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ABSTRACT

This research addresses the concept of radio resource allocatarcellular communications
systems operating in congested and contested environments wéh emphasis on end-to-end
quality of service (Qo0S). The radio resource allocation is cast undarproportional fairness
formulation which translates to a convex optimization problem. Morever, the resource
allocation scheme considers subscription-based and tra ¢ di erdiation in order to meet
the QoS requirements of the applications running on the user equipmt in the system.
The devised resource allocation scheme is realized through a celiteal and a distributed
architecture and solution algorithms for the aforementioned ardectures is derived and
implemented in the mobile devices and the base stations. The sensitwibf the resource
allocation scheme to the temporal dynamics of the quantity of thesers in the system is
investigated. Furthermore, the sensitivity of the resource allotian scheme to the temporal
dynamics in the application usage percentages is accounted for.dddition, a transmission
overhead of the centralized and distributed architectures for thresource allocation schemes
is performed. Furthermore, the resource allocation scheme is med to account for a
possible additive bandwidth done through spectrum sharing in congfed and contested
environments, in particular spectrally coexistent radar systemslhe radar-spectrum additive
portion is devised in a way to ensure fairness of the allocation, highrmwidth utilization,
and interference avoidance. In order to justify the aforesaid ndocation, the interference
from radar systems into the Long Term Evolution (LTE) as the predminant 4G technology
is studies to conrm the possibility of the spectrum sharing. The preeding interference
analysis contains a detailed simulation of radar systems, propagatipath loss models, and
a third generation partnership project compliant LTE system. Thepropagation models are
Free Space Path Loss (FSPL) and Irregular Terrain Model (ITM)The LTE systems under
consideration are macro cell, outdoor small cells, and indoor smalllse Furthermore, the
resource allocation under channel consideration is formalized sutttat the resources are
allocated under a congested environment and based on the qualifyobannel the users have
in the network as well as the quality of service requirements of theplications running on
the mobile devices.
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Chapter 1

Quality of Service in Communications

Networks

The number of mobile broadband users and the volume of the tra c gnerated by them
increase incessantly every year. Based on a report by the Inftns Research [1] , as depicted
in Figure 1.1, the number of the mobile subscribers grew from15billion in 2010 to 65 billion
by the end of 2014, while the number of the mobile broadband subgxtions escalated from
5489 million in 2010 to 15 billion by late 2014, whereas the quantity of the xed broadband
subscribers do not observe any dramatic growth. The dispropashal augmentative trend
in the mobile broadband subscriptions vs. xed and mobile subscripti® results from the
global adoption of the data hungry mobile broadband smart devicehat are bandwidth
killers and cause grave concerns for Mobile Network Operators (MIS) and infrastructure
vendors. As such, there has been a perpetual demand for moemtwidth allocation to the

mobile broadband services.

However, communications networks have nite resources such #e radio spectrum and
transport backhaul which are expensive and are shared betweeamerous users running

many services. Thus, there has been several initiatives by the govment to share its
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Figure 1.1: Fixed, mobile, and mobile broadband subscribers' growthThe mobile and
mobile broadband subscriber's quantity have observed a dramaticogvth from 2008 to 2014

[1].

bandwidth with the mobile broadband services; this in turn causes sigcant feasibility
issues with regard to the sustenance of the incumbents operatias well as the entrants
performance in the face of the coexistence which have to be incorgted into the operation

of the au courant communications systems.

On the other hand, while many vendors have bluntly suggested cagpy-additive ap-
proaches to cater to the mobile broadband tra ¢ growth, such poposals can be premature.
According to Nokia [10], the annual data volume originating from the wbile broadband users
has undergone a 1@00% increment to 23 Exabyte by the end of 2015. Therefore, eajty
is only one issue, and unique mobility properties such as intermittenbanectivity and loca-
tion shifting, coupled with the the proliferation of smart devices anihexpensive mobile data
tari s, compounded by the emergence and prevalence of the quagle play, added by the
widespread deployment the fourth generation (4G) and the emeaagce of the fth generation
(5G) cellular communications networks, which substitute the conw#ional xed-line con-
nectivity, create numerous challenges in achieving a good end-todenetwork performance,

a satisfactory user experience, and a pro table operator revee. Hence, communications
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systems serving the mobile broadband aught to be far more intelligan handling the tra c

growth.

First, the voluminous mobile broadband tra c incorporates the traditional multi-play
services such as Internet Protocol (IP) Television (IPTV), voic@ver-IP (VoIP), and video
conferencing which have fairly well-known quality of service (QoS) geirements from a
network operation perspective. Hence, such a hybrid mobile brdaahd tra ¢ should be
treated with regard to the QoS requirements of the multi-play seiges which generated the
tra c. Moreover, the evolution of the cellular networks into an all-IP paradigm in 4G and
5G introduces new challenges for the traditionally circuit-switchedesvices such as telephony

which require the operators to guarantee a minimum level of perfoance.

In addition, the escalating uptake of the cloud- and web-based s@es necessitates new
QoS-related requirements for the network performance. In paular, there is a need to
di erentiate the mobile subscribers. In accordance with Zokem [11llgss than 10% of the
mobile broadcast users subscribed to a relatively small number of ntbly minutes generate
the bulk of the tra c due to the nature of the services that they are using. Such highly
temporal usage patterns of the applications generating the mobiteoadband tra ¢ should
also be taken in to account for intelligent cellular networks addresginthe complexities of
the present-day mobile Internet tra c. As a case in point, a volumirous amount of signaling
tra c is generated by the smart phone applications such as socialetworking and instant
messaging since they intermittently connect to the network in the dckground hundreds
to thousands times a day. This situation will be adversely exacerbed by the advent of
mobile gaming applications which not only produce an excessive intetige signaling over
extensive time durations, but also conspicuously add to the volumé the data tra c over
the network. For instance, Zynga servers carry about:82 petabytes of data on a daily
basis [12] and shifting them to smart devices will push the data tra chigher than any

network planners ever conceived.
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An apparent takeaway from the discussions above in the context the mobile Internet
tra c is severe congestion occurrences on the MNO's Radio AcceBetworks (RANs) and
backhaul as the main bottlenecks of an all-IP cellular communicatiorsystem. The RAN
becomes a bottleneck as the radio spectrum is scarce and the s's&#a c transfer to and
from the base stations in the uplink (UL) and downlink (DL) directionsrespectively. This
tra c includes signaling spikes killing the bandwidth as well as the applicaon-generated
tra ¢ which has various QoS requirements and encompasses tempb dynamics based on

the user's focus on the device.

Besides, all the mobile broadband tra ¢ aggregates into the bacldul network, whose con-
gestion is exacerbated by the fact that it subsumes mainly legacytmerks, which adversely
impact the QoS-requirements of the hybrid tra c by introducing excessive delays, jitter, and
packet loss. Such performance parameters should be incorpedainto present-day cellular
system in order to ensure the QoS-requirements within the backilavhich directly impacts
the performance of the applications, generating the mobile Inteeh tra c, and thereby, the
users' quality of experience (QoE) which is their perception of theebular communications
networks end-to-end performance and speaks directly to thekscriber churn and operator

revenue.

And last but not the least, while the aforementioned discussions withegard to over-
provisioning the cellular system through more bandwidth, tra ¢ and subscriber di erential
treatments to meet the QoS requirements in the RAN, and propergatment of the tra c in
the backhaul are essential to elevating the QoE within the cellular oamunications network
ecosystem, there is an equally important pressing need to deviseomiising data-centric
business models to properly address increasing the bandwidth by ximaizing the spectrum

incumbents' revenue and ensuring the fairness to the entrants.

To recap, while extending the capacity of the mobile broadband seces is a must in

view of the ever-increasing smart device-generated tra c, the MOs should optimize their
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network e ciency via QoS treatments which improves the QoE in the etwork and maximizes
the utilization of the resources. Introducing e cient and dynamic ta ¢ management and

resource allocation techniques can improve users QoE, which reelsithe subscriber churn,
meanwhile it proves a business case for operators to make an e orieveraging QoS-related
technologies in their networks. The QoS mechanisms, implemented etRAN and the core,
must span from the core network to the RAN in order to preclude emestion occurrences in
any portion of the network, inasmuch as a localized congested sentmight adversely a ect

the overall network performance and degrade the QoE.

The remainder of this chapter is organized as follows. Section 1.1 yides with some
information on current trends for QoS in cellular communications sysms. It looks at QoS
in wired IP and wireless networks and discusses various approactiest have been adopted
for provisioning QoS in these networks. Section 1.2 discusses theptexities associated with
the spectrum as the blood of wireless communications systems whighke it a congested and
contested environment. Section 1.4 presents the problem statemt in the current article.

Finally, section1.6 presents the organization of this entire documten

Next, section 1.1 provides with a high level discussion of the currentethods for provi-

sioning QoS in networks.

1.1 Current Trends in End-to-End QoS in Cellular Net-

works

In this section, we attempt to conduct a literature survey on the arrent research in the
scope of the QoS in cellular communications networks. In particulawe consider certain

QoS solutions for the all-IP wired as well as for the wireless networks
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1.1.1 QoS in Wired IP Networks

The ways to provide with QoS in the IP networks is through Integragd Services (IntServ)
[13] and Di erentiated Services (Di Serv) [14]. These methods bestv QoS mechanisms as
scheduling, routing, and shaping on the routers, as depicted in Figu IntServ provides with
end-to-end QoS guarantees through reserving resources pew in the nodes along the path
by means of Resource Reservation Protocol (RSVP) protocol [15The RSVP identi es a
session using the destination IP address, port number, and theatrsport layer protocol for
IP version 4 (IPv4) or the destination IP address and ow label fotP version 6 (IPv6). Since
reservation needs a policing process, a QoS broker communicates policy decisions to the
routers which may enforce the policies. The RSVP protocol conssbf a path message,
originating from source, and a reservation message, originatingifin the destination. The
main advantage of this method is provisioning excellent guarantedsowever, it has severe

scalability issues specially with regard to maintaining per- ow operatias in the routers.

In contrast, Di Serv is relatively scalable QoS method, but it can notprovide any QoS
guarantees. Di Serv relies on the idea of classifying packets usiniget di erentiated code
point (DSCP) eld of IP header [16] which de nes the three priority dasses Best E ort (BE),
Assured Forwarding (AF), and Expedited Forwarding (EF). BE praoides no guarantees what
so ever and its DSCP is 000000, while AF subdivides into four indepentlelasses each with
three drop precedence values for the queue. EF whose DSCP is11@l provides a very
small drop probability, latency, and jitter such that it can be consi@red a virtual leased
line (VLL). EF packets in Di Serv-enabled routers undergo short geues and are quickly
serviced. However, Di Serv networks require access control amanisms in their Access
Routers (ARs) so that only authorized users can inject such highriprity packets into the

network.

Besides QoS-enabled routers, a QoS broker [17] can control tredwork and manage the

resources. For the sake of scalability, this entity can be repeatexhd the network can
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be hierarchical [3-14] so that a broker manages the resources ipaat of the network. For

example, for a satellite network which provides communication seres to the user equipment
(UE), the client can switch between the satellite and terrestrial wiless networks. When
the UEs support a dual access, it is important to select the apprdate network for each
application based on the available resources and the application typ&d such a selection
can be terminal or network initiated. For the multicast and broadcat services, a terminal-
initiated approach seems natural since it would be hard for the nebsk operator to select

the optimum interface per individual for a large number of users.

1.1.2 QoS in Wireless Networks

The challenges that have been introduced by the widespread deptmgnt of the smart
devices in cellular communications systems (chapter 2) have led to @psurge in the research
works which target QoS in the RAN. In addition, Long Term Evolution (TE) [18] has
become the paramount 4G technology widely deployed all over the e Hence, many of
the current studies of RAN QoS are tailored to the LTE infrastructire. Such works usually
focus on a speci c layer of the protocol stack including Physical (#Y), link layer, network,

or application layer.

1.1.2.1 Link Layer QoS

Larmo et. al. [19] focused on the PHY and link layer design of the LTE hey indicated
that deploying the single-carrier frequency division multiple accesSC-OFDMA) [20] in the
UL direction improves (reduces) the peak-to-average power ratPAPR) in the LTE system
which increases the spectral e ciency for the cell-edge users ocineases the cell radius. The
authors also mentioned that leveraging 12 subcarriers and 180 kldaannels in the radio

resource blocks (RRBs) of the LTE generates very narrow frasmeTherefore, users UL data
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transmissions can be scheduled depending on the current changedlity.

Next, Piro et. al. [21] developed a framework for the QoS at the linkel. Their ap-
proach used the discrete control theory to create a maximum tbughput scheduler in the
DL direction for the real-time multimedia services in the LTE networks Next, Marchese
et. al. [22] used a link layer QoS method to adapt the bandwidth, whicls going to be
allocated to a bu er, for conveying the heterogeneous tra c. Tle authors in [23] proposed
a tra ¢ segmentation approach to quantify the QoS at a given QoE interms of the spectral
e ciency, cost, and resource over-provisioning. In their work, e core network classi ed
incoming packets based on a deep packet inspection (DPI) and madkthe packet header

using the DSCP. Then, the packets were scheduled using queue Wisig

Next, Ali et. al. [24] proposed a two-level scheduler based on tharge theory. The rst
level distributed RRBs among the classes with di erent QoS requireamts; then, a delay-
based air interface scheduler in the second level ful lled delay regements de ned for the
LTE classes. Then, a cooperative game between various serviceslaws was done and
a Lagrangian formulation was used to nd an associated Pareto dptality [25]. The delay
based scheduler would check each user's packet delays within itspesgive service class
and make scheduling decisions in the DL direction based on the currehannel conditions.
Next, the authors in [26] suggested a mathematical framework $&d on the supply function
bidding in microeconomics theory [27]. Their method enabled users tpportunistically
compromise the e ciently based on their demands such that each esis satis ed with a
lesser QoS whilst users social welfare is maximized. Then, Monghal at [22] introduced
a decoupled time-frequency orthogonal frequency division multipleccess (OFDMA) [28]

packet scheduler for the LTE to control the throughput fairnes amongst the users.
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1.1.2.2 Network Layer QoS

Some of QoS works in the cellular systems rely on the network layerorfexample, Lee [29]
studied QoS-based routing in a multi-hop wireless network with an ey energy e ciency.
He investigated the e ect that various routing methods producedrom an energy e ciency
perspective. Speci cally, he demonstrated his method accompasitrade-o s among the
end-to-end delay, throughput, and energy e ciency and suggesd that the shortest path
routing is a good candidate once the delay, bandwidth, and energyeaconsidered jointly.
Next, Alasti et. al. [30] explained about the QoS provisioning built witin the Worldwide
Interchangeability for Microwave Access (WIMAX) [31] and LTE, aswo then-competing 4G
technologies. They discussed service ows and bearers as QoShaeisms aiming at the
network layer. Similarly, Ekstorm [32] surveyed the QoS provisioninfpr tra ¢ separation
within the 3rd generation partnership project (3GPP) standardiation [9] which ultimately

led to those of the LTE, i.e. the bearers and service ows.

Then, Mota [33] studied the LTE backhaul QoS and showed that thbackhaul creates a
bottleneck. He suggested using QoS Class Identi ers (QCI)-DSCés well as the policing,
scheduling, and shaping of the ows to provide with QoS over the bkicaul. On the other
hand, the authors in [34] investigated the QoS at the network laydrom a policy manage-
ment perspective which emphasized on the tra ¢ and subscriber derentiation. Moreover,
they looked at the operator revenue by creating business modeds the QoS and suggested a
gradual adoption of the policy management approach, which initiallyancentrated on reduc-
ing the congestion and ultimately on applying the policies per subscriband even per data
ow. Next, Li [35] investigated the QoS, tra c management, and resource management in
Universal Mobile Terrestrial System (UMTS) [9] and suggested a dibuted infrastructure
in the user equipment and base stations (BSs) to provide with endnd QoS in UMTS
networks. He suggested using tra ¢ shaping in the UEs to delay théra c if necessary.

He also applied tra ¢ shaping at the BSs to deal with congested cellsThen, Gorbil et.



Chapter 1. Quality of Service in Communications Networks 10

al. [36] proposed a network layer QoS solution to supporting real-tamtra ¢ in multi-hop
wireless networks. They used a hybrid routing protocol to enabled3 tra ¢ support for
real-time tra c via an intelligent path selection at source nodes and hsed on the required

QoS parameters. They dynamically adapted the paths as the netotopology changed.

1.1.2.3 Application Layer QoS

Some other research works concentrated on declaring the Qo8uieements through ma-
chine understandable languages. For instance, Tournier et. al. [3uggested a component-
based QoS architecture using fractional components and considg main QoS concepts.
Also, Ahmed et. al. [38] proposed a semantic end-to-end QoS moftel smart phones using
the ontologies. This model addressed basic QoS properties reldi@the service environment,
application services, and user level and leveraged a Web Service ippdodel (WSQM) -
an XML-based standardization of expressing the QoS between\gees and customers - to
declare the QoS taxonomy. In essence, their model addressedm®ements acting in the
service environment (infrastructure, services, and users) attteir dynamic nature along with
the possibility of incorporating a domain-speci ¢ QoS into the modeling They developed
ontologies which could formulate robust QoS descriptions that conmted the rich semantics

of the QoS ontology with the accuracy of the QoS languages.

1.1.2.4 Hardware QoS

Some other works concentrated on hardware issues, in particuldre battery life, and
their impact on QoS. Jung et. al. [39] worked on reducing the energpnsumption of the
devices and on increasing the successful interactions betweee $mart phones and the
application servers via creating a surrogate of the client in the cloud heir approach relied
on a thick client in the cloud to enhance the inquiry throughput to eleate the QoS for

real-time applications. In their work, a thin client on the cellphone ordrs the thick client
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by means of tokens to take charge of heavy load tasks such as oamications with a bursty
server of a real-time application. Next, the authors in [40] focusexh signaling issues in 3G
and 4G and the abrupt burstiness that can be produced by userdwavsimultaneously update

their phones and how this a ects the battery life.

1.1.2.5 Cross Layer QoS

A system e ciency is required to target a mass market in wireless nebrks, as the QoS
requested by a user does not care about the resource utilizatiamdaQoS becomes a con icting
concept. However, QoS can be addressed e ciently through a @®layer design. In this
situation, the cross-layer information will be exchanged from theigher layers to the lower
ones within the wireless technology protocol stack or vice versa.hilé in the Open Systems
Interconnection (OSI) model [41], nonadjacent layers can only monunicate through the
intermediate levels, a cross-layer approach can help exchange thi@rmation between the
layers which are not adjacent to each other. Some cross-layemoposals suggest a global
coordinator [42,43] while others recommend a Medium Access Cant(MAC)-centric cross-
layer air interface, illustrated in Figure 1.2. The global coordinator gthers the information
from the miscellaneous layers and places them in a shared memory. lialocoordinator,
which can be in the application or MAC layer, can also be in application layeor MAC

layer.

In a cross-layer approach, the layers have speci c requirement&s a case in point, for
the PHY, the radio channel should be consistently estimated and ¢hsignal strength and
the bit error rate (BER) estimations should be available to the implem& modulation and
coding and to select suitable formats at the link layer. For the netwk layer, mobility
should be considered so that the link layer would prioritize the usersidng handover phases.
Moreover, mapping IP QoS features to the link layer radio resourceanagement (RRM) is

essential. For transport layer, RRM methods should be modi ed toreat the Transport
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Figure 1.2: Cross Layer QoS

Control Protocol (TCP) vs. Universal Datagram Protocol (UDP) [41] and broadcast vs.
multicast tra ¢ appropriately. Application layer must consider tra ¢ types and monitoring

actions performed jointly with the link layer functions to provision with prioritization.

It is noteworthy that this method is protocol-dependent and if we sed an Asynchronous
Transfer Mode (ATM) network [41], the cross-layer QoS requiremés would be di erent.
For the MAC sublayer, the most important thing is the bandwidth allo@ation which can
be a constraint, for example for satellite links in the UL direction sha&ad among the users.
Another example for the MAC sublayer is in the context of the ATM navorks which need a
lookup table including Virtual Path Indicator (VPI) and Virtual Circu it Indicator (VCI) to
support the QoS for various ATM service categories. The authoms [44] modi ed the ATM
protocol stack to realize the cross-layer QoS concept. At the m@rk layer, Call Admission
Control (CAC) [45] is of high consequence. The CAC algorithms perin a procedure during
the call setup if a new connection can be accepted without violatingisting commitments.

The CAC methods should be mapped properly into the link layer RRM ptocols.

It should be mentioned that most research works so far conceate only on very specic
aspects of the QoS such as the streaming video or on how to pearidhe CAC fairly. However,

an end-to-end QoS investigation has not been addressed for laspale MNO networks. It
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would be interesting to develop an an end-to-end QoS architectusehich could consider
the QoS for large scale networks spanning from the RAN and the eonetwork. Such a
distributed QoS architecture requires a tra ¢ conditioning at the core network and the RAN.
Furthermore, a devised QoS architecture should be dynamic endutp be responsive to the
quickly uctuating channel conditions. Albeit research works hasansistently indicated the
high potential of the backhaul for congestion, controlling the Qo8ver the backhaul for the

UL/DL tra c has not been considered yet.

The QoS-related mechanism that we deploy in the network ultimately eshls with tra c
or bandwidth to carry the tra c. The bandwidth would be allocated t o handling the tra c
and is taken from the spectrum assigned for mobile broadband. laction 1.2, we talk about

the spectrum and how it is congested by its users.

1.2 Spectrum as a Congested and Contested Environ-

ment

Mobile broadband networks will face a tremendous increase in dateatc volumes over
the next 20 years. In order to meet this need, large amounts ofesgrum will be a key
prerequisite for any RAN evolution. To satisfy this demand, MNOs wilheed new spectrum
allocations [10]. However, the created demand for more bandwidtérfexceeds the available
commercial spectrum and has spurred the Federal Communicat®i@ommission (FCC) to
consider spectrum sharing, which is an elegant solution to utilizing steable spectrum bands

e ciently.

In spite its attractiveness, spectrum sharing is challenging as inch@nt systems need
to be shielded from harmful interference from the entrant systes and vice versa. As a

case in point, in response to the Presidents Council of Advisers oniéhce and Technology
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(PCAST)s report [46] on realizing the full potential of the governrant-held spectrum, Federal
Communications Commissions (FCC) issued a Notice of Proposed Rubing (NPRM) [47]
that suggested designating 115 MHz of bandwidth in the 1675 - 17110755 - 1780, 3550 -
3650 @kathe 3.5 GHz band), 4200-4220, and 4380 - 4400 MHz bands for mobileadband.
Soon after the release of the NPRM, the National Telecommunicatie and Information
Administration (NTIA) conducted a Fast Track Evaluation [2] to study the interference
between the band incumbents and WIMAX as the paramount mobile bealband system at

the time.

For the case of the 3.5 GHz band, containing the largest segmenOQLMHz) from the
released 115 MHz spectrum, the Fast Track Evaluation identied $and radars [8] and
satellite systems as the band incumbents and suggested establighéxclusion zones reaching
577 km inland as depicted in Figure 1.3. The results indicated that no 3GHz cellular
communications system should be deployed in the exclusion zones Whstbsumed large
metropolitan cities in the coasts of the the United States (US). Onhie other hand, over 55%
of the US population lives within 50 miles from the shoreline [48], and theabhility to cater
for this huge market which includes metropolises like New York City andos Angeles ensues
severe nancial caveats for the MNOs. Thus, any e orts to judiously decrease the exclusion
zones is of great interest for the MNOs, a desirable step towardatizing 3.5 GHz radar and
mobile broadband network coexistence, and an inspiration for thepeactrum sharing in the
other bands. However, the aforementioned exclusion zones wdeyeloped from the link
budget analysis of radars and WIMAX systems, whereas only a prexisimulation of the
nuances of radar and WiMAX systems, as opposed to the simplistic lirdudget analyses,

can lead to relevant exclusion zones.

Henceforth, mobile broadband spectrum as the blood of the wireleesommunications sys-
tem will be a congested environment constricted by the notion of sptrum sharing, i.e.

by the band incumbent from the perspective of the band entrantrad vice versa. On the
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Figure 1.3: NTIA set radar-comm. exclusion zones reaching inland #olarge extent. Such
separations preclude the viability of the 3.5 GHz band for mobile broddnd and excludes
catering communications services to more than 40% of the U.S. pdgution [2].

other hand, mobile broadband spectrum is becomes a contestedissnment in the realm of
modern-day communications networks inasmuch as an empty banghoviding resources to
either an incumbent or entrant system, can be contested for whdoth the incumbent and

entrant operate in the vicinity of one another.

1.3 Modern-Day Networks Quality of Service Chal-

lenges

Because of the fact that the incessant demand for more data in o@rn-day mobile broad-
band networks grows far beyond the spectrum licensed for conmtial wireless communica-
tions, there is an urgency to augment the spectral resourcessagated for mobile broadband.

While assigning more spectrum to mobile broadband services is highlysatable, the cur-



Chapter 1. Quality of Service in Communications Networks 16

rent noncommercial under-utilization of the spectrum arises a nelorizon which reuses the
spectrum to cater to the mobile broadband devour for bandwidthThis fascinating notion of
spectrum re-utilization is further strengthened by the perpetulabandwidth solicitation from

the future mobile broadband networks out tted with interactive heavy gaming and multime-
dia applications which can push the data demands exceedingly beyaomkat network planners
can ever envisage. Realization of this idea has been proposed bycspen-governing agen-
cies like FCC through various measures such as spectrum sharingl apectrum auctioning

which aim at provisioning more resources for mobile communications.

On the other hand, while assigning more spectral pieces and reusingder-utilized spec-
trum for mobile broadband services can alleviate the hunger of pesg-day communications
networks for data to some extent, the evolution of networks' samt devices towards more
complexity by letting them host a wide variety of applications to enhace a large gamut of
daily tasks further diversi es the tra c types that run on the net work. Such tra c diversity
is tightly bound to the applications performance and the users peption of the network
operation, and it can lead to very stringent requirements for ther& c in order to meet the

QoS.

In light of the aforesaid tra c diversity and QoS constraints, evenover-generously adding
to the mobile broadband networks' bandwidth via spectrum auctiom and sharing does not
eliminate a need for developing sophisticated radio resource allocatientities as integral
parts of intelligent cellular communications systems. Having a compleadio resource allo-
cation scheme handle temporal data demands and QoS requirengenf modern communi-
cations networks inundated with smart devices can ne-grain therpcedure to disseminate
the scarce valuable spectrum e ciently. Such resource allocatiortlsemes should be able to

account for a wide range of QoS-related issues.

First, the devised radio resource allocation methods should be speally e cient in dis-

seminating the available resources so that neither the resource® anderutilized nor they
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are wasted. The spectral e ciency necessitates that every smhgortion of the available
spectrum is utilized such that all the UEs in the RAN receive their requed resources based
on their tra ¢c demands. On the other hand, excessive resourceshould not be assigned to

the UEs which could get by much less bandwidth to meet their data volne demands.

On the other hand, modern mobile broadband networks are repleteith smart devices
which can concurrently run many applications to enhance daily task§ he applications range
a wide variety of categories and aim at ful lling a large gamut of dutiesém nancial services
to educational sessions to administrative works to entertainmergrograms. Therefore, the
applications generate various tra c types with miscellaneous QoS gelirements which should
be met in order for the applications to perform properly. For instace, the tolerance of
the applications to the delays in the network should be considered. h&refore, a resource
allocation scheme which is to be deployed in modern cellular communicatsonetworks should
account for the type of the running applications which generate aybrid tra c with stringent

QoS requirements, whose ful lilment elevates the QoE in the netwark

Furthermore, the dynamic nature of the present-day cellular comunications systems
should be taken into the equation in the design of the radio resouraedlocation methods. As
an illustration, UEs can be highly mobile and move from one area of theARl to another
and such a dynamism should be incorporated into the radio resourabocation approaches

for the au courant cellular networks.

Another dynamism prevalent in modern cellular communications systes inundated with
the smart devices is the temporal changes in that occur in the usagercentage of several
applications running on a smart device. An intelligent resource allodah scheme which
distributes the resources to the smart devices, which run their gpications with temporal
usage changes, should account for such dynamics in the networloider to e ciently allocate

resources in such a time varying system.

Moreover, users should be di erentiated in present-day cellular oonunications systems.
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As highly prioritized users operate in the same cellular communicatiosystem as the public
users, there should be mechanisms to treat the users in a di er@altmanner. Such high pri-
ority users included public safety responders and national secyfgmergency preparedness
subscribers whose tra ¢ should be handled with the highest possibleriority. In addition,
users can have a variety of subscriptions with the MNOs, e.g. pradavs. post-paid sub-
scribers. Besides, subscriptions to third party services can cteaa heavy burden on the
network (for example a smart device subscribed to the Netix). Sth subscription-related
concerns should be included in the novel radio resource allocationpapaches in order to

ensure fairness in the network and create revenue for the opters.

While such sophisticated spectrum allocation schemes might be dedwhrough a precise
mathematical modeling of all the aforementioned issues, the dewdseesource allocation
methods should be tailored to the bandwidth assignment units depleg in present-day
cellular systems, i.e. 4G and 5G. Such cellular technologies rely on a dhse assignment of
the spectrum to the UEs, and purely theoretical radio resourcdlacation techniques may

lack the capacity to be applicable to such cellular communications teacblogies.

Additionally, any radio resource allocation scheme should be comptitmally e cient.
Considering the current volume and the outgrowth of the mobile larnet trac as well
as gigantic amounts of signaling tra ¢ generated by the mobile brodsand devices, radio
resource allocation schemes should be able to assign the resouvaéls a reasonable or
possibly minimum amount of transmission overhead. Also, how the tgraral dynamism of
present-day networks from the perspective of the changes irwhd by the varying number
of users in the system and varying application usage percentage retsmart devices would
a ect the radio resource allocation performance and signaling is imgant. An excessive
signaling can be a limiting factor in realizing a resource allocation techniq regardless of

the amount of nuances included in its structure.

Another issue to consider for the radio resource allocation methgyddevised for present-day



Chapter 1. Quality of Service in Communications Networks 19

cellular systems and aimed at provisioning QoS in the network, is accoradating bandwidth
augmentative novelties such as spectrum sharing. In the light of whwas discussed so far,
portions of the government-held spectrum has been released fwwbile broadband purposes.
Inasmuch as the majority of the currently-released bands are afed with radar systems,
novel resource allocation schemes which account for the speatrsharing with the band
incumbents (for example, radars and satellites) can sustain as arpaf the intelligent future-

minded cellular communications networks in the long run.

Even though the creation of sophisticated yet pragmatic radio resrce allocation schemes,
which consider the tra ¢ type and dynamic, user subscription, andspectrum sharing, is an
e ective step toward development of intelligent cellular communicatios systems which are
capable of meeting the data volume demands and application QoS regments of the au
courant wireless networks, the generated tra ¢ might pass thragh the core network. Since
the core network can contain legacy networks, the voluminous mitdbroadband data tra c,
treated well in the RAN by an e cient resource management and allcation, can su er
severely in the legacy core network not equipped with sophisticatedsource allocation and
management schemes. It is noteworthy that while LTE has an all IPoce network, the tra c
generated by the smart devices may have to go through legacy wetks and there is no way

to provision an end-to-end QoS over the entire backhaul netwask

On the other hand, the outrageous perpetual increase in the tcavolume generated in mo-
bile broadband networks causes the backhaul to be a problematiotbeneck in present-day
cellular networks. Furthermore, the QoS requirements of the gerated tra ¢ will observe
grim chances of being ful lled over the entire backhaul network; is severely adversely im-
pacts the performance of the applications running on the smart diees and degrades the
QOoE in the cellular network. Such a deterioration of the users' exgence, which appears in

the form of lengthy delays or excessive losses for the tra c, leads the subscriber churn.

In order to provision for the delays that the tra ¢ might incur in the backhaul, it would be
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helpful to create prototypes that would model the procrastinaon that the backhaul network,
containing legacy portions, can impose on the data tra ¢ originatedrom or intended for
the mobile broadband devices. Such a delay-based modeling providesinsight into how

the QoS performance of the tra ¢ generated in present-day natorks may be undermined.

Ultimately, adding further spectrum to the bandwidth available for nobile broadband
services should be pragmatically facilitated for the involved partiese. the band incumbents
and potential entrants. Spectrum is a scarce expensive resaainwhich can be an object of
high remuneration for the incumbents willing to share it with the entrats. Due to the fact
the communications ecosystem alters spatially and temporally at adtapace, such changes
should be accommodated to allow for an e cient utilization of the specum. As a case in
point, a radar system which operates in the 3.5 GHz band might be gly closeby an
in-band cellular communications system in short time periods. Duringleer times when the
radar is not in the vicinity of the cellular system, the spectrum can bdetter utilized by
being released to mobile broadband services. Such a better utilizatiof the bandwidth can
be achieved by devising auctioning systems to lease the spectrumatoentrant system while
maximizing the monetary revenue for the band incumbent. On the ber hand, such auction
systems should be secure to ensure the fairness of the auctiarstie potential entrants to
the band. In addition, the auction privacy would be a concern for th potential entrants to

preclude virtual price in ation.

1.4 Problem Statement

Because of the fact that the incessant demand for more data in shern-day mobile broad-
band networks grows far beyond the spectrum licensed for conmzial wireless communica-
tions, there is an urgency to augment the spectral resourcessagated for mobile broadband.

While assigning more spectrum to mobile broadband services is highlysttable, the current
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noncommercial under-utilization of the spectrum arises a new hooiz which reuses the spec-
trum to cater to the mobile broadband's devour for bandwidth. Thisfascinating notion of
spectrum re-utilization is further strengthened by the perpetulabandwidth solicitation from
the future mobile broadband networks out tted with interactive heavy gaming and multime-
dia applications which can push the data demands exceedingly beyaomkat network planners
can ever envisage. Realization of this idea has been proposed bycspen-governing agen-
cies like FCC through various measures such as spectrum sharingl apectrum auctioning

which aim at provisioning more resources for mobile communications.

On the other hand, while assigning more spectral pieces and reusingder-utilized spec-
trum for mobile broadband services can alleviate the hunger of pesg-day communications
networks for data to some extent, the evolution of networks' samt devices towards more
complexity by letting them host a wide variety of applications to enhace a large gamut of
daily tasks further diversi es the tra c types that run on the net work. Such tra c diversity
is tightly bound to the applications performance and the users peption of the network
operation, and it can lead to very stringent requirements for ther& c in order to meet the

QoS.

In light of the aforesaid tra c diversity and QoS constraints, evenover-generously adding
to the mobile broadband networks' bandwidth via spectrum auctiom and sharing does not
eliminate a need for developing sophisticated radio resource allocatientities as integral
parts of intelligent cellular communications systems. Having a compleadio resource allo-
cation scheme handle temporal data demands and QoS requirengenf modern communi-
cations networks inundated with smart devices can ne-grain therpcedure to disseminate
the scarce valuable spectrum e ciently. Such resource allocatiortlsemes should be able to

account for a wide range of QoS-related issues.

First, the devised radio resource allocation methods should be speally e cient in dis-

seminating the available resources so that neither the resource® anderutilized nor they



Chapter 1. Quality of Service in Communications Networks 22

are wasted. The spectral e ciency necessitates that every smhgortion of the available
spectrum is utilized such that all the UEs in the RAN receive their requed resources based
on their tra ¢c demands. On the other hand, excessive resourceshould not be assigned to

the UEs which could get by much less bandwidth to meet their data volne demands.

On the other hand, modern mobile broadband networks are repleteith smart devices
which can concurrently run many applications to enhance daily task§ he applications range
a wide variety of categories and aim at ful lling a large gamut of dutiesém nancial services
to educational sessions to administrative works to entertainmergrograms. Therefore, the
applications generate various tra c types with miscellaneous QoS gelirements which should
be met in order for the applications to perform properly. For instace, the tolerance of
the applications to the delays in the network should be considered. h&refore, a resource
allocation scheme which is to be deployed in modern cellular communicatsonetworks should
account for the type of the running applications which generate aybrid tra c with stringent

QoS requirements, whose ful lilment elevates the QoE in the netwark

Furthermore, the dynamic nature of the present-day cellular comunications systems
should be taken into the equation in the design of the radio resouraedlocation methods. As
an illustration, UEs can be highly mobile and move from one area of theARl to another
and such a dynamism should be incorporated into the radio resourabocation approaches

for the au courant cellular networks.

Another dynamism prevalent in modern cellular communications systes inundated with
the smart devices is the temporal changes in that occur in the usagercentage of several
applications running on a smart device. An intelligent resource allodah scheme which
distributes the resources to the smart devices, which run their gpications with temporal
usage changes, should account for such dynamics in the networloider to e ciently allocate

resources in such a time varying system.

Moreover, users should be di erentiated in present-day cellular oonunications systems.
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As highly prioritized users operate in the same cellular communicatiosystem as the public
users, there should be mechanisms to treat the users in a di er@altmanner. Such high pri-
ority users included public safety responders and national secyfgmergency preparedness
subscribers whose tra ¢ should be handled with the highest possibleriority. In addition,
users can have a variety of subscriptions with the MNOs, e.g. pradavs. post-paid sub-
scribers. Besides, subscriptions to third party services can cteaa heavy burden on the
network (for example a smart device subscribed to the Netix). Sth subscription-related
concerns should be included in the novel radio resource allocationpapaches in order to

ensure fairness in the network and create revenue for the opters.

While such sophisticated spectrum allocation schemes might be dedwhrough a precise
mathematical modeling of all the aforementioned issues, the dewdseesource allocation
methods should be tailored to the bandwidth assignment units depleg in present-day
cellular systems, i.e. 4G and 5G. Such cellular technologies rely on a dhse assignment of
the spectrum to the UEs, and purely theoretical radio resourcdlacation techniques may

lack the capacity to be applicable to such cellular communications teacblogies.

Additionally, any radio resource allocation scheme should be comptitmally e cient.
Considering the current volume and the outgrowth of the mobile larnet trac as well
as gigantic amounts of signaling tra ¢ generated by the mobile brodsand devices, radio
resource allocation schemes should be able to assign the resouvaéls a reasonable or
possibly minimum amount of transmission overhead. Also, how the tgraral dynamism of
present-day networks from the perspective of the changes irwhd by the varying number
of users in the system and varying application usage percentage retsmart devices would
a ect the radio resource allocation performance and signaling is imgant. An excessive
signaling can be a limiting factor in realizing a resource allocation techniq regardless of

the amount of nuances included in its structure.

Another issue to consider for the radio resource allocation methgyddevised for present-day
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cellular systems and aimed at provisioning QoS in the network, is accoradating bandwidth
augmentative novelties such as spectrum sharing. In the light of whwas discussed so far,
portions of the government-held spectrum has been released fwwbile broadband purposes.
Inasmuch as the majority of the currently-released bands are afed with radar systems,
novel resource allocation schemes which account for the speatrsharing with the band
incumbents (for example, radars and satellites) can sustain as arpaf the intelligent future-

minded cellular communications networks in the long run.

Even though the creation of sophisticated yet pragmatic radio resrce allocation schemes,
which consider the tra ¢ type and dynamic, user subscription, andspectrum sharing, is an
e ective step toward development of intelligent cellular communicatios systems which are
capable of meeting the data volume demands and application QoS regments of the au
courant wireless networks, the generated tra ¢ might pass thragh the core network. Since
the core network can contain legacy networks, the voluminous mitdbroadband data tra c,
treated well in the RAN by an e cient resource management and allcation, can su er
severely in the legacy core network not equipped with sophisticatedsource allocation and
management schemes. It is noteworthy that while LTE has an all IPoce network, the tra c
generated by the smart devices may have to go through legacy wetks and there is no way

to provision an end-to-end QoS over the entire backhaul netwask

On the other hand, the outrageous perpetual increase in the tcavolume generated in mo-
bile broadband networks causes the backhaul to be a problematiotbeneck in present-day
cellular networks. Furthermore, the QoS requirements of the gerated tra ¢ will observe
grim chances of being ful lled over the entire backhaul network; is severely adversely im-
pacts the performance of the applications running on the smart diees and degrades the
QOoE in the cellular network. Such a deterioration of the users' exgence, which appears in

the form of lengthy delays or excessive losses for the tra c, leads the subscriber churn.

In order to provision for the delays that the tra ¢ might incur in the backhaul, it would be
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helpful to create prototypes that would model the procrastinaon that the backhaul network,
containing legacy portions, can impose on the data tra ¢ originatedrom or intended for
the mobile broadband devices. Such a delay-based modeling providesinsight into how

the QoS performance of the tra ¢ generated in present-day natorks may be undermined.

Ultimately, adding further spectrum to the bandwidth available for nobile broadband
services should be pragmatically facilitated for the involved partiese. the band incumbents
and potential entrants. Spectrum is a scarce expensive resaainwhich can be an object of
high remuneration for the incumbents willing to share it with the entrats. Due to the fact
the communications ecosystem alters spatially and temporally at adtapace, such changes
should be accommodated to allow for an e cient utilization of the specum. As a case in
point, a radar system which operates in the 3.5 GHz band might be gly closeby an
in-band cellular communications system in short time periods. Duringleer times when the
radar is not in the vicinity of the cellular system, the spectrum can bdetter utilized by
being released to mobile broadband services. Such a better utilizatiof the bandwidth can
be achieved by devising auctioning systems to lease the spectrumatoentrant system while
maximizing the monetary revenue for the band incumbent. On the ber hand, such auction
systems should be secure to ensure the fairness of the auctiarstie potential entrants to
the band. In addition, the auction privacy would be a concern for th potential entrants to

preclude virtual price in ation.

1.5 Contributions

The contributions of this research study is as follows. We develop adio resource allo-
cation scheme, based on a proportional fairness formulation anghhnid realtime and delay-
tolerant tra c, for cellular communications systems, and instrument the radio resource al-

location scheme with the capability to di erentiate the users to inclué subscription-based
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prioritization into the resource allocation mechanism. Moreover, wequip the radio resource
allocation method with a capability to di erentiate the applications basd on the QoS mod-
eling of the applications via utility functions as well as with an ability to camsider temporal
changes of application usages for the UEs present in the systemog@limportantly, we prove
that the developed radio resource allocation scheme is convex arasta tractable global
solution; therefore, the rate allocations achieved through our seurce allocation scheme are
optimal. Such proof migrates the problem of hybrid tra ¢ resourceallocation from an NP
- hard problem to one solvable with a polynomial complexity. Besides,enshow that the
developed scheme refrains from dropping any users by allowing fon@nzero allocation in
all times. Furthermore, we construct a centralized architecturéor the radio resource allo-
cation scheme and obtain solution algorithms leading to solution in a silegset of message
exchanges between UEs and their BS, which directly allocates apptioca rates. Not only
we implement the centralized approach on a real-world network, batiso we decompose the
application resource allocation into a simpler distributed architectwe, containing network
and device optimizations, and create solution algorithms to give theptimal rates in a se-
ries if messages exchanged between the applications and their HdBis and between UEs
and their covering the BS. In addition, we prove that mathematicakquivalence of the two
architectures. Additionally, we analyze the transmission overheaaf the devised centralized
and distributed architectures as well as the sensitivity of the metids to temporal dynamics
occurred in the number of UEs or application usages in the systemhd& convergence of the
shadow price for both methodologies are analyzed mathematicallyycavariations of solution
algorithms to provide with all-time convergence is provided. The radicesource allocation
scheme is instrumented with spectrum-additive measures such g&strum sharing consid-
erations. We also expand the devised scheme to account for a disersemi-optimal resource
block allocation as opposed to continuous optimal rates so that thresource allocation pro-
cedure becomes pragmatic. Furthermore, We implement the resoe allocation scheme in a

real-world network and show that applying the algorithms elevateshe QoE in the network.
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Ultimately, to make the resource allocation more realistic, we facton the e ect of the
wireless channel on the resource allocation, so that the resouat®cation method considers
both the application QoS requirements in terms of the bit rate as wells the quality of the

channel.

1.6 Chapters Organization

The rest of this proposal is organized as follows. Chapter 2 discesshe background infor-
mation needed to understand this thesis. Specially, it looks at the imoept of utility functions
and their role in describing QoS of tra c in wireless networks. Chapte3 presents the cen-
tralized architecture for the proposed resource allocation schemand provides with solution
algorithms thereof. Furthermore, it implements the proposed cénalized resource allocation
architecture of chapter 3 on a real-world network and shows thapplying the mechanism
elevates the QoE in the network. Chapter 4 develops a distributed-chitecture for the re-
source allocation scheme and solutions thereof. Furthermore, itquides with a variation of
the distributed architecture to add robustness into the resouecallocation scheme. Chapter
5 provides with a tra ¢ analysis of the proposed centralized and disete architectures for
the resource allocation. It further investigates the sensitivity ofhe proposed architectures
to the dynamics incurred in the UE quantity and application usage. Cépter 6 extends
the proposed resource allocation framework to account for radiesource block allocations
and provides with an e cient mechanism to map theoretical continuas rates to discrete
rates. Chapter 7 investigates the congested nature of the speen introduced by the band
incumbents. It further investigates the interference e ect frm radar systems into LTE to
see whether operation is feasible at all within such a congested/tested environment. It
also extends the proposed resource allocation architecture to alldor allocating resources
from portions of spectrum shared with radar system without caursg much interference into

the radar and vice versa, when a spectrally-coexistent radar is ihe vicinity of the com-
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munications system. Chapter 8 makes the resource allocation masalistic by accounting
for channel conditions and includes the channel quality as a functiof signal-to-noise ratio
into the resource allocation. And, nally, chapter 9 concludes thishesis work and provides
with suggestions for potential future trajectories from the wdk presented in the context of

this thesis. This procedure is also depicted in Figure 1.4.
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Literature Survey
and Background
(Chapters 1-2)

Resource Allocation
Formulation
(Chapters 3 -4)

Cellular Resource

'Ijrgffic and _ Block Allocation
Sensitivity Analysis 1l (Chapter 6)

(Chapter 5)

Spectrum Addition Channel Effect
(Chapters 7) (Chapter 8)

Channel Effect
(Chapter 8)

Figure 1.4: Thesis Organization.



Chapter 2

Utility Functions, Optimization, and

Resource Allocation

The evolving landscape of radio resource allocation in the world of wiees communications
has taken numerous directions relying on miscellaneous methodsiirtinear algebra, machine
learning, queuing theory, and so forth. A major portion of radio rgource allocation research
works which consider QoS have been formulated as distinctive optiration problems in the
realm of linear algebra and leverage utility functions to de ne user gelirements; Henceforth,
a basic understanding of the utility functions and optimization is esstial to understanding
the radio resource allocation mechanisms introduced in this documeiherefore, this chap-
ter presents the background information on application utility and ptimization formulations
for resource allocation. Furthermore, previous research studien radio resource allocation

is presented in section 2.3. In this chapter:

We present the preliminary information on application utility functionsas a QoS mea-

sure.

We present the popular resource allocation formulations in the realof cellular com-

30
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munications systems.

we present the basics about the Frank Kelly Algorithm as an e cient slution to convex

optimization problems.

we provide with a literature survey on topical research papers ohe subject of resource

allocation in mobile broadband systems.

In particular, section 2.1 explains the concept of application utility factions; section
2.2 talks about resource allocation formulations and presents twoopular max-min and
proportional fairness techniques germane to resource allocati@nd, section 2.3 provides a
literature survey about resource allocation in modern cellular netwks. Next, section 2.1

presents the concept of application utility functions central to ouresource allocation study.

2.1 Application Utility Functions

Utility function have been used in a wide variety of research works tmodel some represen-
tative characteristic of the system. For instance, [49,50] levagad utility functions to model
the modulation schemes in a power allocation problem. In order to hamobile broadband
users enjoy utilizing a cellular network, resource allocation to applitans running on the
smart devices operating in the network should consider QoS requirents for the tra ¢ gen-
erated by the applications. The extent to which the QoS requirem&nof tra ¢ generated
by an application are ful lled can be described by the utility function fo that application,
generally referred to as application utility function which maps a fedsle rate allocation to

a utility level which is the QoS ful lilment percentage for the application

There are little evidence about the precise shape for application ut¥itfunctions [51{54],
and we can conjecture about their qualitative properties. The elds tra ¢ generated by

traditional applications such as le transfer protocol (FTP) and smple mail transfer protocol
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Logarithmic Utility Function for Delay-Tolerant traffic
1 T T T T T T T

0.8F B

0.7~ =

o
[&)]
T
|

QoS Satisfaction

N
S
I

0.2F B

0.1

| | | | | | [ L |
0 100 200 300 400 500 600 700 800 900 1000
Throughput

Figure 2.1: Utility function U(x) for delay-tolerant applications vs. rate allocationx.

(SMTP) is characterized by its ability to have its rate adapted in presnce of congestion and
to tolerate delays [55{58]. Applications which generate such an elastra c are referred to
as delay-tolerant applications. On an intuitive level, the QoS ful Imentfor delay tolerant

applications seems to have a decreasing marginal return for an ieasing rate allocation.

