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Abstract

According to industry estimates, monthly global mobile data traffic will surpass 30.6 exabytes by
2020 and global mobile data traffic will increase nearly eightfold between 2015 and 2020. Most
of the mobile data traffic is generated by smartphones, and the total number of smartphones is
expected to continue growing by 2020, which results in rapid traffic growth. In addition, the
upcoming 5G networks and Internet of Things based communication are estimated to involve a
large amount of network traffic. The increase in mobile data traffic and in the number of connected
devices poses a challenge to network operators, service providers, and data center operators. If the
transmission capacity of the network and the amount of data traffic are not in line with each other,
congestion may occur and ultimately the quality of experience degrades. Mobile networks are also
becoming more reliant on data centers that provide efficient computing power. However, the
energy consumption of data centers has grown in recent years, which is a problem for data center
operators.

A traditional strategy to overcome these problems is to scale up the resources or by providing
more efficient hardware. Resource over-provisioning increases operating and capital expenditures
without a guarantee of increased average revenue per user. In addition, the growing complexity
and dynamics of communication systems is a challenge for efficient resource management.
Intelligent and resilient methods that can efficiently use existing resources by making autonomous
decisions without intervention from human administrators are thus needed.

The goal of this research is to implement, develop, model, and test algorithms that can enable
efficient and energy-aware network resource management in autonomous communications
systems. First, an energy-aware algorithm is introduced for high-performance computing data
centers to reduce the energy consumption within a single data center and across a federation of
data centers. For network access selection in heterogeneous wireless networks, two algorithms are
proposed, a client side algorithm that tries to optimize users' quality of experience and a network
side algorithm that focuses on optimizing the global resource usage of the network. Finally, for a
video service, an algorithm is presented that can enhance the video content delivery in a
controllable and resource-efficient way without major changes in the mobile network
infrastructure.

Keywords: autonomous, communication system, data centre, energy-aware, network
management, reinforcement learning, wireless network
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hallintaan autonomisissa tietoliikennejärjestelmissä. 
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Tietoliikennetekniikka
Acta Univ. Oul. C 620, 2017
Oulun yliopisto, PL 8000, 90014 Oulun yliopisto

Tiivistelmä

Langattoman tietoliikenteen nopean kasvun ennustetaan jatkuvan edelleen lähivuosinakin ja alan
teollisuuden arvioiden mukaan matkapuhelinliikenteen määrä ylittäisi globaalisti 30,6 eksatavua
vuoteen 2020 mennessä. Tämä tarkoittaisi liikennemäärän kahdeksankertaistumista ajanjaksolla
2015–2020. Älypuhelimet tuottavat suurimman osan matkapuhelinliikenteestä, ja älypuhelimien
lukumäärän arvioidaan jatkavan kasvuaan vuoteen 2020 saakka, mikä johtaa nopeaan liikenteen
kasvuun. Tämän lisäksi arvioidaan, että 5G verkot ja esineiden Internet tuottavat suuren määrän
verkkoliikennettä. Matkapuhelinliikenteen ja laitteiden määrän kasvu tuo haasteita verkko-ope-
raattoreille, palvelun tarjoajille, ja datakeskusoperaattoreille. Mikäli verkossa ei ole tarpeeksi
siirtokapasiteettia dataliikenteen määrää varten, verkko ruuhkautuu ja lopulta palvelukokemus
kärsii. Matkapuhelinverkot tulevat myös tulevaisuudessa tarvitsemaan datakeskusten laskentaka-
pasiteettia. Datakeskusten energiankulutus on kuitenkin kasvanut viime vuosina, mikä on ongel-
ma datakeskusoperaattoreille.

Perinteinen strategia ongelmien ratkaisemiseksi on lisätä resurssien määrää tai tarjota tehok-
kaampaa laitteistoa. Resurssien liiallinen lisääminen kasvattaa kuitenkin sekä käyttö- että pää-
omakustannuksia ilman takuuta siitä, että keskimääräinen myyntitulo per käyttäjä kasvaisi.
Tämän lisäksi tietoliikennejärjestelmät ovat monimutkaisia ja dynaamisia järjestelmiä, minkä
vuoksi tehokas resurssienhallinta on haastavaa. Tämän vuoksi tarvitaan älykkäitä ja kestäviä
metodeja, jotka pystyvät käyttämään olemassa olevia resursseja tehokkaasti tekemällä autonomi-
sia päätöksiä ilman ylläpitäjän väliintuloa.

Tämän tutkimuksen tavoitteena on toteuttaa, kehittää, mallintaa, ja testata algoritmeja, jotka
mahdollistavat tehokkaan ja energiatietoisen verkkoresurssien hallinnan autonomisissa tietolii-
kennejärjestelmissä. Tutkimus esittää aluksi supertietokonedatakeskuksiin energiatietoisen algo-
ritmin, jonka avulla voidaan vähentää energiankulutusta yhden datakeskuksen sisällä sekä usean
eri datakeskuksen välillä. Verkkoyhteyden valintaan heterogeenisissä langattomissa verkoissa
esitetään kaksi algoritmia. Ensimmäinen on käyttäjäkohtainen algoritmi, joka pyrkii optimoi-
maan yksittäisen käyttäjän palvelukokemusta. Toinen on verkon puolen algoritmi, joka keskit-
tyy optimoimaan verkon kokonaisresurssien käyttöä. Lopuksi esitetään videopalvelulle algorit-
mi, joka parantaa videosisällön jakoa kontrolloidusti ja resurssitehokkaasti ilman että matkapu-
helinverkon infrastruktuurille tarvitaan muutoksia.

Asiasanat: autonominen, datakeskus, energiatietoinen, langaton verkko,
tietoliikennejärjestelmä, vahvistusoppiminen, verkon hallinta
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a Q-learning action

At Q-learning action at time t

Bt Obtained playout buffer size at interval t
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t Length of the playout buffer of client i at time t

N Number of used energy generation sources in a data center

N(i)
t Number of clients in zone i at time t

P(i)
t Proportion of clients in zone i at time t

P( j,i)
t Percentage of users of class j in zone i at time t

pd Decrease percentage

pi Increase percentage

Q(x,a) Q-learning Q-table

Rt Instant reward at time t

T Power off threshold

Tt Obtained throughput at interval t

Ti j Threshold value between zones i and j

X Q-learning state space

x Q-learning state

Xt Q-learning state at time t

αt Learning rate parameter
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1 Introduction

Mobile phones, tablets, and laptops have become part of our everyday lives. These
devices are used to enjoy various types of applications, such as social networking,
video and audio streaming, storage applications, e-paper, etc. According to industry
estimates [1–3], monthly global mobile data traffic will be 30.6 exabytes by 2020
and global mobile data traffic will increase nearly eightfold between 2015 and 2020.
Currently, most of the mobile data traffic is generated by smartphones, and the total
number of smartphones will be nearly 50 percent of global devices and connections
by 2020, which results in rapid traffic growth. An increasing amount of data is sent
and received via the mobile network as the demand for interactive multimedia content
has increased tremendously in recent years. In 2014, the number of mobile-connected
devices exceeded the world’s population. According to a report by International
Telecommunication Union Radiocommunication Sector (ITU-R) [4], the growth of
mobile Internet traffic and global mobile subscriptions will continue beyond 2020.

In addition, the upcoming 5th Generation Mobile Networks (5G) are estimated to
consist of a variety of different services, applications, users, devices, and a large amount
of network traffic [5–8]. The vision is that 5G will evolve from the current ecosystem to
support heterogeneous high-speed access technologies and built-in support for various
novel applications and services. Internet of Things (IoT) based communication will be
essential in 5G, and there will be more heterogeneous networks embodying various types
of communication technologies. The business landscape of 5G will be changing from
previous mobile network generations. The end-users of 5G will not be strictly mobile
phone users, but instead organizations such as hospitals or factories may also use 5G for
their operation and business. For example, 5G may provide control to Industrial Internet
companies for video monitoring and security maintenance. Furthermore, mission critical
services, e.g. public safety, requiring very high reliability are envisioned to be natively
supported by 5G, instead of relying on specific networks. The increase in mobile data
traffic and the number of connected devices poses a challenge to network operators,
service providers, and data center operators. If the transmission capacity of the network
and the amount of data traffic are not in line with each other, congestion may occur and
ultimately the Quality of Experience (QoE) degrades.
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Mobile networks are also becoming more reliant on data centers that are able to
provide efficient computing power to demanding telecommunication applications such as
mobile network Virtual Network Functions (VNFs). Modern Internet computing games,
such as World of Warcraft also use the power of data centers to do complex calculations
to enable the creation of the game graphics and simultaneously host almost one million
players from around the world [9, 10]. Complex weather prediction calculations are
also done by data centers and the rise of big data has created incentives to use data
centers for big data analysis [11, 12]. In mobile networks, big data analysis can be used
to improve, for example, the network operation efficiency [13, 14]. Data centers are thus
becoming more and more essential for mobile networks with their efficient computing
power. The evolution of data centers has nevertheless increased the energy consumption,
and Information and Communications Technology (ICT) as a whole is consuming more
and more energy. Therefore, it is necessary to develop energy-aware algorithms for
decreasing the energy consumption of data centers.

A traditional adopted strategy to overcome these problems is to scale up the
resources, e.g., by providing more efficient hardware. Resource over-provisioning
increases operating and capital expenditures without a guarantee of increased average
revenue per user. Furthermore, the growing complexity and dynamics of communication
systems is a challenge for efficient resource management. Consequently, intelligent
and resilient methods are needed that can efficiently use existing resources by making
autonomous decisions without intervention from human administrators.

1.1 The need for efficient and energy-aware network resource
management algorithms in autonomous communication
systems

Communication systems are in general highly complex and dynamic systems that consist
of several different entities, such as user devices, access points or base stations, data
centers, different heterogeneous wireless networks and services, to name a few. The
predicted increase of mobile data and number of connected devices in the future poses
serious challenges for future networks, network operators, service providers, and data
center operators. Due to the increase in traffic volume, the capacity, latency, resilience,
and coverage of the network may not be enough to support high-demanding applications,
such as video streaming, online games, and critical services for an Industrial Internet.
As data centers are becoming more popular and geographically distributed, it is essential
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to find solutions for reducing the energy consumption and CO2 emissions associated
with ICT [15, 16]. Because of the high increase in mobile data traffic in the upcoming
years, the CO2 emissions of data centers and data transport will grow the most in ICT
until 2020 [17].

CO2 emissions are among the most abundant Greenhouse Gas (GHG) emissions
[18], which are dangerous for the environment. CO2 emissions are not easy to measure
if one does not have access to very specific instruments. However, this metric provides a
reasonable estimate for evaluating the environmental impact of a certain approach, a
data center, or a device. In addition to CO2 emissions, there are other closely related
metrics, such as Energy Reuse Effectiveness [19] and Water Usage Effectiveness [20],
or other GHG emissions, such as methane, which could have also been included in the
consideration here.

Network operators, service providers, and data center operators are keen on finding
alternative options for efficient resource management enabling more efficient usage
of their investments to current hardware and infrastructure. The increase in resources
or resource density does not necessarily result in an increase in average revenue.
Consequently, the increasing complexity and dynamics of communication systems
requires autonomous algorithms that can, for example, provide efficient and energy-
aware network resource management.

In this thesis, depending on the context, network resource can refer to a data center,
a federation of data centers, a set of wireless access points, or a mobile backhaul link
which has a limited capacity. Efficiency is inspected by separately comparing the benefits
and expenditures, which depend on the context. The benefits of an algorithm can include
reduction in energy consumption, CO2 emissions, download duration, and the number
of buffer starvation events, while the expenditures may be job turnaround time, the
number of handovers, the amount of control overhead, etc. In this thesis, the definition of
resource management also depends on the context. In the case of data centers, resource
management refers to the scheduling of tasks to servers or data centers and shut down of
idle servers. For wireless access selection, users are allocated to a set of wireless access
points. For mobile video content delivery, resource management controls the sending of
mobile video data to the users. Finally, an algorithm is defined to be energy-aware if
one of the goals is to reduce the energy consumption and there is an active component
included that explicitly optimizes or minimizes the energy consumption.

Automatic and autonomous systems are different. Automatic systems are usually
based on feedback and they do not need any manual intervention. Some external
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control must be used, for example, a set-point value or reference signal [21–23]. An
automatic process could be, for example, a predefined script with step-by-step execution
of sequences [24]. An automatic process works in a simple environment, but in a
complex system with multiple degrees of freedom and uncertainty, the automatic process
can fail with a high probability. Automatic systems thus always work in the same way,
since no memory is included and the system is incapable of learning.

Autonomous or autonomic systems are also usually based on feedback. They
make decisions that require no direct user intervention or external control [25, 26].
In general, autonomous processes are needed to manage uncertainty and complexity.
Autonomous systems are cognitive learning systems that have a memory in which
observed information is stored. In this way, it is possible to select suitable actions
based on previously acquired knowledge. Autonomous systems are able to manage
themselves when high-level goals are given by administrators. However, achieving
a fully autonomous system is a challenging task. Typically, the algorithms require
some form of initial configuration before they are able to function autonomously in a
new environment. Consequently, algorithm development should aim for a design that
requires minimal initial configuration.

