasonal component, 

such as network traffic. The performance of predictive models and estimators is commonly 

quantified using an error term, as discussed in section 2.2. In this dissertation, the 

performance of the traffic forecasting model was evaluated by calculating both the root mean 

square error (RMSE) and the normalised root mean square error (NRMSE). These terms 

RMSE and NRMSE have been mathematically defined in Chapter 4, section 4.3.2.  

A real network traffic dataset containing traffic information from a campus network was used 

to test the admission control methods. A selection of network traffic data was extracted from 

the dataset and split into two portions: one for training the predictive model, and the other 

for testing the predictive model. The use of a real network traffic dataset allowed for a near 

representation of the behaviour of a real packet data network employing the proposed 

admission control methods. 

 

3.3. Quantitative Analysis and Evaluation 
Admission control mechanisms are generally assessed by calculating performance metrics 

such as the probability of blocking (PoB), the system utilisation, and in some cases, the 

profitability of the given admission control mechanisms. In this work, admission control 

methods were developed, implemented, and compared based on these same metrics. This 

choice allows for a common-to-industry understanding of the performance of the methods 

which were developed and implemented in this work. In addition, the performance of the 

admission control algorithms with the implementation of forecasting was benchmarked 

against the performance of the same admission control algorithms without forecasting, and 

all this is presented in Chapter 5.  
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3.4. About the Dataset 
The dataset used in this study contains approximately 2,000,000 sample headers of real 

network flows, observed over the span of 3 months (April 2019 to June 2019) on the 

University of Cauca, Popayan, Columbia network [48]. This dataset has been used by 

researchers in the domain of network traffic management. One example is the work done by 

Rojas et al. [49], where the dataset was used for network traffic flow measurement and 

analysis. Another dataset that was considered for this work was the 5G Campus Networks: 

Measurement Traces [50] but that dataset was too large to be managed with the resources 

available to this work. After studying the University of Cauca dataset [48], it was found to 

contain flow information that would be useful for the application in this dissertation.  

The dataset was originally available in CSV format, and as part of the data preparation 

process, a sample of the data was extracted and pre-processed using Microsoft Excel. The 

pre-processing involved data cleaning by removing flows which have a duration of zero 

seconds, extension of the dataset with relevant data fields and storing it in a spreadsheet 

format. The flow data were then visually represented, and the seasonality of the data was 

identified, and this is presented in Chapter 4, section 4.1.3. 

The term ‘the dataset’ as used in this chapter and in the subsequent chapters refers to the 

specific dataset [48] used in this work. 

 

3.5. Chapter Summary 
Three main research objectives were presented in this chapter and to achieve these objectives, 

the MATLAB® software tool is used in this work to run simulations on a computer. The 

additive Holt-Winters exponential smoothing model is the chosen prediction model for this 

work. Variations of the root mean square error are used in this work to evaluate the 

performance of the chosen traffic forecasting model. The admission control algorithms are 

evaluated using three performance metrics namely, probability of blocking, system 

utilisation and profitability. A publicly-available network traffic dataset from the University 

of Cauca is used for the simulation of network traffic. 
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Chapter 4: Prediction Model Development, System 

Design and Admission Control Algorithms 
 

This chapter covers the preparation of the dataset for exploitation, the development and 

training of the prediction model, the system model, and the design of the admission control 

algorithms. 

 

4.1. Data Mining and Pre-processing 
The dataset used in this work [48] contains a large sample of bidirectional flow headers with 

related information such as the flow identifier, the start and stop times of each flow, the 

packet sizes in each flow, the duration of each flow and the category of service of each flow. 

The category of service in turn tells us the QoS Class Identifier (QoS) and the Quality of 

Service (QoS) requirements of the flow. Within the dataset, each row represents an individual 

flow header, and each column represents the various data fields of the flow headers. Each 

data field contains specific information about the flow. A complete description of the relevant 

data fields used in this work from the dataset in [48] is included in Appendix I. The 

description of the field ‘octetTotalCount’ in the dataset [48] indicates that the flow 

information is that of the payload only, so we can conclude that no control data (signalling 

data) is included in this dataset.  

The exercise of data mining and pre-processing for this work mainly involved cleaning, 

classifying, and extending the data. This was done in 4 main steps as detailed in sections 4.1.1. 

and 4.1.2. below. 

4.1.1. Cleaning the Data 

Given that the dataset [48] is a raw dataset, the data must be cleaned before processing 

through a forecasting model. This is to ensure that the information in the dataset is 

meaningful and can be exploited by the relevant applications. 

Step 1: Irrelevant data was removed. For this specific application, irrelevant data includes 

the following: 

• Flows with 0 (zero) seconds duration. This 0-second duration is an indication that no 

traffic is carried during the flow. Such flows might be an indication of dropped, 

blocked, or pre-maturely ended flows. The processing of flows with duration of 0 

seconds does not add value to the admission control algorithms being implemented 

in this work. Since admission control decisions are made based on the characteristics 
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of the incoming payload, a more accurate analysis of our system and its own 

performance would require purely information on traffic transmitted on the network. 

• Flow information which does not factor into the admission control decisions of our 

algorithm was removed, such as information on the packet interarrival times, 

transport protocol numbers, and port numbers. This was a necessary step to avoid 

overloading our processor with unnecessary data when processing the dataset. 

Step 2: Some parameters (flow duration and bandwidth per flow) were brought down to a 

suitable scale for simulation purposes. This is achieved by normalising the data. The process 

of normalising data allows data to be rescaled on a scale from 0 to 1 without loss of its intrinsic 

and relative information. 

Given a set of values, an entry 𝑋 in that set would be normalised using the standard formula 

shown in equation 4.1. Normalisation as shown in equation 4.1 reduces the scale of the set of 

values from its original range [𝑋𝑚𝑎𝑥  𝑋𝑚𝑖𝑛] to [0 1]. 

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑋 =  
𝑋 – 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 – 𝑋𝑚𝑖𝑛
    (4.1) 

Where 𝑋 = any entry to be normalised, 

 𝑋𝑚𝑎𝑥 = maximum value for 𝑋 in the range of values of 𝑋, 

 𝑋𝑚𝑖𝑛 = minimum value for 𝑋 in the range of values of 𝑋, 

 and 0 ≤ 𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑋 ≤ 1. 

Based on equation 4.1, the flow duration and bandwidth per flow were normalised as 

follows: 

• The original flow duration which was provided in the dataset [48] was normalised to 

a 120 time units (t.u.) scale using equations 4.2 and 4.3. 

𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑠𝑒𝑑 𝑓𝑙𝑜𝑤 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 =
𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 – 𝑚𝑖𝑚𝑖𝑚𝑢𝑚 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛

𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 – 𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛
                 (4.2) 

𝑓𝑙𝑜𝑤 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑜𝑛 120 𝑠𝑐𝑎𝑙𝑒 =  𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑠𝑒𝑑 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 ×  120  (4.3) 

• The average bandwidth required per flow was normalised to a scale of 50 bandwidth 

units (b.u.) using equations 4.4 and 4.5. 

𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑠𝑒𝑑 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ =
𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ– 𝑚𝑖𝑚𝑖𝑚𝑢𝑚 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ

𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ– 𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ
     (4.4) 

𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ 𝑜𝑛 50 𝑠𝑐𝑎𝑙𝑒 =  𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑠𝑒𝑑 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ ×  50    (4.5) 
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4.1.2. Classification and Extension of the Dataset 

According to the 3GPP technical specification [51], each flow is assigned one QoS Class 

Identifier (QCI). The QCI specifies some of the QoS requirements of certain services and 

applications and this enables the operator to make an informed decision on the resource 

management policies to be applied to each flow. Organisation of incoming traffic into traffic 

classes is also done based on the QCI of each traffic flow. The dataset [48] did not contain 

QCI values but it did contain the flow categories which enabled us to determine the 

appropriate QCI per flow in Step 3. 

Step 3: Classification and extension of the dataset was done by inferring and adding relevant 

parameters to the dataset. 

• QoS Class Identifiers (QCI) were added. The list of QCI and their corresponding QoS 

profiles are detailed in the 3GPP Technical Specification [51]. Comparing the 

standardised QCI descriptions detailed in Table 2 to the category and application of 

each flow enabled the identification of 6 QCI groups in the data.  

• The priority level of each flow was added to the data selection based on the 

corresponding QCI. Based on the 3GPP assigned priorities, the flows with 3GPP 

priority 2, 4, 3 and 0.7 were classified as ‘high priority’ and 3GPP priority 6 and 9 were 

classified as ‘normal priority’. 

• The bandwidth required by each flow was not provided in the dataset, but this 

parameter was estimated using the average packet size in each flow, which was 

provided in the dataset. Given that the packets in a flow are transmitted successively 

and not all at once, we conclude that the flow requires a bandwidth allocation which 

is directly proportional to the average packet size on that flow. As mentioned in 

section 4.2.2., the flows are assumed to have a constant packet size.  

• Based on the flow start time, the flows were assigned hour numbers for better tracking 

and to enable the seasonality of the data to be more easily visualised. e.g., flows with 

start times that fall within the first 3600 seconds are assigned ‘hour = 1’, those that fall 

within the second 3600 seconds are assigned ‘hour = 2’ and so on. 
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Table 2 Standardised QCI Characteristics With Determined Priority Class [51] 

 

Step 4: Summarisation of the Dataset. 

• For this admission control application, the dataset was truncated down to a selection 

of 20,861 successive flow entries. This truncated selection corresponds to network data 

collected over the span of 312 hours or 13 days on a real campus network. This 

truncated selection is sufficient for the scope and purposes of this dissertation. 

• The selection of 13 days’ data was then divided using a 10:3 ratio into 2 sets namely, 

the training data and the testing data respectively. The training data was comprised 

of the data from the first 240 hours (10 days) in the data selection. This corresponds to 

17,906 flow entries. The testing data was comprised of the remaining 3 days’ worth of 

data, corresponding to 72 hours and 2955 flow entries. 

The training data was used to train the prediction model as well as to calibrate the admission 

control model. The testing data was used to test the prediction model, and the proposed 

admission control algorithms. 

4.1.3. Analysis of Data Selection 

This analysis provided some of the parameters needed for the construction and evaluation of 

the admission control algorithms and the prediction model. 

The flow interarrival times for all the flows were calculated as 𝑡𝑖 − 𝑡𝑖−1 where 𝑡𝑖 is the flow 

start time of the current flow and 𝑡𝑖−1 is the flow start time of the previous flow. 

QCI 
Resource 

Type 
Priority 

Packet 

Delay 

Budget 

Packet 

Error 

Loss Rate 

Example Services 
Priority 

Class 

1 GBR 2 100ms 10−2 Conversational Voice High 

2 GBR 4 150ms 10−3 
Conversational Video (Live 

Streaming) 
High 

3 GBR 3 50ms 10−3 Real Time Gaming, V2X messages High 

65 GBR 0.7 75ms 10−2 
Mission Critical user plane Push To 

Talk voice (e.g., MCPTT) 
High 

6 non-GBR 6 300ms 10−6 

Video (Buffered Streaming) TCP-

Based (for example, www, email, 

chat, ftp, p2p and the like) 

Normal 

9 non-GBR 9 300ms 10−6 

Video (Buffered Streaming) TCP-

Based (for example, www, email, 

chat, ftp, p2p and the like). Typically 

used as default carrier 

Normal 
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The probability density function of the flow interarrival time displayed in Figure 3 shows 

that the data points are not equally spaced in time. However, time-series forecasting is most 

effective for data with observations equally spaced in time. To achieve equally spaced data 

points, we implemented an observation interval of 1 hour by aggregating the flows within 

each hour into one entry. With this hourly data, the traffic forecasting could be done for the 

hourly arrival of future flows, rather than on an individual flow by flow basis. 

The hourly arrival of flows follows an Inverse Gaussian distribution as shown in Figure 4 

which was gotten from running the dataset through the distribution fitting tool in MATLAB. 

This suggests that the flows in this dataset arrive with a Poisson distribution. 

A graph of the total bandwidth units requested hourly by incoming flows across the 240 

hours in the training data is shown in Figure 5. A visual inspection of the graph in Figure 5 

shows a sinusoidal pattern in the graph which repeats every 48 hours, showing seasonality 

in the data. This pattern is outlined in Figure 6 using the green seasonality graph. 

