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Abstract— Cognitive radio improves spectrum efficiency by
allowing secondary users (SU) to dynamically exploit the ik
spectrum owned by primary users (PU). This paper studies
optimal bandwidth allocation for SUs. Consider the following
tradeoff: a SU increases its instantaneous throughput by aess-
ing larger bands, but channel switching overhead (due to the
dynamics of PU activities) and contention among multiple S®
create higher liability for larger bandwidths. So how much is too
much? In this paper, we find the optimal bandwidth allocation
in both the single SU and multiple SU cases, accounting for &
effects of channel switching overhead. Our result is validied
through both numerical simulation and real channel activity
traces. We also study the impact of various factors on SU
performance, namely, PU channel idle time and probability,PU
channel correlation, and SU sensing and access schemes. Th
work sheds light on the design of spectrum sharing protocolén
cognitive radio networks.

I. INTRODUCTION

Recently, research in cognitive radio networks has a#rthct
a lot of attention, with many large organizations, compsghie

and universities at the forefront. DARPA's NeXt Generatio

project [1], the new IEEE standard, 802.22, Wireless Regjion
Area Networks (WRAN) [2], and the White Spaces Coalition
(WSC), which includes both Microsoft and Google, are some

of the high profile projects and organizations working irsthi
area.

Cognitive radio (CR) can capture or “sense” temporal and

spatial variations in the radio environment, allowing itfited
unoccupied portions of spectrum in real-time. To explodsta
holes in spectrum activity, CR is also capable of dynamycal
adjusting operating frequency, bandwidth, and other mlaysi
layer parameters [3][4]. The major challenge is to effidient

utilize the spectrum opportunities due to PU activity while

protecting the performance of PUs.

factors may affect the optimal bandwidth selection of a SU.
First, using a larger number of PU channels implies more
frequent switching because in a wider band, a PU is likely
to reclaim a part of the band more quickly, and the SU has to
switch to a different set of channels. Channel switchingiisf
overhead, which may prevent a SU from selecting a large
number of PU channels even if they are available. Second,
if there are multiple SUs, SUs need to share the available PU
bands among them. Motivated by such tradeoffs, we study
the following issue in this paper: how much bandwidth is
appropriate for a SU to optimize the overall throughput? We
consider both the cases of one SU and multiple SUs, and

fake into account switching overhead due to the dynamics of

PU activity. Our results reveal the relationship between PU
behavior and SU performance. Our main contributions are as
follows.

« In the single SU scenario, we find the optimal bandwidth
to maximize the SU throughput while considering switch-
ing overhead under both saturated and limited traffic
scenarios. We consider both the cases where the SU is
required to use a set of consecutive channels or not. We
then study PU channel correlation and show its impact
on SU performance.

In the multi-SU scenario, we derive closed-form ap-
proximations for the optimal SU throughput in both the
discrete and consecutive channel cases. In the context
of the consecutive channel case, we define the channel
reconfiguration problem and present an efficient scheme
| for channel reconfiguration.

In addition to extensive simulations, we also test our
scheme using a set of real channel trace data, which
exhibits both heterogeneous PU behavior and some de-
pendence among PU activities in adjacent channels. Our

n

Consider a set of licensed channels that are made available scheme is shown to be robust.

to SUs. This is often referred to as spectrum pooling [5]. At
given time, SUs can use a subset of these pooled channel
they are not occupied by the PUs. A SU may need to deci
the number of PU channels to access in the available spect

exploit more available spectrum for higher throughputesal

a .'][he rest of the paper is organized as follows. We describe

i< PU and SU models as well as our channel measurement

rconfigurations in Section Il. In Section Ill, we study the iept
T . m
pool. Although intuitively it seems that a SU would want tc|’ted traffic case, and correlated channels scenario in tigdesi

SU case. We then propose the optimal channel configuration

ML bandwidth selection problem in saturated traffic case, |
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work in Section V, we conclude the paper in Section VI.
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Fig. 1: Channel activity map from trace data of 60 real
II. MODELS AND ASSUMPTIONS channels.

A. Primary User Model

We consider PUs as legacy devices that access a bl(g%kdenote a SU requires consecutive channels and DISC to

of spectrum through static channelization. We assume tignote when a SU uses discrete channels.

there is a set of\/ consecutive PU channels, each with theh To r?roteclt Pl#] corr;]mumcat.ldolns, adSU can only oper?‘te onl
same bandwidth denoted byp. This is a common system [N€ channels when they are idle, and must evacuate channels

description in many licensed spectrum bands. For exanmle,'mmed'ately when PUs return. In this paper, we assume that a

the U.S., a TV channel has a bandwidth of 6 MHz and thera” must switch as soon as any one of the channels is reclaimed
are more than 100 TV channels. by a PU. The remaining unoccupied channels are returned to

At any moment, each channel can be in either a bughye spectrum pool and becqme candidates for S.U transmission
§We use Shannon capacity to model the available rate of a

or idle state, which refers respectively to times when a P To elaborat h SU usisch Is. it hievabl
occupies the channel or does not. We also refer to the 0 elaborate, when a UsISchannels, Its achievavle

as the ON/OFF states. We assume the channel states 'aig¢(/V) satisfies
statistically independent unless stated otherwise. WePlet B Py
denote the probability that a channel is idle, and assumte tha ¢(N) = NBplog(1 + ) (1)

TL()NBP
each channel has the same idle probability. We can writ .
P = E(T!)/(E(T!) + E(TE)), whereT! and TF denote wenerePt denotes the transmit power of a SU. We assume

at each SU has the same fixed transmit power throughout
e paper. In additionp, denotes noise variance, which we
assume is uniform throughout the spectrum in which the
SU network operates. Our analytical models can be directly
extended to other rate models.