The application utility functions for the elastic tra ¢ generated by d elay-tolerant appli-
cations look something like that in Figure 2.1. Here, we can observe anghishing return
in the application utility function as the assigned rate is increased. Tédapplication utility

function is convex everywhere

Some other applications such as telephony and link emulation genegatn inelastic tra c
which requires its data to arrive within a given delay bound even thouit does not care if
the data arrive earlier; On the other hand, the application perform really poorly if the data
arrives later than the delay bound. Such inelastic-tra c-generaing applications, referred to
as real-time applications, are mainly those which expect circuit-swhed services and require
a minimum bandwidth before meeting an acceptable performance. &lapplication utility
function for the inelastic tra c generated by real-time applicationslook something like that

in Figure 2.2. As we can observe from this gure, so long as the delagunds are being met
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Hard Realtime Utility Function for Realtime Traffic
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Figure 2.2: Utility function U(x) for hard real-time applications vs. rate allocationx.

the the performance is almost constant, while as soon as the bandil share drops below

what is needed to meet the required delay bounds, the performanfalls sharply to zero.

While the video and audio applications have been designed with hard tegments, they
can be mostly implemented to be rather tolerant of occasional violans of the delay bounds
and dropped packets. The intrinsic bandwidth requirements for # real-time applications
are because the inelastic tra c data generation rate is independemf the congestion over
the network. Therefore, the performance of the tra c degraés severely as the bandwidth
share for the application generating the tra c becomes less thanhe intrinsic generation

rate for the tra c. Such soft real-time applications can have utility functions like Figure 2.3.

Here, the performance satisfaction is almost constant after ntew the delay bounds while
it drops near zero when the bandwidth share for the application fallselow what is needed to
meet the delay bounds. In contrast with hard real-time applicationshe performance drop
of the delay-adaptive real-time application is not as sharp as the rareal-time application
in Figure 2.2, while the shape is very similar. As we can see, the shapeasvex in the

neighborhood around zero and is concave after the minimum bandwidallocation for the
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Hybrid Sigmoidal and Logarithmic Utility Function
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Figure 2.3: Utility function U(x) for soft real-time applications vs. rate allocatiorx.

application is realized.

From now on, unless explicitly stated, this document refers to an gpcation performance
satisfaction vs. a function of its allocated rates as application utilitfunction and denotes
it U(r) for the allocated rater. Application utility functions have the following properties

[55, 59, 60].

U(0) =0 and U(r) is an increasing functionr .

U(r) is twice di erentiable in r and bounded above.

The rst statement of the former property implies the nonnegativty of the utility func-
tions which is expected since they represent application performansatisfaction percentage,
whereas its second statement reveals that the more assignederahe higher the application
performance satisfaction. On the ip side, the latter property indcates the continuity of the
utility functions. Hybrid tra ¢ consists of elastic and inelastic trac streams sprung from
respectively delay-tolerant and real-time applications whose utilitieare conducively mod-

eled by correspondingly normalized logarithmic and sigmoidal utility fuctions in equations
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(2.1) and (2.2) in that order [61, 62].

1

Here, c = 1;—%“ andd = ﬁ It can be easily veri ed that U(0) = 0 and U(1 ) = 1,
where the former is one of the previously mentioned utility function qperties and the latter
indicates that an in nite resource assignment ensues 100% satidfan. Furthermore, it is
easily derivable that the in ection point of equation (2.1) occurs atr = r"™ = b, where the
superscript "inf" stands for iniction. We can do this by twice di erentiating U(r) with

respect tor and setting the second derivative equation equal to zero, i. ‘; =0! r=h

u(r) = log(1 + kr)

~ log(1 + krmax) (2.2)

Here, r™® js the maximum rate at which the application QoS is satis ed in full (100%
application utility) and k is the utility function increase with augmenting the allocated rate
r. It can be easily checked thatU(0) = 0 and U(r™®) = 1, where the former is again the
basic property of the utility functions and the latter implies that a 10% QoS satisfaction
occurs atr = r™*_ Moreover, the in ection point of normalized logarithmic function is &

r=rin=0.

For the sake of illustration, the application utility functions with the parameters according
to Table 2.1 are considered. Here, the sigmoidal application utility fumion with parameters
a=>5, b=10 approximates a step function at rater =5 and is a good model for VoIP, while
parametersa = 3, b= 15 is an approximation of a real-time application with an in ection
point at rate r = 15 and is conducive to modeling standard de nition video streaming,
whereas parametera = 1, b= 25 is an estimation of another real-time application with the

in ection point r =25 and is appropriate for the high de nition video streaming. Morewer,
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Table 2.1: Applications Utility Function Parameters

Applications Utilities Parameters
UE1 Appl || Sigmoida=5; b=5
UE2 Appl || Sigmoida=4; b=10
UE3 Appl || Sigmoida=3; b=15
UE4 Appl || Sigmoida=2; b=20
UES5 Appl || Sigmoida=1; b=25
UEG6 Appl || Sigmoida=0:5; b=30
UE1 App2 || Logarithmic k =15; r™* =100
UE2 App2 || Logarithmic k =12; r™* =100
UE3 App2 || Logarithmic k =9; r™> =100
UE4 App2 || Logarithmic k =6; r™ =100
UES5 App2 || Logarithmic k =3; r™ =100
UE6 App2 || Logarithmic k =1; r™ =100

the logarithmic application utility functions with r™* = 100 and distinct k; parameters

estimate delay-tolerant FTP applications .

The plots of the application utility functions in Table 2.1 are shown in Figue 2.4. We can
observe that the real-time applications require a minimum rate, i.e. #in ection point, after
which the application QoS is ful lled to a large extent. On the other had, the logarithmic
application utility function is provided with some QoS even at low rates hich is suitable for
the delay-tolerant nature of the applications. Furthermore, as @/can observe from Figure 2.4,
in compliance with the aforementioned mathematical properties fahe application utility
functions, the plotted utility functions are strictly increasing coninuous functions and are

zero valued at zero rates.

Because the sigmoidal utility functions gain a slight QoS satisfactiomty after the allo-

cated rates surpass the in ection points of the utilities whereas thlogarithmic ones obtain
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UEL Appl —e— UEIl App2
UE2 Appl —-o— UE2 App2
UE3 Appl —-o- UE3 App2
UE4 Appl —o- UE4 App2
UES Appl —x— UES App2
UEG Appl UEG App2

100

Figure 2.4: Delay-tolerant and real-time applications have respecély logarithmic and sig-
moidal utility functions U; plotted against the application-assigned rates; .

some QoS ful llment even for a minuscule assigned bandwidth, suchHaeiors make sig-
moidal and logarithmic utility functions suitable for modeling real-time ad delay-tolerant
applications respectively, and the germane mathematical analysagpear in ( [61,63{65]) in

nuance.

Next, section 2.2 explains some points regarding various factorsatha ect resource allo-

cation formulation.

2.2 Resource Allocation and its Formulations

In mathematics literature dealing with utility functions and rate allocaion, a variety of
formulations have been considered for the problem of resource efitton and numerous

solution methods for the formulations have been proposed. Amatgvarious formulations,
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proportional fairness [66{68] and max-min fairness [69{72] haveaeived a drastic attention
as they can lead to optimal solutions [25,73,74]. Furthermore, tlaithor in [75,76] de nes a
solution to be either Pareto optimal, or Pareto ine cient, or infeaside solutions. The latest
indicate that an allocation is not possible based on the available rescas and the demand
from the network. On the other hand, [75] de nes Pareto ine cierty as an assignment of
resources which do not allocate all resources and it de nes Pareatptimality as allocating

all of available resources. In our resource allocation work in chame3 and 4, we will be

using methods that lead to Pareto optimal solutions.

2.2.1 Max-Min Resource Allocation

A feasible allocation of resources achieves max-min fairness if anteatpt toward increas-
ing an assignment to one of the entities lead to decreasing the assimgmt in another entity
which do not possess more resources than the entity for which wern@ase the resources.
Therefore, this method achieves the highest utility with the lowest leels of utility [75,77,78].
Leveraging max-min fairness can shape the trac, say as opposed a First-Come First-
Serve (FCFS) multiplexing, by not letting a heavy ow consisting of lage packages preclude
serving other ows in the network. For the utility function U(r), wherer is the allocated

resource amount, max-min fairness can be formalized as equati@3).

r = argmax, min U(r) (2.3)

Water lling [79{81]can be used to solve the max-min fairness problemsThe authors
in [69] proved that a max-min fairness policy have di culty dealing with bottlenecks in the

network. Next, we look at the proportional fairness policy for resirce allocation.
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2.2.2 Proportional Fairness

A feasible allocation of resources achieves proportional fairness rhaximizes the system's
overall utility while provisioning a minimal service to all system entities imeed of resources.
This is done by assigning each ow a rate inversely proportional to itsesource consumption
[82,83]. For the utility function U;(r;), wherer; is the allocated resource amount to the"

user, proportional fairness can be formalized as equation (2.4).

Y
ry = argmax, Ui(ri) (2.4)

i=1

In accordance with the properties of application utility functions in sction 2.1, U;(r; =
0) = 0 which zeros the entire system utility , i.e.Q iN:l Ui(ri). Hence, no user will be allocated
a zero rate under this policy. Various methods for solving proportn@al fairness models have
been proposed, and the most important of them are the Frank Kellglgorithm [84] and
weighted fair queuing (WFQ) ( [85{87]). Frank Kelly algorithm is an iterdive procedure
lets users bid for resources until the algorithm reaches an optintalte allocation based upon
the utility functions used in the formulation and the shadow price (araunt of consumed
resources per data bit) [84]. On the other hand, proportional faiess can be achieved
by setting the inverse of the shadow price as the weights of the WE@Ve will be using a
proportional fairness formulation for our radio resource allocatiowork presented in chapters
3 and 4. However, we would tailor the formulation to include UE prioritie and application

temporal usage percentages in addition to the application utility fuction constituents which

represent the tra c.
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2.2.3 Frank Kelly Algorithm

Frank Kelly algorithm as a seminal work to obtain proportional fairnes was introduced in
[84]. The authors in [84] also proved that their method causes Paoebptimality of a resource
allocation solution that is obtained for a proportional fairness formation. According to [84],
the procedure starts by users sending their bids; to a resource allocation manager entity
which sets the shadow price as sum of the bids averaged on the entiesource®R available

P
Wi

for the manager, i.e. p = ilw‘. The ratio of the bids to the shadow price,r; = o

derives the rate assignments. | Then, users check whether theerare optimal by solving
litextopt = arg mr(i:lx Ui(ri) pri andifr; & riq, they send new bidsw; = ri.qxp to the
resource allocation entity and the procedure continues until a ceergence occurs, that is the
derivative of the utility function equals the shadow price%jriw o = P ([84], [75]). This
routine is summarized in Algorithm 1.

Algorithm 1 Frank Kelly Algorithm
Send initial bid w;(n = 1) to the resource allocation managing entity.
loop P
Calculate shadow pricep(n) = TW”
Receive shadow pricg(n) from the resource allocation managing entity.

Calculate allocated rater; = ";i((n”)).

Solver; opt = arg max Ui(ri) p(n)r;
if ri & riop then |
Calculate w; = ri. opcp.
Send the bidw;(n) to the resource allocation managing entity.
end if
end loop

We will be using a method based on the Frank Kelly algorithm to solve thproportional
fairness resource allocation formulation that will be developed in cpgers 3 and 4. Next,

section 2.3 presents the previous studies about radio resource dlton.
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2.3 Previous Studies on Resource Allocation

The resource allocation optimization research area has receivedgnscant attention since
the seminal network utility maximization study in [84] which allocated uer rates through
a utility proportional fairness maximization solved by the Lagrange mitipliers [88]. Soon
after, an iterative algorithm relying on the duality of the aforemenioned resource alloca-
tion problem was proposed [89{91]. Whilst the tra c in these early resarch works had
an elastic nature common for wired communication systems and apgimated by concave
utility functions, the advent and prevalence of high-speed wirelesgtworks have entailed an
increased utilization of real-time applications whose utility functions igpw non-concave [55].
For instance, the utility of a VoIP can be represented as a step fation whose utility is
zero before a certain threshold rate and achieves 100% for ratesyer than the threshold.
Another example is a video streaming application whose utility can be pmpximated as a
sigmoidal function convex (concave) for rates below (above) its @ttion point. As such,
the methods presented in ( [84,89]) incur the proceeding drawback(a) Reaching optimal
solutions for solely concave utility functions, they are inapplicable tthe drastically esca-
lating inelastic tra c volume of au courant networks; (b) Neither priority do they render to
real-time applications with stringent QoS requirements, nor they serve any attention for
the application statuses, nor they look after subscribers' varieinportance pivotal from a

business standpoint.

Later, the authors in ( [61, 92, 93]) presented distributed rate alt@tion algorithms for
multi-class service o erings based on concave and sigmoidal utility rfations representing
applications. Despite closely approximating optimal solution, involveanethods dropped
users to maximize the system utility, so they could not guarantee aimimal QoS. An e ort
by the authors in ( [94{96]) proposed a utility proportional fairnesgesource allocation, for

users of a single-carrier communication network, cast as a conyaoblem with logarithmic
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and sigmoidal utility functions respectively modeling delay-tolerant ad real-time applica-
tions. Although their schemes prioritized the real-time applicationsver the delay-tolerant
ones, they neither contemplated the application status or user dérentiation concepts, nor

regarded the hybrid tra c prevailing in modern networks.

In [75], the author considered a weighted aggregation of logarithmand sigmoidal utilities
approximated to the nearest concave utility function via a minimum man-squared error
measure inside UEs. The approximate utility function solved the ratallocation optimiza-
tion through a variation of the conventional distributed resourcellocation approach in [84]
such that rate assignments essentially estimated optimal ones. W#ver, the rate were only
approximations and no consideration was given to user or applicatigumiorities. This work
was extended by Shajaiah et. al. ( [97,98]) to allow for the applicatioaf the resource

allocation in a multi-carrier network in public safety.

The authors in ( [99,100]) and ( [101{103]) considered a similar multicder optimal re-
source allocation aware of the subscriber priorities. However, nttemtion was rendered to
the temporal changes in the application usage or UE quantities. InQ4], the authors adopted
a non-convex optimization formulation to maximize the system utility inwireless networks
consisting of applications with logarithmic and sigmoidal utility functiors. A distributed
process was employed to obtain the rates under a zero duality gdqut, the algorithm did
not converge for a positive duality gap leading to compounding a hastic to ensure the

network stability.

In other studies, the authors of [105,106] created a utility max-im fairness resource al-
location for the hybrid tra ¢ sharing a single path in a communications network. Simi-
larly, [63,107,108] presented a utility proportional fairness optireation for the high signal-to-
interference-plus-noise ratio (SINR) wireless networks using aility max-min architecture,
contrasted against the traditional proportional fairness algoriims [109{112] and provided

a closed-form solution that refrained from network oscillations. Hwaever, neither methods
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cared for any tra c or user priorities in assigning the spectrum. In( [113{115]), the authors
developed a utility proportional fairness resource block allocation wireless networks as an
integer optimization problem. They initially obtained the continuous opimal rates and then

took on a boundary mapping technique to extracted a pool of validesource blocks tan-
tamount to inferred optimal continuous rates, albeit neither hybid tra c, nor application

status, nor user importance was taken into the equation.

In a similar work [116{118], the authors organized a utility proportioal fairness optimiza-
tion which allocated optimal UE rates in a cellular infrastructure coeistent with radars by
leveraging the Lagrange multipliers. Finally, [119{122] presented alscarrier allocation in
orthogonal frequency division multiplexed systems concentratingn delay constrained data
and used network delay models [123{125] for the subcarrier assiggnt. And last but not the
least, [126] developed a location/time/context-aware source allaton in cellular networks;
however, they did not consider the temporal changes in the applitanh usage percentage,

the number of UEs, or subscribers' priority.

The authors of [2] investigated the WiMAX-radar mutual interference and concluded that
large geographic separations between the two systems are reedjr precluding WiMAX
deployability in the coastline. Cotton et. al. [127{132] performed s, using a shipborne
radar in San Diego littoral waters, measuring the temporal band capancy and found that
the 3.5 GHz spectrum is not often occupied by radar transmissionsderlining the potential
of the germane band for spectrum sharing. Lackpour et. al. [138liggested a general
spectrum sharing scheme based on time, space, frequency, aygtesn-level modi cations,
inconducive to real-world implementation. Sanders et. al. [134] perfmed experiments with
RF hardlines to observe the interference e ects from radar wal@ms into a 3.5 GHz LTE
base station (BS). They observed the throughput loss and blockrer rate (BLER) for the
LTE system in the UL direction; however, their results were varied asome waveforms did

not have any e ect on the LTE while others undermined the performnce drastically. Neither
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did they consider any propagation models, nor did they perform argimulation of realistic
radar or LTE system. Furthermore, Bjornson has extensively wtten on resource allocation

[135{143], and a lot of theoretical contributions are provided by [9344{153, 153{155].

2.4 Chapter Summary

In this chapter, we introduced the concept of application utility furctions and their rela-
tionship to satisfying the QoS requirement of various delay tolerardand real-time applica-
tions. We presented appropriate mathematical models for the alppation utility functions
of real-time and delay-tolerant tra c as respectively sigmoidal andogarithmic utility func-
tions. Furthermore, we discussed about popular resource alloicat frameworks in modern
resource allocation studies in cellular systems and introduced maxmand proportional fair-
ness optimizations. Moreover, we presented the current e ciergolution algorithms for the
aforementioned resource allocation frameworks and presentexing preliminary information
on Frank Kelly algorithm as an e cient solution for the proportional fairness optimization.
And, we performed a literature survey on topical resource allogah works in the realm of

cellular communications systems.



Chapter 3

A Centralized Architecture for

Resource Allocation

Mobile broadband services have been falling afoul of a perennially upged demand for
radio resources during recent years. This upswing owes to the gigaboom in mobile service
subscribers' quantity as well as to the outgrowth of their genetad tra ¢ volume [3]. On the
other hand, the migration of cellular network providers from o erirg a single service such
as the Internet access to a multi-service framework, like multimedi@lephony and mobile-
TV [156], along with the emergence and prevalence of smartphoneassting simultaneously
running delay-tolerant and real-time applications with distinctive quéty of service (QoS)
requirements [157, 158] arise an urgency to dynamically provisioningrious bit rates to
the application tra c so as to elevate users' quality of experience@oE) tightly bound to
the subscriber churn [156]. As such, incorporating service di ergation mechanisms into

resource allocation methods is a matter of high consequence.

Inasmuch as applications' temporal usage percentage directly iaxgis the generated tra c
volume and nature, e.g. the tra c elasticity, including the usage perentage as an appli-

cation status di erentiation in resource allocation schemes is wontvhile. Besides, cellular

45
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network providers capability to adopt a subscription-based di ergtiation [156], wherein
miscellaneous clients of an identical service receive di erentiated®eription-based treat-
ments (corporate vs. private, post-paid vs. pre-paid, and privigeed vs. roaming users),
can ne-tune resource allocation approaches. Henceforth, oesce allocation modi operandi
can accommodate diverse exigencies of present-day wireless agtsv conveying the hybrid
tra c by accounting for all the aforementioned issues. Nonetheks, the majority of resource

allocation proposals zzle to address the aforesaid concerns cdilesly.

This chapter puts forward a novel convex utility proportional fainess maximization for-
mulation for an optimal resource allocation in wireless networks and @ut tted with the
subscriber, application status, and service di erentiations paraeterized respectively as user
equipment (UE) subscription weights, application status weights, ral application ultility
functions. The weights are supplied by network providers so that #oreground-running
application such as a voice call attains a higher application status wéigthan do the
background-running ones, e.g. an automatic application update gecess. Mobile subscribers
of the system under our consideration can concurrently run multip applications with their
utility functions and statuses depending on the generated tra ¢ mture and instantaneous

usage percentage, respectively.

Casting the service di erentiation under a utility proportional fairness policy prioritizes
the real-time tra c over the delay-tolerant one, conducive to ful lling QoS requirements. In
addition to solving the formalized optimization problem analytically, we dvelop a centralized
architecture for the resource allocation which assigns hybrid apgditton rates in a monolithic

stage transacted in the cellular network provider side of the commications system.

3.0.1 Contributions

In this chapter:
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We present a utility proportional fairness formulation for resoure allocation in cellular

communications system.

We ornament the proposed resource allocation with mechanisms toedentiate tra c

based on QoS requirements, applications temporal usages, and pliorities.
We develop a centralized architecture for the proposed resourakocation framework.
We show that the devised centralized architecture is a convex optization.

We provide with solution algorithms for the centralized architecturewhich assigns

application rates by the base station (BS) in a single stage.

We provide with simulations to show the application of the proposed seurce allocation

in a cellular network simulation scenario.

The remainder of this chapter is organized as follows. Section 3.1 ggats the optimization
formulation for the radio resource allocation work in this documentSection 3.2 presents a
centralized resource allocation for the utility proportional fairnes resource allocation frame-
work that is developed in this chapter. Section 3.3 proves that theedised centralized
resource allocation is convex. Section 3.4 provides with solution algbbms for the devised
centralized resource allocation architecture. Section 3.5 portragimulations for the central-

ized resource allocation in this chapter. And, section 3.7 summariziges chapter.

Next, section 3.1 concocts the system model for the rate allocatiproblem proposed in

this work.

3.1 Resource Allocation Optimization

The objective is to determine optimal rates that hybrid-tra c-carrying cellular communi-

cations systems should be allocating to their UE applications so as tgrcamically ensure as
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such: 1) Real-time applications are rendered priority over delay{&rant ones. 2) no user is
dropped 3) Applications temporal usage is accounted for. 4) Sulbption-based treatments
is honored. We assume each UE contains multiple simultaneously rungimeal-time and
delay-tolerant applications, mathematically represented by sigmaadl and logarithmic utility

functions as shown in the next chapter.

3.1.1 System Model

To present the system, with no loss of generality, we concentraten a cellular network's
single cell, which subsumes a BS coverily) UEs (hereM = 6) depicted in Figure 3.1, where
each UE concurrently runs delay-tolerant and real-time applicatianrepresented respectively
by the logarithmic and sigmoidal utility functions in section 2.1. The ra¢ assigned by the
eNB to the i!" UE is denoted ag; and the UE's aggregate utility function is shown a¥(r;),

which we relate it to the UE application utilities accordingly to the equaion (3.1) below.

Vi(riy= Yy (ry) (3.1)
j=1

Here, rj, U (rij), and j respectively represent the rate allocation, application utility
function, and application usage percentage of thg" application running on the i"" UE.
Hence, we can Writep szil i =landr = P szil rj, where, for thei™ UE, N; is the
number of coevally running applications and; presents the bandwidth allotment by the
eNB. The former of the afore-written equations states the fadhat the addition of the ™"
UE's application usage percentages proves 100% usage percentagd the letter one implies

that the the i UE rate is the augmentation of all itsN; applications resources assignments.

Before proceeding further, the following lemma is valuable and will besed in later in this

chapter for the centralized architecture that we will be developingn section 3.2.
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Figure 3.1: System Model: Single cell, within the cellular network, with an eNB coveing M = 6 UEs
each with simultaneously running delay-tolerant and relay-time applications represented by logarithmic and
sigmoidal utility functions respectively.

Lemma 3.1.1. The aggregate utility natural logarithmlog(V;(r;)) is strictly concave.

P
Proof. From equation (3.1), we can write lod/(r;) = sz'l i logU; (rij) whereU; (rj) > 0
in accordance with section 3.1 utility function properties. Also, logahmic utilities (Util-

ity concavity stems out UP(r;) = duéri(]”) > 0 and UXNry) = $2) < o, resulting in

Gosllitu) = i) > 0 due to Uy (ry) > 0 and UP(ry) > O and in C8W () -
1 1 I IJ
Urij Ui (rij ) UE(rij)

07t ) < 0 due to UX{ry) < 0. Thus, the logarithmic utility natural loga-
rithm is strictly concave. On the ip side, for a sigmoidal utility U; (rj) with 0 <r; <R,
we have the following inequalities amongst which the rst owes to theiggnoidal function’
s continuity and 0 U; (rj) < 1 and the rest are utter algebraic manipulation of the rst

one.

1
0<cy 1+ e ai(rj by) dj <1
1+ e ai (rij  byj) CIJ
i> 1+ e @ (i b)s _ G
d 1+ ¢j dj
1
0<1 d(1+e @i byc

For 0 <rj <R, we have the following inequalities, of which the rst results from r$

additive's denominator positivity in addition to the formerly derived statement 0< 1
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dj (1 + e @i by < ﬁ as well as other constituents' positivity and the last one
is veri able by investigating its terms algebraically. Hence, the sigmoal utility natural
logarithm is strictly concave. As such, the applications utility functios U; (rj) > O of the
system model (equation (3.1)) have strictly concave natural logghms, meaning that the

P\
aggregated utility logVi(r;) = jN:'1 ij logU; (rjj) is strictly concave.

q B aj dij e & (rj bj)
ﬂ logU; (rij) = 1 dj(l+ea (ri b))
al e aj (rj by)
@renm By 0
d2 a| d e ajj (rlj hJ)
ar 2 |Og U|J (rlj ) - : ' 2 (32)

G 1 dij (1 + e arj by ))

aI e ajj (rlj h])

(1 + e & (rij by ))2 O

O

Now that we have proved the concavity of aggregate utility functios in our system model,

the following lemma is also interesting and will be used later in this chapte

@og Vi(ri)
@r

has its in ection point at rj = r '“f for j application utility function U; and is convex

Lemma 3.1.2. The aggregate utility functionV;(r;), the slope curvature function

for rj > maxrg .
i

Proof. For the i UE aggregate utility Vi(r;), let Si(r;) = %) pe the aggregate utility
slope curvature function, letS; (r;j ) = %ﬁ“') be thej ™ application utility slope curvature
function, and let N> be the number of sigmoidal utility functions. Taking the logarithm and

derivative of both sides of equation (3.1) leads to equation (3.3).
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@ogVi(r) _ @X
@r Q@r _

j=1

X ~ @ogU; (rij) X

- i T = i Sij (rij ) (3.3)
I j=1

=
X’ X
= i S (rij) + i Sij (rij )

j=1 j=NS+1

Si(ri) = i logU; (rj)

Taking the 1" and 2" derivatives of equation (3.3), we write:

@s_X jagdie )

ZP_ |
@r C 2
Gj 1 dij (1 + e aj (rj by ))

i aﬁ e a(rj bj)

+ =9 (3.4)
1+ e ai(i by)
Xi - K2
f 1] N 9
ionse T kyrmeglog(d+ ki ry)?

@Si B %is ; dij e & (rj b )(1 dij (1 e & (rii b )))

= ci 1 dij Q1+e @ (rij by ))

e & (rj by )(1 e & (ri by ))
+ } g

aﬁ i (3.5)

3
1+ e a (g hby)

Xi ¢ i klf (|Og(1 + kij Fij ) l) .
j=NS+1 (1 + kjri )2log*(1 + Kij rij )
It is easy to show that8r;; 22 < 0. If we denote the ¥' term of equation (3.4) as well as

the 2" and the 3¢ terms of equation (3.5) as respectivel!, S?, and S3, we can conclude

equation (3.6) for which the properties in equation (3.7) are considble.
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j a e B (e Pi +e 2 (i Bj)y
(i Pi e i (i Bjly3

i

33 i e ajj (rij bij )(1 e aij (rij bij ))
3

(3.6)

1+e 2 (i bj)

" VN N OO
0n wm
N [
1 1

g3= _i kZ (log(1+ kij rjj ) 1)
| (L+ ki rjj )2 log®(1+ ki rij )

From equation (3.7), we observe that the slope curvature functioS; has the in ection
pointri = rg by = riijnf and changes from a convex function in the vicinity of the origin
to a concave function before the in ection point atrj = ri to a convex function after the

in ection point.

Iimri! OSil: 1 ,
lim,, o S'=0for by - 8]

ajj

S’(bj)=0

* VRKARRRIRAAN - /ARRRXRRAXRRARRAN/ ©O

(3.7)
SA(rij >b;)>0
SA(rij <bj)<O0
S3(rj >0)>0
O

Moreover, the following lemma proves that the logarithms of aggrate and application
utility functions are invertible and the inverse functions are strictlydecreasing. This prop-

erties will later be used in this chapter.

Lemma 3.1.3. The aggregate and application utility slope curvature fuhons Si(ri) =
@oo ) and Sj (ry) = w are invertible and their inverse functions; = S, () and

i =S 1(:) are strictly decreasing.

Proof. The concavity of the logarithmic application utility function U;j yields in U"Q(ri,- ) =
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@YUi) 5 0 andUNRr; ) = —F—@U” (i) < 0, and lemma 3.1.1 stems ous; (r;j) = 229U -
@ﬁ 1) J @j | ) @ﬁ

Ul (ri) @$ (rj) — YUy (rj) UE(ry) . o .

O > 0and =g = U7 () ! < 0. Also, for the application utility function,

we haveU; (rj) > 0, U; (rj ) is increasing, and it is twice di erentiable with respect tor;;
(section 3.1). Therefore,S; (rjj) of the logarithmic application utility function is strictly
decreasing. From equation (3.2), for the sigmoidal application utilitjunction U; (rjj ) where
0 <rj <R, we can write the inequalities below, giving thatS; (r; ) of the sigmoidal

application utility function is strictly decreasing.

@
Sj(rij)>0—=—S5;(rj)<20 3.8
i (Fij ) @y i (Fij ) (3.8)
Combining equation (3.3) and inequalities 3.8 yields in inequalities (3.9). Heeforth,
Sj (rij) and Si(r;) of all application utility functions in section 3.1 are strictly decreasig

functions; thereby, the slope curvature functionsS; (r;) and Si(r;) are invertible and the

inverse functions are strictly decreasing.

%is Wi
Si(ri) = i Sij (rij ) + i Sij(rij)>0
= N (3.9)
esn) X @st), X @sm)
@r =1 @y N @y
]

Next, we develop a centralized architecture in section 3.2 to disserata resources to the

applications of UEs with the aggregated utility as in equation (3.1).
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3.2 Centralized Architecture

We consider rate allocation optimization problem that assigns the appation resources

directly by the eNB in a singular stage. The basic formulation is illustrad in equation

(3.10).
I
oy
max U " (rij)
=1 j=1
X
subject to i R; (3.10)
i=1 j=1

i 0 i=1;205M; ] =1;205N;

Here, forM UEs covered by an eNBr =[rq;ry;:::;rv ] is the UE allocated rate vectorR
is the maximum available resources at the eNB, and is a subscription-dependent weight
for the i™ UE. Section 3.3 proves the convexity and tractable optimal solvabijit of the

aforementioned centralized architecture.

3.3 Existence of Global Optimal Solution

The centralized architecture's objective functionQ v Qsz‘l U;" (rj)  corresponds to
P P\

i=2 i j=1 i l0gUj(rj), reformulating equation (3.10) as equation 3.11, referred to as

the log-centralized problem, for which corollary 3.3.1 is conceivable.
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X
max i ij logUj (rij)
' =1 j=1
XX
subject to ri R; (3.11)
i=1 j=1

i 0 i=1;205M; ) =125 N;

Corollary 3.3.1 below, we substantiate the existence a global optimablution for the

centralized architecture in equation (3.10).

Corollary 3.3.1. The centralized architecture in equation (3.10) is convexnd has a unique

tractable global optimal solution.

Proof. Substantiating lemma 3.1.1 was concomitant with proving the applicatioutility nat-
ural logarithm concavity, which entails the the log-centralized optirization (equation (3.11))
convexity [88], ensuing the convexity of its tantamount centralize@dptimization (equation

(3.10)) and existence of a tractable global optimal solution [88]. O

3.4 Centralized Solution Algorithm

Similarly to [84, 89], we deploy the duality for convex optimization problas to solve
them e ciently. What proceeds is such an application of the duality tothe centralized
resource allocation optimization. The solution process for the ceatized architecture in
equation (3.10) consists of UE and eNB parts shown in respectivehgarithms 2 and 3,
whose executions (Figure 3.2) start by UEs transmitting their appligtion utility parameters
to the eNB, which in turn solves the entire optimization by allotting thebandwidth to the
applications in an optimum fashion. The rates, solutions to equation3(3), are the values
rij which solve the equation%ié“”) = p(n) and are the intersection of the time varying

Uij (rij )

shadow price, horizontal liney = p(n), with the curve y = @Og@rj geometrically.
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Algorithm 2 UE Centralized Algorithm

loop
Send application utility parametersfay ; by ; j;kj ; ri"™gto eNB.

Receive rates ™ = frf'; rd';;rh g from eNB.
Allocate rate ri™ internally to j™ applications.
end loop

Algorithm 3 eNB Centralized Algorithm

loop
Receive applicatiorbutility &;\rametersf aj;hy; ;ki,-P' r{J“aXFg from UEs.
_ M N; M N; _
Solver = arg max . i a1 logUj (rj) p( = Mg R). fwherer =

froraisrmgandr = frigriz; i, gg
Sendr; = frig;riz; i, gto it UE.
end loop

[App Ni|.-- | App1 i UE ] |eNodeB|
Utility paramete>

Allocate UE App
Rates

allocate rate1|

llocate rate N,
\ ao;::aerae |

Figure 3.2: Centralized Algorithm: Resources are allocated to the plcations running on
the UEs in a monolithic stage, in which UEs transmit their application utility parameters to
their eNB, which calculates the optimal application rates and transihthem to the germane

UEs.

Next, section 3.5 provides with simulations for the centralized arctetture developed in

this chapter.
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3.5 Centralized Architecture Simulation

A cell with M = 6 UEs and an eNB, depicted in Figure 3.1, is considered and each UE
concurrently runs a delay-tolerant and a real-time application with @spectively logarithmic
and sigmoidal utility functions with parameters in Table 3.1. The sigmoiadl utility with
parametersa = 5, b= 10 approximates a step function at rater =5 and is a good model
for VoIP, while parametersa = 3, b = 15 is an approximation of a real-time application
with an in ection point at rate r = 15 and is conducive to modeling standard de nition
video streaming, whereas parameterd = 1, b = 25 is an estimation of another real-time
application with the in ection point r =25 and is appropriate for the high de nition video
streaming. Moreover, the logarithmic utilities with r™® = 100 and distinct k; parameters

estimate delay-tolerant FTP applications.

The plots of the utility functions in Table 3.1 are shown in Figure 3.3(a)from which we can
observe that the real-time applications require a minimum rate, i.e. #in ection point, after
which the application QoS is ful lled to a large extent. On the other had, the logarithmic
utility is provided with some QoS even at low rates suitable for the delatolerant nature of
the applications. Furthermore, as we can observe from Figure 3a3(in compliance with the
properties mentioned in section 3.1 the utility functions are strictly iereasing continuous
functions, zero valued at zero rates. Furthermore, the rst dévative of the utility functions
natural logarithm, Sj(rij), are shown in Figure 3.3(b), which re ects the positivity and

decreasing nature of the rst derivative. This is in line with lemma 3.1.3.

Then, the centralized rate assignment procedure (Algorithms 2 dr) were applied to the
aforesaid logarithmic and sigmoidal utility functions using MATLAB. To account for the
applications usage percentage, we set the application status weighctor in equation (3.1)
as =1 11} 215 310 415 51, e 120 227 32 421 525 620 Where i represents the status

weight of the j " application of thei!" UE. It is noteworthy that the addition of application
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(a) Application Utility Functions - Centralized Architecture
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UES Appl -*- UES App2
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(b) Utility Slope Curvature Functions - Centralized Architecture

Figure 3.3: The system contains 6 UEs, each concurrently running delay-tolerant and
real-time application with respective identically colored logarithmic andsigmoidal utility
functions U; vs. the application-assigned rates; plots in Figure 3.3(a). Utility slope
curvature functions, the rst derivative of the application utility n atural logarithms S; with
respect to the application ratesr; are illustrated in Figure 3.3(b) where identical colors

relate to the applications on one UE.
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Table 3.1: Applications Utility Parameters - Centralized Architecture

Applications Utilities Parameters
UE1 Appl || Sigmoida=5; b=5
UE2 Appl || Sigmoida=4; b=10
UE3 Appl || Sigmoida=3; b=15
UE4 Appl || Sigmoida=2; b=20
UES5 Appl || Sigmoida=1; b=25
UEG6 Appl || Sigmoida=0:5; b=30
UE1 App2 || Logarithmic k =15; r™* =100
UE2 App2 || Logarithmic k =12; r™* =100
UE3 App2 || Logarithmic k =9; r™> =100
UE4 App2 || Logarithmic k =6; r™ =100
UES5 App2 || Logarithmic k =3; r™ =100
UE6 App2 || Logarithmic k =1; r™ =100

usage percentages per UE is unity, i.e.i; + = 1.

In addition, the aggregate utility functions V;(r;) for i 2 f 1;:::;6g are depicted in Fig-
ure 3.4(a) and the rst derivative of their natural logarithm, Si(r;) for i 2 f 1;:::;6g, are
illustrated in Figure 3.4(b). As we can see, in compliance with lemma 3.1.he slope cur-
vature functions in ection points occur at the application utility fun ctions' in ection points.

Furthermore, in line with lemma 3.1.3, the slope curvature functionsra strictly decreasing.

Next section investigates bids and rate allocations for the UEs andgp@lications in our

system under varying eNB resource availabilities and the centralizedchitecture.
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Figure 3.4: Figure 3.4(a) plots the aggregated utilities, multiplicationsof the usage-
percentage-powered application utility functionsV;(r;) vs. the UE ratesr;, wherei 2
f1;:::;69. Figure 3.4(b) illustrates the aggregate slope curvature functien, rst derivative
of the the aggregate utility natural logarithmsS;(r;). Furthermore, decay function-induced
robustness e ect is depicted; As we can see, the lack of decaydtions yields in the system
instability revealed in the shadow price oscillation.
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3.5.1 Rate Allocation and Bids for 10 R 200

In the following simulations, we set the termination threshold = 10 4 and the eNB rate
R to sweep from 10 to 200 with a step size of 5 bandwidth units. Besidelke application
status weights is considered to be = f0:1;0:5;0:9; 0:1; 0:5; 0:9; 0:9; 0:5; 0:1; 0:9; 0:5; 0:1g. It
is worth mentioning that the addition of usage percentages per UE igity, e.g. adding the
1st and the @&h components of the set (which are indeed the usage percentagas foth
of applications running on UE1), we get A + 0:9 = 1, and so forth. For the centralized
resource allocation (Algorithms 2 and 3), application assigned ratese depicted in Figure

3.5 with the changes in the eNB available resourcés

As we can observe, initially all the UEs are allocated some rates whichoiwing to the fact
that they all subsume real-time applications in need of immediate ratdlocations before any
QoS is met. For instance, UE2 has a real-time streaming video appligat, which requires
a bandwidth assignment right away. First of all, we see that the moreesources become
available at the eNB, the higher rates are assigned to the UEs. Onelother hand, the
dearth of the resources (smalR) causes those UEs which have applications with higher bit
rate requirements to bid higher in order to gain resources. For ireice, since UE2 includes
a real-time streaming video application, its urgent need for bandwilitallocation causes its
initial higher bid for the resources, which is responded by its fast altation portrayed in the

Figure 3.5.

Then, the centralized algorithm allocates rates to their applicationas illustrated in Figures
3.6. In Figure 3.6, we show the allocated applications ratds;; ji 2 f 1;:::;69" ] 2 f 1;299
under changing eNB rateR. As we can observe, initially more resources are allocated to the

real-time applications since these have more stringent QoS requiremnts.

. . . P
However, when the total eNB rate exceeds the in ection point r&s sum b; of all

real-time applications incumbent in the system, eNB can allot more resrces to the delay-
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Figure 3.5: Figure 3.5 depicts the optimal rates allocated to the UEsylthe distributed
scheme vs. BS resources. No user is dropped as no assignmentras ze

tolerant applications with ease of mind. This behavior is observed witine rate increase and
bid value plummet that take place after the eNB rate surpasses tha ection points sum,

P
i.e. R = by =105, in Figure 3.6.

3.6 Centralized Architecture Real-World Implementa-

tion

We developed a single-carrier radio resource allocation formulatioast under a utility
proportional fairness framework in this chapter. We proved thepatimality of the resource
allocation method formulation and incorporated the tra ¢ nature, subscriber type, and ap-

plication usage percentages in the formulation. Now, we implementeélcentralized resource
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Figure 3.6: Figure 3.6 depicts the optimal application rates; vs. the eNB rateR. Appli-
cations running on an UE are identically colored. As we can see, reahé applications are
initially allocated more resources as opposed to the delay-tolerantas due to their urgent
need for resources.

allocation architecture that we developed in this chapter in a real-wil network and show
that applying the resource allocation scheme improves the usersbB in the network. Since
we will prove the mathematical equivalence of the centralized and thi®uted architectures

in chapter 4, leveraging the centralized architecture for resowecallocation does not a ect

the allocated rates within the real-world network implementation. Hee,

We implement the centralized resource allocation architecture thawve developed in

this chapter on a real-world network.

We show that applying the aforementioned centralized architecteron an enforcement

router improves the QoE by eliminating real-time tra c bu ering.
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We show that applying the aforementioned centralized architectarreduces the total

resource consumption in the network and thereby it decreasesetioperation costs.

3.6.1 Implementation Results

In this section, we implement the centralized resource allocation &itecture in chapter 3
on a real-world network scenario depicted in Figure 3.7. The systembsumes UEs which are
connected through a WiFi access point (AP) [159] to the InternetThe resource allocation is
implemented on a resource broker (RB) logical entity installed on a uter which shapes the
tra c generated by the UEs and received by the AP based on the gpication rates assigned

by the resource allocation scheme implemented on the RB unit.

Resource |—
‘ Broker
(o) 2 s
i @y
=18
P Wi-Fi < 5 o \ Router
w % " Enforcement
- Engine
' I NA
¢ _INTERNET |
sy

L L /
=

Figure 3.7: Implementation system model contains UEs, WiFi-connied to the Internet, run
delay-tolerant and real-time applications whose optimal rates aressigned by the resource
block (RB) entity on which the centralized resource allocation is insttmented. The RB is
installed on the router which shapes the tra c based on the rateslbcated by the resource
allocation scheme.

To implement the scenario in Figure 3.7 on a real-world network, we leege a personal

computer (PC) to con gure the network in a distributed manner todecrease the processing
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load through a virtual machine (VM) architecture [160] in Figure 3.8 Here, we have used a
single-socket IBM x3250 M4 server [161] with two physical and twoeHpheral Component
Interconnect (PCI) - enabled ports [162] to create 2 three-intlaced VMs. One VM hosts
the RB entity and the other forms a router including an enforceménengine to manage
rate assignments via an onboard router tra ¢ control, and the oher VM is a dedicated le
server. The 2 VMs are annotated as "Guest 1" and "Guest 2" in Fige 3.8, where the
router and RB sit on "Guest 1" and "Guest 2", respectively. Besidg we create 3 virtual
switches intended for the phone network, for o ce-Internet-onnected external devices, and

for network maintenance/ operation issues.

The smart phones and their AP are placed on their own private Ethaet network [163] with
an IP address 192682:1 [41]. The router gateway settings enable connections to the o ce
network (Intranet) and Internet. The smart phones run YouTwe and hyper text transfer pro-
tocol (HTTP) download applications. The tra ¢ generated by the real-time/delay-tolerant
YouTube/HTTP applications is inelastic/elastic, and we apply the centalized resource allo-
cation architecture in this chapter to obtain application rates (thoughput). The users' QoE
is re ected by YouTube tra c buering occurrences and HTTP tra ¢ incomplete down-
loads. The dearth of the aforesaid events indicates an acceptalQ}eE for the application
users and implies the e ectiveness of the resource allocation thaéwave introduced in this

chapter.

It is noteworthy that for the test platform in Figure 3.8, the small rumber of phones
working in a high throughput WiFi network is an object of concern as provides too ideal
of a data transfer environment to be able to appropriately illustra¢ the bene ts that may
emerge from the tra ¢ shaping that our resource allocation scheenrenders. To observe
the tra c shaping e ects, we should impose a higher load on the netark. We do this
simply by restricting the overall network bandwidth to 1 Mega bits pe second (Mbps). In

order to make a comparison between the scenarios with and withatlie resource allocation
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Figure 3.8: Real-world network architecture contains two VMs "Gust 1" and "Guest 2"

which respectively host the router and resource allocation methaohplemented on the the
resource block (RB) entity. Furthermore, an o ce-Internet virtual switch for external de-
vices, three phone-network virtual switches, and a network magement virtual switch are
created on a two physical two PCI-ported IBM server. The Phorseand WiFi access point
(AP) have their private network with IP address 1921682:1.

scheme, we rst apply the resource allocation method to the netwo in Figure 3.8 under
no bandwidth constraints; then, we introduce an overall networlkconstraint with no tra c
shaping, and ultimately contrast non-shaped throughput and QoBbservation to a situation

where the RB entity operates under a 1 Mbps network constraint.

The YouTube and HTTP applications throughput under neither netvark constraints nor
the resource allocation method application is shown in Table 3.2, wheeelow/high rate
YouTube application "YouTube 1"/"YouTube 2" and a small/large le d ownload application
"HTTP 1"/"HTTP 2" (obtained from content providers of the VM-c reated le server) run
on three UEs in the network. The speed of the network under thebaence of applications
is measured at 32 Mbps. For instance, the’*1scenario in the next table indicates that two
phones run YouTube 1 and the average bandwidth consumptionig,y = 3:492 Mbps, while
the single-UE 3¢ scenario incurs a much lower bandwidth consumptioR,,g = 0:951 Mbps
due to the low rate YouTube 1 application. On the other hand, the badwidth consumption
signi cantly increased to Raq = 2:11 Mbps due to the single-UE high rate YouTube 2

application in the 4" scenario, and a similar rate rise is apparent in the transition from thg"
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Table 3.2: Network throughput for the network in Figure 3.8 under asither bandwidth
constraints nor tra ¢ shaping.

Scenario|| Phone 1 Phone 2 Phone 3 Ravg (Mbps)
1 YouTube 1| YouTube 2| - 3.492

2 YouTube 1| HTTP 1 - 4.050

3 YouTube 1| - - 0.951

4 YouTube 2| - - 2.11

5 HTTP 1 HTTP 1 - 4.262

6 HTTP 1 HTTP 2 - 24.866

7 HTTP 1 HTTP 1 YouTube 1| 13.747

Network throughput with neither application nor rate Constraints. 32 Mbps

scenario to the 8 one where the high rate HTTP 2 replaces the low rate HTTP 1 at the"?
phone amounting to 24866 Mbps bandwidth consumption. The last scenario is concomitant
with a lower rate Rayg = 13:747 Mbps as opposed to the™®scenario Rayg = 24:866 Mbps)
in spite of augmenting a YouTube 1 application to phone 3 in the latterase. This can be
explained by the need to transfer more bits which happen over a lagrtime interval vis-a-vis

that of the 6" case; this slashes down the throughput relative to theé"6con guration.

To see the e ect of the resource allocation scheme, implemented inetRB entity, we
throttle the overall network bandwidth to R = 1 Mbps. Without loss of generality, we
focus on deploying only two phones in the network in Figure 3.8 with IPdalresses and a
YouTube 1 and HTTP 1 application as illustrated in Table 3.3. Running theexperiment
with no resource allocation applied, we observe that YouTube 1 inged multiple bu ering
instances indicating a poor QoE from its user's perspective. Furtiraore, the overall average
bandwidth usage was ®63 Mbps and HTTP 1 download completed in 1200 seconds (s) (next
table). Using WireShark [164, 165], we obtain the traces in Figure 3.@here both of the

applications sharing the total 1 Mbps bandwidth annotated on the llack curve alternate in
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Table 3.3: Smart phone Applications undeR = 1 Mbps Network Constraint with/without
Tra ¢ Shaping .

Phone || IP Trac Type | Application

UE 1 1921682:57 | Inelastic YouTube 1
UE 2 1921682:98 | Elastic HTTP 1

bursty transmission intervals. In particular, at certain times, theHTTP 1 application (red
curve) utilizes the entire available bandwidth, shown by the red cuesreaching the black
curve, which simultaneously zeros the YouTube 1 throughput illustited by the green curve

hitting the abscissa (time axis). This behavior adversely a ects th€oE for the UE 1.

Youtube: 192.168.2.98——
HTTP: 192.1682.57——

ughput (bps)

Thro
1

0s 200s 4005 Time (s) 600s 800s 10005 1200s

Figure 3.9: Wireshark Throughput Analysis without applying the resorce allocation to the
network in Figure 3.8 with the parameters in Table 3.3 under an overalandwidth constraint
R = 1 Mbps and no tra ¢ shaping. Black/Green/Red curve shows the retwork/YouTube
1/HTTP 1 throughput. HTTP 1 download completed in 1200 s with YouTube 1 incur-
ring multiple bu ering, adversely a ecting the QoE as HTTP 1 (red curve) uses the entire
available capacity (hits the black curve).

The same situation of the network in Figure 3.8 with the parameters ithe table is repeated
when the resource allocation method is applied to have the routeregbe the applications
tra c by optimally assigning them rates based on their requirements To apply the resource
allocation method, the phones UE 1 and UE 2 register with the RB entif where the rate
allocation code calculates the rates to be enforced at the routefhe average bit rates for
the YouTube 1 and HTTP 1 are respectively 731 and 267 kbps, thers@rgence time for the
algorithm is measured at 528 milliseconds (ms), and the overall thrghput becomes (¥58

Mbps which is less than the maximum 1 Mbps available capacity due to peds over which
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no YouTube tra c is present on the network. Using Wireshark, therates of the YouTube 1
and HTTP 1 applications when the centralized resource allocation is kenaged in the network

under an overallR = 1 Mbps constraint are depicted in Figure 3.10.

