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ABSTRACT 

The continuously growing use of Internet and the optimization of the services, in terms 

of offering more capabilities to the users, result in the increased need for 

spectrum/bandwidth, a rather limited resource, and processing capabilities in core and 

access networks. To this end, Cognitive Radio Systems (CRSs) have been proposed for 

enhancing the resource allocation and utilization, and thus bridge this gap while 

preserving, if not enhancing, the Quality of Services (QoS) and the Quality of Experience 

(QoE).  

Moreover, the availability of large amounts of unstructured data, which come from 

various sources, is seen as highly promising for deriving high level information and new 

insights for the business world while easier access to them through the Web facilitates 

the research towards this direction. However, the velocity of them being changed 

requires exceptional technology to efficiently process large quantities of data within 

tolerable timeframes. Data characterized by high volume, variety and velocity are 

commonly known as Big Data. These data need to be efficiently managed, handled and 

exploited by the Network Operators (NOs) and/or Service Providers (SPs) but human 

resources are not sufficient.   

Knowledge building mechanisms are often proposed for addressing both of the above 

challenges. In particular, cognitive network management can offer solutions to the 

challenges posed by future networks but this requires the incorporation of knowledge 

that is dynamically built from its own mechanisms. Dynamically built knowledge exploits 

context information and allows quicker and more complex data analysis so as to better 

comply with the volume, the velocity and the variety of the produced Big Data. In order 

to build knowledge that enhances the decisions of the network, the network monitors its 

current state and senses information with respect to the context it functions, it collects 

information regarding the results of its decisions – whether the state in which it evolved 

allows it to have better or worse performance – and is dynamically trained to select the 

state with the highest performance when in similar context. During the decision making 

process, rules and policies of the NO and/or the SP are combined with the knowledge 

built from the past experience of the network so as to be respected. 
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To this end, this dissertation studies, designs, proposes and evaluates knowledge 

building mechanisms that can exploit (Big) data and enhance the decision making 

processes of a CRS. 

 

Keywords: CRS, knowledge building, machine learning, Big Data, unsupervised learning 
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ΠΔΡΙΛΗΦΗ 

Ζ ζπλερψο απμαλφκελε ρξήζε ηνπ Γηαδηθηχνπ θαη ε βειηηζηνπνίεζε ησλ ππεξεζηψλ, ππφ 

ηελ έλλνηα ηεο πξνζθνξάο  πεξηζζφηεξσλ δπλαηνηήησλ ζηνπο ρξήζηεο, έρεη ψο 

απνηέιεζκα ηελ απμαλφκελε αλάγθε ξαδηνζπρλφηεησλ, κίαο πεξηνξηζκέλεο θπζηθήο 

πεγήο, θαη ησλ επεμεξγαζηηθψλ δπλαηνηήησλ ησλ δηθηχσλ. Ρα ζπζηήκαηα γλσζηαθήο 

δηαρείξηζεο έρνπλ ηελ ηθαλφηεηα λα βειηηψλνπλ ηελ θαηαλνκή θαη ηελ ρξεζηκνπνίεζε 

ησλ πφξσλ ελψ παξάιιεια δηαηεξνχλ, αλ φρη βειηηψλνπλ, ηελ πνηφηεηα ησλ ππεξεζηψλ 

(QoS) θαη ηελ πνηφηηθα ηεο εκπεηξίαο ησλ ρξεζηψλ.  

Ξαξάιιεια, ε κεγάιε δηαζεζηκφηεηα ηεο αδφκεηεο πιεξνθνξίαο απφ δηαθνξεηηθέο 

πεγέο παξέρεη ηελ δπλαηφηεηα ηεο δεκηνπξγίαο γλσζεο αιιά ε κεγάιε ηαρχηεηα κε ηελ 

νπνία ε πιεξνθνξία απηή αιιάδεη απαηηεί ηέηνηα ηερλνινγία πνπ λα κπνξεί λα 

επεμεξγάδεηαη κεγάιν φγθν δεδνκέλσλ ζε κηθξά ρξνληθά δηαζηήκαηα. Ρα δεδνκέλα πνπ 

ραξαθηεξίδνληηα απφ κεγάιν φγθν, πνηθηινκνξθία θαη ηαρχηεηα είλαη γλσζηά σο Big 

Data.  

Νη κεραληζκνί δεκηνπξγίαο γλψζεο αλαθέξνληαη ζπρλά ψο ε δηέμνδνο θαη ζηηο 2 

παξαπάλσ πξνθιήζεηο ησλ κειινληηθψλ δηθηχσλ. Ππγθεθξηκέλα, νη κεραληζκνί 

δεκηνπξγίαο γλψζεο παξάγνπλ δπλακηθά ηελ γλψζε πνπ πεξηιακβάλεη ηελ πξφηεξε 

εκπεηξία ηνπ δηθηχνπ θαη κπνξεί λα θαζνδεγήζεη ηηο απνθάζεηο ηνπ δηθηχνπ. 

Ππγθεθξηκέλα, παξαθνινπζνχλ ηελ θαηάζηαζε ηνπ δηθηχνπ, ζπιιέγνπλ πιεξνθνξίεο 

απφ ην πεξηβαιινλ ηνπο θαη ζρεηηθά κε ηελ απφδνζε ησλ απνθάζεψλ ηνπο θαη 

εθπαηδεχνληαη δπλακηθά ψζηε λα επηιέγνπλ ηελ θαηαιιειφηεξε ησλ απνθάζεσλ 

δεδνκέλεο ηεο θαηάζηαζεο ηνπ δηθηχνπ.Θαηά ηελ δηαδηθαζία ιήςεο απνθάζεσλ γηα ην 

δίθηπν, νη θαλφλεο θαη ε πνιηηηθή δηαρείξηζεο ηνπ δηθηχνπ ζπλππνινγίδνληαη.  

Ξξνο απηήλ ηελ θαηεχζπλζε, ε ελ ιφγσ δηαηξηβή κειεηά, ζρεδηάδεη, πξνηείλεη θαη 

αμηνινγεί κεραληζκνχο δεκηνπξγίαο γλψζεο πνπ κπνξνχλ λα αμηνπνηήζνπλ δεδνκέλα 

κεγάιεο θιίκαθαο θαη λα βειηηψζεη ηηο δηαδηθαζίεο ιήςεο απνθάζεσλ ησλ ζπζηεκάησλ 

γλσζηαθήο δηαρείξηζεο.  

Ιέμεηο – θιεηδηά: ζπζηήκαηα γλσζηαθήο δηαρείξηζεο, δεκηνπξγία γλσζεο, κεραληθή 

κάζεζε, δεδνκέλα κεγάιεο θιίκαθαο, κε-θαζνδεγνχκελεο ηερληθέο κάζεζεο 
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ΠΡΟΛΟΓΟ 

Ζ νινθιήξσζε απηήο ηεο δηδαθηνξηθήο δηαηξηβήο ήηαλ κηα καθξά θαη δχζθνιε δηαδηθαζία, 

ε νπνία απαηηνχζε ζπρλά ηφζν πξνζπάζεηα φζν θαη απφιπηε αθνζίσζε. Ξαξά ηηο 

δνθηκαζίεο θαη ηηο δπζθνιίεο θαηάθεξα λα απνθηήζσ πνιχηηκεο γλψζεηο ζηνλ ηνκέα ησλ 

ηειεπηθνηλσληαθψλ δηθηχσλ θαη ππεξεζηψλ, θαζψο κνπ δφζεθε ε επθαηξία λα 

ζπκκεηάζρσ ζε πνιιά ζεκαληηθά εξεπλεηηθά πξνγξάκκαηα θαη λα κειεηήζσ ζπνπδαία 

άξζξα ζε απηφλ ηνλ ηνκέα. Ρίπνηα φκσο απφ ηα παξαπάλσ δε ζα είρε επηηεπρζεί ρσξίο 

ηελ έκπξαθηε ππνζηήξημε πνιιψλ αλζξψπσλ ησλ νπνίσλ ε ζπκβνιή ζηελ έξεπλα κνπ, 

κε δηάθνξνπο ηξφπνπο, ήηαλ ζεκαληηθή θαη αμίδνπλ εηδηθήο κλείαο. 

Ξξψηα απ 'φια, ζα ήζεια λα εθθξάζσ ηελ επγλσκνζχλε κνπ ζηνλ επηβιέπνληα κνπ, 

Θαζεγ. Ξαλαγηψηε Γεκέζηηρα, ηνπ νπνίνπ ε αθνζίσζε ηνπ ζηε παξνχζα δηαηξηβή θαη ην 

εξεπλεηηθφ κνπ έξγν, θαζψο θαη ε αθαδεκατθή ηνπ εκπεηξία ήηαλ πνιχηηκε γηα κέλα θαηά 

ηε δηάξθεηα ηεο πινπνίεζεο απηήο ηεο πξνζπάζεηαο. Ρίπνηα δε ζα ήηαλ δπλαηφ ρσξίο 

ηελ παξνπζία ηνπ. Θα ήζεια λα επραξηζηήζσ ηνπο ζπλεπηβιέπνληεο, Θαζεγ. Αζαλάζην 

Θαλάηα θαη Αλ. Θαζεγ. Άγγειν Ονχζθα, νη νπνίνη κε ζηήξημαλ θαη κε ζπκβνχιεςαλ ζε 

θάζε ζηάδην απηήο ηεο δηαηξηβήο. Δπηπιένλ, ζα ήζεια λα επραξηζηήζσ ηα κέιε ηεο 

εμεηαζηηθήο επηηξνπήο Θαζεγ. Γεψξγην Βνχξν, Θαζεγ. Κηραήι Θενιφγνπ, Θαζεγ. 

Κηιηηάδε Αλαγλψζηνπ θαη Θαζεγ. Ππκεψλ Ξαπαβαζηιείνπ. 

Δίκαη επίζεο επγλψκσλ γηα ηελ ππνζηήξημή ηνπο θαη ζα ήζεια λα επραξηζηήζσ ηνπο Γξ. 

Θψζηα Ρζαγθάξε, Δπίθ. Θαζεγ. Βέξα Πηαπξνπιάθε θαη Γξ. Ξαλαγηψηε Βιαρέα, θαζψο 

θαη ηνπο Γξ. Γηνχιε Θξεηηθνχ, Γξ. Κάξην Ινγνζέηε, Γξ. Βαζίιεην Φσηεηλφ, Γξ. Αλδξέα 

Γεσξγαθφπνπιν, Γεκήηξε Θειαηδψλε, Γηψξγν Ξνχιην, Ξέηξν Κνξάθν, Αληψλε 

Κνπζηάθν, Αξηζηνηέιε Κάξγαξε, Ησάλλε Πηελφ θαη Θσλζηαληίλν Ξέηζα γηα ηηο 

ελδηαθέξνπζεο ζπδεηήζεηο πνπ είρακε φιν απηφ ην δηάζηεκα. 

Φπζηθά, είλαη πεξηηηφ λα αλαθέξσ φηη φιε απηή ε πξνζπάζεηα θαη αθαδεκατθή πνξεία ζα 

ήηαλ αδχλαην λα νινθιεξσζεί ρσξίο ηε ζηήξημε ηεο νηθνγέλεηάο κνπ. Δίκαη γηα πάληα 

επγλψκσλ γηα ηελ ακέξηζηε ππνζηήξημή ηνπο θαη ηελ θαηαλφεζε φια απηά ηα ρξφληα. 

    Κε εθηίκεζε, 

Αηκηιία Α. Κπαληνχλα 
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1 INTRODUCTION 

 

1.1 Research Area - Motivation 

Rapid evolution of wireless communications has led to new wireless technologies, each 

one demanding its own piece of electromagnetic radio spectrum. However, this source is 

naturally limited. Moreover, despite the large recent research initiatives that target a 

more flexible and automated resource management, current static spectrum assignment 

often leads to its underutilization while current resource management is rather manual 

and quite static. In particular, resources are planned based on the worst case scenario, 

i.e., the most demanding scenario. Furthermore, the users‟ mobility increases. Overall, 

the continuously changing environment often results in calling for reconfigurations at 

various time scales. Thus, the dynamicity that the network should handle increases as 

well. 

Accordingly, the deployment of technologies which have the ability to explore and use 

the underutilized bands of frequency and the challenges of future networks is a sine qua 

non. Research performed in this field during the last decade has proposed both 

centralized and distributed dynamic spectrum assignment techniques. CRSs [1][2] can 

further enhance such techniques by adding past experience and knowledge to be taken 

into account during spectrum assignment.  

CRSs are capable of intelligently adapting to the highly varying and disparate modern 

environments [1][2]. In particular, they have the ability to adjust their operation 

according to the external, environmental stimuli, the demands of the users/applications 

and their past experience. Based on this ability, future cognitive radio systems will be 

able to change their parameters (carrier frequency, radio access technology, transmit 

power, modulation type etc), observe the results and decide which is the best 

combination of those parameters in order to get into a better operational state. The 

above is an iterative process, well known as “cognition cycle”. A typical cognitive cycle 

consists of three cooperative phases [2][3]. During, the first phase, known as “radio 
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scene analysis”, the system collects measurements from its environment (e.g. conditions 

related to interference) and explores different configurations. In the second phase, 

“channel estimation and predictive modelling”, the output of the first phase is used for 

discovering the capabilities of each candidate configuration, wherein past experience of 

the system may also be used. Finally, in the last phase, known as “configuration 

selection”, the system decides for the best configuration and accordingly adjusts its 

operation parameters. 

However, the cognition cycle is often proved to comprise very arduous and time-

consuming processes especially due to the large number of configurations which need to 

be investigated. In these terms, machine learning techniques are expected to be 

beneficial for speeding up the whole process.  

Moreover, according to [4], unstructured data increase more than 50 percent every year 

due to both numerous available applications and user devices. In particular, the 

pervasiveness of the network technologies in everyday life through e.g., social 

networking, public information, Rich Site Summary (RSS, also known as Real Simple 

Syndication) feeds, and other applications for informative purposes, payments, 

communication, social media, Internet of Things (IoT), etc., and the advanced 

capabilities of terminals/users‟ devices create a vast amount of diverse data and result in 

the exponential increase of available digital data. Furthermore, the large number of 

disparateries, in software and hardware, user devices (such as laptops, notebooks, 

mobiles and others) further increase the volume, the variety, and the velocity of the 

available digital data making their management difficult with on-hand database 

management tools.  

These data have been referred to as “Big Data”, and despite their difficulty being 

managed, they have been conceptualized to offer valuable insight on application 

provisions and network technology aspects when they get analyzed and properly 

processed. The heavy data analysis that is required for retrieving these insights suggests 

that new architectures and mechanisms are needed for (a) handling the volume of data 

that will be stored, (b) aggregating, (c) exploiting, and (d) building knowledge on them. 

In telecommunication networks, the term “knowledge”, refers to information useful for 

the operators and the network, which cannot be directly monitored. Following the 
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“knowledge” definition of the European Committee for Standardizations [5] and 

specifically, the “Official Guide to Good Practice in Knowledge Management”, 

“knowledge is the combination of data/information with the opinions/skills/experience of 

experts, which can be humans or computational systems and results in a valuable asset 

that can be used to aid decision making”. 

To this end, autonomic processes and techniques that allow the management, the 

analysis and the exploitation of Big – in terms of volume, velocity and variety – data for 

supporting cognitive network management decisions through e.g., alarms regarding the 

future states of the network are required.  

CRSs are able of exploiting the past experience of the network and make decisions that 

optimize its functions and capabilities. Optimization and machine learning techniques are 

used towards this direction. In particular, machine learning techniques are used for 

developing mechanisms that process raw data collected through sensing so as to 

produce elaborated data and alarms and build knowledge with respect to the past 

experience of the network (knowledge building mechanisms). NOs and/or autonomic 

decision making mechanisms can then exploit this information in order to better (in 

terms of speed and efficiency) manage network through either reactive or proactive 

diagnosis of upcoming – potentially undesired – network states.  

1.2 Dissertation’s Contribution 

This dissertation deals with the “Knowledge Generation from telecommunication Big 

Data for enabling Cognitive Infrastructure Management”. Therefore, it involves the study 

of  

 the framework where knowledge building mechanisms can be hosted;  

 the data, both sensed by the network and human-oriented, that can add value to 

the generation of the knowledge and for enhanced and past-experienced-based 

decisions;  

 machine learning techniques that can support the development of knowledge 

building mechanisms;  

 the design of the knowledge building mechanisms per se (using mainly 

unsupervised machine learning techniques); and  
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the experimental validation of the knowledge building mechanisms with the 

respective performance results.  

1.3 Dissertation Structure 

The dissertation is structured in chapters, each of which provides a detailed description 

on the research activities performed with regards to the topics noted in Section 1.2. A 

brief description of them follows in the next paragraphs. 

Chapter 2 This thesis, deals with the development of knowledge building 

mechanisms so as to enhance the cognitive processes of future networks. The objective 

is to provide realistic and deployable solutions, thus both the framework that hosts the 

mechanisms and the data upon which the mechanisms will be built need to be defined. 

Chapter 2 describes the placeholder of these mechanisms within the Generic Autonomic 

Network Architecture (GANA), as described from the European Telecommunications 

Standards Institute (ETSI) for Autonomic network engineering for the self-managing 

Future Internet (AFI), and the data that can be sensed by the network and be recorded 

in current and future Management Information Bases (MIBs) of Evolved Universal 

Terrestrial Radio Access Network (E-UTRAN) nodes, as defined in Third Generation 

Partnership Project (3GPP) specification documents. 

Research on the proposed solution, as it is described in this chapter, resulted in the 

following publication: 

 A. Bantouna, K. Tsagkaris, P. Demestichas, “Knowledge Functional Block for E-

UTRAN”, Accepted to  5th IEEE International Workshop on Management of 

Emerging Networks and Services (IEEE MENS 2013), Atlanta , GA USA, Dec. 2013 

 

Chapter 3 This chapter presents the categorization of the offered machine learning 

techniques, according to the training method that is used in order to extract knowledge 

out of raw data, and provides the mathematical background for four of them (one 

example per category).  

Research on the proposed solution, as it is described in this chapter, resulted in the 

following publication:   
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 A. Bantouna, K. Tsagkaris, V. Stavroulaki, P. Demestichas, G. Poulios, “Machine 

Learning applied to Cognitive Communications”, Cognitive Communications: 

Distributed Artificial Intelligence (DAI), Regulatory Policy & Economics, 

Implementation. H. Zhang and D. Grace, J. Wiley and Sons, Ltd, Chichester, UK, 

Print ISBN: 9781119951506 (Oct. 2012), Online ISBN: 9781118360316 (Jul. 

2012), chapter 6, doi: 10.1002/9781118360316.ch6 

 A. Bantouna (presenter), K. Tsagkaris, V. Stavroulaki, P. Demestichas, “Machine 

Learning Techniques for Autonomic/ Cognitive Networking”, in the context of the 

7th International Conference on Network and Service Management CNSM 2011, 

held on 24-28 October 2011, in Paris, France  

 

Chapter 4 This chapter aims at providing comparative studies of similar knowledge 

building mechanisms which are based on supervised and unsupervised machine learning 

techniques. In these studies, the advantages and the disadvantages of the developed 

mechanisms are analyzed while emphasis is also put on their complementarity. The 

developed mechanisms target at building knowledge and providing insights with respect 

to the capabilities of the network. 

The work described in this chapter is presented in the following publications: 

 K. Tsagkaris, A. Bantouna, P. Demestichas, “Self-Organizing Maps for Advanced 

Learning in Cognitive Radio Systems”, Computers & Electrical Engineering, 

Elsevier, Vol. 38, No. 4, p. 862–881, July 2012, 

http://dx.doi.org/10.1016/j.compeleceng.2012.03.008 

 A. Bantouna, V. Stavroulaki, Y. Kritikou, K. Tsagkaris, P. Demestichas, K. 

Moessner, “An overview of learning mechanisms for cognitive systems”, 

Published to EURASIP Special Issue on Ten Years of Cognitive Radio: State of 

the Art and Perspectives, EURASIP Journal on Wireless Communications and 

Networking 2012, 2012:22 doi:10.1186/1687-1499-2012-22, January 2012 
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Chapter 5 Chapter 5 mechanisms address the challenge of analysing data related to 

the traffic of either a core or an access wireless network. In particular, the first 

mechanism is building knowledge on the traffic of a core network and predicts how 

possible it is to run on a congested link. The data exploited in this mechanism are 

directly monitored by the network, i.e., refer to network parameters, and thus allow 

narrow timeslots for proactively overcoming a congested link. On the other hand, the 

second mechanism builds knowledge with respect to the traffic of the access network 

but takes into account human-oriented parameters (e.g., time, date, location, etc.) as 

well, allowing to also foresee more long-term situations and adjust the network 

parameters accordingly.  

Research in this field resulted in the following publications: 

 A. Bantouna, G. Poulios, K. Tsagkaris, P. Demestichas, “Network Load Predictions 

based on Big Data and the Utilization of Self-Organizing Maps”, JNSM Special 

Issue 2013 : Springer Journal of Network and Systems Management – Special 

Issue on “Data Mining for Monitoring and Managing Systems and Networks”, 

Sept. 2013, DOI: 10.1007/s10922-013-9285-1, Volume 22, Issue 2 (2014), Page 

150-173 

 A. Bantouna, K. Tsagkaris, V. Stavroulaki, G. Poulios, P. Demestichas, “Learning 

Techniques for Context Diagnosis and Prediction in Cognitive Communications”, 

Cognitive Communications: Distributed Artificial Intelligence (DAI), Regulatory 

Policy & Economics, Implementation. H. Zhang and D. Grace, J. Wiley and Sons, 

Ltd, Chichester, UK, Print ISBN: 9781119951506 (Oct. 2012), Online ISBN: 

9781118360316 (Jul. 2012), chapter 9, doi: 10 10.1002/9781118360316.ch9 

 M. Ghader, A. Bantouna, L. Bennacer, G. Calochira, B. Fuentes, G. Katsikas, Z. 

Yousaf, “On Accomplishing Context Awareness for autonomic network 

management”, accepted at Future Network and Mobile Summit 2012, 4 - 6 July 

2012, Berlin, Germany  

 A. Bantouna, G. Poulios, K. Tsagkaris, P. Demestichas, “Dynamic Management of 

Cognitive Radio Networks using Big Data”, 3rd ACROPOLIS Workshop and 

Industry Panel, London, Sept. 2013  
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Chapter 6 This chapter examines if and how a knowledge building mechanism can 

be applied on the transport layer and enhance existing mechanisms. In particular, the 

study presented here, proposes a knowledge building mechanism that could support the 

functionality of the TCP Vegas congestion avoidance mechanism and enhance its 

decisions with respect to the selected congestion window. The selection of a congestion 

window closer to the needs of the network can in turn minimize the instabilities caused 

to the network utilization when trying to avoid loss of information due to congestion.  

The outcome of this research, as it is described in this chapter, resulted in the following 

publication: 

 A. Bantouna, K. Tsagkaris, G. Poulios, A. Manzalini, P. Demestichas, “Knowledge 

in Support of Congestion Control Mechanisms”, poster, Future Network Mobile 

Summit (FuNeMS) 2012, 4 - 6 July 2012, Berlin, Germany  

 

Chapter 7 Last but not least, during this thesis, discussions related to the 

acceptability of the mechanisms and how humans can trust the network to make the 

right decisions also took place. To this end, chapter 7 proposes a mechanism based on 

reinforcement learning that is envisioned to measure the performance of autonomic 

loops and evaluate how trustworthy their proposed actions are.  

The outcome of this research, as it is described in this chapter, resulted in the following 

publication: 

 L. Ciavaglia,  S. Ghamri - Doudane, M. Smirnov, P. Demestichas, V. Stavroulaki, 

A. Bantouna, Unifying Management of Future Networks with Trust, Bell Labs 

Technical Journal (BLTJ), Special Issue On “Delivering Network Assurance 

through Secure and Reliable Products, Software, Services and Solutions”, Vol. 17, 

No. 3, p. 193-212, December 2012 
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Chapter 8 The last chapter discusses the main aspects introduced by this 

dissertation. Furthermore, on-going challenges are noted and finally the dissertation is 

concluded. 
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2 STRUCTURES AND MODELS OF KNOWLEDGE 

VISUALIZATION 

 

2.1 Chapter Outline 

Large availability of digital data, or else Big Data, offers to data scientists the chance of 

exploiting them and building knowledge on different aspects of everyday life related to 

e.g., people preferences and habits, transportation, health systems, telecommunications 

etc. This study targets to exploit this opportunity in the telecommunications era. 

Towards this direction, the chapter presents the architectural aspects, the role and the 

foundation of the functionalities of the knowledge functional block. Knowledge functional 

block comprises of knowledge building mechanisms that learn different aspects of future 

wireless networks in order to enhance their decisions and thus their functionality. These 

aspects may involve context, efficiency of the decisions, energy efficiency, trust and 

others. Data that can be directly monitored from an E-UTRAN are identified and 

modeled to guide the input that can be used for the knowledge building mechanisms of 

the block. The keywords for this chapter are: Big Data, Knowledge, E-UTRAN, MIBs. 

2.2 Introduction 

Technology intervention in humans‟ everyday life has much facilitated our daily routine 

and communications.  On the other hand, the generated data from Internet 

transactions, emails, videos, click streams, and/or all other digital sources available 

today and in the future are rapidly increasing in size and disparity. Technology 

enhancements that have made feasible all these application to be hosted in a large 

number and type of user devices, such as smart phones, laptops and other, and the 

increase of instruments and sensors for monitoring the automatic processes of the 

everyday life (i.e., sensors in e.g., our industrial equipment, automobiles, electrical 

meters and shipping crates) have also contributed to this. 

Data scientists used to analyze themselves the available data, identify the trend of the 

market, build Business Intelligence (BI) and propose the next actions of the business in 



PhD Dissertation   Aimilia A. Bantouna 

 

40 

which they are employed. However, current explosion of data availability makes their 

analysis from humans difficult. This large availability of digital data, in terms of volume, 

variety and velocity (in which they change), is commonly stated as Big Data. Their 

volume currently reaches the order of petabytes, exabytes, and zettabytes, they may 

refer to medical imaging, gene sequencing, video surveillance, social media, smart 

electrical grids, mobile phone sensors and others [1] and forces data analysts to exploit 

tools such as machine learning, data mining, data visualization, etc., in order to build 

knowledge on them [2]. Therefore, although Big Data raise concerns with respect to 

their storage, handling and managing, they also promise to offer insights, BI and 

business opportunities [2][3].  

On the other hand, networks complexity and dynamicity have increased to such an 

extent that the current policy-based reconfiguration with minor changes is not enough. 

Two ways out have been identified: a) to turn to manual tuning performed by the 

operators and b) to exploit autonomic network management. The first case turns out to 

be labor-intensive, expensive and intrinsically error-prone due to both the complexity of 

the networks and their dynamicity which requires often reconfigurations [4].  

The case of autonomicity, however, promises to dynamically tune the network based on 

operators‟ policies, i.e., targets and rules, providing the means to self-analyze the 

changes in the network without requiring human intensive efforts. The latter can further 

be translated to reduced Operational (OPEX) and Capital Expenditures (CAPEX) for the 

operators. For example, autonomically enforcing an energy-efficient solution where/ 

when circumstances allow it (e.g., reduced number of users to be served) certainly 

impacts OPEX. Accordingly, an autonomic network that is dynamically and online self-

configured based on the users‟ demand requires less often capital investments (e.g., to 

increase the number of its antennas) comparing to networks which are not dynamically 

reconfigured and their initial configuration usually reflects the worst case scenarios.  

Autonomic network management consists of the following functions usually referred to 

with the acronym MAPE [5]: 

 Monitor: for probing, aggregating, filtering and reporting the operating 

parameters of the managed entities; 
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 Analyze: for processing, building knowledge and modeling the operating 

environment; 

 Plan: for reasoning and deciding the next actions according to network policies; 

and  

 Execute: for taking actions and reconfiguring the network based on the plan 

designed in the previous function. 

This chapter focuses on the second function, i.e., the “Analyze” function which is very 

important for designing the next steps and actions of the network, especially in a highly 

dynamic environment as the one expected in future networks. More specifically, 

“Analyze” function receives data from the “Monitor” function and exploits them to build 

knowledge and model the operating environment. This knowledge is then provided as 

input to the “Plan” function so as the latter to reason and select among the available 

solutions the most appropriate. Eventually, the actions that comprise the plan are 

executed by the last function.  

Each of these functions plays an important role for the autonomic loops of a network 

management framework but the real autonomicity is interwoven with knowledge, i.e., 

the capability of the network to learn the patterns and the models of its environment 

which will then guide/ consult “Plan” function. In particular, knowledge is envisaged to 

enhance decision making in terms of speed, efficiency and context-awareness and thus, 

facilitate dynamic network reconfigurations. Big Data offer the opportunity and the 

necessary, multi-oriented information for building this required knowledge.  

The following sub-sections familiarize the reader with the exact problem that will be 

studied, describe where the knowledge functional block stands from an architectural 

point of view, analyses its envisaged functionalities and presents the data that can be 

monitored in an E-UTRAN and be used by the knowledge building mechanisms of the 

block. 

2.3 Problem statement 

The study focuses on “Analyze” function of MAPE and specifically on knowledge building 

processes. Towards this direction, it introduces the knowledge functional block and the 

mechanisms that comprise it. The mechanisms: 
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a) exploit the data that can be monitored in an Evolved Universal Terrestrial Radio 

Access Network (E-UTRAN),  

b) learn the way they are connected to each other,  

c) identify their pattern and build knowledge on various networking aspects.  

The built knowledge will then be available to the “Plan” function, i.e., the decision 

making mechanisms of the autonomic management framework, and will be provided to 

them when requested. 

2.4 Architectural Aspects 

From the architectural point of view, the functional block is compliant with GANA [6], i.e., 

the architectural reference model for autonomic networking, cognitive networking and 

self-management proposed by AFI ETSI. A simplified overview of some of the key 

aspects of GANA is depicted in Figure 2.1. GANA is based on four levels of Decision-

making-Elements (DEs) that instrument the network elements which collaboratively 

work together. In particular, the four levels of DEs (in descending order) are: a) the 

Network Level DEs, b) the Node Level DEs, c) the Function Level DEs and d) the 

Protocol Level DEs. Each DE manages one or more, lower level DEs through autonomic 

control loops that send them commands, objectives and policies, while they receive 

feedback from them in the form of monitored data or knowledge. Moreover, Node Level 

DEs (one per node) are responsible for orchestrating the Function Level DEs of the 

network elements while Network Level DEs perform the same task for the Node Level 

DEs. Network Level DEs, complemented by the Overlay Network for Information 

eXchange (ONIX), i.e., a distributed scalable system of information servers, and the 

Model-Based-Translation Service (MBTS), an intermediation layer between the 

Knowledge Plane and the Network Elements for the purpose of translating information 

and commands/responses, are also the Functional Blocks, i.e., the groups of protocols 

and mechanisms, of the Knowledge Plane.  
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Figure 2.1: Simplified overview of the Functional Blocks of GANA [6]. 

The management of the network by the operator and/or the network administrator is 

made through GANA profiles which comprise operators‟ policies, high-level objectives 

and some configuration-data. GANA profiles are eventually translated in the knowledge 

plane into instructions for the Node, Function and Protocol Level DEs. 

The proposed functional block is envisaged to be incorporated in the Knowledge Plane of 

the GANA architecture. It consists of different mechanisms which build knowledge on 

the past experience of the network and can thus facilitate the translation of the GANA 

profiles from the Network Level DEs into the commands issued to the lower level DEs for 

enforcement, complementing this way the operators‟ policies and high-level network 

objectives. Network operator will be able to monitor the provided (by the knowledge 

building mechanisms) knowledge at any time through the Graphical User Interface (GUI) 

of the functional block. 
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2.5 Functional Role 

The proposed knowledge block is a logical group of multiple/ different mechanisms that 

will build knowledge on different aspects of the network such as: 

 the possibility of a context c to be encountered, e.g., what will the load of the 

network be?,  

 user preferences/ habits, e.g., what is the mobility of the users? What is their 

preferred QoS for application a?, etc.  

 the efficiency of a decision d, e.g., how efficient was decision d in terms of 

energy consumption or spectrum allocation?  

 alternative decisions that can be used when context c is encountered 

 contradicting policies, etc. 

Each mechanism will reflect a different aspect/ problem and, through the knowledge 

block interfaces, will have access to databases which will include both network 

monitored data and more human-oriented ones, such as the user preferences or the 

date or even environmental data. Therefore, the output of the knowledge block is the 

knowledge/ response to these aspects while the inputs are all these data needed, 

depending on the targeted problem, for building the knowledge (see also section 2.6). 

Figure 2.2 depicts the GUI of the proposed functional block. Each button allows the user 

to select the knowledge mechanism he is interested in and reveals the GUI of the 

selected mechanism. In this GUI, the user is able to select the input parameters 

according to which the knowledge on the specific aspect will be built, the learning 

technique according to which this knowledge will be produced (when more than one 

learning techniques are offered) and algorithmic-specific parameters. 

Knowledge will be built using machine learning techniques depending on the knowledge 

and the data to be used. Those may be: 

a) supervised, such as Neural Networks (NNs) [7][8] and Bayesian statistics [8][9], 

i.e., techniques which use the desired outcome in order to guide the algorithm 

(during its training) what the output should be with respect to the input; 

b) reinforcement learning like Q-learning [10][11][12], i.e., techniques that “award” 

the system during their training when it comes up with the correct answer; or 
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c) unsupervised, e.g. Self-Organizing Maps [13][14], i.e., techniques which use 

neither the desired output nor an award during their training. On the contrary, 

they are able to identify the patterns of the data and exploit them in order to 

conclude the output. 

 

Figure 2.2: Graphical User Interface (GUI) of the Knowledge Functional Block. 

2.6 Foundation for the functionality 

The foundation of the functional block consists of the parameters that can be extracted 

by the infrastructure. Towards this direction, the study is initiated by the identification of 

data that are or will be offered by today and future MIBs of E-UTRAN nodes. In 

particular, 3GPP specification documents [15]-[21] were studied to identify the 

performance measurements of an E-UTRAN that are related to three specific issues: a) 

the load of the network, b) the mobility of the users and c) the user experience/ 

satisfaction. 

2.6.1 Load of the network 

For the network load, the identified measurements referred to eNodeBs (eNBs), Donor 

eNBs (DeNBs) and Relay Nodes (RNs), and more specifically to the setup, release, 

activity and number of their E-UTRAN Radio Access Bearers (E-RABs), to the bit-rate, 

the active User Equipments (UEs) and the throughput and to the Radio Resource 

Utilization (RRU).  



PhD Dissertation   Aimilia A. Bantouna 

 

46 

The most common way of monitoring the load of the network are the measurements 

related to the average and/ or maximum downlink/ uplink bit-rate (PdcpSduBitrateDl, 

PdcpSduBitrateUl, PdcpSduBitrateDlMax, PdcpSduBitrateUlMax) and the IP throughput 

(IPThpDl/ IPThpUl) over time. However, other measurements are offered as well 

depending on the purpose of use. Adding the number of the successfully established 

initial (EstabInitSuccNbr), additional (EstabAddSuccNbr) and for incoming handovers 

(EstabInHoSuccNbr) E-RABs - per Quality Channel Indicator (QCI) or not (sum suffix) - 

reveals the load of the network in terms of E-RABs. Combining the average 

(UsageNbrMean) and maximum (UsageNbrMax) number of simultaneous E-RABs - in 

total or per QCI - with time allows the network administrator to perceive the pattern of 

the load in terms of E-RABs over time. When it comes to services that use Random 

Access Channels (RACH), the mean number of received low range (group A) or high 

range (group B) RACH preambles per second can be exploited instead 

(RachPreambleAMean and RachPreambleBMean). Another, more user-centric, approach 

for estimating the load of the network is the average number of active UEs in the 

downlink (UEActiveDl) and/ or the uplink (UEActiveUl). These measurements can also be 

given either in groups of QCIs or in total. In case the network operator/ administrator 

monitors the load of the network so as to adjust the available Physical Resource Blocks 

(PRB) of the eNodeB (eNB), then the percentage of the used downlink and/ or uplink 

PRBs for traffic (PrbDl/ PrbUl) or for any reason (PrbTotDl/ PrbTotUl) are the most 

appropriate measurements. These measurements when offered for RNs are indicated as 

PrbDlRN, PrbUlRN, PrbTotDl and PrbTotUl, respectively, while they are all separated 

depending on the respective QCI. Similar measurements are also offered when the load 

is monitored in terms of the time that the resources are used, i.e., the maximum time 

an E-RAB needs to be setup in ms (EstabTimeMax), the in-session activity time for the 

UE (SessionTimeUE) or the E-RABs (SessionTimeQCI), the percentage of time when all 

dedicated RACH preambles are used (RachDedicatedPreamblesAssigned) and the 

percentage of time during which all available PRBs for traffic on the downlink and/ or 

the uplink have been assigned to UEs (PrbCongestionDl, PrbCongestionUl). Finally, the 

number of E-RABs requested by eNBs/ RNs to release due to high load (RelEnbNbr) and 

the peak processor usage (PeakProcessorUsage), given the fact that high load requires 

more processing from the system, indirectly imply the load of the network as well.  
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The above mentioned available measurements for an E-UTRAN are depicted (in 

compliance to their categorization by the 3GPP specification document [19]) in Figure 

2.3. 

 

Figure 2.3: Model of data that can be retrieved by an E-UTRAN MIB and be used to build 

knowledge on the network load 

2.6.2 Mobility of the users 

The mobility of the users is represented by the handovers of the connection of their UEs 

from cell to cell. In particular, as the user moves in the space and his distance from the 

node changes, his connection needs to be transferred in another cell. Exceptions such as 

the case where the user's connection to the network changes due to e.g., congestion of 

the cell need to be taken into account. Depending on the characteristics of the network 

and the operating parameters of the cells, the respective measurements may refer to 

intra- and/ or inter-RAT handovers, among the same or different eNBs/ RNs and 

frequencies. The measured handovers do not necessarily need to be successful since 

even the attempt for a handover is enough to showcase the need and thus the change 
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of the user's position with respect to the cell. Overall, the following measurements can 

be combined with - at least - time to build knowledge on and identify the pattern of the 

mobility of the users over time: 

 Attempted outgoing intra-eNB/RN handovers per handover cause 

(HO.IntraEnbOutAtt.Cause); 

 Attempted outgoing intra-DeNB handover preparations from DeNB cell to RN per 

handover cause (HO.IntraDenbOutPrepToRnAtt.Cause); 

 Attempted outgoing inter-eNB handover preparations (HO.InterEnbOutPrepAtt); 

 Attempted outgoing handovers per handover cause and LTE target cell specific 

(HO.OutAttTarget.Cause); 

 Attempted outgoing intra-frequency handovers (HO.IntraFreqOutAtt); 

 Attempted outgoing inter-frequency handovers - gap-assissted measurement 

(HO.InterFreqMeasGapOutAtt); 

 Attempted outgoing inter-frequency handovers - non gap-assisted measurement 

(HO.InterFreqNoMeasGapOutAtt);  

 Attempted preparations of outgoing handovers to the cells outside the RN 

(HO.OutRNOutPrepAtt); and 

 Attempted outgoing inter-RAT handovers per handover cause 

(HO.IartOutAtt.Cause). 