B. Secondary Users’ Model The overhead that a SU incurs before it can access the

. L . . . spectrum is denoted by. The main contributors to overhead
A SU is an opportunistic user equipped with a cognitivge the channel evacuation, link setup, and channel sensing

radio which can dynamically change its operating frequengy,es First we define the cost, as the sum of the channel
and bandwidth. For simplicity, we assume that a cognitiv§ 5.uation and link setup times§}, is modeled as a random
radio transmits on a positive integer number of licensed ik jape that is i.i.d. for all SUs. In practice, the chaneedc-

channels. This assumption is reasonable. For exampleein {fiion and link setup times are based on the system’s specific
Microsoft KNOWS prototype, the minimum bandwidth of,arqware and operating environment. In XG field tests [7],

a cognitive radio is SMHz and the prototype operates Qfe eyacuation time is up to 0.45s and link setup time is

bandwidths that are multiples of SMHz [6]. 0.165s. The full overhead' consists of different components
In this paper, letV' denote the number of channels a Slyepending on the network model being investigated, which

operates on, wheréV' = 1,..., Nyaz, With Nyax beING il pe detailed in later sections. Generallf, is a random

the upper limit of channels that a SU can operate on. Thgriaple and also a monotonically increasing function\af

objective is to find the optimal value oV such that per pecause it is more difficult to get a large number of channels.
SU throughput is optimized. In this paper, we use bandwidth

and number of channels interchangeably. We note that the .

N channels that a SU operates on can be consecutive rReal Channel Trace Collection

discrete, based on its physical layer capability. OFDM is We also collected real trace data to test the robustness
a viable technology to satisfy either of these requirementd our models. Spectral measurements were taken in the
The difference between the discrete and consecutive char®0-870MHz band. The spectral data was collected in 0.01s
requirement is very important, as will be shown in botBnapshots, with a DFT frequency resolution of 8.333kHz. The
Section Il and Section IV. Going forward, we use CONGneasurements were taken over a duration of 100 minutes.

the idle and busy time respectively. In this paper, thereois r(bh
assumption on the arrival patterns of PUs unless specjﬁcali
stated. Main notations for this paper are listed in Table I.



Within the measured band, 60 channels were selected. Tighe channels immediatélyand the second run of channel
channels exhibit high power PU transmissions and low noisensing and link setup begins. t&{N), i = 1,...,n, denote
levels when idle, resulting in easily detectable on/off Pithe ith cycle’s channel holding time. Note het@(N) is a
activity traces. PU activity is determined by the applicatof realization of the random channel holding tiffi&(N), which
a simple energy threshold method, with low-level procassitis a function of N. Let¢;, i = 1,...,n, denote theth cycle’s
to eliminate false alarms caused by noise. We note that dactoverhead, which is a realization of the random overh€ad
the channels only has a bandwidth of 25kHz; these channele will discussT”(N) and C later.
are mainly of interest because they exhibit a large numberThe SU’s throughput is calculated by dividing total through
of on/off cycles, and statistical heterogeneity. Some @& tlput by total time required for transmission, i.e.,
selected channels are adjacent in the spectrum, and experie

adjacent channel interference (ACI) which leads to some (N) = lim GN) I tH(N)  G(N)E(T"(N))
correlation among the channels. 3 n—oo 3T i+ Y tH(N)  E(C)+ E(T"(N))
Fig. 1 visualizes the real trace data used in our model. We (2)

use an energy threshold to determine whether each channel ) o

is busy, denoted by a black tick, or idle, denoted by a whitehe optlr_nql channel selection is the number of channels
tick, for any 0.01s time interval, and each channel in ouadaf?at maximizes the overall throughput. In other words, the
trace exhibits a number of busy/idle cycles. Observing Ejg. OPiective function is formulated as

we can intuitively see that when a larger number of channels
is accessed by a SU, a PU is more likely to interrupt the

transmission sooner than if the SU uses a smaller numq%r
of channels. However, a SU’s instantaneous transmissien r
will also be higher on a larger number of channels. Th
observations reveal a key tradeoff between the rate of
transmission, and the transmission time.

N* = argmaxy Rs(N). 3

find N*, we need the parametd?(C), and E(T"(N)).

Bractically, these parameters can be obtained throughfa sel

ese . :

%(fjarmng approach. The SU can record the instances of over-

ead and channel holding time that it experiences, or qiery t

average channel holding time from other SUs or a database
infrastructure. In our model, we assume that these paramete

I1l. ONE SECONDARY USERCASE have already been obtained by the SU. Note that the closed-

In this section, we focus on the optimal bandwidth selecti(ijﬁrm representation o™ is hard to derive from (2), but can
S searched from to N,,q..

problem for a single SU. We assume a SU has a large p ) ) o
Now let us examine the properties of channel holding time

of PU channels to choose from. This model can be applied, A ) o , i :
to a network with a small number of SUs, where interactior’s (N). T"(N) is the minimum residual idle time of alv
N) =min(T7,T5,...,T%), whereT/,

among SUs’ is insignificant due to a large pool of channghannels' That !gh( ) ] ) ,
availability, while PU activity may have a large effect on SU* = .-, N) is the reS|duaI_ |dIe_ time of chgnne] Let
bandwidth strategy and performance. We also assume that (¢) denote the CDF of the idle time of chanrietienoted

in the small network scenario, the channel sensing burd@% 7. Then the unconditional PDF afis frr(x) = (1 -
falls on the individual SUs, and’ therefore includes channel £z (2))/E(T]). If each channel's residual idle time is i.i.d,
sensing time as part of the general overhead of a SU cofe PDF of T"(N) is fru(z) = N(1 — Frr(2))N ! frr (2).
munication. The focus here is to study the tradeoff betwe&®r exponentially distributed idle time of each channel, we
higher bandwidth and more frequent switching. We consideaveE(T"(N)) = E(T")/N. For uniformly distributed chan-