Here, the black curve indicates the overall available bandwidth andhé ordinate (through-
put axis) shows that the network bandwidth is con ned to 1 Mbps. A we can see, YouTube
1 (green curve) consumes more resources per the rate allocatidarval than does the HTTP
1 application, whose download time expectedly takes longer to be coleted at 2650 s (Table
3.4). Interestingly, there are intervals where YouTube 1 rate bemes 0, over which HTTP 1
obtains more bandwidth; this zero-grounding behavior is analogdy®bserved for the HTTP
1 download. In this experiment, we observe no YouTube bu ering carrences, thereby it
provisions a better video watching experience for the user as ogpd to the unshaped tra c
scenario depicted in Figure 3.9. Such a dearth of bu ering speaks elitly to the specu-
lated QOE in that the real-time YouTube 1 application is provided with a onsistent rate
assignment such that it is able to Il the bu er and does not require ay more bandwidth

usage.

‘Total Bandwidth Youtube: 192.168.2 98—
HTTP: 1921682 57—

5

“Throughput (bps)

T T T T
1000s 12005

Figure 3.10: Wireshark throughput analysis with applying the resoge allocation to the
network in Figure 3.8 with the parameters in Table 3.3 under the banddth constraint
R = 1 Mbps and shaping. Black/Green/Red curve shows the networkfouTube 1/HTTP

1 throughput. HTTP 1 download completed in 2650 s with no YouTube bu ering oc-
currences. Occasionally, one application rate zeros and the othegpplication utilizes the
maximum bandwidth to achieve a consistent allocation to elevate us2iIQoE.

As we observed in this real-world implementation, applying the resote allocation archi-
tecture elevates the QoE of the users despite the fact that lessspurces are consumed. This

directly helps communications carriers to reduce their operation pgnditure (OPEX) and
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Table 3.4: Bandwidth Consumption and Download Time.

Performance Shaped Trac | Unshaped Trac
HTTP 1 Download Time (s) || 1200 2650

YouTube 1 Bu ering No Yes

Total Bandwidth (kbps) 758 951

customer churn. As a case in point, the algorithm-induced tra ¢ shping decreased the
bandwidth consumption from 0963 Mbps to 0758 Mbps, thereby a @05 Mbps reduction
of resource consumption is stemmed which has desirable monetaayni cations by utiliz-

ing less resources without degrading users' QoE. As such, an Qamedial measurement is

implied in light of employing the developed resource allocation scheme.

Next, section 3.7 summarizes the results obtain in chapter 3.

3.7 Chapter Summary

In this chapter, we introduced a novel QoS-minded utility proportioal fairness framework
for resource allocation for the cells of a cellular communications sgst. Users ran both
delay-tolerant and real-time applications mathematically modeled cogspondingly as loga-
rithmic and sigmoidal application utility functions, where the function values represented
the applications QoS percentage. The proposed resource allocafiormulation incorporated
the service di erentiation, application status di erentiation modeling the applications usage
percentage, and subscriber di erentiation within networks into tke optimization. We de-
veloped a centralized architecture for the resource allocation amization which assigned
the rates to the running applications directly by the allocation entitysuch as an eNB in a

response to the UE utility parameters sent.

Not only did we prove that the proposed centralized resource alld@n architecture is a
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convex optimization problem and solved it through the Lagrangian ats dual problem, but
also we proved the optimality of the rate assignments. Ultimately, weerformed simulations
in MATLAB to show the application of the proposed centralized archigcture to a cellular

communications system.

We implemented the centralized architecture to assign bandwidth teeal-world real-time
and delay-tolerant applications running on mobile devices in a physicaétwork that we cre-
ated. We did so to evaluate the QOE users perceive when the progezlis implemented in
practice. The large-scale network con guration included YouTuband HTTP applications
connecting through their WAP and a router, running the resourcellocation routine and
enforcing the rates, to the Internet. We realized that the absee of the resource allocation
algorithm in the network caused multiple bu ering instances of the ral-time YouTube appli-
cation, thereby the users QoE was adversely undermined. On thther hand, the presence
of the algorithm, through which the rates were assigned to the afipations and enforced at
the gateway router, eliminated any YouTube bu ering at the expese of lengthening the du-
ration of delay-tolerant download applications. Therefore, applyip the resource allocation
method signi cantly escalated the users QoE without hurting QoS muirements of applica-
tions. Finally, we realized that despite the dearth of YouTube bu eing under the presence
of the resource allocation algorithm, the applications consumed lesssources as opposed
to the QoE-hurting algorithm-absent scenario. Consequently, thbandwidth conservation

yields in a lower OPEX for the network as less to-be-paid resource a&onsumed.



Chapter 4

A Distributed Architecture for

Resource Allocation

In chapter 3, we introduced a novel convex utility proportional faness maximization for
optimal resource allocation in wireless networks and out tted the mtimization with the
subscriber, application status, and service di erentiations parasterized respectively as UE
subscription weights, application status weights, and application uity functions. Further-
more, we developed a centralized architecture for the proposeelsource allocation which
assigned application rates by the eNBs in a single stage in responséhi® application utility
parameters sent by the UEs to the eNBs. In this chapter, we prae with a distributed ar-
chitecture for the same radio resource allocation framework whigbas introduced in chapter
3. The resource allocation optimization accounts for application tygs and temporal usages
as well as UE priorities. However, the distributed architecture agms application rates in
two stages from the eNBs to the UEs and by the UEs to the runningpglications. Moreover,
the proposed architecture provisions a pricing mechanism for theNWDs to atten the tra c

in peak-hour times.

72
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4.0.1 Contributions

In this chapter:

We present a utility proportional fairness formulation for resoure allocation in cellular

communications system.

We ornament the proposed resource allocation with mechanisms toedentiate tra c

based on QoS requirements, applications temporal usages, and ftorities.
We develop a distributed architecture for the proposed resouredlocation framework.
We show that the devised distributed architecture is a convex optiration.

We provide with solution algorithms for the centralized architecturewhich assigns

application rates by the base station (BS) in a single stage.
we prove that the proposed distributed architecture is not alwaystable.

We develop a variation of the distributed architecture which incorp@tes robustness

into the resource allocation procedure.

We provide with simulations to show the application of the proposed seurce allocation

in a cellular network simulation scenario.

The remainder of this paper is organized as follows. Section 4.1 présea distributed
architecture for the resource allocation framework that was intrduced in chapter 3. Section
4.2 proves that the proposed distributed resource allocation aitécture is convex. Further-
more, it shows the potential instability of the distributed architecure and developed a robust
variation of the distributed architecture. Section 4.3 provides wittsolution algorithms for the
distributed resource allocation architecture. Section 4.4 provebé¢ mathematical equivalence

of the distributed resource allocation to the centralized architeare that was introduced in
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chapter 3. Section 4.5 portrays simulations depicting the applicatioaf the distributed re-
source allocation architecture to a cellular system scenario. Ancedion 4.7 concludes and

summarizes the current chapter.

4.1 Distributed Architecture

The centralized architecture for optimal rate allocation in chapter3 was in accordance
with equation (3.10), repeated here for the sake of easy refetenas equation (4.1), where
for M UEs covered by an eNB in accordance with Figure 4.1, = [rq;r,; 5 rm] is the
UE allocated rate vector,R is the maximum available resources at the eNB, and; is a

subscription-dependent weight for theé™ UE.

v o

max Ui " (rij)

' i=1  j=1
X

subject to ri R; (4.1)
i=1 j=1

i 0 i=1;205M; ] =1;205N;

To create a distributed architecture, we subdivide the centralizedrchitecture's optimiza-
tion in equation (4.1) into two simpler optimization problems solved sepately. The rst
optimization concerns with the UE rate allocation by the eNB via collab@tions between
the eNB and pertinent UEs; hereby, the optimization is referred tas external UE resource
allocation (EURA) and is presented in section 4.1.0.1. On the contrarthe second optimiza-
tion wells up from distributing the application rates by the host UEs, grformed internally
to the UEs and is named the internal UE rate allocation (IURA) and is prtrayed in section

4.1.0.2.

In the system model, the aggregate utility functions for the UEs ishie same as chapter 3,
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Figure 4.1: System Model: Single cell, within the cellular network, with an eNB coveing M = 6 UEs
each with simultaneously running delay-tolerant and relay-time applications represented by logarithmic and
sigmoidal utility functions respectively.

which is repeated below for the sake of reader's convenience.

¥
Vi(ri) = U (rij) (4.2)
j=1

Next, section 4.1.0.1 presents the EURA formulation for resourcéiacation from the eNB

to the UEs.

4.1.0.1 EURA Optimization Problem

EURA optimization , solved collaboratively amongst UEs and their eNBg¢an be written
as equation (4.3), whereV(r;) = Qszil U;" (ry) is the i UE aggregate utility function
expressed in equation (4.1); = [r1;ro; 5 rm] is the UE rate vector whose™ component
represents the rate assigned by the eNB to tH& UE, and M is the number of UEs covered
by the eNB. In section 4.2.1, we prove the convexity and tractablepimal solvability of the
optimization problem in equation (4.3) and present the algorithm to dwe this problem in

section 4.3.
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Wl .
max V, '(ry)
' i=1
subject to rn R; (4.3)
i=1
ri O 1=1;2,:0M

Next, section 4.1.0.2 presents the IURA formulation for resourcdl@cation from the UEs

to the applications.

4.1.0.2 1URA Optimization Problem

IURA optimization problem, solved internally in each UE, can be writteras equation (4.4)
for the i" UE with i 2 f 1;2;::M g, wherer; = [ri1;Ii2;::;rin, ] is the application rate alloca-
tion vector such that its j " component indicates the bandwidth allotted by thé™ UE to its
j™ application, r*™ is the i UE rate allocated by eNB via solving the EURA optimization
in equation (4.3), andN; is the number of applications of tha™ UE. Superscript "opt" in-
dicates the optimality of the UE rates which will be proved in section 4.2. Besides, section
4.2.2 proves that there exists a tractable global optimal solution tthe IURA optimization

problem in equation (4.4) and section 4.3 provides the solving algoriththereof.

Yoo
max U * (rij)
ri j=1
Wi

subject to ri o r (4.4)

Next, section 4.2 proves the convexity of the EURA and IURA optimiation problems.
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4.2 Distributed Architecture's Global Optimal Solu-

tion

This section proves the existence of optimal solutions for the digtuted resource alloca-
tions developed in section 4.1 by substantiating convexity of the EURand IURA problems

in sections 4.2.1 and 4.2.1, respectively.

4.2.1 EURA Global Optimal Solution

Strictly increasing nature of logarithm function yields in an equivalenEURA objective
P
function arg max :‘”:1 i log(Vi(ri)), stemmed from equation (4.3), reformulated and referred
r

to as respectively equation 4.5 and log-EURA problem.

hd
max i log(Vi(ri))

i=1

subject to rn R; (4.5)

ri 0 i=1;2::M:

Before proceeding further, for the simplicity of reference, wepeat the following lemma
that we proved in chapter 3 as it will be used in the mathematical anasys to come in this

chapter.

Lemma 4.2.1. The aggregate utility natural logarithmlog(V;(r;)) is strictly concave.
Then, theorem 4.2.2 proves that the EURA optimization in equation (8) is convex and

the allocated UE rates are optimal.

Theorem 4.2.2. The EURA optimization problem in equation (4.3) is convex ahhas a

unique tractable global optimal solution.
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Proof. The aggregate utility concavity based on lemma 4.2.1 concludes thdte log-EURA
optimization is convex [88], which in turn proves the convexity of the BRA problem in
equation (4.3) due to their objective functions equivalence. And,here exists a unique
tractable global optimal solution for a convex optimization in genetd88], and for EURA in

particular. O

Next section proves that the IURA optimization is convex and the gplication allocated

rates are optimal.

4.2.2 IURA Global Optimal Solution

Strictly increasing nature of logarithm function yields in that the IURA objective function

, ) P _
in equation (4.4), i.e.Qj'\':'1 U;' (rj), corresponds to ) log(U; (ry)). So equation (4.4)
can be reformulated as equation 4.6, referred to as the log-IlURAgblem for which corollary

4.2.3 is conceivable.

max i |Og Uij (ri,- )

ri

Wi
subject to ri (4.6)

Corollary 4.2.3. The IURA optimization problem in equation (4.4) is convex am has a

unique tractable global optimal solution.

Proof. Substantiating lemma 4.2.1 in chapter 3 was concomitant with provinghe concavity
of the application utility functions natural logarithm; this ascertains the convexity of the
log-lTURA problem in equation (4.6) [88]. Since log-lURA and IURA optimiations have

equivalent objective functions, IURA optimization in equation (4.4) isalso convex. Every
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convex optimization has a tractable global optimal solution in genelr§88], and so does the

IURA optimization in particular. O

Theorem 4.2.2 and corollary 4.2.3 indicate that the distributed optimiz#on in section 4.1

is convex and it assigns rates optimally.

Next, section 4.3 solves the distributed optimization problem prestad in section 4.1 by

a variation of Frank Kelly algorithm presented in chapter 2.

4.3 Distributed Solution Algorithm

The solution to the distributed architecture for resource allocatio is provided through
the Lagrangian of the dual problems for the EURA and IURA optimizéons in sections
4.3.1 and 4.3.2 below. Similarly to ( [84,89]), we deploy the duality for cogx optimization
problems to solve them e ciently. What proceeds is such an applicatio of the duality to
EURA and IURA constituents of the distributed rate allocation prodem. We present the

EURA algorithm in section 4.3.1 below.

4.3.1 EURA Algorithm

The log-EURA problem (4.5) can be solved by converting it to its dualqoblem ( [84,89]).

We de ne the Lagrangian as equation (4.7).

X X
Lip = logVi(r)) p( ri+z R)

i=1 |:1!

= log(Vi(ri)) pri +p(R 2) (4.7)

= Li(ri;p)+ p(R  2)
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wherez; 0 is the slack variable andp is Lagrange multiplier or the shadow price (price
per unit bandwidth for all the M channels). Therefore, thé" UE bid for bandwidth can be
written as w; = pr;j, wherep i'\il w; = pP i“’z'l ri. The rstterm in equation (4.7) is separable
in r;, so we have rrnaf M (log(Vi(r)) pri) = P M rr1r<i51x(log(\/i(ri)) pr;) and the dual

problem objective function can be written as equation (4.8).

D (p) =max L(r; )
X

max log(Vi(r)) pri +pR 2) (4.8)

i=1

max(Li(ri;p) + p(R 2)

i=1

Thus, the dual problem is formulated as equation (4.9).

min D (p)
P (4.9)
subjectto p O:
Leveraging the method of Lagrange multipliers, we have:
X X
% =R I z =0 (4.10)
@p i=1 i=1
N P M P M . L P M
Substituting by 2, wy = p 2, i, we have equation (4.11), minimized t@ = —%—
at z = 0 where w; = pr; is transmitted by the i UE to the eNB.
P M
p= —p M (4.11)
R i=1 4i

As such, we divide the log-EURA problem (4.5) into simpler optimizationsit the eNB

(eNB EURA problem) and UEs (UE EURA problem). These are respeoely shown in



Chapter 4. Distributed Architecture for Resource Allocation 81

equations (4.13) and (4.12) whose solutions, guaranteeing the utilproportional fairness in

equation (4.3), are summarized in Algorithms 5 and 4 in that order.

max logVi(ri) pri
subjectto p O (4.12)
ri 0 i=1;2::M:

During the execution of the aforesaid algorithms, starting withw;(0) = 0, the i"" UE,
transmits an initial bid w;(1) to the eNB, which in turn subtracts the latterly received bid

w;(n) and the formerly received onev;(n 1) and ceases the procedure if the di erence is less

Mo
iz Wi

(n) ;
= tois

than a threshold ; Otherwise, it computes and sends a shadow prigén) =
covered UEs. The™ UE extracts its rate r;(n) from the receivedp(n) such that logV;(r;)

p(n)r; is maximized. The rater;(n) is employed to estimate the new bidv;(n) = p(n)r;(n),
transmitted to the eNB. This routine repeats until the bid di erence jw;(n) w;(n 1)j falls

below the threshold .

min D (p)
P (4.13)
subjectto p O:

!
The solutionr;(n) of the i UE EURA optimization r;(n) = argmax logVi(r;) p(n)r;
Fi
in Algorithm 4 essentially solves the equatior®¢*") = p(n), algebraically the Lagrange
multiplier solution for equation (4.12) and geometrically the interse@n point of the hori-
@og Vi(ri)

zontal liney = p(n) with the curve y = —ar

A convergence analysis of the EURA algorithms and its resultant sga are discussed in

section 4.3.1.1.
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Algorithm 4 UE EURA Optimization Algorithm
Send initial bid w;(1) to eNB.
loop
Receive shadow pricg(n) from eNB.
if STOP from eNB then

Calculate allocated rater ™ = ";i((n”)).
STOP
else

Solveri(n):argmrax logVi(ri) p(n)r; .

Send new bidw;(n) = p(n)r;(n) to eNB.
end if
end loop

Algorithm 5 eNB EURA Optimization Algorithm
loop
Receive bidsw;(n) from UEs. fLet w;(0) =1 8ig
if jwi(n) wj(n 1)j< 8ithen

Allocate rates, rf™ = *{2 to useri.
STOP
else

P
Calculate p(n) = M
Send new shadow price(n) to all UEs.
end if
end loop

4.3.1.1 EURA Convergence Analysis

To commence analyzing the EURA Algorithms 4 and 5, lemma 3.1.2 from aghter 3 is
helpful and is repeated here for the ease of reference. The grgaepeated because some of

the equations in the body of the proof will be used in the latter stateents in the chapter.

Lemma 4.3.1. The aggregate utility functionV;(r;), the slope curvature function%

has in ection points at r; = r§ riijnf for j™ application utility function U; and is convex

for ry > maxrg.
j

Proof. For the i UE aggregate utility Vi(r;), let Si(r;) = 22910 pe the aggregate utility

) — @ogU; (rj)
@j;

function, and N;° be the number of sigmoidal utility functions. Taking the logarithm and

slope curvature function ,S; (rj be thej ™" application utility slope curvature
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derivative of both sides of the equation (4.2) yields in equation (4.14)

@ogVi(r) _ @*
@r Q@r _
j=1

_ X @ogy (ry) _ X

= ey i Sij (i) (4.14)
[ i=1

j=1
X’ X
= ij Sy (rg) + i Sij (1)

j=1 j=NS+1

Si(ri) = i logU; (rj)

Taking the 1" and 2 derivatives of equation (4.14), we can write:

S . . .
s_X jadie s )

@s_" .
@r 2
Gj 1 dij (1 + e aj (rj b ))

y alz e & (rj bj)
i 9 (4.15)

+

1+ e a (i by)

Xi . k2
f ] TN g
a+ kij rmax)jog(1 + kij Fij )?

j=NS+1

@S _ X7 ; dje @i %) dy(1 e (rii B )))

J=t G 1 dij (1+e @i b))

e & (rj b )(1 e & (rj b ))
! 9

+ a (4.16)

3
1+ e a(rj by)

X ¢ ki (log(1 + kjryj) 1)
(1+ ki rij)2log®(1 + ki ryp)

j=NS+1

It is easy to show that8r;; %—f’ < 0. Denoting the 1" term of equation (4.15) and 2 and

39 terms of equation (4.16) as respectivelg!, S?, and S® stems out equation set (4.17), for
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which properties in equation set (4.18) are considerable.

i e ajj (r” bij )(l e aij (I’ij bij ))
= 3

(4.17)

1+e i i Bj)

8
gl | a3 i Pi (gl Pi 4 i (i By
[ au bj o aj (rjj b ))3

3 — ij ,J (|09(1+ kl] ] ) b
' @+ kij rij )2 log?(1+ kij rij )

From equation set (4.18), we observe that the slope curvaturerfction S; has the in ection
pointri =rg by = ri‘j”f and changes from a convex function close to the origin to a concave

function before the in ection point atry = ri to a convex function after the in ection point.

8
|Imr|| 0St=1
limey o Sf=0for by 58]
Sf(bj)=0

(4.18)
SA(rij >b;)>0
SA(rij <bj)<O0
S3(rj >0)>0
O

Next, corollary 4.3.2 is considerable.

P
Corollary 4.3.2. If iN=|1 max rp R, then Algorithms 4 and 5 converge to the global
j
optimal rates corresponding to the steady state shadow prigs < W + a.max , Where

Imax = arg m?x i andrg = mjax rs .

Proof. An essential step tq reach the optimal solution in Algorithm (4) is soimg r;i(n) =

arg max logVi(ri) p(n)r; using the Lagrange multipliers in equation (4.19).
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@ogVi(ri)

or p=Si(r;) p=0: (4.19)

Furthermore, equation (4.18) indicates that the slope curvaturéunction Si(r;) is convex
for r; > mjaxrﬁ mjaxb,- . Similar to the analyses in [84,89], the Algorithms 4 and 5 are
guaranteed to converge to the global optimal solution when the ggegate slope curvature
function Si(r;) is in the convex region. Hence, the aggregate utility function's natal log-
arithm converges to the global optimal solution for; > mjaxrﬁ mjaF>)<h,- . On the other
hand, the sigmoidal utility function in ection point is at ri"" = b, . For i'\il mjax rs R,
Algorithms 4 and 5 allocate ratesrj > by for all users and sinceS; (rjj) is convex for
rg >rg b , the optimal solution can be achieved by the algorithms. Equation (49)
and convexity of S (rj) for ry >rg by imply that pss < Sj(rj = maxh;), where

S (rj =maxby) = dmecdmec 4 Amac gng ... = argmax;b; . O

i max

Next, corollary 4.3.3 shows that the EURA optimization can be non-able.
ajj bij
ajj dij e 2 +
aj bj
1 dj 1ve"z0)
ajj eaij Zbij

——%—, the solution by EURA Algorithms 4 and 5 uctuates about thelgpal optimal so-

(A+e 2 )
lution.

P
Corollary 4.3.3. For :‘”:1 maxr{ > R and the global optimal shadow prigas
j

P .
Proof. It follows from lemma 4.3.1 that for ™, ri" >R, 9 i such that the optimal rates

aij bij aij bij
3 dj e 5+ al eaij 5— IS the optimal shadow price for the
1dj+e”z ) (1+e—z )

optimization problem in equation (4.3). Then, a small change in the skdaw price p(n) at

opt

rp < bj. Thus, pss

the n™ iteration can cause the rate; (n) (the root of S; (r;) p(n) = 0) to uctuate between

the concave and convex curvature of the slope cun& (r; ) for the i"" UE. Therefore, it
produces a uctuation in the bid value w;(n) sent to the eNB, which in turn induces a
vacillation of the shadow pricep(n) transmitted by eNB to the UEs. Hence, the iterative

solution oscillates about the global optimal ratesi‘j’p‘. O
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The non-stability of the EURA optimization as it was shown in corollary 43.3 leads to the
dearth of optimality of the rates assigned by the EURA optimization.This is illustrated in

theorem 4.3.4.

Theorem 4.3.4. EURA Algorithms 4 and 5 do not converge to the optimal soluticfor all

eNB ratesR.

Proof. It directly follows from the corollaries 4.3.2 and 4.3.3 that the EURA algathm does

not converge to the global optimal solution for all values dR. O

The potential EURA seesawing about optimal rates and dearth ofoovergence thereof

motivate us to include some robustness into the procedure. This ismk in section 4.3.1.2.

4.3.1.2 EURA Robust Algorithm

Incorporating robustness into the EURA Algorithms 4 and 5 so thathey converge for all
eNB rates requires the algorithm to refrain from uctuations in thenon-convergent region
for P ilV:|1 mjax rs R. To do this, a uctuation decay function w(n) as below reduces the
step size between the current and previous bid, i.evi(n) w;(n 1), for every useri if a
uctuation occurs. The allocated rates should coincide with thosefd&EURA Algorithms 4

P M
and 5 for 2, max ri >R.
J

Exponential function:  w(n) = I,e iz

Rational function:  w(n) = .

n
wherdy; l5; 13 can be adjusted to change the bide; decay rate.

Remark 4.3.5. The uctuation decay function can be included in either UE EBA Algo-

rithm or eNB EURA Algorithm.
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In our model, we choose to incorporate the decay function into tHéE EURA Algorithm
even though, as mentioned before, it can be placed in the eNB EURA well. The edgling
robust EURA process is illustrated in Algorithms 6 and 7. Here, stamtig with w;(0) = 0,
each UE commences transmitting an initial bidw; (1) to the eNB, which at each iteraten
calculates the di erence between the currently and formerly resed bidsw;(n) and w;(n 1),
then exits if the di erence falls below a threshold ; otherwise, it computes the shadow price
pe (n) = M and send it to its covered UEs, amongst which Thi" UE obtains the rate
ri maximizing the statement log ;Vi(r;) pe(n)r;, estimates its new bidw;(n) = pg (n)ri(n),

and sends it to the eNB.

Algorithm 6 UE EURA Robust Algorithm
Send initial bid w;(1) to eNB.
loop
Receive shadow pricg(n) from eNB.
if STOP from eNodeBthen
Calculate allocated rateri‘j’pt = ";i((n”)).
else

Solveri(n) =argmax logVi(r;) pe(n)r; .
I

Calculate new bidw;(n) = p(n)ri(n).
if jwi(n) w(n 1)j> w(n) then
wi(n) = wi(n 1) +sign(wi(n) wi(n 1)) w(n)f w=le 7 or w= 'ﬁg
end if
Send new bidw;(n) to eNB.
end if
end loop

Algorithm 7 eNB EURA Algorithm
loop
Receive bidsw;(n) from UEs f Let w;(0) =1 8ig
if jwi(n) wi(n 1)j< 8ithen
STOP and allocate rates (i.er >
else P,
Calculate pg (n) = —=(
Send new shadow pricee (n) to all UEs
end if
end loop

to useri)
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Remark 4.3.6. If the subscriber di erentiation parameter ; is available only at the eNB

(or other network provider unit), the shadow pricge is changed top—Ei.

Next, section 4.3.2 solves the IURA optimization problem in equation (4).

4.3.2 IURA Algorithm

This section presents the second stage of the distributed resoarrallocation during which

the application ratesr; are optimally assigned internally to the UEs in accordance with Algo-

P\
rithm 8, where thei™ UE leverages the EURA allocated rate™ to solver; = arg max jN='1( i logUj (rij)
ri

opt

piri)+ pir;

Algorithm 8 UE IURA Algorithm
loop
Receiver ™ from eNB. f by EURA Algorithmsg
Solve
ri = arg max (i logUy (ry) ey )+ pr™ fri= frigriz e, og

Allocate r;; to the j™ application.
end loop

Next, section 4.4 proves the mathematical equivalence of the distted resource allocation
architecture introduced in this chapter with the centralized archieécture that was developed

in chapter 3.

4.4 Mathematical Equivalence

Here, we show the mathematical equivalence of the distributed magce allocation in equa-
tions (4.3) and (4.4) with the centralized approach in equation (4.1)The reason to show
the mathematical equivalence can be intuitively observed throughigure 4.2. As we can

see, the BS in the centralized architecture has to receive the raéeuments from each of the
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applications and then assign the rates to the applications accordigg On the other hand,
the problem can be greatly simplied by decomposing the application ta allocation into
two simpler problem. First, the BS assign rates to the UEs, and theithe UE assigns rates

to the applications. This can be very helpful in simplifying the BS, suclhs LTE-in-a-Box.

Figure 4.2: The centralized resource allocation assigns application after receiivg the request from each
application. The problem can simply be decomposed to network and déce optimization where the BS only
assigns UE rates, and the UE assigns application rates.

Before proceeding further, we repeat the lemma 4.4.1, proved inagher 3, for the sake of

reading convenience.

Lemma 4.4.1. The aggregate and application utility slope curvature funons Si(ri) =
M and S; (rjj) = % are invertible and their inverse functions; = S, 1) and

rj = S;*(:) are strictly decreasing.

Proof. The concavity of the logarithmic utility U;j yields in Ui?(rij) = @%7(5_”") > 0 and

. i 0 (1,
URry) = @l{éié“” < 0, and lemma 4.2.1 stems ous; () = @Og(g)'& 3) - S'j E:j ; > 0 and

@8 (ry) - Y)Y () U)o g Also, for the utility function, we have U (rj ) > 0, Uj (rj)

@y Ug (rij )
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is increasing, and it is twice di erentiable with respect torj (chapter 2). Therefore,S; (rj )
of the logarithmic utility function is strictly decreasing. From equatio (3.2) in chapter 3,
for the sigmoidal utility function U; (rj) where O<r; < R, we can write inequality set

(4.20), giving that S; (r;; ) of the sigmoidal utility function is strictly decreasing.

@
Sj (rij) > O; @—i[Sij (rj)<0 (4.20)

Equation (4.14) and inequalities 4.20 yield in inequalities (4.21). Henceflo, S; (r;; ) and
Si(r;) of all the utilities in our problem formulation are strictly decreasing @inctions; thereby,
the slope curvature functionsS; (r;) and Si(r;) are invertible and the inverse functions are

strictly decreasing.

X’ Xi
Si(ri) = i Sy (rj) + ij S (rj) >0
j=1 j=NS+1
. " (4.21)
@) _ N e@sm), M @sm)
@r =1 @y N @y
U

Next, corollary 4.4.2 proves that the centralized resource allocaticarchitecture in this
chapter leads to the same UE and application rates as the centralizeesource allocation

architecture that was introduced in chapter 3.

Corollary 4.4.2. The optimal rates assigned by the distributed resource alition architec-
ture in equations (4.3) and (4.4) are equal to the one alloat by the centralized resource

allocation architecture in equation (4.1).

Proof. The centralized resource allocation architecture's optimization in @ation (4.1) can

be written as the log-centralized optimization in equation (3.11) fronthapter 3, which
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is equation (4.22). The Lagrangian of the log-centralized optimizatiocan be written as

equation (4.23) wherez 0 is the slack variable andyr is the Lagrange multiplier.

XN
max i i logU; (rij)
=1 j=1
XN
subject to ry R; #.22)
i=1 j=1

i 0 i=1;205M; ) =120 N;

X N J
L+(r)=( i i logU; (rij))  pr( ri R+2) (4.23)
=1 j=1 i=1 j=1
Then, we have that:
@@Lﬁfr) = i §S(r5) pPr=0) pr= i jS(ry) (4.24)

so, thei™ UE's j" application rate is:

rj = Slj 1(L) (425)

i

Using equation (4.14), we can write:

Nipr = iSi(ri) (4.26)

And the i UE rate can be calculated as equation (4.27).

(=S 1(Ni__pT : (4.27)
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The Lagrangian of the distributed architecture's log-EURA optimiz#ion in equation can
be written as equation (4.28) wherez 0 is the slack variable andps is the Lagrange

multiplier.

X X
Le(r)=(_ i logVi(ri)) pE(_ r R+ 2z) (4.28)

i=1 i=1

Then, we have that:

@E(r) _
@r

iSi(ri) pPe=0) pe= iSi(n) (4.29)

So, thei™ UE rate can be written as:

rn=s ix (4.30)

ReplacingS; from equation (4.14), we can write:

Wi
Pe = i Sij (rij ) (4.31)
j=1
And, we get equation (4.32) below.
Wi
Pe = pr = Nipr (4.32)

Equations (4.27), the UE rate for the centralized architecture, rad (4.30), the UE rates
for the distributed architecture (EURA component), signify that the centralized and dis-
tributed resource allocation architectures lead to identical UE ras. On the other hand,

the Lagrangian of the distributed resource allocation architectefs log-lURA optimization



Chapter 4. Distributed Architecture for Resource Allocation 93

in equation (4.6) can be written as equation (4.33) where 0 is the slack variable andy
is the Lagrange multiplier corresponding to the internal shadow prég price per bandwidth

for all applications in the i!" UE.

i Wi
Li(ri) =( i logUy (ry)) p( 1y 1™ +2) (4.33)
i=1 j=1
Then, we have that:
@I (ri :
@f[ ) - iSi(rj) P=0) p= ;Si(ry) 8] (4.34)
And, summing thei™ UE applications gives that:
Xi Xi
p = i Sy (rij) (4.35)
j=1 j=1
Using equation (4.14) results in equation (4.36).
iNipr = iS(ri)=pe = Nipr) pr= ip (4.36)

So, the rate of thei™ UE's j1 application can be written as equation (4.37).

DT.)

ry = 540 = 53"
ij i

(4.37)

Considering the constraints of the equation (4.6), the total ratef the i" UE can be written

as equation (4.38).

) (4.38)
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Comparing equation (4.37), the application rates from the distribugd architecture (IURA
component), with equation (4.25), the application rate from the ad#ralized architecture,
signify that the centralized and distributed resource allocation ahitectures lead to identical
application rates. To summarize, the UE and application rates assigd by the centralized

and distributed architectures are the same. O

Next, theorem 4.4.3 proves that the centralized resource allocati@architecture in chapter
3 is mathematically equivalent to the distributed resource allocationrahitecture presented

in this chapter.

Theorem 4.4.3. The distributed resource allocation architecture in in eations (4.3) and

(4.4) is equivalent to the centralized resource allocaticarchitecture in equation (4.1).

Proof. Corollary 4.4.2) proved that the distributed and centralized resowe allocation ar-
chitectures produce identical UE rates as well as equal applicatioates. Therefore, the
centralized resource allocation architecture is equivalent to the digouted resource alloca-

tion architecture. U

Next, section 4.5 presents simulations to portray the application d¢iie proposed distributed

resource allocation architecture to a cellular communications syste

4.5 Distributed Architecture Simulation

Similar to the simulations for the centralized architecture in chapteB, a cell withM =6
UEs and an eNB, depicted in Figure 4.1, is considered and each UE aamently runs a delay-
tolerant and a real-time application with respectively logarithmic and igmoidal application
utility functions with parameters in Table 4.1. The sigmoidal utility with parametersa = 5,

b = 10 approximates a step function at rater = 5 and is a good model for VoIP , while
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parametersa = 3, b= 15 is an approximation of a real-time application with an in ection
point at rate r = 15 and is conducive to modeling standard de nition video streaming,
whereas parametera = 1, b= 25 is an estimation of another real-time application with the
in ection point r = 25 and is appropriate for the high de nition video streaming . Morewer,
the logarithmic utilities with r™® =100 and distinct k; parameters estimate delay-tolerant
FTP applications. The plots of the utility functions in Table 4.1 are show in Figure 4.3(a),
from which we can observe that the real-time applications require aimimum rate, i.e. the
in ection point, after which the application QoS is ful lled to a large extent. On the other
hand, the logarithmic utility is provided with some QoS even at low ratesuitable for the
delay-tolerant nature of the applications. Furthermore, as we ceobserve from Figure 4.3(a),
in compliance with the properties mentioned in section 3.1 of chaptertBe utility functions
are strictly increasing continuous functions, zero valued at zerates. Furthermore, the rst
derivative of the utility functions natural logarithm, Sij(rij), are shown in Figure 4.3(b),
which re ects the positivity and decreasing nature of the rst detvative in line with lemma

4.4.1.

Then, the distributed resource allocation architecture's solution Worithms 6, 7, and 8)
were applied to the aforesaid logarithmic and sigmoidal utility functios using MATLAB.
To account for the applications usage percentage, we set the dpation status weight vec-
tor in equation (4.2) as = f 11; 215 315 41 515 61 120 22 32, 425 527 e2g Where
represents the status weight of thg" application of the i" UE. It is noteworthy that the

addition of application usage percentages per UE is unity, i.e.j; + j» =1.

In addition, the aggregate utility functions V;(r;) for i 2 f 1;:::;6g are depicted in Fig-
ure 4.4(a) and the rst derivative of their natural logarithm, S;i(r;) for i 2 f 1;:::;6g, are
illustrated in Figure 4.4(b). As we can see, in compliance with lemma 4.3.the slope cur-
vature functions in ection points occur at the application utility fun ctions' in ection points.

Furthermore, in line with lemma 4.4.1, the slope curvature functionsra strictly decreasing.
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(a) Application Utility Functions - Distributed Architecture
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(b) Utility Slope Curvature Functions - Distributed Architecture

Figure 4.3: The system contains 6 UEs, each concurrently running delay-tolerant and
real-time application with respective identically colored logarithmic andsigmoidal utility
functions U; vs. the application-assigned rates; plots in Figure 4.3(a). Utility slope
curvature functions, the rst derivative of the application utility n atural logarithms S; with
respect to the application ratesr; are illustrated in Figure 4.3(b) where identical colors

relate to the applications on one UE.
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(b) Aggregate Slope Curvature Functions - Distributed Architecture

Figure 4.4: Figure 4.4(a) plots the aggregate utilities, multiplications fothe usage-
percentage-powered application utility functionsV;(r;) vs. the UE ratesr;, wherei 2
f1;:::;69. Figure 4.4(b) illustrates the aggregated slope curvature functis , rst derivative
of the the aggregated utility natural logarithmsS;(r;). Furthermore, decay function-induced
robustness e ect is depicted; As we can see, the lack of decaydtions yields in the system
instability revealed in the shadow price oscillation.
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Table 4.1: Applications Utility Parameters - Distributed Architecture

Applications Utilities Parameters
UE1 Appl || Sigmoida=5; b=5
UE2 Appl || Sigmoida=4; b=10
UE3 Appl || Sigmoida=3; b=15
UE4 Appl || Sigmoida=2; b=20
UES5 Appl || Sigmoida=1; b=25
UEG6 Appl || Sigmoida=0:5; b=30
UE1 App2 || Logarithmic k =15; r™* =100
UE2 App2 || Logarithmic k =12; r™* =100
UE3 App2 || Logarithmic k =9; r™> =100
UE4 App2 || Logarithmic k =6; r™ =100
UES5 App2 || Logarithmic k =3; r™ =100
UE6 App2 || Logarithmic k =1; r™ =100

Next section investigates bids and rate allocations for the UEs andgpg@lications in our

system under varying eNB resource availabilities and the distributedrchitecture.

45.1 Rate Allocation and Bids for 10 R 200

In the following simulations, we set the termination threshold =10 4 and the eNB rate
R to sweep from 10 to 200 with an step size of 5 bandwidth units. Besgleéhe application
status weights is considered to be = f0:1;0:5;0:9; 0:1; 0:5; 0:9; 0:9; 0:5; 0:1; 0:9; 0:5; 0:1g. It
is worth mentioning that the addition of usage percentages per UE isity, e.g. adding the
1st and the @&h components of the set (which are indeed the usage percentagas foth
of applications running on UE1), we get A + 0:9 = 1, and so forth. For the distributed
resource allocation (Algorithms 6, 7, and 8), UE assigned rates adepicted in Figure 4.5

during the EURA Algorithm with the changes in the eNB available resowesR. As we can
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45

40

Figure 4.5: UE Optimal Rates: This gure depicts the optimal rates Bocated to the UEs
by the distributed scheme vs. eNB resources. No user is droppexre assignment is zero.

observe, initially all the UEs are allocated some rates which is owing tbe fact that they
all subsume real-time applications in need of immediate rate allocatiobgfore any QoS is
met. For instance, UE2 has a real-time streaming video application &sed on Table 4.1),
which requires a bandwidth assignment right away. In Figure 4.6, wéhaw the UEs bids
fwiji 2 f 1;:::;6gg during the EURA algorithm under changing eNB bandwidthR. First of
all, we see that the more resources become available at the eNB, tiigher rates are assigned
to the UEs. On the other hand, the dearth of the resources (sihd&) causes those UEs which
have applications with higher bit rate requirements to bid higher in ordr to gain resources.
For instance, since UE2 includes a real-time streaming video applicatidts urgent need for
bandwidth allocation causes its initial higher bid for the resources, hich is responded by

its fast allocation portrayed in the Figure 4.5.

Then, the distributed resource allocation architecture's IURA algathm has the UEs inter-
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Figure 4.6: UE Bids: This gure illustrates the UE bids for acquiring theresources vs. the
eNB rate. The applications requiring more resources bid higher. Windandwidth is scarce,
applications needing more resources bid signi cantly higher than thethers. The plots reveal
that the higher bid are tantamount to receiving more resources.

nally allocate rates to their applications based on the pledged bids as 8tuated in Figures 4.7
and 4.8. In Figure 4.7, we show the allocated applications rates; ji 2 f 1;:::;69") 2 f 1,299
during the IURA algorithm under changing eNB rateR. As we can observe, initially
more resources are allocated to the real-time applications since skehave more stringent
QoS requirements. In Figure 4.8, we illustrate the applications' inteally pledged bids
fwjji 2 f1,::569~ ) 2 f 1,299 during the IURA algorithm under changing eNB rateR.
Inasmuch as the real-time applications of the UEs need more resoes, they bid higher than
the delay-tolerant applications specially when the resources areasme. In fact, we can see
that the bid values for the delay-tolerant applications is signi cantlyless than those of the
real-time ones such that they are very close to the horizontal axis Figure 4.8. Furthermore,

those applications with higher QoS requirements such as the real-gnstreaming video in
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Figure 4.7: Application Optimal Rates: This gure depicts the optimalapplication ratesr;;
vs. the eNB rateR. Applications running on an UE are identically colored. As we can see,
real-time applications are initially allocated more resources as oppds®e the delay-tolerant
ones due to their urgent need for resources.

UEL1 (red plot) bid higher in order to gain more bandwidth. However, & more resources

become available at the eNB, bid values slash down as well.

It is notable that since utility proportional fairness objective funtions are leveraged in
the formation of the optimizations in equations (4.3) and (4.4), the idtributed algorithms
do not assign a zero rate to any UEs, thereby no user is droppeddaa minimum QoS is
warranted. As we mentioned before, an eNB allocates the majorityf the resources to the
real-time applications until they reach their utility in ection rate r; = b; . However, when
the total eNB rate exceeds the in ection point rates sumP b; of all real-time applications

incumbent in the system, eNB can allot more resources to the deltylerant applications
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Figure 4.8: Application Bids: This gure illustrates the applications bidsin the UEs. The
real-time applications bid higher when the resources are scarce,il@hhe opulence of eNB
resources escalates the application rates and reduces the UE bids

with ease of mind. This behavior is observed with the rate increasedbid value plummet
P
that take place after the eNB rate surpasses the in ection pointsum, i.e. R = b =105,

in Figure 4.7.

Furthermore, the improvement in the Algorithms 6 and 7 over the Algrithms 4 and 5
can be observed in the uctuation reduction of the shadow price gected in Figure 4.4(b),
in which the decay function stabilizes the rate allocation by eliminating sxillations. Such
an allocation behavior is similarly seen for Algorithm 6 and 7 over Algoritih 4 and 5 for
R > P by = 105, but Algorithm 6 and 7 fails to assign the optimal rates and bidsafr
R < P b = 105. Therefore, Algorithm 6 and 7 is robust under scarce resag availability

circumstances.

Next, section 4.5.2 discusses the pricing capability of the proposetstdbuted resource

allocation modus operandi and presents germane simulation results
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45.2 Pricingfor 10 R 200

As we explained before, Figures 4.7 and 4.8 show the nal rates andd® of di erent
applications with varying eNB bandwidth, and the applications bids argyroportional to
the allocated rates. For example, the real-time applications (sigmait application utility
functions) bid higher when the eNB resources are scarce and thieigls reduce afRk increases.
Therefore, the pricing, proportional to the bids, istra c-dependent which outts service
providers with the option to escalate the service price for their ssbribers when the tra c
load on the system is high. Thereby, service providers can motivateobile subscribers to
utilize the network when the tra c load is low in that they will be paying le ss for the same

services by using the network during o -peak hours.

The shadow pricep(n), representing the total price per unit bandwidth for all users ad
applications, is illustrated in Figure 4.9 when eNB rate changes. As warcobserve, the price
is high under high-tra c situations, implied by a xed number of users with less available
resources R is small), and it decreases for low-tra ¢ circumstances when the sz number
of users have the luxury of more resource® (is large). It is particularly noticeable that
large plummets in the shadow price occur afteR = f 15;25; 85, 105 which are essentially
the points at which the rate for one of the real-time application utilities exceeds that of its
in ection point. Furthermore, a large decrease is visible at the sumfahe in ection points
, i.e. i <, 1. Here, k = f1;2;::;Mg is the users indexM is the number of users, and
i is the user with the maximum utility slope argmaxS;(r;), in our case user 3l = 15)
followed by user 2 [p; = 10) then the three users 1, 5, 6 which have almost the sans(r;)
(b = 5;b5 = 25;h = 30), and ultimately user 4 (; = 20). The larger the dierence
between slopes S; = jSi(ri) Si(r;)j, the higher the change in the shadow pricp(n) plot

vs. R.
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Figure 4.9: Shadow Pricg vs. eNB ResourceR: Availability of more eNB resources reduces
the shadow price.

4.6 Benchmark

In order to evaluate the e ectiveness of our proposed resourabocation modus operandi,
we look at another proportional fairness method for resource atlation [166]. The authors in
this work used the same optimization as we did as in equation 4.39, butely used weighted
logarithm functions instead of sigmoidal utility functions. The weighéd logarithm function
is provided in equation (4.40). The authors proposed using the wetglactor w; to t the
logarithm to sigmoidal tra c. The reason that the authors [166] ugd weighted logarithm
functions is their e ort to use convexity in the optimization. The authors proposed that the

weights can be adjusted using measurements or curve- tting.
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YooY ) o
mrax Uij Y (i)
i=1  j=1
XN
subject to i R (4.39)
i=1 j=1

In order to nd the wights for the logarithms modeling sigmoidal utilities which model the
realtime tra c QS themselves, we used LevenbergMarquardt algahm (LMA) [167, 168],
whose primary application is in the least squares curve tting problem Basically, for n
datum pairs of independent and dependent variablesx;( y;), LMA optimizes parameters

P
of the curvef (x; ) such that it minimizes L, (yi f(xi; )).

Ui(r;) = ilog(ri) (4.40)

In order to make the comparison, we used the same logarithmic andrmeoidal utilities as
in section 4.5; however, we curve- tted the sigmoidal utility functims using the LMA to the
weighted logarithm function in equation (4.40). The results are shawin Figure 4.10, from
which we can see the resources allocated to the realtime applicatidhsough our method by
the dark blue bar, the resources allocated to the realtime applicatis by the method in [166]
as the light blue bar, the resources allocated to the delay toleranpplications by our method
by the yellow bar, and the resources allocated to delay-tolerantarc by the brown bar. As
we can observe from this normalized plot, the method in [166] assidnat least 10% less
resources than did our method to the realtime applications. On thetleer hand, it allocated
more resources to the delay-tolerant trac. This is in spite of the eal-time applications
need for higher amount of resources as opposed to the delay tafgrtra c. In fact, the
delay-tolerant tra ¢ QoS will not be hurt under lack of enough resairces while those of the

real-time tra c will be.
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Figure 4.10: Comparison of the resources allocated by our propdseethod and sigmoidal-
tted logarithm.

This shows that our proposed method is application-aware in that it lnks at the trac
type and it is more cognizant of the QoS requirements of the tra c lcause it assigns
more resources to real-time applications while it allocates less resms to the delay-tolerant

applications.

4.7 Chapter Summary

In this chapter, we developed distributed architecture for the Q®minded utility propor-
tional fairness framework for resource allocation for the cells ofcllular communications
system that was introduced in chapter 3. The distributed architdare was composed of a
EURA optimization which allocated the UE rates by the eNB and an IURAoptimization
which assigned application rates by the UEs. Not only did we prove thahe proposed
distributed resource allocation architecture's EURA and IURA optinization problems are
convex and solved them through the Lagrangian of their dual prdém, but also we proved
the optimality of the rate assignments. Moreover, we proved thahe distributed architec-

ture does not lead to optimal rates for all resource availability situgons at the eNB. So,
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we introduced a variation of the distributed resource allocation whitadded robustness into
the algorithms via decay functions. Furthermore, we proved thathe distributed resource
allocation architecture that was developed in this chapter is matheatically equivalent to
the centralized resource allocation architecture that was introdied in chapter 3. Ultimately,
we performed simulations in MATLAB to show the application of the prposed distributed

resource allocation architecture to a cellular communications syste



Chapter 5

Tra ¢ and Sensitivity Analysis of

Resource Allocation Architectures

Resource allocation methods which aim at ful lling the QoS requiremestof current-day
cellular networks have been the focus of many research studieshisrT attention to QoS-
minded resource allocation techniques is partly because preseat+aellular communication
systems contain smart phones capable of running several applioat simultaneously. Since
the applications have miscellaneous QoS requirements based on tyeet of the tra c that
they deal with, many modern resource allocation schemes incorpte the application QoS
requirements into their operation. Furthermore, a wide variety oSubscribers use the cur-
rent communication systems; as such subscriber types have beeciuded in many of the
current resource allocation techniques. Besides, concurreninning of the applications on
the smart phones motivates including the application usage tempdrahanges into novel
resource allocation schemes. Much of the state of the art in singleriger resource alloca-
tion ( [92,94{96]) considers either the tra ¢ nature or the subsciber type; However, these
works do not address whether the allocated rates are optimal arb not account for all

the aforementioned QoS-related issues simultaneously. In additjiomany research studies

108
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developing a multi-carrier resource allocation ( [66,97,98,169]) dotrattend to the aforesaid

QoS-related concerns, i.e. subscriber type, tra ¢ nature, andra ¢ dynamics concurrently.