By the use of autonomy, it is possible to provide more dependable and resilient
systems [27, 28]. Dependability is generally a broad concept and there is no universal
definition for it. By one definition, dependability can measure how well a system is able
to provide specific services at any time. In addition, dependable systems are able to
avoid failures that are more frequent or more severe than what is acceptable to the users.
Resilience can be defined as the ability of a system to cope with a change. Resilient
systems are fault tolerant, i.e., they aim to avoid service failures in the presence of faults.
Possible ways to implement autonomy are control theory, expert systems, machine
learning, and artificial intelligence, to name a few. An example of an autonomous system
is the human body, where functions such as respiration, blood pressure, circulation, and
emotions are handled autonomously. Other examples include autonomous processes in
industrial automation, such as manufacturing, quality control and material handling
processes, and self-driving cars [29].

An autonomous communication system aims to simplify the management of
complex communications structures and to reduce the need for manual intervention
and management [24, 26, 30, 31]. The ultimate goal of the system is that networks,
associated devices, and services would be able to work in a totally unsupervised manner
without external control or manual intervention.
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1.2 Objectives and scope of the thesis

The dissertation focuses on three interrelated topics:

1. Energy-aware High-Performance Computing (HPC) data centers
2. Wireless access network selection
3. Video content delivery in mobile operator networks,

and aims to answer the following research questions (RQ):

– RQ1: What approaches can data center operators use to autonomously reduce energy
consumption or CO2 emissions without any changes in hardware?

– RQ2: What approaches can mobile network operators use to autonomously provide a
good quality of experience for mobile users without major changes in the network
infrastructure?

The goal of this research is to implement, develop, model, and test algorithms
that provide energy-aware and efficient network resource management by making
autonomous decisions. In this thesis, an autonomous decision is defined by the ability to
operate without external control or manual intervention. However, all the considered
algorithms require initial manual configuration before functioning autonomously in a
new environment. The algorithms can serve as part of an autonomous communication
system.

In terms of HPC data centers, the thesis inspects how the energy consumption of
single-site HPC data centers can be reduced by the use of energy-aware job scheduling.
The thesis also investigates how the energy consumption and CO2 emissions may
be reduced by the use of an Energy- and CO2-Aware (ECA) HPC cluster selection
algorithm.

The second topic of wireless access network selection is studied from two different
perspectives: client based access selection and network based access selection. In client
based access selection, the main objective of the client is to improve its QoE. The
client, however, has a limited view of the network. Network based access selection is a
centralized method that has a broader view of the network state. The goal of this method
is mainly to balance the load in the network.

For the last topic of video content delivery in mobile operator networks, the thesis
aims to improve the application level scheduling method of sending content by the use
of reinforcement learning. The goal is to provide a controllable and resource-efficient
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way to send content in mobile operator networks without major changes in the mobile
network infrastructure.

The goal of all introduced algorithms is to make autonomous decisions that do not
require intervention from human administrators, and to use the existing resources as
efficiently as possible without the need to scale them up. The results of the research can
provide fresh hints and insights to the management and planning of future networks,
such as 5G and beyond. Moreover, as network and data center operators are keen on
seeking means to reduce the costs of building, maintaining, and operating networks and
data centers, the results of this thesis may prove very useful in their line of business.

Finally, it should be stated that improving one metric may affect other metrics
in a system. In plain words, by improving one property, some other properties may
deteriorate. Multiple-criteria decision-making is the general framework to solve these
kinds of problems [32]. More specifically, multi-objective optimization is a mathematical
concept that tries to simultaneously and systematically optimize all objectives or metrics
that the system tries to achieve [33]. In this case, the optimum is not unambiguous but
rather a collection of optima, which are called the Pareto optimum showing the optimal
trade-off between metrics. This is an optimum, where no metric can be improved without
deteriorating other metrics. Multiple-criteria decision-making and multi-objective
optimization are alternative approaches compared to the work presented in this thesis.
They are particularly important near the fundamental limits of nature [34]. However,
they are out of the scope of this thesis.

1.3 Research method and contributions

To achieve the goals of the research, mathematical modeling, algorithm development,
network simulations, proof-of-concept implementation, and data analysis were used. In
this thesis, the mathematical modeling is based on stochastic processes, which describe
system changes and involved randomness. Specifically, queuing theory and Markov
decision processes form the theoretical basis for the algorithm development.

With the use of network simulation, it is possible to setup a networking scenario
quickly and inexpensively compared to a test bed. By simulation, it is possible to
evaluate the scalability of a solution and to ensure that the environment is controlled and
experiments can be reproduced. Complex networks can be built from basic building
blocks such as multitude of nodes and links. In a scalability investigation, the solution
is investigated in a large scenario. For example, such a scenario can involve a large
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Table 1. Relation of the original papers to the research topics and research questions.

Paper I II III IV V VI

Energy-aware HPC data centers x x

Wireless access network selection x x

Video content delivery in mobile operator networks x x

RQ1 x x

RQ2 x x x x

number of users and servers, and a large amount of network traffic. A proof-of-concept
implementation allows for testing of an algorithm in a laboratory environment. In this
way, it is possible to demonstrate the feasibility of a solution and verify that the concept
has potential of being used. Scalability problems, however, cannot be investigated with
a proof-of-concept implementation as it is typically of limited scope and may not be
complete.

The research data were collected by using dedicated software and equipment. The
data mainly consist of metrics that can be used to evaluate the efficiency or energy-
awareness of an algorithm in network resource management. Such metrics include, for
example, energy consumption, download duration, the number of handovers, or the
number of video buffer starvation events. These metrics were obtained as raw data and
changed into useful format such as figures and tables. Data analysis was subsequently
used for discovering useful information in order to make conclusions and to answer the
original research questions.

The thesis is based on six peer-reviewed original papers, which are referred to
as Paper I, II, III, IV, V, and VI. The research topics covered in each paper and the
contributions of the author are introduced next. Table 1 shows how the original papers
are related to the research topics and research questions.

Paper I: This paper introduces an energy-aware job scheduler for single-site HPC
data centers. Three most commonly used job scheduling algorithms, First In, First Out
(FIFO), Backfill First Fit (BFF), and Backfill Best Fit (BBF), are modified to include
energy-aware features. The performance of the algorithms was evaluated in a simulation
environment, and the results showed that all the energy-aware algorithms were able to
reduce the energy consumption of a single-site HPC data center in comparison with the
traditional job scheduling algorithms. Furthermore, there was no large increase in the
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turnaround time of a job. The author participated in the design of the energy-aware
algorithms and was the main person responsible for implementing the simulation model.
The author was also the main contributor in the writing of the paper with input from the
co-authors.

Paper II: The paper presents two algorithms for reducing energy consumption
or CO2 emissions in a federation of HPC data centers. Specifically, the target of the
algorithms is to enhance the cluster selection process in the UNiform Interface to
COmputing REsources (UNICORE) grid computing technology software. The Fastest
Possible (FP) cluster selection algorithm selects a cluster that executes a job with
minimal waiting time. The Energy- and CO2-Aware (ECA) algorithm finds a cluster
with the smallest amount of estimated energy consumption or CO2 emissions. By
default, the UNICORE software uses a round-robin (RR) algorithm that balances the
number of jobs between different HPC clusters. The performance of the algorithms was
evaluated both in a simulation environment and in a proof-of-concept demonstration that
included three HPC clusters: one in Oulu, Finland and two in Jülich, Germany. The
evaluation results of both the simulations and the test bed showed that the two presented
algorithms are able to reduce energy consumption and CO2 emissions. The results are,
however, highly dependent on the used hardware, the properties and use of the clusters,
and the workload demand. The author participated in the design of the algorithms and
was the main contributor in the implementation of the simulation model and the test bed
in Oulu, Finland. The author also had an important role in the writing of the paper with
input to the leading author Mikko Majanen.

Paper III: The paper introduces a user-centric wireless access selection algorithm
that uses fuzzy control logic based access classification and a reinforcement learning
technique, i.e., Q-learning, for decision making. The proposed algorithm is compared
with a greedy approach that always switches to the best available point of access when
the network gets congested, as well as with a conventional approach where no handovers
between points of accesses are done. The algorithms were evaluated in a simulation
environment, and the results showed that the Q-learning approach was able to provide a
good QoE to mobile users without a large increase in the number of handovers. The
author had an important role in the design of the access selection algorithm and was the
main contributor in the implementation of the simulation model. The author also led the
writing of the paper.

Paper IV: The paper continues the work of Paper III by presenting a cognitive
network management framework that complements the overall mobility management
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approach by triggering network congestion related handovers. The paper evaluates the
framework in a scenario with a large number of users and different user classes in the
context of QoE-aware wireless access selection. The systems consists of a user-centric
and a network-centric algorithm. The former is a distributed algorithm that optimizes
the wireless access selection at the client side, while the latter is a centralized algorithm
with a global view of the network, providing network side decisions. The evaluation
was carried out in a simulation environment with four access selection approaches:
conventional approach in which no handovers are performed, network side access
selection moving primarily low-priority users, network side access selection moving
primarily high-priority users, and client side access selection. The evaluation indicated
that the framework was able to improve the QoE of multi-class users with either a
network-centric or user-centric wireless access selection scheme. The network-centric
algorithm resulted in a higher network overhead than the user-centric algorithm. The
author was the main contributor in the implementation of the simulation model and
participated in the design of the algorithms. The author also led the writing of the paper.

Paper V: The paper introduces an application level scheduling algorithm for pro-
gressive video streaming in mobile operator networks. The algorithm uses Q-learning,
and its main goal is to provide a good QoE for wireless users of different user classes
who use a video streaming service. The algorithm objective is to avoid playout buffer
starvations by controlling the content delivery rate, i.e. the pace at which the application
sends data to the underlying Transmission Control Protocol (TCP) stack. In this way, it
is possible to mitigate the possible unfairness of the standard sending mechanism of
TCP in a wireless environment. The algorithm is embedded into a content server that
provides video streams to the subscribed clients. The author was the main contributor
in the implementation of the simulation model and participated in the design of the
algorithms. The author was also a co-writer of the paper.

Paper VI: This paper extends the work done in Paper V by incorporating a larger
user population with varying codec rates and access link parameters. Paper V presented
the proof-of-concept under limited network conditions and topology. A more detailed
analysis of the application level scheduling algorithm is provided by taking into account
convergence time, user class prioritization, and the effect of different parameter values.
Methods that can be used to expand the work are also discussed. The author was the
main contributor in the implementation of the simulation model and participated in the
design of the algorithms. The author also led the writing of the paper.
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1.4 Structure of the thesis

This thesis is organized as follows. Chapter 2 provides background information and
introduces related work in each research area that this thesis considers. Chapter 3
introduces the approaches and results presented in the original papers and motivates
the need for efficient and energy-aware approaches that manage the existing network
resources in autonomous communication systems. Chapter 4 discusses the limitations of
the proposed approaches and draws ideas for future work. Finally, Chapter 5 gives
conclusions.
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2 Background

2.1 Energy-aware high-performance computing data centers

Data centers are one of the cornerstones of the current digital world, independently of
the access technology. Basically, most services offered in the Internet today are realized
by the use of data centers. Data center is generally a facility that contains information
technology devices, such as servers, storage devices, and network devices, which are
used for data processing, storage, and communications. Data centers are in general
essential to many different business sectors. For example, scientific, engineering and
financial applications, complex weather prediction calculations, social networking, and
multimedia streaming require the computing power of data centers for their operations.
The rise of big data has also created incentives to use data centers for big data analysis
[11, 12]. The performance of mobile networks could be improved by the use of big
data analytics [13, 14]. By analyzing the data in a mobile network, it is possible to
understand behavior and requirements of mobile users and enable support for different
services. Amazon has recently introduced P2 Instances [35] in their Elastic Compute
Cloud platform, which is designed for compute-intensive applications that require
high-performance GPU coprocessors and massive parallel floating point performance.

The Nokia AirFrame Data Center Solution [36], which was launched on June
6, 2015, offers Voice over 3rd Generation Partnership Project (3GPP) Long-Term
Evolution (LTE) for Internet Protocol (IP) Multimedia Subsystem based services and
data-demanding telecommunication applications such as mobile network VNFs for
server load balancing, security functions, traffic monitoring, etc. Data centers are thus
becoming more and more essential for mobile operators and their users due to their
efficiency and high computing power.

The demand for electricity to power data center operations has, however, been
increasing in recent years [37]. In 2006, U.S. servers and data centers consumed around
61 billion kilowatt hours (kWh) at a cost of about USD 4.5 billion [38]. This is equal to
about 1.5% of the total U.S. electricity consumption or the output of about 15 typical
power plants. In addition to the rising energy consumption, data center operators have
started to take interest in searching ways to lower the CO2 emissions associated with
their data centers. It has been estimated that ICT, as a whole, covered 1.3% of the
world’s CO2 emissions in 2002 and 1.9% in 2011 [16]. In 2020, this amount is estimated
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to be 2.3%. Data centers amounted to 13% of the total ICT CO2 emissions in 2002 and
18% in 2011, and it is estimated that the amount will rise to 23% in 2020.

In general, there are three different types of data centers: traditional computing,
cloud computing, and HPC data centers. In cloud computing [39], a shared pool of
computing resources is used which can be accessed via the Internet or a local area
network by requesting users. A cloud is a set of machines and web services that
implement cloud computing. The users cannot see or specify the physical location and
the organization of the equipment hosting the resources they are allowed to use. Clouds
can be thought of as an abstraction layer above the physical hardware and data centers
they are located. Traditional data centers, on the other hand, do not share a pool of
computing resources that can be served to requesting users. They are usually meant for
a single purpose and rely heavily on hardware and physical servers. This thesis focuses
on single site and federated HPC data centers.

