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1 Introduction

Cognitive radio (CR) is a design approach for introducienyy adaptive systems that enable higher
and more efficient spectrum utilization. During recerdrge CR has attracted significant attention
of the research community and became a subject of noursi@ublications including books, e.g.,

[Mit06] and [Cog07]; special conferences, e.g., DySPAN anow@€Com; special issues, e.g.,

[Cog08] and [Cog09]; tutorials, e.g., [Mac09] and [Zha07], asdaech articles.

In conventional wire or wireless systems, the fregyeoandwith of the transmission channel is
analyzed in real time to perform equalization or optintiee global performance. The CR concept
goes one step further: the spectrum analysis is exploitedetermine the transmission channel
itself. This is a major change which confers to the plydayer an increased importance, because
the whole system relies on the quality, the reliabdibd the robustness of the spectral estimation.
Moreover, the system architecture itself is impactedabse the physical layer does not just adapt
to instructions from upper layers, but it becomes tygimvolved in the decisions and management
of the network [Bel08-1].

The opportunistic nature of cognitive radio systems sffeg promises in terms of spectrum usage,
but generates a lot of constraints. Basically, suctesys must act quickly to access the spectrum
and to cease transmission, they must be reliable and rafishey must provide quality of service.
Two different cases of applications can be distinguishanhely public spaces and white spaces in
a licensed band. Public spaces are frequency bands whispemiécally reserved for CR systems,
for example in the spectrum which will be freed by agdklevision. In public spaces the CR users
compete for the resource and the main issues for phyayel are density and protection of other
users. In a licensed band, the main issue is the puoteofi the primary user, although the
coexistence with other CR users has to be considereelgsfor the sake of global efficiency.
These two cases might lead to different specificatibnsthe architecture of the CR layer can be
the same for both.

The generic architecture of the cognitive radio systeghaswvn in Fig. 1.1. The physical layer has
two distinct functionalities, associated with two dhisti sections, namely spectral resource
discovery and adaptive transmission. The informatiolect®d about the spectrum is forwarded to
the policy generator which, taking into account the usstructions, sets the objectives of the
transmission. A key component in the spectral resoestimation section is the real time spectrum
sensing module, which delivers the raw information on wthiidhire decisions will be based.
However, since the decisions will be ultimately inménted by the adaptive transceiver section,
the two sections of the CR physical layer cannot ruepeddently but, instead, a high level of
coherence and compatibility must be maintained.
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user interface

|

CR resources Policy
> generation
A
Resource Adaptive
Discovery Transceiver

CR physical layer

Figure 1.1. The physical layer in a cognitive radio system

The objective of this deliverable is to study the physmgtil impact on the main blocks of a CR
system shown on Fig. 1.1. To be more precise, let usdasres particular CR network illustrated in
Fig. 1.2 with the following main assumptions:

* A number of frequency bands formed at some physical layarailable in some
geographical area.

* Primary users dynamically occupy some of them.

» Secondary network consists of a number of independent sebrs/that are allowed to use
bands, which are not currently occupied by the primagysus

» Secondary subsystems include base stations (BS) and sidagsriber stations (SS))
transmitting data to their base stations.

» Each base station is sensing spectrum in all the avabablgs to detect presence
of the active primary users.

» Secondary subsystems are not coordinated and synchronized.

» Secondary base stations have full information and coortheir own users.

* Propagation conditions are typical for wireless indmatidoor low mobility scenarios
[Mol09]

I I gssm
A R
S, SS, I Primary users

% SS;,

m:

BS,  S§, N

Figure 1.2. CR system model
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One can see that all the elements of a general GRRmyshown in Fig. 1.1 are assumed in the
scenario in Fig. 1.2. Indeed, a physical layer is resp@nfblforming frequency channels and data
transmission/reception for each subsystem; resouscewery in terms of spectrum sensing for the
primary users and interference environment analysis Hersecondary CR system is required;
policy generation and regulation is assumed for spectharrg; and adaptive transceivers are
needed to react on the changing environment according widt@vered resources and spectrum
sharing policy.

One example of such a scenario based on OFDM physigal toould be a number of fixed
WIMAX [802.16-04] systems sharing a license exempt spectrumO[Asihe main feature of the
OFDM physical layer in this case is that guard bandsrameired between frequency bands
allocated to users from different unsynchronized subsygstenprevent energy leakage between
them as illustrated in Fig. 1.3 in the 3-band case.dvdatly, the fixed WIMAX standard [802.16-

04] defines the OFDM physical layer with tote Fi = 256 sub-carriers Fouard =27 guard sub-

carriers and minimum 10 sub-carriers in a frequency bamid. fieans that maximu F =6 bands
for unsynchronized users can be formed [Ash07] and theirrspeetfficiency in terms of spectrum
utilization defined as

1+F)F
= PP F) guerd (1.1)

)
total

is shown in Fig. 1.4.

/ard ban\
\ // Frequency

Frequency bands

Figure 1.3. Frequency bands for unsynchronized users
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256 sub—carriers, minimum 10 sub—carriers per band
100 T T

90

80

70

60

50

40

Spectum utilization, %

30

20

10

Il OFDM, 27 guard sub—carriers
Il FBMC, 1 guard sub—carrier

10 15 20
Number of bands

Figure 1.4. Spectrum utilization for unsynchronized systemsrgh
license exempt spectrum

One can see in Fig. 1.4 that only about 26% of spectrurbearsed for data transmission in the 6
bands case. The rest of the spectrum is wasted for gaads$ in this system. Obviously, OFDM
physical layer is not a spectrally efficient solutiarthis situation.

Another physical layer with reduceFga« could be more efficient in the asynchronous CR
scenario. FBMC can be considered as such a candidaticuRaly, if FBMC could allow

Faaa =1, then up to 23 bands with spectrum efficiency above 9084idme formed in the same
scenario as also illustrated in Fig. 1.4.

Obviously, this is just an illustration example to emgeathe physical layer importance in the CR
scenario. In practice, guard bands for both OFDM and FRM@nd on particular power density
spectrum, RF imperfections, system parameters, etcheforbre, physical layer features affect
spectrum sensing and other basic CR modules specified id.Eignd assumed in scenario in Fig.
1.2.

The objective of this deliverable is to study the physiagél impact on the main blocks of a CR
system shown on Fig. 1.1 in the context of the padrcGR network scenario in Fig. 1.2. Cognitive
radio overview is given in Section 2. FBMC as cognitiadio physical layer is considered in
Section 3. Section 4 compares FBMC and OFDM PHY ingexfispectrum efficiency. Section 5 is
devoted to the RF impairments impact on both OFDM amdlEBHY. Resource allocation in CR
networks is addressed in Sections 6 - 8. Particulatigrference-aware power allocation algorithm
in OFDM and FBMC based CR networks is proposed and amhlyzeSection 6. Resource
allocation in CR networks with MAC layer cooperationvibeen secondary subsystems is addressed
in Section 7. New “good neighbor” resource sharing giyaend algorithms are introduced and
investigated in Section 8 in a decentralized rule-regulaggdchronous CR network. Summary of
the main results and problems for further investigaitiotine next deliverables are given in Section
9.
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2 Cognitive radio overview

Current wireless networks are characterized by a spgctrum allocation policy, where wireless
spectrum is assigned on a long-term basis for large ggbigal regions. Due to the recent increase
in spectrum demand, this policy has resulted in spectrumitycan particular spectrum bands. In
contrast, a large portion of the assigned spectrum isgpseddically, leading to underutilization of
a significant amount of spectrum. In order to solve thictspe inefficiency problem, dynamic
spectrum access techniques were recently proposed.

The key enabling technology of dynamic spectrum acoessnigues is cognitive radio (CR)
technology, which aims to address the spectrum scaratylggn by opportunistically identifying
the vacant or underutilized portions of the spectrum aamsinitting in them, while ensuring that
any licensed users of the spectrum are not affected.eBrorks are envisioned to provide high
bandwidth to mobile users via heterogeneous wirelesstectiries and dynamic spectrum access
techniques. This goal can be realized only through dynandce#ficient spectrum management
techniques. The time-varying nature of the wireless chamukthe high fluctuation in the spectrum
availability combined with the variety of charactedstand Quality of Service (QoS) requirements
of various applications, however, impose unique challetg€R networks.

In order to address these challenges, each CR user ©R network must:
i. Determine which portions of the spectrum are availagedtrum sensing
ii. Select the best available chanrsgddctrum decision
ii. Coordinate access to this channel with other uspexc{rum sharing)
iv. Vacate the channel when a licensed user is detespedt(um mobility

Obviously, in the case of cognitive systems in licensexhsa with primary users (PUs) and

secondary users (SUs), all the above functionalghesuld be supported. On the other hand, for
systems which operate in unlicensed spectrum bands wheraotion of primary users is not

defined, spectrum mobility is not necessary and the rblgpectrum sensing is modified to the

identification of areas that are underutilized and noessarily empty.

2.1 Spectrum sensing

The primary goal of the spectrum sensing module is to détecpectrum occupancy in the local
area in which the system operates, and identify theespahich are free of primary and other
secondary users, the so-called spectrum holes. A segoguia might be to analyze the frequency
bands in which interferers are present in order to ohtertheir profile and assess the limits of the
perturbations they can tolerate. In fact, there wredub-functionalities, namely occupancy sensing
and identity sensing, as pointed out in [Wan08]. Heregthphasis is on the primary goal and the
following parameters are examined: noise floor, spectyalimic range, interference rejection,
frequency resolution, and sensing latency.

Spectrum holes are also referred to as white spacesatargiet is to achieve pre-determined false
alarm and missed detection probabilitiés, andPyp, when identifying white spaces. We  will
make distinction between two modes of primary user senglngSpectrum hole acquisition is
carried out before local secondary transmission has Bearted or in other situations where the
particular frequency band is not used for secondary tiaeg&m. (2) Spectrum monitoring takes
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place in parallel with secondary transmission andniégn target is to detect reappearing primary
users in the used frequency channel.

2.1.1 Noise floor, dynamic range, and interference rejection

The first parameter to be considered is the spectrahrdignrange, which is crucial for the
usefulness of the cognitive radio concept. The estimates floor determines the lower limit of
the dynamic range. The noise floor can be observad inused frequency band, and it is a sum of
thermal noise and various interferences. The intenfsx may include co-channel interference from
distant secondary users, as well as various intedersaurces from non-ideal implementation of
the spectrum sensing receiver, such as intermodulatio@, guntization noise, and leakage of the
spectrum sensing filter. The thermal noise and possiblehaonel interference cannot be
controlled, but the measured interference level is oetexd partly by the rejection performance of
the spectrum sensing filter and non-idealities of theognfbnt-end.

Fig. 2.1 illustrates the dynamic range in spectrum senshgytargeted sensitivity level in spectrum
sensing is often considered to be deep below the notechannel interference level. In stand-
alone spectrum sensing this is required, because signifinargin has to be assumed for the
shadowing effects in typical wireless communicationnaces. With co-operative spectrum
sensing, the sensitivity level can be significantlyedjgut typically the target is still somewhat (a
few dB) below the noise level. Clearly the interferem due to the leakage of the spectrum sensing
filter and other receiver imperfections should be clelbelow the targeted sensitivity level.

Next, the receiver sensitivity level for secondagnsmissions is some 0 ... 20 dB above the noise
level, depending on the used modulation and coding, on awk aad efficiency of power control
on the other. The maximum level of primary and secondaers in other frequency channels
within the analyzed frequency band determines the upperdirtiie dynamic range.

In generic communication scenarios, the dynamic rahtfeeaactive primary and secondary signals

is 50 ... 80 dB, and the requirement for overall dynamigeabetween RX interference level and
maximum signal level, could be 80 dB or more.

Max signal level (SU & PU)

~50 dB

SU sensitivity level

~ 80 dB

RX interference level

Figure 2.1. Dynamic range in spectrum sensing.

2.1.2 Frequency resolution and sensing window

The next parameter to be considered is the frequenojuties, which is determined by the
smallest spectrum hole which must be detected. There g bandwidth is to be used for data




ICT-211887 Page 13 DeliveraBld

transmission, the frequency granularity of the transimis system must be considered
simultaneously. At this stage, it becomes obvious tiratmulticarrier modulation technique fits

very well to the cognitive radio context. In multiagarrmodulation, the smallest bandwidth is the
subchannel spacing. Therefore, spectrum sensing and mudticardulation should have the same
resolution. In such conditions, there is an inclimatio use the same device to perform the two
functions.

In general, if the sensing device is based on a muiecarceiver, the sensing window can be
configured to consist of a block of contiguous subchannel sanmpléme-frequency plane. The
basic energy measurements are obtained for each subckammpde, and the decision variable for
sensing decisions is obtained by averaging the energy ahses/within the window. The benefit
of such an approach is high flexibility in adjusting tha@daw size and shape according to the radio
scene and targeted sensing parameters. Also multipld dpy@loaches can be easily realized:
Appearing strong primary signals are rapidly detected shtirt integration window and potential
spectral holes can then be identified. Then more ddtahalysis of the remaining parts of the
spectrum is carried out using longer integration window. 3dmwsing time analysis (see Section
3.4.1.1) leads to a specific minimum window size, i.epex#ic minimum number of independent
energy observations to reach the targ&gdandPyp with the target primary signal SNR.

2.1.3 Sensing latency

A key aspect in the cognitive radio context is that lpghformance spectral estimation is carried
out in real time. The efficiency of the system depewlds reactivity, which is the time it takes to
reliably extract the information about the availabletegses, relay it to the policy generator, make
decisions and implement them in the transceiver. Eingiisg latency is a significant part of this
reactivity time and it must be minimized. The sensingniey is discussed in more details later in
Section 3.4.1.1.

2.1.4 Simultaneous spectrum monitoring and communication

So far, it has been usually assumed that it is notiljes® sense possible primary users from a
frequency channel which is used simultaneously for locabrs#ary communication. Therefore,
spectrum monitoring type of sensing is usually assumeck tmtbrleaved with data transmission
[Gha08]. The secondary system periodically sensesrémsmission band to detect the start of
primary transmission. In this process, a first parametethe sensing period which sets the
maximum time during which the secondary user is unawaaeredppearing primary user. Another
parameter is the time during which secondary transmissigst be interrupted in order to obtain an
accurate and reliable measurement. Obviously, thesganameters have a great impact on the
throughput of the CR network and on the confidence opsrabay have in the cognitive radio
concept. On the contrary, with simultaneous commuioicatnd sensing in the spectrum
monitoring sense, the problem of the coexistence betwemnary and secondary users and
between secondary users themselves is greatly siaaplifihe idea here is not that the transmitting
device itself does the sensing, but rather that receiweispecific sensing devices [Sen08], which
have means to communicate to the transmitter abossilge collisions, do sensing for the
frequency band that is used for on-going communication.

Now, the issue is how this desirable feature can beemmphted. At first glance, two different
approaches can be envisaged, namely spectrum reservatomesidual interference based
monitoring.
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The spectrum reservation approach is basically amgigte of the periodic sensing approach and it
is highly facilitated by the multicarrier system modetonsists in leaving silent sensing windows,
in the transmission band within the transmission buvkich the sensing device exploits to check
the occupancy. If the sensing window consists of narrmguency slot(s) over the whole
transmission burst, then fast reaction to reappearingapyiosers can be achieved. With respect to
the following technique, this one is less efficient, sihceduces the total bit rate. However, it can
be more accurate and robust.

In a receiver, at the final stage, the data symb@&<seovided by a decision device. It is customary
in digital transmission to exploit the residual sigwhich is the difference between the input of the
decision device and the output. For example, it canesardecision-directed adaptive equalizer,
assuming that the decisions are correct and the ext@ng very low. In the present context, this
residual signal can be considered as representing thefsina thermal noise and the various kinds
of interferences, as well as the potential PU sighatulticarrier modulation is employed, real time

observations of the noise and signals behind the activev®seform become available for the

complete transmission frequency bandwidth and they caxfieited to detect the arrival of a new

user in the spectrum.

Regarding the feasibility of the proposed residual fatence based monitoring scheme, it is
important to consider the dynamic range while perfornsimgultaneous sensing and reception.
While the dynamic range of different frequency chaniglgery wide in many dynamic spectrum
access scenarios, the signal power level at thett&ld receiver can be assumed to be much better
under control, assuming that effective power contramplemented in the system. On the other
hand, if the SU receiver would be operating at a high $\&, in case of a sensing device located
closer to the transmitter than the actual target vecgithen also the cancellation of the secondary
signal would operate well. Further, symbol decisionmsirwhich would have significant impact on
the residual interference, would not be expected to taaepln any case, it is expected that this
scheme sets stringent requirements for the synchromzarid channel equalization quality in high
dynamic range scenarios, and further studies are nee@gglore the feasibility of such schemes.

The role of the receiver in the spectrum monitoring fiomcdescribed above is worth emphasizing.
Going one step further in that direction leads to egptp the same device for sensing and
reception. With this in mind, the filter bank technique isgarsed to implement the CR physical
layer.

2.2 Spectrum decision

The term spectrum decision refers to the CR netwodgalility to determine the most appropriate
spectrum band according to the QoS requirements of the ensl @&pectrum decision is highly

affected by the channel characteristics and operatibpsiroary users as well as the activities of
other CR users in the network. Spectrum decision usuatigists of two steps: first, each spectrum
band is characterized, based on not only local obsengatid CR users but also statistical
information of primary networks. Then, based on thisrattarization, the most appropriate

spectrum band can be chosen (see e.g., [Zhe05],[Pen05],[pSI088],[Fu08] and [Sub08]).

Due to the time-varying characteristics of the wirelelsannel and the available spectrum holes,
each spectrum hole should be characterized considerihgtimttime-varying radio environment
and spectrum parameters, such as operating frequency addithidn. The parameters that can
represent a particular spectrum band are the following:
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1. Interference

2. Path loss

3. Wireless link errors
4. Link layer delay

For example, in [Zhe05], a device-centric spectrum managestheme with low communication
costs, where users observe local interference pattenhsact independently according to preset
spectrum rules is presented. The users’ spectrum accesguigted by five rules that aim to
tradeoff fairness and utilization with communicatiostsoand algorithm complexity.

In [Pen05], a general framework for spectrum allocatmmpen spectrum systems is described.
Centralized and distributed approaches to optimize spechocation for utilization and fairness
are presented. Efficient and fair access in open spadystems is described by a graph-theoretic
model. Three policy-driven utility functions that combirfcgent spectrum utilization and fairness
are defined.

In [Xu08] the tradeoff of Secondary Users’ throughput mazation by accessing larger bands and
channel switching overhead and contention among multipler8ecy Users is considered. An
optimal bandwidth allocation scheme is proposed, acowufidr the effects of channel switching
overhead.

In [Shi08] a multi-agent learning approach which allows theious nodes to optimize their
transmission strategies autonomously, in a distributeshner, in multi-hop cognitive radio
networks is proposed, taking into account the tradeoffsdan the cost of the required information
exchange and the learning efficiency of the multi-agemhieg approach in terms of the utility
impact.

In [Sub08], the dynamic spectrum access in a distribugddark is modeled as a noncooperative
game and the equilibrium solutions are obtained through attsgame. In distributed cognitive
radio networks, the secondary users are vulnerable gyadawmexpected events such as primary
user arrival or a deep fade or sudden increase in interéenghich could potentially disrupt or
disconnect the transmission link. In such cases, aategic decision or information that could lead
to uninterrupted channel access and facilitate maintaimikg tould be modeled as a Stackelberg
game.

In the development of the spectrum decision functiorerse challenges still remain unsolved, such
as the decision model, the issue of cooperation withnfggoation as well as the spectrum
decision over heterogeneous spectrum bands.

2.3 Spectrum sharing

Another important component of a Cognitive Radio netwerihe coordination of the CR users’
transmission attempts over the shared wireless medmthis respect, spectrum sharing should
include much of the functionality of a MAC protocol. Hoxge, the unique characteristics of CRs,
such as the coexistence of CR users with licensed aser the wide range of available spectrum,
incur substantially different challenges for spectgimaring in CR networks. The existing work in
spectrum sharing aims to address these challenges and calaskdied by four aspects:
architecture, spectrum allocation behavior, spectrum accéschnique, and scope
[Bri05],[Lee08],[Cao05],[Ma05],[Hua05],[Nie06],[Bak08],[Zha08-1],[Z08],[Nie05],[Pen06] and
[Zhe05].
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The first classification is based on the architectwiech can be centralized or distributed:
1. Centralized spectrum sharing

In centralized spectrum sharing, all the procedures conggdspectrum allocation and access are
controlled by a central entity. The sensing procedurebegmerformed in a distributed manner and
where the measurements of the spectrum allocatiorfoawearded to the central entity, and a
spectrum allocation map is constructed. Furthermoregehtral entity can lease spectrum to users
in a limited geographical region for a specific amountime. In addition to competition for the
spectrum, competition for users can also be considéwredigh a central spectrum policy server
[Bri05], [Lee08].

2. Distributed spectrum sharing

In distributed spectrum sharing, the operations of specthonaton and access are based on local
policies that are performed by each node distributivBigtributed solutions can also be used
between different networks such that a base statimpetes with its interferer base stations
according to the QoS requirements of its users to adlocatportion of the spectrum
[Cao05],[Ma05],[Hua05],[Nie06].

For example, in [Cao05], a distributed approach to spectiosation that starts from the previous
spectrum assignment and performs a limited number of catims to adapt to recent topology
changes is considered. According to the proposed t@rghining approach, the users affected by
the mobility event self-organize into bargaining groups angtatheeir spectrum assignment to
approximate a new optimal conflict-free assignment.

A dynamic open spectrum sharing MAC protocol that allowdesdo adaptively select an arbitrary
spectrum for the incipient communication subject to spattavailability is introduced in [Ma05].
It offers real-time dynamic spectrum allocation and tsgéctrum utilization without relying on any
infrastructure. It also coexists with legacy wireleppl@ations, while avoiding the hidden and
exposed terminal problems.

In [HuaO06], the problem of spectrum sharing is addressed bwttbeluction of the “Asynchronous
Distributed Pricing” scheme according to which the usechaxge “price” signals that indicate the
negative effect of interference at the receivers. Gives set of prices, each transmitter chooses a
channel and power level to maximize its utility.

In [Nie06] the radios can measure the local interiegetemperature on different frequencies and
can adjust by optimizing the information transmissiore ristr a given channel quality (using

adaptive channel coding) and by possibly switching to a diftdrequency channel. The cognitive

radios’ decisions are based on their perceived utiliso@ated with each possible action. The
overall network performance is improved at the expensenahereased overhead required for
information exchange.

In general, it is shown that distributed solutions galherclosely follow the centralized solutions,
but at the cost of message exchanges between nodes.

The second classification is based on the allocabenavior, where spectrum access can be
cooperative or non-cooperative.

1. Cooperative spectrum sharing

Cooperative solutions exploit the interference measentsnof each node in order to consider the
effect of the communication of one node on other nodesommon technique used in these
schemes is forming clusters to share interference m#bon locally. This localized operation
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provides an effective balance between a fully centraliaed a distributed scheme [Bri05],
[Cao05],[Ma05],[Hua05],[Nie06].

2. Non-cooperative spectrum sharing

In non-cooperative (or non-collaborative, selfishjusons only a single node is considered.
Because interference in other CR nodes is not conslideom-cooperative solutions may result in
reduced spectrum utilization. However, these solutionsadaequire frequent message exchanges
between neighbors as in cooperative solutions [Zhe05].

The Cooperative approaches in general outperform the-cooperative ones. Moreover,
cooperative techniques result in a certain degree of fajragsgell as improved throughput. On the
other hand, the performance degradation of non-coopegim®aches is generally offset by the
significantly low information exchange and hence, eneansumption.

The third classification for spectrum sharing in CR neksoconcerns only CRs operating in
licensed spectrum areas (with primary and secondary)ussiss based on the access technology.
According to the way the secondary users interact thighprimary and access the spectrum we
have:

1. Overlay spectrum sharing

Nodes access the network using a portion of the specthaimas not been used by licensed users.
This minimizes interference to the primary network (Bti [Cao05], [Ma05], [Nie06].

2. Underlay spectrum sharing

The spread spectrum techniques are exploited such thaxatisenission of a CR node is regarded
as noise by licensed users [Hua05]. Underlay techniques tiaa bigher bandwidth at the cost of

a slight increase in complexity. Considering this tradekgforid techniques can be considered for
the spectrum access technology for CR networks.

Finally, spectrum sharing techniques are generally focusetivo types of solutions: spectrum
sharing inside a CR network (intranetwork spectrum shaand)among multiple coexisting CR
networks (internetwork spectrum sharing):

1. Intranetwork spectrum sharing

These solutions focus on spectrum allocation betweerttities of a CR network. Thus, the users
of a CR network try to access the available spectrunowitbausing interference to the primary
users.

2. Internetwork spectrum sharing

The CR architecture enables multiple systems to be yeghlon overlapping spectrum bands. A
specific sub-class of internetwork spectrum sharing és dbrexistence of multiple operators in
license exempt spectrum bands. Usually, the internetwaektsim sharing solutions provide a
broader view of the spectrum sharing concept by includingioeoperator policies [Lee08].

2.4 Spectrum mobility

Spectrum mobility is necessary in cases of systenfspsitnary and secondary users, if the primary
user becomes active in a spectrum band that was previmeddyfrom the secondary user. CR users
are regarded as visitors to the spectrum. Hence, ifpgbeif& portion of the spectrum in use is
required by a primary user, the communication must beretgd in another vacant portion of the
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spectrum. Thus, the notion of spectrum handoff is introdluBeotocols for different layers of the
network stack must adapt to the channel parameters afpdeating frequency. Moreover, they
should be transparent to spectrum handoff and the assb@sency [Shi07].

2.5 Conclusions

DSA and Cognitive Radio constitute a challenging fielthwequirements that span across different
technologies and vary according to the characterisfithe studied CR scenario. Specifically, for
Cognitive Radio systems operating in licensed spectrurdsbaith primary and secondary users,
the effect of the secondary users on the primary u@aS should be minimal and therefore
mechanisms for supporting spectrum sensing and spectrum snabdiof key importance. At the
same time, efficient mechanisms for spectrum decisimhspectrum sharing are also required for
achieving high QoS. On the other hand, CR systems openatliesgnse exempt spectrum bands, as
in the case of different operators in unlicensed spectanas, do not require explicit spectrum
mobility functionalities with hard real-time requireme and the role of spectrum sensing is
modified from the identification of primary user adiyio the detection of underutilized spectrum
areas (gray spaces). However, in these systems theeragui for effective spectrum decision and
spectrum sharing mechanisms, including power control schemeddrference mitigation, is even
more important for efficient system operation. Furtimark on many of the previous areas is
required for the key enabler technologies to reach a high t& maturity before CR systems
become the norm. In this context the role of the laydayer is in many ways the cornerstone for
realizing efficient CR systems.

3 FBMC as cognitive radio physical layer

The benefits of multicarrier modulation in spectrumssag context have already been emphasized:
* Flexible multiplexing of silent sensing windows within data bgla in secondary
transmission for spectrum monitoring purposes.
* Flexible way of building decision statistics from basibservations within the sensing
window.
* High spectral resolution.
* Commonality of sensing and communication functions.

Naturally, OFDM is usually the first choice when fatik about multicarrier systems. However, the
weaknesses of the OFDM technique, i.e., using plain FFBdectral analysis [Far08-2] on one

hand and as a multiplexing technique [Iha08], [Zha09] on the btret, have been pointed out and
the introduction of filter banks has been advocated byiaber of authors. These issues are
discussed in the following.

3.1 Spectral selectivity and dynamic range

The OFDM receiver processing has poor selectivity agapesttsal components which are not
synchronized to the cyclic prefix (CP) structure of OFDMis appears as spectral leakage in
scenarios with high dynamic range of signals appeaninge frequency band under analysis. Fig.
3.1 illustrates this issue. FBMC-based spectrum analyzbzjngt the PHYDYAS reference filter

bank withM = 1024 subbands and overlapping faé€er 4, is not blinded by strong primary users,
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and the spectral holes (SH) can be sharply identifiéearly, FBMC has superior performance in
comparison to OFDM.

PSD

Normalized frequency [w/TT]

Figure 3.1. Power spectral density (PSD) estimates @otanth OFDM and FBMC receivers
running energy detection in subband processing.

Fig. 3.1 basically demonstrates that with proper filtetkbdesign, the challenging dynamic range
requirements discussed in Section 2.1.1 can be achievdiedDSP side. However, it should be
noted that when implementing such universal radio sarabysis covering a large bandwidth, there
are great challenges for the analog RF side and the eddumgh-speed, high dynamic range ADC
is a major bottleneck. Various advanced ideas for solviagetiproblems have been introduced in
the literature, see e.g., [Cab05].

3.2 Spectral efficiency

From a transmission perspective, the FBMC techniquéehgapotential to increase the bit rate, due
to the reduced guardbands and the absence of the cydiic@eded in OFDM. FBMC gives also
the possibility to allocate different subcarriers tfedent non-synchronized users in a spectrally
efficient manner. It is enough to leave just one subbanduardband between different users,
which may be operating asynchronously in the sense thit coarse carrier frequency
synchronization is required [Bel08-3].

Another side is the spectral efficiency when mudiqirhg silent sensing windows with data symbols
in the secondary transmission bursts. Again, leaving just subband as guardband between
spectrum monitoring blocks and transmission blocks is ceiffi in FBMC. In contrast, with
OFDM based secondary transmission, 5/24/92 subbands, respedie needed as guardband to
achieve -20/-30/-40 dB interference level in reference tsubehannel power level.

In general, the overheads in spectrum reservation laseitioring depend on the guard intervals in
time domain and guard bands in frequency domain around tiné sectrum sensing block (see
Fig. 3.2). In time direction,the cyclic prefix of OFDM sufficient to isolate the sensing window
from pervious/following data symbols and no additional beads are introduced. In FBMC, time-
domain guard intervals of lengh samples are needed, whétas the overlapping factor in the

filter bank design. In the PHYDYAS reference filtemi, K = 4.
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Due to its obvious benefits, we will focus in the follogyon FBMC based spectrum sensing.

. = Secondary data

Sensing window

= Guardband
% = Guard interval
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Figure 3.2. Silent window principle for spectrum monitoring.