Figure 2.4 depicts these measurements categorized based on [19]. 

2.6.3 User experience/ satisfaction 

User experience/ satisfaction is commonly stated as QoE, i.e., how the users perceive 

the quality of the offered services. The most often used parameters by the operators to 

deduce QoE are the delay (PdcpSduDelayDl), the drop rate (PdcpSduDropRateDl), i.e., 

the rate of dropped packets before leaving the node due to e.g., congestion, and the 

loss rate (PdcpSduAirLossRateDl and PdcpSduAirLossRateUl for the downlink and the 

uplink respectively), i.e., the rate of packets transmitted but not received to the 

destination. All three parameters are expected to be monitored in an E-UTRAN and their 

measurements can be provided both separated per QCIs and in total. Apart from these 

performance measurements, the length of time that the cell is unavailable for each 
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cause or in total (CellUnavailableTime), the number of released active E-RABs 

(RelActNbr) and the CQI as reported by the UEs in the cell (WBCQIDist) can enhance 

operators' point of view.  

 

Figure 2.4: Model of data that can be retrieved by an E-UTRAN MIB and be used to build 

knowledge on the mobility of the users. 

Finally, valuable insights with respect to the QoE can be provided when combining the 

performance measurements of the number of initial (EstabInitAttNbr), additional 
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(context, efficiency of decisions, user preferences, etc.). In particular, the knowledge 

functional block is proposed to host different mechanisms which learn the pattern of 

information that can facilitate the dynamic management of an E-UTRAN. The functional 

block is positioned to GANA architecture and its functional design has been described. 

Moreover, the chapter identifies and presents the measurements that can be monitored 

in an E-UTRAN and be exploited as inputs to knowledge building mechanisms related to 

the network load, the users' mobility and the users' preferences/ satisfaction. The 

identified measurements are compliant to the 3GPP specifications for E-UTRANs in order 

to ensure the credibility of the study. 

 

Figure 2.5: Model of data that can be retrieved by an E-UTRAN MIB and be used to build 

knowledge on the user experience/ satisfaction. 
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building and evaluation of the knowledge building mechanisms, and e) the validation of 

the  "knowledge functional block for E-UTRAN" with respect to its functionality and its 

compliance to network operators preferences. 
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3 MACHINE LEARNING TECHNIQUES IN COGNITIVE 

NETWORKS  

 

3.1 Chapter Outline 

Rapid evolution of technologies, especially in user terminals, produces vast amount of 

data, which may refer to information related to a) services/ application, i.e. service data, 

b) users, i.e. user data or c) networks, i.e. network data. As a result, network operators 

frequently find it difficult to handle them in terms of adequately processing and 

exploiting the information that they carry. Moreover, even in cases where data are 

properly processed and the information they carry is well exploited, the large size of the 

produced information and their disparity increases the complexity of the system.  

On the other hand, cognitive radio systems offer the possibility of processing in an 

automated way the raw network, service and user data and thus, developing elaborated 

data in order to facilitate the exploitation of the necessary information from the 

operators. In other words, cognitive radio systems offer suitable mechanisms for 

building knowledge and delivering this knowledge in the form of elaborated data and/ or 

alarms to network operators for better exploitation of the information. Additionally, they 

are capable of relaxing the complexity of the system through their learning mechanisms. 

In particular, machine learning mechanisms have proved to be very promising towards 

both directions, i.e. relaxation of the complexity and increase of data usefulness and 

thus, have attracted enough researchers. 

In general, a machine learning mechanism is fed with raw data and returns patterns or 

the requested knowledge/ information. For achieving this, the mechanism goes through 

a process known as training which enables it to build its knowledge. Moreover, learning 

mechanisms are divided into three basic categories, namely: a) the supervised learning 

techniques, b) the unsupervised learning techniques and c) the reinforcement learning 

techniques. These categories are distinguished according to training method they use, 
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i.e., the use of the desired outcome and/ or an award during the training of the 

algorithm. Specifically, the supervised learning techniques use the desired outcome in 

order to guide the algorithm what the output should be with respect to the input. The 

reinforcement learning techniques “award” the system when it comes up with the 

correct answer during their training. Finally, the unsupervised learning techniques use 

neither the desired output nor an award during their training. On the contrary, they are 

able to identify the patterns of the data and exploit them in order to conclude the 

output.  

The chapter describes some representative examples of machine learning techniques 

and their mathematical models. 

The keywords of this chapter are: supervised, unsupervised, machine learning, training 

and knowledge building. 

3.2 Bayesian Statistics 

Bayesian statistics are used to estimate future states based on the past input, in case of 

CRSs where the future behaviour of networks is based on collected measurements. The 

objective is to estimate the future state using the observations up to the current state. 

This estimation is modelled as a Probability Density Function (PDF). Bayesian Networks 

have been proven to be a valuable tool for encoding and learning the probabilistic 

relationships, as they provide a simple yet effective approach to construct and handle 

statistical models. A Bayesian network is a graphical model that depicts a set of 

variables and their probabilistic interdependencies.  

3.2.1 Overall cognitive process 

In summary, the overall learning process evolves as follows. Observations are collected 

and fed to the algorithm. Based on these observations, the conditional probabilities, 

which provide an estimation of how probable it is that a specific under observation 

parameter will reach a certain value, are updated.  The next step is the update of the 

PDF. The PDF offers a more aggregate estimation regarding the probability to achieve a 

certain combination of observed parameters given a certain event.  
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3.2.2 Fundamental elements leading to knowledge 

Conditional probabilities. The fundamental elements on which the knowledge can be 

based, are conditional probabilities that have the form Pr k

j ijV r N i    , where  
k

ijr 

ijR  denotes the k-th reference value for the j-th observed parameter when the event i is 

considered. These conditional probabilities express the likelihood that the j-th parameter 

will be equal to the reference value 
k

ijr , given event i. Table 3.1 depicts the organization 

of information, for an arbitrary event iCN. More specifically, Table 3.1 is known as a 

Conditional Probability Table (CPT) and serves as a table where all conditional 

probabilities for a possible event i are gathered. In such table, each row corresponds to 

one of the observed parameters and each column to one of the reference values.  

Probability density function. The following PDF can be defined by: 

1
( ) Pr[ ] Pr[ | ]

M
k

i j ij
j

f x N i V r N i


      (3.1) 

where iCN,  ix X , 
k

ij ir XR   (j= 1,…,M), and k is an integer taking value from 1 to 

|Rij|. 

The sum of the ( )if x  values, overall i ix XR  and iCN, is one. The Pr[ ]N i  

probabilities show the volume of information existing for event i. The sum of the   

Pr[ ]N i  quantities, over all iCN, is 1. 

Knowledge. The PDF ( )if x  expresses the knowledge in an aggregate manner on how 

probable it is that event i will achieve the combination of selected parameters indicated 

by the vector ix . Therefore, the ( )if x  contributes to increasing the reliability of the 

algorithm, since it can take into account the knowledge expressed through the 

probability associated with the ix  vector. 

3.2.3 Update of the conditional probabilities 

This sub-section describes the method for updating the conditional probabilities 

Pr[ | ]k

j ijV r N i    (which appear in the right end of Equation (3.1), according to 
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approaches suggested in [3][4][5] and in a similar manner to that followed in [2], 

[6][7][8].  

Table 3.1: Organisation of the basic information elements (for arbitrary network i) on 

which the cognitive mechanisms are based 

Parameter Reference Value 

1 

1

1ir  …. 1

k

ir  …. 

1

1 1[ | ]iPR V r N i   …. 1 1[ | ]k

iPR V r N i   …. 

…. 

…. …. …. …. 

…. …. …. …. 

J 

1

ijr  …. 
k

ijr  …. 

1

1[ | ]ijPR V r N i   .... 1[ | ]k

ijPR V r N i   .... 

…. 

…. …. …. …. 

…. …. …. …. 

M 

1

iMr  …. 
k

iMr  …. 

1

1[ | ]iMPR V r N i   …. 1[ | ]k

iMPR V r N i   …. 

It is assumed that observations are collected for each of the events in the candidate 

events set CN. So, the Pr[ ]N i  quantities can be taken equal to the number of 

collected observations for event i, divided by the total number of observations.  

The update of the conditional probabilities Pr[ | ]k

j ijV r N i   can take into account the 

“distance” of measurements from reference values. Let us assume that the most recent 

observation indicates that event i can achieve a value of Vij regarding the j-th 

parameter. Let difij be the difference between the maximum and the minimum reference 
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value in the set of reference values Rij. Then, for each reference value, 
k

ij ijr R , there 

can be a correction factor, 1 (| | / )k k

ij ij j ijcor r Vi dif   , where 0 1k

ijcor  . A correction 

value close to one means that the reference value and measured value are close, and 

thus, the corresponding conditional probability value should be reinforced accordingly. 

The opposite holds, if 
k

ijcor  is close to zero. The new value of a conditional probability, 

Pr[ | ]k

j ijV r N i  , can be obtained as the product of the value of the old value, the 

correction factor 
k

ijcor , and a normalization factor nfij. 

The normalization factor nfij in this case is used to ensure that the updated values of all 

conditional probabilities for a certain parameter given a specific event will sum up to 

one. Moreover, in order to ensure adaptability to new conditions, the conditional 

probabilities are prohibited from falling below a certain threshold, pmin. Implicitly, this 

also means that the conditional probabilities are not allowed to exceed a certain 

threshold, 
max min1 (| | 1)ijp R p    . In summary, the update strategy includes: (i) 

collection of measurements; (ii) computation of the correction factors, of the 

normalization factor, and of the new values of the conditional probabilities; (iii) the L 

probabilities that may fall below pmin are set equal to the threshold; (iv) the remaining 

probabilities that have not fallen below the pmin threshold are equally reduced so as to 

sum to min(1 )L p  . After the update of the conditional probabilities values, the update 

of the PDF follows. This is realised through the use of Equation (3.1).  

3.3 Supervised Neural Networks (NNs) 

NN is an artificial mechanism which attempts to adopt the way human neurons 

interwork in human bodies. As such, they consist of neurons which are interconnected to 

each other in a common programming structure. This kind of mechanisms prove to 

successfully address narrowly defined problems such as problems related to pattern 

(speech/image) recognition, time-series prediction and modelling, function 

approximation, classification, adaptive control and other areas. 

To begin with, the structure of the neurons is divided into three parts: a) the input layer, 

b) the output layer, and c) the intermediate part that may consist of one or more hidden 
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layers (upper part of Figure 3.1). In particular, neurons of the input layer are 

responsible for receiving data from the external environment of the NN. The output 

layer‟s role involves the transmition of the results of the NN towards the external 

environment/ user. And the last part is the one that basically processes the data.  

Based on their topology, NNs can be divided into two basic (non exhaustive) types: a) 

the feed-forward NNs and b) the recurrent NNs. In feed-forward NNs, data enters the 

NN through the input layer, and passes from layer to layer until they reach the output 

layer. Some classical examples of this type are the Perceptron [9] and Adaline [10]. The 

recurrent NNs are further equipped with connections that originate from the output of 

the neuron and feed neurons of the same or previous layers giving a sense of history 

and awareness of events from previous time steps. Typical examples of this type have 

been presented by Elman [11] and Hopfield [12]. 

 

Figure 3.1: Typical neural network structure [1] 

For processing data, the activation function Fk in (3.2) is used so as to update the 

output of neuron k, y΄k (see also the lower part of Figure 3.1). In this function, weight 

wjk stands for the weight carried by the connection between neurons j and k in terms of 
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the effect that the signal of the former has on the latter. Moreover, yk designates the 

output of the neuron, known as state of activation, and bk represents inputs of neuron k 

by external sources a.k.a bias offset.   

' ( )k k jk j k

j

y F w y b   (3.2) 

Focusing on the inputs coming from neighbours of different layers wjkyj, some sort of 

threshold functions can also be used. Some types of such functions are summarized 

hereafter in Equations (3.3)-(3.7): 

 sign function 

1 0

( ) 0 0

1 0

k jk j

if x

F w y if x

if x

  
 

  
  

 (3.3) 

 linear function ( )k jk j jk jF w y aw y b   (3.4) 

 logistic-sigmoid transfer 

function (logsig) 

1
( )

1 jk j
k jk j w y
F w y

e





 (3.5) 

 hyperbolic tangent sigmoid 

transfer function (tansig) 
2

2
( ) 1

1 jk j
k jk j w y
F w y

e


 


 (3.6) 

 linear transfer function 

(purelin) 
( )k jk j jk jF w y w y  (3.7) 

For building the desired knowledge, neural networks need to be trained, i.e., need to 

adjust the weights wjk of the connections between all possible combinations of neurons 

(j,k), so as to produce the desired output when a particular input is considered. Towards 

this direction, the selected NN is fed with an input and is left to calculate its output. As 

soon as the output is produced, it is compared to the desired output. The error between 

the two values is then split in error values (one per connection) which in the sequel are 

back propagated from the output layer to the neurons of the hidden layers. 

Thereinafter, neurons proceed to the respective changes in order to minimize the error 

between the produced and the desired output. The training (or learning) procedure ends 

when the weights on the connections between neurons are properly adjusted so as to 



PhD Dissertation   Aimilia A. Bantouna 

 

62 

encode the actual knowledge of the NN, leaving the NN capable of being used for the 

purpose that is initially set up for. It is worth mentioning at this point that caution is 

needed when training the NN so that the latter not to be overtrained, i.e., not to learn 

features of the pattern that apply only to the training data set and prevent the NN from 

applying successfully the pattern to other data. By the term “training data sets”, we 

refer to those sets of data that are used for the training in the first place. The above 

mentioned undesired phenomenon would eventually result in a NN that would not be 

able to generalize well. 

3.4 Self-Organizing Maps (SOMs): an unsupervised neural 

network 

SOM is an unsupervised learning technique that is based on neural networks and was 

introduced by T. Kohonen in [13], while a short overview of its theory foundation can 

also be found in [14] and [15].  

In particular, SOM has two very interesting attributes that make it very attractive for 

data mining and classification problems, i.e., the ability of depicting multi-dimensional 

data in 2D maps and the ability of depicting similar data close to each other. Due to 

these two attributes, SOM has widely been used for many different applications in 

science fields. More specifically, authors in [16] exploit the classification provided by 

SOM for distinguishing samples of illicit drugs and categorizing them among six specific 

types (methyl ephedrine hydrochloride, cocaine hydrochloride, ephedrine hydrochloride, 

methadone hydrochloride, pseudo ephedrine hydrochloride and narceine hydrochloride), 

while [17] presents an application of the technique for analysing chemicals. Researches 

using this technique have also focused on document collections [18], speech recognition 

[19], identification of a cancer cell gene [20], hematopoietic differentiation [21] and 

manipulation of security threats [22]. Further initiatives and applications of this 

technique in many science fields can also be found in [23]. 

In general, as also imposed by its name, SOM is a 2D map that comprises of rectangular 

or hexagonal cells ordered on a regular grid. For the representation of the multi-

dimensional data on this grid, a training process is required. In particular, the data is 

inserted in the training process as data samples, each weight of which refers to another 
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dimension of the data. It is worth mentioning at this point that the data samples may 

enter the process in two different ways, i.e., one by one or in parallel, resulting in two 

training algorithms, i.e., the sequential and the batch training algorithm respectively. 

The difference between the two algorithms originates from the way of the entrance of 

the data samples and extends to the sequential or parallel processing of the data 

samples during the whole training process making the batch training algorithm faster.   

Furthermore, the training of the map involves the comparison of each vector (data 

sample) to the vector of each cell. The cell whose vector is the most similar to the data 

sample is called Best Matching Unit (BMU) and its vector is finally adjusted so as to 

become more similar to the data sample.  According to the technique, apart from the 

vector of BMU, the vectors of a neighbourhood around BMU may also be adjusted 

according to the data sample. The adjustment or not of the neighbourhood, the way of 

the adjustment and the respective neighbourhood are set by the user through a function 

known as neighbourhood function. Figure 3.2 depicts the training process which results 

in the ordered SOM, where the more similar the data of the cells, the closest the cells to 

each other. In this term, the created map represents the similarity of the data and their 

classification. Further details, and the respective mathematical foundation of both the 

sequential and the batch training algorithms, can be found in the following paragraphs 

of this section. 

To sum up, the steps of the training of the map are depicted in Figure 3.3 and are as 

follows: (1) the map is initialized, i.e., each of its elements/cells is represented by a 

vector that is comprised of as many components as the dimensions of the data; (2) each 

data sample is also expressed as a vector with weights that are equal to the values of 

the dimensions of the data sample and is mapped on the cell whose vector is closest to 

it when using Euclidean distance; (3) the most important part is that the vectors of the 

data that are inserted into the training process of the map, also influence the weights of 

the map (cells) vectors as to adjust them closer to their weights; (4) the end of the 

training process finds the map complemented with the multi-dimensional data and split 

into clusters since the distance between the data samples is now represented by the 

distance between the cells of the map. 
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Figure 3.2: The inserted data sample x affects its BMU and its neighbourhood. The solid 

and dash-doted lines correspond to the situation before and after the input of the data 

sample [15] 

After the first introduction of SOM from Kohonen, there have been different approaches 

attempting to enhance the basic algorithm by enforcing its flexibility. Some such 

examples are the Growing SOM [24] which enables the map to adjust its size according 

to its need for better organizing the data samples, the Parameterless SOM [25] that 

provides flexibility in terms of the neighbourhood around the BMU that will be affected 

by eliminating it from the predefined by the user variables, and the Hierarchical SOM 

[26] that grows in interacting layers and hybrids of the above described [27][28].   

3.4.1 Sequential Training Algorithm 

In the sequential training algorithm, every data sample enters the process by its own 

(sequentially) making the algorithm iterative. Each iteration t starts when a data sample 

x is inserted, and ends when the training of the map that is caused by the data sample x 

has finished. As already mentioned above, the training of the map involves the insertion 

of the data sample x, the identification of its BMU c and the update of the vectors of the 

BMU mc and of the neighbouring cells mi. For achieving this, the distance of each data 

sample x from each vector of the SOM mi is calculated. The minimum distance refers to 

the BMU c of the data sample x, i.e., the cell whose vector mc is closest to the data 
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sample x. The corresponding equation of the above described process is the following 

(Equation (3.8)): 

       || || || ||c ix t m t x t m t    (3.8) 

where ||.|| stands for the Euclidean Distance.  

 

Figure 3.3: Overview of the SOM technique 

The identification of the BMU c is followed by the adjustment of its vector (and often of 

the vectors of neighbouring cells) so as the weights of mc to become more similar to the 

weights of x. In particular, mc and the vectors of the neighbouring cell mi are updated 

according to Equation (3.9): 

 ( 1) ( ) ( )[ ( ) ( )]i i ci im t m t a t h t x t m t     (3.9) 

where α(t) is the learning rate factor which is responsible to tell how much each cell will 

be influenced by the specific data sample x(t), and hci(t) is the neighbourhood function.  

The four functions that may be used for calculating hci(t) are functions (3.10) - (3.13): 
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 Bubble: ( ) ( )ci t cih t l d   (3.10) 

 Gaussian: 
2 22

( ) ci td

cih t e


  (3.11) 

 Cutgauss: 2 22
( ) ( )ci td

ci t cih t e l d
 

   
(3.12) 

 Ep: 
2( ) max{0,1 ( ) }ci t cih t d    (3.13) 

where ζt is the radius of the neighbourhood, i.e., corresponds to the number of  the 

cells that will be influenced by the data sample x, || ||ci c id r r   is the distance between 

the cells mc and mi, and l(x) is the step of the function: ( ) 0l x   if 0x   and ( ) 1l x   if 

0x  .  

Accordingly, factor α(t) can be calculated with respect to the next three different 

functions (3.14) - (3.16): 

 Linear function: 0( ) (1 )a t a t T   (3.14) 

 Power function: 0 0( ) (0.005 )t Ta t a a  (3.15) 

 Inv function: 0( ) (1 100 )a t a t T   (3.16) 

where T is a constant variable, called training length and a0 is also a constant variable, 

known as initial learning rate.  

3.4.2 Batch Training Algorithm 

Batch training algorithm is also iterative. However, when this algorithm is applied, all 

data samples are inserted and presented to the map simultaneously before any 

adjustment is made. In each training step t, data samples are mapped according to the 

Voronoi regions of the map weight vectors, thus they are mapped to the cells whose 

weight vectors are closest to them. The new vector of each cell mi is given by the 

following relation (3.17): 
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 (3.17) 

Where arg min {|| ||}k j kc x m   denotes the BMU of data sample xj and hic(t) is the 

neighbourhood function. As well as in the sequential training algorithm, it can also be 

computed by formulas (3.10) - (3.13).   

An alternative approach can also be followed. In particular, the new vectors of the cells 

can be calculated by Equation (3.18) after having calculated the sum of the vectors of 

each Voronoi region of the map by Equation (3.19). 
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 (3.18) 

1

( )
V in

i j

j

s t x


  (3.19) 

In the above Equations (3.18) - (3.19), m denotes the number of cells of the map and 

nVi is the number of the mapped to the cell i data samples. 

3.5 Reinforcement Learning 

Reinforcement Learning (RL) in general mimics the way that animals learn how to 

optimize their behaviours when punishments and rewards of their actions apply. In 

particular, RL algorithms follow the next three phases: 

a. Observation of their environment and identification of the current state. During 

this phase, the system observes its environment and decides the type of 

information that is needed for describing better its current state with respect to 

the optimization problem. As soon as the type of the needed information has 

been identified, the system collects the specific data that describes the current 

state, in terms of context and circumstances.  
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b. The system acts. In this phase, a decision has been reached and executed 

making the system to move towards its new state. In cases where the system is 

already familiar with what should be done, i.e., which action will be rewarded 

and which will not, the action is selected in order to lead to a reward. On the 

contrary, if the system is still “young”, the actions are selected arbitrarily. For 

training the system well, different actions should be performed under the same 

conditions (state) so as to have as much feedback as possible for their 

correctness or not. 

c. Evaluation of the action. At this point the system receives an evaluation of the 

taken action in terms of an immediate numeric payoff. This payoff stands for 

punishment if it is a negative number or for reward if the number is positive. It is 

important here to clarify that this payoff is subjective since it depends on the 

experience and the prior knowledge of the latter.  

The final target of the RL is to maximize either the long term or the average sum of 

these payoffs. 

Moving from theory to mathematical formulation, there are two mathematical models 

leading to two different, yet similar, learning techniques. The two respective learning 

techniques are known as: a) Actor critic learning and b) Q-learning. Although both 

techniques in practice are found to work well, the circumstances and a solution which 

they converge to, i.e., the action with the better reward, are known only for the second 

one. Thus, here we focus on this technique, i.e., Q-learning. During the learning 

process, the system at time t identifies its current state s(t) and decides its action a(t). 

As a result of this action, the system receives the respective payoff r(s(t),a(t)). 

Moreover, the system moves to the next state through a transition distribution Pxy(a) 

which reveals the probability of the system to move from state x to state y when action 

a is applied. Given this context, the target of RL is transformed to the maximization of 

(3.20). 

0 ,

( ( ), ( )) ( ( ), ( ))t

t s r

Q s t a t r s t a t




   (3.20) 
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where Q(s(t),a(t)) gives the quality of the combination of state s(t) with the action a(t), 

symbol 
,s r

 refers to the average value and 0<γ<1 stands for discount factor. The 

latter represents the weight of the payoff and is closely related to the time passed from 

the payoff, i.e., the larger γ designates that the more distant payoffs are more 

important. 

During this process, Q(s(t),a(t)) keeps being updated though (3.21) until it reaches its 

optimal value, i.e., until it reaches its maximum value. In this function, ε denotes the 

learning rate of the system. 

( ( ), ( )) ( ( ), ( )) [ ( ) max ( ( 1), ) ( ( ), ( ))]
b

Q s t a t Q s t a t r t Q s t b Q s t a t       (3.21) 

Finally, the most appropriate action, i.e., the policy p that dictates the next action of the 

system, can be calculated through Equation (3.22) 

( ) arg max { ( , )}ap s Q s a  (3.22) 

Further information and details with respect to this technique can also be found in [29], 

[30] and [31]. 
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4 KNOWLEDGE BUILDING MECHANISMS FOR ESTIMATING 

NETWORK CAPABILITIES 

 

4.1 Chapter Outline 

The aim of this chapter is to present a knowledge building mechanism that estimates 

network capabilities and to provide comparative studies of such mechanisms which 

however are based on different machine learning techniques.  

The term “network capabilities” refers to what the network is capable of, i.e., the main 

features of a network such as the QoS, its range, its location, its type (GSM, UMTS), etc. 

In this study, the term refers explicitly to the QoS that the network may offer. 

Consequently, QoS may also refer to more than one parameter, such as the bitrate, the 

jitter, the delay, the bit error rate and the throughput of the network. In this case, QoS 

is mentioned in terms of achievable bitrate. Summarizing, the scope of this case is to 

estimate network capabilities in terms of QoS, expressed in bitrate, based on current 

network measurements and context. It is worth mentioning at this point that by network 

measurements, measurements that refer to parameters holding information related to 

the network identity, its Radio Access Technology (RAT), its configuration, its Received 

Signal Strength Identifier (RSSI) and its traffic, in terms of packets or Bytes, are 

considered. Moreover, context refers to those parameters that hold information such as 

time, location and the environmental conditions. 

The keywords of this chapter are: CRS, Cognition Cycle, Unsupervised Learning, SOMs 

4.2 Problem Statement 

The focus of this study is placed on using SOMs in order to assist CRSs to choose among 

the different candidate radio configurations to operate with, by taking into account the 

predictions of the bitrate that can be achieved. Actually, this study comprises a 

significant extension, in terms of scenarios and comparative analysis, of the work that 

was presented in [5]. A summary of the results in [5] is given in sub-section 4.4.1. This 
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study extends this work by introducing scenarios that consider pre-processing of the 

data (sections 4.4.2 and 4.4.3) used for training. Moreover, the results of the new 

extended scenarios are compared to those of [5] in sub-section 4.4.4. Finally, a 

comparison between the results of this research and the respective results of a similar 

research that exploits supervised NN-based learning techniques is given in section 4.5 as 

well.  

This study examines the possibility of connecting parameters observed while tuning at a 

specific configuration, such as RSSI, errors (input and output), packets (received and 

sent) and bytes (received and sent) with one QoS metric i.e. the achievable data rate, in 

order to predict it. This is done by using the unsupervised training technique provided 

by SOM. However, SOM is a technique for the representation and classification of 

multidimensional data into 2D maps. So how could it be useful in this case?  

According to SOM basics (see also section 3.4), this technique is able to categorize 

multidimensional data samples, as long as their vectors have the same dimensions 

(number of used variables per data sample) and the same type of variables (used 

parameters for creating the data samples), and to organize them according to their 

similarity. The analysis of the experimentation below (sub-section 4.3) presents how a 

different case, i.e. a case where the number of used parameters in the data sample 

differs, can be treated. More precisely, the algorithm has the ability to ignore variables 

of the data sample that do not have any value, i.e., missing values, during the 

calculation of the distances.  

Moreover, it is worth clarifying here that the proposed method offers flexibility towards 

differentiating the number and the type of the parameters without demanding its 

redesign. This can be done by easily changing the number and/ or the type of the 

parameters that comprise the data samples which train the SOM at the first place (more 

information regarding this is also available at the next section, i.e. sub-section 4.3 – 

experimentation setup).  In any case, the parameters that will be used for estimating 

the bit rate obtained with the specific configuration have to be the same with the 

parameters that are used during the training of the map.  

Based on the attribute of SOM to classify multidimensional data into 2D maps, the 

method was set to formulate a number of different groups (clusters). Specializing the 
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above in this case study the role of the multidimensional data is played by the data 

samples whose variables may be the RSSI, the input and output errors, the received and 

sent packets and the received and sent bytes. As a result, data samples, whose values 

of the participating variables are similar, get organized together. The data samples/ 

nodes of each cluster are selected according to the respective achieved raw data rate, 

given the values of the observed variables during the configuration under question. Note 

that the measured raw data rate is selected to be inserted into the system for 

distinguishing the data samples (labelling), but not for participating in the formulation of 

the map. Accordingly, each cluster contains data with the same measured raw bitrate. 

The proposal of this study is based on the fact that if there is a new data entry, which 

consists of the same variables and if the SOM theory is applied, then it is depicted on 

the map as part of an existing cluster. Accordingly, this data sample is expected to be 

similar to the other participants of the cluster and to exhibit the same raw bitrate. Thus, 

in this case study, the unknown raw data rate of a new data sample is expected to be 

equal to the bitrate of the data samples used for creating the corresponding cluster in 

the first place. With respect to this methodology, the achieved bitrate of a configuration 

can be predicted based on the values of RSSI, errors (input and output), packets 

(received and sent) and bytes (received and sent).  

Last but not least, a major contribution of this work is the actual implementation, testing 

and performance evaluation of the proposed method and its respective comparison with 

the results of other learning-based methods. The remaining sub-sections are  completely 

devoted to the description of the setup of the experimentation part, of the conducted 

scenarios and test cases and eventually of the obtained results. 

4.3 Experimentation setup 

In order to validate the proposed learning method, commercial off-the-shelf hardware 

and software products were used and extended. More specifically, the data used for the 

test cases have been obtained from measurements that took place in a real working 

environment within our university premises. Particularly, a laptop equipped with an Intel 

3945ABG Wireless card has been used for measuring the maximum achievable raw 

transmission data rate (bitrate), the link quality and the signal strength in user 

predefined time intervals. The laptop has been setup with a Debian OS running on a 
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2.6.18 kernel and using the ipw3945 driver. The wireless access point (AP) used was a 

Linksys Wireless-G broadband router (model WRT54GS) which was able to operate in 

both IEEE 802.11 b/g standard modes. This actually comprised the radio configuration 

(it can be seen as one single configuration given that the operating carrier frequency is 

the same i.e. 2.4GHz in both modes), the capabilities of which need to be discovered-

evaluated. The data collection lasted for 7 days and the applications used during that 

period included peer-to-peer (P2P) file sharing, web browsing and file transfer protocol 

(ftp).  

To begin with, the obtained measurements were used to create different data files. Each 

file, the format of which is depicted in Figure 4.1, was used as input for the training of 

the SOM and comprises different combinations of the considered parameters. In 

particular, each column, apart from the last one, refers to a different observed 

parameter/ variable of the data sample, while each row corresponds to one different 

data sample (see Figure 4.1). Finally, the last column of the data file is the measured 

value of the corresponding bitrate. The latter was used during the experiments for two 

reasons: a) for distinguishing and organizing into groups the data samples which have 

the same bitrate and b) for evaluating the technique by comparing the predictions of the 

method with the real/ measured values.  

In the sequel, the created data file(s) and SOM toolbox v.2 of MATLAB [1] were used to 

train the SOM. The training of SOM demands first of all the insertion of the data, i.e. the 

loading of the corresponding data file with respect to each test case. Secondly, it is 

needed to define variables, which concern the topology of the SOM. These variables are: 

a) the map size, b) the lattice (local lattice structure) and c) the global map shape. The 

map size refers to the number of the neurons of the SOM. According to Céréghino in [6], 

“the number of output neurons in a SOM can be selected using the heuristic rule 

suggested by Vesanto et al. in [1], and applied in [7] in a study of diatom communities: 

the optimal number of map units is close to 5 n , where n is the number of training 

samples (sample vectors). In this case, the two largest eigenvalues of the training data 

are first calculated, then the ratio between side lengths of the map grid is set to the 

ratio between the two maximum eigenvalues. The actual side lengths are finally set so 
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that their product is close to the number of map units determined according to Vesanto 

et al.‟s rule”.  

 

Figure 4.1: Matlab Data File: Each line is a data sample and each column is a different 

parameter of the configuration. The last column refers to the bitrate which was used as 

label. 

The lattice structure refers to the shape that each neuron has on the SOM and can be 

“hexagonal” or “rectangular” [1]. Finally, the shape refers to the global map shape and 

may be “sheet”, “cylinder” or “toroid” [1]. The above process, during which the topology 

of SOM is set, is called initialization. Having the initialization being completed, and after 

the selection of the training algorithm (batch or sequential) and the values of its 

respective parameters, the training of the SOM can take place. The parameters of the 

batch and the sequential training algorithms and their possible values are depicted in 

Table 4.1 and Table 4.2, respectively. As it is observed in the tables, both training 

algorithms are divided in two phases: a) the rough phase where the initial learning rate 

and the neighbourhood radius are relatively large and b) the fine-tuning phase where 

the initial learning rate and the neighbourhood radius are small from the beginning. As a 
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result, during the first phase the map is approximately shaped while during the second 

one it is fine-tuned. 

Table 4.1: Parameters of batch training algorithm 

 Neighbourhood 
function ijh  Bubble / Gaussian / Cutgauss / Ep 
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Initial radius  t  
positive integer number or zero, radius of neighbourhood 

during the first iteration of the phase expressed in cells 

Final radius  t  
positive integer number or zero, radius of neighbourhood 
during the last iteration phase expressed in cells 

Training length T 
positive integer number, number of iterations of the 
algorithm expressed in epochs 

 

Table 4.2: Parameters of sequential training algorithm 

 Neighbourhood Function   cih  Bubble / Gaussian / Cutgauss / Ep 
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Length type (type of 
measurement of training 

length) 

 
Epochs  / Samples 

Learning function  t  Linear / Power / Inv 

Initial radius   t  
positive integer number or zero, radius of 
neighbourhood at the beginning of the phase, 

expressed in cells 

Final radius  t  
positive integer number or zero, radius of 
neighbourhood at the end of the phase, 

expressed in cells  

Training length    T 
positive integer number, number of iterations of 
the algorithm (in case of epochs) or number of 

data samples (in case of samples) 

Initial alpha (initial 

learning rate) 
  0a  Real number 

It must be also noted here that the MATLAB SOM toolbox uses slightly modified versions 

for both the sequential and batch training algorithms presented in sub-section 3.4 [1]. 

In particular and considering the sequential case first, the computations in equations 

(3.8) and (3.9) above are slightly modified due to the fact that there may be some 

missing values of the variables of a data sample or the selected mask may dictate 

something different. In particular, the distance calculation in equation (3.8) transforms 

into the next equation: 
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22

k k k

k K

x m w x m


    (4.1) 

where K denotes the set of known (not missing) variables of sample vector  x, xk and mk 

are k-th components of the sample and weight vectors wk  is the k-th mask value. 

Moreover, equation (4.2) transforms into the next equation: 

 ( 1) ( ) ( )[ ( ) ( )]i i ci im t m t a t h t x t m t     (4.2) 

 

 

Figure 4.2: Labelled SOM when using the FREQ version 

Considering the batch training algorithm, the training is executed using the alternative 

way i.e., the calculation of the new weights of the vectors follow the calculation of the 

sum of the vectors in each Voronoi region of the map. Moreover, as well as in the case 
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of sequential training algorithm, the missing values are ignored during the distance 

calculation.  

Furthermore, an essential step prior to training the SOM was the decision upon the 

normalization of the data. Three different scenarios were examined and test cases were 

setup according to criteria related to normalization. Specifically, the first scenario 

referred to data that had not been normalized; the second one referred to data that had 

been normalized to [0, 1] and the last scenario referred to data whose variance had 

been normalized to [0, 1]. So, after the normalization (or not) of the data with respect 

to the scenario, the latter were used for training a SOM map.  

For facilitating the analysis, SOM toolbox offers the ability to use labels for distinguishing 

the category of the data samples. In this case, the category of the data samples was set 

to designate the bitrate that was related to the data sample (four predefined values, i.e., 

24, 36, 48 and 54 Mbps). Thus, each label corresponded to the measured value of the 

bitrate for the mapped data sample. However, the fact that more than one data samples 

may have the same BMU (mc) results in the fact that each cell of the map may have 

more than one labels appearing more than once. As SOM toolbox offers enough 

different ways for labelling the map, three of them were used ending up with three 

different versions of the method / algorithm. The first way (VOTE) is to put on each cell 

only the most frequently appearing label, the second one (ADD1) is to put all labels 

while the third one (FREQ) is to put all labels, like in case of ADD1, but in descending 

order with respect to their appearance frequency and followed by the number of 

appearances. 

At this point, the output of the algorithm is a labelled SOM map, like the one in Figure 

4.2, where hexagonal cells are used. This map should not be confused with the used 

wireless network topology. On the contrary, it could be part of the information carried in 

the wireless AP of the used topology. Based on this map/ information the program may 

represent a new data sample on the map but cannot predict its bitrate. In order to train 

the program how to predict the bitrate of a data sample, the above described 

visualization needed to be transformed into mathematical functions. The transformation 

was realized as follows: according to the ability of SOM technique to depict similar data 
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in adjacent cells, cells which were marked with the same bitrate were expected to form 

a cluster. The centre of each cluster was calculated by the equations  

n

i i

i

x w x n  (4.3) 

and   

n

i i

i

y w y n  (4.4) 

 where n is the number of cells which belong to the cluster, xi and yi are the co-

ordinates of the cell i and wi is the weight with which the cell i participates into the 

calculation. In the first two versions (VOTE, ADD1) wi is always set equal to 1 while in 

the last version (FREQ), wi is calculated by function 4.5:  

i
kw
r

  (4.5) 

where k is the number of instances with the specific bitrate in the cell i and r is the total 

number of instances of cell i, i.e., the sum of the instances of all bitrates of the cell. It 

must be noted here that this method is limited to data that their raw bitrate varies 

between 24, 36, 48 and 54 Mbps, respectively, and thus the created clusters that were 

formed were only four, one for each of those possible bitrates. 