A study of the plot of the autocorrelation function of the requested bandwidth in Figure 7 

also shows a repeating pattern every 48 lags. This autocorrelation plot is displayed in Figure 

7 and the seasonality is outlined in this plot. Based on Figures 6 and 7, we can conclude that 

the hourly data in this dataset is seasonal and can be forecasted using a time-series forecasting 

model. The shape of autocorrelation function plot also shows that statistical independence 

between the entries increases with the increase in lag. 

 

 

Figure 3 Probability Density Function of Flow Interarrival 
Time in Training Data, fitted with an exponential curve 

 

Figure 4 PDF of Total Bandwidth Requested Hourly in 
Training Data fitted with an Inverse Gaussian curve 
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Figure 5 Graph of Total Requested Bandwidth each Hour, Depicted Across 240 hours (Training Data) 

 

Figure 6 Graph of Total Bandwidth Requested Hourly with Seasonality 

 

 

Figure 7 Plot of Autocorrelation Function of Total Bandwidth Requested Hourly with Seasonality 
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For this study, each flow requests system resources in the form of bandwidth and time. Each 

flow requests a certain number of bandwidth units, and each flow requests to be 

accommodated on the network for a number of time units. The bandwidth and time used by 

a flow can be jointly represented using a term called the ‘resource block’ and it is defined in 

equation 4.6. 

1 𝑟𝑒𝑠𝑜𝑢𝑟𝑐𝑒 𝑏𝑙𝑜𝑐𝑘, 𝑅𝐵 =  1 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ 𝑢𝑛𝑖𝑡 × 1 𝑡𝑖𝑚𝑒 𝑢𝑛𝑖𝑡  (4.6) 

The ratio of the high priority traffic, compared to the normal priority traffic in the training 

data was calculated and is presented in Table 3 below. It is clear that this particular dataset 

contains majority normal priority flows. 

Table 3 Ratio of Normal Priority Traffic to High Priority Traffic 

Priority 
Number of 

Flows 

Percentage of 

Total Traffic 

Normal 17698 99.57% 

High 76 0.43% 

 

4.2. System Model and Design 

4.2.1. Motivation for this system design 

In Chapter 2, the state-of-the-art of admission control in sliced networks and admission 

control using predictive techniques was critically reviewed, and the three-module systems 

proposed by both Sciancalepore [44] and by Buyakar [45] was found to be one of the few 

systems which explicitly explored the intersection of admission control in sliced networks 

and predictive analytics. These systems however did not address the issue at the intra-slice 

level. 

In this dissertation, our system model considers the need for admission control at the intra-

slice level and investigates how admission control at the intra-slice level is impacted by the 

use of predictive analytics to dynamically adjust resources between slices. This intersection 

is an issue that was not explored in any of the related works reviewed in Chapter 2. 

The literature reviewed in Chapter 2 shows that the admission control schemes applied to 

inter-slice admission control only provide pseudo-isolation as slices still undergo 

degradation when there is congestion. In cases where slice allocation is too rigid, there tends 

to be poor system utilisation. This work proposes a halfway point between these two 

approaches, where prediction techniques are used to predict the future traffic load and the 

predicted incoming traffic is used to pre-emptively calculate and allocate the necessary 

resources to slices at pre-determined time intervals. In this system model, once a slice 

allocation is done and the servicing time window has begun, the slice can no longer be 
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degraded, until the next resource allocation interval. This ensures better isolation between 

slices, while keeping resource allocation fairly dynamic. This system model also enforces 

congestion control by instating a queueing system for flows waiting to be admitted into the 

network. 

 4.2.2. Assumptions  

Below are the assumptions made in the implementation of the described system:  

• The mobile network operator oversees inter-slice admission control and resource 

allocation as well as intra-slice admission control and resource allocation. This 

assumption is made because this type of case where the mobile network operator is 

the infrastructure provider and also manages the slices on its network is one of the 

configurations in which network slicing is applied in mobile networks.  

• Once the slices have been created and have been allocated resources, the slices achieve 

true isolation and are indivisible for a pre-determined time window, called the 

servicing window. This assumption is made because slice isolation and indivisibility 

during the servicing window is a feature of the system model in this work. 

• The network speed is constant across the network and once a flow begins, the data 

transfer within that flow is consistent. This assumption is made because the dataset 

used in this work does not provide information on the variation patterns of the 

network speed.  

• Network flows are statistically independent. This assumption is made because 

statistical independence is a common feature of network traffic. 

• For the sake of simplicity, each flow is assumed to have a constant packet size, 

represented by the average packet size of the flow. 

4.2.3. System Model 

The system model is as illustrated in Figure 8 and it comprises 5 main components: the Flow 

Admission Control module, the Traffic Forecasting module, the Flow Servicing module, the 

Slice Resource Allocation module, and the Queue Management (Q.M.) module. This model 

extends the 3-module system proposed by the authors in [44] to comprise 5 main 

components. 

Servicing Window, Observation Period and Batch Processing 

In this system model, a slice is designed to run for a pre-determined length of time which we 

called the servicing window, Wt. At the start of a servicing window, resources are allocated 

to a slice and during the servicing window, the slice may not be degraded. This means that 
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network resources which have been allocated to that slice may not be removed from the slice 

until the servicing window is over. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

For the purposes of feeding the real time flow data into the simulation, an observation period, 

TOBS is defined. Flow requests are not fed into the simulation one after the other but rather, 

for a period of time (the observation period), the incoming flow requests are gathered and 

processed as a batch.  

This means that if on a timeline of length, 2TOBS, 8 flow requests are recorded with the first 5 

requests falling in the first half of the timeline (≤ 1TOBS), and the remaining 3 requests 

occurring in the second half of the timeline (1TOBS < t ≤ 2TOBS), then the requests will be divided 

into two batches to be processed through the system. 5 flows will be processed in the first 

batch during the first servicing window. The next 3 flows will be processed as the second 

Figure 8 System Design Showing 5 Functional Modules and 1 External Module 
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batch during the second servicing window. The Servicing Window, Wt is the length of time 

for which a slice runs uninterrupted. During Wt, the batch of incoming flows which were 

gathered during the observation period for that slice are processed by the Flow Admission 

Control. A similar approach of batch processing was used for the collection of slice requests 

in [44], [45] . 

Description of Modules and System Model 

The system shown in Figure 8 is focused on intra-slice admission control. Here, we consider 

that the flow requests which reach the Flow Admission Control module of a slice are all flows 

designated for that slice. To make this a feasible consideration, a Flow Sorting Function has 

been included one stage before the Flow Admission Control module and the role of this Flow 

Sorting Function is to determine the destination slice of each incoming flow request and route 

them to their designated slices. 

The Flow Admission Control module receives the set of incoming flows and their 

corresponding flow profiles which contain flow information such as slice specification, flow 

duration, bandwidth requested, and priority class. The Flow Admission Control module 

examines the information contained in the incoming flow profiles, and based on the 

programmed admission control policies, a decision is made as to whether to admit, reject, or 

queue the incoming flow requests. The Flow Admission Control module makes admission 

control decisions based on the specific admission control algorithm it is programmed with. 

The admission control algorithms proposed for this work are covered in section 4.4. 

The Flow Servicing module does all the processing needed to service each flow. Each flow 

has an associated flow duration and when the flow has been serviced up until the point where 

the flow duration expires, the Flow Servicing module terminates the flow and releases the 

system resources which were being used up by that flow. Flows which have been admitted, 

serviced and terminated are shown in Figure 8 as serviced flows. 

The flows to be queued are sent to the Queue Management module where they are put in a 

first-in-first-out queue until network resources are available. The queue is modelled as a 

buffer of infinite length, however in practice, the queue would not hold more flows than are 

contained in the incoming batch of flows. When resources are available for queued flows, the 

admissible flows are sent to the Flow Servicing module. If no resources are made available 

for a queued flow within the Servicing Window, the queued flow is dropped. 

The Flow Admission Control, Flow Servicing and Queue Management modules are slice-

level modules, and they perform admission control and flow servicing functions within a 

given slice. These 3 modules are designed to serve a single slice, therefore, if there are N slices 

running on the network, they would each have their respective Flow Admission Control, 
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Flow Servicing and Queue Management modules to manage their incoming traffic. This 

ensures traffic isolation within slices. These modules can function without traffic forecasting, 

however this system includes 3 additional modules at the global network level: a Traffic 

Forecasting module, a Slice Resource Allocation module and a Flow Sorting Function.  

The Traffic Forecasting module collects information on the traffic entering the network for 

each slice. This traffic information comprises of all incoming traffic requests including those 

admitted, queued, or rejected. This information is collected and used to train the Holt-

Winters prediction model in the Traffic Forecasting module to provide a traffic forecast for 

each slice. The Traffic Forecasting module then sends all the forecasted traffic statistics and 

data to be used in the next Servicing Window, Wt+1 to the Slice Resource Allocation module. 

The slice resource allocation module may operate in one of two scenarios. The first scenario 

is that in which the information provided by the Traffic Forecasting module is not considered 

and the second scenario is that in which the information provided by the Traffic Forecasting 

module is considered and used to allocate resources to slices before the incoming traffic 

demands these resources.  

In the case where forecasting is not applied, the Slice Resource Allocation module allocates a 

fixed number of resource units to each slice. Here, the number of resource units assigned to 

a given slice are not tailored to adequately accommodate the incoming traffic. The same 

number of resource units are used to accommodate incoming traffic as the demand increases 

and decreases over time. 

In the scenario where the information provided by the Traffic Forecasting module is used by 

the Slice Resource Allocation module, the allocation of resources to the slice is dynamic and 

adaptive. The Slice Resource Allocation module receives the traffic forecast for the next 

servicing window and based on this data, decides how resources should be allocated between 

the existing slices in the next servicing window, Wt+1. This functionality is important because 

Figure 5 shows that that the incoming traffic load is not constant and fluctuates periodically. 

Since there is higher demand for resources in some periods over others, it is necessary to have 

a module which can pre-emptively reduce and increase the number of resource units 

allocated to each slice at the start of each servicing window. Even though in this case the slice 

resource allocation is dynamic, once resources have been allocated and a slice enters a 

servicing window, no slice degradation is done until the next servicing window, where the 

slice allocations are revised based on the forecasts. This is to ensure slice isolation. 

The Flow Sorting Function as indicated in the diagram is in charge of mapping and 

redirecting the incoming flows to their designated slices. This system works on the 

assumption slices have already been admitted and are already running on the network.  
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The Traffic Forecasting module, the Slice Resource Allocation module and Flow Sorting 

Function are network-level modules, meaning that a single Traffic Forecasting module or a 

single Slice Resource Allocation module would serve all the slices admitted to the network.  

This system focuses on the intra-slice admission control and on prediction-based slice 

resource allocation. 

 

4.2.4. The Network Model 

Each slice j receives a stream of flow requests at pre-defined intervals, the duration of which 

we have defined as the servicing window, Wt. Within a slice, each incoming flow 𝑓𝑖 competes 

with the other flows within the same servicing window for a portion of the total slice 

bandwidth capacity, 𝐶 and for a time slot within the servicing window Wt.  

As verified in section 4.1.3, the flows arrive with a Poisson distribution. 

Each flow 𝑓𝑖 is associated with a flow profile represented by the vector 𝑓𝑖 =

(𝑏𝑖, 𝑑𝑖, 𝑣𝑖 , 𝑎𝑖 , 𝑝𝑖, 𝑠𝑖 , 𝑡𝑖)′ where: 

𝑏𝑖 = bandwidth requested by flow i, 

𝑑𝑖 = duration of flow i, 

𝑣𝑖 , = traffic class (or profit per resource block) of flow i, 

𝑎𝑖 = utility index of flow i, 

𝑝𝑖 = revenue potential of entire flow i, 

𝑠𝑖 = slice of flow i, 

𝑡𝑖 = time at which flow i is admitted into network. 

2 main traffic classes are considered in this system model, namely high priority and normal 

priority. It is assumed that each resource block assigned to flows has an associated profit. The 

profit from assigning 1 RB to a high priority flow is greater than the profit from assigning 1 

RB to a normal priority flow. 