3.3 Spectrum monitoring in FBMC

Here, we will discuss in some more details the intredigpectrum monitoring schemes. In general,
assume that the time-domain guard intervaKjg OQAM symbol intervals RK; samples in

oversampled subband domain), the frequency-domain guardbamdi; isubbands, andNg

independent energy observations of complex OQAM-rat@ks are needed for sensing decision.
Then the optimum rectangular shape of the sensing windunimizing the overheads, can be

solved a&/NSMG/ K, Subbands anq/NSKG/ M. OQAM symbol intervals. The needed integer-

valued solution is found close to this real valsedution. This result assumes that the spectrum
sensing block is located in the middle of data syidf it is placed at the edge of the transmissio
band or in the beginning or end of the transmissiarst, the additional guard space around the
sensing block is reduced.

There are also other aspects which should be cenesidvhen choosing the sensing window shape
(see Fig. 3.3). For rapid detection of reappeaPbig, continuous sensing subbands are very useful.
On the other hand, in case of frequency selecthanmel, frequency diversity is useful also in
spectrum sensing. In other words, it is advantageouistribute the sensing observations over the
whole transmission burst and PU frequency channel.
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. = Low resolution, low latency

. = Moderate resolution, moderate latency

Subchannel index

D = High resolution, high latency

A\ 4

Symbol index

Figure 3.3. Time-frequency sensing windows: Tradeoff betwpeatral resolution and sensing
latency.

In single-user scenarios, it is also possible to creedtered zero-symbols in the middle of data
symbols, without overhead due to guard spaces. In OFDMOjggmbols could be utilized. In
FBMC this is slightly more complicated, but still pddei by utilizing the auxiliary pilot idea,
which is utilized in PHYDYAS deliverables D2.1, D2.2, D3.1d @".1 for creating scattered pilot
symbols for synchronization and channel estimation pepos prerequisite for the utilization of
such zerepilots in spectrum sensing is that the sensing device symigbs itself to the active
secondary user signal. Thus this approach is feasiblehéosimultaneous sensing and reception
scheme. For specific sensing devices, additional complexityd be introduced.

It is clear that in the presence of significant nugér interference, the sensing performance of zero-
pilot based sensing would degrade. The interference couddéé the multiple access scheme of
local SU system, or co-channel interference due tordis$& systems. In these cases also the
residual interference based sensing (see Section 2.1.4) mighe feasible, either, so the scheme
of silent sensing blocks would be preferred. This lattdresie requires only coarse time and
frequency synchronization of secondary users operatitigeisame frequency band. Further, using
continuous subband based monitoring, the time synchronizagpirement is relaxed.

In summary, spectrum sensing methods based on continlenisssbchannels are the most robust
approach, supporting also dynamic spectrum access schemes different SU systems are not

time synchronized and may introduce significant interfexetec each others. If the PU-to-SU

channel is frequency selective, it is advantageous to hauffiaient number of spectrum sensing
subbands (e.g., 4...16) within the PU bandwidth available for peetimim sensing device. As

already mentioned, the FBMC transmission scheme supppdstrum sensing subbands in a
spectrally efficient manner, as well as wideband spettsensing over multiple PU frequency
channels.

3.4 Spectrum sensing methods

In the literature, a number of spectrum sensing technicaes lbeen discussed, which can coarsely
be classified as cooperative or non-cooperative detectiethods based on whether or not
information from multiple CRs are incorporated foingary user detection. The different schemes
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can further be categorized into matched filter detecemergy detection, cyclostationary feature
detection techniques, and various others, each with thdividual pros and cons [H6yY07].
Approaches differ from each other in terms of impletaBon complexity, amount of prior
knowledge required, processing gain obtained, and detertieréquired.

3.4.1 Energy detection

In a multicarrier receiver exploiting energy detectiwzadiometer) principle, the samples of the
subband signals at output of the analysis filter banksareared and averaged over a chosen
observation interval to obtain estimates of theeinel energy on each subband. These estimates
can be then compared to a pre-defined threshold levebke subband-wise decisions on whether
the PU signal is present or not.

The main advantage of the energy detector is its sinpli There is virtually no extra
implementation cost, as the same analysis filtexkbean be used for both data reception and
spectrum sensing. However, an evident disadvantage ishthgierformance of energy detector is
limited by the noise level and especially by its uncetyaias discussed in the following section.

3.4.1.1Sensing time in energy detection

The sensing decision is a binary hypothesis testing probldmch is characterized by two
probability distributions as shown in Fig. 3.4. The disttion with lower mean value corresponds
to the case where a PU signal is not present, anditbervations are energies of Gaussian noise.
The other distribution corresponds to the case wherePthesignal is at the targeted minimum
detectable level. The observations are still energigSaussian-distributed complex samples, but
now the mean value and variance are higher. Both ¢alt®s chi-squared probability distribution,
but in practical cases they can be well approximated hys&n functions [DurO4]. A primary
parameter of this setup is the primary signal SNR,the.ratio of the signal variance to the noise
variance. The SNR and the number of independent obsersaNR, determine how well the

distributions are separated. The decision threshalden makes the tradeoff between the missed
detection probabilityP,,, , and the false alarm probabilit;, .
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Energy detector: P_, =0.1, N = 100, oﬁ =1,SNR=-3.0103 dB
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Figure 3.4. Binary hypothesis testing problem.

In FBMC, the subband signals at the analysis bank output\veersampled by a factor of two, and
downsampling by two according to the OQAM subcarrier sigmaldel is required to get
independent energy observations. In the following, thapsa complexity Ng refers to such
OQAM rate complex samples. It should be noted thgt, B'an08] uses energy observations of real
samples as the basis, and the sample complexity vahgeslouble compared to what is given
below. (It can be noted that the oversampled subbaseledtions are not completely correlated at
the edges of the spectrum sensing block, and some bengefibeaobtained by using the
oversampled observations. It is one topic of furthedist to characterize this effect.)

In case there is no uncertainty and the noise vaiacompletely known, the required sample
complexity to achieve targdt,, and B, can be approximated as

W <2 (R) - @™ a-R,,)0+ SNR]
s~ SNF2 , (3.1)

where ®@ denotes the standard Gaussian complementary CBEheOother hand, when the energy
detector is assumed to operate under a noise Iewdrtainty ofx=10log,, o dB, the sample

complexity can be approximated [Tan08] according to

~ [cb_l(PFA) -0 (1_ PMD )]2

{SNR—(p—l)} : (3.2)
0

NS
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This introduces the so-called SNR wall [Tan08]: For eXampith £0.1 dB uncertainty of the noise
variance, the sensing sample complexity grows withoutsimhen the SNR approaches -13.3 dB.

Fig. 3.5 shows the influence of the number of subbandbeoretjuired sensing time. We assume a
sampling rate (bandwidth) &f= 20.48 MHz at the input of the analysis filter bank. Tdrget false
alarm and missed detection probabilities are se.to= 0.1 and B,, = 001 respectively. The

effects of the sensing bandwidth and noise variamcertainty are clearly visible. We can conclude
that it is important to match the sensing bandwidtkignal bandwidth to minimize sensing time.

As mentioned, in multicarrier systems, the basErgy observations can be integrated both in time
and frequency directions. This gives the possybiid utilize filter banks with subband spacing

much smaller that the bandwidth of the signal tode¢ected. Furthermore, a filter bank with

suitable subband spacing can be used flexiblyenditection of different types of primary signals

and different SNR values by adjusting the integratange.

In the example of Fig. 3.6, the spectrum sensingsgimed to be carried out over bandwidths of
Af =[80:80:64( kHz. In case the nominal subband spadigiyl is smaller than the sensing

bandwidth Af , the non-coherent integration will be extendedrothe Q=Af M/ f, adjacent
subbands to shorten the sensing time. The effest@msing frequency resolution Af is therefore
obtained with all considered choicesMf. The required sensing times to achieve the tdadgst
alarm and missed detection probabilitiesfpf = & B, = 001 respectively, at SNRs of -12 /
-6 / -3 dB were evaluated.

In general, the sensing time (the length of thesisgnwindow) in low rate samples after decimation
can be expressed|[ads/ Q]+ K. With small sample complexitilg (i.e, at higher SNRs) and high

sensing bandwidth, the use of high number of suldbamduly increases the sensing time. With
high number of subbands and higher SNR, also ttee hank impulse response length has to be
taken into consideration. When only few sampleshaexled in energy detection, the overheads due
to the impulse response tails, corresponding totithe domain guard intervals in the sensing
window of Fig. 3.2, become significant.
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Figure 3.5. Sensing time dependence on the nuailsetbbands in FBMC receiver running
subband level energy detection with complete kndgdeof the noise level (solid line) and with
+0.1 dB uncertainty of the noise variance (daskmez).|
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Figure 3.6. Sensing time dependence on the sensing bandwddtbimber of subbands in FBMC
receiver using energy detector with complete knowledgeeofidise level and with £0.1 dB
uncertainty of the noise variance.

Examples

Let us consider energy detection based spectrum sensthgtavget false alarm and missed
detection probabilities oP., =0.1 and B, = 001, respectively. The minimum primary signal
SNR is assumed to be - 3 dB or - 6 dB. The requsaaple complexity is then 83 complex
observations with - 3 dB SNR and 268 complex olsems with - 6 dB SNR. Assuming
overlapping factoK = 4 in the filter bank design, théfs = 2 andMg = 1. Then the optimum

sensing window sizes are as follows:

For SNR =- 3 dB:
Sensing window: 12 symbol intervals x 7 subban@4 ©QAM symbols
Sensing window with guards: 16 symbol intervalssuBbands = 144 OQAM symbols

For SNR =- 6 dB:
Sensing window: 23 symbol intervals x 12 subban@36 OQAM symbols
Sensing window with guards: 27 symbol intervalshxsibbands = 378 OQAM symbols

Notice that these window sizes are independertieparameters of the multicarrier system, as long
as the PU signal bandwidth is wider than the sgrsandwidth.

Now let us assume that spectrum sensing with tlevealarget values is applied in an FBMC
system with the following parameters:

» Subcarrier spacing: 10 kHz

* Overall bandwidth: 10 MHz

» Each secondary transmission uses one or severgygad 18 contiguous subchannels.

» Sensing results are needed once in every 100 neafdr group of subchannels




ICT-211887 Page 26 DeliveraBld

o For example, if the PU bandwidth is 1 MHz, then 5 défe¢ sensing results are
obtained in different frequency slots. This improvespédormance essentially with
frequency-selective PU-to-SU channel.

We consider two different structures for the sensing windasvshown in Fig. 3.7. In case (a),
optimally shaped sensing windows are inserted in the begjrafieach 100 ms frame at the edge
of the subchannel group, in which case the overhead due tdsgeaeduced to half of the above

values. One empty subchannel is inserted between the gsbspbchannels in order to facilitate

asynchronous transmission in different groups.

Case (b) uses continuous sensing subbands between the grayixludnnels. In this case, 3
empty subchannels are needed in each guard/sensing band.

In this simplified scenario, the overhead due to theisgngndow and guardbands is
* About 5 % just due to guardbands, in the absence of sensingwgindo
* About 6 % in scheme (a) with - 3 dB SNR and 7 % with - 658R
» About 14 % in scheme (b)

In scheme (a), the above values assume that thexgaasdone only in one direction (uplink or
downlink) during the 100 ms interval. For example, using tinisidn duplexing (TDD) principle
the sensing could be implemented in both directions bgidy the 100 ms frame into uplink and
downlink subframes, which should be of sufficient length t@awoodate the sensing windows in
both directions. In this case the overhead values be6dis and 9 % for - 3 dB and - 6 dB SNR,
respectively.

In scheme (b), use of the TDD principle doesn’t aftbet overheads but rather tRex and Pyp
values.

In order to reach the targ€a and Pyp in either direction, the sensing subbands should be
available for spectrum monitoring for 8.4 ms in the - 3 dBRSMdse and for 27.6 ms in the - 6 dB
case.

Scheme (b) has somewhat higher overhead in this exaogtario. On the other hand, it is a very
robust scheme requiring only coarse frequency synchroniziagitmeen different SU systems and
sensing devices. Utilizing the FBMC concept, it is posdiblarrange subbands which are free of
interference from all SUs respecting the subchannel grggpiacture. The sensing performance of
scheme (a) is degraded, e.g., by distant non-synchronizexySems utilizing the same group of
subchannels.
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Figure 3.7. Two alternative sensing window structures.

3.4.2 Cyclostationarity detection

Spectrum sensing is challenged due to noise uncertainty esmengy detection is used as the
underlying sensing technique. More specifically, a very weakagoyinwill not be distinguishable
from noise if its SNR falls below a certain thresh@BNR wall) determined by the level the noise
uncertainty. Cyclostationarity detector, however,as susceptible to this limitation because of its
ability to differentiate between signal and noise.

A cyclostationary process is an appropriate probabilmtidel for the signals that have undergone
periodic transformation, such as sampling, scanning, maaylamultiplexing, and coding
operations, provided that the signal is appropriately mededls a stationary process before
undergoing the periodic transformation. Increasing demands communication system
performance show the importance of recognizing the stafionary character of multicarrier
communicated (MCM) signals. The growing role of thecagt of cyclostationarity is illustrated by
past works in the detection area and other signal priogesseas. Spectral correlation is an
important characteristic property of wide sense cydostarity, and a spectral correlation function
(SCF) is a generalization of the power spectral demsitgtion. Recently, the spectral correlation
function has been largely exploited for signal dedectestimation, extraction and classification
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mainly because different types of modulated signals Hagaly distinct spectral correlation
functions and that stationary noise and interferembé@# no spectral correlation. Furthermore, the
spectral correlation function contains phase and frequiafiymation related to timing parameters
in modulated signals. SCF is very helpful for blind sigrdetection and classification.

In [Gar87-1]], [Gar87-2], explicit formulas of the SG#t fvarious types of single carrier modulated
signals are derived. The formula of the SCF of OFDyhai is derived by mathematic deduce in
[One07]. The explicit theoretical formula of the S&F OQAM signal is derived in [Zha08-2].
Some cyclostationary detection methods, by detectingpotesence of cyclostationarity in some
non-zero cyclic frequency, are proposed in [One07]a(iB42].

3.4.2.1 Definition of Spectral Correlation

A full understanding of the notion of spectral correlatis given in the tutorial paper [Gar86-1].
The probabilistic nonconjugate autocorrelation of a ststahprocess«(t) is:

R (t,7) = E[x(t + 72)X (t —1/2)] (3.3)

where the superscript asterisk denotes complexugatipn. x { ) is defined to be second-order
cyclostationary (in the wide sense)R{(t,7) is the periodic function abowtwith periodT, and
can be represented as a Fourier series:

R (t,7) =) Rl (r)e'*™ (3.4)

which is calledperiodic autocorrelation functignwhere the sum is taken over integer multiples of
the fundamental frequencyt/T,". The Fourier coefficients can be calculated as:

T ,
RI(0) = lim + [SR.(t.0)e ™t 35)

where a =integefT,, and R/ (r) is called thecyclic autocorrelation functionThe idealizedtyclic
spectrum functioran be characterized as the Fourier Transform:

SO(f)=[ RO ()e*dr (3.6)

In the nonprobabilistic approach, for a time-sengy that contains second-order periodicity,
synchronized averaging applied to the lag prodmet-series ¥/(t) = x(t + 72)X (t —1 /2) yields:

~ N *

R (t,7)= ll\limﬁ Zx(t"'nTo"'%)X (t+nTy-3) (3.7)
- n=-N

which is referred to as thHenit periodic autocorrelation functianThe nonprobabilistic counterpart

of (3.5) is given by:
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~ T _
Rﬂﬂ:ym%ipﬁ+ﬂa%a—ﬂaéﬂmm (3.8)
— 00 2

which is recognized as thamit cyclic autocorrelation functionin summary, the limit cyclic
autocorrelation can be interpreted as a Fourier icteit in the Fourier series expansion of the
limit periodic autocorrelation like (3.4). Iﬁf(r) =0 for all @ #0 and Iix(r) # 0, thenx(t) is said

to bepurely stationary If Iif(r) # 0 only for a =integefT, for some period,, thenx { )is said

to bepurely cyclostationarywith periodT,. If Iif(r) # 0 for values ofa that are not all integer
multiples of some fundamental frequeridy,, thenx € ) is said toexhibit cyclostationaryGar87-

1]. For modulated signals, the periods of cyclostatrity correspond to carrier frequencies, pulse
rates, spreading code repetition rates, time-dmisnultiplexing rates, and so on.

Another interpretation of the limit cyclic autocelation can be obtained in [Gar86-1]. The
generalizedlif(r) defined by (3.8) is actually the conventional srosrrelation of the two
complex-valued frequency-shifted versions:

u(t) = x(t)e™ "™
v(t) = x(t)e!™ (3.9)
of the time-seriex t (,)that is:

R (1) = R,(0) = lim # [2ut+ 72V (¢ - 2k (3.10

ConsequentlyR? is the inverse Fourier transform of the cross-’spédensityéw:

@m:ﬁguwmm (3.11)
for which:

S7(f)=S,(f) (3.12)

This special limit cross-spectral density is reddrto as théimit cyclic spectrum functigrand the
Fourier transform relation (3.11) is called thlic Wiener relationFollowing from the definition

of the conventional cross-spectral density [GarBGA%(f) is the limit temporal correlation of the
two spectral components aft (With frequenciesf +a /and f —a /2

Sy (f)= lim fim Sy, (f)az (3.13)
oo At 500

where Suv(f)At,T is the temporal correlation normalized Jd'y? and measured over an interval of

length At :

At

S Flacr = & | 3 FU @ F) BV (¢, f)dt

At J_at VT
2

U, ) =Xt f+a/2)
VLt f) =X, (t, f—al2) (3.14)




ICT-211887 Page 30 DeliveraBld

and X, (t, f) is the time-variant finite-time complex spectrurh x§t) over the time interval
[t=T/2,t+T/2]:

t+T/2

X, (t, ) :_[ x(u)e'#*du (3.15)

t-T/2

Because of these spectral correlation charactenmatthe limit cyclic spectrum function shall also
be calledspectral correlation function

In paper [One07], a useful modification of the Cédfledconjugate cyclic autocorrelation function
is given as:

T :
RE(r) = lim + [ R (. 1)e” ™ dt (3.16)
-® 2

with R (t,7) = E[x(t + 72)x(t-7/2)] , and the corresponding SCF callednjugate spectral
correlation functionis:

s5(f)=[ Ri(r)e"dr (3.17)

For a non-cyclostationary signaR;’(r)zR:i(r):Sf(f):S:;(f):O Oa#0, and for a

cyclostationary signal, any nonzero value of theqiiency parameter , for which the
nonconjugate and conjugate SCFs differ from zemiked acycle frequencyBoth nonconjugate
and conjugate SCFs are discrete functions of tlude cyequencya and are continuous in the
frequency parametef .

Because of its useful features, combining cyclastaty detection with FBMC will be one of the
central topics in the spectrum sensing studiedH}PY AS.

3.4.3 Other sensing methods

A number of more advanced spectrum sensing methoelsbriefly introduced here based on
literature. The main goal is to identify potentiathniques, in addition to energy detection, which
could be operated in the frequency domain, utdjzime subband samples. Such methods could be
efficiently combined with the FBMC receiver funatality.

(1) CP-correlation method

This method utilizes the CP structure of OFDM basedhe autocorrelation of the received signal
[Cha08]. Significant performance gain over energgtedtion has been demonstrated in the
literature. This is a fairly generic method whicancbe easily configured for different OFDM

systems. However, it cannot be utilized for othgnal formats and it is operating in time domain.
Thus it seems to be difficult to combine it effioily with the multicarrier spectrum sensing

concept.

(2) Methods based on information theoretic criteria
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A method recently introduced in the literature utilizdsike information criterion to test whether
the distribution of the received signal fits the nads&tribution or not [Gho09]. Performance gain
over energy detection was demonstrated also for thihiadetAlso an entropy-based spectrum
sensing method has been presented in the literature [ZalBB] method utilizes experimental
probability distribution of the observations for tegtithe fit. Further studies are needed to evaluate
the feasibility of these methods in the FBMC context

(3) Waveform-based sensing

This class of methods utilize special features of sigepifimary signals, like pilots or training
patterns [Tan05]. The basic idea is to correlate thavextesignal with the specific signal pattern.
Good performance can be achieved also with these methodsyer with the loss of generality
and requirement of some degree of synchronization cfahsing receiver with the PU signal.

3.5 Conclusions

In Section 3, the first steps in analyzing the FBMiégue in the context of energy detection
based spectrum sensing were taken.

FBMC and OFDM receivers were compared in terms of splesgtectivity when signals with high
dynamic range were assumed on the frequency band undstigatien. The FBMC receiver was
found to provide a clear advantage over OFDM due to itsfiignily enhanced spectral rejection
properties.

As for the secondary data multiplexing, FBMC technique shoatential to facilitate flexible and
spectrally efficient asynchronous multi-user accéserefore, FBMC modulation is considered to
be particularly well suited for the secondary transersi

A concept of a time-frequency sensing window, which alldevstwo-dimensional integration of
the energy observations, was introduced and found tohmegtl with the multicarrier receiver
model. The basic tradeoff between the spectral resnland the sensing latency, influenced by the
dimensions of this window, was clarified. The sensing tcae be shortened at the cost of the
reduced spectral resolution and vice versa. Further, thenpeglsconcept is found to improve the
flexibility of the system dimensioning and to provide adaptgbilo different primary signal
scenarios and SNR conditions.

For spectrum monitoring during secondary transmission am @dea silent sensing window (a
spectrum sensing block within secondary data) was introducesl.oVérheads, resulting from
multiplexing of these sensing blocks, were discussed batase of OFDM and FBMC. Moreover,
an optimal shape for the sensing window in FBMC case vesepted.

Two different sensing window structures were proposed. Texg found to provide different
tradeoffs between the spectral efficiency of the sdaoy transmission (due to overheads in
multiplexing silent sensing windows), the synchronization ireguents, and the reaction time in
case of a reappearing primary transmission. The opy#shhped windows (located in the
beginning or end of a frame at the edge of a subcarrier gmrapide higher efficiency. On the
other hand, the structure based on continuous sensing subbatidsretaxes the time
synchronization requirements among different SUs ansirggevices, and improves the ability to
detect collisions due to reappearing PUs.
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The future spectrum sensing studies are planned to focus fmildineng topics:
* More detailed studies of energy detection methods witklEBincluding the evaluation of
the feasibility of residual interference and zero-pgiased methods.
» Combining cyclostationary detection with FBMC.
» Evaluation of the feasibility of the other mentiorsshsing methods in the FBMC context
» Developing practical sensing methods for PHYDYAS dynaimpecsum access scheme.

4 FBMC and OFDM spectral efficiency comparison

Cognitive Radio is a context-aware intelligent radio eptally capable of autonomous
reconfiguration by learning from and adapting to the commuoitanvironment, which has been
proposed as a possible solution to improve spectrum ublizata dynamic spectrum access
[Mit99]. A time-frequency illustration of CR network is piayed in Fig. 4.1, from which we can
see that wide ranges of potential spectral resourpest(em holes) are not used by primary users.
Hence, secondary users can dynamically access by spestnsing that is responsible for
accurately identifying and intelligently tracking idle sppam holes that are dynamic in both time
and frequency.

Spectrum hole Date transmission
.

Occupied band Time Sensing time

4

Power

O 1+ A

A
A Primary T Secondary Guard

Users Users * subbands

>
Frequency

Figure 4.1. Atime-frequency illustration of cognitive adetwork

In a real OFDM based CR system problems arise fromlER&/FFT operation resulting in
additional interference from the CR system to the pymsystem and vice versa [Wei04-
1][ Wei04-2]. Using the IFFT transmitter implementatitime temporal pulse shape of one symbol
is rectangular, resulting in a sinc-shaped frequency nsgpon each subcarrier, thus OFDM
systems suffer from high side-lobe radiation. Herbéndpectral efficiency of OFDM/OQAM based
multicarrier systems allowing for much lower out-of-Baradiation are analyzed and compared
with OFDM. In the literature of various parameters eriance comparisons between OFDM and
Filter bank can be found [Rhe98][Lac01][Lee04][Wal06][Du07]. Hoere there are few papers
mentioning the spectral efficiency for CR applicationcégly, the spectral efficiency analysis for
OFDM and filter banks have been considered in [IlhaO8krevthe trade-off between the level of
interference caused by secondary transmission to primsey and the spectral efficiency of
secondary user is studied in the CR context. Numerisaltseshow that using filter bank approach,
a low-interference secondary transmission can b@imdd without sacrificing the bandwidth
efficiency.
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The objective of this section is to further focus oromglete spectral efficiency analysis (SEA) in
the CR context. The SEA for a CR system contains faaors: time-frequency resource
exploitation (or throughput) of CR users and interfeeelgvel from CR user to licensed users.
"Throughput" is a very important performance parameteCRrusers, which refers to the amount
of useful information that is transmitted over theeftmndwidth in frequency and data transmission
time. In practice, we usually balance these two fat¢torsaximize the spectral efficiency under the
premise to ensure compatibility between primary and skogrsystems. The out-of-band radiation
property is elaborated for various filter pulse shafiescharacteristics of which are confirmed by
final simulated results. Two typical OFDM/OQAM pulsegba are used in this section: The
Isotropic Orthogonal Transform Algorithm (IOTA) [Flo99[QTA/OQAM) and the reference filter
[Bel01] applied in the project PHYDYAS [PHYO08] (PHYDYAS@AM).

4.1 Out-of-band radiation analysis

In this section, different multicarrier modulations dise cognitive radio systems are compared by
guantifying the interferences of sidelobes radiation. B¥eose four multicarrier modulation
systems: CP-OFDM, RC-OFDM, IOTA/OQAM and PHYDYAS/O®IA We only consider the
interference from rental user (RU) to licensed usél)(L

4.1.1 CP-OFDM based spectrum pooling systems

In real OFDM systems cyclic prefix is a cyclic exdeam of the transmitted signal in the time
domain in order to overcome ISI in a multipath radio ckeanhhis temporal extension of one
OFDM symbol results in a narrower spectrum of the agmon each subcarrier. So the power
spectral density (PSD) of each single carrier OFDMaignrepresented in the form [Wei04-2]:

_ 2 SinlfTS 2

Dl F) = ATT( T (4.1)
where A denotes signal amplitude aiid in the symbol duration which consists of the sum of
useful symbol duratiod, and guard interval. Assuming that the Licensed Userg (e co-

located with this single subcarrier, as shown in &ig. The bandwidth of one subcarrier spacing is
f, =1/T,. The mean relative interference power to one Ltkefned as [Wei04-2]:

(n+1/12)f
I D i T)df 4.2)

Piam(N) = 5= (=12t
S

tot

where R, is the total transmit power emitted on one subcarne ra represents the distance

between the considered subcarrier and the neighboringubband, which is illustrated in Fig. 4.2
for n=1,2 and 3. In a pure OFDM system the power in (4.2) doescaotse any interference to the
adjacent subcarriers as their signals are orthdgaomé can be separated in the OFDM receiver
[Wei04-2]. In general, we cannot assume that anpiaddicensed system is OFDM-based. Even if it
is, it would have to use the same subcarrier sgaamd need to be synchronized with the rental
system, which contradicts the assumptions in CogniRadio. So the signals of the licensed users
are not orthogonal to the rental users (RU). Tiessidelobes of the sinc-shaped spectra on each
subcarrier (Fig. 4.2) fully interfere with the lieged users.
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Figure 4. 2. PDS of a single CP-OFDM modulated cami€R system

Tabl. 4.1. interference power ratio from RU to LU

Different

Systems CP-OFDM | IOTA/OQAM | PHYDYAS/OQAM
n=1 4.05% 11.83% 6.38%
n=2 0.68% 2.78e-2% 3.14e-5%
n=3 0.39% 5.56e-3% 9.33e-7%
n=4 0.25% 3.04e-5% 1.20e-7%

Calculating (4.2), the values of interference for défégm are displayed in the first column of Tabl.
4.1. In bad cases the mean interference power one ttlsters from the RU can be as large as 4
percent of the power transmitted on one subcarrier. f@gasure for the mitigation of this mutual
interference is the introduction of adaptive guard bamdshé rental system. It implies the
additional deactivation of one or more subcarriers lyaggacent to allocated subbands of the
licensed system. Unfortunately, this measure sacrifiaadwidth of the rental system.

4.1.2 RC-OFDM based spectrum pooling systems

Another interesting way to reduce the interferencegrdw the licensed system is the use of time
domain windowing techniques for the OFDM symbols of théatesystem. Such as the root raised
cosine windows can sharpen the spectral pulses on eachrser and lower the sidelobes. A

common used raised cosine window is defined in [Wei04-2]:

+icodm+4), for O<t<pfT,
0 = 1, for LT, <t<T|
PUT] aeteodSE), for Tst<@epr, (43
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Where £ denotes the rolloff factor. 5=0" corresponds the typical CP-OFDM, herein RC
windows with "£=0.25, 0.5, 0.75, 1" are considered for performammaeparison. Fig. 4.3 displays

the PDSs of RC-OFDM modulated carriers for diffémetioff factors. The side lobes are obviously
attenuated as the increase of rolloff factor Using the same way as CP-OFDM, the values of

interference for different at each rolloff factor are displayed in Tabl. 4.2.
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Figure 4.3. PDSs of RC-OFDM modulated carrierdifferent rolloff factor 8 in CR
system

Tabl. 4.2. interference power ratio from RU to fdd RC-OFDM

Different _ _ _ _
rolloff factor £=0.25 £=05 £=0.75 £=1
n=1 3.70% 2.52% 1.52% 0.89%
n=2 0.34% 2.16e-2% 2.78e-3% 5.07e-4%
n=3 7.26e-2% 1.29e-3% 1.15e-4% 4.46e-9%
n=4 8.84e-3% 2.41e-4% 3.48e-5% 5.83e-6%

We can see that RC-OFDM owns positive effect taicedout-of-band radiation. Unfortunately,
this method can only be carried out at the expehselonger symbol duration, which reduces the
throughput of CR system.

4.1.3 IOTA/OQAM based spectrum pooling systems

Le Floch [Flo95] gives an overview of the main feas concerning IOTA. The closed-form
expressionzw0 , can found in [Sio00Q].

T
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A orthogonalization method generates the functz'g;gj .