In order to define the bitrate of a data sample, the cluster in which the BMU of the data 

sample belonged to was required. The BMU was set to belong to the cluster with the 

closest centre when using the Euclidean distance. As a result, the bitrate of the data 

sample will be the one that represents the cluster. At this point, each data sample has a 

prediction of its corresponding bitrate. This prediction is to be compared to the real 

measured value of the bitrate, which is part (last column) of the data file used to insert 

the data samples into the system, for evaluating the method and reaching conclusions. 

Results from executing various test cases during this evaluation showed a satisfying 

ability of the method in correctly predicting the bitrate of the data samples as will be 

revealed in sub-section 4.4.   
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4.4 Test Cases and Results  

As already stated, three different scenarios were set up differing in the type of 

normalization used. Moreover, in each scenario, a number of test cases that 

corresponded to variations of input parameters of the proposed method were also set 

up in order to validate the latter. In particular, the focus was placed on exploring the 

following aspects: a) which is the best choice between the three labelling options (VOTE, 

ADD1 and FREQ), i.e., the optimal way of calculating the centres of the clusters, b) what 

variables of the data samples should be used, c) how many data samples are needed for 

the training phase and d) what the training algorithm and the values of its parameters 

should be. In addition, the metric used for evaluation and comparison reasons was the 

percentage of the data samples the bitrate of which was predicted correctly (in a 

boolean fashion). Obviously, the higher this percentage was, the better the combination 

of the chosen input parameters. The different test cases for each of the three scenarios 

are presented and compared to each other in the sequel. 

4.4.1 Scenario 1 - No Normalization 

4.4.1.1 Comparison of the Labelling Versions  

Having analyzed the three versions, their comparison was required so as the best one 

according to their results to be used. As mentioned in section 4.3, the VOTE version 

uses only the most frequently appearing label when calculating the centres of the 

clusters. In this case, it is possible that a label disappears in the created SOM even if it 

has been used as label within a data sample. For example, if the context that is 

described by the data samples which have the label 24 Mbps is mapped on cells on 

which context described by data samples with different labels (36, 48 and 54) has also 

been mapped with more instances per label than the instances of label 24, then the 

most frequent label will dominate in this cell. In the case that, this happens for all data 

samples with the label „24‟, then this label will not appear on the map. Generalizing this 

example (with no loss of information), labels with fewer instances will not appear in the 

created SOM. This causes the elimination of one or more labels and thus the centre of 

this (these) label(s) won‟t be calculated. Consequently, cluster(s) that correspond to this 

(these) label(s) will cease to exist. Moreover, the algorithm will terminate a little after 
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the calculation of the centres as according to the method, the under question data 

sample is expected to select among four clusters with respect to its distance from the 

four centres, not less. Finally, even if the algorithm didn‟t stop, the data, which would be 

used for the evaluation of the method and would belong to the eliminated cluster(s), 

would have been correlated with a wrong cluster and label and thus the prediction of 

the bitrate would be definitely wrong. 

Trying to find a solution to the existing problem of VOTE version, ADD1 version was 

created. In ADD1 version, all possible labels of each cell participate equally and 

independently of their instances. Both versions were executed using the same data files 

and the same training parameters. Numerous tests that compare the two versions were 

performed but for brevity reasons only two indicative examples of them are presented 

hereafter. Their results are also depicted in Table 4.3. The first example targets at 

demonstrating the inefficiency of the VOTE version to give results in some test cases 

and involves the execution of both versions using the data file corresponding to the 3rd 

row in Table 4.4. When using the VOTE version, the centre of the cluster with 

label/bitrate equal to 24 was (NaN, NaN), which meant that this cluster ceased to exist 

and the process terminated reporting an error as there was no centre calculated for the 

cluster with bitrate equal to 24. On the other hand, when using the ADD1 version, there 

was one centre for each cluster (24, 36, 48 and 54) and the process resulted with no 

matlab error in a percentage of correct predictions equal to 52.2%.  

Table 4.3: Comparison of the labelling versions for scenario 1 

Data File 
Percentage of correct predictions 

VOTE version ADD1 version FREQ version 

1 58.100% 56.800% 64.300% 

3 - 52.200% 71.400% 

The scope of the second example is to present and compare the two versions when both 

of them give results. Thus, continuing with the second example both versions were also 

executed using the 1st data file (see Table 4.4). In this test case both versions ended 

successfully giving results equal to 58.1% and 56.8% of correct predictions for VOTE 

and ADD1 versions, respectively. Summarizing the above test cases, their result led to 

the conclusion that ADD1 version solved the problem of VOTE version but, in cases 
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where the latter worked properly, ADD1 version had lower percentage of correct 

predictions. As a result, when both versions manage to provide results, VOTE version 

performs better than ADD1 version (see also Table 4.3). However, in both cases, the 

correctness of predictions did not appear to be very promising. 

The above conclusion led us in the creation of FREQ version, which is kind of a hybrid 

version of the first two. In particular, FREQ version uses all labels of the cells (like ADD1 

version does) but contrarily to ADD1 version, labels participate in the calculation of the 

centres of the clusters unequally, as a weighted average of their frequency. As a result, 

FREQ version is expected to being able of creating all centres of the four pre-defined 

clusters, thus always giving results, but also of treating the labels with respect to their 

appearances/ frequency and not equally. Having created this version, all that was left to 

be done was its comparison with the first two. In order to present two indicative 

examples, the 3rd and the 1st data files of Table 4.4 were used for the execution of this 

version as well. The result of FREQ version, equal to 71.4% when using the 3rd data file 

and 64.3% when using the 1st data file, was better (with higher percentage of correct 

predictions of the bitrate) than both the VOTE and the ADD1 versions (Table 4.3). 

Comparing all the results of Table 4.3, which are only indicative examples of the 

numerous tests that have been performed, FREQ version proved to give better results in 

all cases and thus it was selected to be used in the rest of the test cases of this scenario 

of normalization. 

4.4.1.2 Selection of the Variables of Data Samples  

The next step in this scenario concerned the variables of the data samples that suit 

better for predicting the bitrate. In order to do so, many different cases were created. 

The used version for labelling and calculating the centres of the clusters was FREQ in all 

test cases. Moreover, the training parameters were kept same as in the tests of sub-

section 4.4.1.1. These cases used different data files for both training and evaluation 

phases. The difference between them lied in the number and the type of the variables of 

the data samples. 

At the created cases there were 8 variables of a data sample that were used in different 

combinations, namely: RSSI, number of input and output packets, number of input and 
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output errors, number of input and output bytes and bitrate. Table 4.4 depicts the 

combinations of the variables for each test case and the corresponding data file that 

contained them. Furthermore, the results of these test cases are also presented in the 

9th column (scenario 1) of Table 4.4. The case with the highest percentage of correct 

predictions, equal to 71.4%, was the one whose variables were the number of input and 

output packets and RSSI i.e., the test case during which the 3rd data file in Table 4.4 

was used. As a result, these variables were also used in the rest of this scenario of 

normalization. 

Table 4.4: Data files and their containing variables (The percentage of correct 

predictions refers the results obtained when using FREQ version) 
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1            64.300% 74.100% 71.900% 

2             61.900% 75.400% 74.600% 

3           71.400% 49.200% 74.600% 

4             45.900% 74.900% 74.300% 

5           68.100% 73.000% 71.400% 

6             32.700% 51.400% 40.000% 

7            45.900% 48.400% 56.500% 

8          56.500% 43.800% 46.800% 

4.4.1.3 Selection of the Number of Data Samples 

Having selected the variables of a data sample, the next step includes the decision upon 

the number of data samples to participate in the training process of SOM. In order to do 

so, a number of data files, and thus test cases, were created as well. These data files 

included the variables in which the analysis of sub-section 4.4.1.2 had resulted in 

(number of input and output packets and RSSI) but with different number of data 

samples (rows). Once again, the training parameters among the test cases were the 

same and the FREQ version was used for obtaining results. According to the results (see 

Figure 4.3), the number of data samples affected the percentage of the correct 

predictions but not always in the same direction. As can be observed by Figure 4.3, the 
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highest percentage of correct predictions was 73.6% and appeared when the number of 

data samples was 617. Motivated by this conclusion, the corresponding data file was 

also used during the remaining test cases of this scenario of normalization.  

 

Figure 4.3: Percentage of correct predictions of the bitrate according to the number of 

the used data samples – Scenario 1 

4.4.1.4 Selection of the Parameters per Training Algorithm  

The last step during this scenario was, first the decision upon the most appropriate 

values of training parameters and, then, the selection/ comparison of the two SOM 

training algorithms.  

Towards this direction, different test cases, which for brevity reasons are not analyzed in 

this section, were tried for each training algorithm. Each test case differed from the 

previous one only to the value of one parameter (randomly selected). Comparing the 

results that were derived when using the batch training algorithm, it was obvious that 

the best set of values of the training parameters was the one shown in Table 4.5. 

Moreover, Figure 4.4 depicts the predicted values of the bitrate, the real measured 

values of the bitrate and a comparison among the two above when the batch training 

algorithm is used and when there is no normalization of the data. 
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Figure 4.4: Batch Training Algorithm: Predicted bitrate, Measured bitrate and a 

Comparison of the above. The symbol * depicts only the data samples which have 

different predicted and real values – Scenario 1 

Respectively, in the case of sequential training algorithm, the winning set of values of 

the training parameters is shown in Table 4.6 and Figure 4.5 depicts the predicted 

bitrate, the measured bitrate and a comparison of the above in case of sequential 

training algorithm when there is no normalization of the used data. Although the 

technique was the same, it‟s worth mentioning here an important difference: in the 

sequential training algorithm the samples do not enter the training phase at the same 

time. As a result, the order with which they are used for training the map may lead to 

slightly different results. In particular, an already trained cell may be “retrained” as a 

neighbouring cell of the BMU of another data sample. If these training processes occur 

with the opposite sequence, the final map will be slightly different. However, this does 

not provoke SOM from converging but may also lead to different predictions in some 

cases. In order to avoid such a situation, the entrance of the samples was selected to be 

always the same and ordered according to the data file. 
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Table 4.5: Values of the parameters for 

the batch training algorithm – Scenario 1 

Table 4.6: Values of the parameters for the 

sequential training algorithm-Scenario 1 

 

 

Neighbourhood function: Gaussian 

Rough Phase Fine-tuning 
Phase 

Initial radius 5 Initial radius 1 

Final radius 1 Final radius 1 

Training 
length 

6 Training 
length 

48 

 

 

Neighbourhood function: Gaussian 

Length type: epochs 

Learning function: inv 

Rough phase Fine-tuning phase 

Initial radius 3 Initial radius 1 

Final radius 1 Final radius 1 

Training 
length 

4 Training 
length 

21 

Initial alpha 0.5 Initial alpha 0.05 

 

Figure 4.5: Sequential Training Algorithm: Predicted bitrate, Measured bitrate and a 

Comparison of the above. The symbol * depicts only the data samples which have 

different predicted and real values – Scenario 1 

The comparison of the best result of the batch training algorithm with the one of the 

sequential training algorithm reveals that the first result, equal to 74.4%, is a little lower 
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than the second one, equal to 75.4%, giving the impression that the best choice is the 

sequential training algorithm. In addition, according to [1], the memory consumption 

when using the batch training algorithm can be calculated by the equation  

28*(5 4 2 )MemCon md nd m    (4.6) 

where m is the number of map units, n is the number of data samples and d is the input 

space dimension (number of variables in this case). According to the same report, [1], 

sequential training algorithm requires only one half or one third of the memory capacity 

needed during batch training algorithm. The corresponding used map size was 130, and 

the data file comprised of 617 data samples each one of which included 3 variables. 

Therefore, when the batch training algorithm is used 345232 bytes of memory capacity 

are needed, whereas about 115077 to 172616 bytes memory capacity is required when 

the sequential training algorithm is used. On the other hand, the time that is needed to 

complete the training phase of the SOM is sometimes crucial so it was measured as well. 

According to the measurements, batch training algorithm is quicker, requiring about 3 to 

4 seconds to complete the training phase, while the sequential one requires about the 

double time i.e. 7-8 seconds. Table 4.7 summarizes the above presented results. As can 

also be observed through Table 4.7, and because of the fact that the difference between 

the two results is rather small, the choice between the two algorithms during this 

scenario of normalization is subjective and depends on the available memory capacity 

and the existence of the requirement of a quick training or not. 

Table 4.7: Comparison of batch and sequential training algorithms in case of scenario 1 

 Percentage of 
correct predictions 

Memory 
consumption 

(Bytes) 

Training Duration 
(sec) 

Batch Training 
Algorithm 

74.4% 345232 3 – 4  

Sequential Training 
Algorithm 

75.4% 115077 – 172616  7 – 8  
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4.4.2 Scenario 2 – Normalization of the Parameters of Data Samples 

4.4.2.1 Comparison of the Labelling Versions 

As in the first scenario, where there was no normalization of data, the first tests referred 

to the selection among the optimal labelling version. For this purpose, all versions were 

executed using the same data files and the best one was selected with respect to their 

results. Once again, the selection was based on numerous tests but the results are not 

depicted here for brevity reasons. In this scenario as well, the best result was taken 

when using the FREQ version and thus FREQ version was the one that was used for the 

rest of the test cases of this scenario too. 

4.4.2.2 Selection of the Variables of Data Samples 

Test cases with different number and type of variables of data samples, using once 

more the 8 variables of data samples which were used in the first scenario of 

normalization (RSSI, number of input/output packets, number of input/output errors, 

number of input/output bytes and bitrate), were also executed. These test cases were 

the same with those of the first scenario and were using the data files which are 

depicted in Table 4.4. As can be seen in Table 4.4, during this scenario, the case with 

the highest percentage of correct predictions, equal to 75.4%, was the one whose 

variables were the number of input and output packets, the number of input errors, the 

number of input bytes and RSSI (test case during which the 2nd data file was used). 

Those variables are the ones that were used for the rest of this scenario. 

4.4.2.3 Selection of the Number of Data Samples 

Having selected the variables of a data sample, tests with varying number of data 

samples in the training data file ,but with the same variables, i.e. the variables in which 

the analysis of sub-section 4.4.2.2 had resulted in (i.e., # of input and output packets, # 

of input errors, # of input bytes and RSSI), were performed. According to the results, 

the number of data samples in this scenario as well affected the results of the 

predictions but not always towards the same direction. The diagram showing these 

results is depicted in Figure 4.6 while its analysis reveals that the maximum result is 
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76.5% and appears when the number of data samples is 434. This was also the number 

of data samples that was used for the next test cases of this scenario. 

 

Figure 4.6: Percentage of correct predictions of the bitrate according to the number of 

the used data samples – Scenario 2 

4.4.2.4 Selection of the Parameters per Training Algorithm 

Finally, numerous tests took place during the selection of the most suitable training 

parameters (for each training algorithm) and the comparison between the training 

algorithms. The procedure that was applied was the same with the first scenario. 

Comparing the results of batch training algorithm it was obvious that the best choice 

was the one shown in Table 4.8 while Figure 4.7 depicts a) the predicted values of the 

bitrate, b) the real measured values of the bitrate and c) a comparison among the two 

above. Similarly, the best set of training parameter values for the sequential training 

algorithm is shown on Table 4.9 while Figure 4.8 depicts a diagram with the bitrate 

predictions, the bitrate real values and their comparison. 
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Figure 4.7: Batch Training Algorithm: Predicted bitrate, Measured bitrate and a 

Comparison of the above. The symbol * depicts only the data samples which have 

different predicted and real values – Scenario 2 

Table 4.8: Values of the parameters for 

the batch training algorithm-Scenario 2 

Table 4.9: Values of the parameters for the 

sequential training algorithm-Scenario 2 

 

 

Neighbourhood function: Gaussian 

Rough Phase Fine-tuning 
Phase 

Initial radius 3 Initial radius 1 

Final radius 1 Final radius 1 

Training 
length 

1 Training 
length 

9 

 

Neighbourhood function: Gaussian 

Length type: epochs 

Learning function: inv 

Rough phase Fine-tuning phase 

Initial radius 4 Initial radius 1 

Final radius 1 Final radius 1 

Training 
length 

5 
Training 
length 

21 

Initial alpha 0.5 Initial alpha 0.055 
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Figure 4.8: Sequential Training Algorithm: Predicted bitrate, Measured bitrate and a 

Comparison of the above. The symbol * depicts only the data samples which have 

different predicted and real values – Scenario 2 

Accordingly to the first scenario of normalization, the two training algorithms were 

compared to three significant points: a) to their results, b) to the required memory and 

c) to the needed training time. The respective values are summarized in Table 4.10.  

Table 4.10: Comparison of batch and sequential training algorithms in case of scenario 2 

 Percentage of 
correct predictions 

Memory 
consumption 

(Bytes) 

Training Duration 
(sec) 

Batch Training 
Algorithm 

77.4% 266840 < 1  

Sequential Training 

Algorithm 

77.4% 88946 – 133420   4 – 5   

Taking into consideration all three observations, the best choice among the training 

algorithms in this scenario is certainly the batch training algorithm in cases where a 

quick training is needed and a good memory capacity is available. Alternatively, i.e. if 
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the time is not crucial and/ or the available memory capacity is not enough, sequential 

training algorithm can provide equally good results, as well. 

4.4.3 Scenario 3 – Normalization of the Variance of Data Samples  

4.4.3.1 Comparison of the Labeling Versions 

As well as in the first two scenarios of normalization, after the execution of all versions 

of the method with the same data files, the best one was selected with respect to the 

percentage of correct predictions of bitrate, for each version. Although the results of the 

numerous tests are not explicitly mentioned here, once more, the highest percentage of 

correct predictions was received by the FREQ version and thus this was the one that 

was used during this scenario as well. 

4.4.3.2 Selection of the Variables of Data Samples 

This phase of the scenario included again test cases during which the SOM was trained 

using the data files of Table 4.4. During this scenario, the highest percentage of correct 

predictions, as can be observed by Table 4.4, was equal to 74.6% and appeared in two 

test cases. The variables of the data samples of the first test case were the number of 

input and output packets and the RSSI (data file 3) while the second one included the 

number of input errors and the number of input bytes as well (data file 2). However, the 

test cases were further compared to each other with respect to the memory that would 

be required in case of applying data file 2 and 3, respectively. The used values with 

respect to the map size, the number of data samples and the number of the variables 

can be found in Table 4.11. Moreover, in the same table (last column) can be found the 

memory consumption that derives from this values when applying equation (18). Among 

the two test cases, the second one demands higher memory capacity than the first one.  

Table 4.11: Comparison of test cases 2 and 3 

Data File Map Size 

(m) 

Number of Data 

Samples (n) 

Number of 

Variables (d) 

Memory 

Consumption (Bytes) 

2 98 370 3 200944 

3 98 372 5 232464 
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As a result, the optimal choice between these two was the first one. Its variables 

(number of input and output packets and RSSI) were the ones that were used in the 

rest of this scenario. 

4.4.3.3 Selection of the Number of Data Samples 

In the sequence, tests with different number of data samples during the training process 

were executed. These tests were only varying to the size of the data file and definitely 

not to the variables that comprised the data samples. On the contrary, the used 

variables were the ones in which the analysis of sub-section 4.4.3.2 had resulted in, i.e., 

the number of input and output packets and the RSSI. According to the results, each 

increase of the number of data samples affected the results in a different way. The 

percentage of correct predictions of bitrate for each test case is depicted in the diagram 

of Figure 4.9 while the analysis of the latter reveals that the highest percentage was 

76.9% and appeared when the number of data samples was 668. This is also the 

number of data samples that were used for the next test cases of this scenario. 

 

Figure 4.9: Percentage of correct predictions of the bitrate according to the number of 

the used data samples-Scenario 3 
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4.4.3.4 Selection of the Parameters per Training Algorithm  

Finally, numerous tests were performed so as the best value of each parameter of both 

of the training algorithms to be defined. As soon as the optimal values of the training 

parameters of each training algorithm were selected, the comparison of the latter took 

place. The followed process is already known from the previous normalization scenarios: 

only one random parameter of Table 4.1 or Table 4.2 was changing at a time. When 

changing the value of this parameter resulted in no or slight alterations of the result, 

another random parameter was selected until all parameters had been examined. The 

best set of values of the parameters in the case of batch and sequential training 

algorithms are shown in Table 4.12 and Table 4.13, respectively, while Figure 4.10 and 

Figure 4.11 depict accordingly a) the predicted values of the bitrate, b) the real 

measured values of the bitrate and c) a comparison among the two above under this set 

of values.  

Table 4.12: Values of the parameters 

for the batch training algorithm-

Scenario 3 

Table 4.13: Values of the parameters for the 

sequential training algorithm-Scenario 3 

Neighbourhood function: Gaussian 

Rough Phase Fine-tuning 
Phase 

Initial radius 4 Initial radius 1 

Final radius 1 Final radius 1 

Training 
length 

2 
Training 
length 

10 
 

Neighbourhood function: Ep 

Length type: epochs 

Learning function: inv 

Rough phase Fine-tuning phase 

Initial radius 3 Initial radius 1 

Final radius 1 Final radius 1 

Training 

length 
8 

Training 

length 
20 

Initial alpha 0.5 Initial alpha 0.05 
 

Finally, the comparison of the training algorithms in this scenario of normalization in the 

context of their results, the required memory and the needed training time resulted in 

Table 4.14.  As a result, when the variance of data samples is normalized, batch training 
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algorithm is clearly the optimal choice if enough memory capacity is available. 

Alternatively, sequential training algorithm should be used.  

Table 4.14: Comparison of batch and sequential training algorithms in case of scenario 3 

 Percentage of 
correct predictions 

Memory 
consumption 

(Bytes) 

Training Duration 
(sec) 

Batch Training 
Algorithm 

78.9% 333264 < 1  

Sequential Training 

Algorithm 

77.5% 111088 – 166632  7 – 8  

 

 

Figure 4.10: Batch Training Algorithm: Predicted bitrate, Measured bitrate and a 

Comparison of the above. The symbol * depicts only the data samples which have 

different predicted and real values-Scenario 3 
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Figure 4.11: Sequential Training Algorithm: Predicted bitrate, Measured bitrate and a 

Comparison of the above. The symbol * depicts only the data samples which have 

different predicted and real values-Scenario 3 

4.4.4 Comparison of the Scenarios of Normalization  

Comparing the three scenarios, the last two scenarios demonstrate the highest 

percentage of correct predictions equal to 77.4 and 78.9 for the second and the third 

scenario, respectively. Moreover, since these percentages are quite close, further 

comparing points were needed before concluding to the optimal normalization scenario/ 

method. The additional comparing points were selected to be a) the number of data 

samples used for the training, b) the size of the map, c) the number and the type of the 

variables of the data samples and d) the memory consumptions. The comparison of the 

scenarios in the above mentioned points is summarized in Table 4.15 and reveals a 

number of data samples versus number and type of variables trade off. Thus, and 

because of the fact that the difference of the two percentages is rather small, the choice 

between these two scenarios is subjective. On the other hand, in cases of limited 



PhD Dissertation   Aimilia A. Bantouna 

 

99 

memory capacity, scenario 2 is preferred as the required memory is 266.8 Mbytes 

versus 333.2 Mbytes of the third scenario. 

Table 4.15: Comparison of the scenarios of normalization 

Scenario Percentage of 
correct predictions 

Number of 
Data Samples 

Map 
Size 

Number of 
variables 

Memory 
Consumption 

(Mbytes) 

1a 74.4% 617 130 3 345.2 

1b 75.4% 617 130 3 115.1-172.6 

2 77.4% 434 105 5 266.8 

3 78.9% 668 126 3 333.2 

4.5 Comparison with Supervised NN-Based Approach 

In this sub-section, specific supervised, NN-based techniques that were presented and 

assessed in [2] and [4] were chosen, so as to act as benchmarks for the above 

proposed SOM-based method. 

In particular, the solution proposed in [2] argues to assist the cognitive radios in 

selecting the desired radio configuration by predicting the achieved data rate of a set of 

candidate radio configurations. The study presents and evaluates two learning schemes, 

which are based on NNs namely, the basic and the extended one. The basic one 

referred to an Elman network [3] which was a two-layer back-propagation, recurrent 

network, with the addition of a feedback connection from the output of the unique 

hidden layer to the input layer. During the evaluation, the best test case was proved to 

be based on normalized data in the range of [0, 1] and on a training session that lasted 

for 300 epochs and used a set of 3000 training data. Finally, the Mean Square Error 

(MSE), which was the performance evaluation metric of this test case was equal to 

0.0100 when the training and the validation data set were the same. The extended NN-

based learning scheme comprised test cases using FF back-propagation, Elman, FTDNN 

and custom FF back-propagation NNs while the data of this scenario were normalized in 

the range of [-1, 1]. The lowest MSE for this scenario, equal to 0.0549 when the 

validation data set was a subset of the training data set, arose from the test case whose 

training lasted for 300 epochs and used a set of 2400 training data. Finally, it‟s worth 

mentioning that all the used learning schemes were supervised.  
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The work in [4] comprises also results from research that focuses on predicting the data 

rate according to the past knowledge of a network using NN-based schemes. In this 

research three scenarios are analyzed. In the first scenario the data rate is predicted 

based on past measurements. These measurements were firstly normalized in the range 

of [-1, 1]. Moreover, there are two types of NNs that were examined: the FTDNN and 

the Elman NN. Once again, the MSE was used as the main performance evaluation 

metric for the scenario. The best result taken from this scenario, when the evaluation 

data set was a subset of the training data set, was equal to 0.0194 and evoked in a test 

case of FTDNN whose training lasted for 100 epochs and the set of training data was 

50000. During the second scenario, the prediction of the data rate is based on 

enhancing the input layer with variables like the quality of the link and the signal 

strength of the wireless transceiver. All test cases that had been conducted used 

normalized data in the range of [-1, 1] and FTDNN. In this case, the best available 

network design pattern was the one whose training session had lasted for 10 epochs 

and had used a set of 5000 training data. The MSE, produced when the validation data 

was a subset of the training data, was 0.0468. Finally, the last scenario concerned the 

prediction of the actual achieved throughput in a short term fashion in environments 

that were rapidly changing. In order to do so, two sub-scenarios were distinguished. In 

both sub-scenarios, the prediction was based on the RSSI and the number of bytes 

transmitted but the prediction of the first sub-scenario concerned the instantaneous 

expected throughput while the prediction of the second sub-scenario concerned the 

average expected throughput, in a specific short period of time. Moreover, in both sub-

scenarios, different types of NNs (including Elman, linear and FF networks) were tested 

and the best available network design pattern was a FTDNN whose training session had 

lasted for 20 epochs and had used a set of 700 training data. Finally, in case of sub-

scenario 1, where the validation data set was a subset of the training data set, the MSE 

was equal to 0.0156 while in case of sub-scenario 2, where the validation data set was a 

subset of the training data set, the MSE was equal to 0.0092.  

As also mentioned in sub-section 4.4, the metric for the results of this study was the 

number of data samples whose bitrate was predicted correctly (expressed in percentage 

units). This metric is rather quantitative comparing to MSE. In order to have a 

qualitative metric as well and to be able to compare the results of the proposed method 
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with the results of the above mentioned researches the MSE of the best scenarios of this 

study (scenario 2 - normalization of the parameters of data samples and scenario 3 - 

normalization of the variance of data samples) were also calculated. The MSE of the 

best case of scenario of normalization of the parameters of data samples is equal to 

0.0346 while the MSE of the best case of scenario of normalization of the variance of 

data samples is equal to 0.0312. 

Table 4.16: Comparison with other NN-based techniques (supervised) 

Scenario / Paper 
Training 

Data Set 
Epochs MSE 

1st scenario of [2] 3000 300 0.0100 

2nd scenqario of [2] 2400 300 0.0549 

1st scenario of [4] 50000 100 0.0194 

2nd scenario of [4] 5000 10 0.0468 

1st sub-scenario of 3rd scenario of [4] 700 20 0.0156 

2nd sub-scenario of 3rd scenario of [4] 700 20 0.0092 

2nd scenario of the dissertation (section 4.4.2) 434 1+9=10 0.0346 

3rd scenario of the dissertation (section 4.4.3) 668 2+10=12 0.0312 

Table 4.16 summarizes the above mentioned information regarding the number of the 

data samples, the training epochs and the MSE for each scenario. This information is 

also exploited for comparing the considered approaches. To begin with, the basic 

comparing point was the achieved MSE per approach. Comparing the results of this 

approach with those of [2] and [4], there are 4 scenarios whose MSE is lower than that 

of the studied scenarios in sub-section 4.4. These scenarios are the 1st one of [2], the 

1st one of [4] and the two sub-scenarios of the 3rd scenario of [4].  

On the other hand, in all cases (apart from the 4th one, i.e. 2nd sub-scenario of the 3rd 

scenario in [4], which in any case has higher MSE than that of the proposed method) 

the epochs needed for training the corresponding NN, i.e., for building the knowledge, 

were significantly more than the epochs required for training the SOM. This significant 

difference of required epochs (time) for the training proves to be of high importance 

when a method is destined for online training. It should be noted here that when 

calculating the number of the epochs in the case of the proposed method, both rough 

and fine-tuning phases should be taken into account. For example, in the case of the 

2nd scenario of this study, the number of epochs is 1 for the rough phase and 9 for the 

fine-tuning phase resulting in 10 epochs in total.  
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Moreover, when comparing the scenarios with respect to the number of the data 

samples, it appears that in all NN-based schemes more training data are required for 

achieving so low MSE. This turns out to be a disadvantage of these schemes in the lack 

of training data. Finally, the proposed approach enforces the possibility of using more 

variables without demanding changes on the network design pattern.  

Summarizing the above conclusions, even if there are cases where SOM demonstrates 

worst results, in terms of higher deviation (MSE) than other supervised NN-based 

schemes, the former performs better in terms of needing less training data and epochs 

and also offering higher design flexibility.  

4.6 Comparison with Bayesian statistics Approach 

This sub-section compares the SOM-based approach studied in sub-sections 4.3-4.4 

withe the Bayesian statistics approach proposed in [8]. In this approach, the mechanism 

is based on the correlation of candidate transmitter configurations with the QoS, in 

terms of bit rate, that is offered by the network given this configuration. In particular, 

the learning mechanism exploits the knowledge and the past experience by enforcing 

them with Bayesian statistics techniques suitable for reasoning about probabilistic 

relationships [9]-[11]. 

More specifically, since the goal is to associate different configurations of a transmitter 

with the bitrate, the probability to obtain a specific network capacity BRi given the 

configuration CFGi is calculated. This calculation and its frequent update constitute the 

basis of this technique. The update of these relies on approaches suggested in [9] and 

[11]-[13]. 

To begin with, using the Shannon theorem and gathering the necessary information for 

each configuration makes it possible to calculate the available bit rate for each 

configuration. Furthermore, using all possible combinations of configurations and bit rate, 

conditional probabilities of the form Prkj[BRk|CFGj] can be calculated. These probabilities 

are then organised in conditional probability tables (CPTs) of the form of Table 4.17. In 

these CPTs each column represents a different configuration while each row corresponds 

to a different reference value of bit rate. These reference bit rates comprise the set of 

available BRs which in this case was selected to be discrete [14]. 
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Table 4.17: Example of CPT 

BR .... cfgi .... 

br1 .... 
1Pr[ | ]iBR br CFG cfg   .... 

br2 .... 
2Pr[ | ]iBR br CFG cfg   .... 

.... .... .... .... 

brj .... Pr[ | ]j iBR br CFG cfg   .... 

.... .... .... .... 

br|M| .... 
| |Pr[ | ]iBR br CFG cfg   .... 

Finally, using the CPTs, the paper identified the most probable bit rate given a 

configuration by associating to the highest conditional probability in the respective 

configuration column.  

Comparing the two approaches presented for learning network capabilities, Bayesian 

statistics offer also the possibility of online training. The latter abstracts the necessity of 

explicitly storing past observations, a feature that doesn‟t exist in SOM. As a result, the 

approach minimises the required memory capacity and thus it could also be applied from 

a user device perspective. If so, then the device would become for example capable of 

certifying that the offered network capability indeed reaches the value that is claimed by 

the network. 

4.7 Conclusions 

Going through numerous test cases the achieved correct predictions of the bitrate 

reached the percentage of 78.9% of the tested data samples. Such a method is 

expected to assist CRS to choose among the different candidate configurations by taking 

into account the predictions of the bitrate that can be achieved. Finally, conducted 

experiments revealed that there exist cases in which the proposed method exhibits 

better performance when compared to some supervised NN-based learning schemes 
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available in the literature, while at the same time, the use of SOM technique in the 

proposed method offers the native flexibility in changing the number and/or the type of 

the variables without demanding changes in the network design pattern. Bayesian 

statistics can offer a more light-weighted approach in terms of storage requirements and 

thus complementary from the user device side.  
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5 COGNITIVE DATA ANALYTICS OF WIRELESS WIDEBAND 

INFRASTRUCTURES 

 

5.1 Chapter Outline 

This chapter presents mechanisms related to the analysis of data related to the traffic of 

either a core or an access wireless network. In particular, two mechanisms are proposed 

and evaluated hereafter. The first mechanism is building knowledge on the traffic of a 

core network and predicts how possible it is to run on a congested link. The data 

exploited in this mechanism are directly monitored by the network, i.e., refer to network 

parameters, and thus allow narrow timeslots for proactively overcoming a congested 

link. On the other hand, the second mechanism builds knowledge with respect to the 

traffic of the access network but takes into account human-oriented parameters (e.g., 

time, date, location, etc.) as well, allowing to also foresee more long-term situations and 

adjust the network parameters accordingly. 

5.2 Prediction of Congestion Levels of a Core Network Link 

5.2.1 Problem statement 

Congestion is only one of the reasons that can cause failure to transfer data and is 

highly connected to the number of the users and the types of services that are willing to 

use. However, the trend of a link towards congestion can also be implied by other things, 

e.g., increases on the rate of losing packets in a specific link. Other such variables are 

traffic load of the selected area (in terms of either number of sent packets or Bytes or 

number of users), queue length and time that is required for a packet to leave the node 

(delay). Empirically, we can assume that an increase on the values of these variables 

brings the link closer to congestion but we cannot exactly evaluate the limits of 

congestion (e.g., how far from or close to congestion the link is or even if it is already 

congested), especially when variables that are concerned are more than one. 
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Additionally, variables such as the used window size, the available buffer and of course 

the capacity of the link also influence these limits in the opposite direction. 

The study presented in this sub-section of the dissertation refers to a mechanism that 

builds knowledge on the relationship between these variables and exploit it for 

predicting the possibility of congestion under a context described through these 

variables. In particular, the mechanism is based on the unsupervised learning technique 

of SOMs (see section 3.4) and its function has two phases: a) pattern recognition of 

congestion with respect to a combination of the above described variables (some or all 

of them) and b) prediction of congestion.  

In particular, the past events of congested links are used so as to model representative 

data and define reusable congestion patterns, for micro or macro events. Towards this 

direction event/parameter correlation algorithms were the key of such a process. 

5.2.2 The technique 

During the first phase of the mechanism, pattern recognition of congestion, SOM was 

used for training maps to depict the relationship between the variables which describe 

the context and the respective possibility of congestion. For making visible the 

congestion of the data samples on the map, labels and colours, that reveal how close to 

congestion the link is, were used.  

Moving to the next phase where the prediction of the congestion takes place (Figure 

5.1), a new data sample, the congestion possibility of which is to be predicted, can be 

mapped on the recognized pattern of the data using again SOM. When the data sample 

is mapped, and due to the ability of  SOM to map similar data samples close to each 

other, the new data sample is expected to be similar to those that are mapped to 

neighbouring cells. Thus, its congestion level is expected to be the same with most of 

them.  

A mathematical model for transforming the visual incentive to content that is able of 

being recorded or exchanged through a message is required. Towards this direction an 

approach that involves the categorization of the data sample only according to its first 

(cells that contact the BMU) or second neighbours (cells that contact the first neighbours) 
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was followed.  According to this approach, the data sample belongs to that cluster 

where most of the surrounding cells belong to.  

 

Figure 5.1: Overview of congestion prediction phase of the mechanism. 

Finally, for the evaluation of the technique, unseen data, in terms of not have been used 

during the training of the map and pattern recognition, were used. The congestion level 

given this context was predicted and the predictions were compared to the real state of 

the system. The metric that was used for the evaluation of the technique was the 

percent of correct predictions.  

5.2.3 Results 

The technique that was developed and applied was based on a hybrid SOM, and 

particularly on a Parameterless-Growing SOM (PLGSOM). Moreover, the data that were 

used included some or all of the variables shown in Table 5.1, some of which were 

directly monitored while others of them need pre-processing for retrieving their values. 

However, in the absence of real data, the data, that were used, were derived from 

simulating a topology with Network Simulator version 2 (NS-2). More specifically, the 

simulated topology is the one depicted in Figure 5.2. In this topology, the main traffic 

comes from VoIP services and TCP and UDP packets. 
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Table 5.1: Variables that were/could be used for the tests 

Variable Description Type of data 

BytesIn  incoming to the link Bytes in the timeslot 
idt  Monitored data 

( )d BytesIn  trend (derivative) of incoming to the link Bytes, 

1
( )

i ii t td BytesIn BytesIn BytesIn


   

Pre-processed 

data 

( )dd BytesIn  Second derivative of incoming to the link Bytes, 

1( ) ( ) ( )i i idd BytesIn d BytesIn d BytesIn    

Pre-processed 

data 

LinkCap  link capacity in Mbps Monitored data 

LinkU  Required link capacity for serving all traffic,  

  

Pre-processed 

data 

( )d LinkU  trend (derivative) of LinkU ,   

 

Pre-processed 

data 

( )dd LinkU  Second derivative of LinkU , 

1( ) ( ) ( )i i idd LinkU d LinkU d LinkU    

Pre-processed 

data 

 incoming to the link packets for the timeslot idt  Monitored data 

 
trend (derivative) of incoming to the link packets, 

1( )i i id PktsIn PktsIn PktsIn    

Pre-processed 

data 

 
Second derivative of incoming to the link packets, 

1( ) ( ) ( )i i idd PktsIn d PktsIn d PktsIn    

Pre-processed 

data 

 
Average number of packets (queue size) in the Monitored data 

6

8

10

i

i
i

i

BytesIn

dt
LinkU

LinkCap






1( )i i id LinkU LinkU LinkU  

PktsIn

( )d PktsIn

( )dd PktsIn

AvQSize
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buffer during idt , 1

( )
i

i

t

t

i

i

QSize t dt

AvQSize
dt




 

 
trend (derivative) of queue size AvQSize , 

1( )i i id AvQSize AvQSize AvQSize    

Pre-processed 

data 

 
Second derivative of AvQSize ,

1( ) ( ) ( )i i idd AvQSize d AvQSize d AvQSize    

Pre-processed 

data 

 
Maximum queue size before first drop occurs, i.e. 

buffer size 
Monitored data 

 
Queue Utilization in terms of percent of buffer in 

use,  

Monitored data 

 trend (derivative) of queue utilization, 

1( )i i id QueueU QueueU QueueU    

Pre-processed 

data 

 
Second derivative of queue utilization, 

1( ) ( ) ( )i i idd QueueU d QueueU d QueueU    

Pre-processed 

data 

 Number of dropped packets in timeslot idt  Monitored data 

 Percent of dropped packets in idt , 

 

Monitored data 

 
trend (derivative) of DropRatio , 

1( )i i id DropRatio DropRatio DropRatio    

Pre-processed 

data 

( )d AvQSize

( )dd AvQSize

MaxQSize

QueueU

i
i

i

AvQSize
QueueU

MaxQSize


( )d QueueU

( )dd QueueU

Drops

DropRatio

i
i

i

Drops
DropRatio

PktsIn


( )d DropRatio
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( )dd DropRatio  Second derivative of DropRatio , 

1( ) ( ) ( )i i idd DropRatio d DropRatio d DropRatio    

Pre-processed 

data 

 Congestion Level of the link, in terms of labeling 

how congested the link is: 

 

Monitored data 

nextConLvl  Congestion level of the next timeslot idt , 

1i inextConLvl conLvl   

Pre-processed 

data 

 

 

Figure 5.2: Network topology which was used during the simulation. 