two scenarios, the saturated traffic scenario and limitefficr nel idle time, we havel(T"(N)) = 2E(T")/(2N +1). There
scenario. are iterative algorithms to calculate the average minimum

residual time given a general distribution’Bf [8]. Generally
speakingE(T"(N)) is a decreasing function 6¥. The larger
A. Saturated Traffic Case the number of channels a SU uses, the less the channel holding
Consider a SU with saturated traffic. The objective is téme.
find the optimal bandwidth, i.e., the optimal value Bfthat ~ Next, we consider the overhead The overhead’ consists
maximizes the SU throughput. Using a larger bandwidth leagk the channel sensing time an@,, which is the sum of
to higher instantaneous rate, but also larger sensing eadrh channel evacuation time and link setup time. Since channel
In addition, operating on a larger number of channels wilensing time is a function ofV, we then write the total
cause more frequent collisions with PUs and therefore mapeerhead cost a6’ = C(N).
frequent channel evacuations and less channel holding timelLet ¢, denote the basic unit of channel sensing time, which
All these factors imply that there is a tradeoff betweendrmaih is a constant. LeC;(N) denote the number of sensing time
rate and overhead. units required for a SU to get a set of idle channels, which
The procedure for a SU communication is as follows. ThHe a function of N. We make the following conservative
SU conducts channel sensing to find a setMofavailable assumption: after a PU arrives and a SU evacuates its ctsannel
channels and sets up the communication link with the receivthis SU must conduct sensing as if it has no knowledge of
The SU then begins transmission. When one of the channels is
reclaimed by PUs, the SU stops transmission and evacuétes dfrhis is needed to coordinate the communication with theivece
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any of the channel statés This means that even if only one'%so,+oaoSensmwmsc

—0— OBO sensing for CONC

channel in the SU’s channel selection has become 0ccupig]{—asieisensra e same orpisc ana cone
the SU must re-scan each of those remaining channels ifgit|
wishes to use them. g |
First, let us consider a sensing scheme in which the S{
310

scans the channels one by one (OBO sensidjor OBO %
sensingt, is the amount of time required to sense one channd, | ‘ ‘ ‘ ‘ )
. . 0.0 0.2 0.4 0.6 0.8 K 0 10 20 30 40 50 60 70 80 90 100

andC,(N) is different for the DISC and CONC case. For the Channel idle probabilty P Mean of channel ide time E(T) (5)

former case(’;(N) is the sum ofV geometrically distributed (@ The influence of channelidie probabity (o) The influence of mean of channel idle
5 P, E(T)=10s time E(T), P=0.5

variables with parameteP. So for DISC with OBO sensing Fig. 2: The impact of PUs’ activity on the SU's optimal

the average channel sensing timé\is, / P. For the latter case, bandwidth.P, = 0.5mw, no = —56.5dB/MHz (They are used
Cs(N) is the number of channels that have been scanned uﬂWoughout the paper); —0.018, Cy = 0.058, N,puw = 100.

N consecutive idle channels have been found. We present the
results onE(Cs(N)) in the CONC case as follows:

71 —+DISC
—0—CONC

)
8

S

oooooooooooooooooooooooooooooooo
oooooooooooooo

m:

I3

Optimal number channels of a SU (N)

2

Y since it only needs to search for a single channel. For CONC,
(,,N%l - 1) (P(lip) - B ) ++ +N, however, the conservative assumption makes little diffege
E(Cs(N)) = N>1; because theV — 1 channels are usually useless in the case
+ N=1. where a SU needd consecutive channels.
) (4) . Fig. 2(b) shows how channel idle time influences the
If the SU sensesV channels simultaneously, we refer to thig);nqwidth of a SU. We consider OBO sensing for DISC and

as parallel sensing. In this casg, is the time required to cone. Not surprisingly, larger channel idle time leads to
perform sensing on one block of channels. For this sensing|arger handwidth, since a larger channel idle time will fesu

scheme(’s(N) is the same for both DISC and CONC cases; |gnger channel holding time for SUs. More surprising is the

Since the probability ofV channels being idle i, Cs(N)  gifference in sensitivity to channel idle time between Dig@

is a geometrically distributed variable with paramefef’. coNc, This difference can also be attributed to the fact that

Therefore the average channel sensing time, j>". Note  cONC has a larger sensing overhead, which requires enough

thatt, is assumed to be the same for OBO sensing and parajjglease in channel holding time to offset. In summary, DISC

sensing, which can be easily generalized. _ . achieves higher performance, but needs to be more sensitive
In Fig. 2, we numerically study how PUs’ activity, i-€.t5 the changes in the average idle time of PU channels. In

channel idle time and idle probability, influence bandWithontrast, CONC has lower throughput, but is also less seasit
selection of the SU, under different sensing and Chanr{S'changes in PU behavior.

access behaviors. We assume channel idle times are i.i.d and
exponentially distributed. o _
Fig. 2(a) shows how optimal bandwidth selection chang8& Limited Traffic Case

under different sensing models as a function of the channelye now assume that a SU has a fixed amount of traffic. The
idle probability. We see that &3 increases, optimal bandWidthobjective of maximizing the SU’s throughput is then equéval
increases because channel sensing overhead is lower tor hgtminimizing the total amount of time taken to send this fixed
CONC and DISC cases, regardless of the sensing scheB@ount of traffic, which we refer to as the finishing time. Many
We also observe that if SUs use OBO sensiNg, is larger factors affect the finishing time. Due to PU activity, the SU
for DISC than CONC. This is because CONC requires largg{ay need to interrupt its transmission, evacuate the channe
overhead to find a set df channels compared to DISC. Thisang configure to another set of channels before sending out
implies that it is less favorable to use a large bandwidth f@fe gata. To account for the disruption of SU transmission
CONC. In addition, parallel sensing causes a larger overhegused by PU activity, we model the finishing time to include

for DISC than OBO sensing wheh is below 0.9. However, the switching overhead and channel holding time. The total
when P is above0.9, N* increases quickly. In this casefinishing time can be represented by

most channels are idle, and thus sensing multiple channels
simultaneously results in low overhead.