— -1
Za,vo,ro (t) - Oro F OI/O Fga (t) (4-4)

where F is the Fourier transform operator, and 7, are the frequency and time real parameters of
the modulation system such thatr, =3, O, is an orthogonalization operator withequal tov,
or 1,, which transforms a functior into a functiony according to:

aZ|x(u—ka)|2 (4.5)

and finally g, (t) = (Zaf)l"‘e"’”‘2 with a, which is the spreading parameter.
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Figure 4.4. PDS of a single IOTA/OQAM modulatedriarin CR system

The functionz,, =~ satisfies:Fz,, . =2z,,, . and in the special case where=1 andv, =1,

we get the functiorid such thatFO=[. Therefore the time and frequency propertieslcére
nearly isotropic, which is called the Isotropic rgjonal Transform Algorithm (IOTA) prototype
function. In order to derivezayvoyr0 from (4.4), one has to use the following closed¥f@xpression:

Zoigry = %kzz(:)dk,a,vo[ga (t+55) + 9, (t—7-)] Eg;,dl 10,CON27T ) (4.6)
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where thedkyw0 are real coefficients, which can be computed according tset of rational

coefficients [Sio00]. So the Power Density SpectrurtfQdfA signal on one single carrier band and
the mean relative interference power can be siitéetived:

2 2
IOta(f) A ( \/7/2\/5/2)
(n+ l/Z)f

|ota(n) B |ota( f )df 4.7)

Fot J(n-1/2)1

where A is the signal amplitude ané| is the subcarrier spacing. The PDS of one single IOTA

modulated carrier is shown in Fig. 4.4. The second colmndiabl. 4.1 lists the interference values
for different n.We can see that the sidelobes of IOTA function dedlapidly and cause very small
interference to the neighboring users for 1.

4.1.4 PHYDYAS/OQAM based spectrum pooling systems

The PHYDYAS/OQAM prototype coefficients are definedhis] [BalO7-1], withn=0,...,L—- 1,

where L=KM +1, K is the length of each polyphase components lnds the number of
subcarriers. We define the varialile= KM/2 and assume that the prototype function is symmetry

around ™ coefficient, this means thafn] =h[KM —n .]The individual amplitude of thé"
subcarrier is then given by:

F, (@) =[NE] + 2 Nt - ricosn(w-3)] )

Similarly, the PDS of OQAM signal on one subcaraed the mean relative interference power to
LU subbands are calculated by:

(D phy_oqam( f ) - AZ(FO( f ))2

) (n+1/2)f
I:)phy_oqam(n) TJ. phy oqam( f )df (4.9)

(n-1/2)



ICT-211887 Page 38 DeliveraBld

0.25f
» 0.2f Subcgrrier
a) Spacing
o n=1
3 T
N 0.15f \
[ -~ n=2
% fs S
Z 01t .
n=
.
0.05f } \
0 L b & Il Il

-35 -25 -15 -05 0.5 15 2.5 3.5
flis

Figure 4.5. PDS of a single PHYDYAS/OQAM modulated cafnefR system

The PDS of a single OQAM modulated carrier and theference values for LUs are show in Fig.
4.5 and the third column of Tabl. 4.1, respectively. Wesesnthat almost perfect zero interference
can be derived in this special OQAM-based systenmfed.

According to a quantitative evaluation of the interfeeefrom RU to LU caused by the sidelobes
for different multicarrier systems in Tabl. 4.1 and TabR, conclusions can be made that Filter
Bank Based Multicarrier Systems (FBMCs) are more psomicompared to OFDM system for
spectrum pooling. In real applications the performanceF® K@ system will be worse because:

* The practical interference from OFDM signal comes fraccumulation of all the active
subcarriers not just the neighboring one, so the imemée caused by the big and long
sidelobes will be higher. The relative interference povaio considering all the active
subcarriers is shown in Tabl. 4.3 and Tabl. 4.4, from whiclcamesee that LU systems suffer
from larger interferences from OFDM based CR system.tl@ contrary, FBMCs aren't
sensitive to the accumulation effect because of tbeirand short sidelobes.

» The interference from the Licensed Signals occurshén @FDM receivers of the Rental
Signals due to the rectangular windows of the receigaasiin the time domain, which
originates from the FFT structure of the OFDM receivihe received signal is windowed
before it is fed to the Fourier transform. This muitigtion with a rectangular window in the
time domain corresponds to the convolution of the Foumansforms of the original
unwindowed signal and the window function. Hence the oridgtoarier transform is smeared
by a convolution with a sinc function [WeiO4-1]. This impaatl not occur for FBMC
because of the filter-bank-based receiving structure.

Tabl. 4.3. interference power ratio from all the actiubcarriers

Different
Systems CP-OFDM | IOTA/OQAM | PHYDYAS/OQAM
n=1 5.76% 11.86% 6.38%
n=2 1.71% 3.33e-2% 3.25e-5%
n=3 1.03% 5.60e-3% 1.10e-6%
n=4 0.64% 3.75e-5% 1.60e-7%
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Tabl. 4.4. interference power ratio from all the actiubcarriers for RC-OFDM

Different

rolloff factor p=025 p=05 B=0.75 p=1
n=1 4.12% 2.55% 1.52% 0.89%
n=2 0.42% 2.31e-2% 2.94e-3% 5.59e-4%
n=3 8.22e-2% 1.63e-3% 1.66e-4% 5.28e-5%
n=4 9.66e-3% 3.36e-4% 5.096-5% 8.24e-6%

For different FBMCs, the PHYDYAS/OQAM prototype fttion is superior for spectrum pooling

application than the IOTA/OQAM because of more emirated frequency structure, but this
superiority is obtained by compromising betweenttiie and frequency localizations [Haa97]. In
practice we always need to make a tradeoff betwhterent parameters performance before
making a decision.

4.2 Spectral efficiency analysis

SEA of one CR system includes two performance petenst "interference” from CR user to LU
user and "throughput" of CR user.

Considering the general situation, we assume that®) band withl subcarriers is surrounded by
RU band with subcarriers lengthon both sides. The mean interference power defreity CR
users is normalized to the corresponding bandwidiVei04-2]:

P,

D — "RoL
ProL =7 (4.10)

where B; | is the interference accumulated over all the acsecondary subcarriers. It is already
proved in [Wei04-2] the wider the LU band, the legsrference from CR users.

Throughput or bandwidth efficiency refers to theoamt of information that can be transmitted

over a given bandwidth in a specific communicatystem. It is a measure of how efficiently a
limited frequency spectrum is utilized by the plegsilayer protocol. In digital wireless networks,

the system bandwidth efficiency may for examplalégned as the maximum throughput, summed
over all users in the system, divided by the chibaedwidth and the transmission time. Generally,
the throughput of a digital communication systemméasured in bits/s/Hz.

Throughputs of a CR system over a wireless chanitblcoding are described as: when a return
channel is available from receiver to transmiteemore powerful feature than adaptive modulation
without coding known as Adaptive Coding and ModalatACM) can be applied. With ACM it is

possible to dynamically modify the coding rate anddulation scheme for every single frame,
according to the measured channel conditions witerérame is received. This technique provides
more exact channel protection and exploits the @gpaf broadband frequency selective channels.

In order to reduce the signaling overhead, in ohifié¢ frameworks like 3GPP LTE Study Item
[BGPP] and the IST Project WINNER [WINN], it haselberecommended that the minimum unit
(single frame) for link-adaptation and resourcetipp@ning is a rectangular area in time and
frequency denoted as "chunk". The size of one clstwokild be chosen based on the coherence time
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and bandwidth of the channel such that the fading witluhuak is essentially flat. The number of
payload bits a chunk can offer depends on the modulatiomafand hence, on the channel quality.
The payload bit capacity of a chunk is generally smétlen the codeword size required for the use
of efficient Forward Error Correction (FEC) coding sctes. This means that the FEC coding has
to be performed in the form of an "outer code", whas#gewords span several chunks. In [Sti07],
the authors present an adaptive coding and modulatiomscha bit-interleaved coded OFDM
systems using Rate-Compatible Punctured Block-circulantDewnsity Parity-Check codes (RCP-
BLDPC). This error correcting code is known to provide goadopmance together with efficient
hardware implementation [Les06], and is considered adidate for the FEC scheme within the
WINNER project. This proposed algorithm consists of churdevadaptation of the modulation
and adaptive puncturing of the outer code. The throughputxsmaad under a Codeword Error
Rate (CWER) constraint. The number of bits per subsymbadapted per chunk depending on its
short-term predicted Channel Gain to Noise Ratio (CR}l. Finally, the puncturing rate of the
outer code is adjusted to achieve the target CWER.

For targetCWER=0.01, paper [Sti07] generates the required SNR values for dte cate set

P ={%,2 22 2 2 22 24 2 and for information length& =288 and K =1152. We use the

information sizeK = 288 as the chunk size of cognitive radio user as listedalel'5. Each SNR
entity of this table represents a mapping to a punctured catge and modulation format
combination.

Tabl. 4.5. Required SNR for a set of code rates for t&@9#4ER=0.01 and K=288

Code rate R 24/48| 24/44| 24/40| 24/36| 24/32| 24/30| 24/28| 24/26
BPSK -0.92| -0.27] 050 | 1.34| 247 | 3.25| 437 | 641
SNR [dB] 4QAM 209 2.74| 351 | 435| 548 | 6.26 | 7.38| 9.42
K=288 16QAM 7.56| 8.36| 9.27 | 10.40| 11.06| 12.70| 13.90| 16.18
64QAM 12.08| 13.13| 14.26| 15.59| 17.21| 18.38| 19.71| 22.07

4 subcarriers
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: coding and : Lk
4 modulation \ E
: mapping : . 121314 =
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Figure 4.6. Adaptive coding and modulation scheme for chioaksd CR subcarriers
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Fig. 4.6 shows the adaptive coding and modulation schenehdmks based CR subcarriers, where
"n" is the number of maximum subcarriers for one CR asé "d" is the number of guard band.

Thei™ chunk size 4xN, " is chosen based on the characteristic of CR nétwaere N, is the
number of symbols foi" chunk. From Fig. 4.7 we can see that the SINR valfidssoibcarriers
within one chunk closing to primary user are obviously ogffé, in this case we consider the worst
SINR value of the 4 subchannels as the mean SNR valoeeothunk. The coding format and

modulation scheme of each chunk for one CR user islelédy mapping its mean SNR to Tabl.
4.5.

Therefore, the "throughput” of one coded cognitive rader asiring one reference transmission
time is defined as:

n-2d
A(Th—Td) Z P iIOQZMi
Teoded = = (bits/s/HZ) (4.11)

C nTh

Where "A" is the useful data ratio,T," is the reference transmission time lengti, " is the
spectrum sensing timen™ is the number of maximum available subcarriers fog €R user, 4"
is the length of guard band,P" " is the code rate andM, " is the constellation size faf"
subcarrier decided by Tabl. 4.5.

4.3 Simulation results

In this section, we display numerical simulationutessto evaluate the spectrum efficiency of
OFDM/OQAM systems comparing with OFDM systems.

The simulations are performed under the analysis sceasubllows:
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* CR context with 1024-subcarriers and a bandwidtbMHz, and signals are transmitted at
2.4GHz.

* Since the total number of subcarriers1®24, we choose one LU and RU band width
"I = n=32" for the following simulations.

* Four different multicarrier CR systems are investiga@®:OFDM based multicarrier network
with the CP length equal 1/4 time of one OFDM symbol,-®&DM based multicarrier
network with the rolloff factor 5=0.25, 0.5, 0.75, 1", IOTA/OQAM and PHYDYAS/OQAM
based multicarrier systems.

» The licensed system is supposed to have the same phys&ahlagulation scheme with its
corresponding CR system.

4.3.1 Interference for licensed user

Referring to Tabl. 4.3 and Tabl. 4.4, the normalized intenieg power as a function of guard band
length is graphed in Fig. 4.8. Because of the improved specdtmaéntration as shown in Fig. 4.3,
RC-OFDM achieves lower interference level than CP-OFBMhe same time it can be observed
that the filter bank based OQAM systems show a \astydnd consistent attenuation of interference
power. For a given interference power threshold (-80dB)Y[PYAS/OQAM and IOTA/OQAM
can reach this threshold with only 2 and 5 widths of guardl,bbaut bigger guard bandwidth is
needed for CP-OFDM and RC-OFDM. Fig. 4.10 shows the guardvwbdth is directly relative to
the throughput of CR user, so efficient performance f&® €ystem can be achieved using
OFDM/OQAM. On the contrary, considering a fixed guard bamthvd=5), PHYDYAS/OQAM
and IOTA/OQAM generate smaller interference power t@ghi®ring LUs than OFDM, this
property makes OFDM/OQAM more robust for cognitive radioliappon.

—+#— CP-OFDM

—8— RC-OFDM p=0.25
—5— RC-OFDM B=0.5 |/
—&— RC-OFDM B=0.75
—A— RC-OFDM p=1
—%— IOTA/OQAM
—6— PHYDYAS/OQAM ||

_60 L

Interference power for LU in dB

-100

-120 ! ! ! ! ! ! : !
0 1 2 3 4 5 6 7 8 9
Guard band length d
Figure 4.8. Interference power for different multicarmedulation systems
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4.3.2 Throughput for rental user
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Figure 4.9. Throughputs of RU for different SNR values ateglfinterference level -30dB
with RCP-BLDPC
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Figure 4.10. Throughputs for different guard band widths aied BNR=20dB with RCP-
BLDPC

We assume a required BERP'=10"°". Generally, the spectrum sensing time is negligible

comparing to one duration of spectrum hole especially for channels [Cor05], that is
"T,-Ty=T,". We define T, =-30dB" as the limited interference level on a licensed syste

below which the secondary user will not cause harmfilaict to primary user and different guard
band lengths are needed for corresponding systems (Fig.Uf@r this interference limitation,
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throughputs (bits/s/Hz) of RU for various SNR with chalnnoding are shown in Fig. 4.9.
Obviously, OFDM/OQAM systems without CP show higher tigigput than OFDM systems. The
low throughput for OFDM results mainly from repeated andrlapped transmission data and
slightly from big side lobes. Besides, the raised cosindowing with increasing3 clearly pushes

down the throughput due to increased symbol period, this @aeris not expected for CR system.
SNR level impacts the throughput of RU at some extdmtoughputs at a fixed SNR level (20dB)
for coded transmissions as a function of the normdlguard band widtkd are presented in Fig.
4.10, which again demonstrates that OFDM/OQAM systems gendrigher throughput than
OFDM at the same guard band length.

4.3.3 Tradeoff between throughput and interference

The ideal situation for CR network we expect is: maximimoughput for rental system and
minimum interference for licensed system. Lots tdrétures proposed to reach this "Two-Win"
effect, but we always need to do some compromise betdiferent performance parameters. Fig.
4.11 displays the mutual impact between throughput of RU daddrence of LU of OFDM and
OQAM based multicarrier systems. For CP-OFDM witlyéaside-lobe, in order to ensure required
throughput of RU, it is inevitable to cause heavy interfeeelevel to LU. So it is reasonable to
overcome the interference by windowing the OFDM trassion signal, but the decreased
interference gains are obtained by sacrificing the thrpuigbf RU. As shown in Fig. 4.11, the
performance curves of RC-OFDM with varying rolloff fatcare like "Seesaw Game", the less
interference you want, the more throughput you will IdSerthermore, cyclic prefix is another
important reason for the limitation performance of DDFE Within the same conditions,
OFDM/OQAM systems achieve higher performance comparirth W@IFDM. Although it also
needs to make a tradeoff between interference and througbiguimprovements of system
performance for both interference and throughput are wdxddrom Fig. 4.11. The prototype filter
of PHYDYAS/OQAM has a better spectral efficiencyntH® TA/OQAM because of relative small
out-of-band radiation. So quasi-perfect spectral eficyeof CR network is possible by designing
small side-lobe prototype filter [Mar98].
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Figure 4.11. The relationship between throughput and intederat a fixed SNR=20dB
with RCP-BLDPC
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4.4 Conclusions

In this work, available time-frequency resource explmitaind corresponding interference power
of OFDM/OQAM based systems were compared to OFDM m @wognitive Radio context.
According to the out-of-band radiation analysis dfiedent multicarrier systems and the throughput
definitions of RU, we demonstrated that when as a CR dammunication technique, filter bank
multicarrier modulation offers higher spectral effiisg than OFDM. As a result, OFDM/OQAM is
a natural candidate for physical layer data communicati@ognitive radio systems. Conventional
OFDM and raised cosine windowed OFDM have to compromisgvden two important
performance parameters: maximum throughput for secondaryandeminimum interference on
primary user. Although there is a little additional cdemggy for OFDM/OQAM system structure
due to prototype pulse shaping, it is profitable for achievingbsfiectral efficiency.

5 RF impairments at the transmitter

5.1 Introduction

One of the main advantages of the filter bank multiea(FBMC) modulation scheme over OFDM
is its increased spectral selectivity. This feature méakés modulation scheme attractive for
cognitive radio applications where the spectrum is dppatically reused. However, this intrinsic
feature of the modulation scheme might be limited neal application by the non idealities of the
radio transmitter front-end.

The aim of this section is to evaluate how the RF impants of the transmitter front-end impact
the spectral selectivity of a filter bank multicarrigfdBMC) waveform. Three RF impairments
occurring in a typical transmitter front-end are studiedow because they degrade the spectral
selectivity: non linearity of the power amplifier (RAL mismatch and phase noise. Of these three,
the most important one is the non linearity of thevg@oamplifier which produces spectral regrowth
due to the “leakage” of power from a subcarrier into adjpoeaes. Typically, in order to optimize
the power consumption, the PA is operated as closelpossible to its saturation region and
therefore the impact of its non linearities is nogliggble. In this study, the FBMC signal is
compared to OFDM for a power amplifier model obtaineditbyng to the measurements of a real
amplifier designed for a WIMAX transmitter. The imbatanbetween | and Q branches, which
produces interference of a subcarrier on its mirrocauier in a multicarrier spectrum, and phase
noise, which produces ICI from a subcarrier into adjpaames, can also degrade the spectral
selectivity by limiting the dynamic range between sigara interference levels.

The first section of this study describes the testastgnthe simulation method and the parameters
used to generate the waveform. The three next secéibngespectively dedicated to PA non

linearity, 1Q imbalance and phase noise. Then the tsffeCthe three imperfections are studied

jointly. In the fifth one, the results are extendeddther values of K and M. Finally, the results are

summarized in a set of specifications that could be usatidalesign of a transmitter front-end.

The objectives are to:
* Relate the level of each RF imperfection to the le¥aipectral dynamic range (SDR) of the
impaired FBMC waveform in a context of cognitive radidjGpplication.
» Evaluate, in parallel, the effect of impairments ontth@smission performance in terms of
EVM per subcarrier.




ICT-211887 Page 46 DeliveraBld

» Compare the effect of the impairment to an equivalestesy based on OFDM.

* Deduce the requirements that should be met by the RFdrmhin order not to degrade
excessively the spectral selectivity of the transhigignal.

The latter point requires determining how much spectgabreth or interference can be tolerated.
This depends on each CR system and especially on thieratere tolerance of the primary system.
In this study, in order to remain as general as possildeyV provide such specifications for the
following cases:

* The level at which the impaired FBMC signal is idestign terms of SDR) to an equivalent
OFDM-based signal without impairments.

* The level at which a minimum spectral dynamic rangé0alB can be preserved. This level
was chosen arbitrarily because it is approximately tagaleep (in dB) than what can be
expected of an OFDM system.

* The level at which the impairment becomes negligible @aches the full spectral dynamic
range inherent to the ideal FBMC waveform.

5.1.1 Cognitive radio background

The spectrum below 10 GHz is almost completely allaté&bevarious licensed applications and it
is known that there is a general shortage of freetapador the development of new applications
at these frequencies. This is especially true for the daa rate applications which require large
spectral resources but which are highly demanded. On tle b#nd, studies show that wide
portions of this licensed spectrum are in reality ontglgaused by the systems to which they are
primarily allocated. The idea of cognitive radio (CR)}asreuse this available spectrum for other
applications, providing that the licensed systems areistirbed.

These already defined systems are called the primarg (B&)), while the new cognitive radio
systems are the secondary users (SU). An examplechfas CR system which is currently under
active development is the IEEE 802.22 standard which intendsise frequency channels left free
by analog TV for a broadband access similar to WIMAXré] the PU is the analog TV system
while the SUs are the broadband access subscribers.

Many other cognitive radio systems have been proposieer éor use in dedicated licensed bands
or in unlicensed bands. These are more or less compdsred on what are the PU and the SU
requirements and how the PU is detected by the SU.

From the point of view of the PHY layer radio link,awnderlying capabilities are always needed
in order to fulfill the requirement of transmitting aeten SU without interfering with PU:

» Spectral selectivity of the transmitter: The SU stdag able to transmit in a spectrum hole
without interfering with PU in adjacent channels. ®Bfere, the SU must transmit with strict
constraints of out-of-band radiation. In classicateys, such a constraint can be met using
passive band-pass filters at the transmitter. However CR system which is dynamically
and continuously reconfigured to use one or another porfitimeapectrum among a wide
range of frequencies, either adjustable filters haveetased or, alternatively, strict spectral
selectivity should be a property of the adopted modulataheme.

» Spectral sensing at the receiver: The SU should be abladat deprimary users are or are
not using the spectrum at a given time. If so, they dostast transmission or they stop to
transmit. As a consequence, the SU should be equippedpeitirum sensing capabilities.
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This contribution is related to the first requiremehiattis to say the spectral selectivity of the
transmitted signal and, within this scope, the presenk Yamuses on the impact of the transmitter
analog front-end non-idealites on the spectral selégtivi

5.1.2 State of the art of WIMAX OFDM transmitter

Zero-IF architecture presents several advantages cedhgar other classical radio transmitter
architectures, such as super heterodyne or IF samplings dretefore the preferred choice in most
WIMAX transceivers on the market. These advantagessfellows: the good performance of the
IQ modulators at WIMAX frequency on current RF IC tedogees; the fact that the WIMAX
OFDM modulation scheme does not use the zero frequendg merefore robust to DC offset; the
mixer spurious are limited because no IF frequency stagejisred; and specifications on filter are
more relaxed because no band pass filters are needgdyw pass filters are used at DAC output.
A typical direct conversion transmitter is depictedFigure 5.1. As can be seen, the three main
imperfections in this architecture are the phase noisehwiis an important impact on OFDM
signal especially as the subcarrier spacing becomesam@irthe 1Q mismatch due to non identical
| and Q branches and, most important for spectral rabrothe non linearity of the power
amplifier.

IQ Mismatch

| onc ]l_<g>7“ﬂ 7

cO—gy ¢
n2 Antenna
Q DAC I:\ \
Mixer

Non linearities

Phase noise

Figure 5.1. Zero-IF Direct Conversion architecture

The table below recaps typical values for each ofetlmaperfections extracted from a state-of-the-
art commercial WIMAX transmitter [Mas07]. Specificatofor a typical power amplifier are given
in Table 5.2. Table 5.3 presents EVM requirements at tinsrhigter output as a function of the
constellation order given [802.16-04].



ICT-211887 Page 48 DeliveraBld

Table 5.1. Typical specifications of a commercial tnaitter chipset (without PA) [Mas07]
Parameter Value Unit Condition
EVM @ PA input 1.2 % OFDM 64QAM
Max Power @ PA input -3 dB
OP1dB 12.4 dB
OIP3 19 dB
Adj. Channel Power -55 dB With 10 MHZ signal,
Measured at 10MHz
Offset
RBW = 100 kHz, VBW
=30 kHz
Noise Floor -142.5 dBc/Hz Measured at 20MHz
offset
Phase Noise -116 dBc/Hz @100 KHz
-138 dBc/Hz @1 MHz
Amplitude 1Q mismatch Compensated by scaling appropriatelgutrent driving the 1Q
modulator after a calibration measurement. This allavspensating
interferences between subcarriers up to 60dB.
However subsequent changes due to temperature variation t@nnot
compensated.
Phase 1Q mismatch

Phase imbalance is not specifiedaanmibt be easily compensated

Table 5.2. Specifications of a WIMAX power amplifier&iza SZP-30262)
Parameter Value Unit Condition
Fo 2.7-3.8 MHz
Pout 26 dBm OFDM 64QAM
P1dB 33.5 dBm
NF 5.9 dB
IM3 -44 dB For Pout=23dBm/tone
S 11.8 dB

Table 5.3. EVM requirement for a WIMAX transmitter asiaction of the constellation order

(IEEE802.16-2004 standard, section 8.3.10.1.2)
Constellation order EVM (dB) EVM (%)
QPSK % -18.5 12.58
16-QAM ¥4 -25.0 5.62
64-QAM 3/4 -31.0 2.81

5.2 Test scenario for cognitive radio

Spectral regrowth and intercarrier interferences dugtolinear impairments in a communication

system depends on the properties of the signal and céenstmply studied without making
assumptions on the transmitted signal [Gar99].
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Therefore, a scenario is defined for the allocationthef subcarriers so that some groups of
subcarriers of the test signals are modulated while ©#rer set to zero as detailed below. Spectral
Dynamic range (SDR) can be measured in these in-baexiram holes relatively to the signal
power of the modulated subcarriers.

The study is based on a system with M = 256 subcarmershe test scenario is defined as follow:
« A 1% group of 32 subcarriers is modulated between subcarriexsb86.

« A 2"group of 96 subcarriers is modulated between subcarrierant2224.

As a consequence, three groups of subcarriers are ledto:
* The 64 first subcarriers.

* A hole of 32 subcarriers between subcarriers 97 and 128.
e The 32 last ones.

This could be for instance representative of a multi-agstem where 256 subcarriers are divided
between 8 user groups of 32 subcarriers each. Each & twesband groups accounts for the
transmission of one or two primary users that sharesspectrum. An unused spectrum hole is
present between users and can be used for a secondaryunjgpbiorcommunication. However,
interference and spectral regrowth due to the primarysws#rdegrade the dynamic range in this
portion of the spectrum.

From equation (9) of D2.1 page 13, it comes that a basebahidarrier signal can be generally
expressed as:
M -1

S(t) = 3. > Ay it + 0T V27 (5.1)

m=0nJZ
With dn, the constellation messag#(}) the filter in time-domain4f the subcarrier interspacing,
and T the duration of the MC symbol. For OFDd(t) is a rectangular function of length T centered
on 0. For FBMCp(t) is the filter at indexn of the bank.

By applying Fourier transform, the power spectral densBD(Pof the signal can be expressed as:

M -1 R _ 2
PSD(f) =[S(f)|* =| > dpn (P(f +mIAf ) eI 27207 (5.2)
m=0ndJZ
with P, (f) the frequency transfer function of the filter.
If we compute the PSD of a single MC symbol, we assumean=0.
M-1 R 2
PSD.,m ) =|S(F)" = ZdeEPm(Hmmf)( (5.3)
m=0ndJZ

Figure 5.2 illustrates the PSD for the OFDM filt@ectangular function) and for two FBMC
prototype filters designed in PHYDYAS and computeth d;2s=1 andd,=0 otherwise.

Figure 5.3 illustrates the spectrum for the teshacio as defined above. The PSD is computed from
(5.3) withd,=1 for modulated subcarriers adg=0 for unmodulated ones.
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Figure 5.2. PSD of a smgle subcarrier for OFDM (raacfion) and for two FBMC prototype
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The level of SDR is evaluated in two locations of tindvand spectrum: in the smaller 32-subcarrier
hole in the middle of the spectrum or in the 64-suleahole on the left side of the band. Levels
are measured at the deepest point of each spectrumnpdrtie SDR measured in Figure 5.3 are
summarized in Table 5.4.

Table 5.4. Spectral Dynamic Range (SDR) computed in tvier€lift parts of the test signal

spectrum.
SDR (side) SDR (hole)
OFDM -25.6 dB -18.4 dB
FBMC proto 1 -52.5 dB -47.8 dB

These levels, computed from expressions ( 5.3), are wsedlilate the baseband simulation
presented in the next section.
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5.3 Baseband simulation parameters

Baseband simulations are performed using FBMC and OFDMsigrals following the test
scenario described above. The principle is presentedjure 5.4. The baseband FBMC test signals
are generated according to the polyphase implementatebMatlab code developed in the frame
of PHYDYAS. The OFDM signal is generated based on #mesparameters as FBMC and has
basically the same properties except the OQAM proagssid the filter bank.

For the sake of simplicity, no CP was included in tHeD®I waveform. This assumption is
considered to be acceptable in the following study becaose of the imperfections studied
hereafter produce time delays or have a memory efidlsp, it has to be noted that the
implemented simulation scenario assumes a perfeahsynization between the two users. In
reality, two different users are not perfectly synchrahiZaue to its inherent properties of spectral
selectivity, FBMC modulation scheme has the advantage @FDM of being more robust to
unsynchronization. This interesting feature of FBMC it unaderlined hereafter but it is tackled in
the frame of PHYDYAS in WP6 as well as in [Ra09].

RF impairments are then applied and finally the powertsgedensity of the received signal is

estimated. The spectrum is computed using the Welch’s peradogethod with an FFT size of

2'°® points (256 times longer than the size of the 256-FFgkhlsed in the modulation scheme) and
with a Hamming apodization window. We ensure that the RSfimation method is not the

limiting factor in terms of spectral selectivity. Th&P is measured in dBc/Hz relatively to the
power level in modulated subcarrier.

In parallel to the spectral estimation, the impairedvaf@m is also demodulated by an ideal
OFDM/FBMC receiver (no equalization / assuming perfgatkronization). EVM is evaluated per

subcarriers both on the modulated subcarriers and on thedutated holes (assuming that this
corresponds to a O-level symbol). Evaluation on modulatbdasriers allows estimating the quality

of PU transmissions, while EVM evaluated on unmodulatedasuiers allows to bound the quality

of a possible SU transmission that would be establighdaei hole (assuming a power level at the
receiver equal or lower to the PU signal).

PSD
OFDM or > Estimation
FBMC RF
baseband »| Impairment
test signal baseband
model Demodulation

A 4

for EVM evaluation

Figure 5.4. Schematic of the simulation

The main simulation parameters used to generate tleddoas signal, common to both OFDM and
FBMC, are given in Table 5.5.
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Table 5.5. Common parameters for generation of OFDM &MC-signal.

Parameter OFDM | FBMC
# OFDM / FBMC Symbols 256
# data bits 4.10
Sample Frequency FS 10 MHz
Subcarrier modulation QPSK
FFT Size 256
Bandwidth 9.76 MHz
Sub-carrier spacing 39.06 KHz

The filter bank implementation is based on the protofiffgx and the polyphase implementation
previously proposed in the PHYDYAS project. The parametsesl are given in Table 5.6.

Table 5.6. Parameters of the prototype filter.

Parameter Value
M 256
o 1
K 4
Po 1
Py 0.97195983
P> 1/sqrt(2)
Ps 0.23514695

Figure 5.5 shows the resulting spectrums for both modulatathhemes when no imperfection is
introduced and with an ideal channel. This will be used ra¢egence. As expected, it can be seen
that the spectral selectivity of FBMC is better thasm dne of OFDM.