The under question regarding its congestion link is the link between the nodes 0 and 2, 

i.e., LSR0 and LSR2 and thus the monitored data refer to data incoming to node 0 (LSR0) 

with destination to node 2 (LSR2), attributes of node 0 or the link itself.   
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Using the data that were derived from this simulation and different combinations of the 

above described variables (Table 5.1) different test cases were created. Among these 

the best performance was achieved when BytesIn , ( )d BytesIn , LinkCap , AvQSize ,   

MaxQSize  and DropRatio  were used. It is also important to note that the congestion 

level that was used as labelling for the visualization of the data sample on the map was 

selected to refer to the next timeslot since our objective was to predict the congestion 

and thus the next state of the system. The respective map that was created when 

training SOM can be shown in Figure 5.3 while the corresponding percent of correct 

predictions is 86.6%. 

 

Figure 5.3: SOM depicting the congestion levels (0 in blue labels when the link can serve 

all the traffic, 1 in green labels when some packets drop but yet is not treated as a 

congested link and 2 in red labels when the link is expected to become congested) of 

the under question link 
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5.3 Prediction of Network Traffic 

5.3.1 Problem Statement 

This study addresses 2 challenges: 

1. the need for a mechanism that will analyze Big Data, build knowledge upon them 

and decrease the data that will eventually need to be stored; 

2. the need for short- and long-term predictions of network load in order to 

enhance decision making mechanisms that dynamically plan the resources of the 

network and manage it. 

Towards this direction, the study uses the unsupervised machine learning technique of 

SOMs (see sub-section 3.4) in order to build knowledge on network load and reduce the 

storage requirements, i.e., the volume of the data that will need to be stored. In 

particular, according to the SOM theory (see also section 3.4), the SOM technique maps 

multi-dimensional data onto 2D maps. This means that the dimensions of the data 

decrease from many to 2.  

It also proposes a mechanism that exploits this knowledge to predict network load in the 

near and distant future. SOMs, as defined by T. Kohonen, receive multi-dimensional 

data, i.e., data that come from diverse sources and clusters them based on their 

similarity. This clustering eventually allows the mechanism to keep only some 

representative data and discard the rest without any loss of information. A mechanism 

that exploits this knowledge to predict the load that will be encountered in the near or 

distant future is proposed and validated.  

In other words, using a SOM is expected to enhance Big Data management in terms of 

(a) handling data from different sources, composing and treating them as data samples; 

(b) decreasing the amount of data during the transition of multiple dimensions to two 

when representing the multi-dimensional data on 2D maps; and (c) decreasing the 

storing requirements since a representative sample of the data (only the most 

informative instances, i.e., instances that are very different to the currently observed 

ones) along with the clusters of the map are enough to maintain all the information. 
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In order to also support long term predictions of load, the mechanism builds knowledge 

using not only network parameters but parameters coming from other sources as well. 

In particular, network load patterns are expected to be related to the area in which the 

network load is observed and shows the time, the day, the weather, and the features of 

the days. For example, in southern countries the load in an entertainment area will 

probably decrease on a rainy day as most people would prefer staying at home rather 

than going outside. Moreover, user habits and thus, load patterns may differ among 

countries, e.g., in northern countries, user preferences for going out (in an 

entertainment area) may not be directly influenced by the weather. Accordingly, load 

would be expected to decrease in business areas during a weekend or a (bank) holiday 

while load in domestic or entertainment areas would most likely increase in similar cases. 

The above statements/examples are only qualitative estimations and do not necessarily 

apply in all cases. Therefore, more quantitative study and validation is needed to also 

facilitate the use of the predictions in dynamic network management and resource 

planning. 

In a nutshell, this study proposes a tool that is capable of (a) using Big Data in terms of 

collecting and processing past observations/measurements of diverse sources; (b) 

building knowledge on the network load that is observed with respect to the past 

observations; (c) exploiting the knowledge obtained so as to predict the network load 

under predefined conditions; and thus, (d) offering insights into decision making 

mechanisms, which are responsible for dynamically managing network resources and 

guiding potential reconfigurations of the network. 

5.3.2 The Tool 

The proposed tool is divided into two phases consisting of one mechanism for each 

(Figure 5.4) and is tested on a network of Wi-Fi hotspots. During the first phase, the 

mechanism collects observations/data with respect to the observed network load, the 

Wi-Fi hotspot, the timestamp, the weather, and the selected feature of the day. One or 

more of the following parameters are used as input depending on the considered 

scenario: (i) the area/access point (AP0, AP7, AP8, AP37, AP64 or AP66) expressed in a 

6D variable that consists of 0s and 1s depending on the access point from which the 

observation was received, e.g., 100000 for AP0 or 001000 for AP8; (ii) the time 
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expressed in minutes (0-1440 minutes); (iii) the day (Sunday to Saturday) expressed in 

a 7D variable that consists of 0s and 1s (similarly to the access points, e.g., 1000000 for 

Sunday or 0001000 for Wednesday); (iv) the week of the year expressed as an integer 

(1-52); (v) the mean temperature of that day in Celsius; (vi) the precipitation of that 

day in millimeters; (vii) (bank) holidays expressed in a boolean way (0 or 1); and (viii) 

the observed load from the access point to the end users under these circumstances in 

Mbps. These data are then processed/ combined so as to transform to information of 

interest for the NO, i.e., to knowledge, with respect to the pattern that the load exhibits 

at a given area in the period of time and/or to the environmental conditions and/or the 

(bank) holidays.  

Given the self-similarity nature of network traffic, i.e., the fact that the pattern (when 

and how the load increases and/or decreases) slightly changes, learning the pattern is 

expected to offer insights into the load to be encountered in the future (near or distant) 

at this area. In particular, this knowledge becomes available and is provided to the NO 

when the latter triggers the second mechanism, i.e., the proposed load prediction 

mechanism, through a request that specifies some or all of the following parameters 

(depending on which were used during the 1st phase): (i) the area/access point, (ii) the 

time, (iii) the day, (iv) the week of the year, (v) the expected mean temperature, (vi) 

the expected precipitation, and (vii) if the day of interest is going to be a holiday or not. 

Alternatively, the trigger could include only the area/access point, the time and the date, 

leaving the rest of the information to be completed by a preprocessing module that 

would receive them from e.g., a calendar RSS feed.  

Consequently, the load prediction mechanism that uses the knowledge on the traffic 

pattern of all the areas with respect to the time and the considered parameters is able 

to predict the network load. These predictions are returned to the NO expressed in Mbps 

and followed by a percentage that designates the certainty of the mechanism with 

respect to this prediction, i.e., the probability of being correct. Sub-sections 5.3.2.1 and 

5.3.2.2 present the two mechanisms of the tool, i.e.,  

a) the knowledge building and data minimization mechanism, which is capable of 

handling large amounts of data coming from long time-windows, i.e., multiple 
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months and diverse sources and which derives useful and meaningful, higher 

level information regarding the load of the network; and  

b) the learning-based mechanism for a load prediction mechanism that will predict 

the load in the future and provide the NOs with such an insight.  

 

Figure 5.4: Phase 1 (upper part of the figure): Building knowledge on the pattern of the 

load; (b) Phase 2 (lower part of the figure): Use of the built knowledge for predicting 

the load. 
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5.3.2.1 Knowledge Building and Data Minimization  

In order to build knowledge from the past experience of the network and not only from 

its current state, this mechanism needs to include a machine learning technique. The 

selected technique in this study is SOM (see sub-section 3.4).  

In the context of this study, the dimensions of the data reach up to 19 (depending on 

the scenario) and comprise 6 dimensions for the area/access point, 1 for the time, 7 for 

the day, 1 for the week, 1 for the mean temperature, 1 for the precipitation, 1 for 

holidays and 1 for the load. The analysis of these dimensions for scenarios 2 and 3 is 

summarized in Table 5.2 while the respective dimensions for scenario 1 are depicted in 

Table 5.3.  

It should be noted here that, although the total number of parameters that were used 

for each data sample is 19, only 18 of them were used for the creation of the clusters 

and the knowledge building, i.e. the components of the vectors were only 18. The 

measurements of the load (19th parameter/dimension) have been incorporated in the 

data sample only to be used later during the load prediction. 

The mechanism proposed in this sub-section is based on a hybrid SOM, namely the 

PLGSOM as defined in [1], i.e., a version that is capable of adjusting both its size and its 

learning parameters. This occurs in order to enhance its performance and to allow the 

use of the technique without requiring a priori knowledge of the data set that will be 

used and/or human intervention to test and specify the optimal value of the algorithmic 

parameters. The less the parameters that need to be tuned, the more self-adaptable the 

technique. In this context, a parameterless growing SOM is more appropriate for online 

learning mechanisms in self-adaptive/autonomic systems, like the ones envisaged for 

future networks. Here, it is used for building the knowledge that is represented by a 

map similar to the one in the final phase of Figure 5.4. 

In addition to this, and in order to verify the improved performance of the PLGSOM 

compared to the parameterless SOM, their performances were tested using the same 

data sets and comparing one to the other. The performance metric that was used is the 

MSE. In an indicative test case, the MSE when using the PLGSOM was equal to 0.000553 
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while in the case of the parameterless, the MSE was equal to 0.000563. This shows that 

the PLGSOM performs even better than parameterless SOM. 

Table 5.2: Summary of the input variables, their dimensions, and the parameters 

Variable Dimensions Parameters 

Access Point 6 AP0, AP7, AP8, AP37, AP64, AP66 

Time 1 T 

Day 7 Sun, Mon, Tues, Wed, Thur, Fr, Sat 

Week of the year 1 WoY 

Mean Temperature 1 MT 

Precipitation 1 P 

Holiday 1 H 

Load 1 L 

5.3.2.2 Learning-based Mechanism for Load Prediction  

As explained in Sub-section 5.3.2.1, the SOM technique is used to build the knowledge 

on the load that is observed with respect to the geographical area, the time, the day, 

the week, the mean temperature, the precipitation, and the (bank) holidays. The load 

prediction is made based on this knowledge. In particular, the prediction is based on the 

fact that when mapping new data samples on the designed map, the new data sample is 

expected to be mapped among similar ones. Thus, knowing the load that was observed 

with those data samples, one can safely predict the load that is related to the new data 

sample. More precisely, the predicted value of the load is considered as equal to the 

mean value of the loads that have been mapped on the specific cell where the new data 

sample was mapped. In order for this to be accomplished, the load prediction requests 

should be in the form of a message consisting of similar input parameters to those used 

during the training of the map. 
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Moreover, the load prediction is followed by a percentage C that designates the certainty 

of the mechanism with respect to this prediction, i.e., the probability of being correct. 

This percentage is calculated by (5.1), where ζ and ∆L are the standard deviation and 

the range of the loads that have been mapped on the cell on which the data sample in 

question was mapped, respectively. 

 

(5.1) 

This percentage can also be used as a trust metric, i.e., as a metric of moving forward 

with or without this prediction. For example, if a network operator received an answer of 

the form (10, 99%) that would inform him that the load for this context will be 10 Mbps 

with a certainty of 99%, then he would most probably move forward with this prediction. 

On the other hand, if he received an answer like (100000, 40%), which informs him that 

the mechanism predicts a 100Gbps load but is only 40% sure of this prediction, then the 

network operator probably would decide to avoid any reconfiguration as he is not that 

sure of this prediction. 

Additionally, the mechanism is capable of providing insight with respect to the future 

load of an area either in a time period equal to the observation interval time or for 

longer time periods by calculating the average of the network load for them. In other 

words, the request includes the following parameters: (i) the area/access point in 

question AP; (ii) the time period in question (T0 - first minute of the period and Tf – last 

minute of the period); (iii) the day in question- DayID; (iv) the week of the year in 

question- WoY, e.g., 28th week of the year; (v) the expected temperature of that day - 

T; (vi) the expected precipitation – P; and (vii) if it is going to be a holiday or not - H. 

Thus, the request will be formed as LInitReq(AP, T0, Tf, DayID, WoY, T, P, H). 

This request (from now on called initial request) is then broken into more requests, 

equal to the number of times that the time interval of the observations fits in the 

requested period. For example, if the period is 1 hour and the time interval is 15 

minutes, then the initial request is split in 4 new requests. These requests, consisting of 

(i) the area/access point in question- AP, (ii) the time in question- tk, (iii) the day in 

question- DayID, (iv) the week of the year in question- WoY, (v) the expected 
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temperature of that day - T, (vi) the expected precipitation – P, and (vii) if it is going to 

be a holiday or not - H are formed as LReq(AP, tk, DayID, WoY, T, P, H), and are 

mapped on the created SOM. The load of each request is equal to the mean value of the 

loads that had been mapped on the specific cell during the knowledge building phase.  

Thus, the SOM will return the load prediction Ln in Mbps and the probability of being 

correct is the mechanism of this prediction in percentage Cn through equal (in the 

number) responses of the form LRes(AP, tk, DayID, WoY, T, P, H, Ln, Pn). Finally, the 

mechanism responds to the request by sending back an aggregated response that 

consists of (i) the area/access point - AP; (ii) the day - DayID; (iii) the week of the year 

- WoY; (iv) the expected temperature of that day - T; (v) the expected precipitation - P; 

(vi) if it is going to be a holiday or not - H; (v) the first minute T1,0 and the last minute 

T1,f of the 1st sub-period of the time period in question which is comprised of minutes 

with an equal load; (vi) the load prediction of this sub-period L1; (vii) how certain the 

mechanism is of this prediction C1; (viii) the first minute T2,0 and the last minute T2,f of 

the 2nd sub-period of the time period in question; (ix) the load prediction of this sub-

period L2; (x) how certain the mechanism is of this prediction C2, etc., i.e., the final 

response is in the form of LFinRes(AP, DayID, WoY, T, P, H, T1,0, T1,f, L1, C1, T2,0, T2,f, L2, 

C2, ......, Tn,0, Tn,f, Ln, Cn).   

The above described process with an indicative example is depicted in Figure 5.5. 

According to the example, let‟s assume that the initial request was “what will the load be 

at AP0 (100000) during the period that starts from the 480th minute of the day and 

ends at the 600th minute of the day, on Monday (0100000), the 28th week of the year 

given the fact that the temperature will be 30oC, it won't rain, and will not be a holiday?”. 

Thus, the request would be LInitReq(100000, 480, 600, 0100000, 28, 30, 0, 0). The 

mechanism will split this initial request in 8 new requests, one for each time that the 

interval time (15 minutes) fits in the time period of 120 minutes, i.e., will split the initial 

request to 8 new ones of the form LReq(100000, 480 < tk < 600, 0100000, 28, 30, 0, 0)  

and map them. For each such request, the SOM will send a response similar to 

LRes(100000, 480 < tk < 600, 0100000, 28, 30, 0, 0, 10, 90). Finally, assuming that the 

load level prediction will be 10 Mbps for the period 480-570 with a certainty of 90% and 

130 Mbps for the period 570-600 with a certainty of 80%, the mechanism will respond 
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to the request with the following aggregated response: LFinRes(100000, 0100000, 28, 

30, 0, 0, 480, 570, 10, 90, 570, 600, 130, 80). 

 

(a) 

 

(b) 

Figure 5.5: Load Prediction Mechanism: An example: (a) a long request is treated as 

many “15-minute” requests, which are then (b) aggregated in one “Final” Response. 

5.3.3 Scenario 1: Prediction of Network Traffic based on Time, Day, 

Location and Weather Conditions 

In this scenario, the data that are used for the training of the map comprise i) the 

timestamp (in k-th minute of the day in UTC time zone), ii) the day (Monday, Tuesday, 

etc.) described in a binary format of zeros and aces e.g., 1000000 for Monday, 0100000 

for Tuesday, etc., iii) the type of the area (e.g. residential or social areas) in a binary 

format as well, iv) the temperature of the area during that day in Fahrenheit, v) the 

precipitation of the area during that day in inches and vi) the network load that was 

observed in this area during the specific day and time in the past. These 5 variables are 

described by 17 components in total (1 for the timestamp, 7 for the day, 6 for the type 

of the area, 1 for the temperature, 1 for the precipitation and 1 for the network load) 

which consist the 17 dimensions of the data. 
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5.3.3.1 Data and Data Pre-processing 

Part of the data file that was used for validating the mechanism was retrieved by 

CRAWDAD database [2]. In particular, the retrieved by [2] dataset refers to data 

collected in the Dartmouth College every 5 minutes from over 450 access points that are 

used from several thousand users of the college [3]. The exact trace can be downloaded 

by [4] and reflects the use of the access points during fall 2003 and 2004, i.e., from 

November 1st, 2003 up to February 29th, 2004. From this trace, the timestamp, the 

incoming Bytes and the type of the building that hosted the access point were exploited.  

In order to complement the data file with information related to the environmental 

circumstances, data were also retrieved from [5]. Using a custom Java tool, the mean 

temperature and the precipitation of each day from November 1st, 2003 up to February 

29th, 2004 for the area of Hanover, New Hampshire, i.e., the area where the Dartmouth 

College is located, were extracted.  

The information retrieved from the two aforementioned sources was combined, pre-

processed and eventually fed to the mechanism for training the SOM and building the 

respective knowledge. Moreover, subset or the entire data file was also used during the 

validation of the mechanism, i.e., during the prediction phase of the mechanism, 

depending on the type of the test that was performed each time (see also sub-section 

5.3.3.2). 

Before using the retrieved data and in order to create the needed data files a pre-

processing phase took place. This pre-processing phase targets at i) transforming the 

information in a form recognizable and exploitable by SOM and ii) normalizing the data. 

Since SOM recognizes and exploits vectors, data needed to be transformed accordingly. 

Towards this direction, data were grouped in data samples, each of which contained 1 

value for each variable. Moreover, each variable could be described by one or more 

components. In particular, the description of the variables can be found in Table 5.3. 
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Table 5.3: Variables: their Components and their Units 

Variable Components Ubits/Potential Values 

Time  1: minute of the day Net number from 0-1440, UTC time zone 

Day 
7: mon, tues, wed, thur, 

frid, sat, sund 

Boolean (0/1), 

All the components are equal to 0 apart 

from the component that corresponds to 

the day which is equal to 1, e.g. if it is 

Tuesday then all the components are 

equal to 0 apart from “tues” which is 

equal to 1, i.e., the variable has the value 

0100000. 

All the potential values are: 

1000000 for Monday 

0100000 for Tuesday 

0010000 for Wednesday 

0001000 for Thursday 

0000100 for Friday 

0000010 for Saturday 

0000001 for Sunday 

Location 
6: Adm, Athl, Lib, Acad, 

Res Soc 

Boolean (0/1), 

All the components are equal to 0 apart 

from the component that corresponds to 

the type of the building that hosts the 

access point which is equal to 1, e.g. if 

the access point is hosted in a residential 

building of the campus then all the 
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components are equal to 0 apart from 

“res” which is equal to 1, i.e., the variable 

has the value 000010. 

All the potential values are: 

100000 for Administrative buildings 

010000 for Athletic buildings 

001000 for Libraries 

000100 for Academic buildings 

000010 for Residential buildings 

000001 for Social buildings 

Temperature 1: temperature Fahreneit 

Precipitation 1: precipitation Inches 

network load 1: network load bps 

As it can be seen in the same table, the variables that needed more than one 

component in order to be described were variables that cannot be numerically organized 

or ranked. Thus, they needed an ID instead. On the other hand, numerical IDs from 1 to 

7 could not be used either since this would imply e.g. that Monday‟s distance from 

Thursday is of higher importance than the distance between Monday and Tuesday, i.e., 

Monday differs more from Thursday than from Tuesday or that Friday's offered load 

pattern is more similar to Saturday's than it is to Monday‟s, which is something we 

cannot assume nor can we assume that there is a linear relationship between days of 

the week (1 through 7) and the observed network load. An efficient way of overcoming 

this issue was to describe such variables using more than one boolean components. This 

way, distances between e.g. the days are equal to each other (equal to √2). 

Finally, before closing the pre-processing phase of the data, data had to be normalized. 

In particular, each of the components was normalized in [0, 1]. 
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5.3.3.2 Results 

This mechanism is proposed in the context of both predicting network load and of 

contributing to “Big Data” management, thus metrics that address both aspects have 

been considered. Regarding the 1st aspect, one comparative diagram for each type of 

buildings is provided. However, in order to have more quantitative metrics as well, MSE, 

Root Mean Square Error (RMSE) and Mean Absolute Error (MAE) have also been used to 

showcase how close the predicted and the real values of the load are.  

Moreover, two types of tests were performed. The first one used the same data samples 

for both training and validating the mechanism. In other words, the data samples that 

were used during the knowledge building phase and the load prediction phase of the 

mechanism were the same. This type of tests provided a validation of the mechanism to 

seen/ known data samples, i.e., to seen/ known circumstances.  

The 2nd type of tests, targeted at providing validation of the mechanism to unknown or 

at least not completely known situations. Thus, the tests involved different data samples 

during the knowledge building and the prediction phase of the mechanism. This type of 

tests is of even higher interest since they validate the mechanism in a context closer to 

the real working environment.  

Regarding the 2nd aspect, i.e., the contribution of the mechanism to the “Big Data” 

management, indications with respect to how the decrease of the volume of data and 

thus decrease of the required storage has been accomplished are presented. 

5.3.3.2.1 Knowledge Building – SOMs 

The first issue that the mechanism deals with is knowledge building. The knowledge that 

is built is about the load that has been observed in the past with respect to the time, the 

day, the building of the campus, the mean temperature and the precipitation of the area 

during each day. Towards this direction, the mechanism exploits the SOM learning 

technique which depicts the data samples on a 2D map.  Examples of such maps are 

depicted in Figure 5.6 and Figure 5.7. 

In particular, Figure 5.6(a) depicts the map where one could observe the variations of 

network load: the darker the area of the map, the higher the load that had been 
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observed under the context that is described from the mapped data samples. On this 

map it is also easy for someone to identify the separate groups of data, i.e. the different 

clusters. On the other hand, Figure 5.6(b) depicts a map that in known as U-matrix. A 

U-matrix presents only the clusters that have been created without focusing on any of 

the variables of the data samples. Using component maps, i.e. maps that focus on 

particular variables of the data samples, information about the type of the building that 

hosted the access points and exemplary information about the days has been added on 

top of the U-matrix. 

  

(a) (b) 

Figure 5.6: (a) SOM colored with respect to the network load: the darker the area, the 

higher the network load that has been observed in the past under the specific context 

that corresponds to the mapped data samples. (b) Created clusters on top of a U-matrix. 

Although visualization of the maps per se is very interesting, the added value of the 

maps is in their combining for obtaining valuable information. Observing Figure 5.6(a) 

and Figure 5.6(b) in parallel one will notice that high load is monitored in specific types 

of buildings and not in all of them. More specifically, high load can mainly be seen in the 

residential and academic buildings. Enough load is also served by access points in 

libraries but still not that much as in the first two types of buildings. On the other hand, 

network load in athletic, administrative and social buildings is low when compared to the 

first three types of buildings. 
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(a) (b) 

 

(c) 

Figure 5.7: Component maps for (a) the time of the day, (b) the temperature and (c) 

the precipitation. 

Component maps focusing on the time of the day, the mean temperature and the 

precipitation can be found in Figure 5.7. In particular, Figure 5.7(a) presents the 

component map that is related to the time of the day.  The darker the cells the more 

advanced the time in the day (closer to midnight in the UTC time zone). Combining the 
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information that is hold in Figure 5.6(a), Figure 5.6(b) and Figure 5.7(a) someone can 

make interesting remarks with respect to when the network is more loaded in a given 

type of buildings. For example, focusing on the areas that are highlighted in Figure 

5.7(a), highly loaded time zone for the residential buildings starts in the late afternoon 

(in UTC time zone) and stops in the early morning of the next day (in UTC time zone). 

Accordingly, for academic buildings the more loaded time zone is from the early 

afternoon (in UTC time zone) until the end of the day (in UTC time zone). Transforming 

these observations in the time zone of Hanover, New Hampshire would result in the fact 

that highly loaded time zones are a) late afternoon until around midnight for the 

residential buildings and b) midday until the afternoon for the academic buildings. 

Moving to Figure 5.7(b) and Figure 5.7(c), the temperature and the precipitation of the 

day are presented there. Higher temperatures or precipitation are mapped in darker 

colored cells of the respective figures. Similarly to the above described use of the maps, 

these maps, when combined with the maps of Figure 5.6, can correlate the temperature 

or the precipitation of a given day with the load of a specific type of buildings. Indicative 

examples for these cases are the circled areas of Figure 5.7(b) and Figure 5.7(c) 

respectively.  Given the fact that the building type is residential, there is indication that 

mean temperature and precipitation affect network usage as depicted in Figure 5.7(b) 

and Figure 5.7(c), the marked areas of which denote low temperatures or high 

precipitation, the same areas in Figure 5.6(b) denote a residential type of buildings and 

finally the same areas in Figure 5.6(a) indicate high load. On the contrary, as expected 

and depicted in the figures, network usage of the administrative or the athletic buildings 

is not affected by the temperature or the precipitation. Thus, low temperatures or high 

precipitation corresponds to high load in the network in the residential area but not in 

administrative and athletic ones.  

Similar to the above insights, but more numeric ones, can be provided by that part of 

the load prediction mechanism which is responsible for the prediction per se.  

5.3.3.2.2 Knowledge Exploitation: Load Prediction 

Although the above presented remarks can be used as patterns that the load follows, 

they are quite general. More specific information with respect to network load can be 
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provided by the load prediction mechanism which actually exploits the maps and is 

capable of processing them in more details than human eye.  

For validating the part of the mechanism that was related to the prediction of the load 

per se comparative diagrams, MSE, RMSE and MAE were used. Moreover, the 

performance of the mechanism was examined in tests of 2 types: a) tests where the 

trained map had seen the exact same data samples (i.e. the exact same context had 

been encountered in the past) and b) tests with unseen data, i.e. with data samples that 

had not been used during the training of the map. 

To begin with, the first tests that took place used the same data samples that were used 

for the training of the map, i.e., the training data samples. For each data sample, a load 

prediction was requested. Moreover, the real value of the load of these data samples 

was known from the real measurements. The average values of both the predicted and 

the measured load in a time period of a week were calculated and their diagrams were 

drawn resulting in figures like the one depicted in Figure 5.8(a). However, they were 

quite difficult to be compared. In order to resolve this issue, centered moving averages 

over 200 data samples were calculated for both the predicted and the real values of load 

and the respective diagrams were drawn as well (Figure 5.8(b)).  

Figure 5.9 depicts those diagrams for all the types of buildings, namely the a) academic, 

b) residential, c) libraries, d) social, e) administrative and f) athletic ones. Moreover, the 

diagrams have been depicted in pairs (load prediction and real measurements) for 

facilitating their comparison. As it can be observed by these diagrams, although the 

predictions are not fully in line with the real measurements, SOM has adequately learnt 

the pattern of the load and the mechanism is capable of predicting it with small 

deviations. The above observation is also supported by the values of the MSE, the RMSE 

and the MAE which are equal to 0.001012, 0.031819 and 0.015416 (when using the 

normalized values of load) respectively. Thus, the predicted values of load deviate on 

average only ±1.174 Mbps from the real measured ones. Even these deviations do not 

necessarily come from faulty predictions. Such deviations often come from the bursty 

nature of internet traffic, i.e. from the fact that although the internet traffic may follow 

some patterns, there are still some bursts that do not follow the patterns. Those bursts 

cannot be predicted and thus increase the error metrics. On the other hand, being 
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capable of predicting those bursts would imply that SOM has learnt very well the pattern 

of the specific data, i.e. has been overtrained, and thus is unable of generalizing and 

predicting network load in unseen data. 

 

(a) 

 

(b) 

Figure 5.8: Comparative diagrams: (a) load predictions and real measurements, (b) 

moving average of the load predictions and the real measurements 

In order to validate how well SOM can generalize, the performance of the mechanism 

was also tested in unseen data, i.e., data that had not been used during the training of 

SOM. Towards this direction, the data file was randomly split in two data files, one 

containing the 70% of the available data samples and the other one containing the rest 

30% of the available data samples. The 1st data file was then used to train the map. 

The 2nd one was used for evaluating the performance of the mechanism.  

Following the same process as before, the data samples of the 2nd data file were 

inserted in the mechanism as triggers for which the load had to be predicted. Both the 

real values (coming from the data file) and the predictions were averaged in one week‟s 
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time frame and their moving averages over 200 data samples were calculated. 

Eventually, the diagrams of the moving averages of both the real and the predicted 

values were drawn and are depicted in Figure 5.10. Similarly to the case when “seen” 

data were tested, the diagrams are presented in pairs of two (predicted and real values 

of each building type) for facilitating the comparisons.  

 

(a) 

 

(b) 

 

(c) 
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(d) 

 

(e) 

 

(f) 

Figure 5.9: Comparative diagrams of the moving average of the load predictions and the 

real measurements in (a) Academic buildings, (b) Residential buildings, (c) Libraries, (d) 

Social buildings, (e) Administrative buildings and (f) Athletic buildings with “seen” data. 

Comparing these diagrams and the values of the MSE, the RMSE and the MAE which are 

equal to 0.001168, 0.034176 and 0.016981 (in the normalized values of load) 

respectively confirm that the mechanism can predict the load of even unknown or at 

least slightly different from those encountered by the network in the past data samples. 

In fact, the predicted values of such cases deviate on average from the real ones only 

±1.293 Mbps. 
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Finally, the performed tests, using either “seen” or unseen data, also showcased some 

interesting tradeoffs. Indicative examples on which the following analysis will be based 

can be found in Table 5.4. First of all, comparing the 1st and the 2nd line of the table 

one can observe that using unseen data slightly deteriorates the performance of the 

mechanism. Moreover, comparing the 6th with the 7th and the 1st, the 3rd and the 4th 

lines to each other, a tradeoff between the size of the map, i.e. the storage 

requirements of the mechanism, and the performance of the mechanism is also 

observed. In fact, larger maps demonstrate slightly better performance. 

 

(a) 

 

(b) 

 

(c) 
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(d) 

 

(e) 

 

(f) 

Figure 5.10: Comparative diagrams of the moving average of the load predictions and 

the real measurements in (a) Academic buildings, (b) Residential buildings, (c) Libraries, 

(d) Social buildings, (e) Administrative buildings and (f) Athletic buildings with “unseen” 

data. 

The last observation is related to how immune the mechanism is to rare and excessively 

high values of load. In order to do so, the around 15 exceptional data samples the load 

value of which exceeded 76,146,848 bps, i.e. the upper bound of load values for most 

data samples, and reached up to 437,142,176 bps were changed. More specifically, in 

order to fit to this upper bound, their load value was substituted by 76,146,848 bps 

(clamped data). However, comparing the results of such tests with tests where no data 

had been clamped revealed that clamping data does not significantly improve the 
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performance of the mechanism. On the contrary, MSE and MAE of clamped data become 

worse (due to the smaller normalization range equal to 76,146,848) while their 

denormalized MAE does not seem to be notably lower than the one observed in cases 

where data have not been clamped.  In other words, the mechanism is immune to the 

rare and excessively high values of load. 

Table 5.4: Indicative Examples of Performed Tests 

Clamped 

Data 

Data 

Samples 

Map 

Size 

Unseen 

Data 
MSE MAE 

De-normalized 

MAE (bps) 

Y 154,514 25x36 Y 0.00117 0.01698 1,239,049 

Y 141,514 25x36 N 0.00115 0.01685 1,282,693 

Y 141,514 42x55 Y 0.00105 0.01573 1,198,094 

Y 141,514 30x30 Y 0.00118 0.01710 1,302,415 

N 141,514 41x55 Y 0.0000 0.00276 1,204,764 

Y 202,163 50x53 N 0.00101 0.01542 1,173,879 

Y 202,163 45x62 N 0.00100 0.01522 1,158,726 

N 202,163 57x46 N 0.00004 0.00270 1,179,847 

5.3.3.2.3 Contributing to “Big Data” management 

Although the main focus of this research is on developing a mechanism capable of 

predicting network load given the time, the day, the area, the temperature and the 

precipitation, aspects related to the Big Data phenomenon have also been addressed. 

More specifically 2 aspects related to Big Data have been addressed, namely a) how Big 

Data can be used for providing insights and b) volume reduction of Big Data.  

To begin with, for the 1st aspect we consider Big Data from their diversity point of view. 

Towards this direction, the study presents a mechanism that is based on machine 
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learning and exploits data which come from different to each other sources in order to 

predict future behaviors of the network. The proposed mechanism is generic enough to 

be reusable in other problem statements as well.  

Towards the 2nd aspect, Big Data have primarily been considered from the volume point 

of view. The diverse unstructured data have been grouped in data samples, i.e., 

structured data of multiple dimensions. Specifically, 3,436,771 unstructured data have 

been grouped in 202,163 data samples of 17 dimensions. The latter, i.e. the 202,163 

17D data samples, were then mapped on a 2D map further reducing the volume of the 

data from 202,163 17D data samples to 202,163 2D vectors, i.e. decreasing their 

dimensionality. Eventually, from the 202,163 2D vectors only some representative of 

them needed to be stored. Those were equal to the number of cells of the created map, 

i.e. not more than 2,650 vectors and not less than 900 vectors. Overall, the mechanism 

managed to reduce the data at least from 3,436,771 unstructured data to 2,650 vectors 

or at most from 3,436,771 unstructured data to 900 vectors. 

5.3.4 Scenario 2: Prediction of Network Traffic based on Time, Day, 

Location, Week of the Year and Bank Holidays 

In this scenario, the observations will comprise information with respect to i) the area/ 

access point (AP0, AP7, AP8, AP37, AP64 or AP66) expressed in a 6D variable which 

consists of 0s and 1s depending on the access point from which the observation was 

received (e.g., 100000 for AP0 or 001000 for AP8), ii) the time expressed in minutes (0-

1440 minutes), iii) the day (Sunday to Saturday) expressed in a 7D variable which 

consists of 0s and 1s (similarly to the access points, e.g. 1000000 for Sunday or 

0001000 for Wednesday), iv) the week of the year expressed as an integer (1-52), v) 

holidays expressed in a boolean way (0 or 1) and vi) the observed load in Mbps under 

these circumstances. Accordingly, after building the knowledge, the mechanism will be 

capable to predict future load in Mbps given i) the area/ access point, ii) the time, iii) the 

day, iv) the week of the year and v) if the day of interest is going to be a holiday or not. 

5.3.4.1 Data and Data Pre-processing  

The data that were used for the research were retrieved by CRAWDAD database [6]. In 

particular, the retrieved dataset refers to user session traces which were collected from 
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a large number of free Wi-Fi hotspots of "Île sans fil" [7] in Montréal, Québec, Canada 

for three years. In particular, the used trace [8] contains 587,782 user sessions for 

69,689 (distinct) users, which were collected from 206 hotspots for the time period from 

August 28th, 2004 up to August 28th, 2007.  

From this trace, the timestamp, the incoming Bytes and the access point ID of the 

entries that were related to the 6 access points with the highest load were exploited. 

Namely, those access points were the AP0, AP7, AP8, AP37, AP64 and AP66. These data 

were then pre-processed so as a) the timestamp to be translated in the minute of the 

day, the day (expressed as a 7D variable) and the week on the year,  b) the interval 

between the entries to be equal to 15 minutes and c) the access point ID to become a 

6D variable. Let us note here that similarly to scenario 1 (sub-section 5.3.3) both the 

day and the access point IDs have to be expressed as 7D and 6D variables respectively 

so as to be processed correctly by SOM.  

Moreover, the data had to be complemented with the holidays. As soon as this was 

completed, for each load measurement there were data designating i) the access point 

from which the load measurement had been monitored, ii) the time, iii) the day and iv) 

the week of the year that the load was monitored and v) if that day was a holiday or not. 

The number of the dimensions of each variable and their respective parameters can be 

seen in Table 5.2. In total, the parameters that were used for this scenario for each data 

sample, and thus its dimensions as well, are 17 (out of the 19 depicted in the table). 

The 16 of them were used for the creation of the clusters and the knowledge building 

but the measurement of the load (17th parameter/ dimension) has been incorporated in 

the data sample only for being used latter during the prediction phase. 

Eventually, the data had to become normalized and to be in a recognizable by the SOM 

format. The latter means that the data had to be organized in data samples, i.e., in 

groups each of which contained one value for each of the 6 variables (access point ID, 

time, day, week of the year, holiday and load measurement). 
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5.3.4.2 Results 

Having developed the mechanism all that was left to be done was the evaluation of its 

performance. Towards this direction numerous of tests were performed providing both 

quantitative and qualitative results. Hereafter some indicative results are presented.  

Similarly to scenario 1 (sub-section 5.3.3), the tests can be grouped in two types: a) 

those which used the same data for both building the knowledge and evaluating the 

mechanism and b) those which used different data for building the knowledge and 

evaluating the mechanism. The main difference among them is lying in the fact that in 

the first case the mechanism has "seen" the exact same data and thus has the specific 

experience while in the second case the mechanism is familiar with similar but not the 

same data, i.e., has similar experiences from which it will try to exclude the safest 

conclusions and predict the future load.  