Given these results, we conclude that witers large, it is
wise to use parallel sensing for both DISC and CONC cases.
Otherwise, it is better to use OBO for the DISC case, and the#gere p is the number of times that the SU has to switch
is no significant difference between OBO and parallel sensihannels due to PU activity;(V) is a random variable to
for CONC. Note that without the conservative assumption w@#€note the overhead of théh switching, andt, is the data

made earlier, in the case of DISC, the SU can always use O@nsmission time. Lettind> denote the fixed traffic amount,
t, = D/¢(N) if the SU operates oV channels. The objective

2This conservative assumption also has practical meanitg @vent s then to minimizeE(T(N)) = E( o Ci(N)) +t,. Let

triggering the SU to evacuate could come from the upper layleere the h . =1 : :
SU has no information on which specific channel is reclaimed. Ti (N)’ i=1...,p denote the channel h0|dmg time after

3We assume that the earlier scanned channels are still ieaitdter the the ith channel switching instance, we have
whole channel sensing period. This assumption is reasenabents and

Cs(N) are small. p = argmin(T}(N) + T2(N) 4 ... + TI(N) > t,). (6)

T(N)=> Ci(N)+ts, (5)



—+—Disc e where a PU interferes only with its nearest adjacent channel
/ Then we extend the results to a more generéCl case.

o AR Consider a channel Some PUs may use a low transmit
e power which causes no notable interference to any surragndi
A channels. But other PUs may have a high transmit power and

o Loooo will cause interference to its adjacent chanrielsl andi+ 1.

For simplicity, we assume the arrival processes of the two
L kinds of PU traffic are modeled as two Poisson processes,
Fig. 3: Traffic-aware optimal bandwidtt;(77) = 10s,Co = denoted byP?(t, %) and P} (t, \!) respectively.
0.05s,t; = 0.01s, P = 0.5. In [10], the fatal shock model is introduced to model multi-

variant exponential distribution. The model has the foltoyv

We note that the random numbgiis a stopping time for the Physical meanings in our system. When a PU accesses a
random proces§7*(N),i > 0} because the everfp = i} phannel_, this event acts as a “fatal shock” that termindtes t
does not depend on the random procggjé(]\])’j > i}. Then idle period of the channel. Therefore, both the occurrerfce o

if T/(N), i > 1, are i.i.d, followingWald’s equation [9], we low power PUs and high power PUs in channedre “fatal
have shocks” to channel. Furthermore, the occurrence of a high

power user at channéls also a "fatal shock” to both channels
h h i—1 andi+ 1. The “fatal shocks” of a channel make the SU

E(Z THN)) = B(p)E(T(N))- ") using that channel stop transmission.

Following thefatal shockmodel, we model the channel idle
Because E(>"_/ TM(N)) < t. < E(X/_, TIN)), time correlation. We omit correlated channel idle prokigpil
by (7), we have t,/E(T!(N)) < E(p) < which can be similarly derived. Consider a SU that operates
(tz + E(T}(N)))/E(T}(N)). We note thatT!(N) has on N consecutive channels, indexed by j,...,j + N — 1.
different distribution with T/*(N), i < p, since p is For each channel, the idle period still follows exponential
the stopping time. We can useé + t,/E(T(N)) to distribution since for each channel the PUs arrive as a Boiss
approximateE(p). Generally, the approximation is accurat@rocess. It follows that the residual idle time of a channel
when ¢, is large. We have validated the accuracy of, 77, also follows exponential distribution. We calculate the
E(p) = 1+ t,/E(TM(N)) under several common usedminimum residual idle time ofV correlated channels, which
distributions.7}*(IV) and C;(N) have the same distributionis the channel holding time for a SU, denoted B¥(N). We
asT"(N) andC(N) of Section (Ill-A) respectively. have

In Fig. (3) we numerically study the properties of traffic- h _ r r r
aware optimal bandwidth selection for the DISC and CONC s (]\i) >t = Pr(?j ” t’jlj“ > '1’T-7+N_1 > )
case. We assume each channel’s idle time is i.i.d and expo= PM(Fj-1(t) = 0, P’ (t) = P;(t) = 0, Pj, n(t) = 0)

Optimal number of channels of a SU (N)
-

0

nentially distributed. We observe that a larger amount ¢é da JtN-1

leads to largeftV* for both cases. This figure implies thatasa = eXp[—()\}fl + Z (A + ) + /\;JrN)t]a

SU is transmitting, it should decrease the number of channel i=j

it uses since the traffic amount is decreasing. The decrease=j,...,5 + N — 1.

should be more frequent when the it has a low overhead to (8)

access the spectrum and in case that the amount of traffic

5 . . L .
becomes smaller. We also see thét is much more sensitive T eref%fggl(N) is exponentially distributed with parameter
to the change of traffic amount in the DISC case than in thf}fl + Z (A + A + AL

N
CONC case, although CONC is also fairly sensitive when thé =] ) " )
total traffic is small. To highlight the impact of channel correlation, let us

examine the channel independence case. If a SU observe
each channel independently, for chanhaboth the idle time
C. The Impact of Channel Correlation and the residual idle time are still exponentially disttél