We developed a single-carrier radio resource allocation formulatioast under a utility
proportional fairness framework in chapter 3. We proved the ophality of the resource
allocation method formulation and incorporated the tra ¢ nature, subscriber type, and ap-
plication usage percentages in the formulation. Furthermore, weedeloped the formulation
into a centralized and a distributed architecture in chapters 3 and,4respectively. This
chapter complements the centralized and distributed optimal resoce allocation that we de-
veloped in the aforementioned chapters by presenting a tra ¢ angensitivity mathematical
analysis of the architectures. The tra ¢ analysis includes a transmgsion overhead analysis
of the centralized and distributed resource allocation architectes and derives lower bounds
for the transmission overhead. The sensitivity analysis studies wher the UE pledged bids
and their allocated rates remain optimal when the number of UEs oheir application usage
percentages temporally change in the system. Moreover, the siinity analysis investigates
the variations incurred for the transmission overhead of the cenalized and distributed archi-
tectures when the UE quantity and/or application usage percengges change in the system.
In particular, the aforementioned changes of the transmission @shead is investigated when
the UEs rebid or do not rebid in their response to the echosystemasiiges imposed by the
altered UE quantity and/or application usage. Besides, to-be-died predicates germane to

the tra c and sensitivity analyses are con rmed through appropriate simulations.

5.0.1 Contributions

The contributions of this chapter are summarized below.

We analyze the sensitivity of the centralized optimal resource allotians that we have

developed in chapter 3 to temporal variations incurred in the UE qudity or in the
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application usage percentages in the system.

We analyze the sensitivity of the distributed optimal resource allo¢@mns that we have
developed in 4 to temporal variations incurred in the UE quantity or irthe application
usage percentages in the system for the cases where all UEs relsido not rebid for

resources in the face of the imposed system dynamics.

We analyze the transmission overhead associated with the centralizand distributed
optimal resource allocation schemes in chapters 3 and 4 and derivansmission over-

head lower bounds.

We analyze the transmission overhead changes of the centralizedl alistributed op-
timal resource allocation schemes in chapters 3 and 4 to temporalriations incurred
in the UE quantity or in the application usage percentages in the syasin for the cases
where all UEs rebid or do not rebid for resources in the face of the pmsed system

dynamics.

We verify the sensitivity and tra ¢ analyses statements via suitablesimulations.

The remainder of this chapter proceeds as follows. Section 5.1 gms a tra ¢ analysis of
the centralized and distributed resource allocation architecturdbat were developed in chap-
ter 3 and 3, respectively. Furthermore, it investigated the sensitity of the aforementioned
architectures to UE quantity dynamics. Then, section 5.2 presesta tra ¢ and sensitivity
analysis of the aforementioned centralized and distributed resmer allocation architectures
to application usage temporal dynamics. Section 5.3 provides with aidf discussion about
the computational complexity of the aforementioned centralizedral distributed resource
allocation architectures. Section 5.4 portrays simulations to depidhe tra c/sensitivity

analysis results in this chapter. And, section 5.5 concludes the chap

Next, section 5.1 develops a tra c analysis of the centralized and disbuted resource

allocation architectures that were developed in chapters 2 and 3gpectively.
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5.1 Trac/Sensitivity Analysis under UE Quantity Dy-

namics

We consider a cellular communications systems witii UEs served by a base station (BS)
in Figure 5.1. The UEs run real-time and delay-tolerant applications wdse QoS is modeled
by application utility functions. The application utility function U(r) represents the QoS
satisfaction of the application, represented byJ(r), in terms of the application allocated

rater.

7
—

Figure 5.1: System Model: Single cell of the cellular network with a base station (B) coveringM = 6 UEs
simultaneously running delay-tolerant and relay-time applications represented by logarithmic and sigmoidal
utility functions respectively.

In the centralized architecture, UE application rates are directly ssigned by the BS in
a single stage. The centralized architecture can be formulated aguation (5.1). Here,M
UEs are covered by a BS and = [rq;r,;:::;rm] is the rate vector, whosei™ component
is the rate allocated to thei™ UE. Besides,rj, U; (rj), and ; respectively represent the
rate allocation, application utility function, and application usage petentage of thej™
application running on the i UE. Hence, we can writep szil i = 1 which states that
the addition of the usage percentages of the applications running ¢he i" UE is 100%.
Furthermore, we can writer; = P szil rij whereN; is the number of applications coevally
running on the i UE and the equation implies that thei®™™ UE rate is the addition of the

rates for its N; applications. R is the maximum bandwidth available to the BS and ; is

a subscription-dependent weight for the!" UE. Regarding the centralized architecture, we
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proved the following in chapter 3.

The centralized resource allocation in equation (5.1) is convex and sha tractable

solution.

The resource allocation in equation (5.1) refrains from dropping UEgrioritizes real-
time applications, considers application usage variations, and aceds for UE priori-

ties.

The centralized resource allocation in equation (5.1) is solved via algms 9 and 10

implemented in the UEs and BS.

vy
max Ui " (rij)
i=1  j=1
XN
subject to i R, (5.1)
i=1 j=1

i 0 i=1;2:0M; J =1;200N

Algorithm 9 UE Centralized Algorithm
loop
Send application utility parametersfa; ;b ; j ;kjj ;ri"gto BS.
Receive rateg?™ = friP'; r¥';:;r g from the BS.
Allocate rate ri‘j’pt internally to j™ applications.
end loop

Algorithm 10 BS Centralized Algorithm

loop
Receive applicatiorbutility &@rametersf aj;hy; ;ki,-P' r{J“aXFg from UEs.
_ M N; M N; _
Solver = arg max . i a1 logUj (rj) p( = Mg R). fwherer =

froroirmgandr = frigriz;iirin, gg
Sendr; = frig;riz; i, gto it UE.
end loop
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In the distributed architecture, there are two optimization problens; the rst optimization
allocates optimal UE rates by the BS via signaling between the BS andsitovered UEs.

This optimization, referred to as EURA, is written as equation (5.2).Here, forM UEs,

Vi(ri) = Qszil U;" (ry) is the aggregate utility function for thei™ UE, andr = [ry;ra; 251y ]
is the UE rate vector whosei™™ component is the bandwidth assigned by the BS to the
i UE. On the other hand, the second optimization focuses on distriing the application
rates by the UEs hosting the applications and it is performed interily to the UEs. This
optimization, denoted as the IURA, is written in equation (5.3). Herer; = [ri1;ri2; 35 fin, ]
is the application rate vector whosg " component indicates the bandwidth allocated by the

"' is rate allocated to thei™ UE by the BS via solving the

i UE to its j! application, r
EURA optimization in equation (5.2), and N; is the number of applications running on the

i" UE. Regarding the distributed architecture, we proved the followig in chapter 4.

The distributed resource allocation architecture's EURA optimizatia in equation (5.2)

and IURA optimization in equation (5.3) are convex and have tractale solutions.

The distributed resource allocation architecture's EURA optimizatia in equation (5.2)
and IURA optimization in equation (5.3) refrain from dropping UEs. ILRA prioritize
real-time applications over delay-tolerant ones and considers appliomn usage changes.

EURA accounts for subscriber di erentiations.

The distributed resource allocation architecture in equations in eations (5.2) and

(5.3) are solved via algorithms 11, 12, and 13 implemented in the UEscBS.

(5.2)
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max U; " (ryj)

I

Wi

ri 0, J=1;2:5N;:

Algorithm 11 UE EURA Algorithm
Send initial bid w;(1) to eNB.
loop
Receive shadow pricg(n) from BS.
if STOP from eNodeBthen
Calculate allocated rater
else
Solver;(n) = arg max logVi(ri) pe(n)r; .

opt _ wi(n)
i 7 p(n)

Calculate new bidw;(n) = p(n)r;i(n).
if jwi(n) w(n 1)j> w(n) then
wi(n) = wi(n 1) +sign(wi(n) wi(n 1)) w(n)f w=le 2 or w= 'ﬁg
end if
Send new bidw;(n) to eNB.
end if
end loop

Algorithm 12 BS EURA Algorithm
loop
Receive bidsw;(n) from UEs. fLet w;(0) =1 8ig
if jwi(n) wi(n 1)j< 8ithen
STOP and allocate rates (i.er >
else
Calculate pe (n) =
Send new shadow pricee (n) to all UEs
end if
end loop

to useri)

P
iM=1 Wi (I’l)

For the centralized resource allocation architecture in equation (b), the following propo-

sition is conceivable.

Proposition 5.1.1. The minimum transmission overhead of the centralized resme alloca-

tion in equation (5.1) is 2M..
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Algorithm 13 UE IURA Algorithm
loop
Receiver ™ from BS. f by EURA Algorithmsg
Solve
ri = arg max (i logUy (ry) ey )+ pr™ fri = frigriz e, og

Allocate rj; to the j™ application.
end loop

Proof. The centralized architecture solution algorithm assigns an applicatiarate in a single
iteration. Therefore, M transmissions of the application utility parameters from theM

UEs in Figure 5.1 to their BS proceeds witiM transmissions of the optimal rates (the rate
optimality of the centralized architecture in equation (5.1) is alreadyproved in chapter 3)
from the BS to the M UEs. Hence, the the centralized resource allocation architectise
solution algorithm incurs a transmission overhead of\2. This is also the minimum possible
number of transmissions to permit initiating connections by theM UEs and assigning the

rates to them by the BS. O

Now we look at the UE quantity dynamics for both the distributed andcentralized resource
allocation architectures. Consider a scenario where the numberUis in the system changes
from M, at time slot n; to M, at time slot n, +1. Therefore, the instantaneous UE quantity

M (n) at time slot n can be written as equation (5.4).

8
2 My;n o
M(n)=> (5.4)
Ms ; n>n,

We assume that steady state rates are reached at the time slats and n, for the M, and
M, users respectively so that the steady state rate vectof® can be expressed as equation

(5.5).
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8
2 r(n) ;N ng

rss= S (5.5)
r(ny) ; n>ny:

Considering the instantaneous number of UEs as equation (5.4) atite steady state rate
vector as equation (5.5), we perform a tra ¢ analysis of the distrilted resource allocation
architecture's solution algorithm when the UEs rebid for resources the face of the echosys-
tem changes induces by the UE quantity alterations in section 5.1.0.Also, we perform a
similar analysis when UEs do not rebid for resources in the face of th& quantity changes

within the cellular system in section 5.1.0.2.

5.1.0.1 Distributed Architecture with Rebidding

For the cell with M UEs as in Figure 5.1, we assume that incumbent UEs (users already in
the cell and have been assigned optimal rates) rebid for resowgeehen new UEs enter/leave

the cell. In this case, proposition 5.1.2 is considerable for the transsion overhead.

Proposition 5.1.2.  'When UEs rebid for resources in the face of UE quantity dynacs, the
transmission overhead of the distributed resource allogat architecture's solution algorithm

is maximum and greater than or equal t@M,+2 Mj.

Proof. When new UEs enter the cellM, > M ;. The new UEs send their initial bids
individually requiring M, M, transmissions to the BS. If ; is available at the UEs, the BS
broadcasts a new shadow price to the UEs which accumulates thewher of transmissions to
beM, M;i+1. Next, the M, UEs transmit their new bids to the BS which broadcasts another
shadow price. This process is repeat&dimes until the convergence occurs, i.e. optimal rates
are assigned to the UEs. This amounts to the transmission overlie@, M;)+1+ kM,+k =
(k+1)M,+ k+1 My; this corresponds to the transmission overhead to be minimally

2M, + 2 M, for one iteration (k = 1). On the other hand, if ; is only available at
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the BS, it transmits a modi ed shadow price'“’—Ei to the UEs under its coverage. Thus, the
transmission overhead will bel, Mj)+ M, +2kM, =(2k+2)M, M,, corresponding
minimally to 4M, M; for one iteration (k = 1). Obviously, 4M, M; 2M,+2 My;

hence, the transmission overhead is greater than or equal tM2+2 M, when new UEs

enter the system.

When some UEs leave the celM,; > M ,. The UEs, leaving the system, sent#l; M-
transmissions to signal the BS about their service termination regst. If ; is available at
the UEs, the BS broadcasts a new shadow price to the UEs which acwlates the number of
transmissions to bevi; M, +1. Next, the M, UESs transmit their new bids to the BS which
broadcasts another shadow price. This process is repeatedimes until the convergence
occurs, i.e. optimal rates are assigned to the UEs. This amountsttee transmission overhead
My My)+1+ kMy+k=(k 1)M,+ k+1+ M,, corresponding minimally to M,+2 M,
for one iteration (k = 1). On the other hand, if ; is only available at the BS, it transmits a
modi ed shadow price"’—Ei to the UEs under its coverage. Thus, the transmission overhead
becomesil; My)+ M, +2kM, =2kM, + M, transmissions, corresponding minimally to
2M, + M, for one iteration (k = 1). Obviously, 2M,+2 M; 2M,+ M (there is at least
one UE in the cell at time ny, that is min (M) = 1); hence, the transmission overhead of
the distributed approach with rebidding is greater than or equal t&M,+2 M; when the

UEs leave the system. O

For the distributed scheme with rebidding, the following proposition cusses the dynamics

of the allocated rates and pledged bids to the variations incurred irhé UE quantity.

Proposition 5.1.3.  When UEs rebid for resources in the face of UE quantity dynaas, the
allocated rates and pledged bids of the distributed res@uadlocation architecture's solution

algorithm remain optimal.

Proof. Without loss of generality, we assume that the number of UEs chaadgrom M, at
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time slot n; to M, at time slot n, and represent this dynamic adv; ! M,. We also
presume that the distributed resource allocation architecture'sotution algorithm arrives at
the steady state rate vector as in equation (5.5). We proved in cpter 4 that the EURA
and IURA optimization problems with M = M; (steady state) are optimal; therefore, the

bids and rates for theM; UEs before the time slotn; can be written as below according to

chapter 4.
ri(ny) = S Y(p(ny))
(5.6)
wi(n1) = p(ny)S (p(ny))
Pmy
Here, p(ny) = %‘“‘“ and the rate reallocations are done in accordance UE EURA,

BS EURA, and UE IURA algorithms with initial bids w;(1) = 1. Since the rates arrive
at the steady state at time slotn,, in accordance with chapter 4, the EURA and IURA
optimizations with the M, UEs are also optimal and the allocated rates and pledged bids
become optimal. Therefore, when the UEs rebid for resources erthe UE quantity changes
(from M;) to M, UEs before time slotn,, the optimal rates and bids can be written as

and the rate reallocations are

P wm
equation (5.7) based on chapter 4. Hergy(n,) = w
done in accordance with UE EURA, BS EURA, and UE IURA algorithms wil initial bids

w;(Ny).

ri(nz) = S *(p(n2));

wi(nz) = p(n2)S Y(p(n2));

(5.7)

Therefore, the optimal rates and pledged bids remain optimal fohe distributed resource
allocation architecture's solution algorithm when the UEs rebid for mources in the face of

the changes in the the number of UEs. O

Next, section 5.1.0.2 performs a tra ¢ analysis of the distributed reource allocation ar-
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chitecture's solution algorithm when the UEs do not rebid for resouges in the face of the

echosystem changes induces by the UE quantity alterations.

5.1.0.2 Distributed Architecture without Rebidding

For the cell with M UEs as in Figure 5.1, we assume that incumbent UEs (users already
in the cell and have been assigned optimal rates) do not rebid forsmirces when new
UEs enter/leave the cell. In this case, proposition 5.1.4 is considetaldor the transmission
overhead. For every UEs entering/leaving the cell, we assume thptior UEs (i.e. users
already in the cell and having been allotted optimal rates) will not reid for resources so
that priori UEs bids do not vary from those in the allocation beforeime slotn = n;, when
UE quantity alters. It is shown in proposition 5.1.4 that the transmis®n overhead is less

than the situation where users rebid for resources.

Proposition 5.1.4. When UEs do not rebid for resources in the face of UE quantityilam-
ics, the transmission overhead of the distributed resouredlocation architecture's solution

algorithmisM,+1 M, for M, >M;andM; M, for M; > M , at minimum.

Proof. When new UEs enter the cellM, > M ;. The new UEs send their initial bids
requiring M, M transmissions to the BS. If ; is available at the UEs, the BS broadcasts
a new shadow price to the new UEs, which accumulates the number todinsmissions to
M, M, + 1. This process is repeatedk times until an optimal rate allocation is reached
which amounts to the transmission overhea&k(M, M) + k. This corresponds to the
minimum M, M;j + 1 for one iteration (k = 1). On the other hand, if ; is only available
at the BS, it transmits a modi ed shadow pricep—f to the M, M4 UEs which accumulates
to 2(M, M,) transmissions. This process is repeatddtimes so the transmission overhead
becomes 21, M) +2k(M, M;) =2k+2)(M, M;) transmissions, corresponding
minimally to 4(M, M) for one iteration (k = 1). Obviously, M, M;+1 4(M, My);

so the minimum transmission overhead becomé&s, +1 M, when new UEs enter the cell.
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When some UEs leave the celM,; > M ,. The UEs, leaving the cell, signal the BS about
their service termination requests irM; M, transmissions. There are no further messages
exchanged between the BS and the UEs, so the transmission oeati becomed; M.
Thus, the minimum transmission overhead becomé4,; M, when some UEs leave the cell.
To recap, the minimum transmission overhead iM, Mj;+1for M, >M;andM; M,

for M1 > M. O

It is noticeable that the minimum transmission overhead under a rebiting policy in the
face of the UE quantity dynamics is #1,+2 M transmissions - proposition 5.1.2 - which
is larger than the minimum transmission overhead when the UEs do nogbid on resources,
ie. My M, (M, Mj+1) (proposition 5.1.4) when the UEs leave (enter) the system.
Next, lemma 5.1.5 proves that the rates and bids are not optimal fahe distributed scheme

with no rebidding when the UE quantity changes.

Lemma 5.1.5. When UEs do not rebid for resources in the face of UE quantityrlamics, the
allocated rates and pledged bids of the distributed res@uadlocation architecture's solution

algorithm are not optimal.

Proof. We assume that the rates and bids arrive at the steady state beéotime slot n; so
that the rates and bids forM; UEs at time slot n, are optimal and can be written according

to the equation (5.5) based on chapter 4.

ri(ny) = § Y(p(n1));

wi(n1) = p(n1)S; Y(p(na));

(5.8)

M
izll wi(n1)

P
Here,p(n;) = —==—— and the rate allocations are done in accordance with UE EURA,
BS EURA, and UE IURA algorithms with initial bids w;(1) = 1. When new UEs enter the
cell, i.,e. M, > M 4, incumbent UE bids ( 2 f 1;2;:::;; M1g) remain xed for time slotsn >n

and, based on chapter 4, the shadow price can be written as:
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P
M1 M.
= W)+ iy Wi(N >N
p(n>n,) = i=1 . ;
R
M2 (5.9)
p(n>n,) = p(ng) + —=Mi*t wi(n>ny)
1 1 R .

Furthermore, similarly to the equation (according to equation (5.5)the UE pledged bids

can be expressed as equation (5.10).

p(n1)S, *(p(ny)) ; i=11,2:: Mg

wi(n>n41)= _ p(n>ny)S Yp(n>n,)) (5.10)

TV AR 00

i =M +1; M+ 2 Mog

Assuming that rates and bids converge before time slab when there areM, UEs in the
system, based on chapter 4, the rates of theé, UEs follow equation (5.5) as they reach
optimal values. Therefore, the optimal rates and pledged bids ainte slotn, can be written

as equation (5.11).

8
- 2 p(ny)S; Y(p(ny) ; i = L2 Mg
wi(no) =
7 p(n2)S M(p(ny) ;i = My + 1 Mog
8 (5.11)
2 pn)e 1 T,
)= BODS Yp(ny) ;0= F125 Mg
S *(p(n2)) ; i=fMi+1;05Myg
PMlW‘(n) Pms wi (nz2)
Here, p(n;) = —==- and p(n,) = p(n;) + ——F—— and the reallocation is done

in accordance with UE EURA, BS EURA, and UE IURA algorithms with theinitial bids
w;(n;). Contrasting the allocated rates and pledged bids at tima,, i.e. equation (5.11),
and the optimal rate allocation and pledged bids, i.e. equation (5.7),emobserve the rate

reallocation and pledged bids are non-optimal. O
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It is noticeable that the rate allocation and pledged bids for the disibuted resource
allocation architecture do not remain optimal when the incumbent UE do not rebid for
resources in the face of the UE quantity changes. In contraste rate allocations and pledged
bids remain optimal for the distributed resource allocation architéare when incumbent UEs
rebid for resources in response to UE quantity dynamics; howeydhis is at the expense of
the excessive transmission overhead duo to the incumbent UEs icebng procedures. Next,
section 5.1.0.3 discusses the tra c analysis of the centralized resoa allocation architecture

to the UE quantity changes.

5.1.0.3 Centralized Architecture

A transmission overhead analysis of the centralized resource allboa, assigning optimal

rates after one algorithm iteration, is explained in proposition 5.1.6.

Proposition 5.1.6. The centralized resource allocation architecture's minionm transmission

overhead is2M, M, whenM, >M ; and M; whenM, <M ;.

Proof. When new UEs enter the cellM, > M ;. The new UEs send their utility function
parameters inM, M transmissions to the BS which returns the application rates for the
M, UEs. Thus, the transmission overhead become#12 M. On the other hand, when
some UEs leave the cellM; > M ,. The UEs, leaving the cell, signal their BS with their
service termination requests requiringl; M, transmissions to the BS. The BS returns the
rates for the newM, UEs. There are no further transmissions and the transmission ohead

becomedM; M+ M, = M;. O

Next, section 5.2 presents a tra c analysis of the distributed and entralized resource

allocation architectures to temporal application usage changes.
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5.2 Tra c/Sensitivity Analysis under Application Us-

age Dynamics

We consider a cell oM UEs and a BS as in Figure 5.1. At time slony, the i" UE
has the aggregate utility functionV;(r;). When the UEs change their application usage
percentage, the aggregate utility functions for the UEs changén particular, assume that
at time slot ny+1, M%of the M UEs (M °< M ) change their application usage percentages.
Consequently, those UEs aggregate utility functions change. As @xample, thei™ UE of
the M UEs gets the aggregate utility functionV,{r;). Thus, the time-dependent aggregate
utility function for the i" UE of the M° UEs at time slot n, denoted asV;(r;;n), can be
written as equation (5.12).

8
2 V() n n

Vi(risn) = (5.12)
>
VAri) ; n>n,
Furthermore, we assume that a steady state rate allocations aaehieved for thei™ UE with
aggregate utility functionsV;(r;) and V/{r;) at time slots n; and n,, respectively. Therefore,
the rate vector can be expressed as equation (5.13).

8

2r(ny);n om
rss= (5.13)

r(ng) ; n>n;,
Like section 5.1, we consider the centralized resource allocation harecture, the dis-
tributed resource allocation architecture when UEs rebid for resoces in the face of the
application usage dynamics, and the distributed architecture whetlhe UEs do not rebid for

the resources once the application usage percentages change.
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5.2.0.4 Distributed Architecture with Rebidding

For the cell with M UEs as in Figure 5.1, we assume that xed-utility UEs, i.e. the UEs
with unvaried aggregate utility functions, rebid for resources in ta face of the changes to
other UEs aggregate utility functions, induced by those UEs' alt@éng their application usage

percentages. With regard to the transmission overhead, propisn 5.2.1 is considerable.

Proposition 5.2.1. When application usage percentage bf°of M UEs changes, the trans-
mission overhead of the distributed resource allocationchitecture when all UEs rebid for

resources is greater than or equal tM + M %+ 2.

Proof. The M ° UEs that change their application usages cause changes into thejgaegate
utility functions. These UEs send their initial bids to the BS inM ° transmissions. If ;
is available at the UEs, the BS broadcasts a new shadow price to theE&l Then, the
entire M UEs transmit new bids to the BS. This process is repeatddtimes until optimal
rates are achieved, so the transmission overhead becorive$+ 1 + kM + k, corresponding
minimally M + M %+ 2 for one iteration (k = 1). On the other hand, if ; is only available
at the BS, it transmits a modi ed shadow pricep—f to the UEs under its coverage requiring
M transmissions. TheM UEs send new bids to the BS and this process is iteratdd
times until optimal rates are achieved. Thus, the transmission oxeead becomed °+ M +
2kM at minimum; this corresponds to 81 + M for one iteration (k = 1). Under normal
circumstances, the number of UEs in a cell is much large than 1, so ikdomes trivial that
M+ M%+2 < 3M + M. Hence, the minimal transmission overheads M + M°%+ 2 when

the UEs rebid for resources in the face of application usage dynamiic O

Next, proposition 5.2.2 investigates the sensitivity of the distributé resource allocation
architecture to the application usage dynamics when all UEs rebidrfoesources in response

to the application usage changes.
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Proposition 5.2.2.  When application usage percentage M °of M UEs changes, the allo-
cated rates and bids of the distributed resource allocati@nchitecture remain optimal when

all of the UEs rebid for resources in the face of the applicati usage changes.

Proof. In chapter 4, we proved that the EURA and IURA optimizations are ptimal for M
users. Hence, without loss of generality and assuming that th® UE aggregate utility is
Vi(r;) and its slope curvature function isS;(r;), we can express thé" UE's optimal rates

and bids at time slotn; as equation (5.14).

ri(ny) = S (p(ny))

wi(ng) = p(n1)S Y(p(ny))

(5.14)

iM=l wi(n1)

Here,p(n,) = Pf and the rate allocations are done in accordance with UE EURA,
BS EURA, and UE IURA algorithms with initial bids w;(1) =1. Once M°UEs (M°< M)
alter the usage percentage of at least one of their applications,eih aggregate utility and
slope curvature functions change and, with no loss of generalityevean represent them as
Vqr;) and S{r;), respectively. HoweverM MO UEs keep their aggregate utilitiesV; (r;)
and slope curvature functionsS;(r;). Thus, the optimal rates and bids at time slotn, can

be expressed as equation (5.15).

8
2 p(n)S H(p(n2)); i=fL2:MY
wi(n2) = > 1 . 04 1-MOL Deeer
p(n2)S, “(p(nz)) ; 1=fM °+1;M°+2:::;Mg
8 (5.15)
% P Yp(ny) 5 i =125 Mg
ri(nz) = g S (p(ny)) ; i=f1,2:u5MY

S (p(n2)) ; i=fM%°+1;M%+2:;Mg
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iM=l Wi (nZ)

P
Here, p(n;) = —=z—— and the reallocation procedure is done in accordance with UE
EURA, BS EURA, and UE IURA algorithms with initial bids w;(n;). Contrasting equations

(5.15) and (5.7), we observe that the rates and bids at time, are optimal. O

Next, section 5.2.0.5 investigates the transmission overhead anchs#vity of the dis-
tributed resource allocation architecture when UEs do not rebid inhie face of application

usage dynamics.

5.2.0.5 Distributed Architecture without Rebidding

For the cell with M UEs as in Figure 5.1, we assume that xed-utility UEs , i.e. the UEs
with unvaried aggregate utility functions, do not rebid for resoures in the face of the changes
to other UEs aggregate utility functions, induced by those UEs' adtring their application

usage percentages. With regard to the transmission overheadnlaa 5.2.3 is considerable.

Proposition 5.2.3.  When application usage percentage bf°of M UEs changes, the trans-
mission overhead of the distributed resource allocationcduitecture when xed-utility UEs do
not rebid for resources is equal ®+ 1 at minimum and is not larger than the one with

rebidding.

Proof. M °UEs that change application usage percentages cause alterationtheir aggregate
utility functions. These UEs send their initial bids to the BS requiringM ° transmissions. If
i Is available at the UEs, the BS broadcasts a new shadow price to th&s] this routine is
repeatedk times until optimal rates are achieved, and the transmission oveshd becomes

kM %+ k, which at minimum corresponds tdM %+ 1 transmission for one iteration k = 1). On

the other hand, if ; is only available at the BS, the BS transmits a modi ed shadow price
p—Ei to the M °UEs, the algorithm is iteratedk times until optimal rates are achieved, and the
transmission overhead becomesvi®+ 2kM °= (2k + 2) M © which at minimum corresponds

to 4M ° transmissions for one iteration K = 1). Since, it is trivial that M°+1 < 4M© the
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minimum transmission overhead for the distributed resource allodah architecture becomes
M+ 1, when xed-utility UEs do not rebid for resources in the face of lianged application

usage within other UEs.

In contrast to proposition 5.2.1, i.e. the minimum transmission overlagl M + M %+ 2,
we seeM%+1 < M + M%+ 2; therefore, the minimum transmission of the distributed
resource allocation architecture when xed-utility UEs do not rebidon resources is less than
the one for the distributed resource allocation architecture wheall UEs rebid for resource

allocation. O

Next, lemma 5.2.4 investigates the sensitivity of the distributed reswce allocation archi-
tecture to the application usage dynamics when xed-utility UEs do at rebid for resources

under the application usage changes.

Lemma 5.2.4. When application usage percentage M ° of M UEs changes, the allocated
rates and bids of the distributed resource allocation ar¢acture do not remain optimal when

the xed-utility UEs do not rebid for resources in the face athe application usage changes.

Proof. Assuming that the distributed resource allocation converges beéothe time slot ny,

the allocated rates and pledged bids at time slat; are optimal according to chapter 4 and

P
M wi(n1)

R The resource

they can then be expressed as equation (5.16), whewgn,) =
allocation is done using the UE EURA, BS EURA, and UE IURA algorithms wth initial

bids w; (1) = 1.

ri(ny) = § Y(p(n1))

wi(n1) = p(n1)S; *(p(ny))

(5.16)

The i" UE bids (fiji = fM%+ 1;M°%+2;:::;Mgg) does not change for time slot® > n;
as it does not rebid for resources. When the application usage pamage ofM ° of the M

UEs changes, we can write the shadow price as equation (5.17).
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MO P M
i=1 Wi(n>nl)+ i=1+ |\/|0Wi(n1)

p(n>n,) = R
MO (5.17)
P> n) = =020 4 o)
And the UE bids can be expressed as equation (5.18).
8
2 p(n>nyS Yp(n>ny))i=fLuMY
wi(n>n,) = (5.18)
p(ny)S *(p(ny)) ; =M%+ 1;::5Mg

Assuming that the distributed resource allocation converges to timal values before the

P
time slot n,, nal rates and bids can be expressed as equation (5.19), wheta,) = w

Pyo
and p(nz) = —=gt 02+ p(ny),

8
2 p(ny)S H(p(n2));i = F1,2:5M G
w;(nz) = S
Z p(ny)S Yp(ny));i=fMO+1;M%+2;:::: Mg
8 (5.19)
2 M) p(ny) ;i = F12 MYy
ri(ng) =
S Y(p(ny)) i=fMO%+1;M%+2;:: Mg

The procedure for the resource reallocation is in accordance withet UE EURA, BS
EURA, and IURA algorithms with initial bids w;(n;). Contrasting the rates and bids in
equation (5.19) and the optimal rates and bids in equation (5.7), webserve that the rates
and pledged bids for the distributed resource allocation architeatel do not remain optimal

in the face of application usage changes when xed-utility UEs do nogbid for resources. [

Next, section 5.2.0.6 investigates the sensitivity of the centralizegsource allocation ar-

chitecture to the system dynamics introduced by the application @ge changes.
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5.2.0.6 Centralized Architecture

For the cell with M UEs as in Figure 5.1, we assume that the resource allocation is done
by means of the centralized resource allocation architecture, i.equation (5.1). As such
the incumbent UEs have been assigned optimal rates because wevpd the optimality of
the centralized resource allocation in chapter 3). Next, we assurtleat M ° of the M UEs
in the system change their application usages ard® < M . For the centralized resource
allocation architecture, optimal rates are assigned in one iteratioof the algorithms, i.e. one
transmission to the BS from the UEs and one reception per UE fronihé BS. Proposition
5.2.5 analyzes the transmission overhead of the centralized resguallocation architecture

to the changes introduced into the system by the application usaghanges.

Proposition 5.2.5. When application usage percentage & ° of M UEs changes, the cen-
tralized resource allocation architecture assigns optirheates with a minimum transmission

overheadM °+ M.

Proof. The M ° UEs whose application usages have changed observe variations igirtlag-
gregate utility functions as well. They send their application utility furction parameters in
M © transmissions to their covering BS, which computes and transmithi¢ new rates to the
M UEs that it is covering. Therefore, the transmission overhead i °+ M. In chapter
3, we proved that the centralized resource allocation architecteiris convex; hence, the new

rates assigned to the UEs' applications by the BS are optimal. O

Next, section 5.3 provides some insights into the computational c@hexity associated with

the centralized and distributed resource allocation architectures
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5.3 Computational Complexity Considerations

The centralized resource allocation architecture undergoes lessnputational complexity
on the UE side compared to the distributed one inasmuch as the cealized architecture
does not include the UE EURA algorithm computations performed in té the distributed
architecture. Since such intra-UE computations are eliminated in # centralized resource
allocation scheme, the UE power consumption required for implememy the centralized
resource allocation method is less than that of the distributed ardlecture. Next, section
5.4 presents simulation results for the tra ¢ and sensitivity analyss of the distributed and

centralized resource allocation architectures.

5.4 Trac Analysis Simulation

We consider the cell with 6 UEs and a BS as in Figure 5.1. Each UE conntly runs a
delay-tolerant and a real-time application. The application utility fundion parameters for
the UEs are depicted in Table 5.1. The real-time applications, repraged by the sigmoidal
utility functions, are VoIP (b= 15), standard video (b= 10; 15; 20), and high de nition video
(b= 25;30) - chapter 2. The delay-tolerant applications, represented bggarithmic utility

functions, are FTP applications - chapter 2.

Next, section 5.4.1 presents the simulation results depicting the mamission overhead of
the centralized and distributed resource allocation architecturgzresented in chapters 3 and

4, respectively.
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Table 5.1: Applications Utility Function Parameters - Tra ¢ Analysis

Applications Utilities Parameters
UE1 Appl || Sigmoida=5; b=5
UE2 Appl || Sigmoida=4; b=10
UE3 Appl || Sigmoida=3; b=15
UE4 Appl || Sigmoida=2; b=20
UES5 Appl || Sigmoida=1; b=25
UEG6 Appl || Sigmoida=0:5; b=30
UE1 App2 || Logarithmic k =15; r™* =100
UE2 App2 || Logarithmic k =12; r™* =100
UE3 App2 || Logarithmic k =9; r™> =100
UE4 App2 || Logarithmic k =6; r™ =100
UES5 App2 || Logarithmic k =3; r™ =100
UE6 App2 || Logarithmic k =1; r™ =100

5.4.1 Transmission Overhead Analysis

For the cell with 6 UEs in Figure 5.1, Figure 5.2 compares the transmises overhead
incurred by the centralized resource allocation architecture to thone experienced as a result
of deploying the distributed resource allocation approach. As we rtasee, the centralized
resource allocation (green curve) incurs a signi cantly less transssion overhead as opposed
to the distributed resource allocation scheme (blue curve). In fache transmission overhead
of the centralized resource allocation approach is very close to thbscissa whereas the
distributed resource allocation transmission overhead is far awagoi the abscissa. This
behavior is in light of the fact that the centralized resource allocatio subsumes many less
messages exchanged between the UEs and BS and the optimal &dtecation is ful lled in

a single stage.

Next, section 5.4.2 looks at the simulations done to investigate theatic and sensitiv-
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Figure 5.2: Transmission Overhead vs. BS RatR: The centralized resource allocation
scheme incurs a drastically less transmission overhead as opposdti¢ distributed approach,
as it requires less message exchanges before it converges to ptienal rates.

ity analysis predicates, derived in section 5.2, concerning the tempb alterations in the

application usage percentages.

5.4.2 Sensitivity to Application Usage Changes

For the cell with 6 UEs in Figure 5.1, we measure the sensitivity of theentralized and
distributed resource allocation architectures to the changes inged in the usage percentage
of the applications running on the UEs. Similarly to section 5.4.1, the gfication utility
function parameters are listed in Table 5.1. In the following simulationsve set the termi-
nation threshold of the algorithms to = 10 2 and the total achievable rate at the BS to

R =180.

The application usage percentage is represented as an applicatgtatus di erentiation
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Table 5.2: Application Status Di erentiation

Applications Usage-Percentage
1| f0.1,0.5,0.90.1,0.5,0.9 0.9 05,0.1,0.9, 059
» | f0.5,0.3,0.2,0.5,0.3,0.2,0.5,0.7,0.8, 0.5, 0.7,
3 | f0.5,0.9,0.38,0.5,0.9,0.8,0.5,0.1,0.2,0.5,0.1,0
4| f05,0.3,0.2,05,0.3,0.2,0.5,0.7,0.8, 0.5, 0.7,00
s | f0.5,0.9,0.8,0.5,0.9,0.8,0.5,0.1, 0.2, 0.5, 0.1,
a | 0.1, 0.5, 0.9, 0.1, 0.5, 0.0, 0.9, 0.5, 0.1, 0.9, 0.5,
p | 0.1, 0.5, 0.9, 0.1, 0.5, 0.9, 0.9, 0.5, 0.1, 0.9, 0.5,

P O N 00 N 0O B

weight, and theM UEs switch between their applications with the usage percentagescard-

ing to equation (5.20) whose values are adopted from the rst veaws in Table 5.2. As an il-

lustration, during the simulationtime0O<t< 100, = ;= f0:1,0:5;0:9;0:1;0:5;0:9; 0:9; 0:5; 0:1; 0:9; O:5;
which indicates that the ' UE utilizes its real-time application 90% of the time dura-

tion ftj0 < t < 10Qy and its delay-tolerant application 10% of the entire time interval

ftio<t< 10Qy.

8
1 ; O0<t 100
-, :100<t 200

(t) = s :200<t 300 (5.20)

4 ;300<t 400

5 ;400<t 500

The sensitivity of the centralized and distributed resource allocatioarchitectures is de-
picted in Figure 5.3. As we can observe from Figure 5.3(a), the UE e, e.g.r; for the
i UE, changes in time due to the changing application usage percergagof those UEs in

accordance with (t). During each time interval, the rates converge to optimal ones dke



Chapter 5. Tra ¢ and Sensitivity Analysis of Resource Allocation Arditectures 134

resource allocation algorithms execute. Furthermore, Figure 5t8(portrays the UE pledged
bids, e.g.w; for the i™" UE, as the application usage percentages change in accordancédiwit
(t). Like the rates, the bids converge to optimal values when the aligation usage per-
centages change. In particular, we observe that the jumps beten the bids are larger at
the commencement of the resource allocation algorithm, whered®y signi cantly shrink as

time elapses and the rates/bids converge to their optimal values.

In Figure 5.4, we show the changes in the shadow pripevs. time when the application
usage percentages change. Here, we can observe a shrinkatieeahadow price variations as
the algorithms execute in time. Furthermore, higher usage corpsnds to a higher shadow
price. Moreover, a comparison between the centralized and distuiied architectures' trans-
mission overhead while the application-usage percentages chang#ustrated in Figure 5.5,
which shows that the centralized architecture incurs a signi canthfower transmission over-
head due to the less number of transmissions it needs as opposethtse of the distribution

approach.

In fact, the centralized resource allocation's transmission overd plot is very close to the
abscissa. This behavior is because the centralized method has lesssage exchanges and
the transmission overhead is independent of the termination thriesld . On the ip side,
the lower termination thresholds augments the transmission ovezhd for the distributed
resource allocation architecture because the smaller thresholdaka the algorithms execute
more iterations before the resource allocation scheme convergesoptimal rates. More
iterations are tantamount to a larger number of messages exclygd between the BS and

UEs and escalates the transmission overhead dramatically.

Next, section 5.4.3 discusses the sensitivity of the distributed andemtralized resource
allocation architectures to the dynamics introduced by the changean the number of UES in

the system.
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(a) UE Rates with Application Usage Dynamics.

UEl —— UE4
UE2 —— UE5
UE3 UE6

Wy

0.15 [k

0.1

0.05

0 50 100 150 200 250 300 350 400 450 500
time
(b) UE Bids with Temporally Changing Applications Usages.

Figure 5.3: The UEs allocated rates; and pledged bidsw; vary in time as the application

usage percentages change. Figures 5.3(a) and 5.3(b) respelstidepict the UE rate and bid

changes as the applications usages vary in time. The time processieduces the rate and
bid jumps due to the convergence.
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Figure 5.4: The shadow price varies with temporal changes of the@igation usage percent-
ages. The more usage, the higher the shadow price.
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Figure 5.5: Transmission Overhead: The plots compares the cenizad and distributed

algorithms with respect to their transmission overhead when applitan usage percentages
change. The centralized algorithm is independent of the terminatiathreshold , whereas the
smaller thresholds causes more iterations of the algorithm leading éscalated transmission

overheads.
5.4.3 Sensitivity to UE Quantity Changes

For the cell with 6 UEs in Figure 5.1, we measure the sensitivity of theentralized and

distributed resource allocation architectures to the changes ineed in the quantity of UEs
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in the cell. Similarly to sections 5.4.1 and 5.4.2, the application utility funébn parameters
are listed in Table 5.1 and we set the termination threshold of the algéhms to = 10 3
and the total achievable rate at the BS tdR = 180. In particular, we measure the sensitivity
of the centralized and distributed architectures when new userster the cell so that the UE
guantity at time slot n; =100 is M; =5 and at time slot n; + 1 the is M, = 6. Then, the

instantaneous number of users, denoted &%(n), is given by the equation (5.21).

M (n) = S ! (521)

Furthermore, we set the temporal application status di erentiaton weight (t) as equation
(5.22), where , and |, are given in Table 5.2. This means that the temporal usage of the
applications in the system is according to the , during the time interval 0 <t 100, while
it is according to  in the time interval 100<t  200.

8

2 . :0<t 10Q
(t) =

S (5.22)

p ;100<t 200

The results for the sensitivity analysis are depicted in Figures 5.6, 5.6nd 5.8. The
simulation results show that the distributed resource allocation ahitecture's assigned rates,
pledged bids, and shadow prices deviate from optimal values wheretbEs do not rebid for
resources in the face of UE quantity changes. On the other harttie assigned rates, pledged
bids, and shadow prices do not deviate from the optimal values fdne centralized resource
allocation architecture. Figures 5.6, 5.7, and 5.8 respectively showet errors in UE rates
jri - rj, in the bids jw;  w™j, and in the shadow pricegp p°?j for the i"" UE when a
new user (here UE6) enters the cell. Since the centralized archiige retains its optimal UE
rates and bids, the errors become 0 for the centralized approadh contrast, the distributed

architecture is concomitant with peak errors before converging the steady state values. In
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Figure 5.6: Comparisons between the centralized and distributed chitectures divergence
from optimal solutions when a new users enters the cellular networkhis gure depicts the
rate error r; when UE6 enters the network.

addition, looking at the rate and bid errors in Figures 5.6 and 5.7, we ebrve that the UEs
whose real-time applications have higher QoS requirements, tantaomt to larger in ection

points in their respective sigmoidal application utility functions, undego larger errors vis-a-
vis the other UEs. Last, Figure 5.8 portrays the error in the annawed shadow price when
UEG6 enters the cell. As we can see, the centralized resource allaaratarchitecture boasts
a zero pricing error, whereas the distributed one is susceptible tb@ut 30% shadow price

error.

Next, section 5.5 summarizes the results that we have developed imst chapter.

5.5 Chapter Summary

In this chapter, we performed a tra ¢ and sensitivity analysis of the centralized and dis-

tributed resource allocation architectures that we developed in apters 3 and 4, respectively.



Chapter 5. Tra c and Sensitivity Analysis of Resource Allocation Arditectures 139

Distributed
—— [E1l
—o— UE2
—o— UE3
—o— UE4
—— UES
UEG6 (new)
Centralized

— O = N W = o O N o ©

opt

lw; — w;

(]

Figure 5.7: UE Bids with Temporally Changing Applications Usages: Thisgure shows the
bid errors when UEG6 enters the network and depicts that the raggbids remain optimal for
the centralized architecture.
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Figure 5.8: UE Bids with Temporally Changing Applications Usages: Thisgure portrays
the shadow price error for the distributed and centralized architdures, where the latter
introduces no errors.

First, we the proved that the centralized resource allocation ardeecture in chapter 3 incurs
the minimum possible transmission overhead during the rate assignmbgrocedure. More-
over, we derived the transmission overhead based on changes mtikamber of UEs in the cell
under the existence of the dearth a rebidding policy for the distrided resource allocation
architecture developed in chapter 4. We proved that the absenoéa rebidding policy entails

a transmission overhead less that or equal to that of the one withrgsence of a rebidding
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policy. In addition, we proved that the rate assignments remain ophal for variations in the
network's UE quantity for the distributed resource allocation appoach under a rebidding
policy, whilst the rates are not optimal when the number of UEs chaye for the distributed
approach with a no-rebidding policy and also for the centralized resice allocation scheme.
Besides, we proved the rate assignments remain optimal when thepécation usage per-
centages changes in case of the centralized resource allocatidrese, but it is not optimal
when the aforesaid parameter varies in case of the distributed oesce allocation method.
We also analyzed the transmission overhead and its changes fortbdthe centralized and

distributed method when the application usage percentages vary the network.



Chapter 6

Radio Resource Block Allocation

Architecture

This chapter leverages the proportional fairness resource alltioa that we developed
in chapter 3 and expands it to include a resource block allocation meetism for cellular
communications networks, where the UEs include delay tolerant andal-time applications
generating elastic and inelastic data tra c. The applications QoS is ngresented as sigmoidal
and logarithmic utility functions, and the optimization procedure aimsat maximizing the
proportional fairness of the utility functions for the cellular envirmment meanwhile it allo-
cates radio resource blocks (RBs) to the UEs e ciently in terms offte computation time and
complexity. The sensitivity of the proposed mechanisms to the vatians in total resources is

investigated with regard to shadow prices, UE rates and bids, andgsigned resource blocks.

6.1 Introduction

During the last few years, the number of mobile subscribers and ihéra ¢ has increased

enormously at a global level. In accordance with Fig. 6.1, the numbef mobile subscribers

141
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in various parts of the world has reached 276 - 1260 million subscript® (histograms below
the name of the region) and these account for an augmentation2f 31 million subscriptions
compared with Q1 2013. Furthermore, the total monthly wirelessra ¢ has observed an
astronomical growth of 7800% in data and 250% for voice as it is dejid in Fig. 6.1. Simul-
taneously, the prevalence of smartphones, combining the comptibnal power of personal
computers with the mobility of traditional cellphones, enables on-t+go ful liment of many
more user functionalities by leveraging the wealth of information auable from the Internet.
In fact it is estimated that the number of mobile subscriptions by 204 will surpass 3700
million users as opposed to only 250 million users in 2008, of which ove®@nillion will be

smartphone subscribers [3].

In view of such gigantic increments in the quantity of the subscriptios and immense explo-
sion of the network tra c, a signi cant demand for more mobile broadband service resources
is expected. On the other hand, mobile devices run di erent applicains such as mobile TV,
multimedia telephony , banking, and many more. The applications gerse types of traf-
¢ which are very distinctive in their nature [157]. For instance, e-mih applications are
delay-tolerant producing elastic tra cs whilst real-time services, . VoIP and HDV create
inelastic data tra cs. This circumstance causes applications to ha minimum performance
requirements which should be ful lled in order to provide with a reasable QoS for the

applications and a desirable QoE for their users.

In chapters 3 and 4, we developed radio resource allocation methibased on a network
utility maximization formulation. The adopted proportional fairness policy allowed for a
minimal rate to be allocated to every UE in the system and guarantdea minimum QoS
provision to all services in the network since no user would be drogbe However, the
advent and spread of radio resource block (RB)-based commurtioas infrastructures such
as LTE [32] mobile broadband services need the dynamic rate allocaisobe tailored to

assigning RBs so as to making a theoretical rate allocation modus o@adi pragmatically
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Figure 6.1: Global Mobile Subscriptions between Q1 - Q2 2013 (Adogtérom [3]): Lower

(Upper) histograms depict the total subscription quantity (subsription augmentation quan-

tity). Such enormous escalations of the number of subscriptionsake dynamic resource
allocation indispensabile.

feasible.

In this chapter, we study the RB allocation by means of the Lagrangn relaxation [170]
into a convex continuous rate allocation optimization problem. In pdicular, we formulate
the RB allocation as an integer nonlinear rate allocation optimization, ere the positive
integer rates represent the RBs which are to be allocated by a cellulaetwork. Employing
the Lagrangian relaxation, we obtain and solve the continuous ratallocation equivalent
optimization problem by resorting to its dual problem [171]. Then, we tilize the discrete

spacial boundary points of the continuous rates in order so as tateact candidates for RBs
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to be assigned to the UEs in the network by the base station. Onceiai ed candidates
are selected from the potential RBs based on the constraints onet relaxed continuous rate
allocation optimization problem, those candidates which maximize thergportional fairness
of the utility function for the cellular network system represent tle RBs that can be allocated
to the UEs by the eNB. Whilst this approach guarantees a minimum Qofér the UEs, in the
light of its proportional fairness policy which never allocates a zerate to an UE, it is able

to e ciently (in time and calculation) allocate the RBs to the UEs in a dynamic fashion.
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Figure 6.2: Monthly mobile subscribers' tra ¢ has undergone drast increases between 2007-
2012 (Adopted from [3]). Data, as opposed to voice, has the lion'sasd of the generated
tra c increase, so resource allocation strategies with an attentio to the type of data tra c

is desirable.