The methodology of the evaluation was as follows: Data samples were sent to the 

mechanism as queries asking for the load that will be encountered if their context 

applied. The mechanism provided its prediction for each one of them. These predictions 

were eventually compared to the really monitored values (found in the dataset) of the 

mechanism either in terms of MSE, RMSE and MAE for the quantitative results or as 

diagrams for the qualitative results. The three different options of errors were provided 

for facilitating future comparisons of the mechanism with other similar mechanisms 

since their variety increases if more metrics are available.  

Finally, the last sub-section reveals how the mechanism contributes to some of the 

management issues of the Big Data. Numerical results towards this direction are 

provided as well.  

5.3.4.2.1 Quantitative Results 

Table 5.5 summarizes some indicative tests and their respective quantitative results. In 

the table, the data that were used for the knowledge building are referred to as training 

data while those used for the evaluation of the mechanism are named as evaluation 

data. Moreover, the table also points out the size of the map, measured in cells, which 

in the case of growing SOM also represents how adjusted the map is to the training data.  
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Moreover, for the purposes of the evaluation of the mechanism the initial dataset was 

split in three sub-datasets: a) Y1 which refers to the dates from August 28th, 2004 up to 

August 28th, 2005, b) Y2 involving data from August 28th, 2005 up to August 28th, 

2006 and c) Y3 which expands from August 28th, 2006 up to August 28th, 2007.  In 

addition, for each of the created maps (1-3) two tests have been performed, one using 

the training data for the evaluation as well (1a, 2a and 3a) and one having different 

training and evaluation data (1b, 2b and 3b).  

Comparing the results presented in the table, the first thing that is noticed is that the 

mechanism performs significantly better when the trigger refers to a case that has 

already been "seen" by the SOM. This observation was expected and that is also one 

more reason why online training has been considered. 

Table 5.5: Quantitative Results 

 Training Data Map Size Evaluation Data MSE RMSE MAE 

1a Y1 & Y2 3245 Y1 & Y2 0.00018 0.01342 0.00541 

1b Y1 & Y2 3245 Y3 0.00055 0.02353 0.00783 

2a Y2  2650 Y2 0.00018 0.01342 0.00541 

2b Y2 2650 Y3 0.00058 0.02400 0.00958 

3a Y1 & Y2 900 Y1 & Y2 0.00019 0.01374 0.00564 

3b Y1 & Y2 900 Y3 0.00055 0.02345 0.00781 

Another useful observation is the fact that when only Y2 was used for building the 

knowledge (cases 2a and 2b), although the performance on seen data remains the same 

(comparing to case 1a), the performance in unseen data slightly deteriorates. This test 

was selected mainly for identifying if observations older than one year deteriorate the 

performance of the mechanism. According to the obtained results it seems that older 

observations not only they don't deteriorate the performance of the mechanism but they 

even enhance it. This is probably due to the fact that less data have contributed to the 
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knowledge building and thus SOM is familiar with fewer combinations of the involved 

variables. This affects the performance of the mechanism on the unseen dataset since 

the mechanism has even less past experience but not the performance on the seen 

dataset since the mechanism has already received all the experience it needs for 

predicting the load of these data samples.  

The last observation, which comes from the comparison of 3a and 3b with 1a and 1b 

respectively, is that smaller maps result in better performance of the mechanism when 

the evaluation data differ from the training data and worse performance when the same 

data are used for both the knowledge building and the evaluation. This is related to the 

fact that the bigger the map is, the more adjusted to the training data it becomes. In 

machine learning, this is also known as overtraining which eventually results in the 

learning technique being unable to generalize well. For avoiding such cases, the 

performance of the technique between all the test cases (i.e., with seen or unseen data) 

should be kept as close as it gets. Thus, the best performance of the mechanism among 

the 3 presented in the table is considered to be the one using the 3rd map.  This map is 

also depicted in Figure 5.11a while Figure 5.11b, Figure 5.11c, Figure 5.11d and Figure 

5.11e depict the same map with information regarding the formulated clusters in terms 

of access points, holidays, days, time and week of the year. 

 

(a) 
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(b) (c) 

  

(d) (e) 

Figure 5.11: Map 3 from the (a) load, (b) access points and days, (c) holidays, (d) time 

and (e) week of the year points of view. The marked areas in the (c) refer to the holiday 

clusters while in (d) and (e) the higher the value of the respective parameter, the darker 

the area on which the data sample is mapped. 

5.3.4.2.2 Qualitative Results  

The qualitative results refer to comparative diagrams between the predicted and the real 

load values. Figure 5.12 and Figure 5.13 depict examples for each access point for seen 

and unseen evaluation data, respectively.  
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As can be observed from the comparative diagrams of both figures, although the 

mechanism has learnt the pattern of the load, i.e. when there is a load, it fails to predict 

some of its peaks. This may be caused by unpredictable events that suddenly attract 

(with no prior similar experience) more users, e.g., the place where the access point is 

hosted became more popular for some reason, or the access point next to it stopped 

working and thus all users are now connected on it.  

These are events that are not captured by any of the selected variables and thus the 

mechanism cannot learn them or predict them. A potential solution towards this 

direction, that will be considered in the future, is to offer the operator or the user of the 

mechanism the opportunity of informing the mechanism of such a change. Alternatively, 

a more autonomic solution would be to add a feedback loop to the mechanism that 

would inform it about the difference between the prediction and the actual load, as part 

of the online knowledge building. This would then insert a correction factor that would 

re-adjust the learnt pattern. This last solution would probably benefit a lot the results of 

the used dataset where the network load seems to increase a lot each year. Figure 5.14 

captures the changes of the network load of one of the access point, namely of AP0, 

from year to year. 
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Figure 5.12: Indicative examples of comparative diagrams of real and predicted load 

values for each access point (AP0, AP7, AP8, AP37, AP64 and AP66) when using seen 

evaluation data. 
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Figure 5.13: Indicative examples of comparative diagrams of real and predicted load 

values for each access point (AP0, AP7, AP8, AP37, AP64 and AP66) when using unseen 

evaluation data. 

 

 

 

 

Figure 5.14: Diagram of the network load of AP 0 for the 24th week of the years 2005, 
2006 and 2007. 
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5.3.4.2.3 Results with respect to the Big Data issues 

The data that were exploited for this research were initially 3,574,080 unstructured 

numbers per year of the dataset. These data, during the pre-processing phase of the 

mechanism were organized in data samples, i.e., were transformed in 210,240 17D 

structured data per year of observations. When the information carried by these data 

samples was incorporated in the SOM of 900 cells, the only data that needed to be 

stored for maintaining all the information were the 900 vectors of the cells of the map.  

Thus, the mechanism is capable of pre-processing and exploiting Big Data (in terms of 

disparity). Moreover, the dimensions of the data can be reduced from 17 to 2 during 

their visualization on the map. Last but not least, given the fact that the best 

performance was received by the map which was created using the data of 2 years and 

its size was equal to 900 cells, the mechanism offers the capability of reducing the size 

of the data that need to be stored from 420,480 to 900, i.e.,  approximately 467 times. 

5.3.5 Scenario 3: Prediction of Network Traffic based on all the above 

parameters 

This scenario exploits all 19 parameters presented in Table 5.2 (18 during the 

knowledge building) and respectively, the request towards the load prediction 

mechanism includes all of them but the load.  

5.3.5.1 Data and Data Pre-processing 

The data used for this scenario were the same as in the 2nd scenario (sub-section 5.3.4) 

while the same pre-processing applies as well. In this case, the data were 

complemented with weather and holidays. The information related to the mean 

temperature and the precipitation of each day from August 24th, 2004 up to August 

24th, 2007 for the area of Montréal, Québec, Canada, i.e., the area where the access 

points are located, were retrieved from [9] using the Montréal-Pierre Elliott Trudeau 

International Airport as a reference point and a custom Java tool.  

As soon as this was completed, for each load measurement there were data designating 

(i) the access point from which the load measurement had been monitored, (ii) the time, 
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(iii) the day, (iv) the week of the year, (v) the temperature, (vi) the precipitation during 

the day that the load was monitored and (vii) if that day was a holiday or not. 

Eventually, the data had to become normalized and to be in a format recognizable by 

the SOM (Table 5.6), i.e., organized in data samples each of which contained one value 

for each of the 8 variables (access point ID, time, day, week of the year, temperature, 

precipitation, holidays and load measurement). 

Table 5.6: Sample of data files that were inserted in the “Knowledge Building and Data 

minimization mechanism” in order to train the PLGSOM and build knowledge on the 

network load 
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1 1 0 0 0 0 0 48 0 0 1 0 0 0 0 5 20 0 0 54 

2 0 0 0 0 1 0 300 0 0 0 0 1 0 0 9 15 1 0 10 

To summarize, before performing the tests, a custom Java tool was used to pre-process 

the data that would: 

 Read the trace file from [8], extract the information of the timestamp, the AP 

and the load, convert it in 1-7D variables and make the time interval of the 

observations equal to 15 minutes; 

 Retrieve the temperature and the precipitation of the area from [9] so as to 

complement the observations; 

 Retrieve from online calendars the (bank) holidays of the area; 

 Normalize the values of the data; and  

 Gather all the information in the form of data samples, i.e., in one file in which 

each row (observation) had information for the 8 variables, which had 1-7 

dimensions each (see also Table 5.6). 
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This file was the one that was inserted in the “Knowledge Building and Data 

minimization mechanism” of sub-section 5.3.2.1 in order to train the PLGSOM and build 

knowledge on the network load. 

5.3.5.2 Results 

Both the validation and the metrics used in this scenario follow the approach of the 

previous 2 scenarios. Therefore, the results provides are divided in (a) qualitative results 

in the form of comparative diagrams between the predicted and the real values, (b) 

quantitative results using MSE, RMSE and MAE as metrics, and (c) results with respect to 

the efficiency of the tool to address some of the issues related to the Big Data 

management. Accordingly, for both the qualitative and the quantitative results two types 

of tests were performed a) those that used the same data for both building the 

knowledge and for the validation of the proposed tool, and b) those that used different 

data for the two functions/processes.  

5.3.5.2.1 Qualitative Results 

The qualitative results refer to comparative diagrams between the predicted and the real 

load values. Figure 5.15 depicts examples for each access point for (a) seen and (b) 

unseen evaluation data, respectively.  

Similarly to scenario 2 (5.3.4), as it can be observed from the comparative diagrams of 

the figure in both types of tests, although the mechanism has learn the pattern of the 

load, i.e., when there is a load, it fails to predict some of its peaks. This may be caused 

by unpredictable events that suddenly attract (with no prior similar experience) more 

users, e.g., the place where the access point is hosted became more popular for some 

reason, e.g., openings of a new coffee shop next to it, or the access point next to it 

stopped working and thus all users are now connected on it.  
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Figure 5.15: Indicative examples of comparative diagrams of real and predicted load 

values for each access point (AP0, AP7, AP8, AP37, AP64 and AP66) when using (a) 

seen and (b) unseen evaluation data. 

These are events that are not captured by any of the selected variables and thus the 

mechanism cannot learn them or predict them. A potential solution towards this 

direction that will be considered in the future is to offer the operator or the user of the 

mechanism the opportunity of informing the mechanism of such a change. Alternatively, 

a more autonomic solution would be to add a feedback loop to the mechanism that 

would inform it about the difference between the prediction and the actual load, as part 

of online knowledge building. This would then insert a correction factor that would re-

adjust the learned pattern. This last solution would probably benefit the results of the 

used dataset a lot where the network load seems to increase a lot each year. Figure 
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5.16 captures the changes of the network load of one of the access points, namely the 

AP0, over the years. 

 

Figure 5.16: Diagram of the network load of AP0 for the 24th week of the years 2005, 

2006 and 2007 

5.3.5.2.2 Quantitative Results 

Table 5.7 summarizes some indicative tests and their respective quantitative results. In 

the table, the data that were used for knowledge building are referred to as training 

data while those used for the evaluation of the mechanism are named evaluation data. 

Moreover, the table also points out the size of the map, measured in cells, which in the 

case of growing the SOM also represents how adjusted the map is to the training data.  

Additionally, for the purposes of the evaluation of the mechanism, the initial dataset was 

split in three sub-datasets: (a) Y1 which refers to the dates from August 28th, 2004 up 

to August 28th, 2005, (b) Y2 involving data from August 28th, 2005 up to August 28th, 

2006, and (c) Y3 which expands from August 28th, 2006 up to August 28th, 2007. For 

each of the created maps (1-3) two tests have been performed, one using the training 

data for the evaluation as well (1b, 2b, and 3b) and one having different training and 

evaluation data (1a, 2a, and 3a).  
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Table 5.7: Quantitative results 

 
Training 

Data 
Map Size 

Evaluation 

Data 
MSE RMSE MAE 

1a Y1 & Y2 3465 Y3 0.000557 0.023607 0.007925 

1b Y1 & Y2 3465 Y1-Y2 0.000181 0.013469 0.005442 

2a Y2 2695 Y3 0.000578 0.024048 0.009601 

2b Y2 2695 Y2 0.000277 0.016655 0.007579 

3a Y1 & Y2 928 Y3 0.000553 0.023517 0.007925 

3b Y1 & Y2 928 Y1-Y2 0.000191 0.013817 0.005768 

Comparing the results presented in the table, it must be noticed that the mechanism 

performs significantly better when the trigger refers to a case that has already been 

"seen" by the SOM. This observation was expected and that is also one more reason 

why online training has been considered.  

Another useful observation is the fact that when only Y2 was used for building the 

knowledge (cases 2a and 2b); the performance of the mechanism deteriorates. This test 

was selected mainly for identifying if observations older than one year deteriorate the 

performance of the mechanism. According to the obtained results, it seems that older 

observations not only don't deteriorate the performance of the mechanism but they 

even enhance it. This is probably due to the fact that when using data only from Y2, less 

data have contributed to the knowledge building and thus, the SOM is familiar with 

fewer combinations of the involved variables.  

The last observation, which comes from the comparison of 3a and 3b with 1a and 1b, 

respectively is that smaller maps result in better performance of the mechanism when 

the evaluation data differ from the training data and worse performance when the same 

data are used for both knowledge building and the evaluation. This is related to the fact 

that the bigger the map is, the more adjusted to the training data it becomes. In 
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machine learning, this is also known as overtraining, which eventually results in the 

learning technique being unable to generalize well. For avoiding such cases, the 

performance of the technique between all the test cases (i.e., with seen or unseen data) 

should be kept as close as it gets. Thus, the best performance of the mechanism among 

the 3 presented in the table is considered to be the one using the 3rd map.  Figure 

5.17a depicts this map while Figure 5.17b-g depict the component maps of the access 

points and the days, the holidays, the time, the week of the year, the temperature and 

the precipitation, respectively.  

 

Figure 5.17: The map from which the best results were obtained from the (a) load, (b) 

access points and days, (c) holidays, (d) time, (e) week of the year, (f) temperature and 

(g) precipitation points of view. The marked areas in (c) refer to the holiday clusters 

while in (d), (e), (f), and (g) the higher the value of the respective parameter, the 

darker the area on which the data sample is mapped. 
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5.3.5.2.3 Results with respect to the Big Data issues 

The data that were exploited for this research were initially 3,994,560 unstructured 

numbers per year of the dataset. These data, during the pre-processing phase of the 

mechanism were organized in data samples, i.e., were transformed in 3,994,560 / 19 = 

210,240 structured data of 19 dimensions each per year of observations. When the 

information carried by these data samples was incorporated in the SOM of 928 cells, i.e., 

when the data were mapped on the SOM, the only data that needed to be stored for 

maintaining all the information were the 928 vectors of the cells of the map.  

Thus, the mechanism is capable of pre-processing and exploiting Big Data (in terms of 

disparity). Moreover, the dimensions of the data can be reduced from 19 to 2 during 

their visualization on the map. Last but not least, given the fact that the best 

performance was received by the map that was created using the data of 2 years and its 

size was equal to 928 cells, the mechanism offers the capability of reducing the size of 

the data that need to be stored from 2*210,240 = 420,480 to 928, i.e., approximately 

453 times. 

5.3.6 Comparison of the considered scenarios 

Table 5.8 summarizes the best obtained results from the 3 scenarios in the case of 

unseen data in terms of denormalized MAE.  

Table 5.8: Summary of the results obtained from the three scenarios 

 Denormalized MAE 

Scenario 1 1.198 Mbps 

Scenario 2 25.652 Mbps 

Scenario 3 26.030 Mbps 

According to the table, the best results were obtained when apart from the main 

parameters, i.e., the area, the time, the day, and the load, only weather was taken into 

account. However, as the datasets used in the first scenario (main parameters + 

weather conditions) and the last 2 scenarios were different, the outcome needs to be re-
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validated with the same dataset for all three scenarios. Moreover, user preferences may 

not be equally influenced in all geographical areas by all these factors, e.g., in northern 

cities/countries, the users‟ intention to use the network may be less influenced by an 

upcoming (bank) holiday than in southern cities/countries. 

5.4 Conclusions 

One challenge in the area of cognitive management is the design of mechanisms that 

can derive meaningful, as well as useful information for the stakeholders or other 

intermediate systems and mechanisms in an efficient and automated fashion. Often, 

another challenge is the storage of huge amount of disparate data (Big Data) which, 

depending on their volume, might be prohibitive. In particular, in telecommunication 

networks, huge amounts of data can be collected when, for instance, traffic-related 

parameters are measured on a high granularity, for long time periods and for multiple 

nodes. The NO is then forced to maintain measurements in a certain time-window and 

discard the ones that fall out of it. As a result, network operators may collect large 

amounts of historical data related to the load of the network that need to get organized 

in less data while maintaining or even augmenting/enhancing the quality of the 

information. In this case, the effective removal of redundancy (i.e., compression) either 

lossy or lossless depending on the problem and the transformation of the data in higher 

level information, so as to become more easily usable by the NO, is the solution to the 

challenge. 

To this end, this chapter presented two mechanisms that analyse network and human-

oriented data so as to build and provide knowledge with respect to the either the 

possibility of a link to get congested or the traffic of a node. The data used for building 

knowledge in the first mechanism were exclusively directly monitored by the network, 

i.e., refer to network parameters, and thus allow narrow timeslots for proactively 

overcoming a congested link. To address this issue, the training data of the second 

mechanism takes into account human-oriented parameters (e.g., time, date, location, 

etc.) as well - allowing to also foresee more long-term situations and adjust the network 

parameters accordingly.  
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6 COGNITIVE DATA ANALYTICS IN TRANSPORT LAYERS 

 

6.1 Chapter Outline 

Today‟s large development of networks increases their complexity in levels which 

sometimes become difficult to manage. An often proposed way for addressing this issue 

is to enable networks with cognitive/ autonomic capabilities usually achieved by Self-x 

mechanisms. Although these mechanisms can receive autonomic decisions given the 

past experience of the system and its current state they are not in position to ensure 

stability of the system. On the other hand, network instabilities should be avoided as 

they may lead to both worse network performance and higher utilization of resources. 

This chapter studies the problem of network stability by defining it and identifying some 

of the basic reasons that may lead to it. Moreover, focusing on instabilities that come 

from congestion control mechanisms, a learning based method is proposed for 

enhancing their decisions and thus increasing network stability. In particular, SOM is 

used as basis for building knowledge on the performance of the congestion control 

mechanism TCP Vegas. This knowledge is then used for “consulting” the congestion 

control mechanism when adjusting for enhancing its functionality and avoiding 

congestion in a more stable way. The first tentative results suggest that this kind of 

knowledge may indeed enhance the performance of TCP Vegas by eliminating some of 

its drawbacks and by assisting the latter to work in a way that allows higher and more 

stable network utilization. The keywords of this chapter are: stability, machine learning, 

congestion control, TCP Vegas, Self-Organizing Maps (SOMs) 

6.2 Introduction 

Today‟s large exploitation of networks in almost all facets of everyday life increases the 

complexity of their management. Towards this direction, self-x mechanisms that are 

incorporated in cognitive/ autonomic networks can offer relaxation. However, autonomic 

decisions cannot always ensure stability in networks. Instabilities may occur due to three 
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main reasons. The first reason refers to the local decisions (made per node), which do 

not always take into account decisions of neighbouring nodes, thus leading often to a 

globally unstable situation. Moreover, contradictory technical and/ or business objectives 

can also result in the same undesired situation. The last but not least important reason 

comes from the trade off of different goals. For example, a goal that targets at 

congestion avoidance may contradict to a goal for stability in the network utilization and 

best resource exploitation.  

As such situations, i.e. instabilities of the network, can both jeopardize the performance 

of the network and compromise an optimized use of resources, studying, understanding 

and avoiding them becomes necessary for designing and exploiting the autonomic/ 

cognitive networks. The latter will enable networks to make decisions with respect to the 

stability levels that can be achieved in both smooth and transient phases.  

This study focuses on instabilities that derive from congestion control mechanisms when 

applied in a dynamic network and introduces a methodology for observing network 

behaviour and building knowledge with respect to it. In particular, the chapter studies 

the instabilities of the network utilization and the resource exploitation that come from 

the TCP Vegas algorithm [1] when trying to avoid congestion proactively (minimizing the 

dropped packets) and not reactively, as most congestion control mechanisms do. 

Studying this drawback of TCP Vegas, enabled us to better understand what kind of 

knowledge is missing, built it with the unsupervised learning technique of SOM (sub-

section 3.4) and enhance the performance of TCP Vegas in terms of selected congestion 

window and network utilization. As a result, applying TCP Vegas maintains the reactivity 

of the mechanism without causing that much instability to the congestion window, the 

rate of the TCP flow and thus the utilization of the network. 

The following sub-sections present an overview of two different existing congestion 

control mechanisms and highlights how these can lead to instabilities of the network. 

Similar issues appear in other congestion control mechanisms, although they are not 

explicitly presented here for brevity reasons. In the sequence, the problem statement, 

the approach and the respective results are introduced. 



PhD Dissertation   Aimilia A. Bantouna 

 

159 

6.3 Related Work 

Congestion control is an example of how local rules that control the way that the 

packets are transmitted through a network can correspond with maximizing of 

aggregate utility across the entire network. Actually, congestion control mechanisms 

represent one of the largest deployed artificial feedback systems: a global network 

feature is the consequence of local rules. 

Currently available congestion control mechanisms (like TCP Reno [4], New Reno [5], 

Cubic [6], Tahoe [7] and Vegas [1]) are examples of large distributed control loops 

deriving the state for a desired equilibrium point but they do not take into account 

transient behaviours (which, on the other hand, are typical in closed-loop systems). For 

example, Reno congestion avoidance is a sort of reactive scheme that determines 

available network bandwidth by packet loss. Reno increases the congestion window 

linearly during congestion avoidance and reduces the congestion window when either 

three duplicate ACKs are received or a coarse grained timeout occurs.  Reno makes no 

attempt to detect, predict network congestion, and as a result, the goodput (i.e., the 

ratio of bytes transmitted excluding duplicates to total bytes transmitted) of connections 

is not optimized. Similar approaches are followed by New Reno, Cubic and Tahoe as well.  

As another example, TCP Vegas detects network congestion in the early stage and 

successfully prevents periodic packet loss that usually occurs in the above mentioned 

congestion control mechanisms. TCP Vegas performs better than those in terms of 

packet losses but it suffers several problems such as those analysed in sub-section 6.3.  

Overall, these mechanisms don‟t take account of transient behaviours. Thus, these 

mechanisms may be ill-suited for future dynamic network where delays and capacity can 

be large. Even worst, this can result in potential instabilities in networks, which can have 

primary effects both in jeopardizing the performance and compromising an optimized 

use of resources.  

Let‟s consider the problem in more details. Overall a network can be modelled as the 

interconnection of resources/links carrying the data generated by users/sources. 

Associated with each source is a route, which is the collection of links through which 

information from that source is flowing. In traditional congestion control, each link sets a 
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price per unit of flow, based on the aggregate flow crossing that link, and the sources 

set their transmission rates based on the aggregate price they detect. In the absence of 

delays, this scheme is globally stable. In the presence of delays (or large bandwidth) the 

scheme can become unstable.  

Sources try maximizing individual profit based on their own utility functions. On the 

other hand, links use prices to align, exactly or approximately, sources “selfish” 

behaviour. 

One way to approach stability (for this example) is to define the Lagrangian function, so 

that the global optimization problem (flow control) can be turned into the search of 

saddle point problem. State stability, in this case, can be defined by a Lyapunov function. 

On the other hand, it should be noted that an inadequate Lyapunov function may cause 

the excess of false-positive warnings, a risk that cannot be avoided. Moreover even if we 

obtain an asymptotic stability, it is not clear what may happen during transients (typical 

of control feedbacks). 

This problem is even more complicated when it is desired to accomplish both routing 

and congestion control simultaneously. The objective in this case is to find an optimal 

route for every source so that the utility function of the network is maximized. Since 

future networks are expected to be highly dynamic (with nodes joining and leaving the 

network with different time scales) it is important to take account of the transient 

network behaviours when optimizing routing and congestion strategies. 

Mechanisms and methods for optimizing congestion control performance and stability 

even during transients are missing; this self-adaptive behaviour should be based on 

measurement-estimation-prediction of network conditions (e.g. by using RTTs, or other 

network indicators). The proposed way forward in this study involves a learning 

mechanism capable of building knowledge on the network behaviour with respect to the 

decisions made by the congestion control mechanism. This knowledge is fed back to the 

congestion control mechanism so as the latter to become aware of the results of its past 

decisions and to enhance the future ones by predicting their results according to this 

past experience. The exact problem to be studied is further explained below while some 

first tentative results follow. 
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6.4 Problem Statement 

As presented above for the two examples of congestion control mechanisms, their 

drawbacks can lead to instabilities of the network. Motivated by the need of avoiding 

unstable behaviours of the system, a methodology for observing and building knowledge 

on the network behaviour, when applying a congestion control mechanism, is proposed 

hereafter. In particular, the studied congestion control mechanism is the TCP Vegas.  

This congestion control mechanism, although it is capable of acting proactively for 

minimizing the dropped packets, it has a very important drawback that has led to it not 

being widely applied. This disadvantage has its roots to the inefficiency of the algorithm 

to distinguish the reason that caused an increase of the measured RTT. Thus, every 

such increase is perceived as a congested link leading to the decrease of the congestion 

window so as to avoid the congestion. However, other reasons may have caused this 

increase. Such reasons are possible reroutes in the forward [4] or the backward [5] path 

of the TCP flow.  

This misinterpretation makes TCP Vegas decrease its congestion window instead of 

maintaining its size or even increasing it. On the other hand, if TCP Vegas had the 

information that this was not a congested link but another reason, then its minimum 

RTT would have been updated with the increased value instead of being kept the same. 

What is attempted here, is to build knowledge of when TCP Vegas should be reset and 

when not to so as it always has the correct minimum RTT.  

This knowledge can then be used as a feedback to the congestion control mechanism, 

urging the mechanism to reset and thus update its minimum RTT when needed. 

Consequently, this will eventually result in the highest possible rate of the TCP flow and 

thus network utilization with simultaneous avoidance, as much as possible, of the 

dropped packets and to a more stable way of acting for the TCP Vegas. 

The overview of the proposed methodology is summarized in Figure 6.1 while a more 

detailed description follows in the next sub-section. 
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Figure 6.1: Methodology for building knowledge on when the TCP Vegas needs reset/ 

update of its minimum RTT. 

6.5 Approach  

The adopted approach is depicted in Figure 6.2 and is as follows: the congestion control 

mechanism monitors the network changes and queries the knowledge base (the map 

created by the SOM technique in our case) whether it should be reset or not each time 

the RTT changes more than a threshold.   

 

Figure 6.2: The followed approach for learning whether a reset is needed or not. 

 

Context

Congestion 
Control 

Mechanism

Monitoring 
of Network 
Behaviour

Knowledge on the 
suitability of the action 

with respect to the 
network behaviour

Knowledge 
Base

Knowledge 
Building

Decision/ 
Action

Evaluation of 
the Action

Monitor Network 

Data

Monitor Network 

Data

RTT change

measurements of RTT & 

CWND before & after 

the RTT change

RTT thresh 
no

SOM

yes

Apply and Monitor 

Network Behaviour

action query

proposed action 
Evaluate action

measurements

feedback

network behaviour

measurements



PhD Dissertation   Aimilia A. Bantouna 

 

163 

In order to built this knowledge, SOM has performed vector quantization [2] so as to 

cluster input data and generalize on the patterns they follow regarding the two actions 

i.e., reset/maintain minimum RTT. Thus, by mapping new measurements (i.e., RTT and 

congestion window measurements before and after the RTT change) to the created SOM, 

the algorithm can provide an action proposal to the TCP mechanism with respect to its 

past experiences. TCP Vegas applies the action suggested by SOM and keeps monitoring. 

The monitored data after the taken action comprise the network behaviour. Network 

behaviour, the monitored data before the SOM interval and the proposal of the 

knowledge base are then fed back to SOM comprising its online training. It should be 

clarified here that initially when the monitored data describe a context that SOM has not 

seen again in the past, SOM proposal to TCP Vegas is to reset, i.e. SOM default proposal 

is to reset. As time passes, due to the feedback that SOM receives and its online training, 

the past experience and the built knowledge increases. Thus, SOM becomes aware of 

more different situations and capable of giving more accurate and reliable proposals.   

6.6 Results 

In order to examine the performance of the proposed method, simulations using 

Network Simulator 2.35 were performed. The network topology simulated is depicted in 

Figure 6.3. In this topology, nodes 3, 4 and 5 are routers and nodes 1, 2, 6 and 7 are 

end-hosts. In particular, node 1 is an FTP server, node 6 is an FTP client connected to 

the server and continuously downloading from it, while node 2 runs a UDP source 

application sending data to node 7 at specific time period. 

Although the network topology is simplified, it is adequate enough in reproducing and 

investigating our problem, since the number of hops in a path is not directly affecting 

Vegas' underestimations of RTT. Our key factor here is the total RTT measured by the 

end-to-end hosts, and thus, there is no loss of generality even in this simplified topology. 
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Figure 6.3: Network configuration for the simulations. 

Six test cases were examined and organized in two simulation scenarios. The first 

simulation scenario targets at showcasing three basic test cases in which TCP Vegas 

misinterprets the monitored increase of the RTT for congestion. This results in TCP 

Vegas decreasing its congestion window instead of maintaining or increasing its size. In 

particular, the default route of the scenario for both the forward and backward path for 

the TCP-FTP flow between the nodes 1 and 6 is route 0. The TCP flow starts 

simultaneously (t0=0 sec) with the simulation. Enough time is given to the TCP sender 

so as to increase its congestion window to its maximum and stabilize. At time t1=200 

sec the forward path of the TCP-FTP flow is rerouted through node 4 (route 1), which 

has higher minimum RTT than route 0 (first test case). However, Vegas has no 

indication of this change and since the minimum RTT has higher value than the previous 

one, Vegas fails to identify this fact and update it. Thus, the only information that Vegas 

has is that the RTTs have increased, which for Vegas designates a congested link. So 

the congestion window is decreased, instead of the opposite, so as to avoid the 

congestion. At t2=450 sec the path is reverted back to route 0. At time t3=650 sec, a 

UDP flow starts between end points 2 and 7. The sending rate (from node 2 to node 7) 

is initially set to 1 Mbps and is then increased by 0.5 Mbps per second for a time period 

of 200 seconds. In this case as well, Vegas detects an increase to the RTTs as a signal 

that there is a traffic increase and decreases the congestion window. Although this 

1 Gbps/ 0ms

100 Mbps/ 64 ms

Route 0, low RTT

Route 1, high RTT

TCP Vegas flow 

source 

(FTP server)

1

UDP flow source 

2

4

3 5

TCP Vegas flow 

destination 

(FTP client)

6

UDP flow destination

7



PhD Dissertation   Aimilia A. Bantouna 

 

165 

decision is correct, this will eventually end up to UDP flow dominating the link between 

nodes 3 and 5. At time t4=850 sec, link 3-5 becomes congested and the TCP-FTP flow is 

rerouted through node 4 (route 1) (second test case) while at the same time the UDP 

flow stops. In this case as well, just like the first test case, Vegas failed to understand 

that the route has changed and that the minimum RTT needs to be updated ending up 

in no reaction regarding the congestion window size (grey line of Figure 6.4). At t5=1100 

sec, the TCP-FTP flow gets back to route 0, TCP Vegas realizes the decrease of the RTTs 

and starts increasing again the congestion window. On the contrary, at t6=1350 sec, 

when the backward path is rerouted through node 4 (third test case), Vegas does not 

identify the cause of this change. Once more, it misinterprets its observation for 

congestion and thus decreases again the congestion window that in this case should 

have increased. The new reroute of the forward path of the TCP-FTP flow through node 

4 at t7=1550 sec, as expected from our previous observation, results in no increase of 

the congestion window. Contrarily, it has reached its lowest value equal to 0. Finally, the 

simulation ends at t8=1850 sec. The corresponding fluctuation of the observed 

congestion window in the above scenario is also depicted in Figure 6.4. 

In the same figure (Figure 6.4) is also depicted the same scenario supported by 

knowledge. As explained above, the knowledge is built following a methodology based 

on SOM learning technique. This knowledge enhances the decisions of Vegas when a 

large RTT is observed. In particular, SOM encourages or discourages Vegas to reset 

according to the past experience of the network and its current context. As can be seen 

in Figure 6.4 knowledge has intervened in Vegas decision at t1=207 sec, t2=857 sec, 

t3=1357 sec and t4=1558 sec, i.e., when the increase of the RTTs were not caused by 

congestion but by other circumstances. The comparison of the two diagrams in Figure 

6.4 reveals that knowledge can indeed eliminate the faulty assumptions of Vegas 

improving its performance in terms of increasing and maintaining the size of the 

congestion window instead of decreasing it. 
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Figure 6.4: Fluctuation of the congestion window when using TCP Vegas with and 

without the support of SOM (Scenario 1). 

Accordingly to congestion window size, Figure 6.5 depicts the fluctuation of the rate of 

the TCP flow both with and without support. As the capacity of the path is restrained by 

the links with the minimum capacity regardless the selected route, the maximum rate 

that can be achieved is 100 Mbps. Moreover, as can be seen in the diagrams, faulty 

assumptions of TCP Vegas result in not exploiting in all cases the maximum capacity of 

the link. On the contrary, when knowledge is used in support of Vegas, maximum 

capacity of the link is used for more often and for longer periods of times. Thus, support 

of Vegas by knowledge provides a higher and more stable rate for the TCP flow.   

Moving to the second simulation scenario, the following changes were done with respect 

to the first one. The acknowledgements are sent following the delayed 

acknowledgement technique with a delay of 200 ms. Moreover, the propagation delay of 

the links between the nodes 3, 4 and 5 was increased to 128 ms while the capacity of 

the same links was decreased to 10 Mbps. Accordingly, the UDP flow rate was initially 

set to 0.2 Mbps while the rate with which it was increasing was 0.1 Mbps per 100 sec. 

The behaviour of Vegas for this scenario in terms of congestion window size and 

achieved rate of the TCP flow are depicted in Figure 6.6 and Figure 6.7, respectively. 

Similarly to the conclusions in which we were led by the 1st scenario, this scenario 

showcased that the performance of TCP Vegas is significantly improved both in terms of 
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congestion window size and achieved rate of the TCP flow when the mechanism is 

supported by knowledge. 

 

Figure 6.5: Fluctuation of the bit-rate of the TCP flow when using TCP Vegas with and 

without the support of SOM (Scenario 1). 

 

 

Figure 6.6: Fluctuation of the congestion window when using TCP Vegas with and 

without the support of SOM (Scenario 2). 
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Figure 6.7: Fluctuation of the bit-rate of the TCP flow when using TCP Vegas with and 

without the support of SOM (Scenario 2). 

6.7 Conclusions  

The pervasiveness of networks in the everyday life of humans makes network 

complexity increase. This phenomenon leads to the need of applying more autonomic/ 

cognitive solutions for the management of the networks. On the other hand, autonomic/ 

cognitive management solutions cannot ensure the stability of the network, especially in 

dynamic network environments. Additionally, instability issues that may accrue in such 

cases jeopardize the network performance and the maximization of resource utilization. 

As a result, stability issues need to be identified and studied, even in transient phases of 

the network so as instabilities to be avoided. This study targeted at stability issues that 

origin from congestion avoidance mechanisms, and in particular from TCP Vegas, and 

offered a proposal for enhancing the latter through learning. Learning techniques, such 

as SOM that was used in this study, are capable of building knowledge with respect to 

actions that need to be taken by the congestion control mechanisms given the situation 

encountered in the network.  

The approach followed here was to provide the built knowledge to the TCP Vegas so as 

to enhance the rate of the TCP flow maintaining TCP Vegas attribute of proactively (in 

terms of dropped packets) avoiding congestion. The first tentative results proved to be 
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encouraging towards the proposed methodology. However, more research needs to be 

done so as to achieve better results and even more stable actions. In particular, as this 

research is ongoing, the future work involves the study of more scenarios and even the 

enhancement of the methodology towards the desired direction. 
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7 TRUST DEVELOPMENT AND MANAGEMENT MECHANISMS  

 

7.1 Chapter Outline 

As presented in the chapters above, learning capabilities are somehow interwoven with 

cognitive systems. In particular, they are expected to incorporate past experience and 

knowledge of the network in the system and thus facilitate their decisions. Moreover, 

they are expected, and in some cases have proved their ability, to enable faster 

decisions which are not any more “blind”, in terms of not knowing the expected results. 

In these terms, learning capabilities will enhance the automation of network decisions 

with respect to their past and the time needed for reaching them.  

Additionally, learning capabilities are expected to bring forward benefits to both NOs and 

end users. More specifically, and regarding NOs, building knowledge will reduce both 

CAPEX and OPEX. CAPEX is the NO‟s expenditures that are related to technological 

investments or equipment so as to enhance or maintain the ability of offering the 

services and serving the demand. For example, building knowledge on either user 

preferences/ behaviour regarding the services and his demands or the network 

capabilities could benefit decisions with respect to expanding or not the network 

equipment. Moreover, decisions related to the distribution of the traffic can also be 

improved by taking into account such knowledge. In these terms, correct network and 

service planning will eventually decrease CAPEX. 

On the other hand, OPEX refers to NO‟s expenditure coming from human resources and 

the operations of the equipment in general. Towards this direction, OPEX shall be 

decreased in two ways. The first one derives from decreasing human resources. 