2.1.1 Single-site high-performance computing data centers

HPC or supercomputing data centers have been traditionally used in the field of
computational science to execute computationally intensive tasks in fields such as
climate research, weather forecasting, quantum mechanics, cryptanalysis, and physics
simulations. However, in recent years, there has been a lot of research about bringing
HPC data centers into the cloud [40–42]. This means that the use of HPC would be no
longer limited to organizations who own supercomputers but, instead, HPC resources
could be deployed dynamically to customers as it is currently done in cloud computing.

A highly simplified figure of a single-site HPC data center is shown in Fig. 1. It
consists of a Resource Management System (RMS) and several servers that act as
computing nodes. The RMS is generally used for managing the operation of an HPC
system [43]. The management actions can include, for example, job scheduling, nodes
management, nodes installation, etc. Examples of RMSs include Terascale Open-Source
Resource and QUEue Manager (TORQUE) [44] and Moab HPC Suite [45].

The RMS contains a job scheduler and a queue to which the users submit jobs. The
job scheduler decides which jobs are running in which computing nodes and when. For
job scheduling, there are different scheduling algorithms available, such as First In,
First Out (FIFO), Backfill First Fit (BFF), and Backfill Best Fit (BFF). Examples of job
schedulers include Portable Batch System (PBS) Professional [46] and Maui [47].
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FIFO or First Come, First Served (FCFS) is the simplest scheduling algorithm.
In FIFO, new jobs are inserted at the end of the queue. Whenever there are enough
resources available for the first job in the queue, it is dequeued and executed. When
there are not enough resources for the first job in the queue, all the jobs in the queue
have to wait. This creates opportunities for energy savings.

The backfilling algorithm works like FIFO, but when there are not enough resources
for the execution of the first job in the queue, the rest of the queue is checked for finding
the jobs that could be executed with the available resources. The execution of that kind
of backfill job should not cause any delay for the first job (or n first jobs, typically n < 3)
in the queue. Thus, the backfill job execution is limited to the available resources and the
available time before the expected start of the first job in the queue. The expected start
time of the first job in the queue is calculated based on the walltimes of the jobs that are
currently running. Walltime is considered as the time a job needs to execute from start
to finish. The walltime estimations are given by the users and are inaccurate [48, 49],
which may sometimes cause some delay for the first job in the queue when the running
job finishes earlier than expected.

Choosing a backfill job can be done in several ways. In the BFF strategy, the first
job in the queue that meets the resource and time constraints is chosen. In the BBF
strategy, all the potential backfill jobs are searched, and the selection is made based on
certain criteria. For example, the job with the shortest or longest walltime can be chosen,
or the one that requires the most or the least number of processors.

Research in energy-aware HPC has been active in recent years. In order to reduce
energy consumption, research has mainly focused on either software or hardware based
approaches, such as the following:

– Energy-efficient or energy-proportional hardware
– Dynamic Voltage and Frequency Scaling (DVFS) technique
– Shutting down hardware components or setting them into low-power state at low

system use
– Power Capping
– Thermal Management
– Graphics Processing Unit (GPU) offloading.

Energy-efficient hardware means that the components themself are designed to
be energy-efficient and consume less energy than standard ones. The concept of
energy proportional hardware argues that the power consumption of a server should be
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Fig. 1. Single-site HPC cluster.

proportional to its workload [50]. The server should thus consume no power in idle
state, almost no power when the workload is very low, and eventually more power when
the workload is increased. In other words, the overall power consumption should be a
linear function of the server’s use. Servers generally spend the majority of their time
at low to moderate workloads and exhibit poor energy efficiency. By the use of an
energy-proportional design, the energy consumption could be highly reduced.

The DVFS technique is used for controlling the Central Processing Unit (CPU)
power. The processor power consumption is roughly 50% of the total system power
under full load [51], making it a significant portion. Energy savings can be achieved
by running a processor at a lower frequency or voltage, but the job execution time is
increased. Consequently, DVFS should be executed when the system is not heavily used,
since users’ Service Level Agreements (SLAs) must be respected. Research on this
topic can be found in [52], [53], and [54].

It is typical that the servers in HPC data centers consume almost as much energy in
idle state as when running an application. Some servers or components could be thus
shut down or switched to a low-power state when the system is not heavily used. This
kind of a strategy aims to minimize the number of active servers while still satisfying
incoming application requests. The approach is, however, highly dependent on the
system workload, and the challenge is to decide when to shut down components and
how to provide a suitable job slowdown value.
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In [55], an energy-aware scheduler was implemented to an HPC system, and an
empirical 3.75 year study was conducted. The scheduler used simple operations: nodes
were powered off when they were inactive for 30 minutes. When a node was required
for job execution, it was powered on and moved to active state. Powering up a node on
the system took approximately 45 minutes, which is a substantially long time. The
scheduler was, however, able to reach power reduction of 39% at best.

Pinheiro et al. [56] have also developed an approach that dynamically turns cluster
nodes on and off. Their approach concentrated workload in fewer nodes so that idle
nodes can be turned off. The experimental tests on a 8-node cluster showed 19% savings
in energy. In the testbed, it took 100 seconds to power on a server and 45 seconds to shut
it down. Performance degradation amounted to approximately 20%. All experiments
started with a single-node configuration, which included having all nodes except one
powered off. Additional nodes were powered on when the system demand rose.

Power Capping is a process in which the data center operator can set a threshold of
power consumption to control that the actual power consumption of the data center does
not exceed it [57]. In this way, it is possible to prevent sudden rises in power supply and
keep the total power consumption under a predefined budget. This can be achieved by
descheduling tasks or using DVFS, for example.

In thermal management, the heat of the data center is monitored instead of the power
consumption [58]. Higher temperatures increase cooling costs and have a large impact
on system reliability. This approach uses a predefined temperature threshold to adjust
the workload of the system: if the temperature on a server rises above the threshold, its
workload is reduced.

In Moab, which is a commercial HPC scheduler, a Green Computing plug-in [59] is
introduced. The plug-in tries to reduce power consumption and costs in a data center by
turning off idle nodes that do not have reservations on them and turning on additional
nodes when jobs require them. Moab uses a parameter where users can specify a “green
pool”, which is the number of nodes that are kept on and ready to run jobs (even if some
nodes are idle). Idle nodes exceeding this number are powered off. In an evaluation test,
the plug-in was able to decrease the energy consumption by 8.2% with the penalty of
7.5% increased workload completion time [60]. The savings with the plug-in are highly
dependent on the system workload.

It has also been investigated how to solve HPC energy problems by GPU computing
[61], [62], [63]. The goal of GPU computing is to combine the use of a GPU with
a CPU to accelerate general-purpose scientific and engineering applications. The
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Fig. 2. A federation of HPC data centers.

computing-intensive portions of the application can be offloaded to the GPU while the
remainder of the code still runs on the CPU. However, the energy consumption is a
major concern in these systems.

2.1.2 Federated high-performance computing data centers

In order to provide great computing capabilities, HPC data centers can be interconnected
to each other to form larger, federated or HPC grid data centers. Fig. 2 shows a simplified
example of a federation of HPC data centers. The connection between different data
centers is implemented by using special grid middleware software (e.g., UNICORE
[64]) that manages the job submissions to all the data centers belonging to the grid.

The energy consumption between the data centers may vary radically due to the
different characteristics of the centers. For example, the server hardware in each center
may be different and consume different amount of energy. The centers may also be
located geographically far from each other, and the surrounding climate can cause
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significant differences in the needed cooling; i.e., the Power Usage Effectiveness (PUE)
[65] values between different centers may vary due to the surrounding climate. In
addition, since the energy sources can differ between the centers, the CO2 emissions
of the data centers may vary radically depending on the available energy sources.
The differences between the data centers can enable optimizations regarding energy
consumption and CO2 emissions.

As described in section 2.1.1, several methods for saving energy in single-site HPC
data centers have been studied. The methods include mainly the use of energy-efficient
or energy-proportional hardware (e.g., embedded low-power chips), DVFS techniques,
shutting down idle hardware components at low system use, power capping, thermal
management, and GPU offloading. Research in energy-aware HPC has mainly focused
on studying optimizations inside a single data center, and there has not been much
previous research that addresses the energy efficiency or CO2 emissions of grids from
the perspective of the whole grid.

Garg et al. [66] have developed a Heterogeneity-Aware Meta-Scheduling Algorithm
(HAMA). The algorithm first selects the most energy-efficient cluster for the job based
on the power consumption of the servers and the efficiency of the cooling system.
Additionally, during job runtime, DVFS is used to reduce the power consumption
of the CPU. According to simulation results, HAMA can reduce up to 23% energy
consumption in the worst case and up to 50% in the best case compared to other
algorithms. Without DVFS, HAMA can still result in power reduction of up to 21%.

Lynar et al. [67] have inspected the effect on energy consumption by using different
resource allocation mechanisms, both in a single-site data center and in a federation
of data centers. The results indicate that different resource allocation methods can
result in a significantly different energy usage while computing a stream of tasks. The
Preprocessed Batch Auction (PPBA) and batch auctions almost always result in a
significantly lower energy use than random resource allocation. By using a simple batch
auction allocation method, energy consumption can be reduced by up to 37.5%, and
possibly even more, by using the PPBA method.

Patel et al. [68] used an energy-aware policy for distributing computational workload
in the Grid resource management architecture. A data center energy coefficient is
introduced and taken into account as a policy when making allocation decisions for
compute workloads. This coefficient is determined by the thermal properties of each
data center’s cooling infrastructure, including regional and seasonal variations. The
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estimated energy savings in case of three data centers located in two different time zones
were large enough to give sufficient reason for the economic viability of the approach.

Shah and Krishnan [69] also analyze the climatic conditions as a way to reduce
cooling energy costs. Dynamic optimization of the thermal workloads based on local
weather patterns reduced the environmental burden by up to 30% in their case study.
Additionally, the data center operational costs can be potentially reduced by nearly 35%.
They also found that the use of pure energy consumption as a metric for environmental
sustainability can be erroneous, as data centers may use different fuel mixes for the
electric grid. Other metrics, such as the environmental impact, should also be considered.

The GREEN-NET framework [70] uses an on/off model that includes prediction
heuristics and green advice for the users and decides whether to switch on or off nodes.
An adapted energy efficient RMS is also included at the grid level.

The feasibility of powering data centers more by renewable energy ([71], [72], [73])
and the environmental potential of Geographical Load Balancing (GLB) [74] have
also been studied. In GLB, processes are shifted to data centers located in regions
where energy currently has low cost. In [75], a renewable and cooling-aware workload
management plan is presented. In the plan, the availability of renewable energy and
Information Technology (IT) demand is predicted and IT resources are allocated
according to a time varying power supply and cooling efficiency. GreenSlot [76], which
is a parallel batch job scheduler powered by solar power and the electrical grid as a
backup, uses a similar approach. The scheduler predicts the amount of solar energy that
will be available in the near future and schedules the workload to maximize the use of
green energy without breaking any SLA.

2.2 Network selection in heterogeneous wireless networks

Nowadays, there are a multitude of different access technologies that the current
wireless end devices can support. These include, for example, High-Speed Packet
Access (HSPA), LTE, Worldwide Interoperability for Microwave Access (WiMAX),
and different Wireless Local Area Network (WLAN) technologies. Each technology
supports different coverage, mobility, data rates, and QoS. The vision is that the users
should be able to select from the available multiple heterogeneous access networks the
most suitable that can satisfy specific application requirements. Access selection for
clients or their different applications in a heterogeneous wireless network environment
is one of the important challenges for future networks. It is a rather complex resource
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management problem: how to distribute and handle limited resources with a set of
users and PoAs without causing too much control signaling overhead in a very dynamic
environment.

In general, wireless and mobile networks are complex and dynamic systems, and the
amount of mobile data traffic has been increasing substantially. This requires intelligent
network management approaches to manage the challenges of future networks. Solutions
are needed for the end-users to be Always Best Connected (ABC) [77]. The selection of
the best available access for the users is essentially a resource allocation problem, and it
has been addressed by either a network-centric, a user-centric, or a hybrid approach.

Generally, it is very difficult to find the optimal point of access (PoA) within all
available technologies and networks for each client simultaneously. In addition, if
the devices are multihoming and multiaccess capable, the setting is even harder. The
changes in network conditions and the handovers triggered by the clients’ mobility may
require switching of PoAs within the current access network or, alternatively, traffic
offloading to other available networks. Even though an operator typically has control
only over its own networks and current clients, the users may have the freedom to
choose any available network.

As a research topic, wireless access selection has gained enormous interest in the
last decade, as numerous methods have been proposed and developed. The proposed
methods are typically based on either user-centric, network-centric, or hybrid approaches.
More detailed information on the research problem can be found, for example, from
the survey papers [78–83]. There already exists a large variety of algorithms based
on neural networks, reinforcement learning, fuzzy logic, Bayesian learning, game
theory, multi-criteria decision making, analytical hierarchical process, etc. The direct
performance comparison of the various approaches is very difficult, because of the
diversity of the algorithms and the complexity of the wireless access selection problem.

The goal of user-centric approaches is to find an optimal strategy for user-initiated
handovers, and the clients themselves are responsible for making decisions with or
without the assistance of the network [84–87]. The intelligence is based solely in
the clients, and the approach requires less computational or monitoring complexity.
This is a distributed approach in which the clients are trying to optimize their own
behavior without the knowledge of the other clients’ strategies or the global network
status. A selfish behavior may, in the long run, downgrade the performance of the client
population. Consequently, a more intelligent method needs to be incorporated into the
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clients’ decision making. Cooperation between clients is also a viable option to be
investigated.