Easeband Spectrum
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Figure 5.5. Simulation scenario for RF impairment studgmettral sensitivity.
Comparison between OFDM and FBMC.
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It can be noted that the levels of SDR obtained frioenRSD estimation on the baseband signal (see
Table 5.7 below) are in very good agreement with PSD cadpfibm analytical expressions
presented in Figure 5.3 and Table 5.4.

Table 5.7. Spectral Dynamic Range computed in two diffgraris of the test signal spectrum.

SDR (side) SDR (hole)
OFDM -22.2dB -17.7 dB
FBMC proto 1 -51.6 dB -46.9 dB

These levels of SDR correspond to in-band attenuatidresy can be compared with the order of
magnitude of the out-of-band spectral mask specified iMtidAX standard (-25dB at 700 KHz
offset and -50dB at 10 MHz offset) or with the signahtmse ratio reported in commercial
WIMAX transmitter datasheet (60-70dB). Contrary to in<bafttenuation, out-of-band attenuations
are measured outside of the multicarrier spectrumegjuéncy offset equivalent to the channel
bandwidth (i.e. 10MHz) and are not impacted by the sinclobde of the OFDM waveform.
Therefore such levels can be though as lower bound dointhand spectral selectivity achievable
using current state-of-the art commercial transmitiatependently of the modulation scheme used.

5.4 Non linearity of a power amplifier

5.4.1 Model amplifier used

A power amplifier specified for WIMAX was measured arttefi to the parameters of a baseband
model. The PA was delivered by Intracom Greece andatsutement was performed by LETI in
the frame of the European project ROCKET. Details altb@tmeasurement are reported in the
deliverable D9 of the IST FP7 ROCKET Project [Roc09]isltcomposed from two cascaded
amplifiers, pre-amplifier Hittite HMC327MS8G and amplifisirenza SZP-3026Z. The amplifier is
a Class A GaAs InGaP HBT with 5V power supply.

5.4.2 Measurement and modeling of the power amplifier

Based on the performed measurements, four analyticallsnbdee been fitted to the data: Solid
state high power amplifier (SSPA) model, Travelling Waube (TWT) amplifier model, Idealized
simple limiter amplifier model and spline fitted model.

The three first models are documented in [Rap91], tbtedrne is based on a close fitting of the
measured AMAM and AMPM characteristics using spline intietmm.

The normalized characteristics (i.e. G=1 in the sisighal region and saturation power = 0dB) for
the four models for AMAM and AMPM characteristics afetted in Figure 5.6.
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Figure 5.6. AM/AM and AM/PM characteristics for 4 modéilatthave been fitted to the PA
measurements.

Different PA models are compared for 5dB and 10dB of input pdaek-off (IBO) using the
FBMC and OFDM baseband signals. The resulting specsymoited in Figure 5.7.

Baseband Spectrurn
T T

Baseband Spectrurn
T T

| Innwpd ...... f\l‘-ﬂhu'ﬂ;l“-ﬂ'?“'-\";l'.'\*ﬁ'r'rrlém'ﬁ_.; ..... ol ki ...... fiwﬁ"éMﬂqui-Mwmi-ktﬂm |
N L E qu,\\rw,i.l:qmmw AL S "Nnrﬂ*ﬂllll'[ ; I;-v\lﬁ«-rh\]ﬁkh-,iqmﬁyﬂy,-u'ﬁk,hn ;

...... B5oens T RSP P

Spectrum {dB)
Spectrum {dB)
da
=}

OFD

50 m‘ 1 il it OFDM
FEML / S5P4 Pa \ i

FEMC / S5FA PA
FEMC / SSPATAT FA
ST FBME / Simple lim./TWT P2,
FEBMC | Simple lim. P&,

: : FEMC

1 i I i 1 i I

o 1 2 3 4 5 E 7 8 g 10 o 1 2 3 4 5 E 7 8 g 10
Frequency (Hz) [ Frequency (Hz)

4 FEMC f SSPATAT FA

[ (L1 L. FEBMC ¢ Simple lim./TWT P& [
FEBMC ¢ Simple lim. Pa,
FEMC

-60

&
10

Figure 5.7. Comparison of several PA models. Left: I1B&B. Right: IBO = 10 dB.
Four combinations are studied. The AMAM characteristimodeled by simple limiter or SSPA
model. The AMPM is either not modeled (if not specifiedhe legend) or is modeled by the TWT
model.

For 10dB of IBO, the choice of the SSPA rather than gimple limiter model for the AMAM
characteristic leads to a difference of nearly 10dB oRSBimilarly, the effect of the AMPM
characteristic leads to a 5dB difference on the SDR rjwised jointly with the simple limiter
model).
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Consequently, the following study is carried out with thest realistic models among the ones
being tested, that is to say:
* An SSPA AMAM characteristic with parameter p = 2.25.

* An TWT AMPM characteristic with parameters, = 4.5 and3y= 1.1.

5.4.3 Simulations

Figure 5.8 presents spectrum for four values of IBO. IB@efned as the back-off of the mean
baseband signal to the input saturation power.

Baseband Spectrum Baseband Spectrum
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Figure 5.8 . Impact of the power amplifier non linearitytbe transmitted spectrum
for several values of the input back-off. Right: Fodband spectrum. Left: Zoom on [60 65]
subcarriers.

The conclusion of this simulation is that:
* For IBO > 18 dB, the effect of the PA become neamygligible and the full spectral
sensitivity of theoretical FBMC can be reached.

e For IBO =11 dB, the criterion of an SDR of 40dB can beamed on both side and hole.
« For IBO = 5.5, the same characteristics as OFDMobtained.

The Figure 5.9 compares OFDM and FBMC waveform for 5 and 16f ¢BO.
* For 5dB of IBO, the use of FBMC or OFDM leads to thmadevel of SDR making the
advantage of FBMC insignificant.
* However, for higher IBO, there is a clear advantages®FBMC rather than OFDM in term
of SDR. For 10dB of IBO, the SDR is improved by 15dB wiBME rather than OFDM.
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Figure 5.9. Impact of the power amplifier non linearitytloa transmitted spectrum
for several values of the input back-off.

Table 5.9 evaluates and compares degradation in term of g&rMubcarrier as a function of IBO.
An IBO of 7.5dB allows reaching WIMAX specifications fd6-QAM. An IBO of 11dB is correct
for 64-QAM. See Table 5.3 for EVM WIMAX specifications.
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Figure 5.10. EVM per subcarrier as a function of IBO.t kefe: FBMC, Right side: OFDM.

5.4.4 Power consumption

Operating the Power Amplifier (PA) at a high input batkdecreases its power efficiency. As the
power amplifier is usually one of the most power dermapdomponent in a radio transmitter, this
has a direct impact on the overall consumption ofriduesmitter.

The power-added efficiency (PAE) characterizes the tHtDC power consumed by the PA to its
RF output power and is defined by:

outputsignal power—- input signalpower
DC power

PAE =

(5.4)

Figure 5.11 shows the theoretical relationship ketwinput back-off and power efficiency for
different classes of power amplifiers.
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Figure 5.11. Backoff vs. efficiency in class A operagonplifier

Operating the PA at an IBO of 11dB rather than 5.5dB wdtease the power consumption by a
factor 3. This assumes the case of a class A aspl@ilass A amplifiers differ from class B in the
sense that they are less efficient but demonstrat@r ddtter linearity. Most power amplifiers

designed for WIMAX application are class A as the Iiitgas a key point.

5.5 1Q imbalance

IQ mismatch occurs in transmitter’'s architectures whidne signal is converted from digital to
analog domain at the baseband level by two distinctogniatanches for | and Q signals. Any
differences between DAC, filters, mixers generaténaralance between the two branches that will
impact the transmitted signal.

5.5.1Model

In most radio architectures, the RF signal is convedenr from baseband in the analog domain.
Therefore, at some point in the circuit, | and Q congmas are transmitted by two separate paths
which can be unbalanced in phase or in amplitude. Thisdintes a distortion in the signal which
can be modeled by an amplitude mismat@nd a phase mismat_\ I as illustrated by the figure

below [TubO05].
ol Q<

e+iA¢ l+¢ | S
sk )<
g os 1-¢

Figure 5.12. 1Q gain and phase mismatches.
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Figure 5.12 presents a model of the 1Q mismatch impaisnditte expressions of the real and
imaginary parts (I and Q) of the baseband signal afteairment are given by:

Relsg (t)} = @+ &) cosA® Re[s(t)} - (L+ £) sin A Im{s(t)}
Im{sIQ (t)} = (@-¢&)cosAdP Im{s(t)} -(1-¢&)sinA® Re{s(t)}
with € andAg respectively the amplitude and phase imbalances.

We introduce two complex numbearandf3 which are related to the imbalance parametensdAg
by :

(5.5)

{a = codAg) + j (£ Bin(Ap) (5.6)

B = e[todAg) - j Bin(ag)
Based on ( 5.5) and ( 5.6 ), the impact of the IQ inmzaaacts as a linear combination of the non
impaired signal and the complex conjugate of itself :

S () =a () + B (t) (5.7)

Due the property of the Fourier Transform, the imgmh signal is expressed in the frequency
domain by:

S(f)=as(f)+BE (- 1) (5.8)
In the case of OFDM modulation scheme, the value gfiven subcarrier of a given OFDM

symbol after impairment is thus a combination & tton impaired subcarrieland of the complex
conjugate of the mirror subcarrisFi :

Sol(fi)=as(f )+ B35 (fy) (5.9)

N being the length of the FFT. This is illustratadrigure 5.13.

Multicarrier A
Spectrum o 05(f)
A
x /
A
N L Bs(f)
L
fi fi-i f

Figure 5.13. Impact of IQ mismatch on the spectrum.

5.5.2 Effect on the spectral selectivity

From ( 5.9 ), the ratio between the signal at sulmyaN-i and interferences that this signal produce
at subcarrier (by subcarrieN-i) can be expressed by:
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_S(fu) 2
SIR,, = ==
Ro So(f) s B (5.10)
AGdb
SIR, :—10Iogl{{10 20 —1} [todAg)- j Bin(Ag) (5.11)

Curves are plotted in Figure 5.14 for some valuefd@ and AG. Even for relatively small
imbalances , the interferences are above the s&t@DR of 40dB.
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Figure 5.14. Theoretical signal-to-interferencéoratoduced by IQ mismatch as a functiol\&d
andAd.

5.5.3 Simulations

Figure 5.15 presents the spectrum of an FBMC sigmadired by 1Q mismatch for several couples
of amplitude/phase. Amplitudes and phases areetefs the amplitude and phase above/below the
mean value of both branches.
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Figure 5.15. Impact of IQ mismatch on the transdigpectrum




ICT-211887 Page 60 DeliveraBld

As can be seen on Figure 5.15:
» For 0.5dB/3°, the impaired FBMC gives the same SDR asmampaired OFDM.
* For 0.06dB/0.3°, an SDR of 40dB is guaranteed in the wholema spectrum. Finally,
values as low as 0.01dB/0.1° are necessary in order to yoongiet the full possibilities of
FBMC in terms of SDR.

Finally, in Figure 5.16, the impact of the studied IQ misimatues are evaluated in term of EVM
per subcarrier. Results are identical for FBMC and OFRM 1Q imbalance of 0.06dB/0.3° is
sufficient in order to meet 64-QAM WIMAX specifications.
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Figure 5.16. EVM per subcarrier as a function of the I@match. Left side: FBMC, Right side:

It should be noted that efficient post-compensation tecles based on preamble-aided or adaptive
approaches exist for OFDM and might be adapted in theefr@inFBMC systems which allows
relaxing significantly these constraints [Tub05, Deh05].

5.6 Phase noise

Two simulations are performed below in order to estinmaact of the phase noise on the spectral
regrowth in an FBMC system.

5.6.1 Model
The phase noise is here modeled by the superposition cé@e¥Wiandom process whose spectrum
is a Lorentzian distribution asymptotically decayind.irf > and a white noise floor.
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Figure 5.17. Typical power density spectrum (PSD) of a phase modeled as a Wiener process
@/ f?) and a noise floor.

5.6.2 Simulations

Simulations are run with different 1ffhase noise levels, from -140 to -85 dBc/Hz at 1 MHzbffs
frequency. The white noise floor is set to -140dBc/Halirthree simulations but is not limiting in
either cases. Resulting FBMC spectrums are plott&igure 5.18.
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Figure 5.18. Impact of phase noise on the transmitted FBp&Ctrum as a function of the phase

Conclusions are the following:
A phase noise of -87dBc/Hz corresponds to the level oftsperegrowth obtained with

ideal OFDM.

noise

Values between -100dBc/Hz and -115dBc/Hz allow to reach 40dED&¥ respectively on
the side of the spectrum scenario and on the hole. -118dBs/required to make the

specification in the whole spectrum.

Finally values as low as -140dBc/Hz are required so thaphiase noise effect become
negligible compared to an ideal FBMC waveform.
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Figure 5.19 shows the impact of the previous values of pl@ise an EVM. The EVM profile
inside the spectrum hole shows that subcarriers adjazehé hole’s edges are impacted by phase
noise. This will impact a potential secondary user ugirgliand.

The overall levels of EVM computed in the figure below aery high compared to the WIMAX
requirements. It should be understand that the phase m®isot compensated at the reception
because no equalizer or phase tracking is implementediméal demodulator. As a consequence,
the results presented here are just for theoretiaadystand should not be considered as
representative of the performance of a real system.
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Figure 5.19. EVM per subcarriers as a function of theghasse. Left side: OFDM, Right side:

5.7 Joint effect of the three imperfections

In the previous sections, the effect of each impaitnhas been studied separately. However in a
real system, all imperfections are present simultarigolis order to set specifications, it is
necessary to simulate the system with all the ifiegons activated at the same time. The effects
are non linear and alter different properties of th@ef@m. This is not straightforward to predict
how imperfections will add up.

As decided in the introduction, we aim at defining threeas specifications: equivalent to ideal
OFDM without impairment; SDR of 40dB; and no limiting effen ideal FBMC.

Figure 5.20 presents the result of these three sets valhees previously defined for each separate
imperfections are simulated jointly. The imperfectiafds up and the target conditions are not
meet.
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Figure 5.20. Impact of the joint imperfections (PA, IQmmasch and Phase noise) on the FBMC
spectrum for three set of conditions.

In a second step, each set of parameters is optimizadybwen factor until the targeted conditions
are met.

The results are:
* For the case “OFDM equivalent”, parameters need impeoved by 37% ( or 2.0dB)
» For cases “SDR of 40dB”, and “no limiting effect on idéE&MC”, parameters need to be
improved by 40% (or 2.2 dB)

Finally, the resulting spectrum and corresponding paesiare shown in Figure 5.21.
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Figure 5.21. Impact of the joint imperfections (PA, IQmmasch and Phase noise) on the FBMC
spectrum for three set of conditions after optimaati

The three sets of parameters obtained after optiilmizate given in the legend below Figure 5.21.
The first set of parameter allows obtaining a trangaiEBMC signal having the same SDR as if
OFDM was used. The second set allows guarantying 40dB ofiSf#e whole spectrum and the
last one allows reaching the intrinsic spectral selégtofi FBMC.

5.8 Other values for K and M

The study has been carried out for an overlapping f&todd and a number of subcarrier M = 256.
Figure 5.22 presents the same simulation conditions Bgure 5.22 but with different values of K

and M.
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(d) K =4, M = 1024,sE 8 MHz

Figure 5.22. Same simulation as Figure 5.21 with differergmpeters for K and M.

In simulation (a), for K = 3 instead of 4, the SDRtlo¢ ideal FBMC waveform is decreased by 5
dB. The shorter length of FBMC symbol logically reésuh a lower spectral resolution. However
this is not significant when imperfections limit the BDSimulations (b), (c) and (d) with M = 1024
shows that the SDR of the FBMC waveform does not deptongly on the number of subcarriers.
Simulations (c) and (d) correspond to M and Fs as re@nded in the mobile WIMAX 802.16e-

2005 specification and shows that SDR depends on the imtercgracing due to the effect of the

phase noise.
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5.9 Summary of the requirements

The purpose of this subsection is finally to summarizedhelts obtained for each impairment.

In Table 5.8, it is assumed that only one imperfectiostext a time. This is useful to evaluate the
effect of each imperfection separately on the system.

Table 5.9 summaries the specifications required whemnmgléifections are activated at the same
time, which is representative of a real implementatiad corresponds to the result of section 5.7.

Table 5.8. RF impairment specifications in the casesnfigle imperfection

OFDM equivalent 40dB SDR Not limiting factor
PA Non linearity IBO =5.5dB IBO=11.0dB IBO =18 dB
IQ imbalance 0.5dB / 3° 0.06 /0.30° 0.01dB/0.1°
Phase noise -87 dBc/Hz -115 dBc/Hz -140 dBc/Hz

Table 5.9. RF impairment specifications in the casdl ahaerfections activated at the same time

OFDM equivalent 40dB SDR Not limiting factor
Non linearity IBO =7.5dB IBO =13.2dB IBO =20.2 dB
IQ imbalance 0.32dB/1.9° 0.04dB/0.18° 0.01dB/0.06°
Phase noise -89.0 dBc/Hz -117.2 dBc/Hz -142.2 dBc/Hz

5.10Conclusions

Three common impairments of transmitter RF front-dmalge been studied in term of their impacts
on the SDR of an FBMC signal and requirements have esved.

Basically, in the hypothesis where a dynamic range of 4@8dBargeted, requirements on IQ
mismatch and phase noise are not so different tbaethequired for 64-QAM WIMAX. However,
the impact of the power amplifier might be more impot. It could be necessary to operate at an
IBO of 13 or 14dB, where an OFDM system typically targeuad 7-8dB. This would lead to an
increase of the power consumption of the transmititex factor of 2 or 3. Possible solutions that
could be investigated are pre-compensation techniques pbther amplifier non linearity’s.

This study is focused on the effect of RF impairmentshenSDR of the transmitted waveform.

This is an important issue in order to set a cognitigkoraystem, but this is not the only aspect
putting constraints of the transmitter front-end. Thedg was conducted assuming a particular
scenario for the allocation of the subcarrier,Nbe= 256 subcarriers and for an overlapping factor K
= 4. Moreover desynchronization of the multiple usersat taken into account here. However
simulations suggest that results are not dependant onphes@eters as long as the intercarrier
spacing is kept constant. If the intercarrier spacing deesedhen the constraints of the RF front-
end specification increase.
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6 Interfernce-aware power allocation algorithm in
multicarrier based cognitive radio networks: OFDM
and FBMC systems

Rapid development of wireless communication makesphetsim scarcity as a one of the serious
problems. The Federal Communication Commission (FCG) rbeported that the most of the
licensed spectrum is currently underutilized [FCCO02].

Cognitive radio (CR) [Mit99][Wei04-1][Hay05], which is an @lligent wireless communication
system capable of learning form its radio environment andrdigally adjusting its transmission
characteristics accordingly, is considered to be dribeopossible solutions to solve the spectrum
efficiency problem. By CR, a group of unlicensed userstjredeto as secondary users (SU's)] can
use the licensed frequency channels (spectrum holes) withaaing a harmful interference to the
licensed users [referred to as primary users (PU's)] lamsl implement efficient reuse of the
licensed channels.

Multicarrier communication systems have been suggestedcandidate for CR systems due to its
flexibility to allocate resources between the diffar&U's. As the SU and PU bands may be exist
side by side and their access technologies may bedatiffehe mutual interference between the two
systems is considered as a limiting factor affectptirdormance of both networks. In [Wei04-2],
the mutual interference between PU and SU was studiedmuhgal interference depends on the
transmitted power as well as the spectral distancerdset PU and SU. Orthogonal frequency
division multiplexing (OFDM) based CR system suffergrfrhigh interference to the PU's due to
large sidelobes of its filter frequency response. Thertioseof the cyclic prefix (CP) in each
OFDM symbol decreases the system capacity. The leakagegatine frequency sub-bands has a
serious impact on the performance of FFT-based specteasing and in order to combat the
leakage problem of OFDM, very tight and hard synchromnathplementation have to be imposed
among the network nodes [Far08-1].

The filter bank multicarrier system (FBMC) doesn't regainy CP extension and can overcome the
spectral leakage problem by minimizing the sidelobes of sabbarrier and therefore lead to high
efficiency (in terms of spectrum and interference) PBat][Zha09].

The problem of resource allocation for conventionah{oognitive) multiuser multicarrier systems
has been widely studied [Jan03][Kiv03][She03][Won99]. The mawrinaggregated data rate in
downlink can be obtained by assigning each subcarrier to theviteethe highest signal to noise
ratio (SNR) and then the optimal power allocationt thaaximizes the channel capacity is
waterfilling on the subcarriers with a given total poweenstraint [Jan03]. In cognitive radio
systems, two types of users (SU and PU) and the mutigaference between them should be
considered. The use of the power allocation based oweational waterfilling algorithm is not
always efficient. An additional constraint should beadticed due to the interference caused by the
sidelobes in different subcarriers. The transmit powk each subcarrier should be adjusted
according to the channel status and the location cfubearrier with respect to the PU spectrum.

P.Wang et al. in [WanQ7] proposed an iterative partitiosiagle user waterfilling algorithm. The
algorithm aims to maximize the capacity of the CR sysiader the total power constraint with the
consideration of the per subcarrier power constraosed by the PU's interference limit. The per
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subcarrier power constraint is evaluated based on theopatfdctor between the CR transmitter
and the PU protection area. The mutual interferencedagtwhe SU and PU was not considered. In
[Ban07][Ban08], the authors proposed an optimal and twopsual power loading schemes using
the Lagrange formulation. These loading schemes maith& downlink transmission capacity of
the CR system while keeping the interference induced tp oné PU below a pre-specified
interference threshold without the consideration of tiit@l power constraint. In [Qin07] , an
algorithm calledRC algorithmwas presented for multiuser resource allocation in Kdfased CR
systems. This algorithm uses a greedy approach for sulbcam@ power allocations by
successively assign bits, one at time, based on mini@lUnpower and minimum interference to
PU considerations. The algorithm has a high computat@oraplexity and a limited performance
with comparison to the optimal solution. In [Zha08-3],0a Icomplexity suboptimal solution is
proposed. The algorithm initially assumes that the mamnpower that can be allocated to each
subcarrier is equal to the power found by the conventiomaénilling and then modifies these
values by applying a power reduction algorithm in order tesfyathe interference constraints.
Experimental results like [Stu09] emphasize the needwfihterference constraints where this
algorithm has a limited performance. Moreover, the m@msmission of the data over the
subcarriers below the waterfilling level or the deacadasubcarriers due to the power reduction
algorithm decreases the overall capacity of the CResyst

Throughout this work, a computationally efficient res@uallocation algorithm in multicarrier
based CR systems is proposed. The proposed algorithm mesithe downlink capacity of the CR
system under both total power and interference inducecetBWls constraints. The CR system can
use the non active and active PU bands as long a®tddepower and the different interference
constraints are satisfied. The simulation resultsatestnate that the proposed solution is very close
to the optimal solution with a good reduction in thenpatational complexity. Moreover, The
proposed algorithm outperforms the previously presented digwriin the literature. The efficiency
of using FBMC in CR systems is investigated and compared-ioMDbased CR systems. Section
6.2 gives the system model while Section 6.3 formulateptbblem. The proposed algorithm is
presented in Section 6.4. Selected numerical resultprasented in Section 6.5. Finally, Section
6.6 concludes the paper.

6.1 System model

The downlink scenario will be considered. As shown in Bid, the CR system coexist with the
PU's radio in the same geographical location.
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Figure 6.1. Cognitive Radio Network

The cognitive base station (CBS) transmits to its &lkscauses interference to the PU's. Moreover,
the PU's base station interferes with the SU's. GResystem's frequency spectrum is divided into
N subcarriers each havingd bandwidth. The side by side frequency distribution of Rhés

and SU's will be assumed (see Fig. 6.2).
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Figure 6.2. Frequency distribution of the active and nomeptimary bands.

The frequency bandB,, B,,-:-,B, has been occupied by the PU's (active PU bands) wle th
other bands represent the non-active PU bands. lsnasdsthat the CR system can use the non-
active and active PU bands provided that the total imemée introduced to thd PU band does
not exceed," wherel" =T,|B denotes the maximum interference power that can beatetl by

the PU, andT, is the interference temperature limit fBLJ, .

6.1.1 Interference induced to/from the PU's

The interference introduced by tit subcarrier td™ PU, I/ (d,,R) , is the integration of the

power spectrum density (PSD®,, of thei"” subcarrier across tH€ PU band,B , and can be
expressed as [Wei04-2]

di+B/2

1(d.R)= | lal’® (f)df=pPQ (6.1)

di-B;/2
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whereP is the total transmit power emitted by tifesubcarrier andl. is the spectral distance

between thei” subcarrier and thé" PU band.Q, denotes the interference factor of tife
subcarrier.

The interference power introduced by tHe PU signal into the band of th€ subcarrier is
[Wei04-2]

di+Af/2

I (doRy )= | 1w (e) @ (6.2)

di-Af/2

wherey, (ej“’) is the power spectrum density of tR&J), signal andy, is the channel gain between

the i" subcarrier and” PU signal. The PSD expressioh, , depends on the used multicarrier
technique. The OFDM and FBMC PSD's are describédeirfollowing subsections

6.1.2 OFDM system and its PSD model

The OFDM symbol is formed by taking the inverssecdete Fourier transform (IDFT) to a set of
complex input symboléxk} and adding a cyclic prefix. The block diagramled OFDM sytem is

depected in Fig. 6.3

> > _ > , ,
Input > — Clyecflil)((: — Channel Cyclic — Output
—— S/P | . |IDFT| , | P i | PIS— —> S/P | | | prefix i | DFT| : | PIS —
Symbols insertion | | - |removing | |

Figure 6.3. OFDM system block diagram.

This is can be written mathematically as

x(n) — zz Xk,w gr( N WT) 'éZﬂ(n—WT—C) k/'N (6.3)

k wdz

where{k} is the set of data subcarrier indices and is aegubf the sef0,1,-- N-3}, N is the

IDFT size,C is the length of the cyclic prefix in number ofrgales, andl = C+ N is the length
of the OFDM symbol in number of samples.denoting thes” OFDM symbol.

Following the derivation of the PSD for generalddzend signal given in [Pro02], it can be shown
that the OFDM PSD is :
k
o 1-4)

where G, ( f) is the Fourier transform of; (n) , ando, is the variance of the zero mean

2 2

(o)
cDOFDM(f): sz

k

(6.4)

(symmetrical constellation) and uncorrelated inpybols. The assumption of the uncorrelated
input symbols can be justified because of codirdjiaterleaving in practical symbols [Bal07-2].

g; (n) can be chosen as




ICT-211887 Page 71 DeliveraBld

1 n=01;-- T-1
o (n) = {O otherwise (6.5)
and hence its Fourier transform is
T-1
G, (f) =T+2X(T-r)coq 2rfm) (6.6)
r=1

6.1.3 FBMC system and its PSD model

Each subcarrier in FBMC system is modulated widtaggered QAM (offset QAM) [Hir81]. The
basic idea is to transmit real-valued symbols extef transmitting complex valued ones. Due to
this time staggering of the in-phase and quadratoraponents of the symbols, orthogonality is
achieved between adjacent subcarriers. The modwdatbthe demodulator are implemented using
the synthesis and analysis filter banks. The S§lter the synthesis and analysis filter bank are
obtained by frequency shifts of a single prototyiter. Fig. 6.4 depicts the structure of the
synthesis and analysis filter bank at the transmietnd receiver in FBMC based multicarrier
systems.

Ly jim > {2 - z!

! jim - 2 H— Hy > Z'
Input

Symbols Channel
— S/P 1 IFFT PIS ——
Ly Re 2 - Z
_‘[ jim — Tz a > Hy; P 700 o
Re —{f2 o 7!
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OQAM Modualtion Filtering

Hy, — — 12 —>‘ Re#— z*
[ 7zt |2 —»jlm—I

A R e Hl 12 bf jim o z?
Channel Output
—

— S/P FFT PIS
Z' 12 — Re

— 7Y s Hyy |[— —[ 12 - jlm —~ z*
VA —>12 — Re —I

Polyphase
Filtering OQAM Modualtion

Figure 6.4. FBMC system's transmitter and receiver.

The FBMC signal can be written mathematically dg (8],

x(M)=Ya,hnw,) e & (6.7)

k wdz
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where{k} is the set of subcarrier indices,is the pulse shape,, is an additional phase term
andr, is FBMC symbol durationa,,, are the real symbols obtained from the complex QAM

symbols having a zero mean and variaoge. Hence the symbols have a zero mean and finite
2

varianceg? = % . The PSD of the FBMC can be expressed by [SkrO6]:

(-3

where H(f) Is the frequency response of the prototype filigth coefficients h[n] with
n=0,--W-1, wherew = KN andK is the length of each polyphase components (qyeirig

2

(DFBMC = %Z

k

(6.8)

th
factor). Assuming that the prototype coefficientavéhr even symmetry around trﬁe%j

coefficient, and the first coefficient is zero [B@i2], we get
W .

H (f)\zh[vwz]+22 N (W2) - i] co 2 f) (6.9)

To make a parallel between OFDM and FBMC, we plageselves in the situation where both
systems transmit the same quantity of informatidns is the case if they have the same number of

subcarriersN together with duration of, samples for FBMC real data afid= 27, for the
complex QAM ones [Bal07] [Skr06].

From the relations above we can notice that thesP&ODFDM and FBMC are the summation of
the spectra of the individual subcarriers. Using BHYDYAS prototype filter [PHYO08], Fig. 6.5
plots a single subcarrier power spectral densitiegke OFDM and FBMC systems.

It can be noted that the FBMC system has very ssiddl lobes with comparison to that of the
OFDM system.
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Figure 6.5. Single subcarrier PSD's of the OFDM BB¥IC systems.
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6.2 Problem formulation

The transmission rate of th€ subcarrier,R, with the transmit poweP can be evaluated using
the Shannon capacity formula and is given by

R(P.h,)=0 flog{l+ P’“L—?m‘} (6.10)

whereh , is the subcarrier fading gain from the CBS to the usero’ =g, +J; Where

Oy 1S the mean variance of the additive white Gaussiaisen(AWGN) andJ' is the

interference introduced by th& PU's band into thé" subcarrier.
It will be assumed that all the instantaneous fadingsgare perfectly known at the CR system and
there is no inter-carrier interference (ICl).