In this chapter:

We introduce an RB allocation scheme for wireless communications ®mss in which
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RBs are assigned to the UEs by maximizing the proportional fairness utility func-
tions of wireless system, formed from UEs utility function which coms of both sig-
moidal and logarithmic utilities to express delay tolerant and real-timeapplications

respectively.

We demonstrate that the proposed RB allocation scheme is can batisformed into a

convex rate allocation problem.

We explain that our algorithm prioritizes real-time applications above dlay-tolerant

ones and that it guarantees a minimum QoS by assuring that no userdsopped.

We show that the problem of RB allocation can be e ciently solved in tems of both
computation time and complexity by considering the boundary discte points as the

potential candidates for an assigned RB.

The remainder of this chapter is organized as follows. Section 6.2 ggats the mathe-
matical formulation for RB allocation optimization. Chapter 6.3 provices with the solution
algorithm for the RB allocation optimization in this chapter. Section 6.4presents suitable
simulations to show the performance of the RB allocation method deleped in this chapter.

And, section 6.5 concludes this chapter.

Next, section 6.2 presents the system model for the RB allocatiotudy in this chapter.

6.2 Discrete Optimization and Continuous Optimiza-

tion Relaxation

Without loss of generality, we consider a single cell in a cellular netwoikfrastructure
which subsumes a single eNB covering fdt UEs. Notationally, the bandwidth allocated by

the eNB to thei" UE is given byr;. Furthermore, each UE has its own utility functionU; (r;)
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which indicates the useii satisfaction percentage for an allocated ratg and corresponds
to the type of the tra c being generated by the UE at a particular time. Our objective
is to determine the RBs (bandwidths units) that the eNB should allodz to the M UEs
in our system under a utility proportional fairness regime so that ndJE receives a zero
bandwidth. Such a policy guarantees a minimum QoS to all UEs based ohapter 3. Like
previous chapters, we assume that the application utility function&J;(r;) are sigmoidal and

logarithmic functions with the equations (6.1) and (6.2), respectivg

1
Ui(ri) = ¢ T+eam B d (6.1)
whereg = 1;;?2[)‘ andd; = 2. ltcan be easily veri ed thatU(0) = 0 and lim,;  U(r;) =

1, where the latter indicates that a 100% satisfaction is achieved a@snite resources are
allocated to the utility function under question. Chapter 2 shows tht hy is the in ection
point for the sigmoidal utility function 6.1, after which user is satis el with the service and
before which the QoS for the service is adversely impacted. Since tarious parameters
a;h;c; and d; directly impact the shape of the utility function, they are tantamouwnt to

distinctive real-time applications with regard to the natures of theirgenerated tra cs.

Uy = 1990+ ki)

= Tog(L * K ma) (62)

In equation (6.2), rmax IS the required rate for the user to achieve 100% utility percentage
and k; is the rate at which the utility percentage increases with the augméation of the
allocated rater;. Again, it can be easily veri ed that U(0) = 0 and U(rmax) = 1, where the
latter implies that after being provided with a certain rate, the appli@ation is receiving a good
QoS. Similarly to the sigmoidal utility functions parameters, paramedr k; directly impacts

the shape of the logarithmic utility function and represents delay terant applications.
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In chapter 3, we formulated our utility proportional fairness resorce allocation as equation
(6.3), wherer = [rq;rp; 5 rm] Is a row vector presenting the rates allocated to all thé
users andM signi es the number of UEs in the coverage area of the eNB under egtion.
The goal of such a resource allocation objective function is to alldeathe eNB resources
to each UE such that the allocations maximize the total mobile systerabjective function,

while maintaining the proportional fairness between individual utility finctions.

max Ui(ri) (6.3)

i=1

In chapter 3, we explained that such a resource allocation formulah ensures non-zero
allocations to all UEs as even one zero UE rate will suppress the atijee function to zero.
Consequently, the aforementioned resource allocation optimizatiqoroblem guarantees a
minimum QoS for all UEs. Furthermore, in chapters 3and 4, we deped that this approach
allots more resources to users who have real-time applications orithdevices which in turn
leads to residing an inherent remedial to the QoS of wireless systenthin the structure of
the resource allocation methodology. However, since we want talta the allocation scheme
to wireless technologies such as LTE, which essentially allocate disereates as opposed to
continuous ones, we consider RB assignments vis-a-vis simple thierallocations shown in
equation (6.3). Besides, we have to account for the fact that artN8 has limited resources
R, from which it allocates the RBs to various UEs under its coverageea. Thus, we should
modify the formulation in equation (6.3) to consider these two facts as well. The bandwidth
available at the eNB can be incorporated as a constraint into the ojptization problem
in equation (6.3), whereas RB allocations can be indicated by forcingh@her nonlinear
constraint so that all the rates are positive integer numbers. Addg these constraints to the

optimization in equation (6.3) renders the resource allocation optimation problem discrete.

The next section presents the formulation for such a discrete RBl@cation optimization
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which allocates the RBs to di erent UEs with an eye on the maximal avkable eNB band-

width.

6.2.1 Resource Block Optimization Formulation

The basic formulation of the utility proportional fairness RB allocation optimization is
given in equation (6.4), whereR is the total bandwidth of an eNB which covers thevMl UEs,
and r =[rq;rp; 5 ry] is the vector of the RBs allocated the UEs such that; is the rate
which is allocated to thei™ UE represented by the application utility function U;(r;). Note

the addition of a nonlinear constraint to the optimization problem in eqation (6.4).

W
max Ui(ri)
' i=1
subject to ri R (6.4)
i=1 '
ri O
ri2N; 1=1;2::M

In chapters 3 and 4, we proved that logarithms of the sigmoidal anidgarithmic utility
functions, shown respectively by equations 6.1 and 6.2, are stricttpncave. Furthermore,
we deduced that the continuous optimization in equation 6.4 withouthe conditionr; 2 N
is a convex optimization, which in turn establishes the existence andattability of a global
solution for the optimization problem where rates are not positive iigers. Should we be able
to relax the rate discreteness constraint from our RB allocation pblem in equation 6.4, we
can solve the problem easily and obtain the continuous rates obtathby the algorithms that
we obtained in chapter 3. Such continuous theoretical rates willim the multi-dimensional

global solutions at which the proportional utility fairness of the celllar network is maximized.

Next section explains our proposed modus operandi to transfortime discrete optimization
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problem in equation (6.4) into one with continuous rates, i.e. it eliminater; 2 N constraint.

6.2.2 Continuous Rate Allocation Relaxed Optimization Pro blem

Relaxing ther; 2 N constraint from the RB allocation optimization problem in equa-
tion (6.4) in accordance with Lagrangian relaxation [170], the formulen in equation (6.5)
presents the utility proportional fairness continuous rate allocan optimization problem.
As we observe, we temporarily get rid of the constraint; 2 N of equation 6.4 in order to
obtain an optimization which is easy to solve. In fact, in chapter 3, weroved that the
optimization problem in equation (6.5) is convex. We further preseat algorithms to obtain

its global extremum.

Y
max Ui(ri)
' i=1
subject to rr R (6.5)
i=1
ri O i=1;2::M:

We leverage the Lagrangian multiplier of the dual problem of equatio(6.5). To do so,
we de ne the Lagrangian as equation (6.6), where 0 is the slack variable andp is the
Lagrange multiplier. In chapter 3, We showed that this is indeed theotal price per unit
bandwidth for all the M users and denoted it as the shadow price. Therefore, = pr; gives

P P
out the i™ UE's bid for bandwidth, and we can write that down as |-, w; = p 1 ri.

X b
L(r;p)=- log(Ui(ri)) p( ri+z R)

i=1 |=1!

(6.6)

log(Ui(ri)) pri +p(R 2)
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Then, the dual optimization can be expressed as equation (6.7).

min maxL(r; p)
P (6.7)
subjectto p O

P
It is noteworthy that, in view of separability of :‘”:1 (log(Ui(ri)) pri) in ri, we can write
P P
max i“il (log(Ui(ri)) pri) = i“il max(log(U;(ri)) pri). So the dual problem in equation
r ri

(6.7) can be written as equation (6.8).

|
w !
mgn max log(Ui(ri)) pri +p(R 2

(6.8)

subjectto p O:

We can solving the optimization in equation (6.8) by leveraging the metid of Lagrange

T . . @max L P M P M . .
multipliers. Considering that —on and 2, wi=p I, ri, we can write equation (6.9).

Py
i=z1 Wi

R =z

p= (6.9)

P
It is noticeable that the shadow pricep is minimized whenz = 0 such that we get iN=|1 w; =
pR. In essence, doing so, we have divided the primal problem of equati(6.5) into two
simpler optimization problems for the UEs and the eNB similarly to thosef chapter 3.

Then, the i" UE optimization problem can be written as the following equation .

max logUi(ri) pr;

subjectto p O (6.10)
ri O i=1;2::M:

Furthermore, the eNB optimization problem can be expressed asuagion (6.11).
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min maxL(r;p)
Pt (6.11)
subjectto p O:

The solution r; of the optimization problemr;(n) = argmax logUi(r;) p(n)r; is the
I

value of r; that solves equation@"%;(“) = p(n). Geometrically, this is the intersection of
the horizontal liney = p(n) with the curve y = @291 which is calculated in thei® UE.

The utility proportional fairness in the objective function of the ogimization problem
in equation (6.5) is guaranteed in the solution of the optimization prdems for the UE in
equation (6.10) and for eNB in equation (6.11), whose solution algdrins are respectively
illustrated in (14) and (15). We developed this algorithms in chapter 3or the continuous
resource allocation optimization problem. As we can observe frometbe algorithms, each UE
sends an initial bidw; (1) to its eNB, which in turn calculates the absolute di erence betwen
the currently and previously received bids in order to exit if the di eence is lower than a
threshold . Otherwise, the eNB calculates the shadow price by employing the uzgion

Pu L .
p(n) = %(”) and transmits it to all the UEs under its coverage area.

The UEs leverage the shadow price to obtain the continuous rate that maximizes
logUi(r;) p(n)ri, and that rate is deployed to calculate a new bidv(n) = p(n)ri(n)
to be sent to the eNB. Similarly to chapter 4, we have used a robustgarithm to ensure
that the continuous rate allocation algorithm converges for all eNBandwidths R. To do so,
a convergence measurew(n), that senses bid uctuations, decreases the step size between
consecutive bids by utilizing a uctuation decay function de ned as igher of the following
forms, where adjustingly; |,; I3 alters the rate for the bids decay. The rst decay function
introduces an exponential decrease in the step sizes between ligs, whereas the second

one causes the steps to slash down fractionally agalgorithm iterates) proceeds.

w(n) = le .
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w(n)= b

2.
Remark 6.2.1. The uctuation decay function can be included in algorithmX4) of the UE

or algorithm (15) of the eNB (chapter 4).

In our model, we add the decay part in algorithm (14) of the UE. In Figre 6.10, we show
the new shadow pricgx(n) of the uctuation example in Section 6.4 when using algorithms
(14) and (15). The shadow pricep(n) uctuation decreases with every iterationn and
converges to the optimal shadow price that corresponds to theptimal rates. Detailed

simulations are presented in the simulation section (6.4).

Algorithm 14  UE Algorithm (from chapter 3)

Send initial bid w;(1) to eNB.
loop
Receive shadow pricg(n) from eNB.
if STOP from eNB then
Calculate allocated rater™ = *:{).
else
Calculate new bidw;(n) = p(n)ri(n).
if jwi(n) w(n 1)j> w(n) then
wi(n) = wi(n 1) +sign(wi(n) wi(n 1)) w(n). f w=le 2 or w= 'ﬁ.g
end if
Send new bidw;(n) to eNB.
end if
end loop

Algorithm 15 eNB Algorithm (from chapter 3)
loop
Receive bidsw;(n) from UEs. fLet w;(0) =0 8ig
if jwi(n) wi(n 1)j< 8ithen
STOP and calculate rateg ™ = %7,
else
Calculate p(n) =
Send new shadow price(n) to all UEs.
end if

end loop

=
iM=1 w; (n) .

Once the continuous rates from the algorithms (14) and (15) ardlacated to the UEs in

the equivalent relaxed continuous rate allocation optimization probfa in equation (6.5), we
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should obtain discrete rates which are indeed the solutions to the RBlocation optimization

problem in equation (6.4). Next section presents our proposed rhedology to map the
continuous rates into possible discrete RBs, which represent theBRunits of the wireless
infrastructure, and to solve the discrete optimization problem ofauation (6.4) based on a

series of quali ed candidates obtained from the continuous rates.

Next, section 6.3 presents the RB allocation optimization problem thawill be obtained
from the relaxed continuous optimization problem which we solve by Adgithms 14 and 15

to obtain the continuous rates.

6.3 Resource Block Allocation Optimization Solution

According to chapter 3, the application utility functions in our systen are either logarith-
mic or sigmoidal and their logarithms are concave functions, which es that they have
global minimum points. In this chapter, the minimum point will be the opimal rates allo-
cated to UEs by the eNB in the wireless infrastructure. For exampleve assume that the
proportional fairness utility function for an LTE infrastructure with one eNB andM UEs
is denoted byU(r) = U(ry;:5rm) = Q:‘il Ui(ri). Since we proved that such a utility func-
tion has a global minimum such asrfy;:::;rem], wherere;iiiirem] = argmrain“’z'1 Ui (ry).
[rc1;:::rcM] is the vector of continuous optimal rates calculated by the eNB aUE Algo-

rithms 14 and 15.

At this point, we can use all the discrete points within theM dimensional domain of
U(ry; i rm). The set of all possible points is the Cartesian product of the sef possible
values for the wireless infrastructure utility. As a case in point, if te values ofr; for the
i UE ranges from 1 (proportional fairness requires a nonzero alltioa which in a discrete

sense requires at least RB 1) to 100, there will be M@ossibilities for the discrete rates.

Obviously, an exhaustive search of all the possible discrete ratesc@mputationally very
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complex as the size of the system grows. However, we can considemeighboring points of
the continuous optimally allocated rates; that is to say for each cgmonent of the allocated
rate vector we choose the lower (upper) integer points less (mpréman the continuous
rate. In spite of its simplicity, such an approach reduces the numbef possibilities of the
discrete rate candidates to®? sequences, which has very much less computation complexity
as apposed to the original 100 points. In essence, this corresponds to calculating the oors
and ceilings of the continuous rates, i.e.bf¢C;:::;brow cland [drese; :::; drem €] respectively.
Then, the candidate discrete rates will be all theM dimensional vectors whose elements
are the oors or ceilings of the corresponding continuous rates hieh yield in 2" possible

vectors for the discrete rates (RBs) which can be allocated.

Wireless System Utility Function
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Figure 6.3: Exemplar System Utility Function: Two UE system with ratesr, and r, where
U(ry;rp) = U(rg)U(ry) is the system utility function. As annotated, the minimum in the
plot happens atX = r, =54:2 andY = r, = 64:3, so it is the optimum rate allocation, and
the value of the utility function is U(rq;r,) = 20.

For the sake of clarity, for a system consisting of only two UEs, asiem utility as in Figure
6.3 is given. This is in fact the negative of the actual utility function wich has a maximum

in view of the concavity proved in chapter 3. As we can observe, thility function is a
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Wireless System Utility Extremum and Boundary Points

U(ry,r2)

Figure 6.4: Exemplar Boundary Points: The blue point orr; - r, plane represents the
continuous rate assigned to, andr, (rq;ro) = (54:2;64:3). The red point (ry;r,) = (54;64),
green point {1;r,) = (54;65), yellow point (r1;r;) = (55;64), and cyan point 1;r5) =
(55; 65) represent the discrete rates possible and the closest to tHadpoint.

surface of two dimensional points whose coordinatesand r, which are real numbers which
are equivalent to the continuous rates allocated ttJ;(r;) and U,(r,). However, for the RB
allocation to be meaningful, such rates should be translated to digte points. While there
are many valid discrete points on botlr; axes as part of theU(r,;r,) domain, part of the
three dimensional space, considering the boundary points far;[r,] yields in four integer

points as in Figure 6.4 which are indeed{;; br,], [drq; br,], [bri;ery], and [driers].

As we observe in Figure 6.4, these boundary points, which are the sd@st integers to the
continuous ratesr; and r,, present four possible combinations (four discrete rates in red,
green, yellow, and cyan) which are the closest to the continuousipi(rates), the blue color.
Consequently, our search space constricts to only four pointsrbe or the boundary points
in general as opposed to all possible discrete points on the surfatehe wireless system's
utility function. In order to further restrict our search space, ve look at the constraints of
the continuous problem which says thatP i“il ri R. Even though the boundary points

are closest to the optimal continuous solution, they may not ful Il his constraint as we
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are essentially continuous rounding rates up or down. In view of thimatter, we test the
candidate boundary points and only select those who pass this régument of the relaxed

continuous rate allocation optimization problem.

The procedure to extract the distinct RB candidates from the camuous rates obtained
from the continuous optimization problem of equation (6.5) is illustraed in Algorithm 16.
As we can see, after obtaining the candidates for RB rates, we kate the cellular network's
utility function for the possible candidates and we will store those wdhhmaximize the utility

function as feasible RB rates.

Algorithm 16 Resource Block Allocation

loop
Continuous value ofr; is r’™. f Map the oors of continuous rates less than unity to one
unit.g
Calculate the ceilings and oors of ther;.

end loop

List all possible sequences that can be obtained from the oors awmeilings.
if sum of the discrete rates surpass&s then

Eliminate that sequence of discrete rates.
else

Store that sequence of discrete rates as a candidate for RB allbaa.
end if
loop

Calculate the system utility for the stored RB candidates.

Store RBs which maximize the utility.
end loop

It is noteworthy that in Algorithm 16 we have mapped the continuousates which are less
than one unit bandwidths to the unity both in the ceiling and roof as RB1 is the minimum
possible discrete rate allocation in the wireless network infrastruate with a proportional
fairness policy to eschew the discrete rates to be mapped to zerdsiterestingly, many
applications which do not require many resources may be mapped teetRB 1. In essence,
such an allocation may result in equal discrete sequences for a aanbus rate sequence. On
the other hand, this algorithm's capability to generate numerous RBequences renders eNB

with more options and exibility as to allocating the resources. This pdicularly can be of
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signi cant consequence in a situation where we have several eNBsthe cellular network
environment in that it can reduce the inter-cell and intra-cell inteferences by having eNBs
assigning di erent RBs to the UEs under their coverage area fronmé pool of feasible options

for the discrete rates available to them.

In the next section, we present the simulation results for the Algghms 15, 14, and 16

and analyze the results for experiments done to validate the proged modus operandi.

6.4 Resource Block Allocation Simulation Results

In his section, we will evaluate the Algorithms 15, 14, and 16. Thesdgarithms were
applied to a representative scenario where, without loss of genlidya 6 UEs were under
the coverage area of an eNB in an LTE infrastructure as in Figure 6.5The UEs were
running 6 applications one each such that 3 applications were delayldmant FTP services
and the other 3 were real-time applications using VolP, standard rg&aming video, and HDV.
The aforementioned sigmoidal utility functions were expressed byé equation (6.1) with
parametersa = 5, b= 10 to represent a VolP application (in ection point at rate r = 10),
a = 3, b= 20 to model a real-time standard streaming video (the in ection pmt at rate
r =20),and a=1, b= 30 to be an HDV application (the in ection point at rate r = 30).
Furthermore, logarithmic utility functions were formulated in accodance with the equation
(6.2) with k = f15; 3;0:5g, and they represented delay tolerant applications such as FTP.

The simulations were being accomplished in MATLAB.

It is noteworthy that the rates in the LTE infrastructure are in terms of RBs, such that
the value of the utility function, obtained from the equations (6.1) ad 6.2, remain constant
over RBs. The utility functions in terms of RBs are depicted in Figure &. The plotted 6
application utility functions correspond to the applications running @ the 6 UEs shown in

Figure 6.5 that is we use three normalized sigmoidal functions and & logarithmic utility
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functions.

Sigioid Concave

‘ i UEL Z3

Figure 6.5: Experiment Set-up: 6 UEs are under coverage of an eNéhere UEs 1, 2, and
3 (4, 5, and 6) are running real-time (delay tolerant) applications m@esented by sigmoidal
(logarithmic) utility functions. The goal is for eNB to allocate resouce blocks to UEs.

The red sigmoidal in Figure 6.6 represents the HDV application the oneith in ection
point 30, whereas the green one is for the standard streaming wideand the blue one
represents a VoIP application. As we can see from the Fig. 6.6 af@xceeding the in ection
points, utility percentages are almost 100% which is to be expectedhe cyan, purple, and
yellow logarithmic utilities FTP applications respectively sorted in a asceling order of delay
tolerance. For instance, for the same rate, the utility function fothe yellow curve is below
the other logarithmic ones which manifests that it has less user sdtstion (utility) and,

therefore, it is less delay-tolerant.

As it was explained in section 6.2.2, we relaxed the discrete RB allocatioptimization
problem into a continuous rate allocation optimization problem which is och easier to solve.
The utility functions corresponding to the RB allocation within the relaxed continuous rate

allocation problem are depicted in Figure 6.7. Contrasting Figure 6.6 dnFigure 6.7, we
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Resource Blocks vs. eNB Rate
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Figure 6.6: Utility Functions for the Discrete Optimization Problem: Eah curve represents
utility function for one of the UEs in the experiment, where 3 are delatolerant applications
corresponding to logarithmic utility functions and 3 are real-time aplications corresponding
to sigmoidal utility functions. The horizontal axis represents the @source blocks of size one
unit bandwidth.

observe that the continuous relaxation of the RB allocation schengroduces utilities which
follow the discrete versions very closely such that the ones for RBoecation look like samples

from the continuous version.

Next, we show how the algorithm allocates continuous rates and a@mges once the RB

allocation optimization problem is relaxed.

6.4.1 Algorithm Convergence for R =50

In the simulations in this subsection, we set the eNB's available bandwidequal to R =
50 and the number of iterations of the Algorithms (14), (15), and16) asn = 35. Figure 6.8

shows the continuous rates allocated to the 6 UEs versus the itéoms of the algorithms for
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UE Utility vs. Continuous Rates
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Figure 6.7: Utility Functions for the Continuous Optimization Problem: The horizontal axis
represents continuous valued rates, and utilities as continuousnittions of the rates. Each
curve represents utility function for one of the UEs, where 3 areethy tolerant applications
corresponding to logarithmic utility functions and 3 are real-time aplications corresponding
to sigmoidal utility functions.

the relaxed continuous rate allocation optimization problem. As we oaobserve from these
gures, the sigmoidal utility functions are prioritized by the algorithm over the logarithmic
ones. The reason for such an assignment lays in the fact that thigraoidal utility unctions
represent the real-time applications which need signi cantly higheribrates compared with

the delay tolerant logarithmic utility function so that their QoS is provisioned.

It is further noteworthy that once allocations are stabilized into tle stead states, they are
above in ection points of the sigmoidal utility functions such that the applications receive
their required QoS; however, this is contingent upon the fact thathe eNB's resources can
satisfy the in ection points of the sigmoidal utility functions. Shouldthis not be the case,

the applications QoS is gravely impacted.
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UE Allocated Continuous Rates vs. Iterations
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Figure 6.8: Continuous Rate Allocations vs. lIterations for the Relad Problem: Red, green,
and blue curves are for VoIP, standard streaming video, and HDVpalications in UEs 1,

2, and 3, and cyan, purple, and yellow curves are the rates allocdteo FTP applications

in UEs 4, 5, and 6. Higher rates are allocated to real-time applicatiof®Es 1, 2, and 3)
vis-a-vis delay tolerant ones (UEs 4, 5, and 6).

On the other hand, we look at the UESs' bids for rate allocations durip the various iter-
ations of the algorithms. The bid values and their corresponding allated rates are pro-
portional, meaning that the larger bids yield in higher rates being alloted to the UEs.
As it can be observed in Figure 6.9, the UEs with real-time applicationgdpresented by
sigmoidal utility functions) initially bid higher so that higher rates are dlocated to them by
the eNBs. This is in the light of the fact that real-time applications apfications need higher
bit rates with regard to their QoS requirements. Likewise, the delatolerant applications
also bid higher at the beginning of the algorithms iterations as oppasehe later iterates,

even though they do bid much smaller than do the real-time applicati@in the network.

In addition, the shadow price of the system (price per unit bandwidit for all the commu-
nications channels between UEs and an eNB) as a function of the noen of the iterations of
the algorithm is depicted in Figure 6.10. As it can be observed from thikustration, at the
beginning of the iterates the real-time applications need more resoas, so they are bidding
larger which in turn increases the shadow price of the entire systenThe eNB-calculated

shadow prices will be transmitted to all the UEs under the eNB's cowege area, and the
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shadow price will nally stabilize in the steady state.

UE Bids vs. Iterations
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Figure 6.9: Continuous Allocations Bids vs. Iterations for the Relaxk Problem: Red,
green, and blue curves are bids for UEs running VolIP, standardreaaming video, and HDV
applications that is UEs 1, 2, and 3, and cyan, purple, and yellow cus are the bids
performed by FTP applications in UEs 4, 5, and 6. Real-time applicatian(UEs 1, 2, and 3)
initially bid higher so that more rates are allocated to them as opposedd the delay tolerant
ones (UEs 4, 5, and 6).

Next, we will investigate the sensitivity of our resource and RB allo¢@n methodology to

the changes in the available eNB bandwidth.

6.4.2 Algorithm Convergence for 50 R 100

In order to evaluate the performance of our proposed methodglpas to allocating resources
and RBs, we performed the following simulations where we set the nhar of iterations to
be 40 and the eNB rate to bdR whose values range a gamut from 50 to 100 with unit steps.
In Figure 6.11, we can observe that our algorithms refrain from allating a zero rate to any
of the UESs; this itself signi es the fact that no user will be dropped.This is a direct result

of the proportional fairness policy that we chose to optimize.

Similarly to Figure 6.8, eNB allocates the bulk of the resources to theBd which run real-
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Shadow price vs. Iterations
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Figure 6.10: Shadow Price vs. Iterations for the Relaxed Problem:sAalgorithm calculates
continuous rates and shadow prices, the value of the shadow pr&tabilizes in the steady
state. These values are sent to all the UEs by the eNB in each iteian of the algorithms.

time applications represented by sigmoidal utility function. This proedure continues until
these applications' utility functions reach their corresponding in etion points; however, if
R is less than the sum of in ection points of the utility functions of theUEs, then real-time
users will get less than their in ection rate which gravely impacts th@pplications QoS and
users' QoE. When the eNB rateR exceeds the sum of the in ection point rates, i.eI.D h, of
all incumbent real-time applications, the eNB can allocate more resames to the UEs with

delay tolerant application which essentially generate elastic tra c. th our case, this situation

takes place when the bandwidth of the eNB exceeds 65 units of bandth.

We also look a the UEs bidding on the rate allocations as the available oesces of the
eNB alters. As the available resources of the eNB increase, UEs bésaller for bandwidth
allocations. This situation is depicted in Figure 6.12. As before largeids are tantamount
to higher allocated rates, and as the eNB bandwidth escalates, atwsly available resources
elevate and, therefore, bandwidth becomes less scarce. Undeshscircumstance UES' bids

slash down severely.

Moreover, along side the fact that increasing the eNB's bandwidtR decreases the UE

bids, reduction of the shadow price also seems straightforward.hi§ is in the light of the
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UE continuous rates vs. eNB Rate
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Figure 6.11: Continuous Rate Allocations vs. eNB Bandwidth for the &axed Problem:
Steady state continuous allocated rates to the UEs increase aetBNB has more available
resources. Red, green, and blue curves are bids for UEs runningiR/ standard streaming
video, and HDV applications that is UEs 1, 2, and 3, and cyan, purplgnd yellow curves
are the bids performed by FTP applications in UEs 4, 5, and 6.

UE Bids vs. eNB Rate
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Figure 6.12: UE Bids vs. eNB Bandwidth for the Relaxed Problem: As m® resources
become available to the eNB, applications bid lower to have bandwidtladlocated to them.
Red, green, and blue curves are bids for UEs running VolP, standastreaming video, and
HDV applications that is UEs 1, 2, and 3, and cyan, purple, and yellomucves are the bids
performed by FTP applications in UEs 4, 5, and 6.

fact that the higher R, the lower UE bids, and the lower the shadow price. The diagram
for the shadow price variation vis-a-vis the eNB bandwidth is illustragd in Figure 6.13. As

we can observe from this illustration, the shadow price signi cantly lwers done once the
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available resources of the eNB exceed the in ection points of theilitiy functions.
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Figure 6.13: Shadow Price vs. eNB Bandwidth for the Relaxed Problems more resources
become available for the eNB, the shadow price decreases. This is i Mith the fact that
applications bid lower once resources are opulent.

Once the relaxed problem is solved, as we have seen in the simulatiosutes so far, the

continuous rates are obtained . Then, the RB allocation simulation selts based on the

Algorithm (16) is being considered in the next section.

6.4.3 Resource Block Allocation

As it is illustrated in Figure 6.14, RBs are allocated to di erent UEs as tle eNB rates
changes based on the Algorithm (16). Since the structure of mawcgllular communications
networks such as LTE relies on the concept of discrete rates or R® allocate radio resources,
it is the RB allocations which makes the continuous rate resource alkton methodologies

pragmatic. As we can observe, UEs which are running real-time apg@tons get more
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RBs allocated to them initially as the resources are scarce. Howeves R increases, the
availability of resources a ords the eNB to allocate further RBs to he UEs with delay-

tolerant applications as well.

Resource Blocks vs. eNB Rate
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Figure 6.14: Resource Block Allocation versus eNB Bandwidth for thgiscrete Optimization
Problem: Red, green, and blue curves are bids for UEs running Vglgtandard streaming
video, and HDV applications that is UEs 1, 2, and 3, and cyan, purpleand yellow curves
are the bids performed by FTP applications in UEs 4, 5, and 6. Otherigtrete allocations
are also feasible.

Now we take a look into an exemplar continuous and RB allocations foertain arbitrarily
selected values of the eNB bandwidtiR numerically in table 6.1. For instance, in table
6.1, the rst column represents an arbitrary eNB bandwidthR, the second column is a 6
dimensional continuous vector whosd' element represents the rate which has been allocated
to the i" UE in the relaxed continuous rate allocation optimization problem, andhe last
column is a discrete 6 dimensional vector whos# element re ects the RB allocated the
the i™ UE by means of the Algorithm (16). As we can observe, an optimal ©tinuous can
be mapped to one or more RB allocations, which renders the eNB thexibility to be able

to opt for an RB allocation from a pool of feasible discrete allocationd his is very handy
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in scenarios where more than one eNB are being considered in a cell@davironment in
which intercell and intracell interference is detrimental to the QoEof users. Nonetheless,

this situation is not considered in this paper.

Table 6.1: An Example of the Continuous Rate Allocations versus thed2ource Block As-
signments for eNB Rate 100 and 50: The former yields in 8 possible dite rate allocations
whilst the latter generates 1 discrete rate allocation alone.

R ri RB

100 1157,21:57,3358, 7:72 10:36,1521 1121;338;11,16

100 1157,21:57,3358 7:72,10.36,1521 1121;338;11 15

100 1157;21:57,3358,7:72,10.36,1521 11 21,33 8;10;,16

100 1157,21:57;3358 7:72 10:36,1521 11 21,33, 8;10,15

100 1157,21:57,3358 7:72 10:36,1521 1121;337;11,16

100 1157,21:57,3358 7:72 10:36,1521 1121;33,7;11,16

100 1157,21:57,3358,7:72,10.36,1521 11 21,33, 7;10,16

100 1157,21:57,3358 7:72,10.36,1521 1121,33,7;10,15

50 1046, 20:46; 24:21;9:13,9:13,9:13 102G,17,1; 1,1

As we can see in table 6.1, for an NB bandwidth of 100, the relaxed tooous rate alloca-
tion optimization problem optimally allocates rates to the 6 UEs as [147; 21:57; 3358, 7:72, 10.36; 15:21]
which is going to maximize the utility proportional fairness. On the otlker hand, for this eNB
rate, 8 possible RB allocations can be considered which are;[21; 33; 8; 11; 16], [1% 21; 33;8; 11; 15],
[11;21;33,8;10;16],[11 21; 33, 8;10;15],[11 21;33,7;11;16],[11 21;33,7;11;16],[1% 21; 33, 7; 10; 16],
and [11 21; 33, 7; 10, 15]. Each of these vectors is a feasible RB allocation. On the othemigia
an eNB rate of 50 leads in continuous rate allocation [45; 20:46, 24:21;9:13,9:13,9:13] and
discrete RB allocation [1020; 17;1; 1; 1] (only one discrete possibility).

Lastly, it is worthwhile to look at the computational complexity of the proposed RB
Algorithm (16). Since for every continuous rate; which is allocated to thei™ UE's utility
function, i.e. U;, there is at least one and there are at most two possible boundarypipts.
Thus, for a wireless network withM UEs, the computational complexity will be at most
O(2M). That is not all 2M possibilities for the combinations of the lower and upper bounds

of the continuous allocated rates will necessarily satisfy the relakeontinuous problem's
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constraints such that the sum of the discrete rates be still lessdah or equal to the available
eNB bandwidth. Henceforth, some of the initially feasible discrete RBandidates will not

be considered for in view their eNB rate violations.

As a matter of fact, excluding the discrete sequences which violdtee rate constraint for
the relaxed equivalent continuous rate optimization problem can sigoantly improve the
computational complexity such that, on the assumption thah possibilities for the RB to be
allocated to each UE exists, the computational complexity for amM UE system reduces from
preciselyO(n™) to mostly O(2"). For a UE including 100 RB allocation possibilities and 100
UEs under its coverage area, this means that we have slashed thember of computations
from 10°°° to only 2%, This situation's computational complexity is depicted in Figure 6.15
as a semi-log diagram due to the exponential increase of the numioéicomputations vs. the

number of UEs.

Computational Complexity vs. UEs Quantity

500

Computations

0 10 20 30

40 50 60 70 80 a0 100
Number of UEs

Figure 6.15: Computational Complexity: Red curve shows the semig@omputational com-
plexity as a function of the number of UEs once we do not exclude nerolating sequence
possibilities from the proposed methodology. The blue curve is thensielog computational
complexity once we have applied the technique to exclude the seqoes which violate the
constraint for the continuous relaxed problem.
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Furthermore, the runtime of the algorithm is short. In the case wére the eNB bandwidth
was changing from 50 to 100 with steps of unity, the total runtime &s only 16 seconds,
which is reasonable as it may take much larger time than 16 seconds fobase station's
bandwidth to change 51 times. Besides, the runtime for RB allocatiowhen the eNB has
a xed bandwidth ranged value from 024 - @30 seconds which is very fast for the RB

allocation.

Next, section 6.5 concludes this chapter by summarizing the resulisie y.

6.5 Chapter Summary

In this chapter, we studies a resource block allocation optimizatiorrgblem with a propor-
tional fairness policy to allocate resources (bandwidths) to UEs ineellular communications
network infrastructure. Initially, we formalized the resource blok allocation as an integer
optimization problem, which was di cult to solve. In order to nd a solution to this op-
timization problem more easily, we used a Lagrangian relaxation to tngform the discrete
resource block allocation optimization problem into a continuous ratallocation convex op-
timization problem, which is soluble by means of Lagrange multipliers ohé dual problem
to the continuous problem. The solution to the relaxed continuousate allocation was a
series of rates assigned by the base station to the UEs under thw/erage of the wireless

environment's base station.

Once continuous rates were allocated to the UEs, the original diste resource block
allocation optimization problem was approached by leveraging the bodary discrete points
precisely below and above the formerly obtained continuous ratesThese in turn yield
in a series of candidate discrete rates for the UEs without much cpuotation complexity.
Furthermore, we sifted those candidates resource blocks whidtis ed the constraints of the

relaxed continuous rate allocation optimization problem. Such disdee constraint-satis ng
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resource blocks are further evaluated in order to locate those ang them which maximize
the proportional fairness utility functions of the cellular network. These resource blocks

constitute a set of feasible discrete rate allocations to the UESs.

We also investigated the sensitivity of our algorithm to changing thewailable bandwidth
in the base station of the cellular communications system. Particullgy we obtained the
shadow prices, user bids, continuous rates, and resource blockéculated and allocated.
We realized that as the base station resources become less s¢droth UES' bidding values
and the system's shadow prices decrease, whereas the allocatedicuous rate and discrete

resource blocks increase.

In addition, we were able to point out to the fact that the proposedesource block allocation
optimization algorithm gave a priority to the UEs which were running rel-time applications
on their devices so that their quality of service is provided for. Thesapplications utility
functions were represented by sigmoidal utility functions in this artle, whilst delay tolerant

applications were expressed as logarithmic utility functions.

Furthermore, we realized that as the BSs' available bandwidth sugsses the addition of the
in ection points for the utility functions in the relaxed continuous resource allocation opti-
mization problem, it allocates further resources to UEs running dejaolerant applications.
And last but not the least, we investigated the complexity of the algithm and realized
that the problem is computationally e cient, although it is of O(2™) as opposed to being
polynomial in computation. We further realized that the running timeof the algorithm is

reasonably short.



Chapter 7

Practical Challenges in Resource

Allocation

7.1 Radio Resource Allocation in Congested/Contested

Environments

Mobile broadband networks will face a tremendous increase in dateatc volumes over
the next 20 years [10]. In order to meet this need, large amounts sgectrum will be a key
prerequisite for any RAN evolution. To satisfy this demand, MNOs wilheed new spectrum
allocations. However, the created demand for more bandwidth faxceeds the available
commercial spectrum and has spurred the spectrum-governingeamcies to consider spectrum
sharing, which is an elegant solution to utilizing shareable spectrum bds e ciently. In spite
its attractiveness, spectrum sharing is challenging as incumbentstgms must be shielded
from harmful interference from the entrant systems and vice v&a. As a case in point, NTIA
conducted a research [2] which showed that edgling spectrum bds allocated for mobile

broadband are occasionally occupied by the incumbents such asediite and radar systems.

171
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The incumbents would like to use the spectrum whenever they neeahd neither incumbents
nor entrant systems can tolerate interference from the otheide. Henceforth, spectrum as
the blood of the wireless communications system is a congested emwinent constricted by
the notion of spectrum sharing, i.e. by the band incumbents from #hperspective of the
band entrant and vice versa. On the other hand, mobile broadbangpectrum becoming a
contested environment in the realm of modern-day communicatiom&tworks inasmuch as an
empty band, providing resources to either an incumbent or entrasystem, can be contested

for when both the incumbent and entrant operate in the vicinity of ae another.

Amongst various band incumbents, radar systems are of high ceqsience as they have
conventionally occupied large portions of spectrum as shown in Figu7.1. So the radar-
occupied spectrum can be a great candidate for spectrum sharimgthat it can add a huge
bandwidth to mobile broadband systems. However, radars can bery mobile and produce
strong radio waves which are a threat to the QoS in cellular communioans systems. More-
over, electromagnetic interference from the communications degs can jeopardize radar
missions. Since radars are often not in the vicinity of wireless netviksr, the communication
systems should be able to utilize the radar spectrum. On the otherahd, an occasional
radar proximity to the network should be incorporated into any raib resource allocation

technique designed for modern cellular communications systems.

In chapters 3 and 4, we developed QoS-minded radio resource altmea architectures
for cellular communications systems. The proposed resource allii@a methods accounted
for UE priorities, applications temporal usages, and trac type. This chapter expands
the aforementioned resource allocation frameworks to allow forasing the spectrum be-
tween sectorized cellular communications systems and radars. Theposed architecture
explores allocating optimal resources to the UEs to provision QoS filve running applica-
tions meanwhile sharing the communications resources with radarsggms. The extended

resource allocation architecture is formulated as two convex optieation problems, where
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Figure 7.1: FCC spectrum allocation map de nes the spectrum assigents in the US.

the rates for the radar-interfering sectors are extracted fro the portion of the spectrum
non-overlapping with the radar operating frequency. The propes double-stage resource
allocation procedure inherits fairness into the rate allocation schenby rst assigning rates

from the portion of the spectrum shared with the radar. In this chpter:

7.1.1 Contributions

We introduce an optimal rate allocation for radar-coexistent cellulanetworks with

interference-refraining sectors.

We demonstrate that the interfering sectors rates change as adar approaches the

cellular infrastructure.

We elucidate that the proposed method fairly allocates resourcese@ when a radar

operates close-by the cellular system.

The remainder of this chapter proceeds as follows. Section 7.2 pd®s with the system
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model for the extended resource allocation mechanism in this papsrd provides with the
formulation of the rate allocation scheme. This section also developssolution algorithm
for the proposed resource allocation architecture. Section 7.5rpays the application of
the resource allocation work in this paper to a simulation scenario wieea communications

network operates in the vicinity of a spectrally coexistent radar.

7.2 Architecture for Fair Allocation

Envisage a hexagonakK -cell L-sector communications network with the frequency reuse
and a per-cell base BS, controlled by the Mobile Management EntityMME) . A radar
operation close by the cellular system causes interference withtees working at the radar
frequency. We assume a relatively stationary radar interferes witdeterministic sectors
inasmuch as topologically identical sectors deploy the frequencyuse. For the exemplar
network in Figure 7.2 with the BSs shown as the gray triangular shapet the circle centers,
the f3 Hz-operating pink sectors and radar can interfere while the greemd pink sectors
work safely in di erent frequency bands {;,f,) belonging solely with the cellular network. It
is worth mentioning that such a sector frequency pattern redusethe inter-cell interference

by spatially maximizing co-channels, i.e. identical frequency sectors

Moreover, the cellular system include® UEs running a delay-tolerant or real-time applica-
tion mathematically representable by sigmoidal and logarithmic appli¢en utility functions
as in chapter 2, shown respectively in equations (7.1) and (7.2) fayrevenience. [104]. Here,

1+e?ibi —

G = "&b d = Mﬁ rmax IS the 100% satisfaction-achieving rateU(rmax) = 1), and

k; is the utility increase with enlarging ther;. Based on chapter 3y; = b is the in ection
point of the sigmoidal utility function in equation (7.1) such that only for r; > b; the user
is satis ed. Parameters &;h; c;k;; d;) direct impact on the utility shape can model various

applications such as VolP & =5 and b = 10), video streaming @ = 0:5 and h = 20),
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Cellular Network

Figure 7.2: Cellular communications system: Cell sector colors indicate frequesy bands @1, fo, f3)
and identically colored sectors imply frequency reuse whose topolampl pattern minimizes the inter-cell
interference. The radar and pink sectors operations in the sameadquency bandf ;3 create interferes.

and FTP (k = 15) (chapter 3). As an illustration, 6 sample application utility functions are

depicted in Figure 7.3.

U= 6 rrasem O (7.)
Ui(r) = log(1 + kiry) (7.2)

~ 1og(1 + Kil max)

The i UE rate which is allocated by its BS's'"" sector, wherel 2 f 1;:::; Lg, can include
constituents from radars spectrum, denoted af. .., and communications spectrum, de-
noted asr} .,mm. Such that the aggregate UE rate can be written ag.; = i jagar * - comm-
Therefore, similarly to the formulations in chapter 3, the™ UE aggregate utility function (a

function of its aggregate rate assigned by all sectors) can be esgsed as in equation (7.3)
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UE Utility vs. Continuous Rates
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Figure 7.3: Three sigmoidal (purple, green, red) and logarithmic ( ifew, pink, cyan) utilitiy
functions for real-time and delay tolerant applications.

below.

S S
Ui(riag) = Ui( ril;ag) = Ui( (ril;comm + ril;comm)): (7.3)
=1 =1

Next, section 7.2.1 develops the mathematical formulation for thexeened rate allocation

optimization instrumented with a spectrum sharing mechanism.

7.2.1 Congested Environment Radio Resource Allocation Opt I-

mization

To guarantee a minimum service QoS, a minimal nonzero rate per UE isatized through
a proportional fairness (no user drop occurs) as in chapter 3. kémver, spectral coexistence

with nearby radars resembles the dual carrier rate allocation optimation in [172], where
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UEs gain escalated rates by leveraging available bandwidths simultausly from primary
and secondary carriers, where the former and latter are respigely the radar and cellular
systems in our proposed system model. Although a primary carrier @nventionally the
communications side in the literature, section 7.5 shows this situatidacks fairness of rate
assignments in that radar spectrum-coinciding frequencies canlyprbe allotted to sectors
which do not interfere with the radar operation. We propose a twstage resource allocation,
whose stage 1 assigns resources from the radar spectrum as énguation (7.4) where;. agar
is the radar spectrum allocated to thei™ UE, R}, is the stage 1 maximum achievable
rate allocated by the MME to the cellsI" sectors,M, is the k" cell UE quantity, I agar =
friradar;: " m:radar @, @Nd R';g;;gﬁfem = 0 implies that no rate is allocated to radar-interfering

sectors at this stage which excerpts resources from the rada@estrum.

Y bS |
rmax Ui ( ri; radar)
radar i=1 =1
W«
: | — . | |
SUbJeCt to ri;radar = Tli;radar ri;radar Rradar
I=1 I=1 (7.4)
| — . pli — Nyl
Rradar - Rradara Rrggg?ence - O’ ri;radar 0

Next, at stage 2 of the resource allocation, the carrier (commumittons) spectrum is al-
located to the UEs based on the equation (7.5) whermg cmm is the i"" UE allocated com-
munications spectrum,R! is the I'" sector maximum achievable rate once resources are

comm

excerpted from the carrier spectrum (not radanf comm = fr1.comm;:::; m: commds @nd RL .
is the communications spectrum allocated to th&" sector of all the cells by the MME. It is
notable that shifting non-interfering cell rates by the stage 1-aggned amounts is included

in the equation (7.5)to insure fairness (we will see in section 7.5).
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W
opt
max Ui(ri;comm + I’i.?adar)
I'comm . '
i=1
W«
: | — . | |
SUbJeCt to I'i:comm = Ti;comm;, Ii: comm Rcomm
1=1 1=1 (7.5)
I _ . -opt _ I;opt
Rcomm - Rcomm, ri;radar - ri;radar’
I=1 I=1

We proved in chapter 3 that a resource allocation problem in the forraf the equations
(7.4) and (7.5) is a convex optimization which means that it has a globataximum and has

a tractable solution. We write these solutions respectively afsri'jf;éarji 2f1,::;Mgn 12

f1;::::Lgg and fri% ji 2 f1;::::MgA 1 2 f1;:::;Lgg which are the set of optimal

I;comm

rates allocated to thei™ UE by I sector from respectively the radar and communications
spectrum. The UE total optimal rate in the system is sum of the afementioned solutions.

To summarize the resource allocation procedure, for th& UE, we rst obtain r'®*  (which

i;radar

is 0 bandwidth units for the UEs in the radar-interfering sectors othe communications

system). Then, we obtain the UE rate obtained from the communit@ns-only portion of

the spectrum ag /% - And, the total optimal rate at the UE will be r}:%" = o

I;comm?’ ag I;comm

I;opt
i;radar *

+r
Next, section 7.2.2 presents solution algorithms to solve the extesd resource allocation

optimizations in equations (7.4) and (7.5).

7.2.2 Solution Algorithm

Equation (7.4) solution relies on the Algorithms (17), (19), and (20)The solution for equa-
tion (7.5) relies on Algorithms (18), (19), and (20). Among these atgithms, the MME Algo-
rithm is a variation of the algorithm in [4] and the other two are modi caions of the dual car-

rier resource allocation algorithms presented in [172]. The subscrifpadar"/"comm” in the
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Algorithm (17)/(18) indicates resource allocations from radars/emmunications spectrum,

which replaces the general subscriptin the Algorithms (19) and (20) at stage 1/stage 2 of
the resource allocation to imply that resources are assigned froimetradar/communications

spectrum only. To recap, at stage 1 we allocate the radio resouscom the radar spec-
trum to non-interfering sectors of the cells and no resources gpassed to radar-interfering

sectors' UEs. However, to ensure the fairness, less new resesrshould be given to the non-
interfering sectors' UEs at stage 2 as radar-interfering UEs didohyet receive any resources
at stage 1. This is realized by the shift in the Algorithm (18) with the sbscript "radar”

incorporating rate shifts due to the stage 1 assignments from thradar spectrum.