In network-centric methods [88–91], a central entity is placed in the network that is
solely responsible for making handover decisions. The entity monitors surrounding
PoAs and clients, and takes decisions based on this information. An advantage is that the
central entity has a global view of the network (all clients and PoAs), and can take more
informed decisions. However, this approach requires a lot of monitoring information for
making appropriate decisions. The increased overhead may cause network congestion.
Network operators are also typically able to access only their own domain, which makes
implementing a single central entity difficult in a real-world scenario.

A hybrid approach is a combination of the user-centric and network-centric methods
[92, 93], in which both a central entity and the clients themselves are able to make
handover decisions. The clients can, for example, optimize their own behavior, while
the central entity is responsible for monitoring the general network status and taking
appropriate actions when the network gets congested.

2.3 Video content delivery in mobile operator networks

Video services, such as YouTube, Dailymotion, Netflix, Video on Demand (VoD), etc.,
are nowadays very popular, and video content will soon form a major portion of the
mobile data traffic [1]. In fact, over 75% of mobile data traffic will consist of video
content by 2020. Consequently, Mobile Network Operators (MNOs) face a challenge in
delivering video content to multiple users in a wireless environment, where the delivery
of good service quality must be ensured to meet the users’ QoE expectations. However,
existing mobile network infrastructures have constrained resources in the wireless
access, backhaul, and core networks. The traditional strategy to solve this problem
has been to extend or upgrade the overall network capacity. However, this increases
operating and capital expenditure and does not necessarily guarantee increased return on
investment.

One possibility to enable controllable and resource-efficient delivery of video content
is for the MNOs to set up their own mobile Content Distribution Network (mCDN) [94],
which could have better control over the content distribution service for mobile video
content. According to [94], the integration of an mCDN system in 3GPP networks can
be achieved by providing an mCDN Serving Point (mCSP) entity that is an integral
part of such a system. In this entity, it is possible to implement control strategies for
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ensuring that the service quality is met when progressively delivering video content
to multiple wireless users. The scheduling function can thus be developed within the
mCSP architecture.

The progressive download of video content is typically achieved via Hypertext
Transfer Protocol (HTTP) over TCP. The video data is transmitted to the client via
HTTP, and the client stores this in an application buffer called playout buffer [95]. When
an adequate amount of data has been downloaded, the client will start video playback
from the playout buffer. As the video is playing, video data is emptied from the playout
buffer and the client is also receiving video data. However, if the playout buffer becomes
empty, the playback of the video is interrupted until sufficient amount of data for the
playback to continue has been received. These interruptions are called buffer starvations
or stalling.

However, there are challenges in using TCP in a wireless environment [96], as
wireless networks are highly dynamic systems with varying characteristics, such as
signal fading and mobility. The standard sending approach of TCP may cause unneeded
playout buffer starvation with progressive video streaming. This is because the TCP
congestion control is not aware of the status of a progressive video download on mobile
devices [94]. TCP may ensure that data packets are delivered reliably, but it does
not ensure fairness amongst the users. Furthermore, the chunk-sending approach of
YouTube results in burstiness and leads to congestion [97]. It accounts for over 40%
packet loss in residential Digital Subscriber Lines (DSL). Application level scheduling,
i.e., controlling the pace at which content is sent to the underlying TCP stack, is a viable
method for this problem. In addition to TCP, there are other transport layer protocols,
such as User Datagram Protocol (UDP), Stream Control Transmission Protocol (SCTP),
or Real-time Transport Protocol (RTP), that can be used for video content delivery in a
wireless environment. However, in this thesis, the focus is on improving the sending
approach of TCP, and other transport layer protocols are out of the scope.

In order to efficiently stream video content to mobile receivers, several different
methods have been proposed. Some of the most relevant ones to this thesis are listed
below.

Changuel et al. [98] propose a cross-layer control mechanism that aims at maxi-
mizing the quality of the received video under changing channel conditions. It uses a
temporal difference learning method that directly estimates the action-value function.
However, the quality metric considered is the peak signal-to-noise ratio (PSNR), which
does not necessarily reflect the perceived quality of video.
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A QoE-aware method for HTTP progressive video downloading in Orthogonal
Frequency-Division Multiple Access (OFDMA) systems such as 3GPP LTE is introduced
in [99]. Playback interruptions are minimized by using the playout buffer levels of the
users as a criterion for resource assignment. The method also uses a priority based
scheduling method in which the priorities of users in each transmission time interval are
computed.

Another possibility is to optimize routing mechanisms for improved QoE. Tran et al.

[100] proposed a QoE Q-learning based adaptive routing approach that optimizes the
QoE in a Future Internet Content Delivery Network (CDN) by choosing the optimal
QoE paths. Significant QoE improvements over traditional approaches can be achieved.
In addition, an optimization framework for QoE-based routing in multi-service Wireless
Mesh Networks is introduced in [101] and a Dynamic Optimized QoE Adaptive Routing
scheme is presented in [102].

The TCP congestion control is enhanced by a temporal difference learning based
QoE-aware congestion control algorithm in [103]. The congestion window size is
adapted over time according to the source rate and the QoE feedback. According to
the evaluation results, the algorithm is able to outperform other congestion control
mechanisms when comparing QoE.

2.4 Fuzzy logic based classification of network access

Fuzzy logic, originally introduced by Zadeh [104], is a mathematical logic in which the
truth values of variables are not described by plain Boolean variables true and false, but
the truth value can be any real number between 0 and 1. For instance, with Boolean
logic, a glass can be considered empty or full with respect to the amount of water in the
glass. According to fuzzy logic, the glass can be simultaneously 0.2 empty (e.g., slightly
empty) and 0.8 full (e.g., fairly full). A fuzzy set is a set whose elements have degrees of
membership, i.e., each element of the set is mapped to a value between 0 and 1. For
example, consider the classification of the heights of men using fuzzy sets “Short”,
“Average” and “Tall”. A man of height 1.85 m could have the membership value 0.5 to
both sets “Average” and “Tall”, whereas men over 2 m tall belong only to the set “Tall”.

In this thesis, a fuzzy logic based classification methodology is used for classifying
the status of different network accesses. To implement the classification modules,
a Mamdani type fuzzy inference method [105, 106] was chosen, as it is the most
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If Users is Low and Packet loss is Low, 
then PoA classification is Excellent 
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(0-1)

Fuzzy 
inference 
process

Fig. 3. Example of the fuzzy inference process.

commonly used method in practice and also proved to be suitable for this work. Fuzzy
inference is the process of mapping inputs to outputs using fuzzy logic.

Fig. 3 presents an example of the basic structure how the fuzzy inference computes
an output value. The example uses two inputs: Users (counting the number of users) and
Packet loss, and one output: PoA classification. The inputs are single numbers within a
predetermined range. Three fuzzy rules are determined; fuzzy rules refer to a collection
of statements that describe how the fuzzy inference process makes a decision regarding
classifying an input or controlling an output. Subsequently, the input values and fuzzy
rules are brought to the fuzzy inference process that computes the output as a single
number between 0 and 1.

The Mamdani fuzzy inference process, shown in Fig. 4, includes five steps: (i)
Fuzzification of the input variables, (ii) Application of the fuzzy operator (AND or
OR), (iii) Application of the implication method (minimum), (iv) Aggregation of all
outputs, and (v) Defuzzification. The purpose of fuzzification is to map the two inputs to
corresponding membership values from 0 to 1. This is based on membership functions,
which are generally curves that define how each point in the input space is mapped to
a membership value. For example, for the input parameter Users, there can be three
memberships: low, medium, or high, and the membership value of rule 1 in Fig. 3 tells
to what extent is Users low. Membership functions for the output PoA classification
are also defined. These functions are also curves that define how points in the output
space are mapped to a membership value from 0 to 1. The PoA classification has three
memberships: EXCELLENT, AVERAGE, and BAD.

Next, depending on the fuzzy rule, a fuzzy operator (AND or OR) combines the
fuzzified inputs to establish a rule strength that is also a single number (0–1). The fuzzy
OR operation retrieves a maximum value, and fuzzy AND retrieves a minimum value.
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Fig. 4. Mamdani type fuzzy inference method.

This rule strength is used for the implication operator (minimum) that truncates the
membership function of the output to obtain a fuzzy set of the rule. The aggregation
method (maximum) combines all the fuzzy sets of the rules into an aggregate output
fuzzy set, which is finally defuzzified to obtain a single number (0–1) as an output value.
The defuzzification method uses center of gravity calculation that returns the center of
area under the aggregate output fuzzy set, i.e., under the curve.

2.5 Reinforcement Learning and Q-learning

In the context of this thesis, learning is generally used for handling uncertainty in
network selection in heterogeneous wireless networks and video content delivery in
mobile operator networks scenarios. In both cases, the decisions are not straightforward
but instead require an analysis of various parameters and knowledge of previous actions.
By the use of learning, the algorithms are able to function without intervention from
human administrators or any other external control. It is also possible to provide better
accuracy for the decisions.
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CONTROLLER
(RL agent)

Reward StateAction

Fig. 5. Reinforcement learning control loop.

Reinforcement Learning (RL) [107, 108] is a machine learning tool, inspired by
behaviorist psychology, to select optimal actions in order to maximize the cumulative
reward. It is a mixture of supervised and unsupervised learning. The learning system
consists of independent agents that interact with a dynamic environment in order to act
optimally in different situations. The basic control loop of RL can be seen in Fig. 5.
Each agent holds a controller that is in contact with a system. The system provides its
state to the controller, and the controller selects an action. In the next control loop, the
system gives a reward that was retrieved after selecting an action in the previous control
loop.

More specifically, in this thesis, the Q-learning method is used, which is the most
popular RL algorithm because it is simple and easy to implement. Q-learning was first
proposed by Watkins [109]. In Q-learning, each learning agent holds a Q-table Q(x,a)

that provides the expected reward when selecting action a ∈A in state x ∈X . Here A

and X denote the action and state spaces, correspondingly. In this thesis, a finite state
and action space is considered. Initially, Q is a table with zeros, i.e., the agent knows
nothing of the environment. However, by inserting initial values to the Q-table, it is
possible to define an initial policy to prevent the agent from selecting undesired actions.
The aim of Q-learning is to find an optimal policy that maximizes the expected total
discounted reward. Given that at time t action At is made while the system is in state Xt

and transits to state Xt+1 at next time t+1, the Q table is updated by the rule [109, 110]

Qt+1(Xt ,At) = (1−αt)Qt(Xt ,At)+αt

(
Rt+1 + γ max

a∈A
Qt(Xt+1,a)

)
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where αt ∈ [0,1] is the learning rate parameter, γ ∈ [0,1] is the discount factor,
Rt+1 is the instant reward, and maxa∈A Qt(Xt+1,a) is the maximum expected reward.
Parameter αt determines to what extent newly acquired information will override
old information, and γ determines the importance of future rewards. If γ ≈ 0, only
immediate rewards are considered. If γ ≈ 1, more weight is given to future rewards.
If αt ≈ 0, the agent will not learn anything. If αt ≈ 1, the agent considers only the
most recent information. For stationary systems, one should set αt → 0 as t→ ∞ to
guarantee the convergence to the optimal policy. However, in this thesis, the learning
rate parameter αt was considered to be constant since the considered systems were not
stationary. In non-stationary systems, the policy needs to be updated constantly since
the system may be different from the beginning. Thus, instead of aiming for the optimal
policy, the goal is to achieve a dynamic policy which functions well in a constantly
changing environment.

Watkings et al. [110], Tsitsiklis et al. [111], and Jaakkola et al. [112] have
shown that Q-learning converges to the optimal policy under certain conditions. The
convergence of Q-learning means that the values of the Q-table approach to a constant,
or the policy of making decisions tends to be stationary. In general, the convergence
depends on the learning rate and the exploration policy. The sum of the learning rates
should go to infinity so that any value could be reached and that the sum of the squares
of the learning rates is finite, which shows that convergence occurs with probability one.
For exploration, it is required that all state-action pairs should be visited at frequent
intervals. Basically, the iteration to the optimal policy balances between exploitation and
exploration. In exploitation, the best action based on the current knowledge is applied,
and in exploration, a presumably non-optimal action is selected to find more information
on the system. Randomly choosing actions will result in poor performance. Thus, in
order to explore the state-action space properly, and thus enable finding the optimal
policy, the action At can be chosen, for example, by a Boltzmann exploration strategy
[108, 109], which is based on weighted probabilities

P(At = a|Xt) =
eβQt (Xt ,a)

∑a′∈A eβQ(Xt ,a′)
(1)

where β ∈ [0,∞) is the temperature parameter determining the randomness of the action
selection. If β ≈ 0, the exploration will continue at each timestep without convergence
towards the optimal policy. If β is set large, the action selection policy approaches
greedy selection, in which an action with the highest expected discounted reward would
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always be selected. However, in this case, the Q-learning algorithm would not explore
the different state-action pairs well enough, and the system would be unable to react to a
new and altered situation.

The convergence time of Q-learning generally depends on the structure of the
system or network and the number of degrees of freedom, i.e., the number of estimated
parameters, the size of the Q-table, initial policy, etc. It is therefore difficult to provide
accurate values for the convergence time as it is case dependent. The convergence time
within a specific system can vary depending on different values of the learning rate
and the temperature parameter [113, 114]. There is a trade-off between exploration,
exploitation, and the length of the learning procedure. Generally, the convergence or
learning speed can be verified through simulations.

To achieve stability, the Q-learning parameters, learning rate, discount factor, and
temperature parameter need to be within the predetermined ranges. In addition, one
needs to define a suitable action and state space and initial policy so that undesired
actions would not be selected. Whether Q-learning converges to the global or local
optimum depends again on the definition of the action and state space and the reward
function. For example, if the global optimum is desired, a higher reward should be given
to actions that provide globally optimal behavior.