In our spectrum measurement experiments, we often dHih parameten\;_; + /\2 + AL+ ALy After observing the
serve that a channel is in the busy state when there is higine€ZV channels, the independence assumption leads to a
power transmission in a neighboring channel. This impli8/nmum reS|dua!+|gI§1t|me that is exponentially distriedt
that some of the activity observed in this channel is due Y§th parametery ;" (A_y + A7+ A7 + Al,). Consider
interference from its neighboring channel, which we refdfomogenous channels, wheké = A} and A" = A} Vi. By

to as adjacent channel interference (ACI). This introducf€ independence assumption,

channel correlation into our data. Therefore, we are mtgva h 1
to study the channel correlation problem and its impact on SU BE(T™(N)) = N0+ 3 ©)
performance. Although there can be many causes of channel i
correlation, such as a PU which operates in several chanridYscomparison, for correlated channel, we have
at once, we choose mainly to focus on channel correlation 1
4 E(T/(N)) > E(T"(N)).  (10)

resulting from ACI. We first model the so-called 1-ACI case T NN+ (N +2)\!
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network and derive the throughput equation for each SU. We
then consider the optimal bandwidth problem for DISC case
and CONC case. For the former case, the optimal bandwidth
solution is easy to derive based on the model presented. For
the latter case, obtaining the optimal bandwidth configonat
consists of two steps. First, we derive the optimal bandwidt
solution of each SU based on the per SU throughput equation
derived in the system model. Second, we definedhannel

T - ps reconfiguration problemin which SUs are relocated to other
Number of Channels of a SU, N

Fig. 4: The impact on a SU's performance by channel corrg@nnels to allow more SUs to be accommodated in the
lation resulting from adjacent channel interfereng¢7) = SPectrum. We present an efficient scheme for this problem.
10s, Cy = 0.05s, ts = 0.01s, P = 0.5. Consider the CONC

case and OBO sensing. A. Optimal Bandwidth of Each SU in the Multi-SU Case

In our model, we consider a network &f SUs operating

We can extend the study to theACl case. For a channelon M licensed channels. All SUs are within each other’s
i, we may have a set of PUs that have different transniitterference range and must be scheduled on disjoint ckanne
power levels, and therefore interfere with different ramgé when they communicate concurrently. Our goal here is to
adjacent channels. Let* denote the rate of PUs that interferelerive N*, the optimal bandwidth that maximizes the average
with o adjacent channels from 0 < a < . If a channel throughput of a SU.
does not have such a PU, the rate is 0. It is not difficult to We assume there is a central infrastructure that gathers
show that the minimum residual idle time fd¥ channels channel state information. This infrastructure provideasrmel
(indexed byi = j, ..., j + N — 1) is exponentially distributed availability information to the SUs in real-time as charmel
with parameterzgjv_l DONID VIS DU SN 0 VI become _avallable. Because Sps do not need to conduct chan-
A% Nin_1)- On the other hand, under the assumption orel sensing _thems&_alve@, consists _of I|_nk setup and channel
channel independence, it is exponentially distributedhwigvacuation times, i.e(’ = Cy, which is different from the
parameterzgij.v’l ZZZO Z:n ®_ . Similar with 1-ACI single SU case. This generally results in a much smdller
case, if each channel is homogenous, the parameters for @ in the single SU case, and more closely matches real
correlation and independence &€y _, A*+2(3°"_, a\®) Wworld models.
and N(ZZ:O pR)) 2221 a\®) respectively. The model also assumes that each SU has the same behav-

Applying the models to (2), we study how channel coror, and therefore equal channel access opportunity. Speci
relation influences the performance of a SU in Fig. 4. Igally, we assume that each SU has the same mean of overhead,
the simulation, we assume that the arrival rates for PUs wifi(C), and that the pool of available channels is the same for
different power levels are the same. The figure clearly showt SUs. Based on these assumptions, we have the following
that if channels are correlated, there is an obvious inerégas throughput equation for each SU as a function of the number
throughout compared to that under independence assumptifrchannelsN that each SU uses.
In fact, we can see a direct relationship betweerand Kavg(N)P(N)
throughput, i.e., higher correlation leads to higher tigtmaut. Rs(N) = K

However, this does not mean that PUs with higher transmitHere’ K

! avg(IV) denotes the average number of users that
powers are better for SUs. As stated before, the COMParisPryysiem can support, which clearly depends ®n the

made here is based on fixed mean channel idle times.,[fmper of channels a SU uses. Although the valugvofis

we have a set of channels which are independent, and eg@ficit to derive analytically, we can numerically fird* that
channel has a fixed mean idle time, this will result in morg, . ini-es average SU throughput. To do this, we must first
switching than if the channels are positively correlatethwhie  yqiva the expression faK .., (N), which is different in the
same fixed mean idle times. Less switching will then lead {9,sc and CONC cases. Thfjs, the main goal of the following
higher channel residual times and thus greater performangg.iions becomes the derivatidtl.,, (V) in both cases, to

It is clear from these simulations that identifying channg|y \;sed in the numerical search faF*. We first consider
correlation has an important impact on SU performance. DISC case, which leads to a much simpler derivation for
also note that a set of consecutive channels are usually mgre (N).