Algorithm 17 The I'" Sectori™ UE Algorithm - Stage 1

Send an initial bid w!(1) to the BS I"" sector.

loop
Receive a shadow pric®,(n) from the BS I sector.
if STOP from the BSI™ sector,then

llopt _ W»'; gar (M)
ICalculate the allocated rater; 3y, = 3'%.
else

radar
Calculate riI; radar(n) =arg rrlnax Iog Ui(ril; radar) I:)rladar(n)ril; radar -
i; radar
Calculate a new bidwi. 4. (N) = Plgar (N} ragar (N).
Send the new bidw. .., (n) to the BS I'™ sector.
end if
end loop

Algorithm 18 The I'" Sectori™ UE Algorithm - Stage 2

Send an initial bid w..,,(1) to the BS I™ sector.
loop
Receive a shadow pric®.,.,(n) from the BS I sector.
if STOP from the BSI"™ sector.then o
lopt  _ Wi radar (N
ICalculate the allocated rater; v, = Pr'ad: R
else

Calculate r{. comm(n) = arg max logUi (I} comm *+ T

Calculate a new bidw; corm(N) = Plomm (M comm(N)-

Send the new bidw ..,(n) to the BS I sector.
end if

end loop

I;opt )
i; radar

2

|
omm (n)ri; comm -
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Algorithm 19 The BSI™ Sector Algorithm - Stage 1,2
loop
Receive UE bidswi; (n).
Calculate aggregate bldéWkJ (n) and send them to the MME.f Let W ;(0)=0 8ig
Receive the sector ratR'(n) from the MME.
if STOP received from the MME,then
STOP and send STOP to all UEs.
else P,
Calculate P/ (n) = itz Wy ()
R
Send the new shadow prlce to all UEs.
end if
end loop

Algorithm 20 The MME Algorithm - - Stage 1,2, [4]

Send the sector rateR'(0) to the I™ sector. fLet R'(0) = R.g
loop
Receive aggregated bids frorwkJ (n) from the I™ sector.
Calculate total aggregated bidsV/(n). fLet W/(0) =0 8Ig
Receive a sector ratdR'(n) from the MME.
if jW (n) W (n 1)< 8l then
STOP and send STORP to all sectors.
else
Calculate R{ (n) and send to thel™ sector.
end if
end loop

The resource allocation process is as follows. TH& UE sends its initial bid wj; to the k™
BS Ith sector, which calculates the aggregate sector bill,. ... (n) at time n and transmits
the aggregate sector bidsﬁWll.radar(n)jI =f1;:::; :;Lgg to the MME. This entity computes
total aggregate sector biddV, ., and the di erence from its former valugW/,,,, W/, j for
all the sectors. Should the di erence be less than a pre-set thhedd for all the sectors, an
exit criterion is met; Otherwise, the MME evaluates sector rateR!, ., and transmit them to
corresponding BSs. Furthermore, th&" BSIth sector calculates the shadow price (price per

P M
unit bandwidth for all communications channels)P/, ., (n) = 1RV,V—"() and transmlits

radar

it to its covered UEs which solver| 4, (n) = arg max  10gUi(riragar  Pragar (M radar)
ri; radar

Then, the calculated bidw} 4o (N) = Pliga (NIl Lgar (N) is sent to thelth sector BS and the
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procedure is repeated until the termination of the stage 3W,.,,, W, j< . The nal

I

I;opt — Wil; radar (n)
i; radar Prladar (n) °

optimum rates are calculated as

Then, at stage 2, each UE transmits an initial bidw! ...(1) to the k™ BS Ith sector,

I;com

which calculates the aggregate sector bid#/,..,,»(n) at time n and transmits it to the
MME, which, in casejW! ., Wl2i.j > , evaluates sector ratesR} and sends them

to corresponding BSs, which transmit the UEs their calculated shad price P!, (n) =
Pv .
= om0 joveraged to evaluate UE rates, gomm(n) = arg max — 10g Ui (! comm* rEo% )

Rcomm r!
| i; comm

I;opt

Plomm(Mrl comm - It is noteworthy that rip. in the Algorithm 18 is stage 1-obtained rate

(solution of the Algorithm 17) and is part of the radar operating frquency. Then, the

calculated bidw, omm (N) = Plomm (NIl comm(N) is sent to thelth sector BS and the procedure

is repeated until the termination of the stage 2jW/ ... W/ . j < . The nal optimum
I;opt

w! n . . . . . .
rates are calculated as; = Yicom ™ Thig entire process is summarized in Figure 7.4.

i;comm Plomm (M)

7.3 Practical Examples for Congested Environments

and Resource Assignment

Spectrum sharing is an elegant solution to the dramatic increase indtdata tra ¢ volume
of mobile broadband networks over the next 20 years [173]. It helpseet demands of Mo-
bile Network Operators (MNOS) by assigning them new pieces of spreen. A pioneering
e ort toward realizing the spectrum sharing was made by the Couilaof Advisers on Science
and Technology (PCAST) [46] to leverage the full potential of the @rernment-held spec-
trum. PCAST spurred the Federal Communications Commission (FCto issue a Notice of
Proposed Rulemaking (NPRM) [47] to designate the 3550 - 3650 MHange, abbreviated
as the 3.5 GHz band, for mobile broadband. In sequel, the NationaklEcommunications

and Information Administration (NTIA) recognized radar as majorband incumbents and
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Figure 7.4: Resource Allocation Stage Diagram: This illustration only depicts one tage of the allocation
whereas the assignment is performed once over the radar spegin (stage 1) then over the carrier spectrum
where radar is not operating (stage 2). The procedure in both stges is similar with the di erence that
the stage 2 includes a rate shift to include the stage 1-allotted bandidth from radars spectrum (adopted
from [4]).

conducted a measurement campaign [174], which revealed a low ageréemporal utiliza-
tion of the band by the incumbents and the potential for spectrunsharing. However, an
e ective spectrum sharing refrains from destructive interferete between incumbents and
entrants. Concerning the 3.5 GHz band, NTIA investigated the intderence between radar
and WIMAX systems [31] and suggested exclusion zones reaching &Bv inland (Figure
7.5) [2] where no 3.5 GHz communications systems can be used. Thiglbims deploying the
3.5 GHz communications in coastal regions of the United States (U&here over 55% of
the American reside [175]. Hence, judiciously reducing the exclusiaanes a ords MNOs to
utilize this band to enhance mobile broadband coverage. The geogin&c separations in [2]
came from link budget analyses of radar-WiMAX ecosystems; sinc&€H.[18] is the expected
cellular technology in the 3.5 GHz band, the nuances of the LTE link-leV protocol (turbo

coding, advanced scheduling, Hybrid Automatic Repeat Request -ARQ, etc.) can change
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the exclusion zones. So, analyzing radar-to-LTE interferenceqnWiMAX) gives out rel-
evant exclusion zones in the 3.5 GHz band . Besides, small cell impletaton of LTE is
becoming more popular as it extends the network capacity and thersice coverage. As
such, existence of band incumbents and particularly radar makeke spectrum a congested
environment. On the other hand, incumbents may want to utilize thespectrum as needed;

this make the resource allocation in cellular networks to be within a ctested environments.

This chapter looks into the interference from S-band rotating raats into a Time Division
Duplex (TDD) LTE in the uplink (UL) direction . The investigation relies on macro and
outdoor small cell LTE system level simulations compliant to the 3rd €neration Partner-
ship Project (3GPP) [5] . Moreover, radars, free space path Io§sSPL) [176] , and irregular
terrain model (ITM) di raction and troposcatter losses [177] aresimulated using parameters
from the NTIA [2] which led to the exclusion zones . The simulations stothat LTE macro
and small cells can operate within the aforementioned exclusion zeneFurthermore, the
out-of-band interference into LTE macro cells is experimented. Tour best knowledge, no
prior work on radar-to-LTE interference renders a full considation to radar operating char-
acteristics along with LTE protocol details. This chapter motivateghat resource allocation

in congested environments is feasible.

To show some practical examples, we:

We simulated an S-band radar system with every operational paraater.
We simulated the FSPL and ITM propagation loss models.

We leveraged a 3GPP-compliant detailed LTE simulator and simulated thinterference

from the radar into LTE macro, outdoor small cell, and indoor small €lls scenarios.
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Figure 7.5: Radar-WiMAX exclusion zones (yellow curves) reach 57imkwhere no 3.5 GHz
communications system can currently be deployed [2]. This omits majoS cities.

7.4 Radar Systems and Interference into LTE

7.4.1 Radar Simulation

The radar parameters are listed in Table 7.1 based on NTIA [2]. The itesrmarked with
asterisk were not disclosed in [2] due to the tactical sensitivity andere set to typical
operating values for medium-to-large shipborne S-band radars [$adar is set at 50, 100,
150, and 200 km away from the LTE and sends pulses into the LTE medrk as in Figure
2 (a). Scanning 360 deg azimuthally with 30 rotations per minutes (rp), the radar scan
time becomes 2 s during which 4000 pulses each 83 dBm are emittedresgulse repetition
interval (PRI) is 0:5 ms ((% ms = 2000 Hz). The horizontal beamwidth 1 deg necessitates
445 beam positions to cover the 360 deg search fence [8]; so theram dwell time becomes
4:5 ms in which 9 pulses - Figure 2(b) - are transmitted by the radar. He, the abscissa

and ordinate axes represent time in seconds and amplitude in Volt pesctively. The radar
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antenna has cosine pattern with equation (1) [2] plotted in Figure 3sathe normalized gain
in terms of the o -boresight angle . Here, the rst, second, and third expressions are the
theoretical directivity pattern, a mask equation for pattern devation from the theoretical
value at the side-lobe ( 144 dB main beam) , and back-lobe , respectively. As we can
see, the back-lobe is xed at 50 dBm below the main lobe. It is notewby that we are
simulating the rotations as well, and the rotations during the dwell tine are accounted for.
The interference is calculated every transmission time interval (TT) which means that we

are simulating rotations every TTI even during the dwell time .

6885|n ( ))

8
% E (5)2 (688;::8())2)

G()= 17:5In(2230) (7.6)

Table 7.1: Radar parameters from [2], except those marked with * whe we used typical
parameters for medium-to-large shipborne S-band radars [8].

Parameters Value
Operating Frequency IHGHz
Pulse Peak Power 83 dBm
Antenna Gain 45 dBi
Antenna Pattern Cosine
Antenna Height 50 m
Insertion Loss 2 dB
Pulse Repetition Interval (PRI) 0:5 ms
Pulse-Width 78 microseconds
Azimuth Beamwidth 0:81 deg
Elevation Beamwidth 081 deg
Search Fence 360 deg
EIRP 128 dBm
Scan Time 2s
Pulse/Rotation 4000
Distance (r) to LTE 50, 100, 150, 200 km

Radiation Width (d) for r 1:5, 30, 45, 60 km
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Figure 7.6: Radar simulation scenario subsumes a radar next to the&s35Hz LTE.

i |

15

s1o7 ut apnydily

<5

10

x

3ds

L2
Time in secon

Figure 7.7: Radar pulses radiated on the LTE during the antenna dWedime.
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Figure 7.8: Radar Antenna Pattern [2]: The black curve representbie pattern after the
rst side lobe is 14.4 dB below the main lobe. The back lobe is constant &80 dB.

7.4.2 Macro cell, Micro cell, and Indoor LTE Simulation

We leverage an LTE system level simulation which is 3GPP compliant [5]. tontains
3GPP-de ned outdoor and indoor small cells as well as macro cell iaftructures. Further-
more, it utilizes a proportionally fair scheduler in both time and frequecy domains, and
includes a detailed UL air interface modeling. Besides, it subsumes ULulth input multi
output (MIMO) and receiver diversity. Our LTE simulation has non-ideal link adaptation
with HARQ and leverages an exponential e ective SNR mapping (EESMIink-to-system
mapping [178]. In addition, we model RF receiver saturation as a ttskold 30 dB and
turbo decoder saturation 50 dB. The UL uses single carrier orthogal frequency division
multiple access (SC-OFDMA) [18], and deploys a full-bu er tra c modd. First, we de-
ployed the LTE simulator with a macro cell model , referred to as udn macro (UMa) [5],
with an intersite distance 500 m . We created a 7-site system whoselle have 120 deg
sectors at 90, 210, and 330 deg, so there exist 21 cells in the sps(é 3). The BS antenna
pattern per sector is given in equations (7.4.2) and (7.4.2) whefg, and A (Geg and g)
are respectively the antenna azimuth (elevation) pattern and aziath (elevation) angle o
the boresight [5] . The normalized composite antenna pattern is pted in Figure 7.9. The
BS antenna gain is 17 dBi and there are 10 UEs per cell which are atde25 m away from

the BSs. UE have omnidirectional 0 dBi antennae. In the macro cadtenario, 80% of the
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Figure 7.9: Composite antenna pattern for the macro cell LTE BS®#f 3-sector cells from
equation (3) [5].

UEs are indoor, LTE bandwidth is 10 MHz , and it operates at 3 GHz in TDD mode with
a DL:UL split 2:3 . The BS and UE transmit powers are 46 dBm and 23 dBrespectively,
and the EIRP transmit power is maximally 63 dBm and 23 dBm in that orde Moreover,
the BS and UE antenna heights are 25 m and3 m, and their noise gures are 5 dB and 9

dB respectively.

Gi(i)= mnl2(—"12ZA, (7.7)
3dB

G= min (Ga( a)* Ge( €));Anm (7.8)

For UMa, there are 7 sites with red circles representing BSs and UHsiformly distributed

around them. The UEs are depicted with the black addition symbols inhe layout which
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Figure 7.10: : LTE macro cell layout simulation.

spans about 1600 m 1600 m. Next, we did an LTE simulation with outdoor small cells,
referred to as urban micro (UMi) [5], whose main distinction from the @cro cells is that
its cells are not sectorized, use 10 m omnidirectional BSs as opposedhe 25 m in the
UMa. Here, the blue squares represent the macro cell BSs opérgtat 2 GHz, so they do
not interfere with the small cells and the radar. The red circles showutdoor small cell
BSs, and their UEs are shown as the black addition symbols. The layagpans an area as
large as 1600 m 1600 m. The operation is at  GHz in TDD mode with 2:3 UL:DL split
and 20% of the UEs are indoor. There exist 84 small cells as there exissmall cells per
macro cell and 21 macro cells. The BS gain is 5 dBi and the minimum distanbetween the
UEs and BSs is 5 m. There are 30 UEs per small cell, which creates 3@4 = 2520 UEs
moving with uniform direction at 3 km/h. The UEs are clustered aroud the BSs. The BSs
noise gure is 5 dB, LTE bandwidth is 10 and 20 MHz, and thermal noisss 174 dBm/Hz.
The modeled tra c is the same as the macro cell scenario, full bu ebest e ort. The LTE

parameters for both UMa and UMi simulations are listed in Table 7.2.
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Table 7.2: Macro Cell LTE Parameters for Our Simulations (adopteddm 3GPP [5]).

Parameters Value
Operating Frequency IHGHz
UMa (UMi) [InH] Layout Hexagonal (Clustered) [Indoor Hall]
Bandwidth 20 MHz
Operation Mode TDD
UE Transmit (TX) Power 23 dBm
Cell Sites 7
UMa (UMi) Cell Quantity 21 (84)

UMa (UMi) [InH] Indoor UE 80% (20%) [100%]
UMa (UMi) [InH] BS Antenna Height 25 (10) [6] m
UMa (UMi) [InH] BS Antenna Pattern Cosine (Omni) [Omni]

UMa (UMi) [InH] BS Antenna Gain 17 (5) [5] dBi
UE Antenna Gain 0 dBi
UE Antenna Height 15 m
Inter-site Distance (ISD) 500 m
UMa (UMi) BS-UE Minimum Distance 25 (5) m
UMa (UMi) BS Antenna Downtilt 12 (0) deg
UE Antenna Omnidirectional
UE Distribution Uniform
UE Mobility Speed, Speed 3 km/h, Uniform
UE Noise Figure (NF) 9
BS NF 5
Thermal Noise 174 dBm/Hz
Service Prole Full Bu er Best E ort
UMa (UMi) [InH] UE per Cell 10 (30) [20]
Channel Model UMa (UMi)[InH]

7.4.3 Propagation Model Simulation

The radar signals that are emitted into the outer space undergo raus attenuations before
reaching the LTE sites [8]. The most paramount attenuation is the mpagation pathloss for
which various models relying on the distance and terrain between thadar and LTE can be
leveraged to obtain how strong the radar pulses are once they getthe LTE BSs. Similarly
to the Fast Track Evaluation by NTIA [2], we use the FSPL and ITM for the line-of-sight
(LoS) and non-LoS (NLoS) regions , respectively. These model® gredominantly used by

the FCC and NTIA and were used to extract the exclusion zones defed in Figure 7.5.
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FSPL can be expressed as equation (7.9) [176] where f is the radperating frequency in
MHz, r is the distance in km at which the loss is of interest, LdB,FSPL in@ is the FSPL,
and rLoS is the LoS region border in km as equation (7.10) [2]. Here,&vBh 4oy and hyte is
the radar and LTE antenna heights where the former is 50 m in our sirfations (shipborne
radar) , and the latter is 25 m and 10 m for UMa and UMi in that order. Hence, the
LoS region border grows 489 km and 4196 km for macro cell and small cells respectively,
meaning that in all distances away from the radar until the 4%9 km for macro cells and

41:96 km for small cells, the propagation loss comes from the FSPL made

Similarly to [2], we leverage the ITM for the loss in the NLOS region in its aa prediction
mode (APM) [177] with the terrain roughness 10 and 20 m, LTE macrand small cell
antenna heights 25 and 10m, radar antenna height 50 m, ground lgietric constant 15,
ground conductivity 0:005 S/m, refractivity 301 N-units , continental temperate climateand
single message mode as in Table 3. The aforesaid parameters areaete¢d from [2] which
led to Figure 7.5 exclusion zones. The ITM model gives the diractionral troposcatter
losses introduced into the radar signals in the NLoS region after 49.&km and 41.96 km
for correspondingly the macro and small cells. The plots for the F&Rand ITM losses are
depicted in Figure 7.11, where the green curve indicates FSPL, redree is the NLoS loss
for the macro cell case, and blue curve is the NLoS loss in dB for thenal cell case as
a function of the travelled distance by radar pulses in km. As we semitially pathloss
increases using the FSPL model, then it increases dramatically and aist linearly in the
NLoS region which is the diraction loss [177], and ultimately the loss gves less rapidly
which is the troposcatter loss. It is notable that the FSPL and ITM nodels predict very
close propagation losses in the LoS region whilst the the introducedsosharply elevates in

the NLoS region, where ITM model is utilized.

Lag:rsp = 20log(f ) + 20log(r) + 32:45;r  rios (7.9)
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Figure 7.11: LoS FSPL in green and NLoS ITM loss in blue and red for nracand small
cells respectively represent the radar signal degradation in dB vdistance in km.

Mos = 4:1(sqrt(Nradgar ) + sqrt(hire ) (7.10)

We set the simulation time to 5 seconds, during which the impact of theadiations from
the radar into the BSs of an LTE cellular system with parameters is imstigated. We test
both cases where the radar is cochannel or out-of-band with pest to the LTE system and
rotates 360 deg in azimuth covering 445 beam positions, where thadar sojourns for the
dwell time 4.5 ms and sends 9 pulses 78 s wide and 83 dBm through its 45 dntenna
to the BSs. The BSs covered by the radiation will su er from the radr pulses which are

ampli ed by the TX and antenna gain and undermined by the propagabn loss.

7.4.4 Radar to Macro Cell LTE UL Interference

With regard to the interference, the main performance metric foLTE systems is the
mean throughput [2]. We assume that the radar is cochannel with ¢hLTE system. The
normalized mean throughput is depicted in Figure 7.12. As we see, stigfroughput losses
incur when the radar is 50, 100, 150, and 200 km away vis--vis thesedine (brown bar).

In fact, the LTE system as close as 100 km away from the radar uaidjoes less than 10%
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throughput loss with respect to the baseline, and the loss is less th80% when the radar
is only 50 km away from the LTE. As we can see, UMa can operate withthe exclusion
zones identi ed by NTIA [2]. In addition, we plot the SINR of an LTE maao BS versus LTE
symbol and subcarrier indices in Figure 7.13 where SINR drops duertaar pulses a ecting
LTE symbols in UL. Interestingly, even when the radar is present,hie SINR recovers back
to its normal baseline situation until the next pulse hits the same regn. As we see, the
radar hits symbol 1; since the radar pulses (78 s) are larger thahet LTE symbols (714 s),
symbol 2 is also a ected. Then, the next pulse hits symbol 8, whictpans over to symbol
9 too for the same reason. So, most radar energy is concentcaten symbol 1 and symbol
8, with the remaining pulse energy present on symbols 2, 9 and 14. ighs promising as
only certain symbols within an LTE sub-frame are a ected by the radr. Also, there are
7 symbols between symbol 1 (start of the rst radar hit) to symbb8 (start of the second
radar hit), corresponding to 7 714 = 0:5 ms, the radar PRI . Because the radar signal is
assumed to be centered in the LTE band, most pulse energy is ardusubcarrier 300 (in the
middle of the LTE band). We also look at the out-of-band interferece from the radar into
the LTE system in Figure 7.14, where we set the radar cochannel, 3,,and 10 MHz o set
from the LTE operating frequency. The throughput loss for 3 MHand cochannel is similar;
however, the throughput with respect to the baseline loss drastitty alleviates as the o set

becomes 5 and 10 MHz.

7.4.5 Radar to Outdoor Small Cell LTE UL Interference

Next, we show the simulation results for the outdoor small cell LTESimilarly to the macro
cells, we look at the mean UE throughputs . The radar is 50, 100, 158nd 200 km away
from the small cell LTE. The normalized mean UE throughput is illustréed in Figure 7.15,
which represents relative values. As we observe, the throughposs for the LTE small cells

is not dramatic until 100 km away from the radar. In fact, for an LTE outdoor small cell as
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Figure 7.12: Normalized mean UE throughput for LTE macro cell andochannel radar.
Macro cell LTE operates within NTIA exclusion zones, and at 50 km #throughput loss is
less than 30%.

SINR

LTE Subcarriers

Figure 7.13: SINR for the LTE system in the UL direction when a coclmmel radar at the
center of the LTE band a ects the BSs. SINR recover between éhradar pulses and drops
during the time the BS is hit by a radar pulse. This is promising as only c&in symbols
are a ected in an LTE subframe.

close as 150 km away from a cochannel radar the throughput losdess than 10%, whereas
at 100 km the throughput loss becomes slightly less than 20%. At Sthkway the throughput
loss is approximately 55% in contrast to the baseline (brown bar). Weelieve that the more
decaying trend that we observe for the outdoor small cell LTE vdhe macro cells is because

small cell LTE BSs are omnidirectional and are not downtilted ; so theare more exposed
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Figure 7.14: UE mean throughput for out-of-band interferencedm radar 50 km away from
the macro cell LTE system. The throughput loss is drastically alleviad.

Figure 7.15: Normalized UE mean throughput for outdoor small cellsxd a cochannel radar.
At 50 km, there is 55% throughput loss for the small cells.

to the radar radiations and causes a more dramatic loss as the radgets closer to the LTE

system.

7.4.6 Radar to Indoor Small Cell LTE UL Interference

Next, we show the simulation results for the outdoor small cell LTESimilarly to the macro
cells, we look at the mean UE throughputs. The radar is 50, 100, 158nd 200 km away

from the small cell LTE. The normalized mean UE throughput is illustréed in Figure 7.16.
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Figure 7.16: Normalized UE mean throughput for indoor small cells aralcochannel radar.

As we observe, the throughput loss for the LTE small cells is not dmaatic until 100 km
away from the radar. In fact, for an LTE outdoor small cell as clasas 150 km away from
a cochannel radar the throughput loss is less than 10%, whereasl@0 km the throughput
loss becomes slightly less than 20%. At 50 km way the throughput lossapproximately
55% in contrast to the baseline (brown bar). We believe that the merdecaying trend that
we observe for the outdoor small cell LTE vs. the macro cells is besa small cell LTE BSs
are omnidirectional and are not downtilted; so they are more exped to the radar radiations

and causes a more dramatic loss as the radar gets closer to the L3ystem.

Table 7.3: ITM Parameters

Parameters Value
Operation Mode Area Prediction Mode
Dielectric Constant 15
Conductivity 0:005 S/m
Refractivity 301 N-units
Climate Continental Temperate
Variability Mode Single Message
Surface Refractivity 15

Sitting Criteria Random
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7.5 Resource Allocation Simulation under Radar In-

terference

This section starts with simulating delay tolerant and real-time applicaons based on the
sigmoidal and logarithmic utility functions in our system. Then, it implenents the algorithms
presented in the section 7.2.2 for a cellular network in the vicinity of gogctrally coexistent

radar. All simulations are performed in MATLAB.

We consider a cellular network as Figure 7.17 with 3 sectors, operajiim di erent fre-
guency bands, whose topologically identical sectors form co-chats. For instance, the blue,
red, and green cell phones indicate that their host sectors op&ran distinct frequencies re-
peated with the same pattern over other cells of the infrastructe. Each cell is equipped
with a BS, in charge of the UEs under its coverage area, collaborainvith an MME unit
which monitors the operation of all the BSs in the cellular network. Té UEs run di erent
applications whose utility function parameters are shown in the tabjevhich represent sectors
of the cells A, B, and C of the network in Figure 7.17 and 6 applications side each sector.
The 3 sigmoidal/logarithmic application utility functions per sector arecharacterized with
the abbreviation "Sig"/"Log". For example, Table 7.4 says that theUE C5 is in cell C sector
1 and runs a logarithmic ( delay-tolerant) application with parameteik = 1:8. Furthermore,
we assume an approaching radar and red UE sectors use the sapecsum and 200/400

bandwidth units are available to the radar/communications system tamaximum.

The sector rates are plotted in Figure 7.18, which shows the moresceirces available to
BSs, the higher rate the sector rates. Furthermore, the radanterfering red sector rates
are 0 at stage 1 (Algorithms (17), (19), and (20)), whilst the nonraterfering blue and green
sectors are assigned resources from the radar spectrum. Astge 2 (Algorithms (18, (19), and
(20)) non-radar carrier spectrum is allocated to all sectors. Pacularly, the sharp increase

of the red sectors rate vs. the other ones is due to no resourcgsignments to the red
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Figure 7.17: Cellular communications system: Three sector cells are covered by $, controlled by an
MME unit. The cell phone callers indicate frequency bands such thatsectors with the same colored cell
phones are reusing identical bands. Such a topological reuse patin is aimed at minimizing the inter-cell

interference.

sectors at the preceding stage 1. At this time, nRZ, ., and RZ,,, allocations occur until
R3 .., equals their rates after which these non-interfering sectors algbtain more resources;
Hence, giving the radar spectrum to non-interfering sectors initilg then assigning much
more radar-spectrum resources to interfering sectors hold artrinsic fairness into the rate
assignment procedure. Once some resources are passed to ttexfaming red sectors, the
rate plots grow very close to each other due to the tra ¢ analogy irthe sectors (3 sigmoidal

and 3 logarithmic utility functions).

To compare the deployment of the devised resource allocation anakeof it, we do the
same experiment under the assumption of no shared spectrun, ¥dhich rate allocations are
plotted in Figure 7.19. As we see, the red sector rates are allocafeaim the commencement
of the allocation since no interfering sector exists. Besides, Fig. §.4dhows that, at the rate
250,R2.,., utilizes 50 bandwidth units from the communications spectrum wheas, before
the rate 200, its allocated rate is 0. On the ip side, 7.19 depicts that the rate 250,R3,,

uses much more units of bandwidth.

Next, section 7.6 summarizes the results obtained in this chapter.
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R =200and R = 400.
comm

radar

250

Sector Rate
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Figure 7.18: Rate allocation to the UEs when a radar interfering with sectors 3 ofcells is in the vicinity

of the cellular communications system. The allocated rates are initiallyallocated to non-interfering sectors
from the radar operating frequency bands and no bandwidth is alloated to the interfering sectors. In the
second stage of the allocation, the rates start allocating to the inérfering sectors only in order to insure
fairness. Once certain bandwidth is allocated to the sector, the mmainder of the bandwidths can be allocated

to all the sectors.

No sharing (no interference)

160 T

Sector Rate

comm

Figure 7.19: Rate allocation to the UEs when no radar is in the vicinity of the cellular communications
system. The allocated rates are similar since the pattern of the aplications in the cells are alike.
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7.6 Chapter Summary

In this chapter, we studied the impact of shipborne S-band radarhat are co-channel
with and in the vicinity of a 3.5 GHz macro cell and outdoor small cell LTEsystems. We
also looked at the out-of-band interference for the macro cell ETin the 3.5 GHz band. We
leveraged the 3GPP to simulate the LTE at a system level in the UL diotion. Furthermore,
we simulated a rotating radar with parameters from the NTIA repot [2] which had led to
large exclusion zones. Moreover, we simulated FSPL and ITM to mddke LoS and NLoS
di raction and troposcatter losses that attenuate radar signalgo obtain relevant signal
levels at the LTE sites. In the simulations, we assessed the radar iagh by observing the
SINR for symbol and subcarrier indices per TTIl. We realized the raul presence causes BSs
SINR drops during pulses, but the LTE SINR recovers in the time beteen the radar pulses.

Furthermore, we looked at the UE mean throughputs when radar terference occurs.

Contrasting the baseline with interference cases at distinct distaes between the radar
and LTE systems which included operation within NTIAs exclusion zorsg we found that
both macro cell and outdoor small cell LTE can operate inside the exsion zones, and
these zones are overly conservative. So, it would be prematureldck the exclusion zones at
such large distances. Furthermore, we looked at the out-of-bdradar interference e ects and
showed that operating out-of-band signi cantly improves the LTEthroughput loss operation
in close distances between the radar and LTE systems. In view ofetlhesults of the current
article, the authors foresee a signi cant reduction of the NTIA eglusion zones and propose
that reducing the zones is constructive to sharing the 3.5 GHz banwlith government and
motivates the spectrum sharing in the other bands as well. Furtherore, resource allocation

in congested/contested environments is feasible.

In this chapter, we presented a two-stage novel resource alltioa optimization method

which assigned bandwidth to the UEs of cellular communications netwks operating in
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the vicinity of a radar such that the radar spectrum was shared wht certain sectors of
the communications infrastructure. First, we formulated the ra¢ allocation process as two
convex optimization problems which initially assigned resources frorhd radar spectrum to
the UEs in the non-interfering sectors. Then, we allocated the canunications spectrum ,
not coinciding with that of the radar, to all the sectors. The nal lution was a set of optimal
rates for the UEs in the cellular environment based on their runningpplications. Moreover,
we discussed that, intrinsic to the proportional fairness formul&n, the rate allocations

dropped no users so that it could warrant a minimum QoS for all runnop applications.

We demonstrated that the devised two-stage resource allocatisoheme not only refrained
from any interference between the radar system and sectorstbé cellular infrastructure,
but it also rendered the rate allocation mechanism fair by incorporatg the amount of radar
spectrum assigned to non-interfering sectors during the rst age of the allocation into the
resource allocation optimization problem at the second stage. Tledy, the interfering sectors
were given more resources at the commencement of the secorgstto compensate for the
lack of assignment in the rst stage. Our simulation results validatedhat the proposed
modus operandi a orded the cellular communications network to alttate resources to UEs
both to provision applications QoS and to eschew from any interfaree with neighboring

spectrally coexistent radar systems, simultaneously.
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Table 7.4: Application Utility Functions of the Cellular Network.

Sector 1 - Cell A

Al Sig a=3 b=100| A4 Log k=11

A2 Sig a=3 b=103| A5 Log k=1.2

A3 Sig a=1 b=106| A6 Log k=13
Sector 2 - Cell A

A7 Sig a=3 b=10.0 A10 Log k=1

A8 Sig a=3 b=153| A1 Log k=2

A9 Sig a=3 b=120|A12 Log k=3
Sector 3 - Cell A

Al13 Sig a=3 b=15.1|Al6 Log k=10

Al4 Sig a=3 b=153|Al7 Log k=11

Al15 Sig a=3 b=155|A18 Log k=12
Sector 1 - Cell B

Bl Sig a=3 b=159| B4 Log k=14

B2 Sig a=3 b=11.2| B5 Log k=15

B3 Sig a=1 b=115| B6 Log k=16
Sector 2 - Cell B

B7 Sig a=3 b=13 |B10 Log k=4

B8 Sig a=3 b=14 |B11 Log k=5

B9 Sig a=1 b=15 |B12 Log k=6
Sector 3 - Cell B

B13 Sig a=3 b=15.7|B16 Log k=13

B14 Sig a=3 b=159|B17 Log k=14

B15 Sig a=3 b=17.3B18 Log k=15
Sector 1 - Cell C

C1 Sig a=3 b=118 C4 Log k=17

C2 Sg a=3 b=121 C5 Log k=138

C3 Sig a=1 b=124 C6 Log k=1.9
Sector 2 - Cell C

C7 Sig a=3 b=16 |C10 Log k=7

C8 Sig a=3 b=17 |Cl1 Log k=8

C9 Sig a=1 b=18 | Cl2 Log k=9
Sector 3 - Cell C

C13 Sig a=3 b=175/Cl16 Log k=16

Cl4 Sig a=3 b=17.7 C17 Log k=17

C15 Sig a=3 b=179/C18 Log k=18
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Chapter 8

Resource Allocation, LTE, and

Channel E ect

In chapters 3 and 4, we introduced a novel convex utility proportiwal fairness maximiza-
tion for optimal resource allocation in wireless networks and out #d the optimization with
the subscriber, application status, and service di erentiations pameterized respectively as
UE subscription weights, application status weights, and applicationtility functions. Over
there, we developed a centralized architecture for the proposeesource allocation which
assigned application rates by the eNBs in a single stage in responséhi® application utility
parameters sent by the UEs to the eNBs. Moreover, we providedtlva distributed archi-
tecture for the same radio resource allocation framework which svéntroduced in chapter
3, which accounted for application types and temporal usages asliwas UE priorities, and
assigned application rates in two stages from the eNBs to the UEsdaby the UEs to the
running applications. While we saw the e cacy of the proposed methaology in a real-world
Wi network in chapter 3, in a realistic large scale wireless communicatis system, there are
other factors to be accounted for. Radio waves undergo variopgpagation e ects [176] in-

cluding path loss, absorption by Oxygen and water vapor [8], and diaction loss, collectively

203
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referred to as the channel.

When said that a UE has a bad channel, it means that based on its cent position
with respect to its serving BS, the signals transmitted between thBS and the UE and
vice verse su er from severe path loss, and possibly di raction los® that the throughput
for the UE is much lower. Transmitting under bad condition leads to @nsmission loss
and bit errors, therefore in order to transmit under bad channetonditions, lower order
modulations/coding schemes (MCS) are used. Lower coding MCS medhat lower number

of bits can be transmitted with one symbol.

8.0.1 Contributions

In this chapter:
We show the ine cacy of the resource allocation methods introduckin chapters 3 and
4 under various channel conditions.

We develop a distributed channel-aware architecture for the praged resource alloca-

tion framework.
We prove that the new channel-aware proposed mechanism is conve
We provide with solution algorithms for the channel-aware resouradlocation.

we provide with simulation results under isolated scenarios to showete ectiveness

of the proposed method in resource allocation with channel congidions.

We show the results of the resource allocations under the abundanas well as scarcity

of resources with channel e ects considered.

We provide with a large scale simulation over a large geographic areadashow the

application of the proposed method.
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8.0.2 Organization

The remainder of this chapter is organized as follows. Section 8.1yides the motivation
for including the channel in the resource allocation and its necessit$ection 8.2 discusses
radio resource management in LTE systems. . Section 8.3 discusesine ciencies that
will come to happen by not considering the channel e ect. Section8presents a channel-
aware distributed architecture for the resource allocation frameork that was introduced
in chapter 4. Section 8.5 provides with the solution algorithms for theesource allocation.
Section 8.6 provides with the simulation results; And, section 8.7 cdades and summarizes

the current chapter.

8.1 Channel Quality, Modulation, and Coding

Channel coding, as a pillar in digital communication systems, can bersidered as one of
the di erences between analog and digital systems and it makes @rrdetection/correction
feasible. Error correction can be in the form of an Automatic Repée&equest (ARQ) , where
RX requests a retransmission of data in case an error is detectedhother error correction
mechanism is Forward Error Correction (FEC) , where redundantits are added to the data
bits under a block or convolutional coding [179]. Another mechanism Teirbo coding [176],

whose performance is within a few tenth of a dB from the Shannons linf6].

Link adaptation is another feature of modern wireless systems ansl a mechanism to
match transmission parameters to the channel automatically. LTHnk adaptation leverages
the Adaptive Modulation and Coding (AMC) , in which if the SINR is su cie ntly high,
higher-order modulation schemes with higher spectral e ciency arused. This leads to
a higher bit rates, whereas a lower order modulation scheme, which dssentially more

robust to transmission errors, yields in lower spectral e ciency. @ the other hand, for a
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given modulation scheme, an appropriate code rate can be chosepending on the channel
quality [6]. A better channel quality allows for a higher code rate whicin turn results in a
higher data rate. LTE does this by means of a Rate Matching modul®&\IM) after the Turbo
encoder to permit choosing proper code rates through punctugrand repetition [176]. Figure
8.1 shows the signal generation chain of an LTE PHY with Turbo codingnd modulation

modules.

Figure 8.1: Link Adaptation System: LTEs physical layer with Turbo coding and m odulation modules [6].

As we mentioned, the channel quality is an important aspect of wirede systems. In LTE,
the quality of DL channel is measured in the UE for the referencersypols [9] and transmitted
to the eNB as Channel Quality Indicator (CQI) . CQI depends on ontte channel, noise,
interference, and RX quality (e.g. analog front end noise gure (NFand digital signal
processing (DSP) algorithms performance. That means a receiweith better front end or

more powerful signal processing algorithms delivers a higher CQIh& SNR recommends a
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Table 8.1: LTE DL Link Adaptation

MCS, Code Rate, Coding E ciency
0 || No Transmission|| - -
1 || QPSK 0:76 || 0:1523
2 || QPSK 0:12 || 0:2344
3 || QPSK 0:19 || 0:377
4 || QPSK 0:3 || 0:6016
5 || QPSK 0:44 || 0:877
6 || QPSK 0:59 || 1.1758
7 16QAM 0:37 | 1.4766
8 16QAM 0:48 | 1.9141
9 || 16QAM 0:6 || 24063
10 || 64QAM 0:45 || 2:7305
11 || 64QAM 0:55 || 3:3223
12 || 64QAM 0:65 || 3:9023
13 || 64QAM 0:75 || 45234
14 || 64QAM 0:85 || 5:1152
15 || 64QAM 0:95 || 5:554

MCS to ensure that Block Error Rate (BLER) [179] is less than a thhold such as A [6].

In Table 8.1, CQIs corresponding to 16 possible MCSs are shown. CIQJk selected for the
worst channel quality as it is the most robust transmission paramets, QPSK modulation
and the lowest code rate @76. The highest MCSs are 64 QAM and:93 (CQI 15). This
table assumes a slow fading channel so that it does not change betw two consecutive
CQIl measurements, in other words, the channel coherent time e® not exceed the CQI

measurement period.

The link adaptation in UL is very similar, but eNB estimates channel quigty by using the

Sounding Reference Signals (SRSs) [9].
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8.2 Radio Resource Management

In LTE at the PHY layer, resources are managed using Resource Magement (RM)
modules which assign data blocks to RRBs. One RRB includes 12 subitas and one time
slot. The resource management in LTE can be seen in Figure 8.4, wiheZQl values are
leveraged in choosing the RRBs. CQIs can be periodic where the RBhgs Uplink Control
Channel (PUCCH) reports them, or Physical Uplink Shared ChanhgPUSCH) reports
aperiodic CQIs. The latter is used if BS wants the channel quality at particular time. The

bandwidth is divided into subbands consisting of RRBs, where the ndrar of sub-bands is

N = dNFEBL e, wherek is the number of RRBs (Figure g:Ch13RRB).

Figure 8.2: LTE Radio Resource Block [6].

The LTE has two modes of operation, FDD and TDD [176]. For the FDD mde, we
have the following. Time duration for one frame is 10 ms, which meankat there are 100
radio frames per second. There are 307200 samples in the 10 ms Ifidne, i.e. 3072
million samples in 1 s. There are 10 subframes in a frame and 2 slots in bfsame. Thus,
a frame consists of 20 slots which are®ms each. It is noteworthy that slot is not the

smallest time unit in LTE. Normally ,each slot contains 7 small time blocksatled symbols,
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a certain time span of the signal that carry one spot in the 1/Q cortsllation diagram [179].
Furthermore, at the beginning if each symbol, there is a small time ap called cyclic pre x
and the remaining is the symbol data. The cyclic pre x can be normadr extended, where
the former leads to 7 data symbols and the latter yields in 6 data symls. The explanations

above are summarized in Figure 8.3.

Figure 8.3: LTE Frame Structure [7].

For the DL, symbols are OFDM and for the UL, they are SC-OFDMA [18]. The rst
symbol is a little bit longer than the others. Since there are 3072 million samples per second,
there would be 2048 bins/IFFT. Since the spacing between the sudrders is identical (15
kHz), changing the system bandwidth generates di erent numbeof subcarriers as we can
see in table 8.2. As such, for 5, 10, and 20 MHz LTE, there are respeely 300, 600, and
1200 subcarriers. The symbols are G6mirco ssecond, and each RRB contains 7 symbols,
because it is 1 time slot, and 12 subcarriers which amounts to 84 reste elements in a
RRB. Thus, 5, 10, and 20 MHz LTE contains 25, 50, and 100 RBs in tharder. The details
about TDD LTE can be found in [18]. While we present the formulations irthis chapter

general, our simulations are based on FDD due to simpler frame sttuce.
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Table 8.2: LTE DL Link Adaptation

Number of RRBs, Number of IFFT
14 || 6 128

30 || 15 || 256

50 || 25 || 512

100 || 50 || 1024

150 | 75 || 2048

200 || 100 || 2048

8.3 Resource Allocation E cacy and Channel Condi-

tions

The distributed architecture for optimal rate allocation in chapter4 was in accordance
with equation (8.1), repeated here for the ease of reference,aemd forM UEs covered by an
eNB in accordance with Figure 4.1r = [rq;rp; 5 rv ] is the UE allocated rate vector,R is
the maximum available resources at the eNB,; is a subscription-dependent weight for the

i UE, and Vi(r;) = Qszil U;" (ry) is the i™ UE aggregate utility function.

Wl .
max V, '(ry)
' i=1
subject to rn R; (8.1)
i=1
ri O i=1;2::M:

And, the application rates was allocated using equation (8.2), where = [ri1; ri2; 3 fin, ]
is the application rate allocation vector such that it§ " component indicates the bandwidth

allotted by the i UE to its j™ application, r>™ is the i UE rate allocated by eNB.
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max U; " (ryj)

I

Wi
subject to ri  r® (8.2)

ri 0, J=1;2:5N;:

Figure 8.4: System Model for Resource Allocation.

However, the model speci ed by equations (8.2) and (8.2) do not @munt for the channel
conditions of the UEs as discussed in section 8.1. This is shown in Fig&.&, from which
we see that eNB A which is serving 2 of its UEs depicted is having a badacimel to the
UE in the blue area of the graph, which represents low SNRs from theeat map index on
the right side, whereas the other UE is observing an excellent chatrby having a high
SNR. Applying the algorithm from equations (8.2) and (8.2), does nati erentiate between
these two users at all since it only looks at UE subscriptions, instaateous app usages,
and application types. Therefore, two identical applications in term of QoS requirements
for two identical UEs in terms of subscription type and application fous will have identical
resources allocated to them solely based on the bit rate requirerntenf the application and
the UE and application weights. However, in practice, the throughg (in terms of bit per
second) for the UE with bad channel condition might not be met sincthis UE has a bad
channel and it has to use a much lower order of MCS in order to havdav BLER. In fact,
for this situation, the UE with bad channel needs far more RRBs in der to have its QoS

requirements met.
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Figure 8.5: System Model and channel for Resource Allocation.

8.4 Channel-Aware Distributed Resource Allocation For-

mulation

Here, we de ne the number of bits that we can transmit withk; resource elements at
the signal-to-noise ratioSNR; as functionf shown in equation (8.3). The number of bits
transmittable with k; resource elements ik times the number of bits that can be transmitted
with only 1 resource element under the same SNR. On the other harfd is upper bounded
according to the Shannon law such that we can write equation (8.6)here is the resource

block bandwidth.

r = f(k|,SNR|) = k|f (1,SNR|) (83)
f1

Then, we can multiply by a proportionality factor to make it into an equation. In order
to do this, we know that there are control and pilot per resourcelbck. So, if we assume

there arem non data control and pilot bits of total n resource elements available,ther—™
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comes into the equation. Furthermore, if the frame time i§; and the resource block time

is Trg, then TT% comes to the equation as well.

ri/ kilog,(1+ SNR)) (8.4)

Therefore, we can write the following equation.

Tre N M
r = leLfB

ilop(1+ SNR)) (8.5)

As a case in point, if there were 4 pilots in a resource block and 84 (7gyols and 12
subcarriers) resource elements in a resource block, and subiessr were 1%Hz so that the
resource block was 180 kHz, consideringbns time slot (resource block time which consists

of 7 symbols each 74 s.) leads to the following equation which is in kbps.

ri =8:571%; ilog(1+ SNR)) (8.6)

Then, the resource allocation in equation (8.1) can be written as egfion (8.8), where
ki = [Kq;ro; i rm] is the resource block vector whosd' element is the number of resource
blocks allocated to thei™ UE which is under SNR; channel condition. The constraint in
the optimization says that the total number of resource blocks shild be less than or equal
to the total number of data resource blocks which are available ahé eNB and that the
number of allocated resource blocks must be positive. We can useinstead of > in the
latter condition, since nonzero allocation is implied by the multiplication butilities (chapter

3).
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W
max vii(kiTTﬂn M log(1 + SNR)))
i=1 f
subject to ki K; (8.7)
i=1
ki O i=1;2:5M

It is noteworthy that to apply the proposed algorithms to a realisticscenario, one must
obtain the values for the parameterK and epsilon. The latter was added to change the
equation (8.6) to 8.5). It implies that the rate should be bounded byhe Shannon capacity,
and therefore it should be a function of code e ciency and SNR. Ftinermore, the parameter
K should be obtained by reducing the total number of resource blaclavailable minus the

number of control, pilot, and synchronization channel.

8.4.1 Determining

The minimum SNRs required for di erent CQIs reported are given in te 3GPP documen-
tation as in table 8.3. The rst four columns are excerpted from tale 8.1, and the columns 5
to 9 show the minimum SNRs required for various MIMO/HARQ modes avarious CQIs [9].
Them we select the minimum SNR required, and the linear scale of this nmimum SNR is

depicted at the last column. Then, the parameter will be: as in equation (8.8).

' logx(1+ SNR;.jin)

(8.8)

In order to have a continuo graph, we curve t the values of this pameter vs. SNR

based on linear regression, which yields in the equation (8.9), depitt@ Figure 8.6.

. = 0:008NRgs +0:6821 (8.9)
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Table 8.3: Characterizing epsilon for dierent channels. (M: Modulabn, CR: Coding
Rate,SE: Spectral E ciency, T: Transmit Mode [9])

CQl || M CR || SE T1 T2 T3 T4 T5 SNRuinin

0 NT - - - - - - - -

1 QPSK | 0:76 || 0:1523|| 1:95 || 2:00 7:00 3:10 4:80 || 0:199526231
2 QPSK | 0:12 || 0:2344| 4:00 || 4:05 5:00 1:15 2:60 || 0:316227766
3 QPSK || 0:19| 0:377 | 6:00 || 5:10 3:15 || 1:50 0:00 0:484172368
4 QPSK || 0:3 | 0:6016| 8:00 || 8:00 1:00 || 4:00 2:60 0:794328235
5 QPSK || 0:44 | 0:877 | 1000 || 1G:00 || 1:00 6:00 4:95 1:2589254172
6 QPSK || 0:59| 1:1758| 11:95 || 11:80 || 3:00 8:90 7:60 1:995262315
7 16QAM || 0:37 || 1:4766| 1405 | 1390 | 5:00 1270 || 1060 || 3:16227766
8 16QAM || 0:48 || 1:9141 || 1600 | 1610 | 6:90 1490 || 1295 || 4:897788194
9 16QAM || 0:6 || 224063 | 17:90| 1745 8:90 1750 || 1540 || 7:762471166
10 640AM || 0:45 || 227305 199 || 1950 || 1085 || 20:50 || 1810 || 1216186001
11 640AM || 0:55 || 3:3223|| 215 || 21:50 || 1260 || 2245 || 20:05 || 1819700859
12 640AM || 0:65 || 3:9023 || 2345 || 2310 || 1435 || 2320 || 2200 || 27:22701308
13 640AM || 0:75 || 45234 2500 || 2490 || 1615 || 2490 || 2455 || 41:2097519]
14 640AM || 0:85 || 5:1152| 27:30 || 27:00 || 1815 || 27:00 || 26:80 || 6531305526
15 640AM || 0:95 || 5:554 || 2200 || 2910 || 2000 || 2910 || 2960 || 10000

Therefore, the equation (8.8) can be written as equation (8.10).

¥ Tege n M
ma Voi(k, =22
X I ( ITf n

i=1

(0:008BNR; +0:6821J0g(1 + SNR))

subject to ki K; (8.10)
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Figure 8.6: Parameter vs SNR.

It is noteworthy that we assume that the SNR is ergodic and that th resource blocks
are assigned within the coherence time/bandwidth so that we only i@ have at and slow

fading.