Q-learning can be implemented in a single-agent or multi-agent scenario. In a
single-agent scenario, there is only a single entity that is interacting with the environment
and its actions are not influenced by other agents. In a multi-agent scenario [115],
there are multiple agents involved that simultaneously aim to learn the optimal policy
that maximizes the expected reward. For multi-agent Q-learning, game theoretical
approaches, knowledge of other agents’ strategies, and cooperation between agents can
be considered. However, in this thesis it was assumed that the Q-learning agents do
not know the strategies of each other and only obtain local environmental information,
resulting in the framework of single-agent Q-learning.

2.6 Quality of Experience

QoE [116, 117] is generally used as a subjective measure of how a client is experiencing
a certain service, for example, video streaming, web browsing, file download, or Voice
over IP (VoIP). For example, for a video streaming service, QoE can be considered good
if the clients experience a smooth playback without frequent stalling of the video. On
the other hand, QoE is user dependent, since some clients can experience a service
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differently than others. QoE is different from QoS, which uses parameters such as packet
loss, delay, and jitter to measure the network’s ability to meet application requirements.
However, QoS does not take into account how the clients are perceiving the service.

In this work the QoE is considered to be application dependent. For a file download
service, the QoE is good if the clients achieve a reasonable download duration and
throughput. For a video streaming service, QoE can be considered good if the clients
experience a smooth playback without frequent stalling of the video.

46



3 Contributions of the thesis

This chapter presents the algorithms developed in this thesis for achieving energy-aware
and efficient network resource management in autonomous communication systems.
The chapter is a summary of the results presented in Papers I–VI.

3.1 Energy-aware approaches for high-performance computing data
centers

This section addresses the first research question, asking what approaches can data
center operators use to autonomously reduce energy consumption or CO2 emissions
without any changes in hardware. Papers I and II contribute to this research question.
Paper I focuses on single-site high-performance computing data centers while Paper II
focuses on a federation of high-performance computing data centers.

3.1.1 Energy-aware job scheduling for a single-site high-performance
computing data center

Paper I introduces an energy-aware job scheduler that can be applied for single-site
high-performance computing data centers without any changes in hardware. The
scheduler interacts with the resource management system of the data center and
functions autonomously without intervention from human administrators.

The aim of the scheduler is to reduce the energy consumption of the data center by
finding appropriate time slots when to shut down resources or put them into sleep or
power saving mode. This should, however, not delay the start time of the jobs drastically.
The energy saving feature was included as an additional objective in three commonly
used job scheduling algorithms FIFO, BFF, and BBF as their energy-aware counter parts
Energy-Aware First In, First Out (E-FIFO), Energy-Aware Backfill First Fit (E-BFF),
and Energy-Aware Backfill Best Fit (E-BBF). Generally, idle resources are powered off
if there is more than T seconds time remaining before the estimated start time of the first
job in the queue. T is considered as a power off threshold. Gebrehiwot et al. [118]
presented that for FIFO servers, under the assumption of Poisson arrivals, the optimal
value for T would be zero, i.e., a server should be switched off immediately when it
becomes idle or it should not be switched off at all. However, the value for T depends
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on the system characteristics, used job scheduling algorithm, system workload, and the
power saving procedures. In the scenario used in this work, a value of 50 seconds was a
suitable value for T.

The energy-aware job scheduler was evaluated by a simulation model that was built
by using OMNeT++ [119] and the INET Framework [120]. The simulation scenario
included 20 clients in a single data center of 32 servers. Each of the clients generated 20
job requests, i.e., in total 400 jobs, and the simulation was stopped after all the jobs were
finished.

The simulation model also included models of the server components and formulas
for their power consumption. The application module on a server included details of
the processor, memory, hard disk, network interface card, mainboard, fan, and power
supply unit. Consequently, the total power consumption of the server was the sum of its
components’ power consumption. The power consumption of the data center was the
sum of the total consumption of each server, RMS, and network router or switch. Every
time something changed on the server, for example, when a new job started its execution
or a job was completed and the server went to idle state, the status of each component
was updated. The state of the server was considered as a constant between the two states.
The energy consumption between the two events was calculated by using the developed
power consumption formulas for the server components. A more accurate description of
the simulation setup can be found in Paper I.

Figure 6 shows the energy savings when comparing the standard scheduling
algorithms to their energy-aware versions. The highest energy saving of 16% can be
achieved with E-FIFO when the clients send job requests requiring 1–32 nodes. The
cause for this is that there are more idle servers during a simulation run than with the
backfilling algorithms, which try to fill in jobs to be executed from the queue. Other
energy savings with different configurations are totaled around 6-10%. The simulation
results also showed that the energy-aware scheduler does not increase the waiting time
of the jobs drastically. This increase was at the highest only 3.2% for FIFO.

The energy-aware job scheduler was also implemented and tested on a HPC cluster
“Juggle” at the Jülich Supercomputing Center. The default TORQUE RMS [44] used
BFF as a default scheduling algorithm, and a stress test was run with the default
scheduler and the energy-aware scheduler. The energy-aware scheduler aimed to set
idle nodes in a low-power standby mode when there were no jobs queued which could
make use of them. The standby mode consumes 50 W less power compared to the idle
state, and the resume from standby mode to idle mode takes 5 seconds. In the testbed
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Fig. 6. Energy savings for different job sizes and algorithms (I, published by permission of
Springer).

experiments, the elapsed time was slightly increased, i.e. by 0.63%, while the energy
consumption was reduced by 6.3%.

The simulation results and testbed experiments thus confirmed that by introducing
an energy-aware job scheduler to a single-site HPC data center, it is possible to reduce
the energy consumption of the data center without any additional hardware. Moreover,
the scheduler functions autonomously without intervention from human administrators.
The energy savings, however, are highly dependent on the system use, the job scheduling
algorithm, and the available system power states.

3.1.2 Energy- and CO2-Aware cluster selection for a federation of
high-performance computing data centers

Paper II presents two algorithms for reducing energy consumption and CO2 emissions
in a federation of high-performance computing data centers. In this case multiple
data centers, i.e. clusters, are interconnected to provide greater computing capabilities
than can be achieved with a single-site high-performance computing data center. The
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connection between the different data centers is implemented by using special grid
software that manages the job submissions to all the data centers belonging to the grid.

The goal of the algorithms is to autonomously optimize the scheduling process in
the grid software; Paper II focuses especially on the UNICORE middleware [64]. In
UNICORE, a component called UNICORE Service Orchestrator (USO) is used for
deciding to which cluster a job should be submitted. As a default, the RR algorithm is
used that balances the number of jobs between different clusters. In the RR algorithm,
the clusters are selected sequentially, beginning again at the start in a circular manner.

The proposed algorithms should not affect current SLA or QoS agreements. In HPC,
there is no clear SLA between users and data centers, but a reasonable job turnaround
time can be seen as a QoS agreement. Regarding energy consumption and CO2 savings,
a new green SLA could be introduced [121]. This means that the users could allow a
certain delay for the execution of their job and, as a bonus, get extra computing time for
free.

The FP cluster selection algorithm tries to select a cluster that can execute the job
with minimal waiting time. The algorithm uses dynamic cluster properties, i.e., status
of nodes and queues, for decision making. These can be obtained from a single-site
monitoring system. If a certain cluster has enough resources for the job and the cluster’s
queue is also empty, the job is submitted to that cluster. Otherwise, an estimated waiting
time for the job in each cluster is calculated, and the cluster with the shortest estimated
waiting time is selected.

The ECA algorithm is used for finding the cluster with the smallest amount of
estimated energy consumption or CO2 emissions. The choice whether to optimize
energy consumption or CO2 emissions can be defined separately. The ICT energy of the
job is estimated by the power consumption models described in Paper I and [122]. The
power consumption models use job requirements and the cluster’s computing node
properties for the estimation. The ICT energy of the job is estimated as follows:

ICTEnergy = PUE · ICTPower ·ExecutionTime (2)

where Power Usage Effectiveness (PUE) defines how efficiently the power in the data
center is used, i.e., how much power is used by the ICT equipment and how much power
is used for cooling and other equipment [123]. PUE is calculated as follows:

PUE =
TotalFacilityEnergy

ICTEquipmentEnergy
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where ICT Equipment Energy includes the energy consumed by all the ICT equipment,
which may include compute, storage, and network equipment in addition to supplemental
equipment, such as monitors, workstations, and laptops used to monitor or control the
data center. Total Facility Energy involves all the ICT equipment and everything that
supports the ICT equipment, such as the cooling system, generators, power distribution
units, power delivery components, lighting, etc. [123]. An ideal PUE is 1.0 and, for
example, a PUE of 3.0 shows that the data center’s total energy usage is three times
larger than the energy use of the ICT equipment alone.

For estimating the CO2 emissions that a job may produce, the algorithm uses the
Carbon Usage Effectiveness (CUE) [124] metric. CUE is a sustainability metric that
addresses CO2 emissions associated with data centers. It considers only the operations
of the data center and not the full environmental impact of the life cycle of the data
center and its ICT equipment. And ideal CUE is 0, i.e., no CO2 emissions are associated
with the data center operations. The CUE is

CUE = ESC ·PUE (3)

where ESC is Energy Source Coefficient. It is defined as follows:

ESC =
N

∑
n=1

ESP(n) ·EEC(n) (4)

where Energy Source Percent (ESP) indicates the percentage of the energy generation
source, Energy Emission Coefficient (EEC) indicates how many kilograms of CO2 are
emitted per 1 kWh of energy, and N informs the number of used energy generation
sources in the data center. For example, if a data center used nuclear, coal, and oil as its
energy generation sources, N = 3. Example values of the EEC can be found in Table 2
[125].

Finally, by using (2), (3), and (4) and the values in Table 2, it is possible to estimate
how much CO2 emissions a job produces if executed by data centers with different
energy sources:

JobEmissions = CUE · ICTEnergy (5)

Some form of load balancing is, however, needed for the algorithm, as selecting
always the cluster with the least energy consumption or CO2 emissions would cause
huge load and queue on specific clusters and a large delay for the users. Load balancing
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Table 2. Energy emission coefficient factors [125] (II, published by permission of IARIA).

Generation type Conversion factor

(kgCO2 per kWh)

Closed cycle gas turbine 0.360

Coal 0.910

Electricity, France interconnector 0.083

Electricity, Ireland interconnector 0.699

Non-pumped storage hydro 0.0

Nuclear 0.0161

Open cycle gas turbine 0.479

Oil 0.610

Pump storage 0.0

Other 0.610

can be achieved by using a fixed queue size limit or a specific deadline for the completion
of the job.

A simulation model was built by using OMNeT++ [119] and the INET Framework
[120] to evaluate the algorithms. The purpose was to evaluate the impact of single-site
energy-aware job scheduling and the impact of energy- and CO2-aware cluster selection.
The simulation scenario included three data centers with varying characteristics and 75
clients that were sending job requests. The simulation was stopped once 1,500 jobs were
completed.

Figure 7 presents the total ICT energy consumption of the three clusters for different
USO cluster selection and job scheduling algorithms. The scheduling and cluster
selection algorithms are represented by the following abbreviations:

– FP = Fastest possible USO cluster selection algorithm
– ECA = Energy- and CO2-aware USO cluster selection algorithm set to minimize the

CO2 emissions
– RR = Round-robin USO cluster selection algorithm
– FIFO = First In, First Out job scheduling algorithm
– BFF = Backfilling First fit job scheduling algorithm
– BBF = Backfilling Best Fit job scheduling algorithm
– E-FIFO, E-BFF, E-BBF = energy-aware counterparts for the job scheduling algorithms

(idle nodes are powered off whenever possible)

52



0

5E+10

1E+11

1,5E+11

2E+11

2,5E+11

IC
T

 E
n

e
rg

y
 (

J)

Total ICT energy consumption
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The simulation results indicated that by using single-site energy-aware job schedul-
ing, 22–35% energy savings can be achieved when comparing standard RR against
energy-aware RR. By using both energy-aware job scheduling and the FP or ECA
algorithm in the cluster selection, additional savings of 3% can be achieved. By
only changing the cluster selection algorithm and keeping the normal job scheduling
algorithms, the energy savings with FP are 17–30% and with ECA 5–28%.

Figure 8 presents the total CO2 emissions of the federated HPC data center. RR
with normal job scheduling causes the largest CO2 emissions while energy-aware job
scheduling and the FP algorithm are able to decrease emissions. The highest savings
can be achieved with the combination of energy-aware job scheduling and the ECA
algorithm, when the savings are 37–45% compared to standard RR cluster scheduling.

It was also noted in the simulation experiments that energy-aware job scheduling
inside the data center and the introduced cluster selection algorithms do not cause
remarkable increase in job wait time and can thus satisfy users’ SLAs.

The algorithms were also evaluated in a test bed environment. The test scenario
consisted of three HPC clusters: two were located in Germany and one in Finland. The
test results were similar as the ones acquired by simulation. By using energy-aware
job scheduling within the data center and the FP or ECA algorithm for the cluster
selection, it is possible to achieve energy savings and reduction in CO2 emissions. When
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comparing only the cluster selection mechanism, an energy saving of 58% was achieved
with the FP algorithm and 67% with the ECA algorithm. The results are, however,
very reliant on the workload demand of the clusters, definition of the PUE and CUE
values, and the “latest job finish time parameter” which is used for checking if the
job can be executed and finished on a cluster within a user defined limit. The testbed
experiments showed that the FP and ECA algorithms cause some overhead compared
to the simpler RR algorithm, which does not need any dynamic information from the
clusters. However, the overhead was considered to be much smaller than the achieved
savings. A more detailed analysis of both the simulation and the test bed results can be
found in Paper II.