If 𝐻𝑖𝑔ℎ 𝑃𝑟𝑖𝑜𝑟𝑖𝑡𝑦 𝑝𝑟𝑜𝑓𝑖𝑡 𝑝𝑒𝑟 𝑅𝐵 =  𝑌  

and 𝑁𝑜𝑟𝑚𝑎𝑙 𝑃𝑟𝑖𝑜𝑟𝑖𝑡𝑦 𝑝𝑟𝑜𝑓𝑖𝑡 𝑝𝑒𝑟 𝑅𝐵 = 𝑍, 

then, 𝑌 > 𝑍 

The profit that could be gotten from servicing flow i is then given by 

𝑟𝑒𝑣𝑒𝑛𝑢𝑒 𝑝𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙, 𝑝𝑖 = 𝑏𝑖 × 𝑑𝑖 × 𝑣𝑖 (4.7) 
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It should be noted that the profit term could represent monetary profit, or any other sort of 

perceived value or benefit to the operator for assigning a resource block to a particular traffic 

class. 

In terms of resource blocks, the number of resources requested by each flow is given by 

𝑅𝐵𝑖 = 𝑏𝑖 × 𝑑𝑖  (4.8) 

The total number of resource blocks on offer in slice j is given by equation 4.9.  

𝑡𝑜𝑡𝑎𝑙 𝑅𝐵𝑗 =  𝐶 ×𝑊 (4.9) 

The slice utilisation of an admitted flow, i is the percentage of the total slice resources that 

are used up by that flow and is given by  

𝑈𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑓𝑙𝑜𝑤 𝑖 =  
𝑟𝑒𝑠𝑜𝑢𝑟𝑐𝑒 𝑏𝑙𝑜𝑐𝑘𝑠 𝑐𝑜𝑛𝑠𝑢𝑚𝑒𝑑 𝑏𝑦 𝑖 

𝑡𝑜𝑡𝑎𝑙 𝑠𝑙𝑖𝑐𝑒 𝑟𝑒𝑠𝑜𝑢𝑟𝑐𝑒 𝑏𝑙𝑜𝑐𝑘𝑠
= 

𝑅𝐵𝑖

𝐶×𝑊
 (4.10) 

Based on the system utilisation of flow i and on the profitability of flow i, we define a Utility 

Index term to measure the desirability of flow i to the network operator. 

𝑈𝑡𝑖𝑙𝑖𝑡𝑦 𝐼𝑛𝑑𝑒𝑥 𝑜𝑓 𝑓𝑙𝑜𝑤 𝑖, 𝑎𝑖 = 𝑈𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑓𝑙𝑜𝑤 𝑖 × 𝑝𝑟𝑜𝑓𝑖𝑡 𝑝𝑒𝑟 𝑅𝐵𝑖 =  
𝑅𝐵𝑖 × 𝑣𝑖

𝐶 ×𝑊
  (4.11) 

Each flow has a flow profile and the set of incoming flows in each Servicing Window can be 

represented by a traffic matrix where each column represents a flow profile e.g., the traffic 

profile of flow 1, 𝑓1 is in the first column. 

𝑇𝑟𝑎𝑓𝑓𝑖𝑐 𝑀𝑎𝑡𝑟𝑖𝑥 =  

(

 
 
 
 

𝑏1 𝑏2 𝑏3
𝑑1 𝑑2  𝑑3
𝑣1 𝑣2 𝑣3
𝑎1 𝑎2 𝑎3
𝑝1 𝑝2 𝑝3
𝑠1 𝑠2 𝑠3

 …

𝑡1 𝑡2 𝑡3     )

 
 
 
 

           (4.12) 

The incoming traffic matrix is a 7×n matrix where n is the number of flows collected for that 

servicing window. The last row (row 7) is initially a set of zeros and each entry in row 7 is 

updated within the system with the time of admission of the corresponding flow. This last 

row is used by the Flow Servicing module to verify whether a flow has run its course and 

needs to be ended and its resources released. 

Admission Control, which is at the centre of this study, is most relevant when the resources 

requested surpass the availability, causing congestion. To support this, when simulating this 

system model, 𝐶 and 𝑊 will be chosen such that the system mimics congestion. 

For 5G networks and beyond, ensuring QoS is paramount. The high priority traffic class 

comprises of flows with stringent QoS requirements and normal priority traffic class has less 
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stringent QoS requirements. The Flow Admission Control module must apply different 

admission policies to the various traffic classes based on their priorities. 

 

4.3. The Prediction Model 
The Holt-Winters Exponential Smoothing (HWES) model is preferred for this traffic 

forecasting application due to its proven simplicity, intuitiveness, and versatility in the 

modelling of time series data. Also, HWES accounts for the seasonal component of data 

which is important for the prediction of seasonal data such as network traffic. A visual 

presentation of the network data shown in Figures 6 and 7 in section 4.1.3 shows that the 

seasonality is constant and in such a case, the additive Holt-Winters method is the 

appropriate choice as opposed to the multiplicative Holt-Winters method.  

As covered in Chapter 2, the additive HWES model is based on the following 3 characteristic 

equations for level, trend, and seasonality respectively: 

𝐿𝑡 =  𝛼 ∗ (𝑌𝑡 − 𝑆𝑡−𝑀) + (1 − 𝛼) ∗ (𝐿𝑡−1 + 𝑏𝑡−1) (2.5) 

𝑏𝑡 =  𝛽 ∗ (𝐿𝑡 − 𝐿𝑡−1) + (1 − 𝛽) ∗ (𝑏𝑡−1)             (2.6) 

𝑆𝑡 =  𝛾 ∗ (𝑌𝑡 − 𝐿𝑡) + (1 − 𝛾) ∗ 𝑆𝑡−𝑀   (2.7) 

A forecast of k steps into the future is given by the equation 2.8. 

𝐹𝑡+𝑘 = 𝐿𝑡 + 𝑘 ∗ 𝑏𝑡 +  𝑆𝑡+𝑘−𝑀     (2.8) 

The initial values for the level (L0) and trend (b0) are calculated as shown in equations 2.9 and 

2.10 respectively. 

𝐿0 =  
1

𝑀
 ∑ 𝑌𝑡
𝑀
𝑡=1       (2.9) 

𝑏0 = 
1

𝑀
 ∑

𝑌𝑡+𝑀− 𝑌𝑡

𝑀
𝑀
𝑡=1      (2.10) 

Table 4 provides a definition of all the terms in the HWES equation. 

The model represented by equations 2.5, 2.6, 2.7 and 2.8 is programmed into MATLAB and 

trained with the available network data from the dataset. 
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Table 4 Definition of Terms in the HWES Equations 

Term Description 

𝐿0 initial level 

𝐿𝑡 current level 

𝐿𝑡−1 previous level 

𝑏0 initial trend 

𝑏𝑡 current trend 

𝑏𝑡−1 previous trend 

𝑆𝑡 current seasonal value 

𝑆𝑡−𝑀 corresponding seasonal value in previous season 

𝑌𝑡 actual value at time t 

M duration of a season (number of observation points in 

a season) / order of seasonality 

k number of datapoints into the future to forecast 

𝑆𝑡+𝑘−𝑀 estimated seasonal value of the previous season at k 

steps ahead 

𝐹𝑡+𝑘 forecast at k steps ahead based on additive seasonality 

 

a. Training the Model 

At this point the best values for these smoothing constants, α, β and γ, are not known yet. 

Although there are some suggestions in the literature as to what good values for these 

smoothing constants could be, the prediction model is not yet optimised for our use case and 

dataset until it is fitted to our data. Fitting the prediction model to the available data so as to 

improve the accuracy of future predictions is referred to as training the model. 

In our use case of the additive Holt-Winters Exponential Smoothing method, the model is 

trained through an optimisation process which based on the data, informs us on the best 

‘optimum’ values for the smoothing constants, α, β and γ. The smoothing constants are 

essentially weights thus, they must fall in the range [0 1].  The optimisation process aims at 

determining the values for α, β and γ at which the prediction error is acceptable. We do not 

aim for 0 error when fitting a prediction model so as not to overtrain the model, but we need 

an accurate enough prediction for the model to be of use. As is common practice [38],  the 

prediction error is represented by the root mean square error (RMSE). The NRMSE is also 

used to represent the error as a percentage for easy comparison (normalised across the range). 

Equations 4.13 and 4.14 represent the RMSE and NRMSE respectively. 

𝑅𝑀𝑆𝐸 =  √
∑ (𝑦𝑖− ŷ𝑖)

2𝑁
𝑖

𝑁
  (4.13) 

 𝑁𝑅𝑀𝑆𝐸 = 
𝑅𝑀𝑆𝐸

𝑦𝑚𝑎𝑥− 𝑦𝑚𝑖𝑛
   (4.14)
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Where 𝑖 = count of predicted datapoints 

 𝑦𝑖 = i-th actual measured value 

ŷ𝑖 = i-th forecasted value 

𝑦𝑚𝑎𝑥 = maximum actual measured value y 

𝑦𝑚𝑖𝑛 = maximum actual measured value y 

N = number of datapoints 

The data selection was divided into a training set and testing set in a 10:3 ratio. 10 days’ worth 

of data (240 hours) was used for training the model and 3 days’ worth of data (72 hours) was 

used to test the model. A link to the working data selection has been included at the end of 

the chapter, in section 4.5. 

Several approaches were tried for training the prediction model and are detailed below with 

the most effective approach being the 4th approach which was a MATLAB-based Non-Linear 

Optimisation solution. The approaches tried for the training of the prediction model are: 

1. Arbitrary values between 0 and 1 were assumed for the smoothing constants, α, β and 

γ and the training data was run through the model with these arbitrary values. The 

performance of the model, depicted by the error terms RMSE and NRMSE, was 

observed. 

2. Using 0.1 as a starting value for all three smoothing constants (α, β and γ), the values 

of α, β and γ were varied manually and tested. This variation was done on a trial and 

error basis where values higher and lower than 0.1 were tested and the corresponding 

RMSE and NRMSE were observed. The ending values in this exercise yielded 

improved RMSE and NRMSE compared to the starting values and to the approach in 

1. above. This exercise showed that the prediction model performed better with lower 

values of β and γ. 

3. An attempt to solve for optimal values for the smoothing constants, α, β and γ was 

made using the basic Microsoft Excel solver function. The objective was set to 

minimise the value of the cell containing the RMSE using a GRG Non-linear solving 

method. The cells containing the values of the smoothing constants were set as the 

‘Variable Cells’ to be changed and the constraints were defined such that the value of 

these Variable Cells must range from 0 to 1.  

4. In MATLAB, using the Optimisation Tool, the smoothing constants, α, β and γ were 

defined as the solution to a non-linear optimisation problem with upper and lower 

bounds as constraints. 
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Constraints were 0 ≤  𝛼 ≤  1, 0 ≤  𝛽 ≤  1, 𝑎𝑛𝑑 0 ≤  𝛾 ≤  1. 

The objective was to minimise the objective function, which was defined as below:  

𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 =  𝑅𝑀𝑆𝐸(ŷ) , 

Where RMSE returns the RMSE of ŷ, and ŷ is the set of HWES forecasted values based 

on the network data.  

As shown in Figure 9, the optimisation function in Approach 4 iteratively tests for a 

lower value of the RMSE function and after 14 iterations, the best RMSE value was 

found to be 42.68, or NRMSE = 0.1718. The number of iterations done to get the 

optimal values of the smoothing constants is 14 because increasing the number of 

iterations beyond 14 does not yield any improvement in the RMSE or NRMSE. Thus, 

for our training data, 14 iterations are sufficient to produce the best values for the 

smoothing constants. 

Table 5 presents a summary of the values for alpha, beta and gamma gotten from the 

implementation of the four approaches which were considered for the training of the 

prediction model as described above.  