6.2.1 Optimization problem

Let v, to be a subcarrier allocation indicator, vg, =1 if and only if the subcarrier is allocated

to m" user. It is assumed that each subcarrier can be as@dhfsmission to at most one user at
any given time. Our objective is to maximize the total capaf the CR system subject to the
instantaneous interference introduced to the PU's andrartiamit power constraint. Therefore, the
optimization problem can be formulated as follow

M N
P1: mPaXZZUi,mR (P h,) (6.11)
I m=1li=1
subject to
U, 0{0,3 ,0i m (6.12)
M
DU <1, (6.13)
22 UmPms P (6.14)
m=1i=1
P=0,0i0{1,2;-- N} (6.15)
iZN:UiYmPiQi <y, 010{1,2,-- L} (6.16)

m=1i=1
where N denotes the total number of subcarriers! ,is the number of users, denotes the
interference threshold prescribed by tfiePU andP. is the total SU's power budget. Inequality
(6.13) ensures that any given subcarrier can beatkd to at most one user.

6.2.2 Subcarriers to users allocation

The optimization problen’l is a combinatorial optimization problem and itsngdexity grows
exponentially with the input size. In order to reduihe computational complexity, the problem is
solved in two steps by many of the suboptimal algors [Jan03][Kiv03][She03][Won99]. In the
first step, the subcarriers are assigned to thesused then the power is allocated for these
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subcarriers in the second step. Once the subcarrieedl@ated to the users, the multiuser system
can be viewed virtually as a single user multicarriestesy. As proofed in [Jan03], the maximum
data rate in downlink can be obtained if the subcarriersassigned to the user who has the best

channel gain for that subcarrier as described in Algorithm 1.

DeliveralBld

Algorithm 1 Subcarriers to User Allocation
Initialization:

Sety,,, =00i,m

Subcarrier Allocation:

fori=1to Ndo

*

m =arg ma>{ h,m}; U =1

end for

By applying the Algorithm 1, the values of the chahindicatorsy, ,, are determined and hence for
notation simplicity, single user notation can bedisThe different channel gains can be determined

form the subcarrier allocation step as follow

h=>Suh,

m=1i=1
and hence probler®1 can be reformulated as follow

o3 Rlhf
P2: mpéxglog{1+ = }

subject to

6.2.3 Subcarriers power loading (optimal solution)

The problemP2 is a convex optimization problem. The Lagrangian be written as

(6.17)

(6.18)

(6.19)

(6.20)

(6.21)

c= -§|og{1+ il }ia. DUCRIN D ETES o VINCED

wherea;,| 0{1,2... L}, @,i0{1,2,.. N} , and B are the Lagrange multipliers. The Karush-

Kuhn-Tucker (KKT) conditions can be written as oy
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R >0,0i0{1,2;-- N}
a,20,010{1,2;-- L}

B=0
#4 20,01 0{1,2;-- N}

a, [ge*gi - ItLj:O,DI 0{1,2;-- L}

ﬁ[NP*_PJ:O (6.23)

#P =0,0i0{1,2;-- N}
O e Ya0 =0

2

aF?* |§-|2 + R* 1=1

and also the solution should satisfy the total @oand interference constraints given by (6.19) and
(6.20). Rearranging the last condition in (6.23)geé

2

1 o
= -7 (6.24)
2a|Qi+,[>’—,q |h|
=1
SinceP =0, we get
2
o 1 (6.25)
|h| ZO’,Qi +B-u
1=1
2
If 02< - 1 , theny =0 and hence
hi daQ +p
1=1
2
=1 T (6.26)
dYaQ +B i
=1
L O° 1
Moreover, if — >— , from (6.24) we get
hi daQ +p
1=1
2
! g ! (6.27)

2——=2
zaIQi+ﬁ_M |h| ZOIQ. +pB

and sinceyP" =0 and i >0, we get thatP” = 0.
Therefore, the optimal solution can be writtend@®w
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1 o’ i o’ - 1
ZL:a|Qi+ﬁ |h|2 |h|2 ZL:a]Qi'*',B
pr=]i= N ) (6.28)
it <>
h| daQ +p
1=1

or more simply, (6.28) can be written as the follayvin

+

1 o’

I Saa+p I

where[x]" = max( 0,x). Solving for L +1 Lagrangian multipliers is computational complekeFe
multipliers can be found numerically using ellipbar interior point method with a complexity
O(NB) [BoyO4]. In what follows we will propose an lovermplexity algorithm that achieve near

(6.29)

optimal performance.

6.3 Proposed sub-optimal algorithm

The optimal solution for the optimization problerasha high computational complexity which
make it unsuitable for the practical applicatiods.low complexity algorithm is proposed in
[Zha08-3]. The subcarriers nulling and deactivatimgpughout this algorithm degrades the system
capacity and causing the algorithm to have a langierformance in low interference constraints.
To overcome the drawbacks of this algorithm, a gmmplexity power allocation algorithm will be
presented.

As described in [Wei04-2], most of the interferemaoduced to the PU bands is induced by the
cognitive transmission in the subcarriers whereRbkis active as well as the subcarriers that are
directly adjacent to the PU bands. Considering fduis, It can be assumed that each subcarrier is
belonging to the closet PU band and only introdydimterference to it, then the optimization
problem P2 can be reformulated as follow

. Rlnl"

P3: max) log,| 1+ (6.30)

R =1 o
subject to

PO <l O0{1,2 L} (6.31)

iDNl
N
2R <R (6.32)
i=1

P>0 0i0{1,2, N} (6.33)

where N, denotes the set of the subcarriers belong td"tHeU band. Using the same derivation
leading to (6.29), we get
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. 1 o’ '
P =|— - 6.34
' LﬂQi +f4 |h|2} ( )

wherea, and 8 are the non-negative dual variables corresponttirtge interference and power

constraints respectively. The solution of the peablis still has high computational complexity
which encourage us to find a faster and efficieawer allocation algorithm.

If the interference constrains are ignoredP®, the solution of the problem will follow the well
known waterfilling interpretation [Lek97],

P :P _izz} (6.35)
h|

where A is the waterfilling level. On the other side, lfettotal power constraint is ignored, the
Lagrangian of the problem can be written as

(Int) — { R‘(Im)|h|2} ‘(Int){ ' (Int | J
G ==>"log,| 1+———- |+, ™| Y R™Q ~1, (6.36)
iON, g iON,
) (Int)
wherea, is the Lagrange multiplier. Equati% to zero, we get

. 1 o’ '
pim = - .~ 6.37
i {all(lnt)gzi |h|2} ( )
where the value off, can be calculated by substituting (6.37) iftoR "™ Q, = I, to get
iDNl
. N

o™ =— |Z'|Q p= (6.38)

lth + : 2

o |h

It is obvious that if the summation of the allochfwer under only the interference constraints is

N
lower than or equal the available total power budge. > P < R,0i0{1,2,-- N} , then

i=1
(6.37)-(6.38) will be the optimal solution for tbetimization problemP3. In most of the cases, the
total power budget is quite lower than this sumaratand hence th@ower Interference (PI)
constrained algorithm ,referred to RisAlgorithm is proposed to allocate the power under the both
the total power and interference constraints.

In order to solve the optimization probleR8, we can start by assuming that the maximum power
that can be allocated for a given subcarfef” is determined according to the interference
constraints only by using (6.37)-(6.38) for eveey sf subcarriers\,, 01 0{1,2;-- L} . By such an
assumption, we can guarantee that the interfereticduced to PU bands will be under the pre-
specified thresholds. Once the maximum poR¥t* , the total power constraint is tested. If the
total power constraint is satisfied, then the soluthas been found and equal to the maximum
power that can be allocated to each subcarrier,Pi.e P**. Otherwise, the available power
budget should be distributed among the subcargergig that the power allocated to each
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subcarrier is lower than or equal to the maximum powat ¢an be allocated to each subcarrier
P and hence the following problem should be solved

pw.F
P4: ervaxZIog{H |h| } (6.39)

subject to
EN:RW-F <R (6.40)
o:eW-F < pVax (6.41)

The problemP4 is called"cap-limited" waterfilling [Pap08]. The problem can solved efficiently
using the concept of the conventional waterfilling. €ivthe initial waterfilling solution, the

channels that violate the maximum powgf** are determined and upper bounded vAifi*. The

total power budget is reduced by subtracting the power a&skiga far. At the next step, the
algorithm proceeds to successive waterfilling over the stibcarthat not violated the maximum

power P in the last step. This procedures is repeated until tbeaséd powerP" " doesn't
violate the maximum powelP" in any of the subcarriers in the new iteration. Teep-limited”
waterfilling algorithm implementation is described irgafithm 2.

Algorithm 2 Cap-Limited Waterfilling
1. Initializz F =M =N ={1,2,---,N}, P =P andS=

2
2. Sort{T. :ﬁ?,iDN} in decreasing order witld being the sorted index. Find the

waterfilling A as foIIows
(a) sum ZDN i Tsum+S)/|N |, n=1.
(b) while T, , >4 do
Tom= Toum™ Ty N =N {3 (n)}, A= (Tun* 9)/IN |, n=n+1
end while
(c) SetP" " =[A-T] ,0iOF
3. repeat
if P“F>P
Let P"F=P,S=S PF, M =M \{i}, N =M , and go to step 2;
end if
until PYF < P,0I0F

The solutionP":F of the problemP4 is satisfying the total power constraint of thekgem P3
with equality which is not the case for the differénterference constraints . Since it's assumed

that P"" < P> | some of the powers allocated to subcarriers wndt reach the maximum
allowable values which will make the interferenoraduced to the PU bands below the thresholds
I;.. In order to use all the allowable interferenctues, the values of the maximum power that can
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be allocated to each subcarrie™* should be updated depending on the left available intedieren
The left available interference can be determinealicsnf
Ill_eft zllth_zP?N'FQi (6.42)
iDNl
Assuming that AON is the set of the subcarriers that reach its maximure.
PYF =P"*Oi0A, then, P 0i0A can be updated by applying the equations (6.37)-(6.38) on
the subcarriers in the sé& with the following interference constraints
Ly = e ¥ D PIFQ, (6.43)
iDP1
After determining the updated values®f*, the"cap-limited" waterfilling is performed again to
find the final solutionP = P"F. Now, the solutiorP is satisfying approximately the interference
constraints with equality as well as guaranteing treitdbal power used is equal B. A graphical
description of thePI-Algorithm is given in Fig. 6.6 while the implementation procedure
described in Algorithm 3.

i Initial Pi

Pev\ver | ESSN Updated Pi |

szax . . Pmax
! Set A

Updated Updated
r Pmax Pmax

Subcarriers

Figure 6.6. An Example of the SU's allocated power usingjigirithm.

Algorithm 3 PI-Algorithm
1. Initialize N ={1,2,---,N}, N, =N, 1, ,=0, S= R andA, =0.

—

2. 0O0{,2,---,L}, sort{Hi =—Q,,i0N } in decreasing order witk being the sorteg

index. Find theP"* as follows:
(@)H,,, 'Z.DN H, a™ =|N, |/(|I +Hsum), =1.
(b) while g™ >HZ) do
Hsum = H sum_ H
end while

a N =N k() a™ =N, [/(1h +H o). n=n+1
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2
(©) SetR"™ = {%—i}
aQ, |h|
3.if Y R"™ <R
Let P = P** and stop the algorithm.
end if
4. Execute thé'cap-limited" waterfilling (Algorithm 2) and find the sef O N, where
PiW.F - Fi)Max.

5. Evaluatd |, =1},—->  P""Q and setN, =A, I, =1 ,+>  P"FQ, and apply again
A

iON;

only step2 to updateP"™.

6. Execute thtcap-limited" waterfilling (Algorithm 2) and seP = P"*.

The computational complexity of Step in the proposed PI-Algorithm (Algorithm 3) is
L

>O(|N[log|N|)<O(NlogN) . Steps4 and 6 of the algorithm execute thécap-limited"
1=1

waterfilling which has a complexity o(D(NIogN+/7 N) where7< N is the number of the
L

iterations. Stefb has a complexity op O (|A|Iog|A|)+O( L)< O(Nlog N)+O( L) . Hence, The
1=1

overall complexity of the algorithm is lower th&(NlogN+7N)+O(L). The value ofy is
estimated via simulation to be lower than five, iyeﬂ[O,S]. Comparing to the computational

complexity of the optimal solutionO(NS) , the proposed algorithm has much lower computatio
complexity specially when the number of the subeesN increased.

6.4 Simulation results

The simulation are performed under the scenariergim Fig. 6.2. A multicarrier system & =3
cognitive users andN = 32 subcarriers is assumed. The valudof Af and B are assumed to be

4u second ,0.3125 MHz and1 watt respectively. Additive white Gaussian noigadMGN) of

variancel0™® is assumed. Without loss of generality, the imterice induced by PU's to the SU's
band is assumed to be negligible. The channel daimed g are outcomes of independent,
identically distributed (i.i.d) Rayleigh distribidegandom variables (rv's) with mean equal 16 "
and assumed to be perfectly known at the (CBS). @EDd FBMC based cognitive radio systems
are evaluated. The OFDM system is assumed to h®v&7&6 of its symbol time as cyclic prefix
(CP). For FBMC system, the prototype coefficients assumed to be equal to PHYDYAS
coefficients with overlapping factoK =4 [PHYO08] [Bel08-2]. The optimal solution is
implemented using the interior point method. Weerdb the method proposed in [Zha08-3] by
Zhang algorithm. All the results have been averanean 1000 iterations.
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6.4.1 Case 1: two active PU bands

Two interference constraints belonging to two activeldadds , i.eL =2, is assumed as given in

Fig. 6.7.
B1 B,
«—>
Non Actlve Active Non-Active Active Non Actlve
band PU, band band PU; band band
| | 1| N | || Frequency
1 2 .......... N
N1 P € N2 »

Figure 6.7. Frequency distribution with two active PU bands

Each active PU band is assumed to have six subcarriseseyiN,|=|N,|=16. The achieved
capacity using optimal, Pl and Zhang algorithms for differiemé¢rference constraints where
I, =12 is plotted in Fig. 6.8.
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16.5
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P
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|
| | | |
t t I I

0.01 0.012 0.014 0.016 0.018
Ith-Watt

13
0.002 0.004 0.006 0.008 0.02

Figure 6.8 Achieved capacity vs allowed interference thresholdFDM and FBMC based CR
systems - Two active PU bands.

It can be noted that the proposed Pl-algorithm approatieesptimal solution and outperforms
Zhang algorithm. The effect of assuming that every suiecas belonging to the closest PU band
and introducing interference to it only on the net interiee introduced to the active PU bands is

studied in Fig. 6.9 and Fig. 6.10 f®@U, and PU, respectively.
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Figure 6.9. Total interference introduced to ¥, vs interference threshold.
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Figure 6.10. Total interference introduced to thg, vs interference threshold.

It can be observed that the net interference induced usrigltalgorithm is approximately equal to
the pre-specified thresholds which make the assumptasonable. The achieved capacity of the
different algorithms is plotted in Fig. 6.11 with lowelues of the interference constraints.
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Figure 6.11. Achieved CR vs allowed interference threshoid) for OFDM and FBMC based CR
systems - Two active bands.

One can notice that Zhang algorithm has a limited pmdoce with low interference constrains
because the algorithm turns off the subcarriers thae fmwoise level more that the initial

waterfilling level and never uses these subcarriermagaan if the new waterfilling level exceeds
its noise level. Moreover, the algorithm deactivat@sies subcarriers ,i.e. transmit zero power, in
order to ensure that the interference introduced to Pdsbanbelow the pre-specified thresholds.
The lower the interference constraints the moreddativated subcarriers which justify the limited
performance of this algorithm in low interference coamists.

To show the efficiency of transmitting over the acté bands as well as the non-active bands, Fig.
6.12 and Fig. 6.13 plot the achieved capacity using the Plithlgowith and without allowing the
SU's to transmit over the PU active bands.
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Figure 6.12. Achieved capacity vs allowed interference llotdsvith and without transmitting
over active bands- Two active PU bands.
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Figure 6.13. Achieved capacity vs allowed interference hitdglow) with and without
transmitting over active bands - Two active PU bands.

The capacity of the CR system transmitting on bothaitteve and non-active bands is more than
that one transmitting only on the non-active bandc&the cognitive transmission in the active PU
band introduces more interference to the PU's thaottiexr subcarriers, low power levels can be
used in these bands with low interferences constravhish justify why when the interference
constraints decrease ,the difference between theystems decreases.

6.4.2 Case 2: one active PU band

RC algorithm can be used if there is only one activdodidl, i.e.L =1. The RC algorithm allocate
the subcarriers and bits considering the relative impoetdoetween the power needed to transmit
and the interference induced to the PU band. In orderrngpaxe the proposed Pl-algorithm with
RC algorithm, One active PU band with "12" subcarrietshei assumed as given in Fig. 6.14.

B
>
Non-Active Active PU Non-Active
band band band
| 11| | || | | | | | Freraueney
1 2 e —» Af «— N

Figure 6.14. Frequency distribution with one active PU band.

For fair comparison, the same bit mapping used in [15]nsidered as follow

b= |092£1+ R'E' } (6.44)

g

whereb denotes the maximum number of bits in the symbol tratenin thei” subcarrier and
H denoted the floor function. Fig. 6.15 and Fig. 6.16 showttieproposed algorithm performs
better than the RC and Zhang algorithms.
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Figure 6.15. Achieved capacity vs allowed interference tbtdsor OFDM and FBMC based CR
systems - One active PU band.
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Figure 6.16. Achieved capacity vs allowed interference tbtdglow) for OFDM and FBMC
based CR systems - One active PU band.

In low interference constraints, RC algorithm perfobagter than Zhang algorithm because of the
limited performance of Zhang algorithm with low interfece constraints.

For all the so far presented results, the capaciyBMIC based CR system is higher than that of
OFDM based one because the sidelobes in FBMC's PSImadler than that in OFDM which

introduce less interference to the PU's. Moreoves,itiserted CP in OFDM based CR systems
reduces the total capacity of the system. It can be eibt@dso that the interference condition
introduce a small restriction on the capacity of FBl#3ed CR systems which is not the case in
OFDM based CR systems. The significant increase ircéipacity of FBMC based CR systems
over the OFDM based ones recommends the FBMC asdédede for the CR network applications.
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6.5 Conclusions

A low complexity sub-optimal resource allocation aigon for multicarrier based CR networks
has been proposed. Our objective was to maximize thedowatlink capacity of the CR network
while respecting the available power budget and guaranteesignthexcessive interference is

caused to the PU's. With a significant reduction indbmputational complexity frorﬁ)(NS) to

O(NlogN+7N)+0O(L),70[0,§ , Its shown that the proposed Pl-algorithm acltesenear

optimal performance and outperforms the sub-optafgdrithms proposed so far. Its found that the
net total interference introduced to the PU's bianckelatively not affected by assuming that each
subcarrier is belong to the closest PU band angliotrioducing interference to it. Its demonstrated
also that capacity of the CR system uses the ntveags well as the active bands is more that that
only use the non-active bands. Simulation resuitsrg that the FBMC based CR systems have
more capacity than OFDM based ones. FBMC offerserspectral efficiency and introduces small
interference to the PU's. The obtained results ritute in recommending the use of FBMC
physical layer in the future cognitive radio syssemeveloping a resource allocation algorithm that
consider the fairness among different users as agliheir quality of service (QoS) will be the
guideline of our future research work towards bettdio resource management.

7 Resource allocation in cognitive radio networks wh
MAC layer cooperation

7.1 Problem definition and requirements

The proliferation of mobile devices, coupled witte tever increasing demand for higher data rates,
constitutes static frequency allocation scheme®tirnal in various scenarios. Cognitive Radios
supporting opportunistic spectrum access have exdeag a paradigm that offers an effective
solution to this problem. However, at the same tamaumber of challenges need to be addressed.
Specifically, for Cognitive Radio systems operatimdgicensed spectrum bands with co-existence of
both primary and secondary users, spectrum seasidgpectrum mobility are of key importance.
On the other hand, Cognitive Radio systems operatinicense exempt spectrum bands (e.g. case
of different operators in unlicensed spectrum bandsquire efficient spectrum decision and
spectrum sharing, as well as power control mechanisr interference mitigation. For example, if
all users transmit at the maximum valid power letletn every user is causing significant
interference to all other users, which can resufeduced total utility from the network perspeetiv
and poor QoS from the user perspective.

In this scope, algorithms that employ power contnobrder to maximize the overall utility are
required. At the same time, these algorithms neduktdistributed in order to be applied efficiently
in ad-hoc networks operating in unlicensed spectbands (e.g. only users from the same operator
are synchronized). Such algorithms should be ablatiize message exchange schemes between
the users in order to maximize the overall utiltiierefore the related systems are classified as
cooperative CR systems); however, uncertaintiemassage exchange should also be considered.
Furthermore, they should be able to converge iroptimal solution within a finite number of
iterations in order to be applicable in real systefinally, the algorithms need to be flexible in
order to take advantage of improvements in the ipdlydayer (e.g. FBMC). The overall
assumptions and definitions for the proposed algoriare the following:
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e Focus: DSA for horizontal cognitive systems with sulbmyst sharing license exempt
spectrum, directly applicable to a case of differentafpes in unlicensed spectrum bands

e | pairs of users (one dedicated transmitter & one desticeeceiver). The terms user and
transmitter/receiver pair are used interchangeablyeirsé¢guel

e M spectrum areas with same width
e Only users from the same operator are synchronized

e Every user selects his transmission power level triongaximize a utility function. Utility
function is selected such that the algorithm convergea global maximum in a finite
number of steps

e Message exchange (“interference prices” [HuaO5]) betwemsers is completely
asynchronous

e PHY layer parameters are directly impacting flreal utility value for the network.
Reduced power level for a given bandwidth in FBMC comp&redFDM results in lower
interference to other users

Various pricing mechanisms have been proposed for allgcaésources in various types of
networks, targeting both wired and wireless network tape® However, the problem in
distributed networks that operate in license exempt spedtamds is different from most of the
previous works, since the interference that each usmEusing to the rest of the users implies that
the users’ utility functions are coupled. This means thahe general case the overall network
utility is not necessarily concave in regard to tlEsmission power of each user. We assume a
scenario similar to [Hua05], in which the communicat®mnot fixed-rate but the transmission rate
can be adaptive (“elastic” data applications) and thé igoBp maximize the total utility of the
network without guaranteeing interference margins émheauser.

7.2 Algorithm outline

The proposed algorithm is based in the algorithm of [Hua@%] distributed interference
compensation, but it refines the utility function to imprathe scalability in the case of a large
number of user pairs and to take into account uncesdsifite. from user mobility and large delays
in the update of the interference prices). Specificalljyzzy logic reasoner is utilized in order to
take into account the effect of a large number of usetse impact of interference as well as to
cope for uncertainties in the message exchange (e.g.highhmobility or a large time interval for
the update of interference prices).

Fuzzy logic is based on fuzzy set theory in which gwadrject has a grade of membership in various
sets. Inputs are mapped to membership functions, or sets iffadaii process). Knowledge of a
restricted domain is captured in the form of linguistiesu Relationships between two goals are
defined using fuzzy inclusion and non-inclusion between timp@t and hindering sets of the
corresponding goals [Fou96]. As a last step, the requuigglibis defuzzified (to numerical) from
the 'THEN' part of the rules in order to produce theseqoent.

An important advantage of fuzzy logic is that it canapplied transparently in combination with
other well known decision methods, such as multi-ohjeagenetic algorithms [Bul08] and game
theoretic approaches [Wei03]. Moreover, proper definibbrihe linguistic rules can be used to
reduce signaling overhead by avoiding the ping-pong, i.e. wheisions or selections are made
and the input variables are not constant but temporaelsept regressive behavior. Finally, Fuzzy
logic can handle vague requirements more efficiertiignt Boolean algebra. Network-related
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decision making and resource allocation based on fuzay &uproaches have been proposed in
various works (e.g. [Mer08]) with promising results.

The main idea of the algorithm is that the users exgdanformation about their interference
levels, using for this purpose explicit message exchangehanesms at the MAC layer. A

transmitter sets its power level by considering not a@shown Signal to Interference Plus Noise
Ratio (SINR) information but also the negative imparcuiility for other users caused from the
increased interference that will come as side eféécthe increase in power of that particular
transmitter. This functions as a counter-motive tphegvents users from always setting their
transmission power to the maximum valid level.

Assuming that there are a totallofisers in a spectrum band witlavailable channels, the SINR of
the th user in channdl is given by the equation:

k ™
Gl
J

j#

Wherep is the transmission power fouser on channéd, h; is the link gain betweerhi receiver
and th transmitter, g=10° is the noise levelp is the transmission power for all other users on
channek andhj is the link gain betweerth receiver andth transmitter. It should be noted thgt-

h; , since the first expresses the gain betwtetransmitter andtl receiver and the latter expresses
the gain betweenh transmitter andth receiver.

In the general case, the carrier frequency of a signadried; therefore the magnitude of the change
in amplitude will vary. The coherence bandwidth measureséparation in frequency after which
two signals will experience uncorrelated fading. Spedlify, in the case of frequency-selective
fading, the coherence bandwidth of the channel is snthider the bandwidth of the signal. Thus,
different frequency components of the signal experielem®rrelated fading. On the other hand, in
the case of flat fading, the coherence bandwidth otkiaanel is larger than the bandwidth of the
signal. Therefore, all frequency components of theadigull experience the same magnitude of
fading. In the following analysis we assume a flat-thdbannel without shadowing effects. For a
flat-faded channel there is no delay spread and no frequefestigity, as mentioned previously.
This means that a single coefficient is used for chaattehuation. Since the described channel is
static, i.e., the coefficient is fixed, the only atiation present is the path loss. Therefore, in this
particular casé is strictly the channel attenuation or channel gain.adgime that the environment
causes average to high loss (path loss exponent istypical for urban environments), thus the
channel gairhy; = d; "*, whered is the distance between thie fransmitter andth receiver.

In order to model the impact in utility for usetaused by the transmission of all other users, we
adopt from [Hua05] the notion of interference priceelférence price is defined as:

o oule)

{ze8)
j#i

It is clear that the interference price expressesrgyinal loss in utility due to a marginal increase
in sustained interference. Interference prices ardamged between the users in a completely
asynchronous fashion. Furthermore, not only the updatesefarence price between users are
asynchronous, but also every user is able to update iitgaee and power level at different times.

Each user selects an appropriate level for its trangmig®wer in order to maximize the difference

between the increase in its own utility minus the redaoctio utility incurred by the increased
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interference as expressed by the interference price.ifiSaky, the mathematical formula that
[HuaO05] is trying to maximize is:

ui(y(pik))— p > " [ (7.1)
j#i
The first part of this equation is closalylated to the Shannon capacityfor useri (the constant
term is excluded in order to have a form that can be grtoveonverge in all cases). Increasing that
part is directly related to an increase in the maxintitmate. However, since the transmission of
every user is seen as noise by the other users, dbadséerm expresses what the other users will
lose if user increases its transmission power level.

The algorithm is comprised by the following steps:

1. Initialization: For every user 0 L transmitting in channét select a valid transmission
power levep® and a positive value for the interference pri¢e

2. Power Update: For every user at a time interval, [ T;, whereT,; is a set of positive time
instances in which the usewill update its transmission power level apgf tao # ... # ta
update its transmission power lepgltrying to maximize equation (7.1)

3. Interference Price Update:For every user at a time intervat, O T, whereTj is a set of
positive time instances in which the usevill update its interference price atg@d+# tpo # ...
+ 1y , calculate and announce the updated interference mfiesd notify the rest of the
users for the updated value

Steps 2 and 3 are repeated asynchronously for all usershengélgorithm reaches its final steady
state. In order to perform the power update in step 2s IMEctpik from the setTP of the
allowable transmission power levels, so that the sarpf (7.1) is maximized. Provided that the
allowable power levels are equidistant values thateaderived from the previous value by adding
a constant increment, then it can be proved thaalgeithm converges, as long as the increment is
sufficiently small (for a normalized in [0, 1] powevé& and a typical number of less than 100
users, an increment of 0.001 is sufficiently small). Meeg, if the problem is partitioned so that
there is a single available spectrum area or if ifperithm is executed only for subgroups selecting
the same spectrum arlfg then it can be proved that the algorithm convergegtolal maximum
under arbitrary asynchronous updates [Hua05].

In order to execute the algorithm, every user in the netwedds to know its own SINR and
channel gain, as well as the channel gains and the maect prices announced by other users. The
SINR and the channel gain between a user pair can hdatelt at the receiver and forwarded back
to the transmitter. The channel gains between usersearalculated if receivers periodically
broadcast a beacon [HuaOB| fnessage between Receiveand Transmitter in Figure 7.1). This
information can also be provided on demand through a slyedefined message sent from the
receiver. Thus, in case the transmitter requires chaane information before the reception of the
next scheduled beacon, it can request this informatan the receiver who will respond with the
relative measurements. Finally, interference price wata® be also conveyed in the same manner
(messagep; from Receiveri to Transmitterj in Figure 7.1). Every user announces a single
interference price, therefore the delay that is chiced by the algorithm scales linearly with the
number of users. In a “real” protocol implementationapaeters such as the storage requirements
and scalability of the message exchange mechanism shewaddoessed. Moreover, the overhead
and delays introduced by message exchange should be takeoconstioleration together with
parameters such as timeliness and path optimality (fmreased reliability in message
transmission). However, the algorithm is shown to dpemaatively well even if message exchange
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is imperfect and this property is further improved in owrky therefore an end to end reliability
mechanism is probably not well justified for the cooperaof nodes in an ad-hoc manner.
Moreover, since the MAC protocol itself is not the me®f our work, we assumed a typical range
of delays for the transmission of signaling messageleatadio interface (this is included in the
values of the interference price update time).

Figure 7.1. An example network topology with four tramger-receiver pairs

However, in the original version of the algorithm fr¢Hua05], without coefficienty in (7.1), an
underestimation of interference prices is likely in sooases (e.g. due to problems in message
exchange or increased update time intervals for the intexe prices) and the effect of the
underestimation is the convergence of the algorithm mora optimal solution. Moreover, as the
number of users increases, they are more likely vosd the highest allowable transmission power
level, which is not always desirable since it will ofteesult in increased interference to a large
number of neighboring users.