The results showed that by introducing two cluster selection algorithms and including
energy-aware job scheduling inside data centers, it is possible to achieve reductions in
energy consumption and CO2 emissions. However, it must be noted that the results are
highly dependent on the used hardware, the use of the clusters, the PUE and CUE values,
and the workload demand. Poor use of the clusters can ultimately lead to an increase
in energy consumption and CO2 emissions, if a data center with a high CUE value
is used for most operations. In addition, according to a report by Green House Data
[126], lowering the PUE of a data center can bring large reductions in CO2 emissions.
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Moreover, the energy sources used to power the data center has a dramatic impact on the
CO2 emissions.

3.2 Autonomous network selection in heterogeneous wireless
networks

This section addresses the second research question, asking what approaches can mobile
network operators use to autonomously provide a good quality of experience for mobile
users without major changes in the network infrastructure. More specifically, this section
focuses on the network selection problem in heterogeneous wireless networks. Papers
III and IV contribute to this research area.

3.2.1 User-centric cognitive wireless access selection by
reinforcement learning

Paper III investigates how to autonomously provide a good quality of experience
for wireless file download service users. A user-centric cognitive wireless access
selection algorithm is proposed, which uses RL [107, 108] as a tool for decision making.
Specifically, Q-learning [109, 110] is used. The main objective of the algorithm is to
find the optimal PoA within all available technologies and networks for each client
simultaneously. The approach aims at providing a good QoE for all clients but without
triggering handovers too easily. A large number of handovers may cause large control
plane overhead to the network.

Each client hosts a Q-learning agent that is responsible for making the decisions
on behalf of the client. The Q-learning algorithm uses classification values calculated
by using a cascade fuzzy logic based classifier as its input. The fuzzy logic based
classification methodology was described in section 2.4, and its main intention is
to provide a basic outlook of client and PoA statuses: when does the client service
degrade and when is a PoA congested. This is needed since there are various parameters
in the decision-making process of wireless access selection. Fig. 9 shows the basic
procedure of the cascade fuzzy logic based classification. The shown input parameters
are examples of the data that could be used in the classification process. In the beginning,
the client gets connected to a PoA that provides the best signal strength, and afterwards
the client starts classifying its current access. Generally, Mobile Node (MN) and PoA
are classified according to input parameters retrieved from the client radio and the PoA.
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Fig. 9. Fuzzy logic based access classification (III, published by permission of IEEE).

The outcome of the MN and PoA classifications together with the application related
input is transferred to the access classification module where the overall grading is
performed. The access classification is afterwards aggregated into four finite access
network states as follows: 0.00–0.25: BAD, 0.25–0.50: REGULAR, 0.50–0.75: GOOD,
0.75–1.00: EXCELLENT.

In addition to using the finite access states, the number of users connected to the
PoA are aggregated into three groups: Low (number of users ≤ 5), Medium (5 <

number of users ≤ 10), or High (number of users > 10). This can show the type of the
congestion or predict change in the client population. The statuses of available PoAs can
be retrieved, for example, from a designated information server located in the network.

The search for alternative PoAs begins only when the state of the current access
changes to BAD. The client can subsequently perform two actions: stay connected to
the current PoA or switch to the best available PoA. The reward for the system is an
application specific function. For example, for a file download, the reward can be a
function on the obtained throughput, and for a video service, a function on the size of
the playout buffer. Since the objective is a fast file download, we set the Q-learning
reward function

Rt = Tt

where Tt is the obtained throughput at interval t.
The state of the system at time t is described by

Xt =


State of the current access

Number of clients in the current PoA
State of the best other access

Number of users in the best other PoA
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and actions At are either to stay in the current access or to switch to the best other access.
In order to explore the state-action space properly, and thus enable finding the optimal
policy, the action At is chosen by the Boltzmann exploration strategy described in (1) in
section 2.5.

The performance of the Q-learning algorithm was compared to that of an opportunis-
tic fuzzy algorithm and a default handover decision mechanism, i.e., clients that initially
connect to a PoA that provides them with the highest signal strength and stay there
without doing any handovers. In the opportunistic fuzzy algorithm, the client stays at its
current PoA if the access state is REGULAR, GOOD, or EXCELLENT. Once the state
changes to BAD, the client starts looking for alternative PoAs to switch to. If the best
available PoA is classified as REGULAR or better, then the client will immediately do a
handover. The opportunistic fuzzy algorithm was thus considered as a greedy algorithm,
which makes decisions that may be momentarily beneficial but in the long run will
degrade performance.

The evaluation was done with a simulation model that was implemented with
OMNeT++ v. 4.1 [119] and the INETMANET Framework [127]. A fuzzy logic control
library fuzzyLite [128], written in C++, was used for the fuzzy logic based access
classification. The simulation scenario considered a file download application in a
WLAN environment. The proportion of the intelligent clients using either Q-learning or
fuzzy based access selection in the network was varied.

Fig. 10 shows the boxplots [129] of the download duration of intelligent clients
that are using either Q-learning or opportunistic fuzzy based access selection. In the
boxplot figures, a box contains 50% of the values, and the line in the middle represents
the median. The hinges of the box indicate the lower quartile and upper quartile values
of the distribution. Upper quartile value is the median of the upper half of the data
and lower quartile value is the median of the lower half of the data. Whiskers are
lines extending from each end of the box to show the minimum and maximum values.
Interquartile range (IQR) is the difference between the upper and lower quartiles. Values
outside the whisker lines, shown as dots, are considered as outliers, which are either 1.5
× IQR or more above the upper quartile or 1.5 × IQR or more below the lower quartile.

The download duration of the default clients was also considered. Both Q-learning
and fuzzy algorithms were able to decrease the download duration compared to the
default approach, but the savings were highly dependent on the proportion of Q-learning
or fuzzy nodes in the network. The more nodes there are in the network that are able to
do handovers, the less resources are available per intelligent node. With low intelligent
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Fig. 10. Boxplots of download duration of intelligent clients. Percentages show the propor-
tion of the intelligent clients using either Q-learning or fuzzy based access selection in the
network (III, published by permission of IEEE).

node percentages the fuzzy approach performed better than Q-learning, but with higher
percentages Q-learning achieves better performance.

Fig. 11 shows the benefit of the Q-learning based access selection, as much less
handovers were needed than with the fuzzy approach. For example, with 75% Q-learning
clients, the number of handovers is 62% smaller on a median than in the case of 75%
fuzzy clients. In addition, the maximum values were decreased with the Q-learning
algorithm. This result showed the benefit of a Q-learning approach, as both fewer
handovers were needed and an improvement in download duration was achieved.

Simulation results also showed that Q-learning was able to provide a more stable
total throughput throughout the duration of the download. Fluctuation in the total
throughput is not detrimental for a file download service, but a video service needs a
stable throughput without much fluctuation. All in all, the download duration reduction
for an individual node was not drastic, but from a network operator perspective the
reduction of handovers was beneficial, as a large number of handovers may generate a
larger signaling load to the network. Moreover, the greedy approach with opportunistic
fuzzy algorithm may ultimately degrade the quality of the user applications.

58



0 50 100 150 200 250 300 350
Number of handovers

Default (not visible)

10% Q-learning

10% Fuzzy

25% Q-learning

25% Fuzzy

50% Q-learning

50% Fuzzy

75% Q-learning

75% Fuzzy

Fig. 11. Boxplots of number of handovers. Percentages show the proportion of the intel-
ligent clients using either Q-learning or fuzzy based access selection in the network (III,
published by permission of IEEE).

3.2.2 Cognitive network management framework with user-centric
and network-centric wireless access selection

Paper IV extends the work of Paper III by exploring the wireless access selection problem
from a system perspective in scenarios where users of different subscription classes are
using progressive video streaming. It is also a complementary simulation study to a
related proof-of-concept implementation [130], which proposed a network management
framework that relies on cognitive decision techniques in the joint optimization of
network and video service performance. The proof-of-concept implementation is
extended by introducing a larger scenario with a higher number of users and different
user classes in the context of QoE-aware access selection.

Network-centric and user-centric wireless access selection schemes are investigated.
A network management system that complements the overall mobility management by
triggering load related handovers is also considered. The focus of the paper was an
evaluation of the network management framework in a scenario with a large number of
users and different user classes in the context of QoE-aware selection.

The overview of the system is shown in Fig. 12. The system monitors PoAs, clients,
and applications, and provides both a network and a client side view of the network
status, which in turn enables intelligent decisions on load distribution. The system
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Fig. 12. Network management architecture for optimizing wireless access selection (IV, pub-
lished by permission of Wiley).

consists of a Network Management Algorithm, which is a network side algorithm
that has a global view of the network, and a Client Network Selection Algorithm,
which optimizes the wireless access selection at the client. Both algorithms send
handover suggestions to the Client Unified Decision Algorithm, which is responsible
for coordinating the inputs coming from the client side and network side algorithms.
Finally, the Client Unified Decision Algorithm informs the mobility management of the
client to trigger a handover. The client side and network side algorithms are able to
function simultaneously, but in this work, they were considered separately.

The client side network selection algorithm is the Q-learning based access selection
algorithm that was described in Paper III and in section 3.2.1. For the case of a video
service, the Q-learning reward function was defined as Rt = log(Bt), where Bt > 0 is the
obtained playout buffer size at interval t. The playout buffer size is measured by the
number of frames. This reward is obtained when the video is running. If the video
becomes paused, the reward function is defined as Rt =−10, to penalize each such
time interval. This favors decisions that keep the buffer filled. In addition, an increase
in the buffer length should have a lower effect if the buffer is already well filled. The
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specifics of the PoA status and PoA grade calculations were also described in Paper III
and section 3.2.1.

For the network side, a Load Balancing (LB) algorithm was used. This is a
centralized algorithm that responds to congestion occurring in PoAs by moving a single
client, several clients, or part of the client’s traffic from an overloaded PoA to other
overlapping PoAs that operate the same or different radio access technologies. Fig. 13
shows the overview of the algorithm. Performance and status information is received
from PoA monitoring and clients. Rules, policies, and subscription information are also
used for the operation of the algorithm. This information may include, for example,
information on the user classes of the clients or how much traffic can be moved from an
overloaded PoA to other overlapping PoAs. The algorithm uses fuzzy logic based client
ranking to select the best clients for a handover, and a fuzzy logic based PoA ranking to
find the best PoAs for a handover.

Generally, the mobile network operator can, for instance, offer better service to
higher subscription profile users, while the lower subscription profile users receive a
regular service. The users were differentiated in the experiments according to their
subscription profile: gold, bronze, or silver. Gold users were generally treated as higher
subscription profile users and thus were served a video stream with a higher encoding
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rate. Bronze users, on the other hand, were considered as lower subscription profile
users with a lower video encoding rate. The performance of the system was analyzed in
the case of the following four access selection approaches:

– Conventional (no handovers are done);
– Network side access selection with load balancing algorithm (move primarily bronze

users);
– Network side access selection with load balancing algorithm (move primarily gold

users);
– Client side access selection with Q-learning based algorithm.

In the beginning, the users gained access to the PoA that provides the best signal
strength. This happened with all the four considered configurations. With the conven-
tional method, no handovers were executed. For the network side access selection, two
alternatives were considered: either primarily move bronze users or gold users from a
congested PoA to preserve the video QoE.

The evaluation was carried out with a simulation model implemented with OMNeT++
v. 4.1 [119] and the INETMANET Framework [127]. The simulation scenario covered a
progressive video streaming application in a WLAN environment. Three scenarios for
the number of users were considered: 20 (5 gold users, 10 silver users, 5 bronze users),
30 (5 gold users, 10 silver users, 15 bronze users), and 50 (5 gold users, 10 silver users,
25 bronze users).

The metrics of interest for the progressive video streaming service were the number
of the playout buffer starvation events and the starvation duration. A starvation event
happens when the playout buffer of the client is empty and a stall occurs in the video.
Fig. 14 points out that the conventional approach resulted in a high number of buffer
starvation events with the gold users and that the variation is large. In the best case,
no buffer starvation events were experienced, but in the worst case, over 200 events
occured. All the access selection algorithms were able to decrease the number of buffer
starvation events compared to the conventional approach. As the number of users in
the network reached 50, there was a lot of fluctuation in the values, as there were an
inadequate amount of available resources. Since the bronze users had the smallest video
encoding rate, they required less capacity from the network and had a much smaller risk
of experiencing buffer overruns. The gold and silver users experienced more buffer
starvations due to their higher video encoding rate.

62



0 20 40 60 80 100 120 140 160 180 200 220 240 260 280 300
Number of buffer starvation events

LB - Move Bronze (50)

LB - Move Bronze (30)

LB - Move Bronze (20)

LB - Move Gold (50)

LB - Move Gold (30)

LB - Move Gold (20)

Q-learning (50)

Q-learning (30)

Q-learning (20)

Conventional (50)

Conventional (30)

Conventional (20)

G
o
ld

0 10 20 30 40 50 60 70 80 90 100 110 120 130 140
Number of buffer starvation events

LB - Move Bronze (50)

LB - Move Bronze (30)

LB - Move Bronze (20)

LB - Move Gold (50)

LB - Move Gold (30)

LB - Move Gold (20)

Q-learning (50)

Q-learning (30)

Q-learning (20)

Conventional (50)

Conventional (30)

Conventional (20)

S
ilv

e
r

0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80
Number of buffer starvation events

LB - Move Bronze (50)

LB - Move Bronze (30)

LB - Move Bronze (20)

LB - Move Gold (50)

LB - Move Gold (30)

LB - Move Gold (20)

Q-learning (50)

Q-learning (30)

Q-learning (20)

Conventional (50)

Conventional (30)

Conventional (20)

B
ro

n
ze

Fig. 14. Buffer starvations per single user in different user classes. The number in the
parentheses shows the total number of users in the network (IV, published by permission of
Wiley).
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shows the total number of users in the network (IV, published by permission of Wiley).