Applying learning mechanisms will make automatic decision making mechanisms more 

applicable and reliable when using past experience of the network, thus less human 

resources will be needed and hopefully less human mistakes will occur. The second 

benefit regarding OPEX comes from the configuration of the equipment so as to function 

using the minimum required energy. For example, suitable network planning, contrarily 
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to the current worst case scenario planning, could be applied with respect to a green 

footprint, i.e. reducing needed energy. The latter, apart from the social economic 

aspect, will eventually also reduce OPEX.  

Moving towards users end, learning is expected to benefit them as well. In particular, 

decisions enabled by some of the examples that have already been mentioned are also 

expected to increase offered QoS and QoE. The first aspect is rather obvious as it is 

already associated with the proper distribution of the services and the traffic and 

capabilities of the network. For example, selection of the most appropriate network 

configuration, with respect to the data rate that it can offer, results in better QoS 

towards users. On the other hand, learning capabilities in a network can also enhance 

QoE. Imagine only a network that would have the ability to predict future faults, in the 

near or the distant future, and resolve such issues before even user experiences them. 

Such a feature would definitely improve users‟ QoE.  

Although benefits seem to be many, moving from human handled networks to cognitive 

ones needs cautious and stable steps. Despite the fact that learning is capable of 

enhancing network decisions, applying them can turn against the network in terms of 

complexity. Thus, caution is needed when choosing the learning technique that will 

develop each type of knowledge, and the respective variables that will reveal the 

context where the network operates. Moreover, a challenging issue arises when 

considering cross-layer and cross-domain configurations, as omitted variables may 

provoke non-linear behaviour of the latter and instabilities when training the system. 

Finally, although autonomicity facilitates decision making in CRS and enhances them in 

terms of speed, caution is also needed for ensuring that the decision made indeed result 

in better performance of network. Trust to the autonomic and self-x mechanisms need 

to be built. To this end, this chapter proposes a knowledge building mechanism that is 

expected to evaluate how trustworthy a control loop is and thus, enhance/ ease the 

decisions of the NOs/SPs regarding the control loops that will be selected. Although the 

design of this mechanism has already been studied and presented in this chapter, its 

evaluation depends on the control loop to be studied each time and is out of the scope 

of this dissertation.  
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7.2 Metrics 

Independent of the particular method (e.g. Bayesian Networks, Markov model) that may 

be applied for evaluating whether a control loop is trustworthy or not, a first important 

step is to define observable parameters/metrics that can be measured and monitored in 

a system, and that can be linked to a level of trustworthiness. A set of generic 

observable parameters that can be considered for the self-evaluation of control loops so 

as to derive a measure of their trustworthiness includes (but is not limited to) the 

following:  

 Deviation from requested goals of a control loop (e.g., QoS levels) 

 Resources involved for the enforcement of certain control loop(s) 

decisions/actions. 

 Time required for the enforcement of control loop decisions/actions. 

 Number of reconfigurations deriving from certain control loop decisions/actions.  

It should be noted that different observable parameters may be considered for diverse 

self-management functionalities (control loops). Such observable parameters can be 

measured for each executed control loop to obtain an estimation of an "instantaneous 

trust index" [1], e.g., as a weighted sum of the observable parameters following an 

approach of [2] for the evaluation of an interaction between, say an agent and a user.  

It should also be noted that the term goal above refers to what should be achieved by a 

control loop. In order to achieve contractual agreement elements, self-management 

functions (control loops) must reach certain goals.  Thus, if the decision of a certain 

control loop deviates from these goals this decision should not be deemed as 

trustworthy. Consequently, the larger the measured deviation, the number/amount of 

resources involved, the time required and the number of reconfigurations, the higher the 

level of inefficiency of certain control loop decisions/actions. In general a high level of 

inefficiency can be mapped to a low level of trustworthiness, i.e., to a low instantaneous 

trust index. More specifically, if the level of inefficiency of a control loop exceeds a 

specific predefined threshold, its instantaneous trust index will be decreased.  

In order to obtain an "overall trust index", the long term performance of governance 

and self-management functions should also be taken into account, considering 
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instantaneous as well as past information. The metrics, the instantaneous and the 

overall trust index are combined in the below proposed model, following a similar to Q-

learning approach in order to enhance the decision making process of a control loop in 

terms of trust. 

7.3 Approach  

The method described here as a generic one targets at enforcing a control loop with the 

knowledge if its decisions are trustworthy enough. This knowledge may be exploited so 

as to improve the performance of the control loop by excluding decisions/actions that do 

not achieve desired trustworthiness levels. More specifically, the method stores 

information on situations encountered by the control loop including the corresponding 

decision that was applied for handling them in a knowledge base similar to the one 

depicted in Figure 7.1. This allows considering past interactions so as to allow faster and 

more efficient handling of problems.  Thus, a control loop is enabled to reach its most 

trustworthy decisions given the current context of the system. Furthermore, the decision 

making process can be enhanced in terms of reduced time required for selecting a 

particular action, as a former “trustworthy” decision may be applied for the same/similar 

context without the need of executing an optimisation process. 

Each time a decision is made, the control loop provides information on the contextual 

situation (parameters of the trigger for the Control loop) and the corresponding decision 

made.  The values of relevant metrics are retrieved after the application of the decision 

of the control loop. The retrieved values are used so as to calculate and update the 

efficiency level, the instantaneous trust index and the overall trust index, given the 

context of the system. The knowledge-base is updated accordingly.  

The proposed model follows Q-learning approach and the flow of Figure 7.2. In 

particular, after the selection of the metrics and the collection of the measurements, the 

latter will be used for calculating the level of efficiency of the control loop. The way that 

the Efficiency Level (EL) can be calculated is given by equation (7.1) and may involve 

different functions F such as the weighted sum of the metrics. 

1 2( ) ( , ,..., )nEL t F m m m  
(7.1) 
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where m1, m2, ...., mn stand for the different metrics.  

 

Figure 7.1: High-level view of control loop trustworthiness assessment process and 

update of corresponding knowledge base. 

Additionally, a threshold for EL is defined with respect to equation (7.2), i.e., the value 

of function F when the minimum desired values of the metrics are used. 

1, 2, ,( , ,..., )thres opt opt n optEL F m m m  
(7.2) 

Consequently, if the EL of the control loop decision is below the defined threshold, the 

control loop decision will be rated negatively, i.e., the Instantaneous Trust Index (ITI) r 

(corresponding to the payoff of Q-Learning technique) for the certain state s and action 

(decision)/ selected control loop a  will be a negative real number. On the contrary, if 

the EL of the control loop decision is over the defined threshold, then the control loop 

decision will be rated positively, i.e., the corresponding payoff (ITI) r for the certain 

state s and action (decision) a will be a positive real number (equation 7.3). 
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(7.3) 

 

where r(s(t),a(t)) represents the payoff for a particular system state s and action a at 

instance t. 

 

Figure 7.2: Overview of process for updating the Overall Trust Index (OTI). 

Accordingly, the ITIs will then be used to update the Overall Trust Index (OTI), which 

provides a more aggregated view of the trustworthiness of a particular decision/control 

loop over time (taking into account past trust estimations). In other words, it comprises 

both instantaneous information as well as “historical” information. Following the Q-

learning approach [3], the OTI will first be calculated and then, during the next 

iterations, be updated until it reaches its maximum value according to equations (7.4) 

and (7.5): 
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( 1)
( ( ), ( )) ( ( ), ( )) [ ( ) max ( ( 1), ( 1)) ( ( ), ( ))]
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Q s t a t Q s t a t r t Q s t a t Q s t a t 


       (7.5) 

where Q(s(t),a(t)) corresponds to the OTI when the control loop is triggered by a 

situation (system state) s(t) and reaches decision a(t) and symbol 
,s r

 refers to the 

average value. The discount factor 0<γ<1 stands for the weight of the payoff and is 

closely related to the time that has elapsed from the payoff, i.e. the larger γ designates 

that the more distant payoffs are more important. Moreover, parameter ε denotes the 

learning rate of the system. 

As already mentioned, the derived knowledge on situations encountered and 

corresponding decision made by the control loop from the above described method will 

then be stored in a knowledge base. According to this knowledge base, the control loop 

will be enabled to select the most trustworthy decision given its inputs and the trigger.  

It should be noted that the focus of the presented method is more on assessing the 

performance of a control loop (or potentially a set of control loops) and consequently 

derive how much it can be trusted to operate autonomously and is not relevant to 

security. Nevertheless, the use of the described method and its outcomes may help to 

identify situations when conventional isolation mechanisms need to be applied. 

7.4 Conclusions 

Despite the many advantages that self-x mechanisms promise to provide network 

management with, disadvantages also exist, one of those coming from questions such 

as “how much can an autonomic control loop be trusted that will make the most 

appropriate decision? Will it be at least as good as the one made a human? What is the 

optimal control loop to incorporate in a network management?” All these question are 

closely related to the trust that needs to be built in autonomic control loop so as them to 

actually be deployed. In fact, although there is much ongoing research with respect to 

cognitive management systems, they have not yet been deployed in large large.  

In order to bridge the gap, trust to self-x mechanisms needs to be build. To this end, 

this last chapter of the dissertation designs a knowledge building mechanism that could 

be used for evaluating the performance in terms of trust of an autonomic control loop. 
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However, even though the trust issue was raised during the dissertation and a way to 

address such a challenge was considered as intresting to be provided, the evaluation of 

this mechanism is closely related to the under question control loop increasing the 

boundaries of this research so much that was considered as out of scope of this 

dissertation.  
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8 SUMMARY – ONGOING CHALLENGES 

This dissertation identified the need for mechanisms that can exploit Big Data and build 

knowledge that supports and enhances the decision making in CRSs. In particular, the 

increasing demand for network resources, the heterogeneity of the user devices and 

applications and the increased availability of digital data pose the challenges of future 

networks but also offer solutions for addressing them.  

To this end, the dissertation presents the GANA architecture and identifies the 

placeholder where knowledge building mechanisms can be hosted so as to offer support 

to the envisaged functionality of the architecture and allow proactive diagnosis of future 

networks. Data parameters that can be monitored directly by the network have also 

been identified. Moreover, knowledge building mechanisms for a) estimating the 

network capabilities in terms of bitrate, b) predicting the congestion levels of a core link, 

c) foreseeing the traffic of a node, d) supporting and enhancing congestion avoidance 

mechanisms and e) building trust in autonomic control loops were designed, 

implemented and validated. The results from the validation of the mechanisms seem to 

be quite promising, although there is always room for improvement.  

Last, but not least, despite the promising results, the concerns raised with respect to the 

trust in chapter 7 should not be underestimated. Research may propose enough 

autonomic control loops/ self-x mechanisms, but in order to move forward with their 

deployment, trust needs to be built.  
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9 APPENDIX A – ΔΚΣΔΣΑΜΔΝΗ ΔΛΛΗΝΙΚΗ ΠΔΡΙΛΗΦΗ 

9.1 Πεπίγπαμμα ηος Κεθαλαίος 

Ρν θεθάιαην απηφ απνηειεί κηα ζχλνςε ηεο δηαηξηβήο ζηα ειιηληθά. Έηζη, αξρηθά 

παξνπζηάδεηαη ην πιαίζην ζην νπνίν κπνξνχλ λα θηινμελεζνχλ κεραληζκνί δεκηνπξγίαο 

γλψζεο θαη ηα δεδνκέλα πνπ κπνξνχλ λα αμηνπνηεζνχλ γηα ηελ δεκηνπξγία ηεο γλψζεο 

(θεθάιαην 9.3). Αθνινπζεί ε αλάιπζε κεραληζκψλ πνπ βαζίδνληαη ζε ηερληθέο κεραληθήο 

κάζεζεο (machine learning) γηα ηελ δεκηνπξγία γλψζεο πνπ κπνξεί λα βειηηψζεη ηελ 

απφδνζε ησλ δηθηχσλ ζε ηαρχηεηα θαη νξζφηεηα ησλ απνθάζεσλ πνπ ιακβάλεη. 

Ππγθεθξηκέλα, ην θεθάιαην 9.4 δίλεη έκθαζε ζε εθείλνπο ηνπο κεραληζκνχο πνπ 

απνζθνπνχλ ζηελ πξφβιεςε ησλ δπλαηνηήησλ ηνπ θαη ζε ζπγθξηηηθή κειέηε κεηαμχ 

δηαθφξσλ ηερληθψλ κεραληθήο κάζεζεο. Νη κεραληζκνί δεκηνπξγίαο γλψζεο πνπ 

αθνξνχλ ηελ πξφβιεςε ηνπ θνξηίνπ αλαιχνληαη ζην θεθάιαην 9.5. Ρέινο, ηα θεθάιαηα 

9.6 θαη 9.7 παξνπζηάδνπλ αληίζηνηρα πψο κεραληζκνί δεκηνπξγίαο γλψζεο κπνξνχλ λα 

ζηεξίμνπλ ην δίθηπν ζε επίπεδν κεηαθνξάο θαη ζηελ απην-αμηνιφγεζε ησλ απνθάζεψλ 

ηνπ γηα ηελ δηαρείξηζε ηεο εκπηζηνζχλεο πξνο απηέο.  

9.2 Διζαγυγή 

Ζ απμαλφκελε ρξήζε ηνπ Γηαδηθηχνπ αιιά θαη ε βειηίσζε ησλ ππεξεζηψλ θαηά ηέηνην 

ηξφπν ψζηε λα πξνζθέξνπλ φιν θαη πεξηζζφηεξεο δπλαηφηεηεο ζηνπο ρξήζηεο 

πξνθαινχλ ηελ αληίζηνηρε αχμεζε ηεο αλάγθεο γηα βειηησκέλε δηαζεζηκφηεηα πφξσλ θαη 

επηπέδνπ ρξήζεο ππφ ηελ έλλνηα ηεο παξνρήο αμηφπηζησλ θαη πνηνηηθψλ ππεξεζηψλ πξνο 

ηνλ ηειηθφ ρξήζηε, αθήλνληαο ειάρηζηα απνδεθηά φξηα Ξνηφηεηαο πεξεζίαο (QoS) ή 

Ξνηφηεηαο Δκπεηξίαο Σξήζεο (QoE). Ρέηνηεο απαηηήζεηο, δελ κπνξεί παξά λα αζθνχλ 

πεξαηηέξσ πίεζε ηνπο εθάζηνηε δηθηπαθνχο πφξνπο (δηαζέζηκν εχξνο θάζκαηνο- 

bandwidth, επεμεξγαζηηθή ηθαλφηεηα ζε δίθηπα θνξκνχ θαη πξφζβαζεο).   

Δπηπξνζζέησο, ηφζν ε φιν θαη πην έληνλε εηζξνή ηνπ Γηαδηθηχνπ ζηελ θαζεκεξηλφηεηα 

ηνπ κέζνπ αλζξψπνπ/ ρξήζηε, είηε γηα ηελ ελεκέξσζή ηνπ είηε γηα ηελ παξνρή 

ππεξεζηψλ θαη δηθηχσζεο γεληθφηεξα, φζν θαη ε ηαπηφρξνλε βειηίσζε θαη αλαβάζκηζε 

ησλ ηεξκαηηθψλ ζηαζκψλ νδεγνχλ ζηελ εθζεηηθή αχμεζε ησλ παξαγφκελσλ δεδνκέλσλ 
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πνπ ρξεηάδεηαη λα δηαρεηξηζηνχλ νη ιεηηνπξγνί ησλ δηθηχσλ (NOs) ή/ θαη νη πάξνρνη ησλ 

ππεξεζηψλ (SPs). Θαζψο ε δηαρείξηζε, ε αμηνπνίεζε θαη ε εθκεηάιιεπζε ηφζσλ 

δεδνκέλσλ δελ είλαη εθηθηφ λα πξαγκαηνπνηεζεί κφλν απφ ηνλ άλζξσπν, θαζίζηαηαη 

απαξαίηεηε ε αλεχξεζε απηνκαηνπνηεκέλσλ δηαδηθαζηψλ πξνο απηήλ ηελ θαηεχζπλζε. 

Νη δηαδηθαζίεο απηέο ζα βνεζήζνπλ ζηελ ζσζηή εθκεηάιιεπζε ηεο πιεξνθνξίαο πνπ 

παξάγεηαη θαη ζηελ αλάιπζε ησλ "κεγάισλ" - ζε πνζφηεηα, ηαρχηεηα αιιαγήο θαη  

δηαθνξεηηθφηεηα - δεδνκέλσλ (Big data analytics) θαη νκαδνπνίεζήο ηνπο θαηά ηξφπν 

εθηθηφ θαη άκεζα αμηνπνηήζηκν απφ ηνλ άλζξσπν, π.ρ. «ζπλαγεξκνί» θαηαζηάζεσλ ζηηο 

νπνίεο ζα επέιζεη ην δίθηπν ζην άκεζν κέιινλ (alarms), θαζηζηψληαο δπλαηή ηελ 

γλσζηαθή δηαρείξηζε (cognitive management).  

Πηα ζπζηήκαηα γλσζηαθήο δηαρείξηζεο, ε πξφηεξε εκπεηξία ηνπ δηθηχνπ θαζνδεγεί ηελ 

απηνκαηνπνηεκέλε ιήςε απνθάζεσλ (decision making) ηνπ δηθηχνπ γηα ηελ 

βειηηζηνπνίεζε ηεο ιεηηνπξγίαο ηνπ. Γηα ηνλ ιφγν απηφ ρξεζηκνπνηνχληαη ηερληθέο 

κεραληθήο κάζεζεο (machine learning), νη νπνίεο εκπινπηίδνπλ ηα δίθηπα κε 

δπλαηφηεηεο επεμεξγαζίαο ηεο «πξσηνβάζκηαο» πιεξνθνξίαο πνπ ιακβάλνπλ απφ ην 

πεξηβάιινλ ηνπο (sensing) ψζηε λα παξάγνπλ πςειφηεξνπ επηπέδνπ δεδνκέλα 

(elaborated data, alarms) θαη λα δεκηνπξγνχλ γλψζε απφ ηελ εκπεηξία ηνπ δηθηχνπ 

(knowledge building). Ρα λέα απηά επεμεξγαζκέλα δεδνκέλα θαζηζηνχλ δπλαηή ηελ 

θαιχηεξε ιήςε απνθάζεσλ είηε απφ ηνλ δηαρεηξηζηή ηνπ δηθηχνπ είηε αθφκα θαη 

απηφλνκα απφ ην δίθηπν. Ρέινο, απηή ε δπλαηφηεηα ησλ δηθηχσλ κπνξεί λα αμηνπνηεζεί 

είηε γηα ηελ θαζχζηεξε αληηκεηψπηζε πξνβιεκάησλ ηνπ δηθηχνπ κεηά ηελ έγθπξε 

δηάγλσζή ηνπο (reactive diagnosis) ή αθφκα θαη σο πξφιεςε γηα ηελ απνθπγή 

αλεπηζχκεησλ θαηαζηάζεσλ ζην δίθηπν (proactive diagnosis). 

Ππλνςίδνληαο, ε γλσζηαθή δηαρείξηζε ησλ δηθηχσλ κπνξεί λα δψζεη ιχζεηο ζηηο 

πξνθιήζεηο ησλ κειινληηθψλ δηθηχσλ αιιά απηφ πξνυπνζέηεη ηελ εηζαγσγή γλψζεο 

κέζα ζην δίθηπν, φρη φκσο γλψζεο πνπ παξάγεηαη απφ ηνλ άλζξσπν. Ξξφθεηηαη γηα 

γλψζε παξαγφκελε δπλακηθά απφ ην ίδην ην δίθηπν βάζεη ηνπ πεξηβάιινληνο (context) 

κέζα ζην νπνίν ελεξγεί, ηα δεδνκέλα κεγάινπ φγθνπ πνπ παξάγνληαη θαη ηελ εκπεηξία 

πνπ έρεη απνθηήζεη απφ ηελ κέρξη ηψξα ιεηηνπξγία ηνπ. Ζ γλψζε απηή γηα λα απνθηεζεί 

απαηηεί απφ ην δίθηπν λα εθπαηδεχεηαη δπλακηθά απφ ηνλ ηξφπν πνπ έρεη αληηδξάζεη ζην 

παξειζφλ δεδνκέλνπ ηνπ πεξηβάιινληνο ζην νπνίν ελεξγεί (context) θαη λα είλαη ζε 
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ζέζε λα αλαγλσξίζεη πνηεο απφ ηηο αληηδξάζεηο/ απνθάζεηο απηέο ην νδήγεζαλ ζε 

θαιχηεξε ιεηηνπξγηθή θαηάζηαζε ψζηε ηελ δεδνκέλε ζηηγκή λα ιακβάλεη ηηο αληίζηνηρεο 

απνθάζεηο. Φπζηθά, νη απνθάζεηο απηέο ζα δηέπνληαη θαη απφ ηνπο ζηφρνπο/ θαλφλεο 

(policies) ηνπ ιεηηνπξγνχ ηνπ δηθηχνπ (NO) ή/ θαη ηνπ παξφρνπ ηεο ππεξεζίαο (SP). 

Αθνινπζψληαο ην παξαπάλσ θχθιν ιεηηνπξγίαο/ εξγαζηψλ, ην δίθηπν δχλαηαη λα 

απνθηήζεη κία δηθή ηνπ δπλακηθή θαη απηνηέιεηα αθφκε θαη σο πξνο ηελ ιήςε 

απνθάζεσλ. 

Ζ δηδαθηνξηθή δηαηξηβή εζηηάδεη ζηελ πεξηνρή ησλ κεραληζκψλ δεκηνπξγίαο γλψζεο. 

Ππγθεθξηκέλα, κεραληζκνί κεραληθήο κάζεζεο εμεηάδνληαη θαη ρξεζηκνπνηνχληαη γηα ηελ 

αλάιπζε δεδνκέλσλ κεγάιεο θιίκαθαο πνπ πεξηγξάθνπλ παξειζνχζεο θαηαζηάζεηο ηνπ 

δηθηχνπ θαη ηελ ζπκπεξηθνξά ηνπ ζχκθσλα κε ηηο απνθάζεηο πνπ ειήθζεζαλ ζε θάζε 

πεξίπησζε. Ζ αλάιπζε ησλ παξαπάλσ δεδνκέλσλ νδεγεί ζηελ δεκηνπξγία ηεο γλψζεο 

πνπ κπνξεί λα αμηνπνηεζεί γηα ηελ πξφβιεςε αλεπηζχκεησλ κειινληηθψλ θαηαζηάζεσλ 

ηνπ δηθηχνπ θαη ηελ βειηίσζε ησλ απνθάζεσλ είηε σο πξνο ηελ απνηειεζκαηηθφηεηά 

ηνπο είηε σο πξνο ηελ ηαρχηεηα ιήςεο ηνπο. 

Δλ γέλεη, νη ηερληθέο κεραληθήο κάζεζεο δηαρσξίδνληαη ζηηο θαζνδεγνχκελεο ηερληθέο 

εθπαίδεπζεο (supervised learning techniques) θαη ζηηο κε θαζνδεγνχκελεο (unsupervised 

learning techniques). Νη θαζνδεγνχκελεο ηερληθέο εθπαίδεπζεο είλαη ηερληθέο πνπ 

ιεηηνπξγνχλ ππφ επίβιεςε, ηερληθέο δειαδή ζηηο νπνίεο ην ζχλνιν ησλ δεδνκέλσλ πνπ 

εηζάγνληαη  θαηά ηελ εθπαίδεπζε πεξηέρεη θαη ην επηζπκεηφ απνηέιεζκα. Απφ απηφ ην 

ζχλνιν ησλ δεδνκέλσλ ην ζχζηεκα/ δίθηπν «αλαθαιχπηεη» ηελ ζπλάξηεζε πνπ δηέπεη 

ηα δεδνκέλα θαη θαιείηαη λα ηελ γεληθεχζεη ψζηε λα κπνξεί λα βγάιεη ζπκπεξάζκαηα 

αθφκε θαη γηα δεδνκέλα άγλσζηα πξνο απηφ, δεδνκέλα δειαδή πνπ δελ αλήθαλ ζην 

ζχλνιν ησλ δεδνκέλσλ πνπ εηζήρζεζαλ θαηά ηελ εθπαίδεπζε. Δλδεηθηηθά αλαθέξνπκε 

φηη ζε απηνχ ηνπ είδνπο ηηο ηερληθέο αλήθνπλ ηα Λεπξσληθά Γίθηπα (Neural Networks - 

NNs) [1]-[5], ηα Bayesian δίθηπα [6]-[8] θαη νη ηερληθέο βαζηζκέλεο ζε Fuzzy-logic 

[9][10]. Κειέηεο πνπ έρνπλ ιάβεη ρψξν ζε εξεπλεηηθφ επίπεδν θάλνληαο ρξήζε απηψλ 

ησλ ηερληθψλ γηα λα πξνθχςνπλ νη πξνηηκήζεηο ησλ ρξεζηψλ ηνπ δηθηχνπ θαη νη 

δπλαηφηεηεο ηνπ δηθηχνπ είλαη νη [7][8] θαη νη [1]-[6],[9],[10], αληίζηνηρα. 

Κε θαζνδεγνχκελεο ηερληθέο εθπαίδεπζεο είλαη εθείλεο νη ηερληθέο νη νπνίεο πξνζπαζνχλ 

λα ζπκπεξάλνπλ ηελ θξπθή δνκή ησλ δεδνκέλσλ ρσξίο σζηφζν λα ηνπο γλσζηνπνηείηαη 
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ην επηζπκεηφ απνηέιεζκα. Ρέηνηνπ είδνπο ηερληθέο ρξεζηκνπνηνχληαη επξέσο ζε 

πξνβιήκαηα «εμφξπμεο δεδνκέλσλ» (data mining) θαη νκαδνπνίεζεο (clustering), ελψ 

ελδεηθηηθά ζε απηήλ ηελ θαηεγνξία βξίζθνληαη νη «θ-θνληηλφηεξνη γείηνλεο» (k-nearest 

neighbors), ηα «λεπξσληθά αέξηα» (neural gas), ε «ζεσξία πξνζαξκνζηηθήο απήρεζεο» 

(Adaptive Resonance Theory - ART) [11], νη «ράξηεο απηφ-νξγάλσζεο» (Self-Organizing 

Maps - SOMs) θαη παξαιιαγέο ηνπο.  

Πηνπο κεραληζκνχο πνπ αλαιχνληαη παξαθάησ, έκθαζε δφζεθε ζηηο κε θαζνδεγνχκελεο 

ηερληθέο εθπαίδεπζεο, θαη εηδηθά ζηνπο ράξηεο απηφ-νξγάλσζεο θαη θάπνηεο απφ ηηο 

παξαιιαγέο ηνπο ψζηε λα θαηαζθεπαζηνχλ αληίζηνηρνη πξνο ηα δεδνκέλα ράξηεο θαη λα 

αλαγλσξηζηνχλ ηα ζρέδηα/ κνληέια ζηα νπνία ππφθεηληαη νη κεηαμχ ηνπο ζρέζεηο.  Ρα 

κνληέια απηά αμηνπνηήζεθαλ ελ ζπλερεία γηα ηελ πξφβιεςε/ πξνιεπηηθή δηάγλσζε 

θαηαζηάζεσλ ζηα νπνία ζα επέιζεη ην δίθηπν ή γηα ηελ δηεπθφιπλζε ηεο δηαδηθαζίαο 

απηφκαηεο ιήςεο απνθάζεσλ απφ ην ίδην ην δίθηπν.  

9.3 Γομέρ και Μονηέλα Απεικόνιζερ Γνυζερ 

Ζ αξρηηεθηνληθή GANA [12] έρεη πξνηαζεί απφ ηελ νκάδα πξνηππνπνίεζεο ETSI GS AFI 

θαη αθνξά ζηελ πεξηγξαθή κηαο αξρηηεθηνληθήο πνπ ζα κπνξεί λα πεξηγξάςεη ηηο 

ιεηηνπξγίεο ησλ κειινληηθψλ δηθηχσλ αιιά θαη ηελ νξγάλσζε ησλ επηκέξνπο επηπέδσλ 

ησλ ζηνηρείσλ ηνπ δηθηχνπ. Πε απηήλ πξνβιέπεηαη ε χπαξμε ηνπ “Knowledge Plane”, ην 

νπνίν επζχλεηαη γηα ηελ κεηάθξαζε ησλ GANA profiles, ησλ νδεγηψλ δειαδή πνπ εηζάγεη 

ν ιεηηνπξγφο ηνπ δηθηχνπ, κε νδεγίεο πνπ κπνξνχλ λα εθηειεζηνχλ απφ κεραλέο 

απνθάζεσλ ρακειφηεξσλ επηπέδσλ ζηελ αξρηηεθηνληθή. Πηα πιαίζηα ηεο δεκνζίεπζεο 

[13] πξνηάζεθε ε εηζαγσγή ζην “Knowledge Plane” ηνπ “Knowledge Functional Block”, 

δειαδή κηαο νκάδαο δηεξγαζηψλ/κεραληζκψλ πνπ ζα ζπκπιεξψλεη ηελ πιεξνθνξία 

ζρεηηθά κε ηηο πνιηηηθέο ρξήζεο θαη δηαρείξηζεο ησλ δηθηχσλ θαη ηνπο high-level ζηφρνπο 

ησλ ιεηηνπξγψλ ησλ δηθηχσλ, φπσο απηέο πξνδηαγξάθνληαη ζηελ αξρηηεθηνληθή GANA 

(Δηθφλα 9.1) [12], κε ηελ "εκπεηξία" ηνπ δηθηχνπ απφ παιαηφηεξεο κεηξήζεηο θαη 

παξαηεξήζεηο. Θάζε κεραληζκφο ηνπ “Knowledge Functional Block” απνζθνπεί ζηελ 

παξνρή δηαθνξεηηθήο πιεξνθνξίαο ζρεηηθά κε ηνλ ηξφπν ιεηηνπξγίαο ηνπ δηθηχνπ ελψ 

γηα ηελ παξαγσγή απηήο ηεο γλψζεο κπνξνχλ λα ρξεζηκνπνηεζνχλ δηαθνξεηηθέο 

ηερληθέο κεραληθήο κάζεζεο (αλάινγα κε ηελ θχζε ηνπ πξνβιήκαηνο πνπ 

αληηκεησπίδεηαη) θαη λα ζπλδπαζηνχλ πιεξνθνξίεο δηαθνξεηηθήο θχζεο φπσο πρ., 
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κεηξήζεηο ηνπ δηθηχνπ κε ηελ εκεξνκελία, ηηο επηινγέο ησλ ρξεζηψλ, πεξηβαιινληηθά 

δεδνκέλα θ.α. 

 

Δηθφλα 9.1: Αξρηηεθηνληθή GANA [12]. 

Ζ Δηθφλα 9.2 απεηθνλίδεη ην γξαθηθφ πεξηβάιινλ πνπ πξνβιέπεηαη γηα ην knowledge 

functional block ψζηε λα κπνξεί ν ιεηηνπξγφο ηνπ δηθηχνπ λα παξαθνινπζεί ηελ γλψζε 

πνπ δεκηνπξγείηαη απφ ηνπο αληίζηνηρνπο κεραληζκνχο γλψζεο. Γηα ηνλ πξνζδηνξηζκφ 

ησλ δεδνκέλσλ πνπ κπνξνχλ λα ρξεζηκνπνηεζνχλ απφ ηνπο παξαπάλσ κεραληζκνχο 

ψζηε λα δεκηνπξγεζεί ε επηζπκεηή γλψζε ζηελ πεξίπησζε ησλ δηθηχσλ 4εο γεληάο 

(LTE) [14] κειεηήζεθαλ ηα έγγξαθα πξνηππνπνίεζεο ηνπ «Έξγνπ  Θνηλνπξαμίαο Ρξίηεο 

Γεληάο» (3GPP). Ζ Δηθφλα 9.2 παξνπζηάδεη ηηο δνκέο ησλ δεδνκέλσλ πνπ κπνξνχλ λα 

αληιεζνχλ άκεζα απφ βάζεηο δηαρείξηζεο πιεξνθνξίαο (MIBs) ησλ δηθηχσλ 4εο γεληάο 

θαη λα αμηνπνηεζνχλ γηα ηελ δεκηνπξγία γλψζεο ζε 3 ελδεηθηηθά παξαδείγκαηα: α) ηελ 

πξφβιεςε ηεο θηλεηηθφηεηαο ησλ ρξεζηψλ, β) ηελ πξφβιεςε ηνπ θνξηίνπ ηνπ δηθηχνπ 

θαη γ) ηελ πξφβιεςε ησλ επηινγψλ ηνπ ρξήζηε ζχκθσλα κε ηελ κειέηε [13].  

Νη κεραληζκνί κάζεζεο θαη δηαρείξηζεο γλψζεο ηνπ “Knowledge Functional Block” 

αιιειεπηδξνχλ κε ηνπο κεραληζκνχο αίζζεζεο θαη επίγλσζεο (sensing and awareness) 

γηα λα ιακβάλνπλ ηα πξσηνγελή δεδνκέλα ηνπ δηθηχνπ (raw data) θαη ηνπο κεραληζκνχο 
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απνθάζεσλ (decision making mechanisms) ζηνπο νπνίνπο παξαδίδνπλ ηελ γλψζε γηα 

ηελ βειηίσζε θαη δηεπθφιπλζε ησλ απνθάζεψλ ηνπο [15]. 
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Δηθφλα 9.2: Γξαθηθφ πεξηβάιινλ ηνπ knowledge functional block θαη παξάκεηξνη ηνπ 

δηθηχνπ πνπ κπνξνχλ λα ρξεζηκνπνηεζνχλ γηα ελδεηθηηθά παξαδείγκαηα κεραληζκψλ 

γλψζεο [13]. 

9.4 Μεσανιζμοί Ανάπηςξερ Γνώζερ 

Πε απηφ ην θεθάιαην παξνπζηάδεηαη κηαο εξγαιεηνζήθε πνπ θηινμελεί πεξαηηέξσ ηνπ 

ελφο κεραληζκνχ παξαγσγήο γλψζεο κε ζθνπφ ηελ βειηίσζε ηεο δηαρείξηζεο ηνπ 

δηθηχνπ. Γηα ηελ δεκηνπξγία απηήο ηεο εξγαιεηνζήθεο κειεηήζεθαλ δηαθνξεηηθά ζελάξηα 

θαη ζπλζήθεο ππφ ηηο νπνίεο κηα ηέηνηα εξγαιεηνζήθε ζα κπνξνχζε λα βειηηψζεη ηηο 

απνθάζεηο ηεο ζπζθεπήο πνπ ηελ θέξεη, φπσο ε ζηεξηγκέλε ζηελ γλψζε δηαρείξηζε 

αλαδηαξζξψζηκσλ (reconfigurable) ζπζθεπψλ, ε απηφ-βειηηζηνπνίεζε γλσζηαθψλ 

ζπζθεπψλ ρξήζηε θαη ε δηαρείξηζε γλσζηαθψλ ζπζηεκάησλ θαη επθαηξηαθψλ δηθηχσλ 

(opportunistic networks).  

Νη κεραληζκνί πνπ ζπκπεξηιήθζεθαλ ζε απηήλ ηελ εξγαιεηνζήθε πεξηειάκβαλαλ 

κεραληζκνχο πνπ κπνξνχλ λα απνθηήζνπλ θαη λα κάζνπλ πιεξνθνξίεο γηα ηνλ ρξήζηε 

(φπσο πιεξνθνξίεο γηα ηηο πξνηηκήζεηο ηνπ, ηελ ζπκπεξηθνξά ηνπ αιιά θαη ηηο 

δπλαηφηεηεο ηεο ζπζθεπήο ηνπ), πιεξνθνξίεο γηα ηηο ζπλζήθεο θάησ απφ ηηο νπνίεο 
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ιεηηνπξγεί ην δίθηπν ή ε ζπζθεπή ηνπ ρξήζηε (context information), ηελ πνιηηηθή/ 

θαλνληζκνχο (policies) ζχκθσλα κε ηνπο νπνίνπο νθείιεη λα ζπλεξγαζηεί θαη ηελ 

απνδνηηθφηεηα ησλ απνθάζεψλ ηνπ. Ξιεξνθνξίεο πνπ ζρεηίδνληαη κε ηηο ζπλζήθεο 

ιεηηνπξγίαο ηνπ δηθηχνπ είλαη ε θαηάζηαζε ησλ ζηνηρείσλ ηνπ δηθηχνπ (π.ρ., ησλ 

ζηαζκψλ βάζεο), ε θαηάζηαζε ηνπ πεξηβάιινληφο ηνπ θαη νη ζπζθεπέο ησλ ρξεζηψλ. 

Αληίζηνηρα, νη πιεξνθνξίεο απηέο απφ ηελ πιεπξά ηεο ζπζθεπήο ηνπ ρξήζηε 

κεηαθξάδνληαη ζε δεδνκέλα ζρεηηθά κε ηηο ηερλνινγίεο πξφζβαζεο ζε κηα ζπγθεθξηκέλε 

πεξηνρή θαη ηελ αληίζηνηρε θαηάζηαζή ηνπο (π.ρ., ζπρλφηεηεο πνπ ρξεζηκνπνηνχληαη, 

δηαζέζηκνη πφξνη θαη θάιπςε), πιεξνθνξίεο γηα ηελ θαηάζηαζε ηεο ζπζθεπήο (π.ρ., 

θάιπςε ζηελ ζπγθεθξηκέλε πεξηνρή, δηαζέζηκε κπαηαξία θαη δπλαηφηεηεο πνπ έρεη βάζεη 

ηεο ηερλνινγίεο ηεο), θαη πιεξνθνξίεο γηα άιιεο ζπζθεπέο πνπ ιεηηνπξγνχλ ζηελ 

πεξηνρή (π.ρ., δξαζηεξηφηεηα θαη δπλαηφηεηα ζπλεξγαζίαο). 

Ρέινο, γηα ηνπο κεραληζκνχο απηνχο ζηα πιαίζηα ηνπ [16] πξνηάζεθαλ ζπγθεθξηκέλεο 

αιγνξηζκηθέο ιχζεηο (implementation approaches) βαζηζκέλεο ζε δηαθνξεηηθέο ηερληθέο 

κάζεζεο. 