. . . . avg
correlated than the discrete channels, which implies tig&lta 1) DISC case:Let us first consider a case where there is

can get a longer channel holding time in the CONC case thag qverhead for a SU to access the spectrum, &)
the DISC case and therefore the larger overhead of CONGis ’

offset to some degree.
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(11)

When each SU use®’ discrete channels, the number
of SUs that the spectrum can support is upper-bounded by
one of two values, either the total number of SHS or
IV. MULTIPLE SECONDARY USER CASE the maximum number of SUs that/ channels can support
In this section, we investigate the optimal bandwidth comgiven IV, [%J. We denote this upper-bound Wy,,.., where
figuration problem when there are multiple SUs and limitet,., = min (K, |4f]). We also note that the system can
channels. First, we present the model for a multiple S&upport at most SUs when the number of available channels



5 block also forms a random process, defined La%lj 4> 1}
us I
ide’ Ty is also a stopping time foﬂ%J,i > 1}. Let us first

; R ; Y B ; consider a case where there is an infinite nhumber of SUs.
W W W, Wa Woao Wi TT‘” Then the number of SUs that can be accommodated by the
Fig. 5: The alternative idle and busy channel blocks and tibannels, denoted hif,,, follows:
stopping timeT,, due to channel boundary/. Trr—1 WI
> 15 (14)
is less thar{i+1) N but greater than or equal t&. Therefore =1

the average number of SUs in the spectrum can be written ast there is a limited number of USG'K the actual number
o N1 of SUs occupying the channels isin(K;, K), which is a

M . . . . .
. random variable. The intuition is clear. Whéd is large, or
au P Kma:vP A . . . ! .
a Z Z i Pa(g) + Z m(9) P is large, there is a large channel accommodating capacity,
_ (12) and the number of SUs in the spectrum is closé(toOn the
where Py (j) = (M)Pﬂ( — P)M=i which is the probability other hand, wherk is large, the channels are saturated with

1=0 J=1ixN J=Kmaz N

that 7 channels are idle. SUs due to the limited number of channéls. Now we can
To expand this model to include non-zero overhégdve write

can consider the overhead as a part of the channel busy period Kovg(N) = E(min(Ky, K)). (15)

and proceed as iE(C) = 0. The idle probability of each

, . B(T—E(C) The distribution forK,, is difficult to derive in practice, so

channel is changed & = gy gersy £(C) should be e make a reasonable approximation here. Kgt, (N) ~

smaller thanE(T7) in practice for the channels to be usefulnin(E(Ky,), K). Note thatmin(E(Kj,), K) is actually an

for dynamic access. We will also appiyas defined here to the upper bound ofK 4 (N).

CONC case. Note this conversion will potentially undermine Now let us calculate?(K /). According to (14), we have

the channel independence assumption since each SU will use Tar—1 g T S
W, W,

N channels, since it will add some constaritto the busy Z | = ZL
periods of all N channels. However, as stated in our model, ; N = N

the time overhead is insignificant compared to the length of wi Wi, wi
idle and busy periods. We run simulations on real channél E(TM)E(LTD - B N 1) sE(Ku) < B(Ta)E(| N %
trace to test the robustness of our model. (16)

2) CONC caseFirst, we discuss some properties of the P\yhere £ (ZTM | & i ) E(TM)E(LVK;'I ) by Wald's equa-
activity in the M channels. In Fig. 5 we see that at any time,

the M channels appear as a series of busy and idle chanfi@n. We can use(Thy) E(| ¢ J) to approximateE (K ).
blocks. LetW; and W} refer respectively to the width (in We calculateE (7)) and E(|% ~ J) as follows.

number of channels) of théh idle channel block andth From (13) and the fact thdfy, is the stopping time for
busy channel block. Obviously, SUs can only transmit over t{ W,/ + W i > 1}, we can write

idle channel blocks, and if we know the number of channels Tor—1 Tar
contained in an idle channel block we can calculate the Z Wl +Wh)y <M < Z(Wil + WP
number of SUs that this block can support. If we also find the i=1 i=1 17)

number pf idle channel blocks that are occupied by SUs, Wes B(Ty ) E(W! + Wh) — E(W%M + WJJ?M) <M<
can obtain the average number of SUs. However, bidgjhand E(To)E(W! +W5)
the number of idle channel blocks are random variables, and ’ e
require consideration when we calculdtg, (V). As in the We can useM/E(W/+W}) to approximate?(Ty,). W/ is a
DISC case, the number of SUs in the spectrum is constrair@@pmetrically distributed random variable. We h&l?/@/VI
by either the number of channeld or the number of SUs k) = P*~(1 — P),k > 1, and we can ignore the boundary
K. First we consider the channel constraint. effect. We also have®(W/ = k) = P(1 - P)* 1k > 1.

Let us define a random variabie,;, as Then we can writeB (W) = 1/(1 — P) andE(WB) =1/P.
Therefore we haveE(TM) M/(1/(1-P)+ 1/P2

Now, we caIcuIateE(L J) In the eventtha{L L| =k},
Ty is the minimum number of idle and busy channel block®eaning that idle channel blogkcan support no more than
which taken together have a larger width th&h We note & users, we can then write thi&N < W/ < (k + 1)N}.
that T, is a stopping time for the random proceggﬂ 4+ Based on this relation, we can calculate the expected vdlue o
WB i > 1}, since the even{T); = i} only depends on users that idle channel blogkcan support:

Ty = argmin(Wi + WE + ..+ Wi+ WP > M). (13)

{W B,, I+ WP, 1 <j <i}, and has no relation witW/ + LAL |1 (i41)N—1
>k < > Z > PN (1-P)
Now consider an idle channel blogkwith width W7. The — j=ixN 18
I
block can suppor[vj'f; | SUs. Since the width of idle channel M (18)

M . .
blocks form a random proces§W/,i > 1}, it follows that + LNJ Z P71 - P).
the number of SUs that can be supported by each idle channel =LK IN



then transmit onV* channels over the duration of a channel
holding time with meanE(7"(N*)). The cost of CREC is
the overhead added for relocated SUs, which includes the tim
to evacuate the channels and set up a new 7). These

PU
suU
Idle

1 2 3 4 5 6
Fig. 6: An example of the opportunity for channel reconfigusenefits and costs can be directly mapped to a throughput gain

ration. In this caseN* for a SU is 2. expression, and the objective of the CREC scheme would then
be to maximize this expression. We define the optimal CREC
scheme as