8.4.2 Determining K

The number of available resource elements depends on the bandwiftir the LTE system
and the mode of operation, i.e. FDD vs. TDD. The total number of ource elements iM
resource blocks isM 12 7 2 10 1000, where 12 is the 12 subcarriers in 1 resource
block, 7 is the number of symbols in 1 resource block, 2 is due to haviaglots in a subframe,
and 10 is due to having 10 subframes in 1 frame and 1000 is due to hgvif®00 frames in 1
second. However, there are data pilot and synchronization synibavhich should be reduced
from the total available to give out the number of data resource eteents. This is depicted

in table 8.4.
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Table 8.4: CharacterizingK for di erent channels. (BW: Bandwidth, TB: Transmit Band-
width, TREPF: Total Resource Element per Frame, TREPS: Total Rsource Element per
Second, OREPF: Overhead Resource Element per Second, OREPSerhead Resource EI-
ement per Second, DREPS: Data Resource Element per Second).

BW || TB || PUCCH | TREPF || TREPS OREPF || OREPS || DREPS
10 9 2 84000 84000000 || 16857 67143 67143000
20 18 || 2 168000 || 16800000Q| 27454 140546 || 140546000

8.5 Global Solution Existence

In order to follow the same procedure as in chapters 3 and 4, we baw prove the the
logarithm of the UE utility function is convex. It is noteworthy that f actoring the channel
e ect into the optimization changes the shape of the objective fugtion under equation
(8.10) from the original sigmoidal or logarithmic form. Doing so, rergts the optimization
in equation (8.10) convex, and therefore, proves the existenceaoglobally optimal solution.

In order to do this, rst we present the following theorem.

Lemma 8.5.1. The objective function of the optimization in equation (8Q) is convex.

Proof. The sigmoidal utility function U(r) from chapter 3 is now replaced witiJ(f (k; SNR))

from equation (8.3). Therefore, for the sigmoidal utility we have tat:

@f_ @euer_ @)
@k I@H@}r @k @r

@Ilog(V)
@r >0

Tren M
' ilogx(1+ SNRj)) > O:
T n ! %( i) (8.11)

Now, we only should prove that the second derivative is negative. Wrave that:
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@log(V) _ _@(@IO(;U))@IS=
@K @lﬂ_@r_} @k
9
(8.12)
%gkiTTﬂn logy(1+ SNR)+g &"
ﬁ N {z } @ﬁ
>0 =0
So the positiveness or negativeness depends%@
@g_ @é@low) _
k
@ @ade a(r b ) (8.13)
@151 di+ed By T+eat B
Taking K TRB LT logp(l+ SNR;) b)as , the derivative of the rst term becomes:
@ ade® D 4 dl+e? )= gdie? 1 dl+e?)
@K d(l+e a0 b) - I-?Azd-}
e?(ade®)=1 dl+e?)? (8.14)

aAelBk bg 1 d(1+e (B bd) 4 ge (Bk ba
[1 d(1+e (Bk ba))]2 -

Aae (Bk ba)y(1 d
[1 d@1+e Bk ba)y?

And the derivative of the second term becomes:

@ ae 3 D @ ae 2"
@K+ea B @K+e ®
(& ke jlogy(1+ SNRi)e 2% P)(1+ e 2Bk )
(1+ e aBk ba)2 - (8.15)
aAe (Bk b3(1 4+ g Bk bd) 4 Age (Bk bdg (Bk ba)
[1 d1+ e (Bk b))

ale (Bk ba)
T d(1+ e Bk b))

Therefore, the derivative comes as the following equation.
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@g_ Aaqe (Bk ba(l d) . ale (Bk b3 B
@k [1 d(1+e Bk b)? [1 d(l+e B ba))?
d(L+e B« 2)2(1 d)+ 1 d1+e Bk b3) 2
(1 d(1+ e (BK ba))2g(1+ e (Bk ba)2 =
aAdZ(l + e 2(Bk ba))e (Bk ba) 4 (2d+ 1)Aae (Bk ba)
(1 d(1+ e Bk b3))2g(1+ e (Bk ba)2

Aae (Bk b3 4 (8.16)

Thus, the second derivative is negative and hence it is a concave dtian. The proof for

the logarithmic utility is similar O

Theorem 8.5.2. The optimization problem in equation (8.8) is convex and has unique

tractable global optimal solution.

Proof. We can form the equivalent log-EURA optimization (8.17) by taking thelogarithm
of the (8.8)

X Tre N m
mkax i log(Vi( k e (0:008SNR; +0:6821)og,(1 + SNRy)))
i=1 f
subject to ri K; (8.17)
i=1
ki O i=1;2::M:

The aggregate utility concavity based on lemma 8.5.1 concludes thaie channel-aware
log-EURA optimization is convex [88], which in turn proves the convext of the EURA
problem in equation (8.8) due to their objective functions equivaleec And, there exists a
unique tractable global optimal solution for a convex optimization in gneral [88], and for

EURA in particular. O
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8.5.1 Solution for Channel-Aware EURA Optimization

The solution to the distributed architecture channel-aware for ource allocation is pro-
vided through the Lagrangian of the dual problems for the EURA dpmization. Similarly to
( [84,89]), we deploy the duality for convex optimization problems toadve them e ciently.
What proceeds is such an application of the duality to EURA and IURA anstituents of the

distributed rate allocation problem.

%

Tre N m X
L(kip)=" log(V(k7* " " (0:008BNR; +0:6821Jog:(1+ SNR)) B ki+z K)
i=1 i=1'
Tre N mM
= log(Vi( k e - (0:008SNR; +0:6821)og(1 + SNRj))) pk + p(K 2)
. f

= Liki;p)+ p(K  2)
(8.18)

Here,z; 0O is the slack variable ang is Lagrange multiplier or the shadow price (price per

unit bandwidth for all the M channels). Therefore, thé" UE bid for bandwidth can be writ-

P m

P
ten asw; = pk;, where i“’z'l W, = p -, ki. The rstterm in equation (4.7) is separable ink;,

P
so we have max M (log(Vi( k ;T8e-0_m(0:008 BNR; + 0:6821)0g,(1 + SNR;))) pk) =

T n

F)
:‘”:1 mkax(log(\/i( k ;1Re.n_Mm(0:008SNR; +0:6821)og(1 + SNR;))) pki) and the dual prob-

Tt n

lem objective function can be written as equation (8.19).
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D (p) =max L (k;p)

|
i !
=" max_ log(( k iTTﬂ” . ™ 0:008BNR; +0:6821Jog(1 + SNR))))  pk
R f
pd
+pK z)= max(Li(ki;p)+ p(K  2)
=1
(8.19)
Thus, the dual problem is formulated as equation (8.20).
min D(p)
P (8.20)
subjectto p O:
Leveraging the method of Lagrange multipliers, we have:
@p) X
=K ki z=0 8.21
ap ok (8.21)

. P w Pwu ) N Pm
Substituting by 2, w; = pZ; ki, we have equation (8.22), minimized t@ = —3—

at z = 0 where w; = pk; is transmitted by the i"" UE to the eNB.

Py
i=z1 Wi

P= 2 (8.22)

As such, we divide the channel-aware log-EURA problem (8.17) into gater optimizations
at the eNB (eNB EURA problem) and UEs (UE EURA problem). These a respectively
shown in equations (8.24) and (8.23) whose solutions, guaranteethg utility proportional

fairness in equation (4.3), are summarized in Algorithms 22 and 21 inahorder.
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max logVi(ri) pri
subjectto p O (8.23)
ri O 1=1;2:;M:

During the execution of the aforesaid algorithms, starting withw;(0) = 0, the i UE,
transmits an initial bid w;(1) to the eNB, which in turn subtracts the latterly received bid
w;(n) and the formerly received onewv;(n 1) and ceases the procedure if the di erence is
less than a threshold ; Otherwise, it computes and sends a shadow prigén) = M
to is covered UEs. Thei™ UE extracts its rate k;(n) from the received p(n) such that
logVi( k i%%(O:OOS?SN R; + 0:6821)og,(1 + SNR;)) p(n)k; is maximized. The rate
ki(n) is employed to estimate the new bidv;(n) = p(n)k;(n), transmitted to the eNB. This

routine repeats until the bid di erencejw;(n) w;(n 1)j falls below the threshold .

min D (p)
P (8.24)
subjectto p O:

The solution k;(n) of the i" UE EURA optimization can be written as equation (8.25),
and Algorithm 21 essentially solves the equation (8.26) algebraicallygh.agrange multiplier
solution for equation (8.23) and geometrically the intersection poinbf the horizontal line

y = p(n) with the curve given by equation (8.27).

ki(n) = argmax logV( k iTTﬂ n - ™ 0:008BNR; +0:6821J0g,(1 + SNR))  p(n)k
: f
(8.25)
@ogVi( k /f ;" (0:008BNR, +0:6821Jog:(1 + SNR))) _ o .26

@k
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@ogVi( k ;=21 (0:008 BNR; + 0:6821J0g(1 + SNR))

T n 8.27
Y @k ©20
Algorithm 21 UE Channel-Aware EURA Optimization Algorithm
Send initial bid w;(1) to eNB.
loop
Receive shadow pricg(n) from eNB.
if STOP from eNB then
Calculate allocated ratek{™ = ")
STOP
else
Solveki(n) = arg mfilx logVi( k i%%(O:OOW\SN R; + 0:6821)og,(1 + SNRy)))
p(n)ki .
Send new bidw;(n) = p(n)k;(n) to eNB.
end if
end loop

Algorithm 22 eNB EURA Optimization Algorithm
loop
Receive bidsw;(n) from UEs. fLet w;(0) =1 8ig
if jwi(n) wi(n 1)j< 8ithen

Allocate rates, k™ = *{) to useri.
STOP
else
" win)

Calculate p(n) =

Send new shadow price(n) to all UEs.
end if
end loop

8.5.2 IURA Global Optimal Solution

Strictly increasing nature of logarithm function yields in that the IURA objective function

Ni

) P
in equation (8.2), i.e. ;' (rj), corresponds to %, j log(Uj (rj)). So equation

Qy,

=1 Y
(4.4) can be reformulated as equation 8.28, referred to as the IkgRA problem for which
corollary 4.2.3 is conceivable. It is noteworthy that for equation (88), the value ofr; is

given as equation (8.29).
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Wi
max i logU; (rij)
1 J:l

Xi T
subject to i K i()pt%n nm(0:00875NRi +0:6821)0%,(1 + SNR)): (8.28)
i f

.
PO = (K fp‘%f%(o:oosslxl R; +0:6821J0g,(1 + SNR))) (8.29)

Corollary 8.5.3. The IURA optimization problem in equation (8.2) is convex a has a

unique tractable global optimal solution.

Proof. Substantiating lemma 8.5.1 is concomitant with proving the concavity fahe appli-
cation utility functions natural logarithm; this ascertains the conexity of the log-lURA
problem in equation (8.28) [88]. Since log-lURA and IURA optimizations dve equivalent
objective functions, IURA optimization in equation (8.2) is also conwe Every convex op-
timization has a tractable global optimal solution in general [88], andosdoes the IURA

optimization in particular. O

Theorem 8.5.2 and corollary 8.5.3 indicate that the distributed optimiz#on in section
8.3 is convex and it assigns rates optimally. The application rateg are optimally assigned

internally to the UEs in accordance with Algorithm 23, where thé" UE leverages the EURA

P\
" to solver; =argmax [, ( j logU; (ry) piry)+ pir™.

allocated rater i
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Algorithm 23 UE IURA Algorithm
loop
Receiver ™ from eNB. f by EURA Algorithmsg
Solve
ri = arg max (i logUy (ry) ey )+ pr™ fri= frigriz e, og

Allocate r;; to the j™ application.
end loop

8.6 Simulation Results

We consider 9 UEs and a BS serving the UEs. We assume a 10 MHz LTteyn so that
67143000 resource elements are available. Then, we apply the atgor to observe the rates
allocated to the UEs and to the applications. We assume esodic SNR#$ien, the throughput
and number of resources allocated are illustrated in Figures 8.7(a)da8.7(b). Here, the bit
rate requirements of the UEs was:@5, 1, and 5 Mbps and the SNRs was5, 5, and 15 dB as
we can see on the x axis. As we can observe, for identical QoS regmients, more resources
are allocated by the algorithm to the UEs at lower SNRs, i.e. worse amael quality. On
the other hand, a smaller number of resources meets the same laiter requirements as the
lower SNR ones as a higher MCS can be used. Furthermore, the atfance of the resources

allows the UEs to have their throughput met as we can see in Figure &J.

Next, we consider the same 9 UEs but we put two applications in eachEUand reduce
resources to 5000000 resource elements. As we can see, me@imees are allocated to
the UEs with lower SNRs in order to meet their bit rate requirements Kigure 8.7(a)).
The throughput of the UEs are met as it is shown in Figure 8.7(b), antURA algorithm
distributed the resources to its applications. Since the applicatiorare identical, resources

are allocated between them equally which is shown by the stack barach8.8(c)

Next, we reduce the resources to only 1000000 resource elesdat the 9 UEs. As we
can see from thr throughput plot in Figure 8.9(a), the throughputof the UEs under band

channel conditions are not met. This is in spite of the fact that moreesources were allocated
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(b) Resources Allocated to UEs

Figure 8.7: The system contains 9 UEs, each concurrently runningraal-time application
with respective identically colored sigmoidal utility functions. The lowe SNR UEs are
allocated more resources so that their throughput meet their Qa®quirements.

to these UEs according to Figure 8.9(b); however, there were silpmot enough resources

available to meet the QoS requirements of the applications running dhese UEs.

Next, we reduce the number of resources to only 100000. Undeistcircumstance, network
is severely su ering and the throughput of no application is met as #re are no enough

resources available.
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(b) Resources Allocated to UEs
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(c) Resources Allocated to UEs

Figure 8.8: The system contains 9 UEs, each concurrently runninga real-time application
with respective identically colored sigmoidal utility functions. The lowe SNR UEs are
allocated more resources so that their throughput meet their Qa®quirements.
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(a) Throughput of the UEs

(b) Resources Allocated to UEs

Figure 8.9: The system contains 9 UEs, each concurrently runningreal-time application
with respective identically colored sigmoidal utility functions. The lowe SNR UEs are
allocated more resources so that their throughput meet their Qa®quirements.

8.6.1 Large Scale Network Planning

Here, we perform a large scale network planning to observe the et@f resource allocation.
We consider a 10 km 10 km area in Falls Church, VA. We consider a cellular system to be
planned to cover this area as it is depicted in Figure 8.11. This geogtap area covers Falls
Church and Annandale cities in Northern Virginia. The red dots in the ture illustrate the

corners of the grid. In order to do network planning, we need to tdin the radio environment
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Figure 8.10: The system contains 9 UEs, each concurrently runnigreal-time application
with respective identically colored sigmoidal utility functions. The lowe SNR UEs are

allocated more resources so that their throughput meet their Qa®quirements.

map (REM) all over this geographic area. The REM would include prommtion pathloss,

di raction loss, as well as troposcatter loss; however, due to thsize of the area, only

propagation and di raction loss would be present [134]. In order tolaain the path loss, we

use the ITM model in its point-to-point (P2P) [134] mode. The reasoto resort to ITM is the

fact that ITM is the only publicly available propagation model that corsiders morphology

and elevation. It is also suitable for a wide range of frequencies frorkiF to 20 GHz which

makes it accommodate a wide range of applications.
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The ITM has two modes of operation, which are the APM and P2P, whe the former
only accounts for the average changes in the elevation in the gemgjnic area while the latter
accounts for the precise elevations on the path. In order to obtaelevation, we download
the 1=3 arc second digital elevation model (DEM), from the United State&eological Survey
(USGS) . The data are available for free and provide with elevationsitiv resolution of 10

m. The elevation data are in the form of XML les and they are procesed and converted

to text les before usage.

Figure 8.11:10 km 10 km area covering Falls Church and Annandale in Northern Virginia, where our
cell planning and resource allocation occurs.

Once the REM is obtained, the link budgets in the UL and DL directions i@ performed

in order to obtain SNRs which will be used in the resource allocation alglhms. There will
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20 eNodeBs distributed over the geographic area. And we will be ugigenetic algorithms
to distributed the BSs in the region in a fashion to maximize the covege of the area. It is
noteworthy that the footprint of the BSs is based on the DL SNR 1 H. Due to the di erence
of the path loss in various directions, the foot prints will be non-cites. The plot of SNR of
the UEs for the eNodeBs in the system in depicted in Figure 8.12. As wan see the y-axis
(eNodeB) shows the 20 eNodeBs in our system and the x axis (UEsls the UEs that are
served by each corresponding eNodeB in the y-axis. Since, UEssghtheir serving eNodeB
based on the received SNR, the number of UEs in the di erent eNole are di erent as well.
Furthermore, we can see some UEs with very low SNRs (such as thas the eNodeB 1).
This is because we distributed the UEs purely randomly, and therefy some Ues are in bad

channel conditions.

Once the eNodeBs are distributed all over the area, then we randty distribute the UEs all
over the grid and use the DL SNR from the BSs to help UEs pick their séng BSs. As such,
we do not drop the UEs under BSs footprint, instead, we distributéhem at random and the
SNRs de ne the serving BS. Then, the UL SNR is leveraged to obtaihé coe cients which
are used in equation (8.8). We are assuming omnidirectional anteremand no interference
is accounted for. The UEs choose their serving BS based on theosigest signal that they
receive from each BS in the downlink direction. Therefore, the UEsiliwbe distributed in

various cells of the BSs as in Figure 8.13.

The network planning relies on calculation of the link budget paramets in the UP and
DL directions. The UL link budget has a xed part and a varying part. The rst part
can be calculated as equation (8.30). Her®; is the i"" UE e ective radiated isotropically
radiated power (EIRP), which is the sum of the UE transmit power in & and the gain in
the direction of the eNode in dBi. ThelL cape 1S the cable loss in dB, thd is the interference
margin in dB, Gtx is the eNodeB antenna gain, antyy is eNodeB master head gain [9].

In the simulation, we take the UE EIRP as 24 dBm, interference mang as 2 dB, cable loss
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Figure 8.12: Ues are randomly distributed in the area in Figure 8.11, and since theychoose the serving

base station according to the strongest downlink signal that theyreceive from all base stations, they are

distributed distinctively amongst the base stations as in this gure. The numbers on each pie piece shows
the percentage of the UEs of 500 total UEs that belong to a partialar cell.

as 1 dB, eNodeB antenna gain as 6 dBi, and master-head gain as 2 dB.

PiUL = Pue | + Lcanet Grx + Gur Limplementation Margin
(8.30)

I—Fast Fading Margin I—Body Loss T GRX I-Loss

Furthermore, in equation (8.30), we take the implementation margirb dB, body loss 3
dB, receiver gain 6 dB, fast fading margin 5 dB, and clutter loss 12 dBn is noteworthy
that the 12 dB clutter loss is conservative, and a precise clutter lesan be obtained using
USGS Land Use Land Cover (LCLU) data [180]. However, this is out dfie scope of this

simulation. Besides, the noise gure (NF) for the receiver, i.e. eNe® in the UL direction,
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Figure 8.13: Ues are randomly distributed in the area in Figure 8.11, and since theychoose the serving

base station according to the strongest downlink signal that theyreceive from all base stations, they are

distributed distinctively amongst the base stations as in this gure. The numbers on each pie piece shows
the percentage of the UEs of 500 total UEs that belong to a partialar cell.

is 2 dB, which accumulates to receiver noise oor density as equati¢8.31). The second
term and third term in the addition comes from the thermal noise, eluated at 10 MHz
LTE, and at the temperature 290 degrees of Kelvin.

ND enoges = NFenodes + 30 +101og(1:38e 2 290) (8.31)

Then, the signal strength at thej " eNodeB position can be calculated as equation (8.32),
whereP;; is the signal strength from thei™ UE to the j™ eNodeB, whose noise oor density

isNDj, and Lrew (i;] ) is the pathloss between thé™ UE to the j eNodeB.

P =P Lgem(i;j) ND; 10log(18@°) (8.32)

Furthermore, in the DL direction, the link budget can be calculated & equation (8.33).
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DL —
Pi - I::'eNodeB I + I-Cable + GMH I—Implementation Margin
(8.33)

LFast Fading Margin L Body Loss + GRX L Loss

Then, the signal strength at thej™ UE position can be calculated as equation (8.34),
whereP;; is the signal strength from thei™™ eNodeB to thej " UE, whose noise oor density

isNDj, and Lrew (i;j ) is the pathloss between thé™ eNodeB to thej " UE.

P> = PP Lgem(i;j) NDj 10log(18@°) (8.34)

For eNodeB 1, the plots of resource elements allocated to the UEsveell as the throughput
in Mbps are given in Figures (8.14(a)) and (8.14(a)), respectively. sAwe can observe from
the gures, the horizontal axis is the UE indices which indicate that here are 31 UEs being
served by the eNodeB 1. The vertical axis is the number of resoarelements allocated by
the optimization in Algorithms (21) and (22). Each UE has only 1 applictkon running.
This assumption simpli es the simulation because the goal of this chigy is observing the
e ect of the channel for which channel-aware EURA is performedOn the other hand, inside
the UE there is no channel and the IURA is not needed to show any amnel e ect but
mere allocation to the applications, which was presented extensivaly chapters 3 and 4.
Furthermore, the legend shows the SNR of the UEs in dB. The bit ratrequirements of the

applications is according tof 0:25; 1; 5; 0:25; 1; 5; :::g Mbps.

As we can observe from Figure (8.14(b)), the UEs with low SNRs areaeiving more
resource elements in order to meet their bit rate requirements. Qthe other hand, UEs
with high SNR are receiving less resources. On the other hand, (§d)} shows that the
throughputs of UEs 8, 14, 15, 24 are not met. This is due to the20 dB SNR which is
placed on the network by UEs 8, 14, 15, 20, 24, 26, and 29 each withl, 5, 1, 5,1, and 1

Mbps which are high rates at low SNRs and indicate using many REs. Wartsee these in
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(a) Throughput of the UEs for eNB 1

(b) Resources Allocated to UEs by eNB 1

Figure 8.14: The system contains 31 UEs, each concurrently rungia real-time application.
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Figure (8.14(b)) where there is a spike at UEs 8, 14, 15, 20, 24, 26d 29 which shows the

algorithm is allocating more REs to these UEs.

Figure 8.15: UE Bids pledged to eNB 1

Moreover, as we can see from Figure (8.15), UEs 8, 14, 15, 20,Z8},and 29 are bidding
the highest due to the fact the they require more resources in viesf their bad channel
conditions. This plot shows the last iteration of the algorithm wheretie shadow prices are
converged. Furthermore, we can observe the coverage are@bdeB 1 in Figure (8.16(a)),
and as we see the coverage is not circular which is a result of REM anevations in various
directions leading to di erent SNRs. The black addition symbol in the nddle of the coverage,
shown in yellow, is the eNodeB 1 coordinates in the 101101 grid. The side bar, shows
0 - dark blue - and 1 - yellow - for the areas which are respectively nobvered and are
under coverage. The green dots in the region are the UEs sca#térall over the area. As
we can see, some of the UEs are not in the foot print of the eNodeBsd this is due to

the fact that the UE choose their serving eNodeBs only based onetlieceived SNR and as
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a result, many of the were randomly distributed in the area and werander bad channel
conditions (specially those at 20 dB as we discussed). These simply chose eNodeB1 as it
was the strongest signal they could ever receive. Furthermongg can see the REM which
shows that a blue dot at coordinate (50, 83), which is for the eNoBel and the blue color
from the side bar represents a 0 dB loss which is expected as we driha eNodeB position.
However, as we go further away from the eNodeB, the path loss imases, which is shown by
the color spectrum ligt blue, green, and yellow in the order of increasThe highest pathloss

in the area is about 215 dB.

For eNodeB 2, the plots of resource elements allocated to the UEsveell as the throughput
in Mbps are given in Figures (8.17(b)) and (8.17(a)), respectively. Awe can observe from
the gures, the horizontal axis is the UE indices which indicate that lhere are 23 UEs being
served by the eNodeB 2. The vertical axis is the number of resoarelements allocated by
the optimization in Algorithms (21) and (22). Each UE has only 1 applicéon running. This
assumption simpli es the simulation because the goal of this chaptés observing the e ect
of the channel for which channel-aware EURA is performed. Furénmore, the legend show
the SNR of the UEs in dB. The bit rate requirements of the applicatios is according to
f0:25,1;5;0:25, 1, 5; :::g Mbps.

As we can observe from Figure (8.17(b)), the UEs with low SNRs areaeiving more
resource elements in order to meet their bit rate requirements. Qthe other hand, UEs
with high SNR are receiving less resources. On the other hand, (8§49 shows that UE
throughputs are met. This is due all UEs are at good channel condihs such that the
minimum SNR was 101885 dB. We can see these in Figure (8.17(b)) that UEs with higher
bit rate needs were allocated more resources, i.e. for UER1:3k <R3k < R3:3k. This
statements says that the rate allocated to UE 1, 4, 7, ..., is less thdhe rate allocated to
UEs 2, 5, 8, ..., and is less than the rates allocated to UEs 3, 6, 9, ... qared one to one

(i.e. corresponding indices compared to each other).
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(a) eNB 1 Coverage

(b) eNB 1 REM

Figure 8.16: The system contains 31 UEs, each concurrently rungia real-time application.
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(a) Throughput of the UEs for eNB 2

(b) Resources Allocated to UEs by eNB 2

Figure 8.17: The system contains 23 UEs, each concurrently rungia real-time application.
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Figure 8.18: UE Bids pledged to eNB 2

Moreover, as we can see from Figure (8.18), UEs 3K 3are higher than UEs 2+ 3 which
bid higher than UEs 1+ 3K due to the fact the they require more resources in view of their
applications (5 Mbps vs. 1 Mbps vs @5 Mbps.) This plot shows the last iteration of the
algorithm where the shadow prices are converged. Furthermokge can observe the coverage
area of eNodeB 1 in Figure (8.19(a)), and as we see the coverageds aircular which is
a result of REM and elevations in various directions leading to di erenSNRs. The black
addition symbol in the middle of the coverage, shown in yellow, is the edeB 2 coordinates
in the 101 101 grid. The side bar, shows 0 - dark blue - and 1 - yellow - for the asewhich
are respectively not covered and are under coverage. The grekis in the region are the
UEs scattered all over the area. As we can see, UEs are in the fpoint of the eNodeBs,
and had good channel conditions. These simply chose eNodeB 2 asaswhe strongest
signal they could ever receive. Furthermore, we can see the RENhigh shows that a blue

dot at the eNodeB location, which is for the eNodeB 2 and the blue colfsom the side bar
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represents a 0 dB loss which is expected as we are at the eNodeBitjpps However, as
we go further away from the eNodeB, the path loss increases, whis shown by the color
spectrum ligt blue, green, and yellow in the order of increase. The higst pathloss in the

area is about 210 dB.

For eNodeB 3, the plots of resource elements allocated to the UEsveell as the throughput
in Mbps are given in Figures (8.20(b)) and (8.20(a)), respectively. Awe can observe from
the gures, the horizontal axis is the UE indices which indicate that here are 22 UEs being
served by the eNodeB 3. The vertical axis is the number of resoarelements allocated by
the optimization in Algorithms (21) and (22). Each UE has only 1 applicgéon running. This
assumption simpli es the simulation because the goal of this chapté& observing the e ect
of the channel for which channel-aware EURA is performed. Furénmore, the legend show
the SNR of the UEs in dB. The bit rate requirements of the applicatios is according to

f0:25,1;5;0:25, 1; 5; :::g Mbps.

As we can observe from Figure (8.20(b)), the UEs with low SNRs areaeiving more
resource elements in order to meet their bit rate requirements. Qthe other hand, UEs
with high SNR are receiving less resources. On the other hand, (8§20 shows that UE
throughputs are met. This is due all UEs are at good channel condihs such that the
minimum SNR was 101885 dB. We can see these in Figure (8.17(b)) that UEs with higher
bit rate needs were allocated more resources, i.e. for UER1+13k <R3k <R 33k . This
statements says that the rate allocated to UE 1, 4, 7, ..., is less thdhe rate allocated to
UEs 2, 5, 8, ..., and is less than the rates allocated to UEs 3, 6, 9, ... quared one to one
(i.e. corresponding indices compared to each other). Also, we séattfor same bit rate
requirements, UEs with higher SNR are allocated less resources.r kwstance, UEs 6, 15
and 18 are allocated less REs than UEs 3, 9, and 12 even though tlierate requirements
for both are 5 Mbps. This is due to the fact the these UEs have high&NRs. Moreover,

amongst UEs 6, 15, and 18, the last one has the smallest SNRGI/AdB as opposed to the
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(a) eNB 2 Coverage

(b) eNB 2 REM

Figure 8.19: The system contains 23 UEs, each concurrently rungia real-time application.
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(a) Throughput of the UEs for eNB 3

(b) Resources Allocated to UEs by eNB 3

Figure 8.20: The system contains 22 UEs, each concurrently rungia real-time application.
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1971 SNR for UE 15 which causes UE 18 to get more resources as opdds UE 15. On
the other hand, UE 12 has the lowest SNR in the system, 27 dB while it is a high bit

requirement application (5 Mbps), so it needs more REs as it is assigniey the algorithm.

Figure 8.21: UE Bids pledged to eNB 3

Moreover, as we can see from Figure (8.21), UEs 3K 3are higher than UEs 2+ 3 which
bid higher than UEs 1+ 3K due to the fact the they require more resources in view of their
applications (5 Mbps vs. 1 Mbps vs @5 Mbps.) This plot shows the last iteration of the
algorithm where the shadow prices are converged. Furthermokge can observe the coverage
area of eNodeB 1 in Figure (8.22(a)), and as we see the coverageds aircular which is
a result of REM and elevations in various directions leading to di erenSNRs. The black
addition symbol in the middle of the coverage, shown in yellow, is the edeB 3 coordinates
in the 101 101 grid. The side bar, shows 0 - dark blue - and 1 - yellow - for the asewhich
are respectively not covered and are under coverage. The grekis in the region are the

UEs scattered all over the area. As we can see, UEs are in the fpoint of the eNodeBs,
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and had good channel conditions. These simply chose eNodeB 3 asaswhe strongest
signal they could ever receive. Furthermore, we can see the RENhish shows that a blue
dot at the eNodeB location, which is for the eNodeB 3 and the blue coltvom the side bar
represents a 0 dB loss which is expected as we are at the eNodeBitjpps However, as
we go further away from the eNodeB, the path loss increases, whis shown by the color
spectrum ligt blue, green, and yellow in the order of increase. The higst pathloss in the

area is about 218 dB.

For eNodeB 4, the plots of resource elements allocated to the UEsveell as the throughput
in Mbps are given in Figures (8.23(b)) and (8.23(a)), respectively. Awe can observe from
the gures, the horizontal axis is the UE indices which indicate that lhere are 28 UEs being
served by the eNodeB 4. The vertical axis is the number of resoarelements allocated by
the optimization in Algorithms (21) and (22). Each UE has only 1 applicgon running. This
assumption simpli es the simulation because the goal of this chapté& observing the e ect
of the channel for which channel-aware EURA is performed. Furénmore, the legend show
the SNR of the UEs in dB. The bit rate requirements of the applicatios is according to

f0:25,1;5;0:25, 1, 5; :::g Mbps.

As we can observe from Figure (8.23(b)), the UEs with low SNRs areaeiving more
resource elements in order to meet their bit rate requirements. Qthe other hand, UEs
with high SNR are receiving less resources. On the other hand, (§23 shows that UE
throughputs are met. This is due all UEs are at good channel condihs such that the
minimum SNR was 101885 dB. We can see these in Figure (8.23(b)) that UEs with higher
bit rate needs were allocated more resources, i.e. for UER1+13k <R3k < R3:3k . This
statements says that the rate allocated to UE 1, 4, 7, ..., is less thdhe rate allocated to
UEs 2, 5, 8, ..., and is less than the rates allocated to UEs 3, 6, 9, ... qared one to one
(i.e. corresponding indices compared to each other). Also, we séattfor same bit rate

requirements, UEs with higher SNR are allocated less resourcesr Fstance, UEs 11 and
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(a) eNB 3 Coverage

(b) eNB 3 REM

Figure 8.22: The system contains 22 UEs, each concurrently rungia real-time application.
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(a) Throughput of the UEs for eNB 4

(b) Resources Allocated to UEs by eNB 4

Figure 8.23: The system contains 28 UEs, each concurrently rungia real-time application.



Chapter 8. Resource Allocation, LTE, and Channel E ect 248

12 and 18 are allocated more REs since they are at lower SNRs. Intgadar, the spike for

UE 11 is interesting even though it has less bit needs vis-a-vis UE 12 avheeds 5 Mbps.
The spike is because this UE is at the lowest SNR situation in the systelrb8 dB. We see a
similar behavior for UE 20 which is getting more REs vs other UEs with 1 bps requirement
since its SNR is lower. On the other hand, UE 15 who has a high bit reqament of 5 Mbps

is getting less REs than its counterparts since it is at a good channandition 2516 dB.

Figure 8.24: UE Bids pledged to eNB 4

Moreover, as we can see from Figure (8.24), UEs 3 K3are higher than UEs 2 + X
which bid higher than UEs 1 + X due to the fact the they require more resources in view
of their applications (5 Mbps vs. 1 Mbps vs 25 Mbps.) This plot shows the last iteration
of the algorithm where the shadow prices are converged. Intetiagly, UE 15 which needed
high resources at good channel is bidding less than its counterpartFurthermore, we can
observe the coverage area of eNodeB 4 in Figure (8.25(a)), andaassee the coverage is not

circular which is a result of REM and elevations in various directions leaty to di erent
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SNRs. The black addition symbol in the middle of the coverage, shown yellow, is the
eNodeB 4 coordinates in the 101 101 grid. The side bar, shows 0 - dark blue - and 1 -
yellow - for the areas which are respectively not covered and aredem coverage. The green
dots in the region are the UEs scattered all over the area. As wercaee, UEs are in the
foot print of the eNodeBs, and had good channel conditions. Thesimply chose eNodeB
4 as it was the strongest signal they could ever receive. Furtheone, we can see the REM
which shows that a blue dot at the eNodeB location, which is for the eideB 3 and the blue
color from the side bar represents a 0 dB loss which is expected asase at the eNodeB
position. However, as we go further away from the eNodeB, the thaloss increases, which
is shown by the color spectrum light blue, green, and yellow in the ondef increase. The

highest pathloss in the area is about 211 dB.

For eNodeB 5, the plots of REs allocated to the UEs as well as the tughput in Mbps are
given in Figures (8.26(b)) and (8.26(a)), respectively. As we can sérve from the gures,
the horizontal axis is the UE indices which indicate that there are 14 Ek being served
by the eNodeB 5. The vertical axis is the number of resource elen®mllocated by the
optimization in Algorithms (21) and (22). Each UE has only 1 applicationrunning. This
assumption simpli es the simulation because the goal of this chaptés observing the e ect
of the channel for which channel-aware EURA is performed. Furénmore, the legend show
the SNR of the UEs in dB. The bit rate requirements of the applicatios is according to

f0:25,1;5;0:25, 1, 5; :::g Mbps. The lowest SNR is $584 dB.

As we can observe from Figure (8.26(b)), the UEs with low SNRs areaeiving more
resource elements in order to meet their bit rate requirements. Qthe other hand, UEs
with high SNR are receiving less resources. On the other hand, (§&9 shows that UE
throughputs are met. This is due all UEs are at good channel condihs such that the
minimum SNR was 96584 dB. We can see these in Figure (8.26(b)) that UEs with higher

bit rate needs were allocated more resources, i.e. for UER1:3k <R3k < R3:3k. This
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(a) eNB 4 Coverage

(b) eNB 4 REM

Figure 8.25: The system contains 28 UEs, each concurrently rungia real-time application.
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(a) Throughput of the UEs for eNB 5

(b) Resources Allocated to UEs by eNB 5

Figure 8.26: The system contains 14 UEs, each concurrently rungia real-time application.
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statements says that the rate allocated to UE 1, 4, 7, ..., is less thdhe rate allocated to
UEs 2, 5, 8, ..., and is less than the rates allocated to UEs 3, 6, 9, ... quared one to
one (i.e. corresponding indices compared to each other). Also, vee ghat for same bit
rate requirements, UEs with higher SNR are allocated less resowscéor instance, UEs 5 is

allocated more REs than UEs 2 , 8, 11, and 14 since it has a better nhal condition.

Figure 8.27: UE Bids pledged to eNB 5

Moreover, as we can see from Figure (8.27), UEs 3K 3are higher than UEs 2+ 3 which
bid higher than UEs 1+ 3K due to the fact the they require more resources in view of their
applications (5 Mbps vs. 1 Mbps vs @5 Mbps.) This plot shows the last iteration of the
algorithm where the shadow prices are converged. Furthermokge can observe the coverage
area of eNodeB 4 in Figure (8.28(a)), and as we see the coverageds aircular which is
a result of REM and elevations in various directions leading to di erenSNRs. The black
addition symbol in the middle of the coverage, shown in yellow, is the edeB 5 coordinates

in the 101 101 grid. The side bar, shows 0O - dark blue - and 1 - yellow - for the asewhich
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are respectively not covered and are under coverage. The grekns in the region are the
UEs scattered all over the area. As we can see, UEs are in the fpoint of the eNodeBs,
and had good channel conditions. These simply chose eNodeB 5 asaswhe strongest
signal they could ever receive. Furthermore, we can see the RENhigh shows that a blue
dot at the eNodeB location, which is for the eNodeB 5 and the blue colivom the side bar
represents a 0 dB loss which is expected as we are at the eNodeBitjpps However, as
we go further away from the eNodeB, the path loss increases, whis shown by the color
spectrum light blue, green, and yellow in the order of increase. Théghest pathloss in the

area is about 210 dB.

For eNodeB 6, the plots of resource elements allocated to the UEsveell as the throughput
in Mbps are given in Figures (8.29(b)) and (8.29(a)), respectively. Awe can observe from
the gures, the horizontal axis is the UE indices which indicate that here are 28 UEs being
served by the eNodeB 4. The vertical axis is the number of resoarelements allocated by
the optimization in Algorithms (21) and (22). Each UE has only 1 applicgon running. This
assumption simpli es the simulation because the goal of this chapté& observing the e ect
of the channel for which channel-aware EURA is performed. Furénmore, the legend show
the SNR of the UEs in dB. The bit rate requirements of the applicatios is according to

f0:251;5;0:25, 1, 5; :::g Mbps.

As we can observe from Figure (8.29(b)), the UEs with low SNRs areaeiving more
resource elements in order to meet their bit rate requirements. CQthe other hand, UEs
with high SNR are receiving less resources. On the other hand, (§&9 shows that UE
throughputs are met. This is due all UEs are at good channel condihs such that the
minimum SNR was 965 dB. We can see these in Figure (8.29(b)) that UEs with higher bit
rate needs were allocated more resources, i.e. for BER 1.3k < Roi3k < Rauzk. This
statements says that the rate allocated to UE 1, 4, 7, ..., is less thdhe rate allocated to

UEs 2, 5, 8, ..., and is less than the rates allocated to UEs 3, 6, 9, ... quared one to one
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(a) eNB 5 Coverage

(b) eNB 5 REM

Figure 8.28: The system contains 14 UEs, each concurrently rungia real-time application.
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(a) Throughput of the UEs for eNB 6

(b) Resources Allocated to UEs by eNB 6

Figure 8.29: The system contains 20 UEs, each concurrently rungia real-time application.
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(i.e. corresponding indices compared to each other). Also, we séattfor same bit rate
requirements, UEs with higher SNR are allocated less resourcesr Fstance, UEs 9 and 15

are allocated more REs than UEs 3 and 5 since they are at lower SNRs.

Figure 8.30: UE Bids pledged to eNB 6

Moreover, as we can see from Figure (8.30), UEs 3 K3are higher than UEs 2 + K
which bid higher than UEs 1 + X due to the fact the they require more resources in view
of their applications (5 Mbps vs. 1 Mbps vs 25 Mbps.) This plot shows the last iteration
of the algorithm where the shadow prices are converged. Intetiegly, UE 15 which needed
high resources at good channel is bidding less than its counterpartFurthermore, we can
observe the coverage area of eNodeB 6 in Figure (8.31(a)), andaassee the coverage is not
circular which is a result of REM and elevations in various directions leaty to di erent
SNRs. The black addition symbol in the middle of the coverage, shown yellow, is the
eNodeB 6 coordinates in the 101 101 grid. The side bar, shows 0 - dark blue - and 1 -

yellow - for the areas which are respectively not covered and aredem coverage. The green
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dots in the region are the UEs scattered all over the area. As wercaee, UEs are in the
foot print of the eNodeBs, and had good channel conditions. Thesimply chose eNodeB
6 as it was the strongest signal they could ever receive. Furtheone, we can see the REM
which shows that a blue dot at the eNodeB location, which is for the eideB 6 and the blue
color from the side bar represents a 0 dB loss which is expected asase at the eNodeB
position. However, as we go further away from the eNodeB, the thaloss increases, which
is shown by the color spectrum light blue, green, and yellow in the ondef increase. The

highest pathloss in the area is about 216 dB.

For eNodeB 7, the plots of resource elements allocated to the UEsveell as the throughput
in Mbps are given in Figures (8.32(b)) and (8.32(a)), respectively. Awe can observe from
the gures, the horizontal axis is the UE indices which indicate that here are 32 UEs being
served by the eNodeB 7. The vertical axis is the number of resoarelements allocated by
the optimization in Algorithms (21) and (22). Each UE has only 1 applicéon running. This
assumption simpli es the simulation because the goal of this chaptés observing the e ect
of the channel for which channel-aware EURA is performed. Furénmore, the legend show
the SNR of the UEs in dB. The bit rate requirements of the applicatios is according to

f0:25,1;5;0:25, 1, 5; :::g Mbps.

As we can observe from Figure (8.32(b)), the UEs with low SNRs areaeiving more
resource elements in order to meet their bit rate requirements. CQthe other hand, UEs
with high SNR are receiving less resources. On the other hand, (882 shows that UE
throughputs are met. This is due all UEs are at good channel condihs such that all SNRs
were two digit positive and the only bad SNR was 13:31 dB for UE 17. We can see these in
Figure (8.32(b)) that UEs with higher bit rate needs were allocated ore resources, i.e. for
UE Kk, Ri+3k <R 243k <R3:3k . This statements says that the rate allocated to UE 1, 4, 7,
..., IS less than the rate allocated to UEs 2, 5, 8, ..., and is less than thegsallocated to UEs

3, 6,9, ... compared one to one (i.e. corresponding indices compati@each other). Also,
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(a) eNB 6 Coverage

(b) eNB 6 REM

Figure 8.31: The system contains 20 UEs, each concurrently rungia real-time application.
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(a) Throughput of the UEs for eNB 7

(b) Resources Allocated to UEs by eNB 7

Figure 8.32: The system contains 32 UEs, each concurrently rungia real-time application.
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we see that for same bit rate requirements, UEs with higher SNR aaiocated less resources.
In particular, the spike for UE 17 is interesting which is due to its low SWat 1332 dB,

so the algorithm has to assign more REs to this UE to meet its bit rateeguirements.

Figure 8.33: UE Bids pledged to eNB 7

Moreover, as we can see from Figure (8.33), UEs 3 K3are higher than UEs 2 + K
which bid higher than UEs 1 + X due to the fact the they require more resources in view
of their applications (5 Mbps vs. 1 Mbps vs 25 Mbps.) This plot shows the last iteration
of the algorithm where the shadow prices are converged. Intetiegly, UE 15 which needed
high resources at good channel is bidding less than its counterpartFurthermore, we can
observe the coverage area of eNodeB 4 in Figure (8.34(a)), andaassee the coverage is not
circular which is a result of REM and elevations in various directions leaty to di erent
SNRs. The black addition symbol in the middle of the coverage, shown yellow, is the
eNodeB 7 coordinates in the 101 101 grid. The side bar, shows 0 - dark blue - and 1 -

yellow - for the areas which are respectively not covered and aredem coverage. The green
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dots in the region are the UEs scattered all over the area. As wercaee, UEs are in the
foot print of the eNodeBs, and had good channel conditions. Thesimply chose eNodeB
7 as it was the strongest signal they could ever receive. Furtheone, we can see the REM
which shows that a blue dot at the eNodeB location, which is for the eideB 7 and the blue
color from the side bar represents a 0 dB loss which is expected asase at the eNodeB
position. However, as we go further away from the eNodeB, the thaloss increases, which
is shown by the color spectrum light blue, green, and yellow in the ondef increase. The

highest pathloss in the area is about 214 dB.

For eNodeB 8, the plots of REs allocated to the UEs as well as the tughput in Mbps are
given in Figures (8.35(b)) and (8.35(a)), respectively. As we can sérve from the gures,
the horizontal axis is the UE indices which indicate that there are 27 Es being served
by the eNodeB 8. The vertical axis is the number of resource elen®mllocated by the
optimization in Algorithms (21) and (22). Each UE has only 1 applicationrunning. This
assumption simpli es the simulation because the goal of this chaptés observing the e ect
of the channel for which channel-aware EURA is performed. Furénmore, the legend show
the SNR of the UEs in dB. The bit rate requirements of the applicatios is according to
f0:25,1;5;0:25, 1, 5; :::g Mbps.

As we can observe from Figure (8.35(b)), the UEs with low SNRs areaeiving more
resource elements in order to meet their bit rate requirements. Qthe other hand, UEs
with high SNR are receiving less resources. On the other hand, (889 shows that UE
throughputs are met. This is due all UEs are at good channel condihs such that the
minimum SNR was 154759 dB. We can see these in Figure (8.35(b)) that UEs with higher
bit rate needs were allocated more resources, i.e. for WUER1:3k <R3k < R3:3k. This
statements says that the rate allocated to UE 1, 4, 7, ..., is less thdhe rate allocated to
UEs 2, 5, 8, ..., and is less than the rates allocated to UEs 3, 6, 9, ... qared one to one

(i.e. corresponding indices compared to each other). Also, we séattfor same bit rate
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(a) eNB 7 Coverage

(b) eNB 7 REM

Figure 8.34: The system contains 32 UEs, each concurrently rungia real-time application.
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(a) Throughput of the UEs for eNB 8

(b) Resources Allocated to UEs by eNB 8

Figure 8.35: The system contains 27 UEs, each concurrently rungia real-time application.



Chapter 8. Resource Allocation, LTE, and Channel E ect 264

requirements, UEs with higher SNR are allocated less resourcesr Fstance, UEs 10 and

26 are allocated more REs since they are at lower SNR44:80 and 15:48 dB respectively.

Figure 8.36: UE Bids pledged to eNB 8

Also, as we can see from Figure (8.36), UEs 3 K3are higher than UEs 2 + K which
bid higher than UEs 1 + 3K due to the fact the they require more resources in view of
their applications (5 Mbps vs. 1 Mbps vs @5 Mbps.) This plot shows the last iteration
of the algorithm where the shadow prices are converged. Intetiegly, UE 15 which needed
high resources at good channel is bidding less than its counterpartFurthermore, we can
observe the coverage area of eNodeB 8 in Figure (8.37(a)), andaxaessee the coverage is not
circular which is a result of REM and elevations in various directions leaty to di erent
SNRs. The black addition symbol in the middle of the coverage, shown yellow, is the
eNodeB 8 coordinates in the 101 101 grid. The side bar, shows 0 - dark blue - and 1 -
yellow - for the areas which are respectively not covered and aredem coverage. The green

dots in the region are the UEs scattered all over the area. As wercaee, UEs are in the
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foot print of the eNodeBs, and had good channel conditions. Thesimply chose eNodeB
8 as it was the strongest signal they could ever receive. Furtheone, we can see the REM
which shows that a blue dot at the eNodeB location, which is for the eideB 8 and the blue
color from the side bar represents a 0 dB loss which is expected asase at the eNodeB
position. However, as we go further away from the eNodeB, the thaloss increases, which
is shown by the color spectrum light blue, green, and yellow in the ondef increase. The

highest pathloss in the area is about 221 dB.

For eNodeB 9, the plots of resource elements allocated to the UEsveell as the throughput
in Mbps are given in Figures (8.38(b)) and (8.38(a)), respectively. Awe can observe from
the gures, the horizontal axis is the UE indices which indicate that lhere are 28 UEs being
served by the eNodeB 9. The vertical axis is the number of resoarelements allocated by
the optimization in Algorithms (21) and (22). Each UE has only 1 applicgon running. This
assumption simpli es the simulation because the goal of this chapté& observing the e ect
of the channel for which channel-aware EURA is performed. Furénmore, the legend show
the SNR of the UEs in dB. The bit rate requirements of the applicatios is according to

f0:25,1;5;0:25, 1, 5; :::g Mbps.