Therefore, coefficiento is introduced in our work in order to improve the scailgbof the
algorithm if a large number of users are sharing the sp@etrum bands. In such cases the relative
impact of the subtracted term should be enhanced, odethe first term usually dominates even
for a relatively small number of users (e.g. more tB@nand this results to all users selecting the
maximum valid power level. Furthermore, factoralso copes for uncertainties in the message
exchange mechanism, such as large update time intereafs the previous interference price
update (considering that updates are asynchronous for a) aser potential problems in message
exchange due to high mobility. In both cases there isxgedahat the impact of the interference to
others due to the increase in transmission power wilinmerestimated as explained above, thus
factor a needs to avert this scenario by increasing the weifjttteosecond term. In such cases
factora compensates for the underestimation of interferencef &ng defined appropriately it can
result in a system that approximates the case of ‘@férfeessage exchange. Fuzzy logic is well
suited for this since it can handle vague and unclear reqemtsrefficiently and the system can be
easily fine-tuned to exhibit the desirable behavior. Theee if coefficienta is included as a
weight that is multiplied with the subtracted inteeiece term then we derive the following equation
that is the objective we are trying to maximize:
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ui(y(pi"))—am"ZHj" m,-i (7.2)

j#i
7.3 Results

The algorithm has been implemented in MATLAB. The oNetaucture of the implementation is
depicted in Figure 7.2 with each box corresponding to aapa-file. Specifically:

e “Tournament” sets the initial values for the TransmisPower and Interference Price for
every user pair, orchestrates the execution of the atffdes, generates and prints the final
results,

e “lteratedCall” calls “Play” in order to generate thennealues of Power and Interference
Price for each user pair in a complete round of exacuti

e “Play” implements the update of Power and Interferdfoee for one user in a round, trying
to maximize equation (7.1).

Tournament

IteratedCall

=

Figure 7.2. Structure of the algorithm implementation inTMAB

The coefficiento sets the weight of the subtracted interferenceeélterm in equation (7.1) and is
determined before the initiation of the optimization ggh&n “Tournament”) by executing a Fuzzy
Logic reasoner. Specificallyy is defined as 1/100 of the Interference Weight derivedr afte
defuzzification. The Fuzzy reasoner we have used igpd tMamdani”, because this type of
reasoner is intuitive, well suited for human input, tdeiand widely accepted. It receives three
inputs (number of users, mobility level and update timevatdor the interference prices) and one
output (the Interference Weight). The membership fonstiare triangular (selected mainly for
simplicity in calculations) and we have defined threembership functions per input variable,
therefore the number of fuzzy rules &37. The representations of the membership functions for
two input variables of the system are depicted in Figurand3-igure 7.4:

mf1 mf2 mf3
1

05

o}

1 1 1 1 1 1 1 1 1
o 0.1 0z 0.3 0.4 0.a 0E o7 0.a oA 1
input wariable "maobility”

Figure 7.3. Membership functions for input variable “mobileyd|”
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Figure 7.4. Membership functions for input variable “intenfieeprice update time interval’

The membership functions for the output variable “Interiee Weight” are presented in Figure
7.5. In this case a number of five membership functioesdafined and the output value is set in
the range [0, 500], in order to achieve a greater degresatiten and flexibility for the output of
the fuzzy reasoner. The membership functions mfl-mf5 aendive labels “very low”, “low”,
“moderate”, “high” and “very high respectively”.

mif1 mf2 mt3 mfd mfs
1

R 9

I:I 1 1 1 1 1 1 1 1 1
0 a0 100 150 200 250 300 350 400 450 500
output varishle "Interference Weight"

Figure 7.5. Membership functions for output variable “intenfiee weight”

The rule base for the fuzzy reasoner is presented iollbeving table:
Table 7.1. Fuzzy Reasoner Rule Base

Rule Number Users Update Interv Mobility Leve Consequent
1 Low Low Low Very Low
2 Low Low Moderate Very Low
3 Low Low High Low
4 Low Moderate Low Low
5 Low Moderate Moderate Low
6 Low Moderate High Low
7 Low High Low Low
8 Low High Moderate Low
9 Low High High Moderate
10 Moderate Low Low Low
11 Moderate Low Moderate Low
12 Moderate Low High Moderate
13 Moderate Moderate Low Moderate
14 Moderate Moderate Moderate Moderate
15 Moderate Moderate High High
16 Moderate High Low Moderate
17 Moderate High Moderate High
18 Moderate High High High
19 High Low Low High
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20 High Low Moderate High
21 High Low High High

22 High Moderate Low High
23 High Moderate Moderate High
24 High Moderate High Very High
25 High High Low High

26 High High Moderate Very High
27 High High High Very High

As can be seen we have selected the number of usées ttte dominant factor, which has the
greatest effect in the final outcome. This is becauskeifnumber of users is large even a small
increase in the transmission power of a user has tlen@dtto cause increased interference and
reduce the QoS to a large number of users. The update tieneainand the mobility level have
similar weights but different behavior. The first hagsréform effect over the entire valid range of
update times, while the latter starts to affect the outconty after a relatively high level, but after
that point it increases sharply, because only aftetaively high level of mobility users are likely
to underestimate the interference they will cause torstftkie to problems in message exchange,
etc). It should be noted that the rule set of Tablas/derived based on “common sense” and fine-
tuned manually. Future work will include the development néaro-fuzzy controller able to learn
and adapt dynamically the original set of rules based omtim#ored behavior of the system.

The Defuzzification method we have used for generategfinal crisp value is “Centroid”, also

known as “Center of Gravity - COG”. This method determitiee center of the area below the
combined membership function; therefore the final outyt is given from equation (7.3), where
u; are the centers of the membership functios):

L2 Due(uy) du
o > 7 pe (uy) du (7.3)

The defuzzification method takes into account the area \@hole, counting overlapping regions

only once.

The 3D representation of the Interference Weighsgcvialue in the range [0,500]) as a function of
the interference price update time interval and the niphéiel is presented in Figure 7.6. The

coefficient increases if the update time interval eager, because it is likely that transmitters do not
have the updated interference price for other users amdctiease is approximately uniform for the

entire valid update time range. On the other hand, thdideat also increases as the level of

mobility increases. However, in this case the incréaset uniform but begins after a relatively

high mobility level and quickly rises to high levels. Téaehibited behavior is the outcome of the

fuzzy rules defined in Table 7..
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Interference Weight
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muobility o update time

Figure 7.6. Interference coefficient as a functiorhefupdate interval and the mobility level

The 3D representation of the Interference Weight déerifrem the specified rule base and
defuzzification method as a function of the interferemeee update time interval (defined as up to
100 seconds) and the number of users (up to 40 user pairs)estpes Figure 7.7. For the update
time interval we have the same behavior as in the pregmses. On the other hand, the coefficient
also increases with the number of users. The increasgher sharp (as determined by the rules in
Table 7.1) and the value of the coefficient is rising kjyi@ven for a relatively small number of
users. This is necessary in order to guarantee the sitplabthe system, because as the number of
users increases they are more likely to select thenmamiallowable power level, since the first
term is dominant in equation (7.1). Therefore a count#ive is necessary in order to discourage
such behavior and keep interference at an acceptable level.

e
o
=

300 I

200 4 -‘

Interference Weight

100~

update tirme

users

Figure 7.7. Interference coefficient as a functiorheftpdate interval and the number of users

The 3D representation of the Interference Weight &snetion of the number of users and the
mobility level is presented in Figure 7.8. For both pararsete have the behavior explained above.
The overall form of the figure resembles the previowsydver the mobility level is starting to

affect the outcome only after a threshold is crosasdexpected according to the selected set of
fuzzy rules.
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Figure 7.8: Interference coefficient as a function efriobility level and the number of users

The transmission power levels derived from the propokggdidam for a number of 20 and 10 user
pairs i (transmitters and receivers) with random distance d&etwtheith receiver and théth
transmitter is shown in Figure 7.9 and Figure 7.10. Userthsetpower level in order to maximize
equation (7.1). The total “useful” utility for the netwas the sum of the utilities for every user pair.
The algorithm has converged (reached its final steady)stath a total of 24 iterations in the first

example and 19 iterations in the second example. Convergegaaranteed due to the form of the
utility function [Hua05].

The final transmission power levels are selected feomange of values that provides enough
bandwidth for users in distances typical for ad-hoc camaoation (up to a few hundred meters),
therefore resulting in acceptable QoS. The effect & @ptured in the total utility of the network,
Figure 7.11, Figure 7.12 and Figure 7.13. Moreover, for these flgeees perfect message

exchange is assumed, therefore the value of the Irdade Weight is only affected from the
number of users.

1251

Power (dBm)

1ar

1r

1 1 1 1 1 1 1
12 3 4 85 B 7 8 9101112131415 16 17 18 19 20 21
Users

Figure 7.9. Transmission power levels for 20 user pairsnaitiom transmitter and receiver
distances
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Figure 7.10. Transmission power levels for 10 user pairsraittiom transmitter and receiver
distances

On the other hand, Figure 7.14 is explicitly showing therowement in comparison with the
original algorithm of [HuaO5] if uncertainties that causslerestimation of the interference are
present. If such uncertainties are not present thenlghetam behaves similarly to the algorithm
of [HuaO05]. It should be noted that all figures depict ‘teeful” utility of the system, the utility
that is directly utilizable without resulting in poor Qalue to an increase in interference. The
vertical axis in these figures is the achieved usefultytivhile the horizontal axis is the
corresponding experiment number. Each experiment isilleédcl for a random distance between
users, tens up to a few hundreds of meters (typicahéoconsidered system model).

The improvement in the total utility of the networkwie use the proposed algorithm over the
scenario in which every user transmits using the maxirallowable power level is depicted in
Figure 7.11 (calculated for 30 experiments). It is cleat the utility for the scenario in which the
users transmit using always the maximum power level demraigyly from the (random) distance
between the users and for this reasons fluctuations appter graph (the utility drops from 0.7 to
0.62 in some cases). This reduction is significant, sinisedirectly related to a reduction of SINR
and therefore results in QoS degradation. On the b#ret, in the case that the proposed algorithm
is used, the utility function remains more or less stallr its highest value.
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Experiments
Figure 7.11. Utility function for the proposed algorithm (bline) and for the always transmit with
the maximum valid power scenario (red line)
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The improvement in the total utility of the network iEwse the proposed algorithm with FBMC
over using the proposed algorithm with OFDM is depicteBligure 7.12 and Figure 7.13 (both for
30 experiments). The improvement stems from the fattRBMC uses lower transmission power
for the same bandwidth compared to OFDM [Wal08] and thexefauses reduced interference. If
we assume that 3dbm less power is required we derive dpl gf Figure 7.12 while for 6dbm we

get the graph shown in Figure 7.13.
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Figure 7.12. Utility function for the proposed algorithmw#BMC (blue line) and for OFDM
requiring 3dbm more transmission power for the same bitired line)
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Figure 7.13. Utility function for the proposed algorithmw#BMC (blue line) and for OFDM
requiring 6dbm more transmission power for the same bitired line)
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The improvement in the total utility of the network iEwse the proposed algorithm with FBMC
over using the algorithm without the fuzzy logic paramesedepicted in Figure 7.14 (for 30

experiments). We assume that the interference is estilmated by 25% due to problems in the
exchange of the interference prices caused from high yoleNiels of some users, as well as from
a large update time interval for the interference pricee improvement in this case stems from the
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fact that the introduced fuzzy logic parameter compendatetie underestimation by increasing
the weight of the subtracted term.
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Figure 7.14. Utility function for the algorithm with (blued)) and without (red line) the proposed
fuzzy logic parameter for expressing uncertainties
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7.4 Conclusions

We have presented an improved algorithm, based on thetlatgaf [Hua05], for cooperative DSA

in unlicensed bands, utilizing MAC layer mechanisms fossage exchange (“interference prices”)
between the nodes, in order to achieve interferenagatiin. The main improvement in our work
compared to [HuaO5] is the introduction of a coefficiemattis serving as the weight of the
interference term, increasing its impact in casesnperfect message exchange, long update time
intervals for interference prices, as well as incréasember of users. In such cases the interference
that caused to other users by an increase in the tramsmgower of a user is often underestimated,
resulting in a convergence of the algorithm in a nommgd solution. In the presence of such
uncertainties, if this underestimation is compensated pyoperly defined weight parameter, the
system will approximate its optimal behavior as indhase of “perfect” message exchange.

The value of the weight parameter was derived from ayfloac reasoner, because fuzzy logic is
particularly effective at dealing with uncertainties aague requirements. Moreover, the outcome
of the proposed algorithm has been compared to the orgg@iithm in terms of the overall utility
level (defined as the sum of the user utilities) undeeraties that cause 25% underestimation of
interference. Furthermore, comparison was also maiieba the proposed algorithm with FBMC
and OFDM. In this case using FBMC increased the achievat) atild the improvement stems
from the fact that FBMC uses lower transmission pofee the same bandwidth compared to
OFDM [Wal08] and therefore causes reduced interference.

Future work includes further study of the correlation leetavthe utility value and typical network
parameters such as the Bit Error Rate and Probabilitééraodr, which define the end to end
reliability of the system and determine QoS. Moreotrex,rules of the fuzzy logic reasoner will be
refined and methods for automatic update of the fuzzy milebe proposed (e.g. utilizing a neuro-
fuzzy controller). Finally, parameters such as fairrmegsscalability will also be investigated.




ICT-211887 Page 99 DeliveraBld

8 Decentralized dynamic spectrum allocation in
uncoordinated cognitive radio networks based on
adaptive antenna array interference mitigation
diversity

Dynamic spectrum or channel allocation can be antafeegvay to increase spectral efficiency of
wireless communications systems [Zha07], [Ges07], includelylar [Kat96], WLAN [Mal05],
WIMAX [Ash07], and ad hoc [Sri05], [Nee06], [Zey07] networksSA may be implemented using
explicit coordination between access nodes, which islynssitable for cellular systems [Kat96] in
a licensed spectrum. In an unlicensed spectrum [EtkO7] @ygnitive radio systems with primary
and secondary users [Hay05], channel allocation has perfemed by each (secondary) provider
in a decentralized autonomous way [Ash07], [Zha05].

A DSA strategy may be focused on maximal interferenc@dance. For example, in [Ash07], a
multichannel version of the carrier sense multipleeeas collision avoidance (CSMA/CA)

algorithm operates by selectively activating or deactigagimups of OFDM sub-carriers separated
by the guard bands in the WIMAX system [802.16-04]. In the nmbstesting scenario, where the
total number of SSs that belong to different closelgated but not explicitly cooperating

subsystems exceeds the number of available bands, j8iAtddd multiple-antenna interference
suppression may be required.

A spectrum sharing problem in multiple input multiple outpdMO) systems is addressed in
[Ars07], [Scu08-1], [Scu08-2], [Scu08-3]. Based on game theoiyshown in [Scu08-1], [Scu08-
3] that local selection of the covariance matricetheftransmitted signals that maximize data rates
of MIMO links subject to the power and interferencehe primary users constraints, converges to
Nash equilibrium (NE) from which every user is notlwg to unilaterally move. Furthermore, the
uniqueness of the NE is established in [Ars07], [Scu08-2] subjestome constraints on the
interference level.

In the general case, local “selfish” (greedy) maximiiza of data rates cannot guarantee
convergence to NE, for example, as demonstrated im(QVje Particularly, this is the case for joint
iterative greedy DSA and beamforming in MIMO ad hoc neksoln [Zey07], simulations show
good results for such a network based on the “selfish” BEIAMIMO beamforming [Itl06], but its
convergence cannot be guaranteed. In [Zey08], it is pomtiedhat this makes such a solution
“useless from a practical perspective”.

One way to overcome this difficulty could be some coafgen in channel allocation at the MAC
layer supported by beamforming at the PHY layer. In [ZeyBB&nnels are selected taking into
account the interference seen at the receiver nodselass the interference that this transmitter
node causes to other nodes in the network. Then, theigeEnce is established by means of game
theory. Generally, explicit MAC layer cooperationweéen nodes significantly limits applicability
area of such networks.

Another approach to address this problem is explored in(&d, [Kuz09-2], [Abr09] and
summarized in this chapter. The main idea is that cgewee with probability one to a certain
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stationary (equilibrium) point or even existence @& timique NE, are not necessary for a particular
algorithm if we are able to demonstrate:

* an overwhelming majority of stationary points withfeuéntly high steady-state
performance over few inappropriate ones;

» sufficiently high probability of the reasonably fagj@ithm convergence compared with a
tiny probability of non-convergence (so called ergodic binpor slow convergence.

Therefore, our approach is that if the probability aofe@gence to appropriate stationary points is
high compared with the probability of convergence to inap@tgpoints or non-convergence to
fixed points, then the suggested approach may still be dremtethe one with a “practical
perspective”.

To achieve the discussed above properties in the consigeoblem, we introduce new “good
neighbor” strategies that can be viewed as some kindulefregulated cooperation [Cao08]
between spectrum sharing nodes without explicit dataagxghbetween them. Particularly, a “good
neighbor” strategy at each iteration minimizes a nemmi¥ changing channels subject to some
quality of service (QoS) constraints. Minimization bétchannel switches reduces non-stationary
interference in the network leading to faster and meliehle convergence especially for a high
number of users.

It is worth emphasizing that to demonstrate achieveraétihe required properties, we need an
analytical tool additionally to conventional simulaits For example, fast convergence from some
initial states cannot guarantee the same for othermlingiates or non-convergent and slow-
convergent behaviors cannot be practically distinguishethégns of simulations for the given
propagation scenario. Theory of absorbing Markov chaimgs, fKem66], provides us with the
required tool. For the given channel realization ibwal classification of the network states in 3
groups: transient, absorbing and ergodic, and gives arslgipressions for probabilities and
convergence rate to all the absorbing points (desirabiwecgent behavior in the considered
system) and ergodic subchains (non-desirable non-convdygeavior) from all initial states.

Specifically, we consider DSA in the uplink interfereficeited environment with a number of
wireless systems consisting of multiple-antenna BS$ associated single-antenna SSs. These
systems may belong to different providers, they are syochronized, and do not explicitly
cooperate in a centralized fashion. Frequency channelssircase can be formed in an OFDM-
based, e.g., WIMAX [802.16-04], system by an appropriate sukeicallocation with guard bands
for preventing energy leakage between channels allocatedsimchronized users [Ash07] or in
spectrally efficient FBMC systems by using frequencyciife filters for adjacent channels, which
is the main subject of the PHYDYAS project.

Since the number of available bands is less thandfs number of SSs, some of these SSs
belonging to different subsystems have to share the Bameency. For any given allocation made
by all other BSs, a BS under its DSA adjustment carcatie its users to frequencies such that
under adaptive receive beamforming, the required signakéoféerence-plus-noise ratio (SINR) is
achieved. Note in this regard, that if all interferencengonents arrive at an antenna array via
propagation channels that are almost orthogonal to tkeedesignal, then even a powerful
interference is not a problem, since it can be @affelst suppressed at the receiver. In a free space
environment, this means that interference directiorariafal are away from the adaptive antenna
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main beam steered to the desired signal directionh®wrdntrary, even a weak interference in the
main beam direction may cause significant performaeggradation. Therefore, an IM-based DSA
algorithm at each subsystem should allocate bands tesérs, such that the propagation channels
from the users to their BSs are as orthogonal asilgesto the active interference propagation
channels. We refer to such a variety of IM options as adatrray interference mitigation
diversity. The main problem here is that any decisionanagd a given BS regarding frequency
allocation of its users may have an arbitrary impacinterference scenarios for other BSs, due to
the non-reciprocal nature of propagation channels fren$®s of a given subsystem to other BSs.

To prove our approach viable, we first analyze the potegioddal performance of the considered
IM-based DSA assuming Rayleigh fading with no pathloss and shagl@ffects. Comparison of
the global bounds for the extreme interference lim#eghario with the global performance in the
“no interference” case shows the overall IM divgreffect in the considered system. Global
performance bounds can be used as the ultimate benclionadkferent (not globally optimal)
DSA algorithms including the ones with MAC layer coopematbetween nodes as well as the
decentralized algorithms introduced in this paper. Furthermdine locally estimated “no
interference” performance can be used for on-linectiele of QoS thresholds for the proposed
“good neighbor” strategies in the general propagation seewdth pathloss and shadowing.

For a relatively low dimension of the system (in teraf a number of BSs, SSs, and available
bands), we analyze the performance of the introducelhigues by means of the theory of
absorbing Markov chains. For higher dimensions, we rely u@tt statistical simulations, yet
considering the trends established by the Markov chainytheor

The system model and problem formulation are given icti@e 8.1. In Section 8.2, global
performance bounds are derived. The rule-regulated “good meigtdecentralized IM-based DSA
technique is proposed in Section 8.3, while in Sections 8.ihtnaduce its modified versions with
additional power control. Our results on absorbing Markwairc modeling for a low-dimensional
system are presented in Section 8.5. Behavior of mixedones with a number of “selfish”

subsystems that are not willing to follow the “good neighboies is studied in Section 8.6.
Simulation results for higher-dimension systems iffecent stationary and non-stationary
propagation scenarios are given in Section 8.7. Se8t®bsummarizes the results of the chapter.

8.1 System model and problem formulation

The considered system consists Mf independent subsystems containing base sta@$)s,
n=1...,N and corresponding use&S, ,m=1...,M, whereM is the number users per BS. A

system model is illustrated in Fig. 8.1 fir=M = 3. Users transmit data to their BSs using one of
the F > M available frequency channels. BSs have full infstiom and control of their own users.
In particular, they can estimate propagation chisnire all the available bands and assign the
individual bands and transmit powers to their ovgera. Assuming for simplicity narrowband
channels, the signal received by an antenna arfrdy elements for thenth subsystem can be
expressed as follows:

N M

an (t) = zzafqumhdmmlnSm(t) +an (t)’ n :l"" N’ f ::L-'-’ F, (81)

1=1 m=1
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where x,; (t) is the K x1 vector of the signal received &S, in thenth band at theth time
instant,h,, is the Kx1 vector of propagation channel BS, in the f th band from theanth
user of thel th subsystems, _(t )s theSS, transmitted signal wit&{| s, (t)['} =1 andqg?, is its

M
power with constrainthﬁm:Q, n=1...N, z,() is a Kx1 vector of AWGN with

m=1

E{z, )z, )} =07, d. is thenmth element of theNxM decision matrixD denoting the

frequency band assigned &8, ,E{(}is the averaging operatqf)] is the conjugate transpose
operation,| , is the K xK unity matrix, and

g :{ =l (8.2)

BS,
s & &
SS, I§ SS, ss
BS, IS%

Figure 8.1. System model for horizontal CR scenario

A global performance metric, which cannot be edt@uidocally at eachBS, , is defined as the data
rate for the weakest link in the system

y= - r“rnun Iogz[1+SINR(D)], (8.3)
where
SINR(D) hd mnn d, nhd mmnn (84)

is the SINR at the output of the optimal spatififor the nirth user and

N M 5
zzadnmd qu dj jin dIJ jin to IK (85)

i=1 j=1
i£n

is the K xK interference covariance matrix B6, in the band occupied [8S,, .

The main system assumptions are as follows:
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- BSs allocate different bands for all users in thebsystems, i.e., all rows in matrix
contain different elements.

- Rayleigh propagation channdis,,, are stationary independent random Gaussian vectors
hOCN(,071,), (8.6)

where g? =1 is assumed at the beginning to emphasize interferemitedi scenario and

derive performance bounds. Then in Section 8.7/2is a random variable according to the
pathloss and shadowing models for particular system gepmetr

- BS,,n=1...,N know R, andh
information onR ; andh

for m=1....M, f=1...,F, and have no

fmnn

for j#n.

fmnl

- Space-time spectrum sensing is required at &&:hto obtain the interference covariance

matrices (8.5) in all the available bands. To ds, thve assume that all users can transmit
data signals or stay silent during data and sensiegvals controlled by the BSs.

(Generally, users can transmit training data dutfiregsensing intervals for direct estimation
of the antenna array weight vectors. This problegomes important for analysis of finite
amount of data effects, which will be studied ia tiext deliverable D8.2). Furthermore,
focusing on the cognitive radio effects, we asstiméthe sensing intervals for different
subsystems do not overlap and the interferencerieow@ matrices are estimated accurately
during corresponding sensing intervals. A low piolity of overlapping of the sensing
intervals can be achieved, for example, by meamnarafom duration of the data intervals as
illustrated in Fig. 8.2.

- At the beginning, constant powgf, =Q/M for all users in the system is assumed, i.e.,

locally selected frequency bands are the only aalpls parameters. Power control is
discussed in Section 8.4.

Subsystem_1 r I I I
Subsystem 2]] i i i i
Subsystem 3 < 1 | |

Sensina interval Data interval
Figure 8.2. lllustration of space-time spectrumsgagwith random duration of data intervals

The problem is to estimate the potential globafqyerance of the IM-based DSA algorithms as
well as to develop and analyze decentralized dlyns for selection of the decision matiix that
with high probability achieve reasonably fast caogemce to acceptable steady-state global
performance (8.3).

It is worth emphasizing that the considered systemfiguration is relevant for both vertical
(primary and secondary users) and horizontal (mogry users) CR spectrum sharing approaches.
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Particularly, in the vertical CR case illustratedrig. 8.3 (Fig. 1.2 in Section 1), we can assume that
a set ofF bands available for secondary users is defined byeetrspn sensing system. If some
primary users change their bands, then the sensing oufooresecondary users can be interpreted
as random change of all propagation channels in some.lf&ffidgency of the developed solutions
in such a dynamic CR environment is illustrated in Sec8oh3 for Poisson model of band
changes.

I I gssm
= LT T
SS, SS, I Primary users

s SS;,

g Isss Ipl

Figure 8.3. System model for vertical CR scenario

8.2 Potential performance of IM-based DSA

Potential global performance of the system defined ewcti®n 8.1 is analyzed hereafter for
interference limited scenario with Gaussian chanrgl6) (ando? =1 [Abr09]. This assumption
allows us to derive analytical bounds for the globalgrenince that can be used for assessment of

decentralized algorithms in the challenging scenario stithng interference that must be mitigated
by an antenna array in order to enable reliable signaptiece Particular realistic propagation

conditions with variables? for different users are analyzed in Section 8.7.2.

Let us recall that the performance of the best possibtgpuency allocation is specified as the
potential global performance. Withl users at each BS arfé available bands, there ang,
different options howM users could be allocated over bands at a given BS. Since there Hre

|
such BSs, the total number of all different allocatiasn(A])", where A;, :ﬁ. Strictly

speaking, we have to search the best allocatiomagrati (A, )" of them. We actually consider

such an exhaustive search while conducting direcnt®tCarlo simulations to support our
analytical derivations.

Now, our goal is to derive statistical charactersbf the best allocation. From statistical pat
view, it is quit evident that this search may befqgrened over a limited subset of all options.
Indeed, the set of all options includes even thesavhere some frequencies are used by all BSs and
some of them are free. Obviously, the probabilityhese allocations being the best ones in terms
of criterion (8.3) is negligible. In fact, stattily, at least for channels described in (8.6)s it
straightforward to demonstrate that SINR degradéb thhe increased number of interferences.
Therefore, we have to consider search only amdaogadions, where the number of maximal users
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per bound is minimal. To achieve this, we need to distriallt&élM sources oveF available
bands in the most even way, so that the maximal nuofl#®&Ss per band is equal to

_[Nm
No_[ = 1 (8.7)

where[ [ is the least integer (*ceiling") function.
Obviously, the total number of BSs that have to operéte Mj users in one band is equal to

N, =MN-F(N, -1). (8.8)
The number of different allocations df, users of different BSs among totally BSs is equal to

A

C,ﬂo, whereC,Z‘0 = N For each such situation, particular users from eaeblved BS may be
o

selected inM ™ different ways, and then be allocated to oné=o#vailable bands. Therefore, the
total number of all different allocations &f, users per band is equal to

L=FC{M™. (8.9)

Generally, thesé. different allocations could not be treated as stedity independent since some
subsets of them may be repeated. In the following statisanalysis, we ignore this dependence
and treat (8.9) as the number of independent allocatiadinig to optimistic nature of our
statistical bounds.

We estimate the performance of the best allocatioer d. independent options of,
simultaneously activated bands wiN) signals per band, ignoring all othBM —N N, users that
could be evenly distributed over remaining bands with aitriNg — 1 users per band. By doing this,
we ignore a tiny probability that the best allocatadnN, —1 sources could give lower SINR than
the best allocation olN, sources per band.

To find the SINR pdf, we need to address two criticallifedent situations, depending on the
available number of antennas:

K=N,, (8.10)

K <N,. (8.11)

In the first case oK 2 N,, an antenna array at any BS is capable of completehaonel
interference suppression and SINR maximization seafohasich an option, where for the weakest
user, theN, — linterferer propagation channels are most “orthogdoahe propagation channel of

the useful signal. Therefore, interference mitigatiothis case is associated with the least possible
signal-to-noise (SNR) degradation.
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In the second situation df <N,, the SINR maximization is searching for the case wtitleee
N, —1 interference channels span a smaller subspace that d@omain the channel of the useful

signal, to make spatial processing efficient and leadingndximization of the lowest SINR over
N,N, users.

It is clear that forK >> N, and K << N, the situation is back to the best diversity and |éatst
interference power selection respectively, while thetraballenging scenario is with

K=N,. (8.12)

For this reason, let us address the two regimes (8.10) d) &eparately, focusing on scenario
(8.12).

8.2.1 SINR pdf for K =N,

Let us simplify the notations for the interferencasphoise covariance matrix and SINRin the
considered case o0fN,- 1co-channel interferences with the propagation channels

Hy« = [hl,“.,hNo—l] :

No-1
R=02 Y hh +d%l,, (8.13)
=1
* No_l *
V:ﬂsho(lK +:uintzhjhjjh0’ (8.14)
=1

whereh, is the propagation channel of the desired sigaak o>/o0® and i, =0’ | o*are the

int
SNR and interference-to-noise (INR) ratios, anld,,h;,...,hy 4 ~CN,, Q1) is a set of
independent Gaussian vectors.

According to the matrix inversion lemma [Gol96], the BRIK8.14) can be expressed as

x <\
V= ,Usho(l k i H No—lH No—l) hy =
= ,Ush;[l «k ~H No—l(H :\10—1H No-1 +lui;11t| No—l)_lH:VO—l]hO = (8.19)
= ,Llsh;[l «k —H No—l(H :\10—1H No—l)_lH :uo—l]ho
for y., >>1.