 

Table 5 Summary of HWES Model Training Approaches and Performances 

Forecasted Variable: Total Requested Bandwidth each Hour 

Training 

Approach 

Approach 1: 

Arbitrary 

values 

Approach 2: 

Trial and Error 
(Start values vs End values) 

Approach 3: 

Excel Solver 

Function 

Approach 4: 

Optimisation 

(14 iterations) 

Start values End values 

alpha, α 0.25 0.1 0.25 0.947 0.377 

beta, β 0.025 0.1 0.00025 0.00018 4.991 × 10-9 

gamma, γ 0.5 0.1 0.0005 1 3.691 × 10-8 

RMSE 62.6105 126.818 43.8296 48.579 43.4 

NRMSE 0.2575 0.5216 0.1803 0.1998 0.1718 

 

The prediction model was duplicated, and the duplicate was trained to forecast the traffic 

load. Table 6 is an extract of Table 5 and Table 6 presents the optimised values for the 

smoothing constant after 14 iterations of Approach 4. These are the values that are used in 

the final prediction model. Figure 9 shows the output of the MATLAB Optimisation Tool 

after 14 iterations with the best value of the RMSE at 43.4. 
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Table 6 Optimised Smoothing Constant for Prediction of Hourly Bandwidth Demand 

alpha, α 0.377 

beta, β 4.991 × 10-9 

gamma, γ 3.691 × 10-8 

RMSE 43.4 

NRMSE 0.1718 

 

 

Figure 9 Variation of the Function Value (RMSE) with Number of Optimisation Iterations 

A graph of the traffic forecasts gotten from the prediction model compared to the actual 

values is shown in Figure 10. The forecasts lag the actual values by one step, showing that 

the data is short-range dependent.  

 

 

Figure 10 Comparison of Forecasted Values Using the Trained Model with Coefficients from Approach 4 (Optimisation) with 
Actual Data from the Dataset 

The seasonal unit, M for this dataset is chosen to be 24 hours.  

The actual error incurred in the forecasting of Ŷ𝑡 using the trained model is calculated as 𝐸𝑡 =

𝑌𝑡 − Ŷ𝑡. When forecasting using HWES, no forecasts are done within the first season (M = 24). 

This means that for the training data, we effectively have 240 – 24 = 216 forecasts, shown by 
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the red graphs in Figure 10. The error values of all 216 forecasts are calculated and the 

cumulative distribution of the error is shown in Figure 11 and Figure 12.  

53.24% of the error is less than or equal to 0, meaning that the predictor overestimated 53.24% 

of the expected bandwidth requests. For these cases, we hypothesise that resource allocation 

based on the forecasted bandwidth requests would ensure QoS, but system utilisation would 

be poor. In the remaining 46.76% of cases, the predictor underestimated the incoming 

bandwidth demand and we hypothesis that for these cases, resource allocation based on the 

forecasts would yield under-provision of resources but possibly high system utilisation. 

The second CDF plot below shows that 90.28% of the error is less than or equal to 54. It follows 

that for a 90.28% guarantee of bandwidth availability for all incoming flows for a given 

servicing window, the system will have to be allocated 54 bandwidth units above the 

forecasted value.    

   

 

Figure 11 CDF plot of Error, Probability(Error≤0) = 0.5324 

 

Figure 12 CDF plot of Error, Probability (Error≤54) = 0.9028 

 

A summary of all the parameters of the forecasting model is shown in Table 7. 

Table 7 Summary of Trained HWES Forecasting Parameters 

Summary of Forecasting Model Parameters 

Model Holt-Winters Additive alpha, α 0.377 

Prediction period 1 hour beta, β 4.991 × 10-9 

Length of Season 24 hours gamma, γ 3.691 × 10-8 

Training data 240 data points Performance Metrics RMSE, NRMSE 

Testing data 72 data points Feature to forecast Requested 

bandwidth 
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4.4. Proposed Admission Control Algorithms 
According to the system model presented in section 4.2.3., the Flow Admission Control 

module is programmed with an admission control algorithm which governs the admission 

control process.  

To tackle the issue of intra-slice admission control, we propose 2 admission control 

algorithms which will be designed, simulated, and evaluated in subsequent sections. The 

proposed algorithms are the Decision Matrix algorithm and the Utility Index algorithm. We also 

compare these two algorithms with a basic legacy First-in-First-out system. These admission 

control algorithms are intended for implementation within a running slice. 

 4.4.1. Intra-slice Admission Control based on Decision Matrix Algorithm 

For every flow request coming into the slice, the Flow Admission Control module makes one 

of the 3 decisions outlined in equation 4.15. 

𝐴. 𝐶 𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑠𝑒𝑡 =  {𝑎𝑑𝑚𝑖𝑡, 𝑞𝑢𝑒𝑢𝑒, 𝑟𝑒𝑗𝑒𝑐𝑡}  (4.15) 

The decision to either admit, queue or reject is guided by the Decision Matrix shown in Table 

8. This Decision Matrix is inspired by the Eisenhower Matrix [52], [53] for time management 

and task scheduling.  

The Decision Matrix algorithm considers the flow classes and ensures the prioritisation of 

high priority flows over normal priority flows. This is done by reserving some bandwidth for 

the high priority flows through the implementation of a bandwidth threshold, Ct. The 

bandwidth threshold is set at a percentage, say 70% of the slice capacity. This means that 

incoming normal priority and high priority flows can be admitted into the slice until 70% of 

the slice capacity has been used up. Beyond this 70% capacity, only high priority flows are 

admitted into the available resources and normal priority incoming flows are either queued 

up or rejected from the network based on further admission control policies. 

 

Table 8 Decision Matrix for Admission Control Policies 

High priority ADMIT ADMIT QUEUE 

Normal priority ADMIT  QUEUE REJECT 

 

Available bandwidth + 

requested bandwidth ≤ 

threshold 

Threshold ≤ Available 

bandwidth + 

requested bandwidth 

≤ Capacity 

Available bandwidth + 

requested bandwidth > 

Capacity 

 



49 
 

The admission control policies for new incoming high priority flows, normal priority flows, 

and queued flows are outlined below.  

• For a high priority flow request,  

𝑎𝑑𝑚𝑖𝑡 if 𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ +  𝑟𝑒𝑞𝑢𝑒𝑠𝑡𝑒𝑑 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ ≤  𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 

Otherwise, 𝑞𝑢𝑒𝑢𝑒. 

• For a normal priority flow request, 

𝑎𝑑𝑚𝑖𝑡 if 𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ +  𝑟𝑒𝑞𝑢𝑒𝑠𝑡𝑒𝑑 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ ≤  𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 

𝑞𝑢𝑒𝑢𝑒 if 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 < 𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ +  𝑟𝑒𝑞𝑢𝑒𝑠𝑡𝑒𝑑 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ ≤  𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 

Otherwise, 𝑟𝑒𝑗𝑒𝑐𝑡 

• For a queued flow request,  

𝑎𝑑𝑚𝑖𝑡 if 𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ +  𝑟𝑒𝑞𝑢𝑒𝑠𝑡𝑒𝑑 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ ≤  𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 

Otherwise, 𝑟𝑒𝑗𝑒𝑐𝑡. 

A flowchart of the Decision Matrix algorithm is shown in Figure 14. The simulation is set to 

run for one servicing period, during which the flow requests gathered in one observation 

period will be serviced, as explained in section 4.2.3. Once the system is initialised, the 

admission control policies are enforced by the algorithm as shown in Figure 14 to decide for 

each incoming flow whether to admit, queue, or reject. Once an admission control decision 

has been made, the algorithm calls the servicing function subroutine illustrated in Figure 13. 
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Servicing function 

∀ admitted flow, 

has duration of 

flow elapsed? 

Keep flow running 

End flow 

Release resources used by flow 

Have all admitted 

flows been checked 

for completion? 

Return 

No 

                     

                             Yes 

                                                No 

                     

   Yes 

Figure 13 Servicing Function Subroutine 
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Reject flow request 

Figure 14 Flowchart for Decision Matrix Algorithm 
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4.4.2. Intra-slice Admission Control based on Utility Index Algorithm 

The Utility Index algorithm prioritises flows based on their perceived utility to the operator. 

The concept of Utility Index, ai was introduced in Section 4.2.4. and is calculated using 

equation 4.11. Flows with higher Utility Index are hypothesised to yield higher system 

utilisation and higher profits.  

𝑎𝑖 = 
𝑅𝐵𝑖

𝐶 × 𝑊
 ×  𝑉  (4.11) 

Where 𝑅𝐵𝑖 = number of resource blocks requested by flow i, 

𝐶 ×  𝑊 = capacity of system in terms of resource blocks, 

𝑉 = value per resource block of flow i. 

𝑉 for high priority traffic > 𝑉 for normal priority traffic 

In this admission control method, the average utility index, aavg of the batch of incoming flows 

is calculated and using aavg, the incoming flows are classified into high and low utility index 

flows as shown in Table 9. Flows whose utility indices are above average are high utility 

flows and flows whose utility indices are below average are low utility flows. 

 

Table 9 Distinction Between High and Low Utility Index 

High Utility 𝑎𝑖  ≥  𝑎𝑎𝑣𝑔 

Low Utility 𝑎𝑖  ≤  𝑎𝑎𝑣𝑔 

 

The Utility Index algorithm services the flows with the highest utility index first, giving 

priority to the high utility flows, however, the flows with the highest utility indices are 

bandwidth-heavy applications which run for a long duration. If priority is given to such 

flows without provision for the servicing of low utility flows, the high utility flows will 

monopolise the system, leaving little to no system resources for other flows. To counter this 

issue, a bandwidth threshold is set which limits the amount of bandwidth that can be allotted 

to the high utility flows. 

The bandwidth threshold ensures fairness and allows flows with low demand on resources 

to be serviced as well. 

Fairness among the traffic classes is also ensured by the fact that even though the value per 

resource block of normal priority traffic is lower than that for high priority traffic, normal 

priority traffic can still bear a high utility index by virtue of their requested bandwidth and/or 

flow duration. This is shown in Table 10 which is an excerpt from our real network data 
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selection. The flows in the first two rows have high utility indices but are of different traffic 

classes. The flows in the last two rows have low utility indices but are of different traffic 

classes. 

 

Table 10 Extract of Data from Working Selection 

Flow Key (ID) Hour 

Normalised 

flow start 

time 

Requested 

Bandwidth 

on 50 scale 

Flow 

Duration 

on 120 

scale 

Value/Class 

(1 or 3) 

Utility 

Index 
Category 

a1877b17596b8bf8 

15ec9a59aa5fb801 288 1035064 2.25 6.661701 

3 – High 

Priority 12.487 Network 

9a642de21123835ba 

4079f77c4b9feff 288 1035102 1.60 20.067678 

1 – Normal 

priority 13.344 Web 

81d47d0a10addb7 

cb3187cada8b22ffb 288 1035024 0.43 0.000044 

3 – High 

Priority 1.556E-05 VoIP 

e27c4cf832f1bb0 

feede24eadc8b0b6c 288 1035101 0.79 0.000041 

1 – Normal 

priority 1.367E-05 Web 

 

The admission control policies for the Utility Index algorithm are outlined below: 

• For a high Utility Index requests,  

𝑎𝑑𝑚𝑖𝑡 if 𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ +  𝑟𝑒𝑞𝑢𝑒𝑠𝑡𝑒𝑑 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ ≤  𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 

Otherwise, 𝑞𝑢𝑒𝑢𝑒. 

• For a low Utility Index request, 

𝑎𝑑𝑚𝑖𝑡 if 𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ +  𝑟𝑒𝑞𝑢𝑒𝑠𝑡𝑒𝑑 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ ≤  𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 

Otherwise, 𝑞𝑢𝑒𝑢𝑒 

• For a queued flow request,  

𝑎𝑑𝑚𝑖𝑡 if 𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ +  𝑟𝑒𝑞𝑢𝑒𝑠𝑡𝑒𝑑 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ ≤  𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 

Otherwise, 𝑟𝑒𝑗𝑒𝑐𝑡. 

The admission control policies of the Utility Index algorithm are further illustrated in the 

flowchart in Figure 15. Once an admission control decision is made, the Utility Index 

algorithm enters the servicing function subroutine whose flowchart is illustrated in Figure 

13.
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4.4.3. Legacy First-In-First-Out (FIFO) Admission Control 

The legacy FIFO admission control method was implemented as a control for evaluating the 

two methods designed in this work. This method is very simple and does not consider 

prioritisation or any flow characteristics in its decision-making. It admits users on a first-

come-first-serve basis. However, since the two methods proposed above have implemented 

queueing as a congestion control mechanism, queueing is added to this FIFO algorithm to 

allow for a fair evaluation. 