9.4.1  Γεμιοςπγία γνώζερ για ηεν εκηίμεζε ηυν δςναηοηήηυν ηος 

δικηύος - ςγκπιηική μελέηε μεηαξύ NN και SOMs 

Ν κεραληζκφο  δεκηνπξγίαο γλψζεο γηα ηελ εθηίκεζε ησλ δπλαηνηήησλ ηνπ δηθηχνπ 

ρξεζηκνπνηεί δεδνκέλα φπσο είλαη ν ζφξπβνο, ν δείθηεο έληαζεο ιεθζέληνο ζήκαηνο 

(RSSI), εηζεξρφκελα θαη εμεξρφκελα ιάζε, παθέηα θαη Bytes – σο απνηέιεζκα κηαο 

δηακφξθσζεο (configuration) ηνπ δηθηχνπ – θαη ηα ζπζρεηίδεη κε ην ξπζκφ κεηάδνζεο 

(bitrate) – δείθηε πνηφηεηαο ηνπ ζήκαηνο (QoS) – πνπ κπνξεί λα επηηεπρζεί φηαλ έρεη 

επηιεγεί ε ζπγθεθξηκέλε δηακφξθσζε. Θάζε ζπλδπαζκφο ησλ ηηκψλ ησλ παξακέηξσλ 

απηψλ ζα αλαθέξεηαη ζην εμήο σο δείγκα δεδνκέλσλ. 

Πηνλ κεραληζκφ απηφ ρξεζηκνπνηήζεθε ε ηερληθή απηφ-νξγαλσκέλσλ ραξηψλ (SOM). Ζ 

ηερληθή απηή πξνηάζεθε πξψηε θνξά απφ ηνλ T. Kohonen [17][18] θαη απεηθνλίδεη 

πνιπδηάζηαηα δεδνκέλα ζε δηζδηάζηαηνπο ράξηεο. Απηνί νη ράξηεο απνηεινχληαη απφ 

ηεηξαγσληθέο ή εμαγσληθέο θπςέιεο νη νπνίεο βξίζθνληαη πάλσ ζε πιέγκα θαλνληθνχ 

ζπζηήκαηνο ελψ θάζε δείγκα δεδνκέλσλ ζρεηίδεηαη κε εθείλε ηελ θπςέιε/ λεπξψλα ηνπ 

ράξηε πνπ ην ζέηεη αλάκεζα ζε φζν ην δπλαηφλ πην ζπγγεληθά (ζε επίπεδν 
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δηαλπζκάησλ) δείγκαηα. πφ απηήλ ηελ έλλνηα, ν ράξηεο πνπ δεκηνπξγείηαη αλαπαξηζηά 

ηελ νκνηφηεηα ησλ δεηγκάησλ δεδνκέλσλ θαη ηελ θαηεγνξηνπνίεζή ηνπο θαη σο εθ 

ηνχηνπ κπνξεί λα ρξεζηκνπνηεζεί θαη γηα ηελ αλαγλψξηζε ησλ ζρεδίσλ/ κνληέισλ ησλ 

δεδνκέλσλ (pattern recognition). Ζ δεκηνπξγία ηεο γλψζεο βαζίζηεθε ζε κεηξήζεηο πνπ 

είραλ ιάβεη ρψξα ζε πξαγκαηηθφ πεξηβάιινλ εληφο ησλ νξίσλ ηνπ Ξαλεπηζηεκίνπ 

Ξεηξαηψο ελψ ε γλψζε πνπ παξάρζεθε ρξεζηκνπνηήζεθε ελ ζπλερεία απφ έλαλ 

κεραληζκφ πνπ κπνξνχζε λα ηελ αμηνπνηήζεη γηα ηελ πξφβιεςε ηνπ bitrate ηφζν 

γλσζηψλ φζν θαη άγλσζησλ δεηγκάησλ δεδνκέλσλ.  

Γηα ηελ αθξίβεηα, ν κεραληζκφο πνπ είρε αλαπηπρζεί ρξεζηκνπνηεί ηελ ίδηα ινγηθή κε ηελ 

εθπαίδεπζε ηνπ ράξηε: θαη‟ αξρήλ, θάζε δείγκα δεδνκέλσλ αληηζηνηρείηαη κε κία θπςέιε 

ρξεζηκνπνηψληαο ηηο ίδηεο παξακέηξνπο κε απηέο πνπ ρξεζηκνπνηήζεθαλ θαηά ηελ 

δηάξθεηα ηεο εθπαίδεπζεο ηνπ ράξηε θαη ζηελ ζπλέρεηα γίλεηαη ε εθηίκεζε ηνπ ξπζκνχ 

κεηάδνζεο (bitrate) αλάινγα κε ην ξπζκφ κεηάδνζεο πνπ παξαηεξείηαη ζηα πιεζηέζηεξα 

επάλσ ζηνλ ράξηε «εθπαηδεπηηθά» δείγκαηα δεδνκέλσλ. 

Ρειηθά, ν κεραληζκφο αμηνινγήζεθε ζπγθξίλνληαο ηηο ηηκέο ηνπ ξπζκνχ κεηάδνζεο ησλ 

δεηγκάησλ δεδνκέλσλ πνπ πξνέθπςαλ απφ ηνλ κεραληζκφ κε ηηο πξαγκαηηθέο κεηξήζεηο 

ηνπ ξπζκνχ κεηάδνζεο ησλ ίδησλ δεηγκάησλ δεδνκέλσλ. Κεηά απφ αξθεηέο πεξηπηψζεηο 

ειέγρνπ ζρεηηθά κε ηνλ θαηαιιειφηεξν ζπλδπαζκφ παξακέηξσλ ν ξπζκφο κεηάδνζεο 

είρε πξνβιεθζεί ζσζηά ζε πνζνζηφ 78,9% ησλ δεηγκάησλ δεδνκέλσλ πνπ είραλ 

εμεηαζηεί ρξεζηκνπνηψληαο α) ηνλ αξηζκφ εηζεξρφκελσλ παθέησλ, β) ηνλ αξηζκφ ησλ 

εμεξρφκελσλ παθέησλ θαη  γ) ηνλ δείθηε έληαζεο ιεθζέληνο ζήκαηνο. Ρν ζπγθξηηηθφ 

δηάγξακκα ησλ πξνβιεθζέλησλ θαη ησλ αληίζηνηρσλ πξαγκαηηθψλ ηηκψλ ηνπ ξπζκνχ 

κεηάδνζεο ζε απηήλ ηελ πεξίπησζε θαίλνληαη ζηελ Δηθφλα 9.3. 
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Δηθφλα 9.3: Ππγθξηηηθφ δηάγξακκα ησλ πξνβιεθζέλησλ (ζπλερήο γξακκή) θαη ησλ 

αληίζηνηρσλ πξαγκαηηθψλ (δηαθεθνκκέλε γξακκή) ηηκψλ ηνπ ξπζκνχ κεηάδνζεο. 

Ππγθξίλνληαο ηνλ κεραληζκφ κε αληίζηνηρνπο κεραληζκνχο ηεο βηβιηνγξαθίαο πνπ 

βαζίδεηαη ζηελ δεκηνπξγία ηεο ίδηαο γλψζεο ρξεζηκνπνηψληαο ηα λεπξσληθά δίθηπα 

[1][2] πξνέθπςαλ ηα εμήο απνηειέζκαηα [19]: Ξαξά ην γεγνλφο φηη ζε θάπνηεο 

πεξηπηψζεηο ν κεραληζκφο πνπ ζηεξίδεηαη ζηα λεπξσληθά δίθηπα παξνπζηάδεη θαιχηεξα 

απνηειέζκαηα (κηθξφηεξν κέζν ηεηξαγσληθφ ζθάικα κεηαμχ ησλ πξνβιεθζέλησλ θαη 

ησλ πξαγκαηηθψλ ηηκψλ ηνπ ξπζκνχ κεηάδνζεο) απφ απηψλ ηεο ηερληθήο SOM, ν 

ηειεπηαίνο ρξεηάδεηαη ιηγφηεξα ηζηνξηθά δεδνκέλα θαη κηθξφηεξεο δηάξθεηαο εθπαίδεπζε 

ελψ παξάιιεια πξνζθέξεη ηελ επειημία εχθνιεο θαη γξήγνξεο αιιαγήο ηνπ αξηζκνχ θαη 

ηνπ ηχπνπ ησλ παξακέηξσλ πνπ ρξεζηκνπνηνχληαη  ρσξίο λα απαηηεί ηνλ 

επαλαζρεδηαζκφ ηνπ κεραληζκνχ. 
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9.4.2  Γεμιοςπγία γνώζερ για ηεν εκηίμεζε ηυν δςναηοηήηυν ηος 

δικηύος - ςγκπιηική μελέηε μεηαξύ Bayesian Statistics και SOMs 

Κεραληζκνί πνπ αθνξνχλ ηελ δηάγλσζε ησλ δπλαηνηήησλ ηνπ δηθηχνπ είηε απφ ηελ 

πιεπξά ηνπ δηθηχνπ είηε απφ ηελ πιεπξά ηεο ζπζθεπήο ηνπ ρξήζηε θαη ηελ κειέηε ησλ 

πξνηηκήζεσλ ηνπ ρξήζηε ζηεξηδφκελνη ζηελ ζηαηηζηηθή Bayesian έρνπλ επίζεο 

δεκηνπξγεζεί θαη αλαθεξζεί ζηελ βηβιηνγξαθία. Νη κειέηεο [6][7] θαη [8] είλαη κεξηθά 

ηέηνηα παξαδείγκαηα. Ν SOM-based κεραληζκφο πνπ πεξηγξάθεθε ζην θεθάιαην 9.4.1 

ζπγθξίζεθε κε απηνχο ηνπο κεραληζκνχο θαη κειεηήζεθε πψο απηνί κπνξνχλ λα 

ζπλδπαζηνχλ γηα λα πξνζθέξνπλ αθφκε θαιχηεξε απνηειεζκαηηθφηεηα.  

Ππγθεθξηκέλα, ν SOM-based κεραληζκφο γηα ηελ δεκηνπξγία γλψζεο ησλ δπλαηφηεηεο 

ησλ δηθηχσλ (ηαρχηεηα κεηάδνζεο bitrate) ηνπ [19] ζπγθξίλεηαη αθελφο κε έλαλ 

Bayesian-based φκνηφ ηνπ πνπ θάλεη εθηίκεζε ησλ δπλαηνηήησλ ηνπ δηθηχνπ θαη έλαλ 

Bayesian-based πνπ απνζθνπεί ζηελ δεκηνπξγία γλψζεο ζρεηηθά κε ηηο πξνηηκήζεηο ησλ 

ρξεζηψλ ηνπ δηθηχνπ (πφζν ηθαλνπνηεκέλνη έκεηλαλ νη ρξήζηεο απφ ηελ απφδνζε ηεο 

εθαξκνγή πνπ κφιηο ρξεζηκνπνίεζαλ). Απφ ηελ κειέηε πνπ πξαγκαηνπνηήζεθε θαη 

παξνπζηάζηεθε ζην [20] πξνέθπςαλ ηα εμήο: 

 Ππγθξίλνληαο ηηο δχν ηερληθέο κάζεζεο (ζηαηηζηηθή Bayesian θαη απηφ-

νξγαλσκέλνη ράξηεο) ζην ίδην πξφβιεκα (ηελ δεκηνπξγία γλψζεο ζρεηηθά κε ηηο 

δπλαηφηεηεο ηνπ δηθηχνπ), παξαηεξήζεθε φηη ε ηερληθή Bayesian, ελ αληηζέζεη κε 

ηνπο απηφ-νξγαλσκέλνπο ράξηεο δηαζέηεη επηπιένλ ηελ δπλαηφηεηα ηεο online 

εθπαίδεπζεο θαη δελ επαλαρξεζηκνπνηεί δεδνκέλα πνπ εμέηαζε ζην παξειζφλ. Υο 

εθ ηνχηνπ, απαηηεί ιηγφηεξεο απνζεθεπηηθέο δπλαηφηεηεο απφ ηελ ζπζθεπή πνπ 

ηελ θηινμελεί θαη άξα κπνξεί λα είλαη αθφκε θαη θνκκάηη ηεο ζπζθεπήο ηνπ 

ρξήζηε.  

 Νη δχν ηερληθέο πνπ ρξεζηκνπνηνχληαη γηα ηελ κειέηε ησλ δπλαηνηήησλ ηνπ 

δηθηχνπ κπνξνχλ λα ζπλδπαζηνχλ, ε κία απφ ηελ ζθνπηά ηνπ δηθηχνπ θαη ε άιιε 

απφ ηελ πιεπξά ηεο ζπζθεπήο ηνπ ρξήζηε, ψζηε ε ηειεπηαία λα επηβεβαηψλεη ηηο 

δπλαηφηεηεο πνπ δειψλεη ην δίθηπν φηη δηαζέηεη. 

 Ρέινο, ε γλψζε πνπ παξάγεηαη ζρεηηθά κε ηηο επηζπκίεο ηνπ ρξήζηε κπνξεί λα 

ζπλδπαζηεί κε ηελ γλψζε ζρεηηθά κε ηηο δπλαηφηεηεο ηνπ δηθηχνπ θαη καδί λα 

αμηνπνηεζνχλ απφ έλα κεραληζκφ επηινγήο δηθηχνπ βάζεη ησλ πξνζθεξφκελσλ 
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δπλαηνηήησλ θαη ηηο πξνηηκήζεηο ηνπ ρξήζηε ψζηε λα απμάλνπλ ηελ πνηφηεηα 

εκπεηξίαο (QoE) ηνπ ρξήζηε θαη ηεο ππεξεζίαο (QoS) ηνπ δηθηχνπ. 

9.5 Γνυζιακή Ανάλςζε Γεδομένυν Αζύπμαηυν Δςπςδυνικών 

Τποδομών Ππόζβαζερ 

9.5.1  Ππόβλετε ηος επιπέδος ζςμθόπεζερ μιαρ δεύξε ηος κενηπικού 

μέποςρ δικηύος  

Ν κεραληζκφο απηφο αθνξά ηελ πξφβιεςε ηνπ επηπέδνπ ζπκθφξεζεο πνπ ζα 

παξαηεξεζεί κέζα ζην επφκελν ρξνληθφ δηάζηεκα πάλσ ζε κηα δεχμε ηνπ θεληξηθνχ 

κέξνπο ηνπ δηθηχνπ (core network). Ζ πξφβιεςε απηή ζα ζηεξίδεηαη ζε παξακέηξνπο 

πνπ κπνξνχλ λα παξαηεξεζνχλ απεπζείαο απφ ην δίθηπν. Θαηφπηλ κειέηεο ζρεηηθήο 

βηβιηνγξαθίαο επί ηνπ ζέκαηνο, νη κεηαβιεηέο πνπ εμεηάζζεθαλ ζρεηίδνληαη είηε κε ηελ 

θίλεζε ηνπ δηθηχνπ, ζε επίπεδν εηζεξρφκελεο ζηελ δεχμε θίλεζεο ηνπ κεηξεκέλε ζε 

Bytes ή/ θαη ζε παθέηα θαη ηελ αληίζηνηρε ηάζε ηεο θίλεζεο, είηε κε ραξαθηεξηζηηθά ηνπ 

δηθηχνπ θαη ηεο δεχμεο φπσο είλαη ην κέγεζνο θαηαρσξεηή ηνπ θφκβνπ πνπ ειεπζεξψλεη 

ηελ θίλεζε κέζα ζηελ δεχμε, ε νπξά αλακνλήο ηνπ ίδηνπ θφκβνπ, ε ρσξεηηθφηεηα ηεο 

δεχμεο θαη ηα παθέηα πνπ ράλνληαη.  

Ζ αμία απηήο ηεο κειέηεο δελ έγθεηηαη ζηελ αλάιπζε ηεο ζρέζεο ηεο θαζεκηάο εθ ησλ 

παξακέηξσλ απηήο θαζ‟ απηήο κε ηελ θίλεζε, θαη θαη‟ επέθηαζε ηελ ζπκθφξεζε, ηνπ 

δηθηχνπ. Αληηζέησο, απηέο νη ζρέζεηο είλαη ιίγν-πνιχ γλσζηέο. Ζ αμία απηήο ηεο κειέηεο 

νθείιεηαη ζην γεγνλφο φηη αλ θαη γλσξίδνπκε ηελ άκεζε ζρέζε ηεο θάζε παξακέηξνπ κε 

ηελ ζπκθφξεζε ηνπ δηθηχνπ, φηαλ παξαπάλσ απφ κία παξακέηξνπο αιιάμνπλ δελ είλαη 

πάληα γλσζηή ε «αληίδξαζε» ηνπ δηθηχνπ, δειαδή ην αλ ζα απμεζεί, ζα παξακείλεη 

ζηαζεξή ή αθφκα θαη αλ ζα κεησζεί ε θίλεζε ηνπ δηθηχνπ. Ξνιχ δε πεξηζζφηεξν, είλαη 

δχζθνιν λα δψζνπκε κηα γξήγνξε εθηίκεζε ηνπ αλ απηή ε αιιαγή ηεο θίλεζεο ζα είλαη 

ηθαλή λα θέξεη ηελ δεχμε πνιχ θνληά ή λα ηελ απνκαθξχλεη ηειείσο απφ κηα 

ζπκθφξεζε.  

Νξκψκελνη απφ ηελ παξαπάλσ παξαηήξεζε, απηή ε εξεπλεηηθή δξαζηεξηφηεηα είρε ζαλ 

ζηφρν ηεο λα πξνζδηνξίζεη ηε ζπκπεξηθνξά κηαο δεχμεο ζε φξνπο ζπκθφξεζε, φηαλ 

αιιάδνπλ πεξαηηέξσ ηεο κίαο παξακέηξνπ. Γηα ηνλ ζθνπφ απηφ ρξεζηκνπνηήζεθε ε 
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ηερληθή εθπαίδεπζεο «Απηφ-νξγαλσκέλνη Σάξηεο» (SOMs), ζχκθσλα κε ηελ νπνία 

πνιπδηάζηαηα δεδνκέλα κπνξνχλ λα απεηθνληζηνχλ πάλσ ζε δηζδηάζηαηνπο ράξηεο 

δηαηεξψληαο ηελ πιεξνθνξία ζρεηηθά κε ηελ κεηαμχ ηνπο απφζηαζε (δηαθνξά). 

Δπηπξνζζέησο, ην ξφιν ησλ πνιπδηάζηαησλ δεδνκέλσλ έπαημαλ ζε απηήλ ηελ πεξίπησζε 

νη ζπλζήθεο κέζα ζηηο νπνίεο ιεηηνπξγνχζε ε δεχμε, δειαδή ν ζπλδπαζκφο ησλ 

δεδνκέλσλ πνπ δίλνπλ πιεξνθνξίεο γηα ηελ ηηκή φισλ ησλ παξακέηξσλ πνπ 

πξναλαθέξζεθαλ. Θάζε ηέηνηνο ζπλδπαζκφο ζα αλαθέξεηαη απφ εδψ θαη ζην εμήο σο 

δείγκα δεδνκέλσλ.  Παλ ηειηθφ απνηέιεζκα, ηα δεδνκέλα είλαη νξγαλσκέλα ζε νκάδεο 

(clusters), αλάινγεο κε ηελ νκνηφηεηα ησλ δεδνκέλσλ, πάλσ ζηνλ ράξηε πνπ παξάρζεθε 

κε ηελ ζπγθεθξηκέλε ηερληθή. Υο εθ ηνχηνπ, ν ράξηεο απεηθνλίδεη ηελ ζρέζε πνπ έρνπλ 

κεηαμχ ηνπο νη παξάκεηξνη πνπ ρξεζηκνπνηήζεθαλ κε ην επίπεδν ζπκθφξεζεο (Δηθφλα 

9.4).  

 

Δηθφλα 9.4: Δπηζθφπεζε ηνπ κεραληζκνχ πξφβιεςεο ηνπ επηπέδνπ ζπκθφξεζεο ηεο 

δεχμεο. 

Κεηά ηελ δεκηνπξγία ηνπ ράξηε, ε αλίρλεπζε ηνπ επηπέδνπ ζπκθφξεζεο γηα έλα λέν 

δείγκα δεδνκέλσλ είλαη ζέκα θαηάηαμεο ηνπ δείγκαηνο κέζα ζηελ νκάδα πνπ 

αληηζηνηρεί. Υο εθ ηνχηνπ, θαη ρξεζηκνπνηψληαο ηελ ίδηα ηερληθή, θάζε λέν δείγκα 

ραξηνγξαθείηαη επάλσ ζηνλ ράξηε πνπ έρεη δεκηνπξγεζεί. Απηέο νη ζπλζήθεο 

ιεηηνπξγίαο ηεο δεχμεο, αληηζηνηρνχλ ζε ζπλζήθεο ηέηνηνπ επηπέδνπ ζπκθφξεζεο ζαλ θαη 

απηφ πνπ αληηπξνζσπεχεη ην κεγαιχηεξν πιήζνο δεηγκάησλ δεδνκέλσλ ηεο νκάδαο 

(cluster). Δάλ ηα πεξηζζφηεξα δείγκαηα δεδνκέλσλ αληηζηνηρνχλ ζε ζπλζήθεο 

ιεηηνπξγίαο ηεο δεχμεο πνπ ζην παξειζφλ πξνθάιεζαλ ζπκθφξεζε ηφηε ην λέν δείγκα 

δεδνκέλσλ αληηζηνηρεί επίζεο ζε ζπλζήθεο ιεηηνπξγίαο ηεο δεχμεο πνπ ζα πξνθαιέζνπλ 
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ζπκθφξεζε (θφθθηλα – r – ηεηξάγσλα ηνπ ράξηε). Δλαιιαθηηθά, αλ ηα πεξηζζφηεξα 

δείγκαηα δεδνκέλσλ αληηζηνηρνχλ ζε ζπλζήθεο ιεηηνπξγίαο κε θνξεζκέλεο δεχμεο (κπιε 

– b – ηεηξάγσλα ηνπ ράξηε) ή δεχμεο θνληά ζηελ ζπκθφξεζε (πξάζηλα – g – ηεηξάγσλα 

ηνπ ράξηε), ην λέν δείγκα δεδνκέλσλ αληηζηνηρεί επίζεο ζε ηέηνηεο ζπλζήθεο 

ιεηηνπξγίαο. 

Γηα ηελ δνθηκή ηεο κεζφδνπ ρξεζηκνπνηήζεθαλ δεδνκέλα πνπ δεκηνπξγήζεθαλ κε ηελ 

βνήζεηα ηνπ NS2. Γηα ηελ αθξίβεηα πξνζνκνηψζεθε ε ηνπνινγία δηθηχνπ ηεο Δηθφλα 9.5. 

 

Δηθφλα 9.5: Ρνπνινγία Γηθηχνπ Ξξνζνκνίσζεο. 

Πε απηήλ ηελ ηνπνινγία, ε θχξηα θίλεζε πξνέξρεηαη απφ ππεξεζίεο VoIP, TCP θαη UDP. 

Δπηπιένλ, ε ππφ εμέηαζε ζρεηηθά κε ηε ζπκθφξεζε δεχμε είλαη απηή πνπ ζπλδέεη ηνπο 

θφκβνπο 0 θαη 2 (LSR0, LSR2). Υο εθ ηνχηνπ ηα δεδνκέλα πνπ παξαθνινπζνχληαη 

αθνξνχλ δεδνκέλα εηζεξρφκελα ζηνλ θφκβν 0 (LSR0) κε πξννξηζκφ ηνλ θφκβν 2 

(LSR2), ηα ραξαθηεξηζηηθά ηνπ θφκβνπ 0 ή ζηελ δεχμε απηή θαζ‟ απηή. Κεηά απφ έλαλ 

αξηζκφ δνθηκψλ, πνπ ρξεζηκνπνηνχζαλ ηα δεδνκέλα ηεο πξνζνκνίσζεο, γηα ηελ επηινγή 

ησλ θαηαιιειφηεξσλ, απφ ηηο πξναλαθεξζείζεο, παξακέηξσλ, νη πεξηζζφηεξεο ζσζηέο 

πξνβιέςεηο, ζε πνζνζηφ 86,6%, έγηλαλ φηαλ ην δείγκα δεδνκέλσλ πεξηειάκβαλε ηηο εμήο 

παξακέηξνπο: α) αξηζκφο εηζεξρνκέλσλ Bytes, β) ηάζε εηζεξρνκέλσλ Bytes, γ) 

ρσξεηηθφηεηα δεχμεο, δ) κέγεζνο νπξάο αλακνλήο, ε) κέγεζνο θαηαρσξεηή, ζη) 
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αλαινγία ρακέλσλ πξνο ζηαικέλσλ παθέησλ. Ν ράξηεο πνπ δεκηνπξγήζεθε απφ απηά ηα 

δεδνκέλα θαη ρξεζηκνπνηήζεθε γηα ηηο πξνβιέςεηο ηνπ επηπέδνπ ζπκθφξεζεο είλαη απηφο 

ηεο Δηθφλα 9.6. 

Ξεξαηηέξσ πιεξνθνξίεο γηα ηνλ κεραληζκφ κπνξνχλ λα αληιεζνχλ απφ ηα [21] θαη [22]. 

 

Δηθφλα 9.6: Σάξηεο πνπ απεηθνλίδεη ηελ νκαδνπνίεζε ησλ δεδνκέλσλ αλάινγα κε ην 

επίπεδν ζπκθφξεζεο ζην νπνίν νδεγνχλ (θφθθηλν γηα ζπκθφξεζε, κπιε γηα κε 

θνξεζκέλε δεχμε θαη πξάζηλν γηα δεχμε πνπ είλαη θνληά ζηελ ζπκθφξεζε, ράλεη δειαδή 

θάπνηα παθέηα αιιά δελ ζεσξεί. 

9.5.2  Ππόβλετε ηερ κίνεζερ ηος δικηύος 

Ν κεραληζκφο απηφο αθνξά ζηελ πξφβιεςε ηεο κειινληηθήο θίλεζεο ηνπ δηθηχνπ ζε κηα 

ζπγθεθξηκέλε πεξηνρή θάλνληαο ρξήζε δεδνκέλσλ πνπ πξνέξρνληαη απφ πνηθίιεο πεγέο, 

θαη δελ παξαηεξνχληαη κφλν απεπζείαο ζην δίθηπν (π.ρ., ην θνξηίν ηνπ δηθηχνπ). Απηά 

ηα δεδνκέλα έρνπλ πην αλζξσπνθεληξηθφ πξνζαλαηνιηζκφ θαη κπνξεί λα αθνξνχλ 

πιεξνθνξία ζρεηηθά κε ηελ εκεξνκελία ή ηελ ζεξκνθξαζία ή ην είδνο ηεο πεξηνρήο 

(π.ρ., θαηνηθεκέλε πεξηνρή ή πεξηνρή πνπ πεξηιακβάλεη ην πιείζηνλ ρψξνπο 

δηαζθέδαζεο). Ζ επηινγή απηή είλαη ζε απφιπηε ζπκθσλία ηφζν κε ηελ απαίηεζε ησλ 

κειινληηθψλ δηθηχσλ γηα δπλακηθή δηαρείξηζε ησλ πφξσλ ηνπο φζν θαη κε ηελ αλάγθε 
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αμηνπνίεζεο θαη δηαρείξηζεο ησλ ζπλερψο απμαλφκελσλ ςεθηαθψλ δεδνκέλσλ (Big 

Data). Υο εθ ηνχην, ε ζπκπεξηθνξά ηνπ κεραληζκνχ εμεηάζηεθε θαη πξνο ηηο δχν απηέο 

θαηεπζχλζεηο. Ν κεραληζκφο πνπ αλαπηχρζεθε βαζίδεηαη ζηελ ηερληθή απην-

νξγαλσκέλσλ ραξηψλ (SOMs) θαη ηελ αλαγλψξηζε ηνπ ζρεδίνπ πνπ αθνινπζεί ε θίλεζε 

ηνπ δηθηχνπ (pattern recognition). Ρξία δηαθνξεηηθά ζελάξηα πνπ αμηνπνηνχλ 

δηαθνξεηηθά δεδνκέλα εηζφδνπ (input data) κειεηήζεθαλ:  

 Κειέηε ηνπ θνξηίνπ ελφο δηθηχνπ ζχκθσλα κε ηελ ψξα, ηελ εκέξα, ηελ πεξηνρή 

θαη ηνλ θαηξφ ζηελ πεξηνρή, 

 Κειέηε ηνπ θνξηίνπ ελφο δηθηχνπ ζχκθσλα κε ηελ ψξα, ηελ εκέξα, ηελ 

πεξηνρή, ηελ εβδνκάδα ηνπ ρξφλνπ θαη ην αλ ε ελ ιφγσ κέξα είλαη αξγία ή φρη 

θαη 

 Κειέηε ηνπ θνξηίνπ ελφο δηθηχνπ ζχκθσλα κε φιεο ηηο παξαπάλσ παξακέηξνπο. 

9.5.2.1 Μελέηε ηος θοπηίος ενόρ δικηύος ζύμθυνα με ηεν ώπα, ηεν εμέπα, 

ηεν πεπιοσή και ηον καιπό ζηεν πεπιοσή. 

Ρα δεδνκέλα ηνπ δηθηχνπ πνπ ρξεζηκνπνηήζεθαλ γη' απηφ ην ζελάξην πξνέξρνληαη απφ 

δεκνζία ζεκεία πξφζβαζεο WiFi κέζα ζηνλ ρψξν/ ζηα θηήξηα ηνπ παλεπηζηεκίνπ ηνπ 

Dartmouth θαηά ηα έηε 2003-2004 [23]. Ν θαηξφο εθείλνπ ηνπ ρξνληθνχ δηαζηήκαηνο γηα 

ηελ πεξηνρή φπνπ ζηεγάδεηαη ην παλεπηζηήκην (Hanover, New Hampshire) ζπιιέρζεθε 

απφ ην [24]. Ρα δεδνκέλα ζπλδπάζηεθαλ ζε έλα θνηλφ αξρείν θαη ηξνθνδφηεζαλ ηνλ 

SOM, ν νπνίνο δεκηνχξγεζε θαη νξγάλσζε ηελ γλψζε γηα ην θνξηίν ηνπ δηθηχνπ ζε 

ράξηεο φκνηνπο κε απηνχο ηεο Δηθφλα 9.7.    

Απηή ε γλψζε αμηνπνηήζεθε ελ ζπλερεία απφ ηνλ κεραληζκφ γηα ηελ πξφβιεςε ηνπ 

θνξηίνπ πνπ ζα παξαηεξεζεί ζην κέιινλ ζην δίθηπν. Γηα ηελ αμηνιφγεζε ηνπ 

κεραληζκνχ, κέξνο ησλ δεδνκέλσλ ρξεζηκνπνηήζεθαλ γηα λα δεκηνπξγεζνχλ εξσηήκαηα 

πξνο ηνλ κεραληζκφ. Ρα απνηειέζκαηα, νη πξνβιέςεηο δειαδή πνπ πξνήιζαλ απφ ηνλ 

κεραληζκφ ζπγθξίζεθαλ δηαγξακκαηηθά κε ηηο πξαγκαηηθέο κεηξήζεηο ηνπ θνξηίνπ θάησ 

απφ ηηο εθάζηνηε ζπλζήθεο. Ρα αληίζηνηρα δηαγξάκκαηα πξνβάιινληαη ζηελ Δηθφλα 9.8. 

Όπσο θαίλεηαη απφ ηα δηαγξάκκαηα, ν πξνηεηλφκελνο κεραληζκφο είλαη ζε ζέζε λα κάζεη 

ζε κεγάιν βαζκφ ην κνληέιν ζχκθσλα κε ην νπνίν απμνκεηψλεηαη ην θνξηίν ηνπ θάζε 
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ζεκείνπ πξφζβαζεο. Ππγθεθξηκέλα, ε απφθιηζε πνπ παξαηεξείηαη κεηαμχ πξνβιέςεσλ 

θαη πξαγκαηηθψλ ηηκψλ είλαη πεξίπνπ ηεο ηάμεο ησλ 2 Mbps. 

  

Δηθφλα 9.7: Σάξηεο SOM γηα ηελ απεηθφληζε ηνπ θνξηίνπ ελφο δηθηχνπ ζχκθσλα κε 

ηελ ψξα, ηελ εκέξα, ηελ πεξηνρή θαη ηνλ θαηξφ ζηελ πεξηνρή. 

Ν κεραληζκφο απνδείρηεθε εμίζνπ άμηνο θαη γηα ηελ αμηνπνίεζε θαη δηαρείξηζε ησλ 

δεδνκέλσλ ζε επίπεδν Big Data. Ππγθεθξηκέλα, ην γεγνλφο φηη ν κεραληζκφο ζηεξίδεηαη 

ζηελ ηερληθή ησλ SOMs, ηνπ επηηξέπεη λα απεηθνλίδεη πνιπδηάζηαηα δεδνκέλα ζηηο 2 

δηαζηάζεηο ηνπ ράξηε ηεο Δηθφλα 9.7. Κε απηφλ ηνλ ηξφπν, δεδνκέλα απφ δηαθνξεηηθέο 

πεγέο κπνξνχλ λα νξγαλσζνχλ ζε πνιπδηάζηαηα δεδνκέλα θαη λα δηαρεηξηζζνχλ ρσξίο 

λα επηβαξχλνπλ ηνλ κεραληζκφ, ελψ ε ηειηθή 2-δηάζηαηε απεηθφληζή ηνπο δηεπθνιχλεη 

ηελ αλάιπζή ηνπο απφ ηνλ ρξήζηε ηνπ κεραληζκνχ θαη κεηψλεη ηηο απνζεθεπηηθέο 

απαηηήζεηο ηνπ ζπζηήκαηνο. Δπηπιένλ, θαζψο ηα δεδνκέλα νκαδνπνηνχληαη ζχκθσλα κε 

ηελ νκνηφηεηά ηνπο, ε δηαηήξεζε θαη απνζήθεπζε κφλν ελφο αληηπξνζσπεπηηθνχ 

δείγκαηνο αλά νκάδα είλαη αξθεηή γηα ηελ δηαθχιαμε ηεο απαξαίηεηεο πιεξνθνξίαο. Υο 

εθ ηνχηνπ, κεηψλνληαη πεξαηηέξσ νη απαηηήζεηο απνζήθεπζεο απηψλ. Πε απηφ ην 

ζελάξην, ηα αξρηθψο 3.436.771 κε δνκεκέλα δεδνκέλα, νξγαλψζεθαλ ζε 202.163 

δεδνκέλα 17-δηαζηάζεσλ πνπ απεηθνλίζηεθαλ ζε 202.163 δηαλχζκαηα πάλσ ζηνλ 

δηζδηάζηαην ράξηε. Ρειηθά, ην πνιχ 2.650 δηαλχζκαηα ήηαλ αξθεηφ λα απνζεθεπηνχλ 

ψζηε λα δηαηεξεζεί φιε ε ρξήζηκε πιεξνθνξία. 
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(α) Αθαδεκατθά θηήξηα 

 

(β) Θαηνηθίεο 

 

(γ) Βηβιηνζήθεο 

 

(δ) Θαθεηέξηεο 
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(ε) Θηήξηα δηνίθεζεο 

 

(ζη) Αζιεηηθά θηήξηα/ ρψξνη 

Δηθφλα 9.8: Ππγθξηηηθά δηαγξάκκαηα κεηαμχ πξνβιέςεσλ θαη κεηξήζεσλ γηα θάζε ηχπν/ 

είδνο θηεξίνπ. 

9.5.2.2 Μελέηε ηος θοπηίος ενόρ δικηύος ζύμθυνα με ηεν ώπα, ηεν εμέπα, 

ηεν πεπιοσή, ηεν εβδομάδα ηος σπόνος και ηο αν ε εν λόγυ μέπα είναι 

απγία ή όσι 

Σξεζηκνπνηψληαο ηνλ ίδην κεραληζκφ, ζε απηφ ην ζελάξην εμεηάζηεθε ε πεξίπησζε 

ρξήζεο ηεο πιεξνθνξίαο αλ ε κέξα πνπ καο ελδηαθέξεη είλαη θάπνηα αξγία ή φρη θαη ζε 

πνηα εβδνκάδα ηνπ ρξφλνπ απεπζπλφκαζηε. Γη' απηφ ην ζελάξην ηα δεδνκέλα πνπ 

ρξεζηκνπνηήζεθαλ πξνέξρνληαη απφ ην δίθηπν αζχξκαησλ ζεκείσλ πξφζβαζεο "Île sans 

fil" [25] ηνπ Montréal, Québec, Canada [26]. Γεδνκέλα γηα ηηο αξγίεο ηεο πεξηνρήο 

αληιήζεθαλ απφ ςεθηαθά εκεξνιφγηα ηνπ δηαδηθηχνπ. Νη αληίζηνηρνη ράξηεο SOM πνπ 

δεκηνπξγήζεθαλ είλαη ηεο κνξθήο ηεο Δηθφλα 9.9. 
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Δηθφλα 9.9: Σάξηεο SOM γηα ηελ κειέηε ηνπ θνξηίνπ ελφο δηθηχνπ ζχκθσλα κε ηελ 

ψξα, ηελ εκέξα, ηελ πεξηνρή, ηελ εβδνκάδα ηνπ ρξφλνπ θαη ην αλ ε ελ ιφγσ κέξα 

είλαη αξγία ή φρη. 

Δλδεηθηηθά απνηειέζκαηα απφ ηα ζπγθξηηηθά δηαγξάκκαηα ησλ εθηηκήζεσλ ηνπ 

κεραληζκνχ θαη ησλ πξαγκαηηθψλ ηηκψλ ηνπ θνξηίνπ απεηθνλίδνληαη ζηελ Δηθφλα 9.10. 