The normalized SINR, = 1'v is distributed according to thé® law with 2(K — N, + 1) degrees
of freedom [Fos98]. Taking into account thagif>a andb <a for all i1 then mDilnai >a and
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mD?TtxbI <a , the probability that maximum ovér independent situations of the minimum SINR

over N,N, users is belowr , is equal to

NN,
Pro maxminSlNR<aj{1—P{i,Noj } . (8.16)
U

L NoN; A

According to [Gra94], we obtain

o ~9 K-N, j
P{i, Noj =t [y*wevgyzer y ~ I, (8.17)
:us r(K_NO +1)£ j=0 JI :us

Hs
where X? distributionw(y) = (K - N, -1) ' y* e is used, and™(a) is the gamma function.

For K =N,, we get

L NoN;

a L
_NlKi
Pro maxminSINR<aj:[1—e ”S} : (8.18)

Another “no interference" bound can be derived lgirtyi to (8.16) assuming that subsystems do not
interfere to each order. In this case, the glolesfgpmance corresponds to the minimum oier
subsystems of the maximum of the minimum SNR fahez them:

MAL

M
Prot{mNin maxmin SINR < aj =1- 1{1— P{i ;Lj } , (8.19)
A

S

where N, = lactive user in a band is taken into account ibA8.Comparison of bounds (8.18) and
(8.19) that correspond to the extreme interfereleaels in the system can be useful in the
considered case oK =N, . Furthermore, “no interference" performance can dspecially
important because it can be estimated locally fmhesubsystem for arbitragy’ as exploited in
Section 8.7.2 for on-line selection of the QoS $hodds.

8.2.2 SINR pdf for K <N,

Here, the main difference compared to Section 82that the interference cannot be suppressed
completely because of lack of degrees of freedoakinD into account that;,, >> ,lwe assume

that the noise effect is negligible in this case. (8.14) can be approximated as
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No—1
v:,uhf{Zhjthho, (8.20)
j=1
where y=0?/0?, is the input signal-to-interference ratio. Then, adiwy to [Ree74], we get the

following SINR distribution in the case tify,h,,...,hy , ~CNy \ (01 ):

_ 1 K-1 -N,
W(y)_B(KT)—K)y a+y), (8.21)

where B(a,b) is the beta function [Gra94]. Therefore,

a 1 [ oKka -N
Pl— N, |l=————— 1+ °dy=
1(’u OJ B(K,NO—K);[y @+y) y

G

" (N, —K)B(K,N, - K)

W

(NO—K)B(K,NO—K)(HG
u

F[NO,NO ~K;N, -K +L—§j:

JNO_l F[—K+l,1' NO—K+J;—§}, (8.22)

where F(a,b;c; z ) is the hypergeometric function [Gra94].

Then, the global bounds can be found similar t@g8.(8.18). Particularly, in the most interesting
caseN, =K+ ] we obtain

vl Al
H(E,K+1J: H . F(—K+1,];2—£j:1— £\
H a H 1+9
B(K,N, -K)|1+—
U H
and hence
K K+ ) -
a
Proly maxmin SINR<a |={1-|1-| —#_ : (8.23)
L NN a
0'N1 1+7
7,
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Now, the derived expressions together with the paramdtdined in (8.7) - (8.9) can be used as the
performance bounds for a given system configuration. usetllustrate them in the following

example of the system specified in Section 81=5, M =2, F=3, Q=M , ando? = 001.
According to (8.7) - (8.9), we findN, = ,4N, =1 andL =240 in this case. The upper bounds

together with the global performance found by meanis exhaustive search among all

(A{A )N =7776 solutions in this case are plotted in Fig. 8.4 for4 and K =3 using (8.18) and
(8.23), respectively. The actual global performarcestimated over 200 trials for independent
channel realizations. For comparison, performancénfiependent random allocations of the bands
is presented in Fig. 8.4 as well. The bound fodoan allocation is calculated as follows:

Prot{min SINR<aj:(A§ )‘”iLjﬁj @), (8.24)

where J is the number of variants of different band ocawya e.g., in the considered ca%e 5

for
[4,3,3], i.e., 1 band is occupied by 4 users an&s are active in each of 2 other bands, [4,4,2],
[5,3,2], [5,4,1], and [5,5,1]}; is the number of scenarios for theh variant, which can be found

similarly to (8.9),8;(a) can be derived from (8.17) and (8.22) for1 corresponding to each

variant of band occupancy.
One can see that both bounds are close to theatstinperformance in Fig. 8.4. As mentioned

above,
the main reason for some mismatch for the globahtas that not all oL different solutions with
N, =4 are independent and only a subset of all possitlletions corresponding to the bands with

N, activated SSs, is taken into account.

5 Base Stations, 2 users per BS, 3 bands, SNR=20dB
1 — P 1 : ‘ = i
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Figure 8.4. Global and random solutions féy =

MinRate, bits/symbol

: K =3 (left) andK =4 (right)
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The global bounds for different system configurationd éred N, = 4 are shown in Fig. 8.5

together with bounds (8.19) to compare with the virtualitterference" case. One can see that all
the bounds move to the right for higher-dimension systbatause of the increased number of
situations to select from. The difference between bou(®i48) and (8.19) forK =4
(approximately 2 times in SINR in Fig. 8.5) corresponds tootrerall interference impact in the
globally optimized system. Bounds (8.18), (8.19), and (8.@@)esent the ultimate performance in
the considered system that can be used for assessiamnty gractical coordinated as wells
decentralized IM-based DSA algorithms.

N=5, N0:4, SNR=20dB

1 T T

0.9

0.8

Prob (MinRate < x-axis)
o o o o
S 0 =) ~
T T T T

o
w
T

o
N
T

K=3

o
e
T

o
o
[
N

Minimum rate, bits/symbol

Figure 8.5. Global bounds for different system configuratanfixed N, = 4for K =3 and
K=4

8.3 IM-based DSA algorithms

8.3.1 “Selfish" IM-based DSA algorithm

A basic element of an IM-based DSA algorithm is a ls=srch of the band assignment. In the
considered system, a “selfish” searchdqfcan be based on local maximization of the minimum

SINR independently for eacBS; :
Rh (8.25)

fomnn ¥ f 0" " fomnn?

d, =argmax min
m=1...,M; f Ob; fm¢fq,q:],.A.,M ,gzm
where R, is defined in (8.5)d,=[d,,...,d,, lis the 1xM vector of different elements

representing thenth row of the global allocation matri®, and ® =1,...,F is the set of all
available bands. Local search (8.25) will be reféito asnaximum minimurMaxMin) search.
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The exhaustive local search ov4], options required in (8.25) may be computationally very
expensive even for moderate valuesMbfand F . Simplified search algorithm can be applied at
this stage to find suboptimal solutions, such as a maximemegit search ol

d.., =argmax min h. Rh (8.26)

FO0; 20y, gy T M AN
for m=1,...,M.
The “selfish” algorithm can be summarized for tiéh subsystem as follows:
* Sensing interval

Step 1EstimateR ,, f =1,...,F;

fn s

Step 2 Find d,, according to (8.25) or simplified search algorithm.g., (8.26), and assign
bandsd, to S§,, ,m=1...,M;

Step 3 Calculate the optimal Wiener spatial filters [M8@ for interference suppression at
the sensing BS

R;lnhd mnn
w, = oo ,m=1.... M. (8.27)

nm * -1
h dnmmnnR dymn” " dymnn

+ Data interval

SS,, ., m=1...,M transmit data in bands assignedif

BS, receives data with the optimal weight vecters, m=1,...,M for interference
suppression.

Generally, convergence of decentralized algorittong stationary point can be guaranteed if some
kind of “energy reciprocity” condition can be ségs, which means that a local decision should
improve not only local performance, but also nogrdee performance of other nodes, as in the
interference reducing network [Nee06]. This is tio¢ case in the considered system, where
activation of some band in one subsystem may sogmfly degrade performance of other
subsystems, depending on propagation conditions. bans that, generally, there is no reason to
expect good convergence properties or even comveegiself of the “selfish” algorithm in this
case.

The main disadvantage of the “selfish” algorithnthiat in pursuing the best results for its own BS,

the interference environment of other BSs keeps@gihg, leading to poor convergence for the

whole system. Furthermore, it does not allow anmytrad of the convergence properties, such as a
trade-off between convergence probability and cayesece rate, and the global performance.
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8.3.2 “Good Neighbor” threshold-regulated IM-based DSA algorithm

The main idea is to prevent selection of new bandsrae 8S if its SINR is already above some
thresholdy, and minimize the number of new band allocations to @ehtee given threshold

[Kuz09-1]. This approach introduces two new features of IBeddDSA:

» Comparison with the performance threshold leadingrestiold-regulated algorithms;

* Minimization of the number of new band allocations coregdo the current ones.
Both these “good neighbor” features may reduce non-statjointerference in the network and
improve convergence properties compared to the “selfisporihm. So, our objective is to
introduce the “good neighbor” algorithms and study the effetitese features separately.

The search problem af,, can be formulated as follows:

M

d, =arg min > Isign(f, —do)I, (8.28)

m=1...M; f,0d; fm¢fq,q:1,..A,M ,gzEm o

subject to

Iogz (1+ h*fmmnnR ;inh fmmnn) 2 yO ' (829)

whered? is the mth element of the current band allocation veatf}t before the current sensing
interval atBS, andsign(a)={-1,0,1} is the sign function.

A search procedure in (8.28) will be referred torasimum switc{MinSwitch) search.

Again, exhaustive search in (8.28), (8.29) may beftfeasible. One possible simplification, based
on a partial search over a subset of all possieations[d, ., mOM  ]when the number of users

with SINR below the threshold is low, is as folloj#t1z09-2]:

d, =arg min > Isign(f, —dO)], (8.30)

MM f0®g; frn % fy, dOMg, gzm MM

subject to (8.29), wherb  is the set of users selected for search, whicludes all users with
SINR below the threshold, ardl, is the set of bands selected for search, whicludes all the
bands currently occupied by the users frivin and, possibly, some of bands not currently ocalipie
by the nth subsystem.

The “good neighbor” threshold-regulated algoritham e specified by adding two more steps to
the algorithm in Section 8.3.1 after Step 1 andifgod) Step 2:

* Sensing interval

Step 1EstimateR,, f =1,...,F;

fn




ICT-211887 Page 113 DeliveraBld

Step laCalculate

*

RLh, ) (8.31)

Vo= Iogz (1+ mgl“n,\,, hdé?n)mnn d%n" " d®mnn
Step 1blf y, =2 y,, then go to the “Data interval’ stage without updatthgandw ., ;
otherwise, go to Step 2;

Step 2 Find d,, according to (8.28), (8.29) or form sé¢l, and ®_, and apply simplified
search according to (8.30), (8.29), then assign bdpde SS,, ;

Step 3 Calculate the optimal weight vectors according8t@T).

It is worth emphasizing that a threshold-regulated appra&o can be implemented based on the
MaxMin search, where the best local bands can Hecated only if some of the user's SINRs fall
below the threshold. However, even in this case, thgNin search may reallocate many or all the
users even if only a few of them actually need thatatsfy the threshold. Thus, it is expected that
the MinSwitch search may show better convergengeeagslly for high-dimension systems. The
corresponding algorithm will be referred to as a “goodyhtsor” with MaxMin (GN-MaxMin)
search.

It is clear that selection of the threshgfkgl is critical for the “good neighbor” algorithms. The

difficulty is that in the general propagation scenavith arbitrary o, one precalculated threshold

may not be suitable for different subsystems. Our propssd@o use locally estimated “no
interference” performance for on-line selection & thresholds:

Yoo = max minq)U_z ”hfmmnnllz’ 832)

2% ;0

where0<a <1 is a weight coefficient that controls convergencepprties of the algorithm. This
choice is based on expectation that O N, the interference limited and “no interference”

performances are closely related as illustratedgn &b.

8.4 Power control for IM-based DSA algorithms

Normally, in wireless systems, power control is reggiito reduce the overall interference. It is
important to note that in the IM-based DSA case theason may be very different fak = N, .
Indeed, if the interference can be cancelled by an antamag (K = N,), then the SINR at the

output of the optimal spatial filter practically doest mepend on the interference power in the
interference-limited scenario as shown in (8.15). Thiamaghat power control can be performed at
eachBS, for its local usersSS, , m=1...,M practically without affecting other subsystems

[Kuz09-2].

Some options for the local power control could sdadlows:
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*  “Water filling” power control to improve the weakest# link for the given power
constraint:

1

SINR, ,
O = Qg7

o
ZSINRm

m=1...,M, (8.33)

1=1

M
where Q= qum is the total constrained power a8tNR, . is defined in (8.2).

m=1

» Power saving control to increase battery life &&,, , e.g., for the threshold-regulated
algorithms:

2% -1

£ m=1..M. 8.34
SINR__ L (8:34)

O =
» The required QoS based power control, for exantplprovide some users, e.§S3, with
the targetSINR,,, if it is possible withg’, < ¢Q, 0<¢ <1:

targ

Ou if O5 <6Q
qfﬁ{ (Qlif e Q' (8.35)
O 2
1
SINR,,
U= Q) 7" M=2.., M, (8.36)
.Z:;stm
SINR
where g3 = 20,
SINR,

Clearly, in (8.34)-(8.36)y, can be replaced with,, defined in (8.32) in the general case of
arbitrary o} .

It is worth emphasizing that the presented powatrobapproach for IM-based DSA is not directly
applicable in theK <N, case because interference power significantlyceff8INR if interference

cannot be effectively suppressed by an antenng.adther power control techniques are required
in this case, which could be a subject for futuoeky
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8.5 Using absorbing Markov chains for analysis of the IM-based BA
algorithms

Qualitative reasoning presented in Section 8.4 suggestshehairoposed “good neighbor” IM-
based DSA algorithms should significantly outperform teelfish” solution. Now, our goal is to
verify that by means of analysis of the performancéefdecentralized IM-based DSA algorithms
for given stationary propagation channels. The theoMarkov chains, e.g., [Kem66], provides us
with a tool to do this.

8.5.1 Markov chain model for IM-based DSA

To formulate a Markov model we assume that all possibi¢A;, )" different allocation matrices
D,,i=1...,1 form states of the Markov chain. For a given statesensing of therth subsystem
transfers the system to stdbe depending on the given channel realization and @&@rithm,
where j, O[L1 ], including j, =i. Repeating this procedure for=1...,N, a set ofD; can be
found, where not allj, may be different. It is worth emphasizing that fbe stationary channels
and known local second-order statistics as assum&ection 8.1, each, can be transformed to
the unique stat®, as the sensing outcome at tith subsystem. This means that e&xhcannot
be transformed to more thaw different states.

Assuming that, at each sensing interval, one rahdeetected subsystem is sensed with probability
P....= N7', the nonzero elements of the| transition probability matri® can be defined as
follows:

Py = 9jPsensi =1...,1, ] OQ, -38)

where 1< g; <N is the number of outcomes of sensing trials frdm itth state atBS ,
n=1...,N, leading toD; =D;, Q isasetof]J <N state indexes corresponding to the number of

different sensing outcome®; , and Zgj =N. If sensing at each oN subsystems leads to
joQ

different states for the given initial state, thedhthe corresponding states get equal probalsilitie

P.ns- |If SOme of the sensing trials lead to the samtcawoe, then this state gets increased

probability according to (8.37). For example, if fd =5, sensing at BS, BS,, and BS leads to
the same state for theh initial state, e.g.j, = j; = ], and sensing at BSand BS, gives other
outcomesj, and j,, theng, =g; =1 and g; =3 leading toJ =3 nonzero elements in theh
row: p;, =p, = 02, andp; =06.

The transition probability matri¥ is a sparse x| stochastic matrix with maximurl nonzero

|

elements in a row, such thgt: p, =1 fori=1...,1, which completely defines the Markov model
i=1

of the considered system.
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Certainly, application of Markov analysis is possibtdyofor reasonably small values o , F
and N . Nevertheless, analytical study can give us usefokindtion on the algorithm properties
that could be further investigated by means of simulatinnsiore complicated scenarios as in
Section 8.7.

The Markov theory, e.g., [Kem66], provides us with ana®ytexpressions for the convergence
probabilities and rates for an absorbing Markov chain, hwhas at least one absorbing point with
transition probabilityp, = land all other states are transient with non-zeobatsilities to transit

to one of the absorbing points not necessarily in one §ge difficulty is that in the general case,
the Markov chain may contain ergodic subchains withestahat can transit only within
corresponding subchains. Obviously, in the considered agpiplicof Markov theory, situations
with no absorbing states and/or with ergodic subchaimnistea non-zero probability of undesirable
non-convergent network behavior.

To apply the theory of absorbing Markov chains to our probleemeed the following:

- calculate a transition probability matrix;

- classify all the states into three groups: transids#piing, and ergodic;

- estimate the global performance for the absorbingsstate

- if ergodic subchains are found, then transform theainitiarkov chain to the reduced size
absorbing Markov chain by means of replacing the ergotichauns with the
corresponding absorbing states;

- calculate probabilities of absorption by the absorbintgsté@lesirable behavior) and ergodic
subchains (undesirable non-convergent behavior), and cal@vatage convergence rate
rates for all possible initial states.

Classification of the states can be based a Booler:;suas;@wtatiori5 of the transition matridP with
elements

(8.38)

__[1if g >0
% =oit p, =0’

with iterative application of the following four las [FOx68]:

(a) State is absorbing if and onlyfif = ahdp; =0 forall i # j;
(b) If State j is absorbing and; =1, then Staté is transient;
(c) If State | is transient an@kj =1, then Statek is also transient;

(d) If Statei communicates with Statg and State] communicates with Statie, then
Statei communicates with State.

The classification algorithm [Fox68] searches fetssof communicating states and replaces them

by their respective unions, reducing the dimensibthe initial matrixP . Ergodic subchains are
identified when a set of communicating states psks into an absorbing state.

When all the states are classified, then the absprilarkov chain with th&l, +1.)x (1, +1, )
transient probability matriP, can be formed by means of replacing all the egysdbchains, if
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they exist, with absorbing states, whére> isOthe number of absorbing states including the
actual ones and the collapsed ergoding subchains ifetkisy I, is the number of transient states,
and |, +1,<1.

For a givenP,, the probabilities of convergence to the correspondasgrding states can be found
as follows [Kem66]:

E=CB, (8.39)

where E is the |, x|, matrix of convergence probabilities from each trarsistate to each

absorbing pointA and B are the I, x1, and |, x|, components of the canonical forR of the
transition probability matrix

p=|t B 8.40
=g 1 | (8.40)

andC=(l, -A)"isthel, xI, fundamental matrix oP, .

The average number of iterations (sensing intervals ic@se) before absorption is
t=C1, 48)

wheret is thel, x lvector of the average number of iterations before abearfrom each initial
transient state, antl is a |, x 1vector of all ones.

8.5.2 Analysis of low-dimensional DSA networks

Now, for the given system configuration and propagatiommbis, we can analyze the steady-state
and convergence performance of the algorithms presenteections 8.3.1 and 8.3.2. Similarly to

Section 8.2, we present the results fo=5, M =2, F =3, K =4, andg? = 001.

Fig. 8.6 illustrates distribution of non-zero elert®e of the canonical forms of the transition
matrices for the “selfish” and threshold-regulagdgiorithms based on exhaustive local search. No
ergodic subchains were found in this example. Cme see that introduction of the threshold
dramatically increases the number of absorptiontppas expected.
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5 absorbing states 894 absorbing states 3637 absorbing states
0 . : . 0 . . y 0
2000 2000 1 2000
4000 4000 1 4000
6000 6000 1 6000 \
. . . . . R
0 2000 4000 6000 0 2000 4000 6000 0 2000 4000 6000

“Selfish" | 5 5 bits/symbol threshold |894 4 bits/symbol threshold 3637

Figure 8.6. Examples of transition probability matrices
for N=5, M =2, F=3, K=4,ando” = 001

The probabilitiesp, of absorption by ergodic subchains (non-convergefiom all possible initial

states averaged over 200 channel realizationsrasemqted in Table 8.1 together with probabilities
p., to find a chain with no absorbing points for theelfish” MaxMin-based algorithm and the

“good neighbor” threshold-regulated MinSwitch saut

Table 8.1. Probability of undesirable non-convetdehavior

Performance “Selfish” “Good neighbor” - MinSwitch
5 bits/symbol 4 bits/symbol
Pra 2.5% 0% 0%
P, 4.1% 0.15% 0.002%

Tabl. 8.1 presents the overall results on the rvergent network behavior. Particular parameters
of the ergodic subchains found in 200 channelzatatins are summarized in Tables 8.2 and 8.3.

Table 8.2. Percentage of channel realizationshi®given number of found ergodic subchains

Number of ergodic subchains 0 1 2
“Selfish” 94.5% 5.5% 0%
“Good neighbor” — MinSwitch 82.5% 14% 3.5%
5 bits/symbol threshold

Table 8.3. Percentage of channel realizations#@given length of found ergodic subchains

Length of ergodic subchain 4 6 /- 12p8555| 1989| 2032 | 2061
“Selfish” 37% | 9% | 9% 9% | 9% | 9% | 9%| 9%

“Good neighbor” — MinSwitch 97.6%| 2.4%| 0% | 0% | 0% | 0% | 0%| 0%
5 bits/symbol threshold
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The cumulative distributed functions (CDF) of the m@mof absorption states, convergence rate,
and global performance for the absorption states asemed in Fig. 8.7 — 8.9.
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1 T ™

-
:~ — GN-MinSwitch
1 = = "Selfish"

0.9r 1

o
©
T

o
3
T

o
=
T

4 bits/symbol B

o
o
T
1

o
IS
T

5 bits/symbol

Number of absorbing points < x-axis)
o
w
T

o
N
T

o

-
=
1

1

o

L
10° 10 10° 10 10
Number of absorbing points

Figure 8.7. Number of absorbing states
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5 Base Stations, 2 users per BS, 3 channels, 4 BS antennas, SNR=20dB
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Figure 8.9. Global steady-state performance
The following observations can be made from the preseatedts:

* The probability of non-convergence can be controlledetgcsion of the threshold.
Particularly, the results in Table 8.1 show that it ba reduced from 4% in the “selfish”
case by more than 1000 times for the 4 bits/symbol thictshbe price is the controllable
degradation of the steady-state performance by approxyniafebits/symbol, as presented
in Fig. 8.9.

* The results in Tables 8.2 and 8.3 show that although ergodahains may appear in both
“selfish” and “good neighbor” networks, they are veryetignt in terms of their length.
Particularly, only short ergodic subchains of 4 and &staere found in the “good neighbor
case”. On the contrary, almost 50% of chains detectdifselfish” case were longer than
1000 states.

* The number of absorbing points grows significantly withaduction of the threshold,
compared to the “selfish” solution. In Fig. 8.7, one saa that it grows from an average of
5 to 1000 points for the 5 bits/symbol threshold. Furtheema more than 2% of channel
realizations, no absorbing points were found in the ig€licase. That never happened for
the threshold-regulated algorithms.

* The most important observation is that thresholdcsiele allows significant improvement
of the convergence rate. Particularly, in Fig. 8.8, caresee that the “selfish” solution
required more than 100 iterations in 30% of trials. Sonaaeel realizations demonstrated
very slow convergence with 1000 or more required iterationte “good neighbor”
threshold-regulated case, the average number of itesatias around 5 with a maximum of
30 iterations for the 5 bits/symbol threshold.

Similar results were obtained for the same systemigumattion with K =3 for a lower level of
global performance, as expected from the analysis aid®e8.2. The main difference is that a
much lower number of absorbing points and slower convesgerere observed in th€ =3 case
compared with 4 BS antennas for thresholds selecte@ aiathe relative distance from the optimal
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global performance. Fig. 8.10 presents a comparisorh@fnumber of absorbing points and
convergence rates for 3 and 4 BS antennas for thoesshol60% of the global performance shown
in Fig. 8.4: 4 bits/symbol foK =4 and 2 bits/symbol foK =3. One can see that for a similar
relative performance, thi =3 case shows approximately 10 times fewer absorbing paidtgta
least twice longer convergence compared with the cadeB& antennas. A possible explanation of
this behavior is that if the number of antennas is notgmado cancel all interference components,
then the number of good solutions should be much lower bettaseequire a reduced dimension
of the interference subspace additionally to avoidininearity between propagation channels of
the desired signal and interference. This makes dedeattalgorithms less efficient compared to
the case of complete interference suppression. Onexpaatt that this situation may be even more

complicated for higher dimension systems.
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Figure 8.10. Comparison of the number of absorbing poirt} dled convergence rate (right) for
thresholds at 60% of the global performance: 4 bits/syifobdK =4 and 2 bits/symbol foK =3
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Overall, the presented Markov chain analysis illustrétesdesirable properties of the introduced
“good neighbor” threshold-regulated IM-based DSA algorithrMore complicated system

configurations will be studied in Section 8.7 by means of lsitiauns.

It is worth emphasizing that the presented results maytacal for the given channel realizations.
Particularly, the non-convergence results in Tables 8313-practically cannot be obtained by

means of simulations because of difficulty to distispubetween non-convergence and slow

convergence behavior.

8.5.3 Possibilities to reduce non-convergence probability

The results in Section 8.5.2 demonstrate that the prdglaidiundesirable non-convergent behavior
can be reduced by means of reduction of the threshold in“gthed neighbor” algorithm.

Obviously, some degradation of the steady-state perfoensimould be paid for that as shown in
Fig. 8. 9. Furthermore, the analysis in Section 8.5.%shbat in the “good neighbor” networks we
have a low probability to meet only a few very shortodig subchains for a given channel
realization with a high number of absorbing points. TWiigation suggests that modified “good
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neighbor” algorithms that allow some variations of tagular operation during a transient stage
could escape from such short ergodic subchains.

One interesting option for such a variation could baltow rare MaxMin steps instead of the
MinSwitch ones. Assuming that at each sensing intetival MaxMin search is applied with

probability p, <<1 and the MinSwitch search is selected with prolighll- p,, the randomized
GN-MinSwitch algorithm can be formulated as follows

* Sensing interval

Step 1EstimateR,, f =1,...,F.
Step laCalculatey, according to (8.31).

Step 1blf y, =2 y,, then go to the “Data interval’ stage without uggatad, andw,;
otherwise, go to Step 2.

Step 2aGenerate a random val@euniformly distributed in [0,1].

Step 2blf a> p,, then findd,, according to (8.28), (8.29) or form sé¥k, and ®_, and
apply simplified search according to (8.30), (8,28)herwise findd, according to (8.25)
or simplified search algorithms, e.g., (8.26) nthsesign bandd, to S, .

Step 3 Calculate the optimal weight vectors accordingdt@7).
* Data interval

SS,, ., m=1...,M transmit data in bands assignediin

BS, receives data with the optimal weight vecters, m=1,...,M for interference
suppression.

The Markov chain analysis can be applied to thdeamzed GN-MinSwitch algorithm similarly to
Section 8.5.2. Particularly, the nonzero elemeritshe transition probability matri¥ can be
calculated similarly to (8.37) as follows:

pij :[gj psens(l_ pr)1 J DgzMinSwitch] +[§j psenspr1 J DgzMaxMin ]! I ::L-'" I ’ J DgzMinSwitch D QMaxMin !
(8.42)

where 1< g; <N is the number of MinSwitch search outcomes from ithh state atBS, ,
n=1...,N, leading toD; =D, JUQuiswich + Puinswicn 1S @ S€ 0fdyc.icn <N state indexes
corresponding to the number of different sensingcamesD,;, 1< g'jj <N is the number of
MaxMin search outcomes from théh state aBS,, n=1...,N, leading toD; =D, jUQ i -
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Qain 1S @ set ofd,,in <N state indexes corresponding to the number of differensiisg

outcomesD;,and »'g;= > §,=N.

jDQMinSwilch jDQMaxMin

The randomization consequence in this case is that smmseaf the transition probability matriR
may contain up ta2N nonzero elements depending on the sensing outcomes basbdtto
MinSwitch and MaxMin search procedures compared to maxirNumonzero elements in a row in
the basic GN-MinSwitch, GN-MaxMIn, or “selfish” casaddressed in Section 8.5.2.

Two examples of matri®P for both algorithms in different propagation conditicare shown in
Figs. 8.11 and 8.12 were all nonzero elements are plottd isame color. The example in Fig.
8.11 corresponds to the network with 1 ergodic subchain frdests with high non-convergence
probability of p, = 3%. The example in Fig 8.12 corresponds to the simple wébkeno ergodic
subchains. The observation is that the increased nushipenzero elements iR allows removing
the ergodic subchain in the first case and does not caeseundesirable subchains in both
examples.

GN-MinSwitch, 5 bit/symb

Randomized GN-MinSwitch, 5 bit/symb, p=0.1

10003 1000 |

2000( 20000 \§
3000} 3000
4000} ™ 4000] ™
5000| ™ s000] ™
6000 6000

70001 7000

2000 4000 6000 2000 4000 6000
26226 nonzero elements 33799 nonzero elements
1 erg.subchain of 4 elements No erg. subchains
pe=3% pe=0%

Figure 8.11. Transition probability matrices for the basid randomized GN-MinSwitch
Igorithms for the network with 1 ergodic subchain of 4 elata
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GN-MinSwitch, 5 bit/symb

Randomized GN-MinSwitch, 5 bit/symb, pr:O.l

1000 }X 1000 R |

2000f N\E3 2000f
3000} 3000
4000} 4000}

5000 5000

6000 6000

7000 7000

2000 4000 6000 2000 4000 6000
25130 nonzero elements 32661 nonzero elements

No erg. subchains No erg. subchaims

Figure 8.12. Transition probability matrices for the basid randomized GN-MinSwitch
Igorithms for the network with no ergodic subchain

The results of the Markov chain analysis over 200 cHamadization in the same scenario as in
Table 8.1 for the 5 bits/symbol threshold are summarizddlote 8.4.

Table 8.4. GN-MinSwitch and randomized GN-MinSwitch corgma for p, = 0.1
in the same scenario as in Table 8.1

Algorithm Number of ergodic subchains| Non-convergence probability,
found for 200 channel realizations
GN-MinSwitch 42 0.15%
Randomized GN-MinSwitch 7 0.04%

One can see from Table 8.4 that randomization fegunitly improves the convergence properties.
Particularly, in the considered scenario, it redut® number of ergodic subchains by 6 times and
non-convergence probability by almost 4 times.