The admission control policies for the FIFO algorithm are as follows: 

• For an incoming requests,  

𝑎𝑑𝑚𝑖𝑡 if 𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ +  𝑟𝑒𝑞𝑢𝑒𝑠𝑡𝑒𝑑 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ ≤  𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 

Otherwise, 𝑞𝑢𝑒𝑢𝑒 

• For a queued flow request,  

𝑎𝑑𝑚𝑖𝑡 if 𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ +  𝑟𝑒𝑞𝑢𝑒𝑠𝑡𝑒𝑑 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ ≤  𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 

Otherwise, 𝑟𝑒𝑗𝑒𝑐𝑡. 

The admission control policies for the FIFO algorithm are illustrated in the flowchart in 

Figure 16. As holds for the Decision Matrix and the Utility Index algorithms, once an 

admission control decision is made, the FIFO algorithm enters the servicing function 

subroutine whose flowchart is illustrated in Figure 13.
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4.4.4. Prediction-Based Admission Control 

To incorporate traffic forecasting into our admission control methods, we implement the unit 

which was defined in Section 4.2.3 as the Traffic Forecasting module. This module performs 

traffic forecasting using the HWES model. It feeds forecasts for the next batch of incoming 

flows to the Slice Resource Allocation module. The slice allocation function of the Slice 

Resource Allocation (S.R.A.) module is implemented manually by the experimenter by 

adjusting the capacity of the slice for the simulation of the next batch of flows, based on the 

forecasted data.  

The slice allocation module computes an appropriate slice capacity for the next batch of flows 

based on equation 4.16. 

𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒𝑑 𝑠𝑙𝑖𝑐𝑒 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑓𝑜𝑟 𝑊𝑡+1 =  𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑒𝑑 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ / 18.52       (4.16) 

Where 18.52 is the ratio of the incoming bandwidth demand for a model slice to the static 

bandwidth capacity of that model slice operating within the fixed servicing window, Wt. 

The Slice Resource Allocation module then allocates the calculated slice capacity to the slice 

for the upcoming servicing window and the slice holds those resources until the bandwidth 

allocation is revised for the following window. No slice degradation takes place during the 

servicing window, ensuring slice isolation. 

The forecasts will be generated for one period into the future (Ŷt+1). While it is possible to 

forecast several future points at a time, we forecast one point at a time so that the next forecast 

can be informed by the current slice traffic.  

The NRMSE of the model implemented in the Traffic Forecasting module is known, based on 

the work done in Chapter 4.  

 

4.5. Source Codes 
The source codes and workspace variables for the admission control algorithms and the 

HWES traffic forecasting model described in this chapter can be downloaded from this 

Github link:  

https://github.com/PeroseNgufor/AdmissionControlWithPredictions.git 

The pre-processed data selection with normalised values for time and bandwidth related 

parameters can be downloaded from this link: 

https://docs.google.com/spreadsheets/d/1SDUFSf3Zqw-

hRZhVU7KrcZ8AgOHLCzH0/edit?usp=sharing&ouid=114415186482110144996&rtpof=true

&sd=true 

https://github.com/PeroseNgufor/AdmissionControlWithPredictions.git
https://docs.google.com/spreadsheets/d/1SDUFSf3Zqw-hRZhVU7KrcZ8AgOHLCzH0/edit?usp=sharing&ouid=114415186482110144996&rtpof=true&sd=true
https://docs.google.com/spreadsheets/d/1SDUFSf3Zqw-hRZhVU7KrcZ8AgOHLCzH0/edit?usp=sharing&ouid=114415186482110144996&rtpof=true&sd=true
https://docs.google.com/spreadsheets/d/1SDUFSf3Zqw-hRZhVU7KrcZ8AgOHLCzH0/edit?usp=sharing&ouid=114415186482110144996&rtpof=true&sd=true
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4.6. Chapter Summary 
This chapter covers the process of developing our prediction model, starting with the 

preparation of the dataset using data mining and data pre-processing. Seasonality was 

identified in the data, and this is served as an indication that the Holt Winters Exponential 

Smoothing (HWES) model is a suitable prediction model for the given dataset. This chapter 

presents the development and training of the HWES prediction model using the given 

dataset. A modular system model where each function is implemented on a separate module 

was presented in this chapter. The network model was presented as well. New concepts such 

as the desirability of a flow, represented by the utility index were introduced alongside the 

network model. 

The modular nature of the system model allows for admission control algorithms to be run 

with and without the input of predictive analytics. Two new admission control algorithms 

and their admission control policies (the Decision Matrix and the Utility Index algorithms) 

were introduced and explained in this chapter, and a legacy admission control algorithm (the 

First-In-First-Out algorithm) was also presented as a control. 

The performance of these 3 admission control algorithms and the effects of incorporating 

predictive analytics into the admission control process are discussed in Chapter 5. 
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Chapter 5: Simulations and Results 
 

In this chapter, we first define the relevant performance metrics used to evaluate the 

performance of the various admission control approaches. These performance metrics also 

provide a basis on which the various admission control approaches can be compared. Next, 

we present and analyse the results of the simulations which were carried out. We compare 

the performances of the proposed admission control algorithms without predictive analytics 

to the performance of the same admission control algorithms with predictive analytics. The 

pre-processed data selection can be found at [54] and the raw dataset is available at [48]. 

 

5.1. Performance Metrics 
The performance metrics chosen for this study are the probability of blocking, system 

utilisation and the profitability to the operator. This is because as seen in the literature review 

presented in Chapter 2, the probability of blocking, system utilisation and profitability are 

commonly used by researchers and industry professionals to evaluate various admission 

control mechanisms. Using commonly-used performance metrics allows for easy comparison 

between the algorithms proposed in this work and other algorithms in the field. 

1. Probability of Blocking, PoB 

When a request is made to the network for the creation of a flow, the Flow Admission Control 

module decides to either admit or block (reject) the request. The probability of blocking is a 

measure of the likelihood for a request for network access to be rejected on a given network 

within a given period of time. 

In the proposed admission control algorithms, blocking occurs when incoming normal 

priority requests arrive when there are no available resources to accommodate that request. 

The higher the probability of blocking, the poorer the performance of the admission control 

mechanism. The probability of blocking is given by equation 5.1. 

𝑃𝑜𝐵 =  1 − 
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑎𝑑𝑚𝑖𝑡𝑡𝑒𝑑 𝑓𝑙𝑜𝑤𝑠

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑛𝑐𝑜𝑚𝑖𝑛𝑔 𝑓𝑙𝑜𝑤𝑠
 (5.1) 

It is desirable for an admission control algorithm to maintain very low PoB. 
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2. System Utilisation, S.U. 

The system utilisation is the ratio of how much of the system’s resources are used up within 

a given time frame compared to the total usable system resources. In this work, the main 

system resources being considered are bandwidth and time, collectively represented in 

resource blocks.  

The system utilisation is given by equation 5.2. 

𝑠. 𝑢. =  
∑ 𝑅𝐵𝑖
𝑁
𝑖=1

𝐶×𝑊
=
∑ (𝑏𝑖×𝑑𝑖)
𝑁
𝑖=1

𝐶×𝑊
 (5.2) 

Where 𝑁 = number of serviced flows, 

𝑅𝐵𝑖 = number of resource blocks requested by flow i, 

𝐶 ×  𝑊 = capacity of system in terms of resource blocks, 

𝑏𝑖 = bandwidth allocated to flow i during servicing, 

𝑑𝑖 = duration for which flow i was serviced. 

The system utilisation is expressed as a percentage, and it is desirable for an admission 

control algorithm to maintain a high system utilisation. 

3. Profit or Profitability, P 

The profitability is a measure of how beneficial it is for the operator to run a given admission 

control algorithm. Profit may represent revenue or any other value that an operator may 

choose to attach to the different traffic classes it serves.  

Profitability is calculated on the premise that the gains from servicing a high priority call 

requesting 1 RB is higher than the gains from serving a normal priority call requesting 1 RB. 

The formula used in this work for profitability is given by equation 5.3. 

𝑃 =  ∑ 𝑏𝑖 × 𝑑𝑖 × 𝑣𝑖
𝑁
𝑖=1   (5.3) 

Where N = number of serviced flows, 

𝑏𝑖 = bandwidth allocated to flow i during servicing 

𝑑𝑖 = duration for which flow i was serviced 

𝑣𝑖 = value/gain/profit per resource block of flow i.  

It is desirable for an admission control algorithm to maintain high profitability. 
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5.2. Simulations 
The three admission control algorithms namely, Decision Matrix, First-In-First-Out with 

Queue, and Utility Index algorithms, were implemented using MATLAB. These three 

admission control algorithms were covered in Chapter 4. The Holt-Winters Exponential 

Smoothing prediction model, also covered in Chapter 4, was also implemented, trained and 

tested using MATLAB.  

In this implementation, because of the nature of the available dataset, our resource 

parameters are bandwidth and time, but the resources in this system could as well be 

substituted with other types of communication network resources such as computational 

power or energy. 

5.2.1. Simulation Parameters 

Table 11 outlines the simulation parameters which were used in this study. The values of 

these simulation parameters such as Bandwidth Capacity and Observation Period were 

chosen so as to simulate a congested system. Congestion is created by giving these 

parameters values which are lower than the average demands from the dataset used. This is 

important because the usefulness of an admission control system is only perceived when 

there is congestion and during congestion, the functioning and performance of the various 

admission control algorithms can be observed and assessed. 

Table 11 System Simulation Parameters 

ADMISSION CONTROL SIMULATION PARAMETERS 

Parameter Value 

Bandwidth Capacity, C varied 

Threshold 70% of Bandwidth capacity 

Servicing Window, Wt 10 time units 

Number of Traffic Classes 2: high priority, normal priority 

High priority 𝑣𝑖  3 

Normal priority 𝑣𝑖 1 

Observation Period, TOBS 3600 time units 

Number of TOBS used 10 

Queue (buffer) length  infinite 

HWES FORECASTING MODEL PARAMETERS 

Dependent variable (to be forecasted) Slice load (RBs) 

alpha, α 0.347 

beta, β 2.178 × 10-10 

gamma, γ 3.769 × 10-10 

k (number of points to forecast head) 1 
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Flows in the data selection are grouped into various observation periods based on their flow 

start time.  

5.3. Presentation and Discussion of Results 
The simulation was run using the testing dataset which comprised of 72 observation periods 

or 72 batches of flows, totalling 2955 flows. For the sake of brevity and a concise presentation, 

the results presented section 5.3.2. are the simulation results from processing the data from 

the last 24 hours (hour 49 to hour 72) in the testing data. The complete set of results can be 

found in [55].  

5.3.1. Evaluating the Holt-Winters Prediction Model 

As covered in section 4.3.2., the performance of a prediction model is evaluated using the 

prediction accuracy, which is indicated by an error term such as the root mean square error 

(RMSE), or the normalised root mean square error (RMSE). Since the prediction model was 

constructed with a seasonality of 24 hours, during testing, we chose to retrain the model every 

24 hours, making it adaptive to the new data received in the last 24 hours. As seen in Figures 

17 and 18, the accuracy of the prediction model improves with every new training iteration, 

and this is indicated by the downward trend in the error terms RMSE and NRMSE. 

 

 

Figure 17 RMSE for each Training Iteration 

 

Figure 18 NRMSE for each Training Iteration
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The 1st training iteration is the training which was done on the model using the training data 

set and this 1st training iteration was used to forecast the incoming traffic for the first 24 hours 

of the testing data. After forecasting was done for the first 24 hours of the testing data, the 

actual traffic values from the first 24 hours of the testing data were added to the training data 

and used to retrain the prediction model in a 2nd training iteration. The newly retrained 

model was in turn used to forecast the traffic from the second 24 hours of the testing data and 

the model was retrained again in a 3rd training iteration. This 3rd training iteration yielded 

the lowest NRSME term of 0.164 on a scale of 0 to 1 and this was used to forecast the traffic 

for the last 24 hours (49 to 72) of the testing data. The forecasted traffic is shown plotted 

against the actual incoming traffic for 49 to 72 in Figure 19.  

Figure 19 shows that the trend of the actual traffic load has been captured by the forecasts. 

Within this sample, 50% of cases will face over-provisioning of slice resources due to the 

negative forecast error. 25% of forecasted traffic values are exact matches with the actual 

received traffic, and 25% of the forecasted traffic values are lower than the actual values and 

will lead to under-provisioning of slice resources. 

The results from running the data from observation period 49 to 72 are presented in detail in 

Appendix II. 