Optimal Channel Reconfiguration Scheme:A channel

reconfiguration schem@* is optimal when it satisfies

Q" = argmay, (m(Q)E(T"(N*)) — x(Q)E(C)), (21)

(19) where 7(Q) and x(Q) refer respectively to the number of
added and reconfigured SUs under schepheThe optimal
CREC scheme yields the maximum throughput gain in (21).
M pN-1 To find the optimal CREC scheme, let us first examine
T T AN,K> . (20) the properties of CREC. First, CREC is conducted on a set
—pTpl—P of blocks each of which is bounded by channels being used

Combining this result with(11), we derive the closed-form by PUS, i.e., idle channel blocks as defined in Section IV-
approximation of per SU throughput in the CONC case. pé:2. We refer to these as CREC blocks here, and there are
SU throughput is a function o, i.e., the number of channels@t MostTy; CREC blocks. We note a SU does not need to
each SU uses. The optimal number of channals, can be reconfigure to another CREC block since this will not reduce
determined numerically fronV = 1 t0 Ny,q,. any cost or bring any benefit. Therefore, a CREC scheme
Q is a set of CREC schemes w.rt each CREC block, i.e.,
Q =1{Q1,Q2,...,Q.,}, wherer denotes the number of CREC
blocks and we have < T),.
The concept of Channel Reconfiguration (CREC) arisesTo find Q*, we first focus on a specific CREC blo¢k It

out of the CONC scenario. Although we have derived thg efficient to find all the possible CREC schemesipulue
optimal number of channels in the CONC case, there is t@limited potential idle channel combinations. Based @sth
guarantee that the SUs will access the spectrum in an optir@®EC schemes, we can set up a table of gains corresponding
configuration due to the random nature of PU behavior. Fig.t6 the potential number of added SUs. We note that different
is a simple example of this situation. In the figure, channeSREC schemes may result in the same number of added SUs,
1, 2 and 6 are initially occupied by PUs, which forms an idlbut they may also result in different throughput gains. We ca
channel block from channels 3 to 5. A SU occupies channel$idd the Q* that results in maximum benefit for the entire
and 4, which is optimal in this case since we assu¥ife= 2 system using the following algorithm.
and there are only 3 channels available. If channel 2 becomes In a blocki, 1 < i < r, let = denote the potential number of
idle, however, this channel configuration becomes sub@ptim  added SUs. For* = 0,1,..., ., find an* with maximum
In the resulting configuration, despite having 2 channelghvh gain. Let this be denoted by, » .

. . . . « Let K1, denote the number of SUs that are waiting to obtain
remain available, channels 2 and_5 will remain unu_sed becaus channels. IfS™"_ xi . < Ky, the optimal CREC scheme is
of the CONC requirement. This is clearly not optimal. If the .

We again ignore the boundalry effect bf. With that approx-
imation, (18) become® (L%J) — PN-1/(1— PV,
Now we have

]sN71

E(K}\,{) ~

Finally, we have

Kavg(N) = min (

B. Channel Reconfiguration

: to let each block: add extra SUs with an amount @f’ﬁ,pt
current SU reconfigures to use channels 2 and 3 (or 4 and 5),
another SU could fit into the idle block. This is the basic idea
of CREC: rearrange the SUs in an idle block to make room

respectively. _

If Kp < >0_, Tope, Us€ dynamic programming to calculate
how many SUs should be added in each CREC block to
maximize the total gain. Add the determined number of SUs

for more SUs. to each CREC block.

There are several issues to consider when developing . . .
CREC scheme that maximizes the SUs’ overall throughputfarn Fig. 7, we present a simple example of the optimal CREC

First, there is an inherent tradeoff to CREC. Although reco cheme algorithm. In the exampl&,, is 4. We see that,,,

figuration allows more SUs to be accommodated, it also har ttetrf]our blot():ks ?rSeUO, ti’ E[L 2 frbom (Iﬁjft (th r'gh{tﬁ For etht q
the SUs already transmitting by forcing them to reconfigwbeqC » the numoer o s that can be added and he assoclate

to new channels. The unpredictable nature of PU activity c3q"'s are shown in the(Q;)/Gain. Then the optimal scheme
affect the scheme as well. In Fig. 6, if channels 1 or 6 we ould be to accommodate 2 new SUs in CREC block 2 and 4,

to become idle, no reconfiguration would be required to a(WP'Ch results in a maximum gain of 6. iy, > 5, the optimal
another SU to the resulting idle block. scheme would be to let each CREC block accommodate new

Due to the difficulty in predicting PU activity, we simplify SUs with an amount of 0, 2, 1, 2 respectively.
the model by only considering current channel states. Weemak )
some key observations on the nature of CREC scheme. The Evaluation
central benefit of CREC is that new SUs can be accommo-In this section, we evaluate our proposed solutions on
dated. When a new SU is accommodated by CREC, it chandwidth configuration in the multiple SUs scenario thitoug
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], Theory, DISC In Fig. 9 we compare the results of our optimal bandwidth
grog NG solution for the CONC case both with and without CREC.
= 1:2: X Simulation, GONG In the figure, we plot curves using both real trace (RT) and