The price to be paid for this reduction of the mommvergence probability is some reduction of the
convergence rate generally associated with the Miaxddarch. Fig. 8.13 presents the convergence
rates for all the initial states in the same sdenas in Fig. 8.11. One can see significant

convergence rate degradation for some initial stat¢he case of randomized GN-MinSwitch. On

the contrary, Fig. 8.14 shows that the convergeatss are practically the same for both solutions
in the no ergodic subchain case correspondingetedknario in Fig. 8.12.
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5 Base Stations, 2 users per BS, 3 channels, 4 BS antennas, 5 bit/symb, pr=0.l, SNR=20dB
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Figure 8.13. Convergence rate for different initial statébke same scenario as in Fig. 8.11

5 Base Stations, 2 users per BS, 3 channels, 4 BS antennas, 5 bit/symb, p=0.1, SNR=20dB
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Figure 8.14. Convergence rate for different initial statéke same scenario as in Fig. 8.12

Fig. 8.15 shows the overall results of Markov chain ymslsimilar to the one in Fig. 8.8. Again,
one can see that significant degradation of the conmeegete is found for a very small portion of
the channel realization/initial states for the randech “good neighbor” algorithm.

It is worth emphasizing that for higher number of usarsl available bands the proposed
randomization procedure may be more effective because dligher number of possible searching
outcomes in that case. This supposition will be veriire&ection 8.7.1 by means of simulations
because the Markov chain analysis becomes too compuatiiti@xpensive for higher dimension

networks.
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5 Base Stations, 2 users per BS, 3 channels, 4 BS antennas, 5 bits/symb, pr=0.1, SNR=20dB
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Figure 8.15. Convergence rates comparison for GN-MinSwaitchrandomized GN-MinSwitch

It is important to note that although the proposed GN-Mith randomization can reduce
probability of the undesirable non-convergent behaviotjllittannot guarantee convergence to the
fixed stationary points with probability one. Neverthsle®gether with threshold selection it can
help in keeping the non-convergence probability at thepsablke level.

8.6 Mixed “good neighbor”/"selfish” IM-based DSA networks
A very interesting and practically important questiothes following:

* What can happen if some subsystems in the networkoaseiliing to follow the “good
neighbor” rules and demonstrate the “selfish” behavior?

Generally, a problem of incentives and regulations iseotigr under discussion in cognitive radio
literature, e.g., [Sah09], [Woy08] (“crime and punishmentagmitive radios”). To introduce CR
incentives and regulations it is critically important tmderstand consequences of possible
undesirable/impolite behavior of some cognitive radios.

The analysis tool developed in Section 8.5 allows us tystuch consequences in the considered
IM-based DSA networks. Figs. 8.16 — 8.22 present generafizatithe results in Section 8.5 for a
mixed “good neighbor’/’selfish” system in the same scenavith 5 bits/symbol threshold.
Particularly, similarly to Tables 8.1 — 8.3, Figs. 8.16 — 8.18msarize the effect and parameters of
the ergodic subchains in the mixed network. Figs. 8.12% $how the steady-state performance
and convergence rate. Eventually, Fig. 8.22 presents theystéate data rate results separately for
all N =5 subsystems.



ICT-211887 Page 127

5 BSs, 2 users per BS, 3 channels, 4 BS antennas, 5 bits/symb, SNR=20dB
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5 BSs, 2 users per BS, 3 channels, 4 antennas, 5 bits/symb, SNR=20dB
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Figure 8.19. Number of absorbing points per channel realization
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Figure 8.20. Average number of sensing intervals before afmsorp
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Figure 8.21. Steady-state performance
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5 BSs, 2 users per BS, 3 channels, 4 BS antennas, 5 bits/symb, SNR=20dB
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Figure 8.22. Steady-state data rate performance sepdoatech subsystem
The following observations can be made from the preseatedts:

» Although the “selfish” subsystems can slightly improiveir steady-state performance as
can be seen in Fig. 8.22, the overall network converggrachially degrades with the
growing number of “selfish” subsystems in terms ofitieeeased non-convergence
probability as shown in Fig. 8.16, decreased number of bibgopoints for the given
threshold as presented in Fig. 8.19, and decreased convergtnas illustrated in Fig.
8.20.

» Degradation of the convergence properties affects allllyens including the “selfish” ones
trying to get advantage on polite users.

* The pure “selfish” and “good neighbor” systems havedkest number of ergodic
subchains for a given channel realization: maximum 1 ba@yi as shown in Fig. 8.17. The
main difference between these algorithms is thatthabchains are short (4 - 6 states) in
the “good neighbor” case and they may be very long (@pféev thousands states) as can be
seen in Fig. 8.18.

» Comparison of the results presented in Figs. 8.17 and 8.18 suggdshe highest number
of ergodic subchain can be found in mixed networks witlia&imumbers of the “selfish”
and “good neighbor” subsystems.
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* In overall, the mixed network results illustrate howrkéev chain theory can be used for
guantitative analysis of rule-regulated CR networks ity be important for development
of incentives and regulations requirements for cognitaho.

8.7 Simulation results

Taking into account that the main objective of thigsore is cognition and convergence effects for
the system specified in Section 8.1, for simulationsassume that all base stations know the
propagation channels for their own users and the corrdsgpmterference-plus-noise covariance
matrices (space-time sensing for estimation of the @aamd interference environment will be
addressed in the next deliverable D8.2) and adopt the Sedplersion of sensing timing shown in
Fig. 8.2. We simulatd intervals, where even intervals contain informatiata transmitted from
all the users and each odd interval corresponds to angenserval for one randomly selected
subsystem and information intervals for all other sulesgs. This simplification allows us to avoid
situations with simultaneous sensing for a number ofysids.

To verify the correspondence between our simulation laadviarkov models, Fig. 8.23 shows the
distribution of the number of sensing intervals befafgsorption, estimated in 1000 trials
corresponding to different random sensing sequences fopamieular channel realization and
initial state for the GN-MinSwitch witly, = ®its/symbol threshold. Comparison of the estimated
mean value of the number of iterations with that Wated by (8.41) for the same channel and

initial state demonstrates correspondence betweeranbgtical Markov model developed in
Section 8.5.1 to the simulation scenario, which can bkeapjor higher-dimension systems.
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Figure 8.23. Estimated distribution of the number of itenstbefore absorption
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8.7.1 Stationary horizontal CR scenarios without pathloss and shawiving

Typical examples of the adaptation process are illiestrmm Fig. 8.24 — 8.26, where the minimum
data rate is plotted for thE/2 even information intervals for all users in the eystas well as the
number of the allocated state. In Fig. 8.24, one caradgpical fast convergent situation, while
Figs. 8.25 and 8.26 show the short (6 states) and long (122%)se&godic subchains

correspondingly for the “good neighbor” and “selfish@ithms. These subchains were found by
means of Markov chain analysis presented in Section 8.5.
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Figure 8.24. Typical example of fast convergence
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Figure 8.25. Typical example of short ergodic subchain
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Figure 8.26. Typical example of long ergodic subchain

For higher-dimension system with =5, M =5, F=7, K =4, and SNR=20 dB, 10 short
ergodic subchains were found in 5000 trials with random chaeakzations and initial states. All
found subchains were successfully recovered by meansheofrandomized GN-MinSwitch
algorithm introduced in Section 8.5.3. Three of them aavs in Fig. 8.27 for illustration. It is
worth emphasizing that no ergodic subchains were foundthierrandomized GN-MinSwitch

solution.
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Figure 8.27. Ergodic subchains found by means of simulakiwribe higher-dimension system
and their “recovery” by means of the randomized GN-Mit@walgorithm with p, = 0.1
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Comparison of the convergence rates (without the ergadiichains in the case of GN-MinSwitch)
in this simulation is presented in Fig. 8.28 for GN-Min8tv and its randomized version with
p, =0.1. One can see that similarly to the low-dimensiocede in Figs. 8.13 and 8.15, some

degradation of the convergence rate is found iavatfials. Particularly, the slowest trials for the
randomized GN-MinSwitch algorithm have about 50%gler convergence compared to the slowest
trials in the basic GN-MinSwitch case. This diffiece is much lower compared with the order of
magnitude degradation in Figs. 8.13 and 8.15 ferddkwv-dimension network, which is in agreement
with our supposition in Section 8.5.3 on higherd@mization efficiency for higher dimension
systems.
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Figure 8.28. Convergence rates comparison foraseland randomized GN-MinSwitch
algorithms

Generally, the presented results suggest that maddifgood neighbor” algorithms may be
introduced for more efficient control of the conyence properties additionally to selection of the
threshold. This problem requires further invesi@atwhich is out of the score of this report.

Figs. 8.29 — 8.31 summarize the simulation residts different system configurations and
algorithms over 200 independent channel realizatifom each scenario, with? =1, Q=M ,

N =5, and SNR=20 dB. In each case, the thresholds sedeeted as close to the global bound as
possible to observe convergence of all trials fer GN-MinSwitch algorithm within the selected
time window of 500 sensing intervals. Fig. 29 {lgftesents the minimum data rate results after 500
sensing trials for the threshold-regulated algarghbased on MaxMin and MinSwitch exhaustive
local search with and without PC, according to 38.®r K=N, =4, M =5, andF =7. The

corresponding estimated convergence rate is plottEdy. 8.29 (right).
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5 Base Stations, 5 users per BS, 7 channels, 4 BS antennas, SNR=20dB
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Figure 8.29. CDF of the global performance (left) and eagence rate (right) foK =N, = 4

The following observation can be made from Fig. 8.29:

* Fig. 8.29 (left) shows that steady state results ¢toslee global bound in the no-PC case are
observed for the decentralized IM-based DSA algorithrhg;iware much better than for

random band allocation.

* For the 6 bits/symbol threshold, GN-MaxMin and GN-Min@idemonstrate similar
steady-state results after 500 sensing intervals, buM@Switch shows better
convergence speed. One can see in Fig. 8.29 (righthtb@f4 of channel realizations, GN-
MinSwitch is at least twice as fast as GN-MaxMin.sTisiexpected because the MinSwitch
search minimizes the number of band reallocations eshaces non-stationary interference.

* The local “water filling” PC (8.33) allows significant provement for GN-MinSwitch. GN-
MaxMin converges much slower in this case, as showigin8R29 (right). Furthermore, in
50% of the channel realizations, absorbing states weracheeved after 500 sensing trials

for this algorithm.

Fig. 8.30 presents the results in the same scenario &m.i 8.29, but forK =N,-1= 3BS
antennas:

* The steady-state performance for the IM-based DSAighgas is still much better that in
the random allocation case, but the distance frorgltteal bound is higher compared with
the previous case. A possible reason is that a nuniigeiod solutions may be much lower
in this case because they require a reduced dimensibe oiterference subspace
additionally to avoiding colinearity between propagatioarciels of the desired signal and
interference, which makes decentralized algorithmsafgsent compared to the complete

interference suppression case.
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Although, the local PC based on (8.33) still improvesGheMinSwitch performance, its
efficiency is much lower compared to the case in Fig. &BB. is expected behavior for

K <N, as explained in Section 8.8.
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Figure 8.30. CDF of the global performance (left) and eogence rate (right) fok = N, -1=

A higher dimension system is addressed in Fig. 8.31KferN,= , M4=20, and F =30.

Obviously, exhaustive local search is not possible indéis®. The maximum element search (8.26)
and simplified MinSwitch search (8.30) are applied. In tag case, we select 3 users with the
lowest SINR in the seVl and 5 bands in the sét,: 3 bands currently occupied by the users from

M, and 2 arbitrary bands not currently occupied atBBge. If y, . >y, for more than 3 users, then
we apply the maximum element search (8.26). In Fig. 8.31athaithm is referred to as “GN-
MinSwitch, 3(5)-restricted”. The main observation ig.F8.31 is that GN-MinSwitch significantly
outperforms GN-MaxMin in both cases with and withowater filling” PC. This illustrates the
expected growing efficiency of the MinSwitch searchHgher-dimension systems.
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It is worth emphasizing that in all scenarios in Figs29 — 8.31, the “selfish” solution
(unconstrained MaxMin local search) demonstrates stgmfly worse results (not shown) even
compared with the GN-MaxMin performance. Comparisorhef GN-MinSwitch “no PC” results
with the global bounds (8.18) in Figs. 8.29 and 8.31, and (8.2Bigin8.30, shows the potential
room for improvements for IM-based DSA algorithms, foramaple, by means of explicit
coordination between subsystems: approximately 2 timedNR 81 Fig. 8.29, and up to 5 times in
Figs. 8.30 and 8.31.

8.7.2 Stationary horizontal CR scenarios with pathloss and shadowing

Pathloss and shadowing propagation models leading to vatghbéee used similarly to [Tri08] in

Figs. 8.32 - 8.35 that present the GN-MinSwitch simulatesults with on-line threshold selection
according to (8.32). Particularly, we assume:

- N=5 BSs, each withM =5 users deployed in th#00x100 m area sharing-= =7
bands;

- the reference SNR=20 dB at the reference distan68 of with the pathloss coefficient of
3, and standard deviaton of 6 dB for the lognormal shadqwing

- the same pathloss and shadowing for all bands.

Two examples of system geometry are shown in Figs. 1828884 (left) corresponding to the
regular and random BSs positions in the area with rarumsiions of all users. The corresponding
local minimum data rate results for each subsystengaen in Figs. 8.32 and 8.34 (right) for GN-
MinSwitch with @ = 025 in (8.32) in 200 trials with independent Rayleigh fading. €smated

global performance in the scenario in Fig. 8.32 is givenFig. 33. The estimated global
performance for random system geometries similareaootte in Fig. 34 (left), is presented in Fig.
8.35 for GN-MinSwitch witha = [0.1,025). The estimated performance of random band allocati

and “no interference” bounds are plotted in Fig828 8.35 as well.
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Figure 8.32. Example of system geometry (left) with bigihs indicating the corresponding BSs,

and CDF for the local performance for all 5 subsystérght)
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Figure 8.33. CDF of the global performance (left) and eogence rate (right) in
200 independent Rayleigh fading realizations in the sceshown in Fig. 8.32 (left)
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Figure 8.34. Example of system geometry (left) with bigihs indicating the corresponding BSs,
and CDF for the local performance for all 5 subsystérght)

The presented simulation results show the following:
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* The proposed on-line threshold selection allows cowtirtiie steady-state performance and
convergence rate by means of a single paranaetier (8.32) even if different subsystems
experience very different propagation and interferencelitions.

* In the particular scenarios in Figs. 8.32 and 8.34, tla#ive positions of the GN-

MinSwitch and “no interference” curves are similar &irsubsystems, although the actual
performance is very different, e.g., by approximat&ltimes in terms of SINR for
subsystems 4 and 5 in Fig. 8.34 (right). One carirs€ig. 8.34 (left) that the geometrical
reason for this difference between subsystems &asithatBS, is the closest to the center

and BS; is the closest to the corner of the area witkdoanly located users. Similarly, the

best results can be seen in Fig. 8.32 for Subsystetth the BS located in the center of the
deployment area.

» The relative DSA improvement compared with rand@ndallocation is generally lower in
the case of variable;? than in the extreme interference limited scenaith o7 =1 for all

users for the same system dimension. This is begaerdormance degradation for some
subsystems may come from difficult propagation amas for their own users rather than
from interference environment, e.g., as in subsygien Fig. 8.34. The IM-based DSA
efficiency may be compromised in this situationvéigheless, in the particular scenarios as
in Fig. 8.34, up to 8 times SINR gain comparedatedom band allocation still can be
observed. Generally, other criteria, e.g., basegroportional fairness [Tri08], could be
considered in this case, which is beyond on thpescd this report.

8.7.3 Nonstationary vertical CR scenarios

Dynamic properties of the considered algorithmsilustrated in Figs. 8.36 and 8.37 in the non-
stationary vertical CR scenario illustrated in F&3, where primary users change their band
according to Poisson law with parameter [0.001,0.003 correspondingly (1 and 3 changes per
1000 sensing intervals on average). It is assurhatl the spectrum sensing outcome for the
secondary users is that all the propagation charerel randomly change in some bands, which
means that the secondary subsystem leaves some dnachdccupys the same number of others that
become free from the primary system. The “selfi<Bl-MaxMin, and GN-MinSwitch algorithms
are shown in Figs. 8.36 and 8.37 in the same scemarameters as in Fig. 8.29 using the
visualization format as in Figs. 8.24 — 8.27.
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One can see that the “selfish” algorithm, indeed, lagnactical perspective in both scenarios
because it never converges during the observed time aht€dWN-MaxMin demonstrates better
results because it can track some of changes, espdoially= 0.001, but it is still too slow to track
most of the changes fold =0.003. Eventually, GN-MinSwitch demonstrates the acceptable
performance in the considered non-stationary environfoeiioth A = 0.001 and A = 0.003.

It is important to note that convergence to stationarytpdiNE) cannot be guaranteed for all the
algorithms shown in Figs. 8.36 and 8.37. Actually, it is reguired in such a non-stationary
environment, where non-convergence cannot be practiciatinglished from slow convergence.
The overall conclusion from the presented simulatiesults is that the introduced controllable
convergence behavior gives a practical perspective fofgthed neighbor” solution in a dynamic

CR environment even if its global convergence with prdibaloine still cannot be guaranteed.

8.8 Conclusions

In this chapter we have considered a new class of [@8Antques that operate in a non-reciprocal
environment, where any changes in frequency allocatian adrtain subsystem introduces a non-
stationary interference scenario for other subsysiertige network. Statistical bounds of the global
performance have been derived under the Rayleigh propagatodel that can be used for

assessment of IM-based DSA algorithms.

Two types of decentralized IM-based DSA strategies Hamen introduced. One is the usual
“selfish” approach, where each BS tries to find the pessible frequency allocation for each of its
SSs, regardless their actual current performance onrdaw allocated bands. The problem with
this approach is that a complete frequency re-assignamergursuit of possibly negligible
improvement, creates a new interference scenarialfather subsystems, and forces them to do
the same.

As a result, the entire system has very slow connesyeor in some cases, may not converge at all.

Another strategy, “good neighbor”, is when each subsystesito achieve a certain QoS by means
of minimization of a number of re-allocations. This aygmh tends to minimize changes introduced
by the DSA algorithm at a given subsystem upon the im&rée environment for the rest of the
network.

Analysis of the two techniques has been conducted botitiaaly and by statistical simulations.
For a relatively simple example with a reasonable (7#v&ct) number of different allocations,
we found it feasible to analyze both the algorithms utiegabsorbing Markov chain model, which
specifies all absorbing points (Nash equilibriums in gammeory terminology), all ergodic
subchains (undesirable non-convergent behavior), and &savénage number of sensing intervals
before absorption (convergence rate). These analgstahates, derived for a large number of
random propagation channels as well as the resultsr@dt ditatistical simulations, demonstrated
much better global performance of the “good neighbortegsa In all these cases where the
targeted QoS was established at a high performance lei@0 ef 70) % with respect to the global
bound, all the considered systems reached their targetiparice reasonably fast.

The “selfish” algorithm can indeed provide better steadye gtarformance, but at a cost of a high
probability of non-convergence or a number of iteratitias is several orders of magnitude higher
than that for the “good neighbor” strategy.
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It has been shown that modified “good neighbor” algorghmay be introduced for more efficient
control of the convergence properties additionally ted&n of the threshold. Particularly, the
randomized “good neighbor” algorithm has been proposedatioats significant reduction of the
non-convergence probability with some degradation of thevergence rate, which has been
demonstrated by means of the Markov chain analysis andlasioms for higher dimension
networks.

The Markov chain analysis has been applied in mixed sosnarhere some of subsystems are not
willing to follow the “good neighbor” rules and demonstréite “selfish” behavior. The main
conclusion is that although “selfish” subsystems cgightly improve their steady-state
performance, the overall network convergence graduallyadegrwith the growing number of
“selfish” subsystems. Furthermore, degradation of tv@gence properties affects all the players
including the “selfish” ones trying to get advantage on @algers. In overall, the mixed network
results illustrate how Markov chain theory can bedufee quantitative analysis of rule-regulated
CR networks that may be important for development adntiges and regulations requirements for
cognitive radio.

In the scenario where the number of antenna elemerésge enough for efficient interference
suppression, power control can be used for performanceweament almost like in a noise-limited
scenario. The overall performance of the proposedadbttd DSA in such systems has been proven
to be reasonably high including non-stationary cognitivBorgcenario and general propagation
conditions with pathloss and shadowing effects.

In this chapter we have focused on the issues associdtedognition and allocation potentials of
the different decentralized strategies, and did notiden®ffects associated with finite training
sample support, involved in estimation of the propagatlmamcels and interference covariance
matrices. This and a number of other second-order phenomi#inbe addressed in the next
PHYDYAS deliverable D8.2.

9 Summary

The FBMC PHY has been studied and compared with OFDMpaemtial physical layer for CR
networks. Spectral efficiency, impact of the RF impamtag and resource allocation techniques
have been investigated. It has been shown that FBMMeaonsidered as a perspective physical
layer for future CR networks.

The main results are as follows.
Section 3:

« FBMC and OFDM receivers were compared in terms of sdesgtactivity when signals
with high dynamic range were assumed on the frequencg bader investigation. The
FBMC receiver was found to provide a clear advantage O#M due to its significantly
enhanced spectral rejection properties.

* As for the secondary data multiplexing, FBMC techniquewsh@otential to facilitate
flexible and spectrally efficient asynchronous multi-ussecess. Therefore, FBMC
modulation is considered to be particularly well suitdtfie secondary transceivers.
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A concept of a time-frequency sensing window, which adlofer two-dimensional
integration of the energy observations, was introduced amadfto match well with the
multicarrier receiver model. The basic tradeoff betweélee spectral resolution and the
sensing latency, influenced by the dimensions of this windeas clarified. The sensing
time can be shortened at the cost of the reduced spesodution and vice versa. Further,
the presented concept is found to improve the flexibilitthe system dimensioning and to
provide adaptability to different primary signal scenariod S3NR conditions.

For spectrum monitoring during secondary transmission anoflassilent sensing window
(a spectrum sensing block within secondary data) was intrddlite overheads, resulting
from multiplexing of these sensing blocks, were discudsetth in case of OFDM and
FBMC. Moreover, an optimal shape for the sensing winoloRBMC case was presented.
Two different sensing window structures were proposed. Mrere found to provide
different tradeoffs between the spectral efficienéythe secondary transmission (due to
overheads in multiplexing silent sensing windows), theclssonization requirements, and
the reaction time in case of a reappearing primary rmemsgon. The optimally-shaped
windows (located in the beginning or end of a frame atdtige of a subcarrier group)
provide higher efficiency. On the other hand, the structased on continuous sensing
subbands both relaxes the time synchronization requirememiagadifferent SUs and
sensing devices, and improves the ability to detect aniéstdue to reappearing PUSs.

The future spectrum sensing studies are planned to focus daolldweing topics: More
detailed studies of energy detection methods with FBMEuding the evaluation of the
feasibility of residual interference and zero-pilotdghsnethods. Combining cyclostationary
detection with FBMC. Evaluation of the feasibility tile other mentioned sensing methods
in the FBMC context. Developing practical sensing methfmsPHYDYAS dynamic
spectrum access scheme.

Section 4:

Available time-frequency resource exploitation and gpoading interference power of
OFDM/OQAM based systems were compared to OFDM in thgnffise Radio context.
According to the out-of-band radiation analysis dfedent multicarrier systems and the
throughput definitions of RU, we demonstrated that wasna CR data communication
technique, filter bank multicarrier modulation offersheg spectral efficiency than OFDM.
As a result, OFDM/OQAM is a natural candidate for ptgislayer data communication in
cognitive radio systems. Conventional OFDM and raisesiheowindowed OFDM have to
compromise between two important performance parametesgimum throughput for
secondary user and minimum interference on primary uSiEnough there is a little
additional complexity for OFDM/OQAM system structure dagrototype pulse shaping, it
is profitable for achieving better spectral efficiency.

Section 5:

Three common impairments of a transmitter’'s RF themd were studied in terms of their
impacts on the spectral selectivity of an FBMC wawvafan the context of a cognitive radio
application. These impairments are the non lineanitythe power amplifier, the IQ
mismatch and the phase noise.

The objectives were to relate the level of each RF ifapgon to a level of spectral
dynamic range (SDR), to evaluate the effect on thesimission performance in terms of
EVM per subcarrier, and to compare with an equivalenesysiased on OFDM. Finally,
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we formulated requirements that should be met by thédtfE-end in order not to degrade
excessively the spectral selectivity of the transhiEBMC signal.

Simulation studies show that in the hypothesis whatgnamic range of 40dB is targeted,
requirements on 1Q mismatch and phase noise arerdifferent that those required for 64-
QAM WIMAX. However, the impact of the power amplifier more significant. It could be

necessary to operate at an input power back-off of 13 or,14tdBre an OFDM system

typically target around 7-8dB. This would lead to an incredd@e power consumption of
the power amplifier in a factor of 2 or 3.

Possible solutions that could be investigated are pre-coafj@ms$echniques of the power
amplifier non linearity's.

Section 6:

A computationally efficient sub-optimal resource alloma algorithm for multicarrier based

CR networks has been proposed. The algorithm aims to nzaexiime downlink capacity of

the cognitive system without causing excessive interéeren the licensed users. The
proposed algorithm has a near optimal performance aidignificant reduction in the

computational complexity. The proposed algorithm outperfdhmgperformance of Zhang's
algorithm and overcome its limited performance in th& loterference constraints. The
efficiency of using FBMC instead of OFDM in cognitive radigstems is proved throughout
the simulation. The high spectral efficiency and the loterference introduced to the
primary users make the FBMC more suitable for future ¢wgnradio systems. We are
extending the algorithm to maintain the quality of sera€¢he different cognitive users.

Moreover, an algorithm that considers the resourceatiton problem in the uplink scenario
will be developed.

Section 7:

An improved algorithm has been presented for cooperativA DSunlicensed bands,
utilizing MAC layer mechanisms for message exchangeeffietence prices”) between the
nodes, in order to achieve interference mitigation. he improvement is the introduction
of an uncertainty coefficient that sets the weighthe interference term, increasing its
impact in cases of imperfect message exchange, longitieevals for interference price
update, as well as increased number of users. In such tteseterference caused to other
users by an increase in the transmission power ofrasuséien underestimated, resulting in
a convergence of the algorithm in a non-optimal solutibn the presence of such
uncertainties, if this underestimation is compensatedabyroperly defined weight
parameter, the system approximates its optimal behaviarthe case of “perfect” message
exchange.

The value of the weight parameter was derived from ayflagic reasoner, because fuzzy
logic is particularly effective at dealing with uncert@@st and vague requirements.
Moreover, the effect of the proposed algorithm has lseempared to the original algorithm
in terms of the overall utility level (defined as themswf the user utilities) under
uncertainties that cause 25% underestimation of ineréer. Furthermore, comparison was
also made between the proposed algorithm with FBMC and QHDMhis case using
FBMC increased the achieved utility and the improvenségins from the fact that FBMC
uses lower transmission power for the same bandwidtipaced to OFDM and therefore
causes reduced interference.
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Future work includes further study of the correlation betwthe utility value and typical
network parameters such as the Bit Error Rate andaBildgip of Error, which define the end
to end reliability of the system and determine QoS. Monedhe rules of the fuzzy logic
reasoner will be refined and methods for automatic updattheoffuzzy rules will be
proposed (e.g. utilizing a neuro-fuzzy controller). Fyyatlarameters such as fairness and
scalability will also be investigated.

Section 8:

A new class of DSA techniques has been introduced thatateper a non-reciprocal
environment, where any changes in frequency allocatiorceftain subsystem introduces a
non-stationary interference scenario for other subgys in the network. Statistical bounds
of the global performance have been derived under the iRlayleopagation model that can
be used for assessment of IM-based DSA algorithms.

Two types of decentralized IM-based DSA strategies haea mtroduced. One is the usual
“selfish” approach, where each BS tries to find thet Ipessible frequency allocation for
each of its SSs, regardless their actual current peafozenon the already allocated bands.
The problem with this approach is that a complete frequem@ssignment in pursuit of
possibly negligible improvement, creates a new intenfiee scenario for all other
subsystems, and forces them to do the same. As a tbsultntire system has very slow
convergence, or in some cases, may not converge at all

A new strategy, “good neighbor”, is when each sulesydties to achieve a certain QoS by
means of minimization of a number of re-allocatioihkis approach tends to minimize

changes introduced by the DSA algorithm at a given sudrsystpon the interference

environment for the rest of the network.

Analysis of the two techniques has been conducted botlytiaally and by statistical
simulations. For a relatively simple example witleasonable (7776, in fact) number of
different allocations, we found it feasible to analpp¢h the algorithms using the absorbing
Markov chain model, which specifies all absorbing pointssfNaquilibriums in game
theory terminology), all ergodic subchains (undesiralole-convergent behavior), and also
the average number of sensing intervals before absorgtonvergence rate). These
analytical estimates, derived for a large number od@anpropagation channels as well as
the results of direct statistical simulations, demotetiranuch better global performance of
the “good neighbor” strategy. In all these cases wherddargeted QoS was established at a
high performance level of (60 — 70) % with respect to tbéajlbound, all the considered
systems reached their target performance reasonahly fast

The “selfish” algorithm can provide better steady-statéop@ance, but at a cost of a high
probability of non-convergence or a number of iteratibhias is several orders of magnitude
higher than that for the “good neighbor” strategy.

It has been shown that modified “good neighbor” al¢pong may be introduced for more
efficient control of the convergence properties addillgn@ selection of the threshold.
Particularly, the randomized “good neighbor” algorithns H#een proposed that allows
significant reduction of the non-convergence probabiliithwsome degradation of the
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convergence rate, which has been demonstrated by metres Méarkov chain analysis and
simulations for higher dimension networks.

» The Markov chain analysis has been applied in mixedast®s, where some of subsystems
are not willing to follow the “good neighbor” rules and destoate the “selfish” behavior.
The main conclusion is that although “selfish” subsysteamsslightly improve their steady-
state performance, the overall network convergence dhadiegrades with the growing
number of “selfish” subsystems. Furthermore, degradadiothe convergence properties
affects all the players including the “selfish” onegrg to get advantage on polite users. In
overall, the mixed network results illustrate how Markdhain theory can be used for
guantitative analysis of rule-regulated CR networks iy be important for development
of incentives and regulations requirements for cognitaho.

* In the scenario where the number of antenna elemsniarge enough for efficient
interference suppression, power control can be used forpance improvement almost
like in a noise-limited scenario. The overall perfonee of the proposed IM-based DSA in
such systems has been proven to be reasonably highimgchah-stationary cognitive radio
scenario and general propagation conditions with pataledshadowing effects.

- Effects associated with finite training sample suppongplved in space-time sensing for
estimation of the propagation channels and interfereocariance matrices at the IM-based
DSA CR system and a number of other second-order phenomkrzee addressed in the
next PHYDYAS deliverable D8.2.
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