 

 

Figure 19 Plot of Forecasted Traffic Bandwidth Against Plot of Actual Traffic Bandwidth per Hour 

The blue graph in Figure 19 shows the plot of the actual bandwidth requested and upon 

observing the levels in the graph, it can be seen that the bandwidth requested in hours 65, 68, 

69 and 70 shoot much higher than the bandwidth requested in the rest of the hours. These 

are high congestion hours and because of this uncharacteristic deviation from the average, 

0

30

60

90

120

150

180

49 50 51 52 53 54 55 56 57 58 59 60 61 62 63 64 65 66 67 68 69 70 71 72

B
an

d
w

id
th

, b
.u

.

Observation Hour

Forecasted traffic vs Actual traffic, Based on 3rd Iteration of Model 

Training

Actual Bandwidth Requested Forecasted Bandwidth Requests



64 
 

the prediction model does not forecast the expected bandwidth in these hours as accurately 

as in hours where the bandwidth requests are closer to the average, such as hours 52, 64 and 

66. 

5.3.2. Evaluating the Performance of Intra-Slice Admission Control Methods With 

and Without Predictive Analytics 

To simulate the admission control algorithms without the application of predictive analytics, 

we implemented a network slice which was allotted a capacity of 2 bandwidth units (b.u.) 

and a Servicing Window, Wt of 10 time units (t.u.). This means that the simulated network 

slice ran for 10 time units and the capacity of the network slice was 2 bandwidth units. This 

gives the slice a total of 20 RBs to accommodate incoming flow requests. Each batch of flows 

was processed through this slice using the 3 different admission control algorithms covered 

in Chapter 4.    

The traffic load arriving hourly at the Flow Admission Control module during this 

simulation was calculated using the formula in equation 5.4 below and the hourly variation 

in traffic load is shown in Figure 20 below. 

𝐿𝑜𝑎𝑑 = 𝑡𝑜𝑡𝑎𝑙 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ 𝑟𝑒𝑞𝑢𝑒𝑠𝑡𝑒𝑑 × 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑓𝑙𝑜𝑤 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛  (5.4) 

Where 𝑡𝑜𝑡𝑎𝑙 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ 𝑟𝑒𝑞𝑢𝑒𝑠𝑡𝑒𝑑 = sum of bandwidth requested by all flows within the 

observation period, 

𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑓𝑙𝑜𝑤 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 = sum of all flow durations divided by the number of flow 

requests within the observation period. 

Based on the graph in Figure 20, given that the bandwidth and servicing windows are kept 

constant, the 6 most congested hours are 62, 65, 68, 69, 70 and 72, with incoming load requests 

above 300 RBs. 

 

Figure 20 Plot of Hourly Traffic Load for Hours 49 to 72 
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To simulate the application of predictive analytics to the admission control process, the slice 

capacity for each servicing window is varied during simulation based on the forecasted traffic 

values. The length of the servicing window is kept constant at 10 t.u.  

The results of the simulations with and without traffic forecasting are compared and 

presented. 

1. Probability of Blocking, PoB 

The probability of blocking of the 3 admission control methods are shown in Figure 21. 

Without the application of predictive analytics, the First-In-First-Out with Queuing 

algorithm performs better than the other algorithms in terms of probability of blocking. The 

FIFO algorithm maintains a PoB of less than 0.5, except in the most congested observation 

periods (65, 68, 70, 72). The worst performance in terms of PoB is presented by the Utility 

Index algorithm, and this is shown clearly in Figure 21. 

The PoB of the Decision Matrix algorithm is better than that of the Utility Index algorithm 

but is not as good as that of the more rudimentary FIFO algorithm because our dataset has a 

very small number of high priority flows, and the implementation of a threshold prevents 

the more frequent normal priority data from using the entire slice bandwidth capacity. This 

makes admission control using Decision Matrix unsuitable for slices with a low percentage 

of high priority traffic. 

 

 

Figure 21 Comparing the Probability of Blocking of Decision Matrix, Utility Index and FIFO Algorithms Without Forecasting 
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control algorithms. This is shown in Figure 22. With forecasting, the PoB in the more 

congested hours improves significantly for the FIFO and Decision Matrix algorithms. The 

PoB performance of the Decision Matrix algorithm with forecasting in congested hours like 

62 and 69 is comparable with the PoB performance of the same Decision Matrix algorithm in 

less congested hours like 63 and 64. 

The performance of the Utility Index algorithm, however, does not improve much with the 

application of traffic forecasting, especially in the congested hours. 

 

 

Figure 22 Comparing the Probability of Blocking of Decision Matrix, Utility Index and FIFO Algorithms With and Without 
Forecasting 

2. System Utilisation 

Figure 23 shows that the of the three admission control algorithms considered, the Utility 

Index algorithm is the best-performing algorithm when it comes to system utilisation. The 

worst-performing algorithm in this case is the Decision Matrix algorithm and again, this is 

due to the fact that a portion of the total slice capacity is reserved in a threshold for high 

priority flows, which do not occur frequently in this dataset. The Utility Index algorithm 

performs best in terms of system utilisation because even though there is a threshold, the first 

flows to be serviced are those with high utility index (𝑎𝑖). Based on the formula for 𝑎𝑖 , flows 

with high utility index will demand a higher number of resource blocks (RBs), hence will 

occupy a large portion of the available slice resources and increase system utilisation. 
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Figure 23 Comparing the System Utilisation of Decision Matrix, Utility Index and FIFO Algorithms Without Forecasting 

In the more congested hours such as 62, 65, 68, 70, all three admission control algorithms 

yield high system utilisation of more than 85% system utilisation. High system utilisation 

during high congestion is expected because system resources are expected to be used up 

during congestion. In the congested hour 72 the Decision Matrix algorithm however 

performed poorly. This is due to the lack of high priority traffic during hour 72 whereas the 

Decision Matrix algorithm is designed to reserve some bandwidth for high priority traffic.  

This lack of high priority traffic means that the reserved bandwidth is not being used up.  

Another note-worthy result is that all 3 admission control algorithms had poor system 

utilisation in hours 51 and 58. Referring back to Figure 20, it is clear that these hours do not 

have heavy traffic load and especially considering the fact that the PoB of hour 51 is less than 

0.15 for all three algorithms, it is clear that most of the traffic for that hour could have been 

sufficiently serviced using fewer slice resources. The unused resources in these low 

congestion hours were wasted in that slice. 

Predictive analytics is used to pre-provision the slice resources based on the forecasted 

incoming traffic improves the system utilisation of all 3 admission control techniques as 

shown in Figure 24. However, even with predictive analytics, the Decision Matric algorithm 

does not perform very well overall in terms of system utilisation. The poor system utilisation 

of the Decision Matrix algorithm despite the incorporation of predictions is due to the 

bandwidth reserved in this algorithm for only high priority traffic.  
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Figure 24 Comparing the System Utilisation of Decision Matrix, Utility Index and FIFO Algorithms With and Without Forecasting 

 

3. Profitability, P 

Figure 25 shows the admission control based on the Utility Index to be the most profitable 

algorithm, closely followed by the FIFO algorithm. This is expected because based on 

equations 4.11 and 5.3, Utility Index, 𝑎𝑖, is a function of profitability, P and the Utility Index 

algorithm services the highest utility indices first. 

 

Figure 25 Comparing the Profitability of Decision Matrix, Utility Index and FIFO Algorithms Without Forecasting 
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In the less-congested observation periods, the profitability of the Decision Matrix algorithm 

is less than that of the FIFO and Utility Index algorithms but outperforms the others in the 

high congestion hours like 62 and 65. This is because in low congestion hours, some of the 

resources in the Decision Matrix go unused due to the fact that bandwidth has been reserved 

for high priority traffic and there is little high priority traffic to use up these reserves and 

generate profits. However, high congestion hours present more high priority traffic to use up 

the bandwidth reserves in the Decision Matrix algorithm, thus generating profits. 

The Decision Matrix algorithm also performs on par with the other algorithms in terms of 

profits in some other congested hours such as 68 and 70.  

The incorporation of traffic forecasting for pre-emptive slice resource results in a marked 

increase in the profitability of all three algorithms as show in Figure 26. This is because traffic 

forecasting allows for more tailored provisioning of slice resources where resources provided 

are closer to the resources demanded. 

 

 

Figure 26 Comparing the Profitability of Decision Matrix, Utility Index and FIFO Algorithms With and Without Forecasting 

 

The raw data (results) from these simulations is included in Appendix III and the graphs 
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5.4. Discussion of Results 
Based on the comparisons in section 5.3 between the Decision Matrix algorithm, the Utility 

Index algorithm and the FIFO with Queue algorithm, the Utility Index algorithm performed 

best overall in terms of system utilisation and profitability. This is explained by the fact that 

the Utility Index algorithm is designed to first fit the flows with the most utility and profit 

into the resources available in a slice. These high utility flows are both bandwidth-intensive 

and time-intensive and use up a good portion of the available slice resources. For these same 

reasons, the Utility Index algorithm under-performed in terms of the probability of blocking. 

Because few resource-intensive flows could be serviced by this algorithm, more flows were 

being blocked compared to the other two algorithms. 

Since the Decision Matrix algorithm was designed to prioritise high priority traffic classes, 

implementing this algorithm on a campus network with a very small proportion of high 

priority traffic does not take advantage of this prioritisation feature. There are not enough 

high priority flows to use up the reserved bandwidth, thus that portion of the slice capacity 

goes unused, and this is seen in the low system utilisation presented by the Decision Matrix 

algorithm. It is wasteful of system resources in a network that does not have high priority 

traffic to use up the reserved bandwidth. 

The legacy FIFO algorithm remains a robust choice as it performs well in terms of probability 

of blocking and system utilisation, but it is the least profitable algorithm especially in the 

more congested observation periods. This can be explained by the fact that the FIFO 

algorithm does not employ any form of discernment in the process of admission control. It is 

simply a first-come-first-serve system with no sophisticated policies to maximise profit, as 

opposed to the Decision Matrix algorithm which prioritises more expensive high priority 

traffic, or the Utility Index algorithm which prioritises high profit and high utility traffic. 

This study also set out to investigate the effect of incorporating predictive analytics into the 

resource allocation and admission control process and the results show that the employment 

of traffic predictions for pre-emptive capacity adjustment yields an overall improvement in 

the performance of all admission control methods. The performance of the Decision Matrix 

algorithm, the Utility Index algorithm and the legacy FIFO algorithm improved in terms of 

probability of blocking, system utilisation and profitability. However, the accuracy of the 

prediction techniques must be increased to avoid wasting network resources by 

overprovisioning slice resources.  

The results also show an improvement in the accuracy of the prediction model when the 

historical data is updated every 24 hours and the model retrained with the data update. As 

evidenced by the downward trend in the error graphs in Figure 17 and Figure 18, the 

prediction model should be adaptive (retrained periodically) in order to keep the prediction 
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model updated with the new trends in network data and yield better performance in the 

prediction model. 

 

5.5. Chapter Summary 
This chapter presented and defined the performance metrics used for the evaluation of the 

admission control algorithms. The probability of blocking, system utilisation and the 

profitability of the algorithms were the performance metrics of choice. The simulation 

parameters were also defined in this chapter. The results presented in this chapter also show 

the accuracy of the prediction model used and this accuracy is represented by the error term. 

The results go further to show a comparison between the performances of the three admission 

control algorithms discussed (Decision Matrix, Utility Index, and FIFO with Queue 

algorithms). The results also show a comparison of the performances of these three 

algorithms when the prediction model has been used to determine the future incoming slice 

requests. The results presented in this chapter are also discussed extensively. 
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Chapter 6: Conclusion and Recommendations 

 

6.1. Conclusion 
Admission control is one of the fundamental radio resource management functions and new 

approaches must be developed in tandem with the evolution of mobile communication 

networks. This work presented the state-of-the-art in admission control approaches and 

proposed two intra-slice admission algorithms namely the Decision Matrix algorithm and 

the Utility Index algorithm. These algorithms employ queueing as a method of congestion 

control. This work implemented and simulated the two proposed algorithms and 

benchmarked them against a legacy FIFO admission control algorithm. 