As we can observe from Figure (8.38(b)), the UEs with low SNRs areaeiving more
resource elements in order to meet their bit rate requirements. Qthe other hand, UEs
with high SNR are receiving less resources. On the other hand, (§88 shows that UE
throughputs are met. This is due all UEs are at good channel condihs such that the
minimum SNR was 0:6 dB. We can see these in Figure (8.38(b)) that UEs with higher bit
rate needs were allocated more resources, i.e. for BER 1.3k < Roi3xk < Rawzk. This
statements says that the rate allocated to UE 1, 4, 7, ..., is less thdhe rate allocated to
UEs 2, 5, 8, ..., and is less than the rates allocated to UEs 3, 6, 9, ... qared one to one
(i.e. corresponding indices compared to each other). Also, we séattfor same bit rate

requirements, UEs with higher SNR are allocated less resourcesr Fstance, UEs 3 and 15
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(a) eNB 8 Coverage

(b) eNB 8 REM

Figure 8.37: The system contains 27 UEs, each concurrently rungia real-time application.
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(a) Throughput of the UEs for eNB 9

(b) Resources Allocated to UEs by eNB 9

Figure 8.38: The system contains 26 UEs, each concurrently rungia real-time application.
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are allocated less REs compared to UES 6, 9, 12, 18, and 21 since e at lower SNRs.
In particular, the spike for UE 20 due to its low SNR at 0:6 dB.

Figure 8.39: UE Bids pledged to eNB 9

Moreover, as we can see from Figure (8.39), UEs 3k3are higher than UEs 2+ 3 which
bid higher than UEs 1+ 3K due to the fact the they require more resources in view of their
applications (5 Mbps vs. 1 Mbps vs @5 Mbps.) This plot shows the last iteration of the
algorithm where the shadow prices are converged. InterestinglyE 15 which needed high
resources at bad channel conditions is bidding higher than its co@mparts. Furthermore, we
can observe the coverage area of eNodeB 9 in Figure (8.40(a))J @s we see the coverage is
not circular which is a result of REM and elevations in various directionkading to di erent
SNRs. The black addition symbol in the middle of the coverage, shown yellow, is the
eNodeB 9 coordinates in the 101 101 grid. The side bar, shows 0 - dark blue - and 1 -
yellow - for the areas which are respectively not covered and aredem coverage. The green

dots in the region are the UEs scattered all over the area. As wercaee, UEs are in the
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foot print of the eNodeBs, and had good channel conditions. Thesimply chose eNodeB 9
as it was the strongest signal they could ever receive. Also, UE 15oistside the footprint

of the eNodeB which is refelected in its low SNR at 0:6 dB. Furthermore, we can see the
REM which shows that a blue dot at the eNodeB location, which is for #1 eNodeB 9 and
the blue color from the side bar represents a 0 dB loss which is expgttas we are at the
eNodeB position. However, as we go further away from the eNodeBe path loss increases,
which is shown by the color spectrum light blue, green, and yellow in therder of increase.

The highest pathloss in the area is about 208 dB.

For eNodeB 10, the plots of resource elements allocated to the Ugswell as the through-
put in Mbps are given in Figures (8.41(b)) and (8.41(a)), respectilye As we can observe
from the gures, the horizontal axis is the UE indices which indicatettat there are 14 UEs
being served by the eNodeB 10. The vertical axis is the number ofsoeirce elements al-
located by the optimization in Algorithms (21) and (22). Each UE has wly 1 application
running. This assumption simpli es the simulation because the goal ¢iis chapter is ob-
serving the e ect of the channel for which channel-aware EURA isgoformed. Furthermore,
the legend show the SNR of the UEs in dB. The bit rate requirementd the applications is
according tof 0:25; 1; 5; 0:25; 1; 5; :::g Mbps.

As we can observe from Figure (8.41(b)), the UEs with low SNRs areaeiving more
resource elements in order to meet their bit rate requirements. Qthe other hand, UEs
with high SNR are receiving less resources. On the other hand, (§&)) shows that UE
throughputs are met. This is due all UEs are at good channel condihs such that the
minimum SNR was 562 dB. We can see these in Figure (8.41(b)) that UEs with higher bit
rate needs were allocated more resources, i.e. for UER 1.3k < R2i3xk < Rai3k. This
statements says that the rate allocated to UE 1, 4, 7, ..., is less thdhe rate allocated to
UEs 2, 5, 8, ..., and is less than the rates allocated to UEs 3, 6, 9, ... qared one to one

(i.e. corresponding indices compared to each other). Also, we séattfor same bit rate
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(a) eNB 9 Coverage

(b) eNB 9 REM

Figure 8.40: The system contains 26 UEs, each concurrently rungia real-time application.
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(a) Throughput of the UEs for eNB 10

(b) Resources Allocated to UEs by eNB 10

Figure 8.41: The system contains 14 UEs, each concurrently rungia real-time application.
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requirements, UEs with higher SNR are allocated less resourcesr Fstance, UEs 3 and 12
are allocated more REs than UEs 6 and 9 since they are at lower SNRs.particular, the
spike for UE 14 is interesting as opposed to other rates of UBRS.3x . The spike is because

this UE is at the lowest SNR situation in the system %2 dB.

Figure 8.42: UE Bids pledged to eNB 10

Moreover, as we can see from Figure (8.42), UEs 3k3are higher than UEs 2+ 3 which
bid higher than UEs 1+ 3K due to the fact the they require more resources in view of their
applications (5 Mbps vs. 1 Mbps vs @5 Mbps.) This plot shows the last iteration of the
algorithm where the shadow prices are converged. InterestinglyE 14 which needed high
resources at good channel is bidding less than its counterpartsurthermore, we can observe
the coverage area of eNodeB 10 in Figure (8.43(a)), and as we seedoverage is not circular
which is a result of REM and elevations in various directions leading to derent SNRs. The
black addition symbol in the middle of the coverage, shown in yellow, i$¢ eNodeB 10

coordinates in the 101 101 grid. The side bar, shows O - dark blue - and 1 - yellow - for
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the areas which are respectively not covered and are under cage. The green dots in the
region are the UEs scattered all over the area. As we can see, W8 in the foot print of

the eNodeBs, and had good channel conditions. These simply chedodeB 10 as it was
the strongest signal they could ever receive. Furthermore, warcsee the REM which shows
that a blue dot at the eNodeB location, which is for the eNodeB 10 aritie blue color from

the side bar represents a 0 dB loss which is expected as we are atéN®deB position. We
see that UE 14 which has the lowest SNR is outside the footprint of ¢heNodeB. However,
as we go further away from the eNodeB, the path loss increasesiieh is shown by the color
spectrum light blue, green, and yellow in the order of increase. Theghest pathloss in the

area is about 210 dB.

For eNodeB 11, the plots of resource elements allocated to the Ugswell as the through-
put in Mbps are given in Figures (8.44(b)) and (8.44(a)), respectil)le As we can observe
from the gures, the horizontal axis is the UE indices which indicatehat there are 24 UEs
being served by the eNodeB 11. The vertical axis is the number ofsoeirce elements al-
located by the optimization in Algorithms (21) and (22). Each UE has wly 1 application
running. This assumption simpli es the simulation because the goal ¢iis chapter is ob-
serving the e ect of the channel for which channel-aware EURA isgoformed. Furthermore,
the legend show the SNR of the UEs in dB. The bit rate requirementd the applications is
according tof 0:25; 1; 5; 0:25; 1; 5; :::g Mbps.

As we can observe from Figure (8.44(b)), the UEs with low SNRs areaeiving more
resource elements in order to meet their bit rate requirements. CQthe other hand, UEs
with high SNR are receiving less resources. On the other hand, (83 shows that UE
throughputs are met. This is due all UEs are at good channel condihs such that the
minimum SNR was 107 dB. We can see these in Figure (8.44(b)) that UEs with higher bit
rate needs were allocated more resources, i.e. for BER 1.3k < Roi3xk < Ra3k. This

statements says that the rate allocated to UE 1, 4, 7, ..., is less thdhe rate allocated to
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(a) eNB 10 Coverage

(b) eNB 10 REM

Figure 8.43: The system contains 14 UEs, each concurrently rungia real-time application.
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(a) Throughput of the UEs for eNB 11

(b) Resources Allocated to UEs by eNB 11

Figure 8.44: The system contains 24 UEs, each concurrently rungia real-time application.
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UEs 2, 5, 8, ..., and is less than the rates allocated to UEs 3, 6, 9, ... quared one to
one (i.e. corresponding indices compared to each other). Also, vee ghat for same bit
rate requirements, UEs with higher SNR are allocated less resowscéor instance, UE 15 is

allocated more REs since it is at the lowest SNR in the system :¥0dB.

Figure 8.45: UE Bids pledged to eNB 11

Moreover, as we can see from Figure (8.45), UEs 3 K3are higher than UEs 2 + X
which bid higher than UEs 1 + X due to the fact the they require more resources in view
of their applications (5 Mbps vs. 1 Mbps vs 25 Mbps.) This plot shows the last iteration
of the algorithm where the shadow prices are converged. Intetiagly, UE 15 which needed
high resources at good channel is bidding less than its counterpartFurthermore, we can
observe the coverage area of eNodeB 11 in Figure (8.46(a)), arsdvee see the coverage is
not circular which is a result of REM and elevations in various directionkading to di erent
SNRs. The black addition symbol in the middle of the coverage, shown yellow, is the

eNodeB 11 coordinates in the 101 101 grid. The side bar, shows 0 - dark blue - and 1 -
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yellow - for the areas which are respectively not covered and aredem coverage. The green
dots in the region are the UEs scattered all over the area. As wercsee, UEs are in the foot
print of the eNodeBs, and had good channel conditions. These simnghose eNodeB 11 as
it was the strongest signal they could ever receive. Furthermqgrere can see the REM which
shows that a blue dot at the eNodeB location, which is for the eNodeBL and the blue color

from the side bar represents a 0 dB loss which is expected as we driha eNodeB position.

However, as we go further away from the eNodeB, the path loss ieases, which is shown
by the color spectrum light blue, green, and yellow in the order of inease. The highest

pathloss in the area is about 206 dB.

For eNodeB 12, the plots of resource elements allocated to the Ugswell as the through-
put in Mbps are given in Figures (8.47(b)) and (8.47(a)), respectil)le As we can observe
from the gures, the horizontal axis is the UE indices which indicatettat there are 25 UEs
being served by the eNodeB 12. The vertical axis is the number ofsceirce elements al-
located by the optimization in Algorithms (21) and (22). Each UE has wly 1 application
running. This assumption simpli es the simulation because the goal diis chapter is ob-
serving the e ect of the channel for which channel-aware EURA isgoformed. Furthermore,
the legend show the SNR of the UEs in dB. The bit rate requirementd the applications is
according tof 0:25; 1; 5; 0:25; 1; 5; :::g Mbps.

As we can observe from Figure (8.47(b)), the UEs with low SNRs areaeiving more
resource elements in order to meet their bit rate requirements. CQthe other hand, UEs
with high SNR are receiving less resources. On the other hand, (§&)j shows that UE
throughputs are met. This is due all UEs are at good channel condihs such that the
minimum SNR was 8:67 dB. We can see these in Figure (8.47(b)) that UEs with higher
bit rate needs were allocated more resources, i.e. for UER1:3k <R3k < R3:+3k. This
statements says that the rate allocated to UE 1, 4, 7, ..., is less thdhe rate allocated to

UEs 2, 5, 8, ..., and is less than the rates allocated to UEs 3, 6, 9, ... quared one to one
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(a) eNB 11 Coverage

(b) eNB 11 REM

Figure 8.46: The system contains 24 UEs, each concurrently rungia real-time application.
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(a) Throughput of the UEs for eNB 12

(b) Resources Allocated to UEs by eNB 12

Figure 8.47: The system contains 25 UEs, each concurrently rungia real-time application.
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(i.e. corresponding indices compared to each other). Also, we séattfor same bit rate
requirements, UEs with higher SNR are allocated less resourcesr Fstance, UEs 11 and
12 and 18 are allocated more REs since they are at lower SNRs. Intgadar, the spike for

UE 8 is interesting esince it is at the lowest SNR situation in the system8:67 dB.

Figure 8.48: UE Bids pledged to eNB 12

Moreover, as we can see from Figure (8.48), UEs 3 K3are higher than UEs 2 + X
which bid higher than UEs 1 + X due to the fact the they require more resources in view
of their applications (5 Mbps vs. 1 Mbps vs 25 Mbps.) This plot shows the last iteration
of the algorithm where the shadow prices are converged. Intetiagly, UE 8 which needed
high resources at bad channel is bidding higher than its countergar Furthermore, we can
observe the coverage area of eNodeB 12 in Figure (8.49(a)), arsdvee see the coverage is
not circular which is a result of REM and elevations in various directionkading to di erent
SNRs. The black addition symbol in the middle of the coverage, shown yellow, is the

eNodeB 12 coordinates in the 101 101 grid. The side bar, shows O - dark blue - and 1 -



Chapter 8. Resource Allocation, LTE, and Channel E ect 281

yellow - for the areas which are respectively not covered and aredem coverage. The green
dots in the region are the UEs scattered all over the area. As wercsee, UEs are in the foot
print of the eNodeBs, and had good channel conditions. These simnghose eNodeB 12 as
it was the strongest signal they could ever receive. Furthermqgrere can see the REM which
shows that a blue dot at the eNodeB location, which is for the eNodeR and the blue color
from the side bar represents a 0 dB loss which is expected as we driha eNodeB position.
Furthemore, we see some UEs are outside the footprint of the eid® which are re ected in
lower SNRs in the system. However, as we go further away from te&lodeB, the path loss
increases, which is shown by the color spectrum light blue, greendayellow in the order of

increase. The highest pathloss in the area is about 205 dB.

For eNodeB 13, the plots of resource elements allocated to the Ugswell as the through-
put in Mbps are given in Figures (8.50(b)) and (8.50(a)), respectil)le As we can observe
from the gures, the horizontal axis is the UE indices which indicatehat there are 21 UEs
being served by the eNodeB 13. The vertical axis is the number ofsoeirce elements al-
located by the optimization in Algorithms (21) and (22). Each UE has wly 1 application
running. This assumption simpli es the simulation because the goal ¢iis chapter is ob-
serving the e ect of the channel for which channel-aware EURA isgoformed. Furthermore,
the legend show the SNR of the UEs in dB. The bit rate requirementd the applications is
according tof 0:25; 1; 5; 0:25; 1; 5; :::g Mbps.

As we can observe from Figure (8.50(b)), the UEs with low SNRs areaeiving more
resource elements in order to meet their bit rate requirements. CQthe other hand, UEs
with high SNR are receiving less resources. On the other hand, (§&0) shows that UE
throughputs are met. This is due all UEs are at good channel condihs such that the
minimum SNR was 1318 dB. We can see these in Figure (8.50(b)) that UEs with higher
bit rate needs were allocated more resources, i.e. for UER1:3k <R3k < R3:+3k. This

statements says that the rate allocated to UE 1, 4, 7, ..., is less thdhe rate allocated to
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(a) eNB 12 Coverage

(b) eNB 12 REM

Figure 8.49: The system contains 25 UEs, each concurrently rungia real-time application.
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(a) Throughput of the UEs for eNB 13

(b) Resources Allocated to UEs by eNB 13

Figure 8.50: The system contains 21 UEs, each concurrently rungia real-time application.
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UEs 2, 5, 8, ..., and is less than the rates allocated to UEs 3, 6, 9, ... quared one to
one (i.e. corresponding indices compared to each other). Also, vee ghat for same bit
rate requirements, UEs with higher SNR are allocated less resowscé-or instance, UE 9 is
allocated more REs since it is at lower SNRs. In particular, the spikef®E 9 is interesting

because this UE is at the lowest SNR situation in the system 13 dB.

Figure 8.51: UE Bids pledged to eNB 13

Moreover, as we can see from Figure (8.51), UEs 3 K3are higher than UEs 2 + X
which bid higher than UEs 1 + X due to the fact the they require more resources in view
of their applications (5 Mbps vs. 1 Mbps vs @5 Mbps.) This plot shows the last iteration
of the algorithm where the shadow prices are converged. Intetiagly, UE 9 which needed
high resources at good channel is bidding less than its counterpartFurthermore, we can
observe the coverage area of eNodeB 13 in Figure (8.25(a)), arsdvée see the coverage is
not circular which is a result of REM and elevations in various directionkading to di erent

SNRs. The black addition symbol in the middle of the coverage, shown yellow, is the



Chapter 8. Resource Allocation, LTE, and Channel E ect 285

eNodeB 4 coordinates in the 101 101 grid. The side bar, shows 0 - dark blue - and 1 -
yellow - for the areas which are respectively not covered and aredem coverage. The green
dots in the region are the UEs scattered all over the area. As wercaee, UEs are in the foot
print of the eNodeBs, and had good channel conditions. These simnghose eNodeB 13 as
it was the strongest signal they could ever receive. Furthermqrere can see the REM which
shows that a blue dot at the eNodeB location, which is for the eNodeB3 and the blue color
from the side bar represents a 0 dB loss which is expected as we driha eNodeB position.
However, as we go further away from the eNodeB, the path loss ieases, which is shown
by the color spectrum light blue, green, and yellow in the order of inease. The highest

pathloss in the area is about 218 dB.

For eNodeB 14, the plots of resource elements allocated to the Ugswell as the through-
put in Mbps are given in Figures (8.53(b)) and (8.53(a)), respectil)le As we can observe
from the gures, the horizontal axis is the UE indices which indicatehat there are 25 UEs
being served by the eNodeB 14. The vertical axis is the number ofsoeirce elements al-
located by the optimization in Algorithms (21) and (22). Each UE has wly 1 application
running. This assumption simpli es the simulation because the goal ¢iis chapter is ob-
serving the e ect of the channel for which channel-aware EURA isgoformed. Furthermore,
the legend show the SNR of the UEs in dB. The bit rate requirementd the applications is
according tof 0:25; 1; 5; 0:25; 1; 5; :::g Mbps.

As we can observe from Figure (8.53(b)), the UEs with low SNRs areaeiving more
resource elements in order to meet their bit rate requirements. CQthe other hand, UEs
with high SNR are receiving less resources. On the other hand, (§&3 shows that UE
throughputs are met. This is due all UEs are at good channel condihs such that the
minimum SNR was 1125 dB. We can see these in Figure (8.53(b)) that UEs with higher
bit rate needs were allocated more resources, i.e. for UER113k <R3k < R3:+3k . This

statements says that the rate allocated to UE 1, 4, 7, ..., is less thdhe rate allocated to
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(a) eNB 13 Coverage

(b) eNB 13 REM

Figure 8.52: The system contains 21 UEs, each concurrently rungia real-time application.
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(a) Throughput of the UEs for eNB 14

(b) Resources Allocated to UEs by eNB 14

Figure 8.53: The system contains 25 UEs, each concurrently rungia real-time application.
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UEs 2, 5, 8, ..., and is less than the rates allocated to UEs 3, 6, 9, ... qared one to one
(i.e. corresponding indices compared to each other). Also, we séattfor same bit rate
requirements, UEs with higher SNR are allocated less resources.r Fstance, UE 18 who
has a high bit requirement of 5 Mbps is getting more REs than its couatparts since it is

at a bad channel condition 1125 dB.

Figure 8.54: UE Bids pledged to eNB 14

Moreover, as we can see from Figure (8.54), UEs 3 K3are higher than UEs 2 + X
which bid higher than UEs 1 + X due to the fact the they require more resources in view
of their applications (5 Mbps vs. 1 Mbps vs @5 Mbps.) This plot shows the last iteration
of the algorithm where the shadow prices are converged. Intetiegly, UE 18 which needed
high resources at good channel is bidding higher than its counterasince it is at a bad
channel condition. Furthermore, we can observe the coverageea of eNodeB 14 in Figure
(8.55(a)), and as we see the coverage is not circular which is a reflREM and elevations

in various directions leading to di erent SNRs. The black addition symbl in the middle
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of the coverage, shown in yellow, is the eNodeB 14 coordinates in th@l 101 grid. The
side bar, shows 0 - dark blue - and 1 - yellow - for the areas which amspectively not
covered and are under coverage. The green dots in the region tre UEs scattered all over
the area. As we can see, UEs are in the foot print of the eNodeBsidahad good channel
conditions. These simply chose eNodeB 14 as it was the strongesnalghey could ever
receive. Furthermore, we can see the REM which shows that a bluetdat the eNodeB
location, which is for the eNodeB 14 and the blue color from the side theepresents a 0 dB
loss which is expected as we are at the eNodeB position. Howeverwasgo further away
from the eNodeB, the path loss increases, which is shown by the c¢adpectrum light blue,

green, and yellow in the order of increase. The highest pathloss iretarea is about 209 dB.

For eNodeB 15, the plots of resource elements allocated to the Ugswell as the through-
put in Mbps are given in Figures (8.56(b)) and (8.56(a)), respectil)le As we can observe
from the gures, the horizontal axis is the UE indices which indicatehat there are 31 UEs
being served by the eNodeB 15. The vertical axis is the number ofsoeirce elements al-
located by the optimization in Algorithms (21) and (22). Each UE has wly 1 application
running. This assumption simpli es the simulation because the goal ¢iis chapter is ob-
serving the e ect of the channel for which channel-aware EURA isgoformed. Furthermore,
the legend show the SNR of the UEs in dB. The bit rate requirementd the applications is
according tof 0:25; 1; 5; 0:25; 1; 5; :::g Mbps.

As we can observe from Figure (8.56(b)), the UEs with low SNRs areaeiving more
resource elements in order to meet their bit rate requirements. CQthe other hand, UEs
with high SNR are receiving less resources. On the other hand, (§&% shows that UE
throughputs are met. This is due all UEs are at good channel condihs such that the
minimum SNR was 2:14 dB. We can see these in Figure (8.56(b)) that UEs with higher
bit rate needs were allocated more resources, i.e. for UER1+13k <R3k < R3:+3k. This

statements says that the rate allocated to UE 1, 4, 7, ..., is less thdhe rate allocated to
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(a) eNB 14 Coverage

(b) eNB 14 REM

Figure 8.55: The system contains 25 UEs, each concurrently rungia real-time application.
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(a) Throughput of the UEs for eNB 15

(b) Resources Allocated to UEs by eNB 15

Figure 8.56: The system contains 31 UEs, each concurrently rungia real-time application.
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UEs 2, 5, 8, ..., and is less than the rates allocated to UEs 3, 6, 9, ... qared one to one
(i.e. corresponding indices compared to each other). Also, we séattfor same bit rate
requirements, UEs with higher SNR are allocated less resourcesr Fstance, UEs 12 and
24 are allocated more REs since they are at lower SNRs. In particuldhe spike for UE 10
is interesting even though it has less bit needs @b Mbps). The spike is because this UE is

at the lowest SNR situation in the system 2:14 dB.

Figure 8.57: UE Bids pledged to eNB 15

Moreover, as we can see from Figure (8.57), UEs 3 K3are higher than UEs 2 + X
which bid higher than UEs 1 + X due to the fact the they require more resources in view
of their applications (5 Mbps vs. 1 Mbps vs 25 Mbps.) This plot shows the last iteration
of the algorithm where the shadow prices are converged. Intetiagly, UE 15 which needed
high resources at good channel is bidding less than its counterpartFurthermore, we can
observe the coverage area of eNodeB 15 in Figure (8.58(a)), arslvée see the coverage is

not circular which is a result of REM and elevations in various directionkading to di erent
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SNRs. The black addition symbol in the middle of the coverage, shown yellow, is the
eNodeB 15 coordinates in the 101 101 grid. The side bar, shows 0 - dark blue - and 1 -
yellow - for the areas which are respectively not covered and aredaem coverage. The green
dots in the region are the UEs scattered all over the area. As wencaee, UEs are not just
in the foot print of the eNodeBs, and these represent the lowesN&s in the system. These
simply chose eNodeB 15 as it was the strongest signal they couldrenezeive. Furthermore,
we can see the REM which shows that a blue dot at the eNodeB locatjomhich is for the
eNodeB 15 and the blue color from the side bar represents a 0 dB ledsich is expected
as we are at the eNodeB position. However, as we go further awagrh the eNodeB, the
path loss increases, which is shown by the color spectrum light bluggegn, and yellow in

the order of increase. The highest pathloss in the area is about 20B.

For eNodeB 16, the plots of resource elements allocated to the Ugswell as the through-
put in Mbps are given in Figures (8.59(b)) and (8.59(a)), respectil)le As we can observe
from the gures, the horizontal axis is the UE indices which indicatettat there are 14 UEs
being served by the eNodeB 16. The vertical axis is the number ofsceirce elements al-
located by the optimization in Algorithms (21) and (22). Each UE has wly 1 application
running. This assumption simpli es the simulation because the goal ¢iis chapter is ob-
serving the e ect of the channel for which channel-aware EURA isgpformed. Furthermore,
the legend show the SNR of the UEs in dB. The bit rate requirementd the applications is
according tof 0:25; 1; 5; 0:25; 1; 5; :::g Mbps.

As we can observe from Figure (8.59(b)), the UEs with low SNRs areaeiving more
resource elements in order to meet their bit rate requirements. Qthe other hand, UEs
with high SNR are receiving less resources. On the other hand, (§&9 shows that UE
throughputs are met. This is due all UEs are at good channel condihs such that the
minimum SNR was 1230 dB. We can see these in Figure (8.29(b)) that UEs with higher

bit rate needs were allocated more resources, i.e. for UER1:3k <R3k < R3:3k. This
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(a) eNB 15 Coverage

(b) eNB 15 REM

Figure 8.58: The system contains 31 UEs, each concurrently rungia real-time application.



Chapter 8. Resource Allocation, LTE, and Channel E ect 295

(a) Throughput of the UEs for eNB 16

(b) Resources Allocated to UEs by eNB 16

Figure 8.59: The system contains 14 UEs, each concurrently rungia real-time application.
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statements says that the rate allocated to UE 1, 4, 7, ..., is less thdhe rate allocated to
UEs 2, 5, 8, ..., and is less than the rates allocated to UEs 3, 6, 9, ... quared one to
one (i.e. corresponding indices compared to each other). Also, vee ghat for same bit
rate requirements, UEs with higher SNR are allocated less resowscéor instance, UE 4 is

allocated more REs since it is at the lowest SNR 12:30 dB.

Figure 8.60: UE Bids pledged to eNB 16

Moreover, as we can see from Figure (8.60), UEs 3K 3are higher than UEs 2+ 3 which
bid higher than UEs 1+ 3K due to the fact the they require more resources in view of their
applications (5 Mbps vs. 1 Mbps vs @5 Mbps.) This plot shows the last iteration of the
algorithm where the shadow prices are converged. Furthermokge can observe the coverage
area of eNodeB 16 in Figure (8.61(a)), and as we see the coverageoiscircular which is
a result of REM and elevations in various directions leading to di erenSNRs. The black
addition symbol in the middle of the coverage, shown in yellow, is the edeB 16 coordinates

in the 101 101 grid. The side bar, shows 0O - dark blue - and 1 - yellow - for the asewhich
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are respectively not covered and are under coverage. The grekns in the region are the
UEs scattered all over the area. As we can see, UEs are in the fpoint of the eNodeBs,
and had good channel conditions. These simply chose eNodeB 16 asas the strongest
signal they could ever receive. There are SNRs outside the foatprof the eNodeB, which
is re ected by the low SNR Furthermore, we can see the REM which etvs that a blue dot
at the eNodeB location, which is for the eNodeB 16 and the blue colaoi the side bar
represents a 0 dB loss which is expected as we are at the eNodeBitpos However, as
we go further away from the eNodeB, the path loss increases, whis shown by the color
spectrum light blue, green, and yellow in the order of increase. Theghest pathloss in the

area is about 205 dB.

For eNodeB 17, the plots of resource elements allocated to the Ugswell as the through-
put in Mbps are given in Figures (8.62(b)) and (8.62(a)), respectil)le As we can observe
from the gures, the horizontal axis is the UE indices which indicatehat there are 18 UEs
being served by the eNodeB 18. The vertical axis is the number ofsoeirce elements al-
located by the optimization in Algorithms (21) and (22). Each UE has wly 1 application
running. This assumption simpli es the simulation because the goal ¢iis chapter is ob-
serving the e ect of the channel for which channel-aware EURA isgoformed. Furthermore,
the legend show the SNR of the UEs in dB. The bit rate requirementd the applications is
according tof 0:25; 1; 5; 0:25; 1; 5; :::g Mbps.

As we can observe from Figure (8.62(b)), the UEs with low SNRs areaeiving more
resource elements in order to meet their bit rate requirements. CQthe other hand, UEs
with high SNR are receiving less resources. On the other hand, (§®2 shows that UE
throughputs are met. This is due all UEs are at good channel condihs such that the
minimum SNR was 868 dB. We can see these in Figure (8.62(b)) that UEs with higher bit
rate needs were allocated more resources, i.e. for BER 1.3k < Roi3k < Rauzk. This

statements says that the rate allocated to UE 1, 4, 7, ..., is less thdhe rate allocated to
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(a) eNB 16 Coverage

(b) eNB 16 REM

Figure 8.61: The system contains 14 UEs, each concurrently rungia real-time application.
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(a) Throughput of the UEs for eNB 17

(b) Resources Allocated to UEs by eNB 17

Figure 8.62: The system contains 18 UEs, each concurrently rungia real-time application.



Chapter 8. Resource Allocation, LTE, and Channel E ect 300

UEs 2, 5, 8, ..., and is less than the rates allocated to UEs 3, 6, 9, ... quared one to
one (i.e. corresponding indices compared to each other). Also, vee ghat for same bit
rate requirements, UEs with higher SNR are allocated less resowscé-or instance, UE 9 is

allocated more REs since than UEs 3, 12, 15, and 18 as it is at lower S\R

Figure 8.63: UE Bids pledged to eNB 17

Moreover, as we can see from Figure (8.63), UEs 3k3are higher than UEs 2+ 3 which
bid higher than UEs 1+ 3K due to the fact the they require more resources in view of their
applications (5 Mbps vs. 1 Mbps vs @5 Mbps.) This plot shows the last iteration of the
algorithm where the shadow prices are converged. InterestinglyE 9 which needed high
resources at bad channel conditions is bidding higher than its coemparts. Furthermore, we
can observe the coverage area of eNodeB 17 in Figure (8.64(ahd as we see the coverage is
not circular which is a result of REM and elevations in various directionkeading to di erent
SNRs. The black addition symbol in the middle of the coverage, shown yellow, is the

eNodeB 17 coordinates in the 101 101 grid. The side bar, shows 0 - dark blue - and 1 -
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yellow - for the areas which are respectively not covered and aredem coverage. The green
dots in the region are the UEs scattered all over the area. As wercsee, UEs are in the foot
print of the eNodeBs, and had good channel conditions. These simnghose eNodeB 17 as
it was the strongest signal they could ever receive. Furthermqgrere can see the REM which
shows that a blue dot at the eNodeB location, which is for the eNodeB’ and the blue color

from the side bar represents a 0 dB loss which is expected as we driha eNodeB position.

However, as we go further away from the eNodeB, the path loss ieases, which is shown
by the color spectrum light blue, green, and yellow in the order of inease. The highest

pathloss in the area is about 210 dB.

For eNodeB 18, the plots of resource elements allocated to the Ugswell as the through-
put in Mbps are given in Figures (8.65(b)) and (8.65(a)), respectil)le As we can observe
from the gures, the horizontal axis is the UE indices which indicateltat there are 30 UEs
being served by the eNodeB 4. The vertical axis is the number of oesce elements allocated
by the optimization in Algorithms (21) and (22). Each UE has only 1 aplcation running.
This assumption simpli es the simulation because the goal of this chigy is observing the
e ect of the channel for which channel-aware EURA is performed-urthermore, the legend
show the SNR of the UEs in dB. The bit rate requirements of the appktions is according
to f0:25,1;5;0:25; 1, 5; :::g Mbps.

As we can observe from Figure (8.65(b)), the UEs with low SNRs areaeiving more
resource elements in order to meet their bit rate requirements. Othe other hand, UEs
with high SNR are receiving less resources. On the other hand, (§®9 shows that UE
throughputs are met. This is due all UEs are at good channel condihs such that the
minimum SNR was 564 dB. We can see these in Figure (8.65(b)) that UEs with higher bit
rate needs were allocated more resources, i.e. for BER 1.3k < Roi3xk < Razk. This
statements says that the rate allocated to UE 1, 4, 7, ..., is less thdhe rate allocated to

UEs 2, 5, 8, ..., and is less than the rates allocated to UEs 3, 6, 9, ... quared one to one
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(a) eNB 17 Coverage

(b) eNB 17 REM

Figure 8.64: The system contains 18 UEs, each concurrently rungia real-time application.
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(a) Throughput of the UEs for eNB 18

(b) Resources Allocated to UEs by eNB 18

Figure 8.65: The system contains 30 UEs, each concurrently rungia real-time application.
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(i.e. corresponding indices compared to each other). Also, we séattfor same bit rate
requirements, UEs with higher SNR are allocated less resources.r Fstance, UEs 12, 21,
and 24 and 18 are allocated more REs since they are at lower SNRs wiéispect to their

counterparts.

Figure 8.66: UE Bids pledged to eNB 18

Moreover, as we can see from Figure (8.66), UEs 3k3are higher than UEs 2+ 3 which
bid higher than UEs 1+ 3K due to the fact the they require more resources in view of their
applications (5 Mbps vs. 1 Mbps vs @5 Mbps.) This plot shows the last iteration of the
algorithm where the shadow prices are converged. InterestinglyE 24 which needed high
resources at bad channel conditions is bidding higher than its coemparts. Furthermore, we
can observe the coverage area of eNodeB 18 in Figure (8.67(aj)d as we see the coverage is
not circular which is a result of REM and elevations in various directionkeading to di erent
SNRs. The black addition symbol in the middle of the coverage, shown yellow, is the

eNodeB 18 coordinates in the 101 101 grid. The side bar, shows 0 - dark blue - and 1 -
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yellow - for the areas which are respectively not covered and aredem coverage. The green
dots in the region are the UEs scattered all over the area. As wercaee, UEs are in the
foot print of the eNodeBs, and had good channel conditions. Thesimply chose eNodeB
18 as it was the strongest signal they could ever receive. Furthesre, we can see the REM
which shows that a blue dot at the eNodeB location, which is for the eideB 3 and the blue
color from the side bar represents a 0 dB loss which is expected asase at the eNodeB
position. However, as we go further away from the eNodeB, the thaloss increases, which
is shown by the color spectrum light blue, green, and yellow in the ondef increase. The

highest pathloss in the area is about 217 dB.

For eNodeB 19, the plots of resource elements allocated to the Ugswell as the through-
put in Mbps are given in Figures (8.68(b)) and (8.68(a)), respectil)le As we can observe
from the gures, the horizontal axis is the UE indices which indicatettat there are 23 UEs
being served by the eNodeB 19. The vertical axis is the number ofsceirce elements al-
located by the optimization in Algorithms (21) and (22). Each UE has wly 1 application
running. This assumption simpli es the simulation because the goal diis chapter is ob-
serving the e ect of the channel for which channel-aware EURA isgoformed. Furthermore,
the legend show the SNR of the UEs in dB. The bit rate requirementd the applications is

according tof 0:25; 1; 5; 0:25; 1; 5; :::g Mbps.

As we can observe from Figure (8.68(b)), the UEs with low SNRs areaeiving more
resource elements in order to meet their bit rate requirements. CQthe other hand, UEs
with high SNR are receiving less resources. On the other hand, (§®%38 shows that UE
throughputs are met. This is due all UEs are at good channel condihs such that the
minimum SNR was 1895 dB. We can see these in Figure (8.68(b)) that UEs with higher
bit rate needs were allocated more resources, i.e. for UER113k <R3k < R3:+3k. This
statements says that the rate allocated to UE 1, 4, 7, ..., is less thdhe rate allocated to

UEs 2, 5, 8, ..., and is less than the rates allocated to UEs 3, 6, 9, ... quared one to one
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(a) eNB 18 Coverage

(b) eNB 18 REM

Figure 8.67: The system contains 30 UEs, each concurrently rungia real-time application.
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(a) Throughput of the UEs for eNB 19

(b) Resources Allocated to UEs by eNB 19

Figure 8.68: The system contains 23 UEs, each concurrently rungia real-time application.
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(i.e. corresponding indices compared to each other). Also, we séattfor same bit rate

requirements, UEs with higher SNR are allocated less resources.

Figure 8.69: UE Bids pledged to eNB 19

Moreover, as we can see from Figure (8.69), UEs 3 K3are higher than UEs 2 + X
which bid higher than UEs 1 + X due to the fact the they require more resources in view
of their applications (5 Mbps vs. 1 Mbps vs @5 Mbps.) This plot shows the last iteration
of the algorithm where the shadow prices are converged. Intetiegly, UE 15 which needed
high resources at good channel is bidding less than its counterpartFurthermore, we can
observe the coverage area of eNodeB 19 in Figure (8.70(a)), arsdvee see the coverage is
not circular which is a result of REM and elevations in various directionkading to di erent
SNRs. The black addition symbol in the middle of the coverage, shown yellow, is the
eNodeB 19 coordinates in the 101 101 grid. The side bar, shows 0 - dark blue - and 1 -
yellow - for the areas which are respectively not covered and aredem coverage. The green

dots in the region are the UEs scattered all over the area.
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(a) eNB 19 Coverage

(b) eNB 19 REM

Figure 8.70: The system contains 23 UEs, each concurrently rungia real-time application.
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For eNodeB 20, the plots of resource elements allocated to the Ugswell as the through-
put in Mbps are given in Figures (8.71(b)) and (8.71(a)), respectilye As we can observe
from the gures, the horizontal axis is the UE indices which indicateltat there are 32 UEs
being served by the eNodeB 4. The vertical axis is the number of oesce elements allocated
by the optimization in Algorithms (21) and (22). Each UE has only 1 aplication running.
This assumption simpli es the simulation because the goal of this chtgy is observing the
e ect of the channel for which channel-aware EURA is performed-urthermore, the legend
show the SNR of the UEs in dB. The bit rate requirements of the appktions is according
to 10:25;1;5;0:25; 1; 5; :::g Mbps.

As we can observe from Figure (8.71(b)), the UEs with low SNRs areaeiving more
resource elements in order to meet their bit rate requirements. Qthe other hand, UEs
with high SNR are receiving less resources. On the other hand, (§&)) shows that UE
throughputs are met. This is due all UEs are at good channel condihs such that the
minimum SNR was 125 dB. We can see these in Figure (8.23(b)) that UEs with higher bit
rate needs were allocated more resources, i.e. for UER 1.3k < Roi3xk < Ra3k. This
statements says that the rate allocated to UE 1, 4, 7, ..., is less thdhe rate allocated to
UEs 2, 5, 8, ..., and is less than the rates allocated to UEs 3, 6, 9, ... qared one to one
(i.e. corresponding indices compared to each other). Also, we séattfor same bit rate

requirements, UEs with higher SNR are allocated less resources.

Moreover, as we can see from Figure (8.72), UEs 3 K3are higher than UEs 2 + X
which bid higher than UEs 1 + X due to the fact the they require more resources in view
of their applications (5 Mbps vs. 1 Mbps vs 25 Mbps.) This plot shows the last iteration
of the algorithm where the shadow prices are converged. Furtieore, we can observe the
coverage area of eNodeB 20 in Figure (8.73(a)), and as we see thverage is not circular
which is a result of REM and elevations in various directions leading to derent SNRs. The

black addition symbol in the middle of the coverage, shown in yellow, ih¢ eNodeB 20
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(a) Throughput of the UEs for eNB 20

(b) Resources Allocated to UEs by eNB 20

Figure 8.71: The system contains 32 UEs, each concurrently rungia real-time application.
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Figure 8.72: UE Bids pledged to eNB 20

coordinates in the 101 101 grid. The side bar, shows 0 - dark blue - and 1 - yellow - for
the areas which are respectively not covered and are under cage. The green dots in the
region are the UEs scattered all over the area. As we can see, W8 in the foot print of
the eNodeBs, and had good channel conditions. These simply chedodeB 20 as it was
the strongest signal they could ever receive. Furthermore, warcsee the REM which shows
that a blue dot at the eNodeB location, which is for the eNodeB 20 aritte blue color from

the side bar represents a 0 dB loss which is expected as we are atéhM®deB position.

8.7 Chapter Summary

In this chapter, we developed channel-aware distributed architese for the QoS-minded
utility proportional fairness framework for resource allocation fiothe cells of a cellular com-

munications system that was introduced in chapter 3. The distribigd architecture was
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(a) eNB 20Coverage

(b) eNB 20 REM

Figure 8.73: The system contains 32 UEs, each concurrently rungia real-time application.
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composed of a EURA optimization which allocated the UE rates by theNd8 and an IURA
optimization which assigned application rates by the UEs. Not only did & prove that
the proposed distributed resource allocation architecture's EURANd IURA optimization
problems are convex and solved them through the Lagrangian ofelin dual problem, but
also we proved the optimality of the rate assignments. We showedathunder abundance
of resources, the resource allocation assigns more resourcethéoUEs with bad channel
conditions, in order to meet their QoS requirements for their appli¢eons. This is in light
of the fact that under a bad channel, lower modulation orders andoding schemes can be
used which reduces the spectrum e ciency. On the other hand, vem the resources are
constrained, more resources are allocated to UEs with good chahoonditions so as to meet
their bit rate requirements. Ultimately, we performed simulations in MATLAB to show the
application of the proposed distributed resource allocation architture to a cellular commu-
nications system. We also performed a large scale simulation throughetwork planning
where the channel conditions was dicatated based on the radio @omment map and applied

the algorithm to assign resources based on the channel conditions
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Conclusions

In this chapter, we summarize the ndings in this thesis work and suggst research trajec-

tories for people interested in continuing the work presented in thithesis.

9.1 Findings

In this section, we summarize the ndings in various chapters of thithesis. The results

within this thesis are as below.

In this thesis, we showed that we can leverage sigmoidal utility furions for realtime
applications QoS satisfaction under a proportional fairness regoe allocation frame-

work; and proved that the optimizations are convex.

We showed that as a result of the convexity of the optimizations ure proportional

fairness with sigmoidal utility the allocated rates are optimal.

We leveraged the set of sigmoidal and logarithmic utilities to model th@oS satisfaction

of the realtime and delay tolerant applications, and showed that theptimizations using

315
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the hybrid tra c originated from sigmoidal and logarithmic utilities are convex and

the solutions are optimal.

By proving the convexity of the optimizations involving sigmoidal utilities, we proved
that an NP-hard problem of realtime tra c resource allocation, whid traditionally
used to be solved via approximating the sigmoidal utilities to logarithmiones can be

solved with polynomial complexity.

We incorporated application temporal usage into the resource alltoon formulation
and showed that higher usage of the application leads to a dynamicsoairce allocation

according to the temporal focus of the user leading to various dpgation usages.

We incorporated UE priority weights into the resource allocation atdtecture and
showed that higher weights lead to priority in the allocation of the welgs so that

those UEs with higher weights are assigned more resources initially.

We provided a centralized architecture which assigned the rates tioe applications in

a singular stage.

We proved the convexity of the centralized architecture when th&a c is a hybrid
of realtime and delay tolerant tra c represented by sigmoidal and Igarithmic utility

functions.

We derived the transmission overhead of the centralized resouraocation architec-

ture.

We derived the sensitivity of the centralized method to the changes the number
of UEs in the system and showed that the rates remain optimal whedEs rebid for

resources in the face of changes in the number of UEs in the system

We analyzed the sensitivity of the centralized method to the changen the number

of UEs in the system and showed that the rates do not remain optirhavhen all UES
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do not rebid for resources in the face of the dynamics introduced lzshanges in the

number of UEs in the system.

We analyzed the sensitivity of the centralized architecture to thehanges in the usage
percentage of the applications in the system and showed that whait UEs rebid for

resources, the rates remain optimal in the face of the applicatiorsage changes.

We analyzed the sensitivity of the centralized resource allocation tbhe changes in the
usage percentage of the applications in the system and showedtthden all UEs do
not rebid for resources, the rates do not remain optimal in the facof changes in the

system.

We Introduced a distributed architecture for the resource allo¢®n which allocated

the rates to the UEs by the BSs and the rates to the applications e UEs.

We proved that the distributed optimizations for the network and tie device are convex

and lead to optimal solutions both for the UEs and the applications mning inside UEs.

We analyzed the sensitivity of the distributed approach to the chages in the number
of UEs in the system and showed that when all UEs do not rebid forseurces in the

face of dynamics in the number of UEs, the rates do not remain optah

We analyzed the sensitivity of the distributed approach to the chages in the number
of UEs in the system and showed that when all UEs rebid for resoein the face of

dynamics in the number of UEs, the rates remain optimal.

We analyzed the sensitivity of the distributed approach to the chages in the applica-
tion usage of the UEs in the system and showed that when all UEs dotrrebid for
resources in the face of dynamics in the applications usage, theestdo not remain

optimal for the network optimization.
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We analyzed the sensitivity of the distributed approach to the chages in the applica-
tion usage of the UEs in the system and showed that when all UEs rdbor resources
in the face of dynamics in the applications usage, the rates remaintpal for the

network optimization.

We analyzed the sensitivity of the distributed approach to the chages in the appli-
cation usage of the UEs in the system and showed that when all applimns do not
rebid for resources in the face of dynamics in the applications usagfee rates do not

remain optimal for the network optimization.

We analyzed the sensitivity of the distributed approach to the chages in the applica-
tion usage of the UEs in the system and showed that when all applicans rebid for
resources in the face of dynamics in the applications uage, the mteemain optimal

for the network optimization.

We proved that the centralized and the distributed architecturesare mathematically
equivalent by proving that the UE and application rates assigned byaeh method is

equal to those allocated by the other method.

We analyzed the transmission overhead of the distributed resoerallocation and de-

rived lower bounds for the transmission overhead.

We proved that the shadow price for the centralized approach cegrges to the optimal

value for all available resources.

We proved that the shadow price for the distributed approach cwerges to optimal
value when there are more resources available at the BS than thedétn of in ection

points of all realtime applications.

We proved that the shadow price for the distributed approach oslates around the

optimal value when there are not enough resources available at tB&S as opposed
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ot the addition of the in ection points of the realtime applications signoidal utility

functions.

We provided a mechanism to stabilize the distributed architecture faall BS available

resources by means of decay functions.

We made the resource allocation more realistic by looking at the LTE d& resource
block structure and introduced a modi ed optimization which allocate resource blocks

to the UEs.
We showed that the resource block allocation optimization with hybridra c is convex.

We presented a method to solve the resource block optimization amdroduced a fast

mechanism to map the optimal continuous rates to the closest optahdiscrete rates.

We proved that the proposed discrete optimization mapping mechem reduces the
search spaces complexity signi cantly and leads to a pool of selecisofor the resource

blocks.

We made the optimal resource allocation more realistic by accountinfigr wireless
channel conditions and provided with a modi ed hybrid tra ¢ channel-aware resource

allocation mechanism.

We proved that the preceding application-aware channel-awares@urce allocation is

convex and the allocated rate are optimal.

We showed that the channel condition changes the slope of the sigyadal utilities under
the optimization and makes it higher or lower for respectively good drad channel

conditions.

We shoed that the channel e ect moves the in ection point of the igmoidal utilities
to lower numbers for good channel conditions and to higher for bathannel conditions

to account for the modulation and coding scheme supportable bydghmethodology.
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We showed that under abundance of resources, the applicatiowaae channel-aware
resource allocation assigns more resources to the UEs which arédad channel con-
ditions in order to satisfy the QoS of their applications. This is done bwccounting
for the lower order modulation and coding schemes that can be usedbad channel

conditions.

We showed that under the scarcity of resources, more resowgame allocated to the

UEs at good channel conditions.

We also looked at the shared-spectrum operation and evaluatedetimpact of radar
systems into LTE system under shared-spectrum operation antiaved that the old

exclusion zones that were introduced by the NTIA were incorrect.

Motivated by the preceding e ort, we incorporated shared-sp&wm operation into our

resource allocation optimization through a carrier aggregation miedd.

We provided algorithms to assign resources to various sections bétcellular system

in a way to ensure fairness under shared-spectrum operation.

9.2 Future Trajectory

In this section, we suggest some trajectories for future workrfeesearchers who are inter-

ested in pursuing the e ort presented in the current thesis to a higer level.

In this work, the UEs chose the serving BSs according to highest é&wf signal strength
that they would observe in the downlink from the BSs. The di culty wit h this method
is that we may end up with a situation where a cell becomes overcrogdisince its BS
signal is strong at many UE positions, while another cell at a slightly losv SNR may

be undercrowded and therefore, the resources will not be e cidn utilized by the
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network. It would be a great research e ort for the UEs to choasthe serving BS by
looking at the tra c situation at various cells as well in order to balane the load. For
instance, UEs can choose a cell with a lower shadow price which reggnets a higher

availability of resources.

The implementation of application-aware channel-aware method is ryecumbersome
in terms of runtime. It would make a great project to look at a paralleimplementation
of the proposed method to increase the speed in order to pave thay for real-world

deployment of the method.

In this thesis, we assume a at-fading and slow-fading channel ftre application-aware
channel-aware method. It would make a great research work to loat frequency-

selective and fast-fading channels.

It would be of immense value to map the proposed method to LTE stcture by de ning
protocols for message exchanges needed for the resource dltmtand nally moving

towards de ning standards for the method.

It would make a great research study to look at the e ect of the urce allocation
and interference jointly. Resources which are allocated to UEs mdgad to in-band
and out-of-band interference and a study on intracell and inteedl interference while

allocating resources will be extremely valuable.
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