Όπσο θαίλεηαη θαη απφ ηα δηαγξάκκαηα, αλ θαη ν κεραληζκφο έρεη κάζεη ηελ ηάζε ηνπ 

θνξηίνπ ηνπ δηθηχνπ, ηα απνηειέζκαηα δελ θαίλνληαη ηφζν ηθαλνπνηεηηθά φζν απηά ηνπ 

πξνεγνχκελνπ ζελαξίνπ. Γηα ηελ αθξίβεηα, ε κέζε απφθιηζε κεηαμχ ησλ πξνβιέςεσλ θαη 

ησλ πξαγκαηηθψλ ηηκψλ είλαη ηεο ηάμεο ησλ 25-26 Mbps. Απφ ηελ άιιε πιεπξά φκσο, 

απηή ε δηαθνξνπνίεζε δελ νθείιεηαη κφλν ζηνλ κεραληζκφ απηφ θάζε απηφ. Αθελφο, ε 

εηζαγσγή ηεο παξακέηξνπ «εβδνκάδα ηνπ έηνπο», ζεκαηνδνηεί φηη πιένλ παξαηεξήζεηο 

ηεο ίδηαο εκέξαο (π.ρ. Γεπηέξαο) αιιά δηαθνξεηηθψλ εβδνκάδσλ αληηκεησπίδνληαη 

εληειψο δηαθνξεηηθά ζε ζρέζε κε ην πξνεγνχκελν ζελάξην φπνπ νη παξαηεξήζεηο απφ 

φιεο ηηο Γεπηέξεο αληηθαηφπηξηδαλ ηελ θίλεζε νπνηαζδήπνηε Γεπηέξαο θαη άξα 

κπνξνχζαλ λα ρξεζηκνπνηεζνχλ αζξνηζηηθά. Κε άιια ιφγηα, ηα δεδνκέλα πνπ έρνπλ 

ρξεζηκνπνηεζεί γηα ηελ εθπαίδεπζε ηνπ κεραληζκνχ σο πξνο ηελ θίλεζε ηνπ δηθηχνπ αλά 

εβδνκάδα έρνπλ πεξηνξηζηεί θαηά πνιχ (ζε 2), ειιείςεη παξαπάλσ δεδνκέλσλ. 

Αθεηέξνπ, ε δηαθνξνπνίεζε απηή νθείιεηαη θαη ζε αζηάζκεηνπο παξάγνληεο πνπ κπνξεί 

λα έρνπλ απμήζεη, ζπλνιηθά κέζα ζην έηνο, θαηά πνιχ ηελ θίλεζε ηνπ δηθηχνπ, π.ρ., 

θάπνηα δηαθήκηζε πνπ έρεη απμήζεη ηελ πξνζέιεπζε ηνπ θφζκνπ ζηελ ζπγθεθξηκέλε 
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πεξηνρή ή θάπνηα βειηίσζε ζηελ ζρέζε ηηκήο – ππεξεζίαο πνπ παξέρεηαη απφ ην δίθηπν  

"Île sans fil". Ξξάγκαηη, φπσο θαίλεηαη θαη απφ ηα ελδεηθηηθά δηαγξάκκαηα ηεο Δηθφλα 

9.11, παξαηεξψληαο ηελ θίλεζε ηνπ ίδηνπ ζεκείνπ πξφζβαζεο (AP0) γηα ην ίδην ρξνληθφ 

δηάζηεκα (24ε εβδνκάδα ηνπ έηνπο), ε θίλεζε ηνπ δηθηχνπ θαίλεηαη λα απμάλεηαη απφ 

έηνο ζε έηνο, ζε φιν ην κήθνο ηνπ ρξνληθνχ δηαζηήκαηνο.   
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Δηθφλα 9.10: Δλδεηθηηθά ζπγθξηηηθά δηαγξάκκαηα κεηαμχ πξνβιέςεσλ θαη κεηξήζεσλ γηα 

θάζε αζχξκαην ζεκείν πξφζβαζεο (AP). 

Ρα απνηειέζκαηα ηνπ ζελαξίνπ ζην ζέκα ηεο δηαρείξηζεο θαη αμηνπνίεζεο ησλ Big Data 

είλαη θαη ζε απηήλ ηελ πεξίπησζε πνιιά ππνζρφκελα. Ππγθεθξηκέλα, ζε απηφ ην ζελάξην 

θάζε έηνο πεξηγξαθφηαλ απφ 3.574.080 κε δνκεκέλα δεδνκέλα ηα νπνία αμηνπνηήζεθαλ 

σο 210.240 δνκεκέλα δεδνκέλα ησλ 17 δηαζηάζεσλ αλά έηνο. Ρειηθά, ηα δεδνκέλα απηά 

απεηθνλίζηεθαλ σο 210.240 δηζδηάζηαηα δηαλχζκαηα πάλσ ζηνλ ράξηε ηεο Δηθφλα 9.9 

θαηά ηελ εθπαίδεπζε ηνπ κεραληζκνχ, ελψ κφιηο 900 απφ απηά ρξεηάζηεθε λα 

απνζεθεπηνχλ γηα ηελ δηαηήξεζε ηεο πιεξνθνξίαο πνπ έθεξαλ.  
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9.5.2.3 Μελέηε ηος θοπηίος ενόρ δικηύος ζύμθυνα με όλερ ηιρ παπαπάνυ 

παπαμέηποςρ 

Ρν 3ν θαη ηειεπηαίν ζελάξην επηρεηξεί ηνλ ζπλδπαζκφ ηεο πιεξνθνξίαο φισλ ησλ 

παξαπάλσ πεγψλ ζηνρεχνληαο ζηελ πην αθξηβή πξφβιεςε ηεο θίλεζεο ηνπ δηθηχνπ. Θαη 

ζε απηφ ην ζελάξην,  ηα δεδνκέλα πνπ ρξεζηκνπνηήζεθαλ είλαη ηνπ δηθηχνπ αζχξκαησλ 

ζεκείσλ πξφζβαζεο "Île sans fil" [25] ηνπ Montréal, Québec, Canada [26] ελψ νη 

αληίζηνηρεο πιεξνθνξίεο γηα ηνλ θαηξφ ηεο πεξηνρήο (ζεξκνθξαζία θαη βξνρφπησζε) 

αλαθηήζεθαλ απφ [27] ρξεζηκνπνηψληαο ζαλ ζεκείν αλαθνξάο ην Γηεζλέο αεξνδξφκην 

ηνπ Montréal – Pierre Elliott Trudeau. Νη αληίζηνηρνη ράξηεο SOM θαη ηα ζπγθξηηηθά 

δηαγξάκκαηα ησλ πξνβιέςεσλ θαη ησλ κεηξήζεσλ θαίλνληαη ζηελ Δηθφλα 9.12 θαη 

Δηθφλα 9.13. 

Θαη ζε απηήλ ηελ πεξίπησζε ηα ζπκπεξάζκαηα είλαη φκνηα κε απηά ηνπ θεθαιαίνπ 

9.5.2.2, δειαδή: ν κεραληζκφο έρεη κάζεη ηελ ηάζε ηεο θίλεζεο ηνπ δηθηχνπ θαη ηελ 

ζπκπεξηθνξά ηνπ αιιά ππάξρνπλ αξθεηά κεγάιεο απνθιίζεηο ηεο ηάμεο ησλ 26 Mbps 

θαηά κέζν φξν. Απφ ηελ άιιε, ην γεγνλφο φηη ην ζπκπέξαζκα απηφ ζπκπίπηεη κε ην 

πξνεγνχκελν, θαη έρνληαο ρξεζηκνπνηήζεη ην ίδην παθέην δεδνκέλσλ, εληζρχεη ηελ 

πηζαλφηεηα νη απνθιίζεηο λα νθείινληαη ζην παθέην ησλ δεδνκέλσλ θαη φρη ζηηο 

επηιερζείζεο παξακέηξνπο.  

Ρέινο, ζην γεληθφ πιαίζην ησλ ζεκάησλ πνπ αθνξνχλ ηελ έλλνηα ησλ Big Data, ηα 

απνηειέζκαηα γηα κηα αθφκε θνξά επηβεβαηψλνπλ ηελ ηθαλφηεηα ηνπ κεραληζκνχ ζηελ 

δηαρείξηζή ηνπο θαη ηελ κείσζε ησλ απαηηήζεσλ απνζεθεπηηθνχ ρψξνπ θαζψο ν 

κεραληζκφο δηαρεηξίζηεθε θαη ζπλδχαζε ηελ πιεξνθνξία 3.994.560 κε δνκεκέλσλ 

δεδνκέλα αλά έηνο σο 210.240 δεδνκέλα 19 δηαζηάζεσλ. Απηά απεηθνλίζηεθαλ ζηνλ 

ράξηε ηεο Δηθφλα 9.12 ζαλ 210.240 δηζδηάζηαηα δεδνκέλα θαη ελ ηέιεη ρξεηάζηεθε λα 

απνζεθεπηνχλ κφιηο 928 δηαλχζκαηα γηα ηελ δηαηήξεζε ηεο πιεξνθνξίαο. 



PhD Dissertation   Aimilia A. Bantouna 

 

206 

 

 

 

Δηθφλα 9.11: Φνξηίν θίλεζεο ηνπ δηθηχνπ γηα ζπγθεθξηκέλν ζεκείν πξφζβαζεο (AP0) θαη 

ρξνληθφ δηάζηεκα γηα ηα έηε 2005, 2006 θαη 2007. 
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Δηθφλα 9.12: Σάξηεο SOM γηα ηελ κειέηε ηνπ θνξηίνπ ελφο δηθηχνπ ζχκθσλα κε ηελ 

ψξα, ηελ εκέξα, ηελ πεξηνρή, ηελ εβδνκάδα ηνπ ρξφλνπ, ηηο αξγίεο θαη ηνλ θαηξφ ζηελ 

πεξηνρή. 

Αλαιπηηθή παξνπζίαζε απηνχ ηνπ κεραληζκνχ, ηνπ ζελαξίνπ θαη ηεο ζχγθξηζεο ησλ 3σλ 

ζελαξίνπ παξαηίζεηαη ζην [28] . 
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Δηθφλα 9.13: Ππγθξηηηθά δηαγξάκκαηα ησλ πξνβιέςεσλ ηνπ κεραληζκνχ θαη ησλ 

αληίζηνηρσλ κεηξήζεσλ γηα ην 3ν ζελάξην. 
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9.6 Γνυζιακή Ανάλςζε Γεδομένυν Δπιπέδος Μεηαθοπάρ 

Γηα ηελ απνθπγή ηεο ζπκθφξεζεο ζην δίθηπν ππάξρνπλ θαη ρξεζηκνπνηνχληαη δηάθνξνη 

αιγφξηζκνη κε ηνπο πην δηαδεδνκέλνπο λα είλαη ν TCP Reno [29], ν New Reno [30], ν 

Cubic [31], ν Tahoe [32] θαη ν TCP Vegas [33]. Απφ απηνχο, ν κνλαδηθφο αιγφξηζκνο 

πνπ ιεηηνπξγεί πξνιεπηηθά, πξηλ δειαδή ράζεη θάπνηα παθέηα, είλαη ν TCP Vegas. 

Υζηφζν, ιφγσ ηεο αδπλακίαο ηνπ λα πξνζαξκφδεηαη ζηα δπλακηθά πεξηβάιινληα πνιιέο 

θνξέο κπνξεί λα παξεξκελεχζεη ηελ ζπκπεξηθνξά ηνπ δηθηχνπ σο κηα επεξρφκελε 

ζπκθφξεζε θαη λα κεηψζεη ηελ ηαρχηεηα κεηάδνζεο ησλ δεδνκέλσλ ρσξίο απηφ λα είλαη 

απαξαίηεην.  

Ρέηνηεο πεξηπηψζεηο γηα παξάδεηγκα απνηεινχλ ε δξνκνιφγεζε ησλ δεδνκέλσλ κέζα 

απφ κηα δηαθνξεηηθή δηαδξνκή, πςειφηεξνπ θφζηνπο ζε φξνπο ρξφλνπ ακθίδξνκεο 

κεηαθνξάο (RTT). Απηφ ζπκβαίλεη δηφηη ν ελ ιφγσ αιγφξηζκνο ιακβάλεη πξνιεπηηθά 

κέηξα γηα ηελ απνθπγή ζπκθφξεζεο βάζεη ηνπ RTT πνπ παξαηεξεί θαη ρσξίο λα έρεη 

γλψζε αλ κηα αχμεζε απηνχ πξνθχπηεη απφ ηελ αχμεζε ηεο θίλεζεο ζην δίθηπν ή απφ 

κηα δηαθνξεηηθή δξνκνιφγεζε. Ρν απνηέιεζκα κηαο ηέηνηαο παξεξκελείαο ηνπ TCP 

Vegas, πξνθαιεί ηελ απνζηαζεξνπνίεζε ηνπ δηθηχνπ ζε φξνπο ρξήζεο ησλ δπλαηνηήησλ 

ηνπ. Γηα παξάδεηγκα, ζπρλέο αιιαγέο ζηελ δξνκνιφγεζε ησλ δεδνκέλσλ πξνθαιεί 

ζπρλέο κε απαξαίηεηεο αιιαγέο ζην παξάζπξν ζπκθφξεζεο ηεο δεχμεο θαη ζηελ 

ρξεζηκνπνίεζή ηεο.  

Γηα ηνλ ιφγν απηφ, ν κεραληζκφο πνπ πεξηγξάθεηαη παξαθάησ ζηνρεχεη ζηελ παξαγσγή 

γλψζεο θαη εκπεηξίαο ηέηνηαο πνπ λα κπνξεί λα θαζνδεγεί ηνλ TCP Vegas γηα ην αλ 

πξφθεηηαη γηα θάπνηα άιιε αηηία πνπ πξνθάιεζε ηελ αχμεζε ηνπ RTT ή αλ πξάγκαηη είλαη 

ζπκθφξεζε. Θαη ζε απηήλ ηελ πεξίπησζε ρξεζηκνπνηήζεθε ε ηερληθή SOM γηα ηελ 

δεκηνπξγία γλψζεο. Ν κεραληζκφο ιεηηνπξγεί ζχκθσλα κε ηελ Δηθφλα 9.14. 

Έηζη, αξρηθά ν TCP Vegas ιακβάλεη ηελ απφθαζε λα πξνρσξήζεη ή φρη ζε 

αλαπξνζαξκνγή ηνπ παξάζπξνπ ζπκθφξεζεο. Ζ απφθαζε απηή καδί κε ηηο ζπλζήθεο 

πνπ πξνθάιεζαλ απηήλ ηελ απφθαζε θαζψο θαη ε αληίδξαζε/ ζπκπεξηθνξά ηνπ δηθηχνπ 

κεηά ηελ εθαξκνγή ηεο απφθαζεο ζηέιλνληαη ζηελ ιεηηνπξγία ηεο κεραληθήο κάζεζεο 

γηα λα ρηίζνπλ ηελ εκπεηξία ηνπ κεραληζκνχ σο πξνο ηελ νξζφηεηα απηήο ηεο 

απφθαζεο. Ζ νξζφηεηα ε κε ηεο απφθαζεο πξνθχπηεη απφ ηελ απψιεηα ή φρη παθέησλ. 

Αμίδεη λα ζεκεησζεί εδψ φηη αξρηθά, θαη κέρξη λα απνθηήζεη ηελ απαξαίηεηε εκπεηξία, ν 
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κεραληζκφο ζπκβνπιεχεη πάληα ηνλ TCP Vegas λα αγλνήζεη απηήλ ηελ αιιαγή ζην RTT. 

Ρειηθά ν κεραληζκφο έρεη απνθηήζεη αξθεηή εκπεηξία ψζηε λα ζπκβνπιεχεη νξζά ηνλ 

αιγφξηζκν απνθπγήο ζπκθφξεζεο.  

 

Δηθφλα 9.14: Δπηζθφπεζε ηνπ πξνηεηλφκελνπ κεραληζκνχ. 

Δλδεηθηηθά απνηειέζκαηα απηνχ ηνπ κεραληζκνχ θαίλνληαη ζην δηάγξακκα ηεο Δηθφλα 

9.15 ελψ κηα πην πιήξεο αλάιπζε ηνπ κεραληζκνχ θαη ηεο κειέηεο γεληθφηεξα κπνξεί λα 

βξεζεί ζην [34]. 

 

Δηθφλα 9.15: Ππγθξηηηθφ δηάγξακκα ηνπ ξπζκνχ κεηάδνζεο δεδνκέλσλ ηεο γξακκήο φηαλ 

ρξεζηκνπνηείηαη κφλν ν αιγφξηζκνο απνθπγήο ζπκθφξεζεο (γθξη γξακκή) θαη φηαλ ν 

ηειεπηαίνο ζπλδπάδεηαη κε ηελ γλψζε πνπ παξάγεηαη απφ ηνλ πξνηεηλφκελν κεραληζκφ 

(καχξε γξακκή). 

Ρν ζελάξην πνπ ρξεζηκνπνηήζεθε ζηελ πεξίπησζε ηεο Δηθφλα 9.15 έρεη σο εμήο: έρνπκε 

ηελ ηνπνινγία ηεο Δηθφλα 9.16, παξαθνινπζνχκε ηα παθέηα πνπ ζηέιλνληαη απφ ηνλ 
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θφκβν 1 ζηνλ θφκβν 6 κε αξρηθή δηαδξνκή ηελ 1-3-5-6 θαη πξνο ηηο 2 θαηεπζχλζεηο θαη 

ηα παξαθάησ γεγνλφηα: 

 Ρ = 200sec : αιιαγή δξνκνιφγεζεο (ζηελ θαηεχζπλζε πξνο ηνλ θφκβν 6) κε 

αχμεζε ηεο κηθξφηεξεο ηηκήο RTT πνπ έρεη παξαηεξεζεί απφ ηνλ TCP Vegas, λέα 

δηαδξνκή 1-3-4-5-6 

 T = 450sec: επηζηξνθή ζηελ δηαδξνκή 1-3-5-6 

 Ρ = 650sec: είζνδνο UDP ξνήο ζηελ δεχμε 3-5 

 Ρ= 850sec: αιιαγή δξνκνιφγεζεο ιφγσ ζπκθφξεζεο κε αχμεζε ηεο κηθξφηεξεο 

ηηκήο RTT πνπ έρεη παξαηεξεζεί απφ ηνλ TCP Vegas, λέα δηαδξνκή 1-3-4-5-6 

 Ρ = 1100sec: επηζηξνθή ζηελ δηαδξνκή 1-3-5-6 

 Ρ = 1350sec: αιιαγή δξνκνιφγεζεο (ζηελ θαηεχζπλζε απφ ηνλ θφκβν 6) κε 

αχμεζε ηεο κηθξφηεξεο ηηκήο RTT πνπ έρεη παξαηεξεζεί απφ ηνλ TCP Vegas, λέα 

δηαδξνκή 6-5-4-3-1 

 Ρ = 1550sec: επηζηξνθή ζηελ δηαδξνκή 6-5-4-3-1 

Όπσο παξαηεξείηαη απφ ην ζπγθξηηηθφ δηάγξακκα ηεο Δηθφλα 9.15, θαη ζηηο 3 

πεξηπηψζεηο αιιαγήο δξνκνιφγεζεο ησλ παθέησλ (Ρ = 200, 850 θαη 1350 sec) ν 

κεραληζκφο έρεη ζπκβνπιεχζεη ζσζηά ηνλ αιγφξηζκν απνθπγήο ζπκθφξεζεο, 

εμαζθαιίδνληαο έηζη ζην δίθηπν κεγαιχηεξεο ηαρχηεηεο κεηαθνξάο δεδνκέλσλ θαη 

ιηγφηεξεο δηαθπκάλζεηο θαη αζηάζεηεο ζε απηήλ. 

 

Δηθφλα 9.16: Ρνπνινγία δηθηχνπ πξνζνκνίσζεο. 
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9.7 Μεσανιζμοί για ηεν Ανάπηςξε και Γιασείπιζε Δμπιζηοζύνερ 

(Trust Management) 

Ν κεραληζκφο πνπ πεξηγξάθεηαη εδψ ζηνρεχεη ζην λα εκθπζήζεη ζε έλα βξφρν ειέγρνπ 

ηε γλψζε, αλ νη απνθάζεηο ηνπ είλαη αξθεηά αμηφπηζηεο. Ζ γλψζε απηή κπνξεί λα 

αμηνπνηεζεί έηζη ψζηε λα βειηησζνχλ νη επηδφζεηο ηνπ βξφρνπ ειέγρνπ ζε επίπεδν 

εκπηζηνζχλεο κέζσ ηνπ απνθιεηζκνχ ησλ απνθάζεσλ πνπ δελ επηηπγράλνπλ ηα 

επηζπκεηά επίπεδα αμηνπηζηίαο. Ξην ζπγθεθξηκέλα, ν κεραληζκφο απνζεθεχεη 

πιεξνθνξίεο ζρεηηθά κε ηηο θαηαζηάζεηο πνπ αληηκεησπίδεη ν βξφρνο ειέγρνπ, 

ζπκπεξηιακβαλνκέλεο ηεο ζρεηηθήο απφθαζεο πνπ εθαξκφζηεθε γηα ηνλ ρεηξηζκφ ηνπο 

ζε κηα βάζε γλψζεο φκνηαο κε απηή πνπ απεηθνλίδεηαη ζηελ Δηθφλα 9.17.  

Απηφ επηηξέπεη ηελ αμηνπνίεζε παξειζφλησλ αιιειεπηδξάζεσλ, ψζηε λα θαηαζηεί 

δπλαηή ε ηαρχηεξε θαη απνηειεζκαηηθφηεξε αληηκεηψπηζε ησλ πξνβιεκάησλ. Έηζη, έλαο 

βξφρνο ειέγρνπ κπνξεί λα επηιέμεη ηελ πην αμηφπηζηε απφθαζε δεδνκέλσλ ησλ 

ζπλζεθψλ πνπ επηθξαηνχλ ζην ζχζηεκα. Δπηπιένλ, ε δηαδηθαζία ιήςεο απνθάζεσλ 

κπνξεί λα βειηησζεί ζε επίπεδν κείσζεο ηνπ ρξφλνπ πνπ απαηηείηαη γηα ηελ επηινγή κηαο 

ζπγθεθξηκέλεο ελέξγεηαο. Υο πξψελ «αμηφπηζηε» απφθαζε κπνξεί λα εθαξκνζηεί κέζα 

ζηηο ίδηεο ζπλζήθεο ηνπ ζπζηήκαηνο, ρσξίο ηελ αλάγθε ηεο εθηέιεζεο κηα δηαδηθαζία 

βειηηζηνπνίεζεο. 

 

Δηθφλα 9.17: Δπηζθφπεζε ηνπ πξνηεηλφκελνπ κεραληζκνχ. 
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Έηζη, θάζε θνξά πνπ ιακβάλεηαη κηα απφθαζε, ν βξφρνο ειέγρνπ παξέρεη πιεξνθνξίεο 

ζρεηηθά κε ηελ επηθξαηνχζα θαηάζηαζε (παξακέηξνπο πνπ ελεξγνπνίεζαλ ην βξφρν 

ειέγρνπ) θαη ηελ αληίζηνηρε απφθαζε πνπ έιαβε. Ρν επίπεδν απνδνηηθφηεηαο ηεο 

απφθαζεο ππνινγίδεηαη, ιακβάλνληαο ππφςε δηαθνξεηηθά θαηά πεξίζηαζε (αλάινγα κε 

ηνλ βξφρν ειέγρνπ) θξηηήξηα, απφ ηελ ζρέζε (9.1): 

1 2( ) ( , ,..., )nEL t F m m m  (9.1) 

φπνπ F κπνξεί λα είλαη νπνηαδήπνηε ζπλάξηεζε, φπσο άζξνηζκα κε βάξε (weighted 

sum), πνπ ζπλδέεη ηα θξηηήξηα m1, m2, …., mn. Ξαξαδείγκαηα ησλ θξηηεξίσλ κπνξεί λα 

είλαη α) ε απφθιηζε απφ ηνλ επηζπκεηφ ζηφρν ηνπ βξφγρνπ ειέγρνπ (π.ρ., επίπεδα 

πνηφηεηαο ππεξεζίαο), β) πφξνη πνπ ρξεηάζηεθαλ γηα ηελ πξαγκαηνπνίεζε ησλ 

απνθάζεσλ ηνπ βξφρνπ, γ) ρξφλνο πνπ ρξεηάζηεθε γηα ηελ πξαγκαηνπνίεζε ησλ 

απνθάζεσλ ηνπ βξφρνπ, δ) αξηζκφο αλαδηακνξθψζεσλ (reconfigurations) πνπ 

πξνθιήζεθαλ ιφγσ ηεο απφθαζεο/ ελέξγεηαο ηνπ βξφγρνπ θιπ.  

Πηελ ζπλέρεηα, φπσο θαίλεηαη θαη απφ ηελ Δηθφλα 9.17 ππνινγίδνληαη ν ζηηγκηαίνο 

δείθηεο εκπηζηνζχλεο (instantaneous trust index) θαη ν ζπλνιηθφο δείθηεο  (overall trust 

index). Γηα ηνπ ππνινγηζκνχο απηνχο αθνινπζείηαη ην κνληέιν ηεο ηερληθήο Q-learning, 

θαη σο εθ ηνχηνπ νη δείθηεο δίλνληαη απφ ηηο ζρέζεηο (9.2) - (9.3) θαη (9.4) - (9.5) 

αληίζηνηρα. 

,  ( ( ), ( )) 0
( )

,  ( ( ), ( )) 0

thres

thres

EL r s t a t
EL t

EL r s t a t

 

 

 (9.2) 

1, 2, ,( , ,..., )thres opt opt n optEL F m m m  (9.3) 

0 ,

( ( ), ( )) ( ( ), ( ))t

t s r

Q s t a t r s t a t




   (9.4) 

( 1)
( ( ), ( )) ( ( ), ( )) [ ( ) max ( ( 1), ( 1)) ( ( ), ( ))]

a t
Q s t a t Q s t a t r t Q s t a t Q s t a t 


       (9.5) 
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φπνπ r(s(t),α(t)) είλαη ε αληακνηβή γηα ηελ απφθαζε ηνπ θφκβνπ, s(t) είλαη ε θαηάζηαζε 

ζηελ νπνία βξίζθεηαη ν βξφρνο, α(t) είλαη ε απφθαζε ηνπ βξφρνπ, mi,opt είλαη ε ειάρηζηε 

επηζπκεηή ηηκή ηνπ θξηηεξίνπ mi, ην 
,s r

 αλαπαξηζηά ηελ κέζε ηηκή, ην γ εθθξάδεη ην 

πφζν επεξεάδνπλ νη παιηφηεξεο παξαηεξήζεηο ηνλ ππνινγηζκφ ηνπ νιηθνχ δείθηε 

εκπηζηνζχλεο θαη ην ε ην ξπζκφ πξνζαξκνγήο ηνπ νιηθνχ δείθηε εκπηζηνζχλεο ζηηο 

παξαηεξήζεηο. 

Ξεξηζζφηεξεο ιεπηνκέξεηεο σο πξνο ηελ κνληεινπνίεζε ηνπ κεραληζκνχ κπνξνχλ λα 

βξεζνχλ θαη ζην [35]. 

  



PhD Dissertation   Aimilia A. Bantouna 

 

215 

9.8 Βιβλιογπαθία Κεθαλαίος 

[1] K. Tsagkaris, A. Katidiotis, P. Demestichas,  “Neural Network-based Learning 

schemes for Cognitive Radio systems”, Computer Communications, Vol. 31, Issue 

14, pp. 3394-3404,  2008 

[2] A. Katidiotis, K. Tsagkaris, P. Demestichas, “Performance Evaluation of Artificial 

Neural Network-Based Learning Schemes for Cognitive Radio Systems”, 

Computers & Electrical Engineering, Volume 36, Issue 3, Pages 518-535, May 

2010 

[3] N. Baldo, B. R. Tamma, B. S. Manoj, R. Rao and M. Zorzi, “A neural network 

based cognitive controller for dynamic channel selection”, In Proceedings of the 

2009 IEEE international Conference on Communications, Dresden, Germany, 

June 14 - 18, 200 

[4] A. M. Balieiro, K. L. Dias, A. R. G. Castro, E. R. Alves, “Handoff de Espectro em 

Redes Baseadas em Rádio Cognitivo Utilizando Redes Neurais Artificiais”, XXX 

Congreso Da Sociedade Brasileira De Computacao (CSBC 2010), in portuguese, 

online available at: 

http://www.inf.pucminas.br/sbc2010/anais/pdf/wperformance/st03_03.pdf 

[5] O. Orcay, B. Ustundag, ”Pattern recognition in cognitive communication”, 

Computer and Information Sciences, 2008, ISCIS '08, 23rd International 

Symposium on, vol., no., pp.1-6, 27-29, Oct. 2008 

[6] P. Demestichas, A. Katidiotis, K. Tsagkaris, E. Adamopoulou, K. Demestichas, 

“Enhancing Channel Estimation in Cognitive Radio Systems by means of Bayesian 

Networks”, Wireless Personal Communications, vol 49, Issue 1, pp 87-105, 2009 

[7] V. Stavroulaki, Y. Kritikou, P. Demestichas, “Acquiring and learning user 

information in the context of cognitive device management”, In Proc. IEEE 

International Conference on Communications 2009 (ICC 2009), Dresden 

Germany, June 2009 

[8] Y. Kritikou, V. Stavroulaki, P. Demestichas, “Learning user preferences for the 

realization of intuitive cognitive devices”, submitted for publication to the 

Wireless Personal Communications 



PhD Dissertation   Aimilia A. Bantouna 

 

216 

[9] N. Baldo, M. Zorzi, “Cognitive Network Access using Fuzzy Decision Making”, 

Communications, 2007. ICC '07. IEEE International Conference on , vol., no., 

pp.6504-6510, 24-28 June 2007 

[10] N. Baldo, M. Zorzi, “Fuzzy Logic for Cross-layer Optimization in Cognitive Radio 

Networks”, 1st IEEE Workshop on Cognitive Radio Networks, (in conjunction with 

IEEE CCNC 2007), Las Vegas, Nevada, USA, January 2007 

[11] L. Bixio, M. Ottonello, H. Sallam, M. Raffetto, C. S. Regazzoni, “Signal 

Classification based on Spectral Redundancy and Neural Network Ensembles”, in 

Proc. IEEE CROWNCOM 2009, Hannover, Germany,  22nd – 24th June 2009 

[12] European Telecommunications Standards Institute (ETSI) Group Specification 

(GS) for Autonomic network engineering for the self-managing Future Internet 

(AFI), “Autonomic network engineering for the self-managing Future Internet 

(AFI); Generic Autonomic Network Architecture (An Architectural Reference 

Model for Autonomic Networking, Cognitive Networking and Self-Management)”, 

ETSI GS AFI 002 V1.1.1 (2013-04) 

[13] A. Bantouna, K. Tsagkaris, P. Demestichas, “Knowledge Functional Block for E-

UTRAN”, Accepted to  5th IEEE International Workshop on Management of 

Emerging Networks and Services (IEEE MENS 2013), Atlanta , GA USA, Dec. 

2013 

[14] 3GPP Technical Specification, “LTE; Telecommunication management; 

Performance Management (PM); Performance measurements Evolved Universal 

Terrestrial Radio Access Network (E-UTRAN)”, 3GPP TS 32.425, v. 11.4.0, 

Release 11 

[15] O. Holland, H. Aghvami, S. Romaszko, D. Denkovski, V. Pavlovska, L. 

Gavrilovska, A. Bantouna, V. Stavroulaki, Y. Kritikou, P. Demestichas, E. 

Jorswieck, “The ICT-ACROPOLIS Network of Excellence: Spectrum Sharing and 

Coexistence based on the Cognition Cycle”, Future Network & Mobile Summit 

2013 (FUNEMS 2013), Lisbon, Portugal, July 3-4, 2013 

[16] V. Stavroulaki, A. Bantouna, Y. Kritikou, K. Tsagkaris, P. Demestichas, P. Blasco, 

F. Bader, M. Dohler, D. Denkovski, V. Atanasovski, L. Gavrilovska, K. Moessner, 

“Knowledge Management Toolbox: Machine Learning for Cognitive Radio 

Network”, Published in IEEE Vehicular Technology Magazine, Special Issue on 



PhD Dissertation   Aimilia A. Bantouna 

 

217 

“Applications of Cognitive Radio Networks”, vol.7, no.2, pp.91-99, June 2012, 

doi: 10.1109/MVT.2012.2190196, URL: 

http://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=6184367&isnumber

=6201347 

[17] T. Kohonen, Self-Organizing Maps, Series in Information Sciences, 2nd ed., vol. 

30, Springer, Heidelberg, 1997 

[18] T. Kohonen, The Self-Organizing map, Elsevier, Neurocomputing 21 1-6 , 1998 

[19] K. Tsagkaris, A. Bantouna, P. Demestichas, Self-Organizing Maps for Advanced 

Learning in Cognitive Radio Systems, Accepted  for Publication in Computer and 

Electrical Engineering, Elsevier, March 2012, 

http://dx.doi.org/10.1016/j.compeleceng.2012.03.008 

[20] A. Bantouna, V. Stavroulaki, Y. Kritikou, K. Tsagkaris, P. Demestichas, K. 

Moessner, “An overview of learning mechanisms for cognitive systems”, 

Published to EURASIP Special Issue on Ten Years of Cognitive Radio: State of 

the Art and Perspectives, EURASIP Journal on Wireless Communications and 

Networking 2012, 2012:22 doi:10.1186/1687-1499-2012-22, January 2012 

[21] A. Bantouna, K. Tsagkaris, V. Stavroulaki, P. Demestichas, “Learning Techniques 

for Context Diagnosis and Prediction in Cognitive Communications”, to be 

published in Cognitive Communications: Distributed Artificial Intelligence (DAI), 

Regulatory Policy & Economics, Implementation. H. Zhang and D. Grace, J. Wiley 

and Sons, October 2012.  

[22] M. Ghader, A. Bantouna, L. Bennacer, G. Calochira, B. Fuentes, G. Katsikas, Z. 

Yousaf, “On Accomplishing Context Awareness for autonomic network 

management”, accepted at Future Network and Mobile Summit 2012, 4 - 6 July 

2012, Berlin, Germany  

[23] Trace: dartmouth/campus/snmp/fall0304 (v. 2004-11-09), available at  

http://crawdad.cs.dartmouth.edu/meta.php?name=dartmouth/campus#N1019E, 

last accessed: July 23rd, 2012 

[24] The Old Farmer‟s Almanac website, weather history, 

http://www.almanac.com/weather/history, last accessed: July 23rd, 2012 

[25] The Île Sans Fil website: http://www.ilesansfil.org/, last accessed: August 10th, 

2012 



PhD Dissertation   Aimilia A. Bantouna 

 

218 

[26] Trace ilesansfil/wifidog/session/04_07 (v. 2007-08-27), available at 

http://crawdad.cs.dartmouth.edu/meta.php?name=ilesansfil/wifidog#N1006B, 

last accessed August 10th, 2012 

[27] Website, http://www.wunderground.com/history/, last accessed August 15th, 

2012 

[28] A. Bantouna, G. Poulios, K. Tsagkaris, P. Demestichas, “Network Load Predictions 

based on Big Data and the Utilization of Self-Organizing Maps”, JNSM Special 

Issue 2013 : Springer Journal of Network and Systems Management – Special 

Issue on “Data Mining for Monitoring and Managing Systems and Networks”, 

Sept. 2013, DOI: 10.1007/s10922-013-9285-1, Volume 22, Issue 2 (2014), Page 

150-173 

[29] K. Fall and S. Floyd,   "Simulation-based comparisons of Tahoe, Reno, and Sack 

TCP",  ACM Comput. Commun. Rev.,  Vol. 26,  No. 3,  pp.5 - 21 , 1996  

[30] S. Floyd, T. Henderson, and A. Gurtov, "The NewReno Modification to TCP's Fast 

Recovery Algorithm", RFC3782, April 2004  

[31] Sangtae Ha, Injong Rhee, Lisong Xu,  "CUBIC: a new TCP-friendly high-speed 

TCP variant", SIGOPS Oper. Syst. Rev., Vol. 42, No. 5. (July 2008), pp. 64-74. 

doi:10.1145/1400097.1400105  

[32] Jacobson, V.; , "Congestion avoidance and control," ACM SIGCOMM Computer 

Communication Review , vol.18, no.4, pp.314-329, August 1988 doi: 

10.1145/52325.52356 

[33] Brakmo, L.S.; Peterson, L.L.;, "TCP Vegas: end to end congestion avoidance on a 

global Internet," Selected Areas in Communications, IEEE Journal on , vol.13, 

no.8, pp.1465-1480, Oct 1995. doi: 10.1109/49.464716 

[34] A. Bantouna, K. Tsagkaris, G. Poulios, A. Manzalini, P. Demestichas, “Knowledge 

in Support of Congestion Control Mechanisms”, in proceedings of Future Network 

Mobile Summit (FuNeMS) 2012, 4 - 6 July 2012, Berlin, Germany 

[35] L. Ciavaglia,  S. Ghamri - Doudane, M. Smirnov, P. Demestichas, V. Stavroulaki,  

A. Bantouna, Unifying Management of Future Networks with Trust, accepted for 

publication in Bell Labs Technical Journal (BLTJ), Special Issue On "Delivering 

Network Assurance through Secure and Reliable Products, Software, Services 

and Solutions, December 2011 



PhD Dissertation   Aimilia A. Bantouna 

 

219 

10 ΑCRONYMS  

 

Acronym Explanation 

1 – 9   

3GPP Third Generation Partnership Project  

A  

AFI Autonomic network engineering for the self-managing Future 
Internet 

AP Access Point 

B  

BI Business Intelligence 

BMU Best Matching Unit 

C  

CAPEX Capital Expenditures 

CPT Conditional Probability Table 

CRSs Cognitive Radio Systems 

D  

DE Decision-making-Elements 

DeNB Donor eNodeB 

E  

EL Efficiency Level 

eNB eNodeB 

ETSI European Telecommunications Standards Institute 

E-UTRAN Evolved Universal Terrestrial Radio Access Network 
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E-RAB E-UTRAN Radio Access Bearer 

F  

FTP File Transfer Protocol 

G  

GANA Generic Autonomic Network Architecture 

GUI Graphical User Interface 

H  

I  

IoT Internet of Things 

ITI Instantaneous Trust Index 

J  

K  

L  

M  

MAE Mean Absolute Error 

MBTS Model-Based-Translation Service 

MIB Management Information Base 

MSE Mean Square Error 

N  

NN Neural Network 

NOs Network Operators 

NS-2 Network Simulator version 2 

O  

ONIX Overlay Network for Information eXchange 
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OPEX Operational Expenditures 

OTI Overall Trust Index 

P  

P2P Peer-to-Peer 

PDF Probability Density Function 

PLGSOM Parameterless-Growing Self-Organizing Map 

Q  

QCI Quality Channel Indicator 

QoE Quality of Experience 

QoS Quality of Services 

R  

RACH Random Access Channels 

RAT Radio Access Technology 

RL Reinforcement Learning 

RMSE Root Mean Square Error 

RN Relay Node 

RRU Radio Resource Utilization 

RSS Rich Site Summary (also known as Real Simple Syndication) 

RSSI Received Signal Strength Indicator 

S  

SOM Self-Organizing Map 

SP Service Provider 

T  

U  
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UE User Equipment 

V  

W  

X  

Y  

Z  
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