This study was carried out to answer the research questions outlined in Chapter 1 section 1.3, 

which are reiterated below: 

i. How can admission control methods be designed for sliced networks and evaluated? 

ii. How can a real network dataset be used for the simulation of admission control? 

iii. How can a prediction model be developed and trained for the forecasting of network 

traffic? 

iv. How does the integration of predictive analytics into the admission control and 

resource allocation process impact the performance of admission control algorithms? 

Through the completion of the tasks involved in this work, the research questions were all 

addressed and answered. 

Admission control algorithms should be designed with specific goals in mind. These goals 

help determine the main features of each admission control algorithm. In this work, the main 

feature of the Decision Matrix algorithm is the prioritisation of high priority network traffic, 

and the main feature of the Utility Index algorithm is the maximisation of operator profits. 

The evaluation of admission control methods could be done using widely-used performance 

metrics such as the probability of blocking, system utilisation and the profitability of the 

methods. 

By implementing and training a traffic forecasting model based on Holt-Winter’s Exponential 

Smoothing, this work shows how a prediction model can be developed and trained for the 

forecasting of network traffic. The best method for training the forecasting model turned out 

to be the use of a non-linear optimisation tool where the objective was set to minimize the 

error term. This work found that the training of a traffic forecasting model should be done 

using training data from the network on which the forecasting model is to be used. This is 

because the behaviour of a prediction model is governed by the data with which it is trained.  



73 
 

The traffic forecasting model was used to predict the total demand for bandwidth every hour 

and this forecasted information was used to pre-emptively allot resources to a network slice 

in anticipation of incoming network traffic. This study also investigates and reports on the 

performance of the admission control algorithms with and without the use of traffic 

forecasting and it was found that the use of traffic forecasting improves the overall 

performance of the admission control algorithms. 

To increase the accuracy of the traffic forecasting model, we made the prediction model 

adaptive by feeding back new historical data into the traffic model every 24 hours and 

retraining the model with the new data. With every iteration of incorporation of new data 

and training and the forecasting model was found to become more accurate. 

We used a real network dataset containing data collected from a campus network to train 

and then test the HWES forecasting model, and the same real network data was used to test 

and evaluate the three admission control algorithms considered in this study. In order for the 

data to be exploited in this manner, data pre-processing and data mining had to be carried 

out on the dataset. 

The three admission control algorithms (Decision Matrix algorithm, Utility Index algorithm, 

and FIFO with Queueing algorithm) were compared based on three main performance 

metrics namely probability of blocking, system utilisation and profitability. The respective 

strengths and weaknesses of the three algorithms considered were discussed. The Decision 

Matrix algorithm was found to be good for use in a network with a large proportion of high 

priority traffic, the Utility Index algorithm was found to be the best for prioritising operator 

profits and the FIFO algorithm was found to perform well in simple networks where 

prioritisation of certain traffic classes is not a prime feature. 

The experiments carried out in this study prove that the use of traffic forecasting to pre-

emptively allocate resources to slices in anticipation of incoming traffic greatly improves the 

overall performance of the admission control algorithms. The application of predictive 

analytics to admission control resulted in reduced probability of blocking and increased 

system utilisation and increased profitability of all the admission control algorithms 

considered. 

This work designed and implemented a system model which operated in a midpoint between 

dynamic slice resource allocation and true slice isolation through the implementation of a 

servicing window during which slices are not degraded. 

Overall, this work fills the gap identified in the literature review presented in Chapter 2 by 

proposing new admission control algorithms fitted with predictive analytics and 

implemented on a system which allows for network slice isolation as well as dynamic slice 
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resource allocation. This is a novel solution in the field of admission control in sliced 

networks and it considers both the objectives of network slicing and individual user 

objectives. This work also proves that the use of traffic forecasting for pre-emptive resource 

allocation in sliced networks elevates the general performance of admission control 

algorithms. 

 

6.2. Recommendations 
Based on the results gotten in Chapter 5, the following recommendations can be made to 

network infrastructure owners and operators: 

• The Decision Matrix algorithm is ideal for networks with a large proportion of high 

priority traffic which needs prioritisation. This is because the Decision Matrix is 

designed such each admission decision prioritises incoming high priority traffic and 

a pool of resources is reserved for high priority traffic. 

• The Utility Index algorithm is ideal for networks where operator profits are priority 

and efficient system utilisation. This is because this algorithm pushes traffic with high 

utility ahead of traffic with low utility. 

• In systems where resource provisioning is done, the use of predictive analytics to 

forecast the resource needs of the system is advised as this leads to better overall 

performance of the system and efficient use of the available resources. 

• When employing the use of a prediction model in real time applications, the 

prediction model should be made adaptive by periodic retraining using newly-

acquired data. This keeps the prediction model updated with the new trends in 

network data and yields better performance in the prediction model. 

• The system model implemented in this work should be considered for networks 

where a trade-off point is needed between slice isolation and dynamic resource 

allocation. This system model ensures slice isolation while allowing for dynamic slice 

resource allocation by enforcing a servicing window during which slice resources 

cannot be degraded but at the end of which slice resource allocation is revisited and 

modified.  

 

6.3. Further Work 
The time and resources available for this work only permitted the current scope of this work 

but further work can be done to build upon the work done in this dissertation.  
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Further work can be done to develop an algorithm which implements a trade-off between 

the Utility Index algorithm which maximises profitability and the FIFO algorithm which 

presents a low probability of blocking. 

While it was found that predictions generally improved the performance of the admission 

control algorithms, improving the prediction accuracy is important to ensure that network 

resources are not wasted. More sophisticated predictive methods, such as machine learning 

methods as outlined in Chapter 2, section 2.2 can be used to fine-tune the forecasting process 

and improve prediction accuracy. 

Other aspects of mobile communication traffic such as mobility can be forecasted and 

factored into the admission control decision for an overall improvement in network 

performance.  
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Appendix I 
 

Description of relevant data fields used in this work from the dataset [48] 

Data field as named 

in dataset [48] 

Description of data field Application of data field in 

this work. 

flow_key Flow identifier Used to identify individual 

flows 

pktTotalCount Total number of packets in both 

directions 

Calculate the average packet 

size per flow 

octetTotalCount Total number of bytes 

exchanged in both directions 

focusing on IP payload only 

Calculate the average packet 

size per flow 

avg_ps Average packet size on the flow 

in both directions 

Used to estimate the 

bandwidth required by each 

flow 

flowStart Flow start time in seconds Used to batch the incoming 

flows into observation periods 

and determine the order in 

which flows should be fed into 

the simulation 

flowDuration Total flow duration in seconds Used to determine how long a 

flow should be held in the 

simulation 

category Category of the communication Used to determine the QCI of 

each flow 
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Appendix II 
A. Results from 3 training iterations. 

 

Base Parameters 

Adaptive 

Parameters (+24 

hours) 

Adaptive Parameters 

(+48 hours) 

alpha, α 0.377 0.302 0.350097984 

beta, β 4.991 × 10-9 0.005 0.005251386 

gamma, γ 3.691 × 10-8 1.509 × 10-7 6.85296E-09 

RMSE 42.68 41.08 40.85 

NRMSE 0.1718 0.1654 0.1644 

 

B. Simulation results from running the network data through the trained Holt Winters 

Exponential Smoothing Prediction Model trained in the 3rd iteration. 

Observation Period 49 50 51 52 53 54 

Actual Bandwidth Requested (b.u.) 88.62 47.55 30.53 48.44 54.76 48.35 

Forecasted Bandwidth Requested 

(b.u.) 43.50 67.84 54.99 44.57 57.98 67.35 

       

Observation Period 55 56 57 58 59 60 

Actual Bandwidth Requested (b.u.) 21.04 50.53 45.46 42.75 55.66 29.79 

Forecasted Bandwidth Requested 

(b.u.) 62.13 80.18 85.03 85.92 78.36 89.72 

       

Observation Period 61 62 63 64 65 66 

Actual Bandwidth Requested (b.u.) 41.08 50.20 32.37 44.99 116.55 57.19 

Forecasted Bandwidth Requested 

(b.u.) 80.73 62.64 57.49 46.13 63.16 54.36 

       

Observation Period 67 68 69 70 71 72 

Actual Bandwidth Requested (b.u.) 85.31 131.7 142.87 168.06 79.92 117.3 

Forecasted Bandwidth Requested 

(b.u.) 85.59 78.24 65.11 69.97 84.59 69.27 
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Appendix III 
Simulation results from running 3 different Admission Control algorithms with and 

without the application of predictive analytics (traffic forecasting). 

The unit for capacity, threshold and forecasted incoming total bandwidth is bandwidth units, 

b.u. The unit for window (servicing window) is time units, t.u. 

A. Without Forecasting 

WITHOUT FORECASTING 

  DECISION MATRIX WITHOUT PREDICTION 

Observation 49 50 51 52 53 54 55 56 57 58 59 60 61 

Capacity 2 2 2 2 2 2 2 2 2 2 2 2 2 

Threshold 1.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4 

Window 10 10 10 10 10 10 10 10 10 10 10 10 10 

Requests 83 42 41 64 58 31 30 39 28 20 34 29 39 

Queued 48 20 22 45 36 9 13 15 11 5 13 15 23 

Rejected 30 15 6 7 16 12 10 16 11 5 15 11 7 

Q_Unprocess

ed 0 4 0 3 0 1 0 0 0 0 1 0 1 

PoB, 

Decision 

Matrix 0.36 0.45 0.15 0.16 0.28 0.42 0.33 0.41 0.39 0.25 0.47 0.38 0.21 

Syst 

Utilisation, 

Decision 

Matrix 
53.82

% 

81.52

% 

3.99

% 

84.40

% 

56.00

% 

27.71

% 

15.25

% 

59.06

% 

76.05

% 

1.79

% 

80.49

% 

68.55

% 

40.55

% 

Profit, 

Decision 

Matrix 10.76 45.26 0.80 60.33 15.45 7.97 3.05 21.98 24.91 0.36 37.31 39.80 14.06 

                            

  FIFO, QUEUE WITHOUT PREDICTION 

Observation 49 50 51 52 53 54 55 56 57 58 59 60 61 

Capacity 2 2 2 2 2 2 2 2 2 2 2 2 2 

Threshold N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A 

Window 10 10 10 10 10 10 10 10 10 10 10 10 10 

Requests 83 42 41 64 58 31 30 39 28 20 34 29 39 

Queued 77 38 35 56 52 22 20 33 24 12 26 24 37 

Rejected 0 0 0 0 0 0 0 0 0 0 0 0 0 

Q_Unprocess

ed 21 17 1 7 12 11 5 13 11 4 12 9 6 

PoB, FIFO 

with Queue 0.25 0.40 0.02 0.11 0.21 0.35 0.17 0.33 0.39 0.20 0.35 0.31 0.15 

Syst 

Utilisation, 

FIFO with 

Queue 

77.09

% 

81.42

% 

4.99

% 

79.40

% 

78.09

% 

83.48

% 

79.87

% 

69.22

% 

76.24

% 

2.22

% 

79.18

% 

67.85

% 

40.37

% 
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Profit, FIFO 

with Queue 52.25 45.35 1.00 60.64 19.51 26.40 52.66 25.36 24.91 0.44 37.63 39.81 14.19 

  

                            

  UTILITY INDEX WITH PREDICTION 

Observation 49 50 51 52 53 54 55 56 57 58 59 60 61 

Capacity 2 2 2 2 2 2 2 2 2 2 2 2 2 

Threshold 1.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4 

Window 10 10 10 10 10 10 10 10 10 10 10 10 10 

Requests 83 42 41 64 58 31 30 39 28 20 34 29 39 

Queued 79 37 38 59 53 26 25 36 24 13 28 25 30 

Rejected 0 0 0 0 0 0 0 0 0 0 0 0 0 

Q_Unprocess

ed 56 20 1 25 19 12 8 17 10 4 15 16 8 

PoB, Utility 

Index 0.67 0.48 0.02 0.39 0.33 0.39 0.27 0.44 0.36 0.20 0.44 0.55 0.21 

Syst 

Utilisation, 

Utility Index 

86.50

% 

78.69

% 

4.99

% 

86.20

% 

77.43

% 

78.26

% 

67.33

% 

90.36

% 

83.76

% 

2.22

% 

81.08

% 

86.37

% 

40.86

% 

Profit, Utility 

Index 50.18 65.42 1.00 60.31 45.64 25.76 43.29 25.35 27.53 0.44 37.60 38.70 14.06 