simulated data traces (EXP). We use the 60 channel real trace
data as described in section II.C to test the robustnessrof ou
analytical results. Note that in this simulation settingcte
channel in the real trace data is assumed to have bandwidth
of 5M, which is different from the actual bandwidth of the
channels. However, as stated previously, the importanteeof
real trace data lies in the statistical heterogeneity of BXivisy
in real environments, such as different idle probabiljtragan
0 10 20 30 40 50 60 idle times, and channel correlations.
. . Number of SUs . . For these simulations, we generaterandomly for each
Fig. 8: Optimal performance under theory and S|mulat|onsSU, but keep the mean @f identical for all SUs. Each graph
in Fig. 9 represents the per SU throughput vs. number of SUs
simulations on both simulated channel activity and reaterain the system for a given mean value @f We also generate
data. simulated channel traces to compare performance over real
First, let us examine the correctness of our derivation drace data with known distributions. In the simulated tsace
per SU throughput representations. In Fig. 8, we compare the generate 60 channels with exponentially distributed idl
theoretical and numerical results of per SU throughput éithb times, with each channel’s mean equal to the mean of the
the DISC and CONC cases. Here overhéads set to 0. We corresponding channel in the real trace data. The simulated
will study C > 0 cases later. We considéf from 1 to 60 and channels are generated independently. For our theoretical
M = 100. results (labeled "theory” in the figure), we use the mean of
We observe that for both DISC and CONC cases, und&e idle probabilities and the mean of the idle time over
different channel idle probabilities, numerical resulistol the all 60 channels as the input parameters to our closed-form
theoretical results very well. For DISC, the numerical tssu expression. The average idle time mean of our real trace data
match theory much better than in the CONC case, since §e13.3s, and the average idle probability is 0.695.
are able to derive an exact closed-form expression for per SUFrom Fig. 9, we can see that wheéi(C') is small (0 to
throughput wher€' = 0. As stated previously, our closed-formls), our theoretical results are very close to our RT and EXP
expression for the per SU throughput in CONC is actually arsults. It also appears that RT leads to a higher per SU
upper bound. We observe the theoretical throughput isthlighthroughput than EXP. This is most likely caused by the likely
larger than the numerical result. correlations that appear in real channel traces. Coroelgti
Fig. 8 shows that although DISC generally leads to highbetween channels allow SUs to have more channel access
per SU throughput than CONC, this performance differenegpportunities and longer transmission times, as we discliss
attenuates a& becomes large, or wheR is very small. The in Section IlI-C.
key factor that mitigates these differences appears to be th We also observe that CREC increases the optimal through-
optimal number of channels. Whei is large, for example, put of each SU. However, notable gains are only made in
DISC and CONC exhibit little performance difference beeaugases where the optimal number of channels is 2 or 3, where
the optimal number of channels approaches 1 in both cases.observe frequent reconfigurations of SUs. In fact, gdiyera
When P is very small, as in thé® = 0.1 curves, the optimal the gain from CREC is not significant for two reasons. First,
number of channels is 1 for both DISC and CONC over a widgpportunities to use CREC are fairly limited. Second, CREC
range of K. When P is very large, however, the number ofintroduces its own overhead since SU reconfiguration dtsrup
optimal channels in both cases tends to be rather large becasU communication and requires SUs to undergo communi-
of their high idle probabilities. Therefore the limits imged cation setup overhead. From the figure, we also see that as
by the consecutive channel requirement tend to have less off&(C) increases, the benefit of CREC decreases, and in the
effect on CONC per SU throughput because of high chanreitreme case thatb/(C') = 10s, there is no throughput gain
availability. from CREC. This is because whé#(C) = 10s, the overhead
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—— Theory

® RT with CREC
RT without CREC
EXP with CREC
EXP without CREC

—— Theory
60 ® RT with CREC

works handle channel allocation dynamically based on traffi
conditions, but cannot be applied in cognitive radio neksor
directly, because they do not explicitly address the chghe
of channel dynamics due to PU activity.

O RT without CREC
* EXP with CREC
A EXP without CREC
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&
Optimal Per SU Throughput (Mbps)

o @ In this paper, we study optimal bandwidth selection for SUs
in multi PU bands. We present optimal bandwidth selection
in both the single SU and multi-SU cases, which depends on
various factors, including PU channel idle time and proligbi
PU channel correlation, and SU sensing and access scheme. In
both single- and multi-SU cases, the hardware capabilithef
SU, i.e., whether it has to use a set of consecutive channels o
can use discrete channels, has significant impact on the SU
T performance. In both cases, using discrete channels sesult
Average throughput of each SU under different overhead in higher performance. In the multi-SU case, the capability
Fig. 9: Comparison of performance among Theory, Simulatieéllows SUs to better utilize fragmented spectrum holes and
on real channel trace (RT) and channel trace with expondhus results in higher performance. In the single SU case,
tially distributed idle time (EXP).P = 0.695 and E(T') using discrete channels allows low overhead in channelrsgns
13.3s for the curve of TheoryM =60, K =1,...,40. and thus higher throughput. The tradeoff to achieve a higher
throughput is that the scheme is more sensitive to the idfie ti

C is too large compared to the expected channel holding timy@ration and traffic demand. . .
E(T"(N*)). In this case, our channel holding time is generally Motivated by the observation of channel cprrelatlon during
much smaller than 13.3s, the average idle time mean. & Mmeasurement study, we also analyze the impact of channel
Finally, the figure also shows that in cases wigfC) is correlation caused by adjacent channel_mter_fer_ence baised
very large, our analytical model appears to be inapplicabfg® fatal shockmodel. We learn that identifying channel
This is expected, since our model is based on the assumpff@relation is important in optimizing SU performance.
that overhead” is much smaller than average channel holding Numerical simulations and real channel activity traces are
time. As we argued before, it is impractical for a SU networkSed to validate our analysis. In general, these simulgtion
to operate in a given spectrum if its average overhead S8OW that our analytical models are robust and applicable to
comparable to the channel holding times. However, we al§@@! world models. Again, the ability to use discrete chdsine
note that the optimal number of channé¥& is very similar results in _hlgher throughput for SUs because it allows SUs to
in the analytical model, the RT, and EXP simulations. Thietter utilize fragmented spectrum holes.
indicates that in practical systems, our model can be used
to derive the optimal bandwidth, which leads to optimal
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E(C)=10s, a extreme case
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