In addition to the number of starvation events, the starvation duration was considered,
i.e., how long it takes for the playback to continue after a buffer starvation. It was
observed that with all the access selection methods, the starvation duration was increased
due to the delay in the handover process. The increase in the starvation duration was the
largest with the bronze users, while with gold and silver users, the increase was not
dramatic. As the bronze users experienced only a small number of starvation events, a
small number of slightly longer video pauses can be considered acceptable for a best
effort service.

Network related metrics were also measured. The control overhead is not only
caused by the message exchanges related to the access selection mechanisms, but also
by handover signaling, which should be taken into account. Fig. 15 shows the number of
total handovers for each configuration per simulation run. Generally, the number of
handovers increased when the number of users in the network increased. As the number
of users in the network reached 50, Q-learning had the highest number of handovers and
LB – Move Bronze had the lowest number of handovers.

The amount of control overhead that was produced into the network by the client
and network side algorithms was also taken into account, as both algorithms required a
certain amount of monitoring information from the clients and PoAs. The conventional
approach did not require any control information. Based on median values, the network
side LB algorithm produced almost 3 times more control information than Q-learning.
The reason is the centralized nature of the LB algorithm: it requires a substantial amount
of monitoring information from the clients and PoAs in order to make appropriate
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decisions. Client side Q-learning, on the other hand, is a distributed approach in
which the intelligence is placed solely in the clients that request information from the
network only when their service performance degrades. A large amount of monitoring
information can, in the worst case, have a dramatic effect on the network performance.

The results showed that by introducing a cognitive network management framework,
it is possible to improve the QoE of multi-class users with wireless progressive video
streaming service with a network-centric or user-centric wireless access selection
algorithm.

3.3 Quality of experience-aware application level scheduler for
content delivery in mobile operator networks

This section also addresses the second research question, asking what approaches can
mobile network operators use to autonomously provide a good quality of experience for
mobile users without major changes in the network infrastructure. More specifically, the
focus is on autonomous enhancement of video content delivery for wireless users of
different user classes in a controllable and resource-efficient way. Papers V and VI
contribute to this research area.

3.3.1 Introduction

Section 2.3 provided the background information on how video content delivery in
mobile operator networks could be enhanced by the use of mCDNs. As mentioned,
progressive download of video content is typically achieved via HTTP over TCP. How-
ever, in a wireless environment, the standard sending mechanism of the TCP protocol
approach may cause unneeded playout buffer starvations to the clients. Consequently,
application level scheduling, which tries to minimize the buffer starvations and thus
improve the QoE, can be considered.

For enhancing the video content delivery for wireless users of different user classes,
this thesis proposes a QoE-aware application level scheduler based on reinforcement
learning. The basis for the scheduler is the Fair Scheduler for Video Pacing (FS4VP)
application level scheduler introduced earlier by Yousaf et al. [94]. FS4VP is extended
in Papers V and VI with the Q-learning method, and the scheduler is able to react to
dynamic network conditions.
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The FS4VP scheduler is a context-aware application level scheduler, which defines
the pace at which the application sends data to the underlying TCP stack. It relies on a
number of input parameters for the decision making, such as user and device information,
network information, or TCP session information. Based on these parameters, the
scheduler can estimate the playout buffer size of a client and determine the optimal
transmission parameters, which can be either the chunk size of the content or the
transmission rate of the content. In this work, the chunk size of the content sent by
the application to the underlying TCP stack was taken into account. In this way, it is
possible to prevent playout buffer starvations that may happen with the use of TCP in
progressive video streaming, since the TCP congestion control is not aware of the status
of a progressive video download on mobile devices.

The study considered YouTube-like content delivery services as a reference appli-
cation service. These services use HTTP/TCP to progressively deliver video content.
The application flow control technique of YouTube uses a chunk-sending approach
where content is sent at a constant rate in chunks of the size of 64 kilobyte (kB) after the
initial quick start-up phase. This approach results in burstiness, ultimately leading to
congestion, and accounts for over 40% packet loss in residential DSL lines [97].

With the use of Q-learning, the proposed scheduler is able to learn and select suitable
actions with respect to the playout buffer size, and thus manage concurrent video flows.
The main target is to avoid buffer starvation and to ensure that enough video data is
available in the playout buffer in advance to the current playtime to enable smooth
playback under adverse network conditions such as congestion in the backhaul or access
links. The flows of higher class users are given a higher priority, if the transmission
capacity is insufficient.

3.3.2 QoE-Aware Scheduling Algorithm

The Q-learning algorithm is embedded into the FS4VP fair scheduler. The system keeps
track of the playout buffers of the clients and the buffer statuses are aggregated into
three buffer state zones. The number of clients in the different zones are defined by

N(1)
t = #

{
B(i)

t ∈ [0,T12)
}
,

N(2)
t = #

{
B(i)

t ∈ [T12,T23)
}
,

N(3)
t = #

{
B(i)

t ∈ [T23,∞)
}
,
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where B(i)
t is the length of the playout buffer of client i (measured in number of frames),

Ti j is a threshold value between zones i and j, and #{·} denotes the cardinality of the set.
In order to keep the state space reasonably small, the proportions of clients in

different zones are taken into account:

P(i)
t =

N(i)
t

N(1)
t +N(2)

t +N(3)
t

.

These values are further discretized into finite proportion groups 0, 0.00–0.25, 0.25–0.50,
0.50–0.75 and 0.75–1.00. Consequently, in the present setting, the state of the system at
time t is described by

Xt = 0.25
(
d4P(1)

t e,d4P(2)
t e,d4P(3)

t e
)
,

where d·e is the ceiling operator.
The QoE-aware scheduling is provided by controlling the content delivery rate,

i.e., the pace at which the content data is being sent by the application towards the
underlying TCP stack. If this is done optimally, then the bursty and unfair mechanism of
TCP can be avoided. Let us consider the following general actions:

(1) Keep the content delivery rate unchanged
(2) Increase the content delivery rate by pi %
(3) Decrease the content delivery rate by pd %,

where pi is the increase percentage and pd is the decrease percentage. The actions are
applied zone-wise, i.e., the general action is the same for all the clients within a zone.
However, the subscription type of a client can specify how much the content delivery
rate is changed. Three subscription types are considered: gold, silver, and bronze. Gold
users have a high quality subscription profile, whereas the silver and bronze users have
lower subscription profiles. The values of pi and pd are dependent on the used policy.
For example, if a smooth service for gold users is prioritized, the content delivery rate
can be increased for gold users by 50% and decreased by 10%, whereas for bronze users,
it can be increased by 10% and decreased by 50%.

The content delivery rate can be controlled, for example, by changing the parameters
of the transmission rate or the chunk size. Actions At are thus described by

At =

 Action (i) for users in zone 1
Action ( j) for users in zone 2
Action (k) for users in zone 3
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where the actions i, j,k ∈ {1,2,3}.
The Q-learning agent aims to maximize the reward function that takes into account

the user classes and the playout buffer sizes. Providing smooth service for high class
users is prioritized, but in a way that the resources are not “wasted” and lower class users
will experience a good QoE whenever the system use allows it. The reward function is
thus defined as a weighted sum of the client buffer states

Rt = −µ
g
1 P(g,1)

t +µ
g
2 P(g,2)

t +µ
g
3 P(g,3)

t

−µ
s
1P(s,1)

t +µ
s
2P(s,2)

t +µ
s
3P(s,3)

t

−µ
b
1 P(b,1)

t +µ
b
2 P(b,2)

t +µ
b
3 P(b,3)

t ,

where µ
j

i is a coefficient for the users of class j in zone i, P( j,i)
t is the percentage of

users of class j in zone i, g = gold, s = silver, and b = bronze. If µ
g
i >> µs

i >> µb
i ,

then gold users are prioritized, and if µ1 >> µ2 and µ1 >> µ3 having many clients with
small buffers is strongly penalized.

In order to explore the state-action space properly and also enable convergence
towards the optimal policy, the action At given state Xt is chosen by the Boltzmann
exploration strategy described in (1) in section 2.5.

3.3.3 Simulation model and environment

The performance of the Q-learning based scheduler was evaluated by a simulation model
implemented using OMNeT++’s INET framework [120]. The simulation scenario
included a Content Server (CS) that progressively delivered content to ten users
belonging to different user classes. The scenario included a mobile backhaul link that
was considered as the main bottleneck and hence a source of congestion. This link was
an abstract representation of a mobile backhaul network that connected the network
operator’s core network with the base stations. The Q-learning based scheduler was
modeled inside the CS, and it controlled the content chunk size and the rate at which
each TCP application instance sent content chunks to the underlying TCP protocol stack.

Three user classes were considered in the simulation scenario: gold, silver, and
bronze. Gold users were defined on average better channel characteristics than other
users, thus having a higher link bandwidth for them and a lower access bandwidth for
others. Encoding rates suitable to channel conditions were assigned to the users. Thus,
gold users were assigned with comparatively higher encoding rates, which determined
the playback rate.
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The following four types of experiments were performed:

1. Transmission of content data is based on the standard sending mechanism of the TCP
protocol. No application level scheduling is included.

2. Application level based scheduling, in which content data is sent in discrete byte
chunks of a constant size (3 ×Maximum Segment Size (MSS)) towards the underly-
ing TCP stack.

3. The application transmits content in discrete byte chunks towards the underlying
TCP stack in a scheduled manner. However, this time the scheduling is based on
Q-learning. The Q-learning method will take into account the buffer state of each
individual UE and then increase or decrease the size of the chunk for the duration of
the RL agent control time (2.5 s in the present case).

4. Content data is transmitted by an application flow control technique adopted by
YouTube [97, 131]. After an initial quick start-up phase of 10 s, the content is sent at
a constant rate in chunks of size 64 kB.

The size of the playout buffer was used as the context information that is being
communicated by the users to the scheduler. The buffer starvations experienced by each
user class were analyzed. Starvation events result in video stalling and, consequently in
degraded QoE. In addition to the duration of starvation events, the level of degradation
depends on the starvation frequency, i.e., how frequently does a user experience a
playout buffer starvation.

3.3.4 Simulation results

The reported performance values were recorded, calculated, and analyzed over the period
when all the users were actively downloading the video unless otherwise mentioned. In
most cases, when one of the flows is finished and resources are freed, the starvation
events become either extremely rare or disappear fully.

The number of starvation events and the corresponding average starvation inter-
arrival times experienced by each user class for the three types of experiments are
provided in Table 3. Figs. 16, 17, and 18 depict the frequency histograms of the buffer
starvation duration aggregated for the gold, silver, and bronze users, respectively, and
averaged over a series of simulation runs. The histograms provide a better insight into
the users’ QoE in addition to the overall starvation frequency.
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Table 3. Summary of the starvation statistics (VI, published by permission of Springer).

Metric User Profile TCP FS4VP YouTube Q-learning

Number of starvation events
Gold 1,773 798 641 63
Silver 664 256 177 135

Bronze 11 3 0 2,993

Mean starvation inter-arrival time (s)
Gold 4.32 9.29 11.62 114.54
Silver 12.37 31.59 45.72 59.6

Bronze 1,134.37 4,140.99 - 4.25
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Fig. 16. Frequency histogram of buffer starvation events and duration for gold users (VI,
published by permission of Springer).

The results in Table 3 and in Figs. 16–18 show that application level scheduling and
YouTube decrease the number of the starvation events significantly and greatly improve
the system performance when compared with unscheduled delivery using TCP only. A
Q-learning based scheduler results in a slightly higher number of aggregate starvation
events than plain FS4VP or YouTube. However, this is because Q-learning prioritizes
gold and silver users over the bronze users.

The average starvation inter-arrival times depicted in Table 3 shows how often a
buffer starvation occurs. TCP, FS4VP, and YouTube are providing the best service to
the bronze users, as a buffer starvation event occurs infrequently for them. However,
Q-learning is efficiently able to decrease not only the number of buffer starvation events
for the gold users but also the tendency to such an event. The mean frequency for
Q-learning is every 114.54 s, while with TCP, FS4VP, and YouTube, the values are 4.32
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Fig. 17. Frequency histogram of buffer starvation events and duration for silver users (VI,
published by permission of Springer).
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Fig. 18. Frequency histogram of buffer starvation events and duration for bronze users (VI,
published by permission of Springer).

s, 9.29 s, and 11.62 s, respectively. Q-learning is also able to decrease the tendency to
buffer starvations with silver users.

When the content is delivered by TCP without any scheduling policy, the gold users
experience a large majority of the starvation events, as can be seen from Fig. 16. This
results in an extremely poor viewing quality. These starvation events can be reduced by
almost 57% by using static FS4VP based scheduling and by 69% by using YouTube, but
qualitatively, the number of starvation events is still high considering the high service
expectations from the gold users. By using Q-learning, the number of starvation events
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(up to 0.5 s duration) can be dramatically brought down by up to 92% when compared
with static FS4VP scheduling, by almost 88% when compared with YouTube, and by
almost 96% when compared with no scheduling at all, while completely eliminating
starvation events greater than 1.5 s. This is because with Q-learning, the scheduler is
able to pre-empt the playout buffers of the gold users from getting starved by selecting
the correct control actions whenever it detects the gold users’ buffer states within zone 1.
The gold users’ viewing quality is thus greatly improved. Consequently, with Q-learning,
a large reduction in the overall number of buffer starvation events and the average
starvation frequency can be achieved (see Table 3).