 

WITHOUT FORECASTING 

    DECISION MATRIX WITHOUT PREDICTION 

Observation 62 63 64 65 66 67 68 69 70 71 72 

Capacity 2 2 2 2 2 2 2 2 2 2 2 

Threshold 1.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4 

Window 10 10 10 10 10 10 10 10 10 10 10 

Requests 37 33 34 89 90 51 50 60 56 38 51 

Queued 17 18 17 56 61 26 25 30 19 21 17 

Rejected 13 12 9 27 23 17 21 27 27 13 28 

Q_Unprocessed 8 0 0 42 0 0 14 1 7 5 0 

PoB, Decision 

Matrix 0.57 0.36 0.26 0.78 0.26 0.33 0.70 0.47 0.61 0.47 0.55 

Syst Utilisation, 

Decision 

Matrix 94.48% 35.74% 50.36% 93.07% 63.18% 76.26% 98.00% 76.11% 92.13% 90.62% 40.50% 

Profit, Decision 

Matrix 71.06 19.58 15.93 116.17 18.45 20.40 40.55 30.07 34.16 28.85 14.06 

                        

    FIFO, QUEUE WITHOUT PREDICTION 

Observation 62 63 64 65 66 67 68 69 70 71 72 

Capacity 2 2 2 2 2 2 2 2 2 2 2 

Threshold N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A 

Window 10 10 10 10 10 10 10 10 10 10 10 

Requests 37 33 34 89 90 51 50 60 56 38 51 

Queued 31 30 25 85 84 45 49 58 51 33 46 
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Rejected 0 0 0 0 0 0 0 0 0 0 0 

Q_Unprocessed 17 11 9 60 21 14 42 28 31 18 35 

PoB, FIFO with 

Queue 0.46 0.33 0.26 0.67 0.23 0.27 0.84 0.47 0.55 0.47 0.69 

Syst Utilisation, 

FIFO with 

Queue 93.20% 72.50% 51.02% 89.08% 77.90% 82.01% 95.48% 89.24% 93.92% 90.92% 85.72% 

Profit, FIFO 

with Queue 61.98 49.32 15.93 59.45 30.01 35.15 23.57 34.91 34.18 28.85 27.54 

                        

    UTILITY INDEX WITH PREDICTION 

Observation 62 63 64 65 66 67 68 69 70 71 72 

Capacity 2 2 2 2 2 2 2 2 2 2 2 

Threshold 1.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4 

Window 10 10 10 10 10 10 10 10 10 10 10 

Requests 37 33 34 89 90 51 50 60 56 38 51 

Queued 33 29 29 84 87 47 45 57 51 34 47 

Rejected 0 0 0 0 0 0 0 0 0 0 0 

Q_Unprocessed 31 13 9 66 53 37 39 33 34 18 37 

PoB, Utility 

Index 0.84 0.39 0.26 0.74 0.59 0.73 0.78 0.55 0.61 0.47 0.73 

Syst Utilisation, 

Utility Index 94.92% 74.73% 60.46% 84.02% 88.45% 85.80% 90.03% 81.73% 95.00% 90.73% 92.96% 

Profit, Utility 

Index 53.03 49.31 18.86 105.09 62.43 24.71 43.91 53.76 34.16 28.91 34.60 

 

B. With Forecasting 

WITH FORECASTING 

  DECISION MATRIX WITH PREDICTION 

Observation 49 50 51 52 53 54 55 56 57 58 59 60 61 

Forecasted 

Total 

Incoming 

Bandwidth 43.50 67.84 

54.9

9 44.57 57.98 67.35 62.13 80.18 85.03 

85.9

2 78.36 89.72 80.73 

Capacity 2.35 3.66 2.97 2.41 3.13 3.64 3.35 4.33 4.59 4.64 4.23 4.84 4.36 

Threshold 1.64 2.56 2.08 1.68 2.19 2.55 2.35 3.03 3.21 3.25 2.96 3.39 3.05 

Window 10 10 10 10 10 10 10 10 10 10 10 10 10 

Requests 83 42 41 64 58 31 30 39 28 20 34 29 39 

Queued 52 20 29 43 40 9 17 21 13 5 18 14 22 

Rejected 26 13 4 6 11 10 5 12 5 4 7 2 6 

Q_Unprocess

ed 0 0 0 0 0 1 0 0 1 0 1 0 0 

PoB, 

Decision 

Matrix 0.31 0.31 0.10 0.09 0.19 0.35 0.17 0.31 0.21 0.20 0.24 0.07 0.15 
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Syst 

Utilisation, 

Decision 

Matrix 

47.29

% 

80.33

% 

2.45

% 

70.38

% 

79.47

% 

46.78

% 

66.35

% 

45.82

% 

83.55

% 

0.96

% 

63.07

% 

53.41

% 

18.88

% 

Profit, 

Decision 

Matrix 11.11 84.85 0.73 60.63 54.70 26.40 53.05 26.20 

104.5

3 0.44 54.31 60.45 14.19 

                            

  FIFO, QUEUE WITH PREDICTION 

Observation 49 50 51 52 53 54 55 56 57 58 59 60 61 

Forecasted 

Total 

Incoming 

Bandwidth 43.50 67.84 

54.9

9 44.57 57.98 67.35 62.13 80.18 85.03 

85.9

2 78.36 89.72 80.73 

Capacity 2.35 3.66 2.97 2.41 3.13 3.64 3.35 4.33 4.59 4.64 4.23 4.84 4.36 

Threshold N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A 

Window 10 10 10 10 10 10 10 10 10 10 10 10 10 

Requests 83 42 41 64 58 31 30 39 28 20 34 29 39 

Queued 77 33 32 56 50 25 20 30 18 8 24 23 29 

Rejected 0 0 0 0 0 0 0 0 0 0 0 0 0 

Q_Unprocess

ed 20 14 1 5 9 5 2 11 5 4 8 2 3 

PoB, FIFO 

with Queue 0.24 0.33 0.02 0.08 0.16 0.16 0.07 0.28 0.18 0.20 0.24 0.07 0.08 

Syst 

Utilisation, 

FIFO with 

Queue 

86.31

% 

92.04

% 

3.36

% 

70.61

% 

79.08

% 

80.89

% 

66.76

% 

75.47

% 

85.63

% 

0.96

% 

63.44

% 

53.27

% 

54.56

% 

Profit, FIFO 

with Queue 52.28 

104.6

7 1.00 60.64 54.72 56.93 53.21 

107.9

2 

108.2

5 0.44 54.31 60.45 29.73 

                            

  UTILITY INDEX WITH PREDICTION 

Observation 49 50 51 52 53 54 55 56 57 58 59 60 61 

Forecasted 

Total 

Incoming 

Bandwidth 43.50 67.84 

54.9

9 44.57 57.98 67.35 62.13 80.18 85.03 

85.9

2 78.36 89.72 80.73 

Capacity 2.35 3.66 2.97 2.41 3.13 3.64 3.35 4.33 4.59 4.64 4.23 4.84 4.36 

Threshold 1.64 2.56 2.08 1.68 2.19 2.55 2.35 3.03 3.21 3.25 2.96 3.39 3.05 

Window 10 10 10 10 10 10 10 10 10 10 10 10 10 

Requests 83 42 41 64 58 31 30 39 28 20 34 29 39 

Queued 78 37 36 59 55 25 26 33 21 12 29 21 34 

Rejected 0 0 0 0 0 0 0 0 0 0 0 0 0 

Q_Unprocess

ed 21 17 1 6 19 11 2 12 10 4 10 3 3 

PoB, Utility 

Index 0.25 0.40 0.02 0.09 0.33 0.35 0.07 0.31 0.36 0.20 0.29 0.10 0.08 
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Syst 

Utilisation, 

Utility Index 

85.72

% 

92.30

% 

3.36

% 

72.55

% 

94.70

% 

85.00

% 

69.75

% 

82.11

% 

84.92

% 

0.96

% 

86.34

% 

53.90

% 

54.74

% 

Profit, Utility 

Index 52.26 

113.1

5 1.00 60.63 

128.1

5 48.71 53.21 

107.0

8 

104.4

9 0.44 

108.8

4 60.35 29.73 

 

WITH FORECASTING 

    DECISION MATRIX WITH PREDICTION 

Observation 62 63 64 65 66 67 68 69 70 71 72 

Forecasted 

Total Incoming 

Bandwidth 62.64 57.49 46.13 63.16 54.36 85.59 78.24 65.11 69.97 84.59 69.27 

Capacity 3.38 3.10 2.49 3.41 2.94 4.62 4.23 3.52 3.78 4.57 3.74 

Threshold 2.37 2.17 1.74 2.39 2.05 3.24 2.96 2.46 2.64 3.20 2.62 

Window 10 10 10 10 10 10 10 10 10 10 10 

Requests 37 33 34 89 90 51 50 60 56 38 51 

Queued 18 22 16 64 69 35 31 39 23 16 24 

Rejected 10 8 9 23 12 11 13 19 22 11 21 

Q_Unprocessed 1 0 0 17 6 0 9 0 0 0 2 

PoB, Decision 

Matrix 0.30 0.24 0.26 0.45 0.20 0.22 0.44 0.32 0.39 0.29 0.45 

Syst Utilisation, 

Decision 

Matrix 85.62% 72.56% 40.90% 91.23% 83.46% 91.39% 96.45% 88.25% 53.30% 40.03% 85.50% 

Profit, Decision 

Matrix 79.72 66.27 15.93 148.43 43.28 87.67 90.55 55.47 34.45 28.91 61.81 

                        

    FIFO, QUEUE WITH PREDICTION 

Observation 62 63 64 65 66 67 68 69 70 71 72 

Forecasted 

Total Incoming 

Bandwidth 62.64 57.49 46.13 63.16 54.36 85.59 78.24 65.11 69.97 84.59 69.27 

Capacity 3.38 3.10 2.49 3.41 2.94 4.62 4.23 3.52 3.78 4.57 3.74 

Threshold N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A 

Window 10 10 10 10 10 10 10 10 10 10 10 

Requests 37 33 34 89 90 51 60 60 56 38 51 

Queued 32 28 26 81 83 44 57 57 47 27 46 

Rejected 0 0 0 0 0 0 0 0 0 0 0 
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Q_Unprocessed 19 10 7 39 19 11 23 22 19 7 22 

PoB, FIFO with 

Queue 0.51 0.30 0.21 0.44 0.21 0.22 0.38 0.37 0.34 0.18 0.43 

Syst Utilisation, 

FIFO with 

Queue 95.00% 83.03% 79.73% 83.95% 85.69% 96.23% 96.44% 90.51% 90.41% 90.86% 88.77% 

Profit, FIFO 

with Queue 73.93 68.37 33.98 77.37 36.32 81.82 79.11 47.64 48.68 65.89 65.48 

                        

    UTILITY INDEX WITH PREDICTION 

Observation 62 63 64 65 66 67 68 69 70 71 72 

Forecasted 

Total Incoming 

Bandwidth 62.64 57.49 46.13 63.16 54.36 85.59 78.24 65.11 69.97 84.59 69.27 

Capacity 3.38 3.10 2.49 3.41 2.94 4.62 4.23 3.52 3.78 4.57 3.74 

Threshold 2.37 2.17 1.74 2.39 2.05 3.24 2.96 2.46 2.64 3.20 2.62 

Window 10 10 10 10 10 10 10 10 10 10 10 

Requests 37 33 34 89 90 51 50 60 56 38 51 

Queued 33 29 27 83 85 47 42 56 50 31 46 

Rejected 0 0 0 0 0 0 0 0 0 0 0 

Q_Unprocessed 33 12 8 67 38 37 21 47 35 9 28 

PoB, Utility 

Index 0.89 0.36 0.24 0.75 0.42 0.73 0.42 0.78 0.63 0.24 0.55 

Syst Utilisation, 

Utility Index 99.23% 91.26% 80.86% 93.41% 89.98% 97.43% 87.26% 95.29% 92.55% 90.70% 81.43% 

Profit, Utility 

Index 76.41 71.20 33.95 138.84 71.24 133.67 78.48 95.60 73.97 65.72 39.60 

 

Q_Unprocessed is the number of unprocessed called in a queue. 

Syst Util is the system utilisation. 