From Fig. 17 it can be seen that for silver users, Q-learning will result in a large
reduction of starvation events by up to 79% when compared with unscheduled delivery
of contents in the starvation duration range of 0.5 s.

Fig. 18 shows that the bronze users get ideal service experience without any Q-
learning based scheduling. This is because of the low codec profile of the bronze users
while silver and gold users are downloading streams with a higher bit rate. However,
when using the Q-learning method, the bronze users will experience multiple starvation
events of longer duration (greater than 1 s). This is because the Q-learning method will
manage between the flows to ensure the division of bandwidth resources to satisfy the
service expectations of the gold users first, followed by silver users, and then bronze
users.

The study also demonstrated the performance of the different configurations, plain
TCP, FS4VP, YouTube, and Q-learning by showing figures which depict the playout
buffer status fluctuation in relation to the simulation time. Instantaneous results with the
playout buffer status showed that the bronze users will experience starvation events only
during the time the gold users are being served, and afterwards they will experience
uninterrupted viewing.

Figs. 19, 20, and 21 show the consistency and variability of the Q-learning method
for the three user classes of gold, silver, and bronze, respectively, and in comparison
with static scheduling (i.e., FS4VP), TCP-only based content delivery, and YouTube
based content delivery.

Fig. 19 shows that the median value of the number of buffer starvations for Q-
learning gold users is small, and an overall improvement of about 96% over FS4VP
and 95% over YouTube is achieved. Furthermore, a 89% reduction over FS4VP and
82% over YouTube is recorded with the maximum buffer starvation value. The buffer
starvations for gold users in the four quartiles are closely located around the median, in
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Fig. 19. Comparing buffer starvation and its variation for gold users (VI, published by per-
mission of Springer).

TCP FS4VP YouTube Q-learning
0

50

100

150

200

N
um

be
r 

of
 s

ta
rv

at
io

n 
ev

en
ts

Fig. 20. Comparing buffer starvation and its variation for silver users (VI, published by per-
mission of Springer).

contrast to FS4VP or YouTube, which indicates there is less variability in performance
and hence a much tighter control and management of play buffers of gold users by the
Q-learning method when compared to FS4VP, YouTube, or TCP. This means that the
Q-learning method is able to deliver a consistent service with excellent QoE under
restrictive bandwidth conditions.

Q-learning achieves similar performance behavior for silver users in Fig. 20. The
median value is small, and the buffer starvations for the silver users are also closely and
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Fig. 21. Comparing buffer starvation and its variation for bronze users (VI, published by
permission of Springer).

evenly distributed around the median. This shows that the delivery is tightly controlled
and a consistent QoE is provided for silver users. In addition, the maximum value of
buffer starvation is decreased by 55% over FS4VP, 59% over YouTube, and 79% over
TCP. TCP based content delivery achieves unacceptable service quality for both gold
and silver users.

Fig. 21 illustrates the number of buffer starvation events for bronze users. It is
clear that TCP, FS4VP, and YouTube cause very little or no buffer starvations even
though the bronze users have a low subscription profile. The bronze users experience a
larger number of buffer starvation events with Q-learning since not enough capacity is
available to satisfy all user classes.
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4 Discussion and future work

Chapter 3 presented an overview of the research results obtained in the original
publications, which are included in this thesis. The two research questions of the thesis
mentioned in section 1.2 were the following:

– RQ1: What approaches can data center operators use to autonomously reduce energy
consumption or CO2 emissions without any changes in hardware?

– RQ2: What approaches can mobile network operators use to autonomously provide a
good quality of experience for mobile users without major changes in the network
infrastructure?

Regarding RQ1, this thesis focused on single-site HPC data centers and a federation
of HPC data centers. RQ2 was approached in this thesis from two different perspectives:
wireless access selection in heterogeneous wireless networks and enhancing video
content delivery in mobile operator networks.

4.1 Energy-aware HPC data centers

For single-site HPC data centers, as an answer to RQ1, an energy-aware job scheduling
algorithm was proposed. The algorithm was able to autonomously reduce the energy
consumption of a single-site HPC data center by 6–16% in simulation experiments
and 6.3% in a testbed environment. The energy saving features were embedded into
three commonly used job scheduling algorithms, and the job turnaround time was not
largely increased. The approach is thus able to satisfy user SLAs, and can be embedded
into existing job schedulers and resource management systems without any changes in
hardware. The energy saving of the solution naturally depends on the system workload.
When the system has to work at full capacity, the energy saving potential is reduced. In
addition, the energy savings depend on the available system power states.

As an answer to RQ1, for a federation of HPC data centers, two cluster selection
algorithms were proposed to reduce energy consumption and CO2 emissions without
any changes in hardware. The focus was to optimize the scheduling process in the grid
software and especially on the UNICORE middleware. This approach also required no
changes in hardware and was able to autonomously reduce the energy consumption
and CO2 emissions in a federation of HPC data centers. In the simulation experiments,
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energy savings of 22–35% were achieved when comparing standard RR against energy-
aware RR. Additional savings of 3% were achieved by using both energy-aware job
scheduling and the FP or ECA algorithm in the cluster selection. The highest reduction
in CO2 emissions was achieved with the combination of energy-aware job scheduling
and the ECA algorithm, with which the reduction was 37–45% compared to RR
cluster scheduling. In the testbed experiments, an energy saving of 58% was achieved
with the FP algorithm and 67% with the ECA algorithm when comparing only the
cluster selection algorithms. The proposed approach, however, relies highly on the
characteristics of data centers, PUE and CUE values, workload demand, and users’
SLAs, i.e., latest job finishing time.

The present work only considered the power consumption of servers and routers
inside a data center. Future work on this topic could include energy-aware scheduling
that also considers the air conditioning power, since the power used for cooling may be
different during days and at night-time. In addition, it was assumed that the PUE and
CUE of the data center were constant. However, the PUE and CUE are not static in the
long run and they can change over time depending on the outside temperature or the
available energy sources. Future work could thus involve investigating the impact of
dynamic PUE and CUE on the energy consumption and CO2 emissions and how the
solution proposed here is able to manage it. A multiobjective optimization approach
regarding data center operations is also an interesting area of future work, in which the
focus would be on energy consumption, QoS, or temperature. It must also be noted that
lowering the PUE of a data center can bring large reductions in energy consumption and
CO2 emissions. The energy sources that are used to power data centers have also a
significant impact on the CO2 emissions.

4.2 Wireless access network selection

From the perspective of wireless access selection in heterogeneous wireless networks,
RQ2 was addressed by introducing a user-centric cognitive wireless access selection
algorithm. The algorithm was able to find the optimal PoA autonomously without
direct user intervention within all available technologies and networks for each client
simultaneously, while also providing a good QoE. Handovers were also not triggered
too frequently. The results of the algorithm are nonetheless largely dependent on the
percentage of users in the network that are optimizing which PoA to use. The higher the
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number of users competing over the network resources, the fewer extra resources are
available per intelligent client.

In addition, the wireless access selection scheme was investigated from a system
perspective in which users of different subscription classes were using progressive video
streaming. An evaluation was also carried out of a cognitive network management
framework that used network-centric and user-centric wireless access selection schemes.
The cognitive network management framework presented and its evaluation provides
thus an answer to RQ2. The QoE of multi-class users was improved by the use of
either a network-centric or user-centric wireless access selection scheme autonomously
without major changes in the network infrastructure.

The main advantage of the network-centric scheme is that it is able to provide a
global view of the network and make more informed decisions. However, a substantial
amount of monitoring information from the network is needed in order for it to function
properly. Network operators are also typically able to access only their own domain,
which makes implementing a single central entity a difficult task in a real-world scenario.
The network side mechanisms could be extended by providing a distributed, or even
a PoA based, algorithm, making it suitable for larger networks. It would require
negotiation mechanisms between neighboring entities to decide which PoAs can be used
as targets to relieve the congestion.

The distributed user-centric schemes are able to react faster and result to a smaller
network overhead. The algorithms must be, however, designed so that the increased
selfish competition of the network resources do not cause instabilities or performance
degradation. One possible extension could be operator policies that support user class
differentiation. The bronze users could be forced to move to another PoA even though it
would not be beneficial for their own performance. For example, handover from an LTE
Evolved Node B (eNodeB) to WLAN access point could be such a case. The Q-learning
approach could also be extended by a multi-agent scenario, in which game theoretical
approaches, information sharing, and cooperation between agents could be considered.

A combination of both network and client based solutions seems to be the most
promising solution. The decisions by the network side mechanism could be prioritized
over the user based decisions. The network side mechanism would function in larger
time scales and solve more permanent and serious resource problems, while the client
side mechanisms would be able to react fast without causing too much overhead but
miss a global view of the network.
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The solutions presented in this thesis for wireless access selection would require
the introduction of a designated information server to the network. This entity would
gather needed information, such as the PoA load and the number of users, from the
network and distribute it to requesting entities. The centralized LB mechanism could be
implemented in this information server.

4.3 Video content delivery in mobile operator networks

RQ2 was also addressed from the point of view of enhancing the mobile video content
delivery. A QoE-aware application level scheduler based on reinforcement learning
was introduced. The scheduler was able to autonomously provide a good QoE to
mobile users without scaling of network resources or major changes in the network
infrastructure. Specifically, the focus was on delivering mobile video content to wireless
users of different user classes. However, if there is not sufficient bandwidth available for
some user class, the proposed scheduler cannot help in providing a good QoE. In this
case, dynamic codec selection could be applied whenever the scheduler is not able to
provide smooth playback to all users. This kind of a mechanism could be implemented
either in the content server or clients. Whenever the scheduler cannot provide smooth
playback to a user, a degraded QoE or QoS would be noticed and the dynamic codec
selection should switch to a lower codec rate stream. The codec rate would be increased
if there are extra resources available.

In addition, mobile video content delivery and wireless access selection scenarios
are highly dynamic environments in which the state of the system may change rapidly,
and the challenge is for the Q-learning algorithm to select the appropriate actions that
maximize the reward function. In a dynamic environment, different actions may cause
different outcome in the system. Therefore, it is difficult to define how much emphasis
is put on future rewards, how to define the speed of the learning, and how much to rely
on historic information.

Achieving a fully autonomous communication system is a difficult task. All
the algorithms introduced in this thesis would require some form of initial manual
configuration before they are able to function autonomously in a new environment.
Consequently, algorithm development should aim for a design that requires minimal
initial configuration. Another challenge of autonomous communication systems is the
speed of the learning process. The more complicated the decision, the more time it takes
to select an appropriate action.
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Autonomy will be essential in the future, as communication systems are growing to
be complex and hard to manage and operate manually. The development of autonomous
algorithms can be seen as part of the development of networks into any general operating
system. This means, there is software on top of generic hardware that executes different
network functions such as load balancing, traffic monitoring, QoS, etc.

Finally, it must be understood that none of the presented approaches will solve the
problems in the case of overload. If a data center or a federation of data centers is
heavily loaded, other options, such as reducing the energy consumption when running
a job in the data center should be considered. In addition, if the wireless network is
completely congested, alternatives such as changing the video encoding rate, dropping
service for bronze users, etc. should be considered. Multiple-criteria decision-making
and multi-object optimization are also interesting ideas for future work in the area of all
of the three interrelated topics considered in this thesis.
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5 Conclusion

Mobile data traffic, the number of mobile users, and the energy consumption of data
centers are on the increase. This, as well as the growing complexity and dynamics of
communication systems, will be an important challenge to network operators, service
providers, and data center operators.

Data centers are becoming more linked to the mobile network, as concepts such
as telco cloud and HPC in the cloud are introduced. The energy consumption of data
centers has nevertheless increased in recent years, and data center operators are looking
for methods to cut down the energy consumption in order to save in expenses. In
addition, the environmental impact of data centers should be taken into consideration.
In a mobile network, the growth in mobile data traffic and the number of users may
ultimately degrade the quality of experience and cause congestion, if there is not enough
transmission capacity in the network.

Instead of employing a traditional strategy of scaling up network resources, this
thesis focused on implementing algorithms to enable energy-aware and efficient network
resource management in autonomous communication systems. In the scope of HPC data
centers, an energy-aware job scheduler was introduced for single-site HPC data centers,
and two algorithms for reducing energy consumption and CO2 emissions in a federation
of high-performance computing data centers. Both of these algorithms required no
changes in the hardware.

For wireless access selection in heterogeneous wireless networks, this thesis proposed
a user-centric wireless access selection algorithm based on Q-learning and provided
an evaluation of a cognitive network management framework that used user-centric
and network-centric access selection algorithms. For mobile video content delivery, a
QoE-aware application level scheduler based on Q-learning was proposed.

All the algorithms introduced made autonomous decisions that required no direct
user intervention and used the existing resources as efficiently as possible without
scaling up network resources. The algorithms could serve as part of an autonomous
communication system. However, initial manual configuration is needed before the
algorithms can function autonomously in a new environment.

The standardization of 5G mobile networks has started, and the plan is to have the
standard complete by the end of 2018. The very first installations of 5G are planned
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already in 2018, but it is expected that 5G will gradually start taking over the market in
the 2020s. 5G includes requirements for improved capacity, latency, energy consumption,
user data rates, and coverage [132]. Consequently, intelligent and robust methods are
needed to address the challenges that rise from the traffic demand and the increase of
users, such as network congestion and increased energy consumption. The results of the
research can provide fresh hints and insights to the management and planning of future
networks, such as 5G and beyond.
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