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ABSTRACT

We considerthe problemof opportunisticdynamicspectrum
acces¢DSA) in anadhocnetwork in which unlicensedsec-
ondaryuserscommunicatehroughchannelsot usedby the

primary users.Decentralizedtognitive mediumaccesson-

trol protocolsarepresentedhatallow secondaryisergo rec-

ognizespectrumopportunityandtransmitbasedon a partial

obsenationof theinstantaneouspectrurravailability. Under
a frameawork of Partially Obsenable Markov DecisionPro-

cesqPOMDP),we derive optimalandsuboptimadecentral-
izedstrat@iesfor the secondarysersto decidewhich chan-
nel(s)to senseandaccesdor themaximizationof theoverall

network throughput.

1. INTRODUCTION

Static spectrumallocation strateyies effectively bypassthe
problemsof spectruntoordinatiorand,with adequatguard
bands,avoid interference.Such x ed allocations,however,
canbewastefulwhentheprimaryuserhasnodatato transmit
or may resultin unacceptablelropsanddelaysif the users
demandis too high. Dynamic SpectrumAccess(DSA) [1]
represents new paradigmof spectrummanagemeng shift
from static allocationto dynamic access allowing oppor
tunistic communication$asedon userdemandsand chan-
nel availability. DSA will becomeancreasinglyimportantas
overlay scheme&ndthe useof unlicensedspectrancrease.
DSA s alsocritical in copingwith traf c loadvariationsover
time and spaceand for heterogeneousetworks to coexist
without explicit coordination.

1.1. Dynamic Spectrum Access

Two approachet DSA have beerenvisioned:dynamicspec-
trum allocation and opportunisticspectrumaccess. While
sharingcertaincommonfeaturesthesetwo approacheslif-
fer in their rationale technologicathallengesanddomains
of applications.Dynamicspectrumallocationbroughtforth
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by the EuropearDRIVE project[2] mainly focuseson long-
termcommerciabpplicationsuchasUMTS andDVB-T. By
exploiting temporalandspatialtraf ¢ statisticsjt aimstoim-
prove spectrunef ciency throughtime-andspace-dependent
spectrumsharingamongcoexisting radio services. For ex-
ample theamountbf spectrurrallocatedo UMTS andDVB-
T variesover region andthe-time-of-day Similar to the cur-
rentstaticspectrunallotmentpolicy, suchDSA stratgiesal-
locate,at a giventime andregion, a portion of the spectrum
toaradioaccessetwork for its exclusive use.As such white
spacean spectrundueto burstytraf c cannotbe eliminated.

Differentfrom dynamicspectrumallocationwhich uses
the statisticsof spectrumoccupanyg, opportunisticspectrum
accessrvisionedby the DARPA XG program[3] aimsto
exploit the instantaneouspectrumavailability by opening
licensedspectrumto secondaryusers. The ideais to al-
low secondarysersto identify availablespectrunresources
and communicateopportunisticallyin a mannerthat limits
thelevel of interferenceperceved by primary users.It thus
hasthe potentialof eliminatingwhite spacen the spectrum.
SuchDSA stratgjies are more relevant to applicationsre-
quiring rapidbut short-termdeploymentandapplicationde-
niedof cooperatiorfrom existing radioaccessetworks. Ex-
amplesinclude military units penetratingdeepin unknaovn
and/orhostile territories, wirelessnetworks establishedor
particularsocialevents,or sensonetworksdeployedfor spe-
ci ¢ tasks. Requiringlittle cooperationfrom the spectrum
licensees,opportunisticspectrumaccesscan be overlayed
with the currentstaticallotmentpolicy aswell asthe ervi-
sioneddynamicspectrumallocation. Besidessoftware de-
ned radio, the technologicaunderpinningof opportunistic
spectrumaccessncludesef cient spectrumsensingfor op-
portunityidenti cation andadaptve mediumaccessandnet-
working protocolsfor opportunityutilization.

1.2. DecentralizedCognitive MAC

In this paper we focus on DSA of the secondkind in ad
hoc networks: opportunisticspectrumaccessbasedon in-
stantaneousetwork state. Oneof the mostcrucial anddif-
cult challengesn suchnetworksis the designof cognitive
mediumaccessontrol (MAC) that recognizesand utilizes
spectrunopportunitiefor optimalnetwork performancefor
ad hoc networks without a centralauthority it is desirable
to have a DecentralizedCognitve MAC (DC-MAC) where
eachnodedecidesindividually how to sensethe spectrum
andhow to gain access Becausaiserscannotexchangeo-
cal informationon channelavailability beforeagreeingon a



communicatiorchannel sucha protocolshouldnot rely on
cooperatioramongsecondarysers.Thusthe designof DC-
MAC for DSA networks is more challengingthan that for
standarcadhocnetworks.

We focuson cognitve MAC whereeachnodemustsense
the channelintelligently by exploiting statisticaltrafc be-
havior. We do not assumethat each secondarynode has
perfectknowvledge of the availability of all channels;such
knowledgeimpliesafull spectrunsensingsynchronouamong
users.We assumeénsteadhateachnodecanchooseo sense
a subsetof the possiblechannelsand mustdecideif trans-
missionis possiblebasedon the sensingoutcome.As such,
eachnodeobsenesonly a partial, not the full, stateof the
network. Furthermorewe allow sensingerrors: the over
look of an available channelandthe mistale of identifying
anunavailablechannelksanopportunity

The key stepin the designof DSA is to capturethe dy-
namicbehaior of thespectralvacang whichfundamentally
determineshenetwork performanceThemodellingof DSA
dynamicsneedsto incorporatechannelavailability, channel
bandwidthandtraf c pattern.Thelastplaysacrucialrolein
protocoldesign.For example,if we know thataprimaryuser
favors a particularchannelandtendsto occuyy it for along
periodof time, thatchannelvould belesslik ely availablefor
a secondaryser andsensingt would likely be a wasteof
time andeneny.

Thereis alsoaneedo considersensingandaccesgointly,
whichleadsto a cross-layedesignfor DSA. For example,if
anodehasno pacletto send,doesit make sensdo perform
channekensingensingcostsenegy but gainsinformation
aboutthe network state.Sensingproactively betterprepares
thenodefor transmissiorbut atthe costof enegy consump-
tion. Whatwould thenbe the tradeof betweenenegy con-
sumptionandspectrunutilization?

1.3. Scope,Contrib ution, and RelatedWork

Scope The scopeof this paperis limited to the technical
(andmoreanalytical)aspect®f theMAC designfor DSA ad
hoc networks. Speci cally, we focuson the theoreticalfor-
mulation and characterizatiorof decentralizednediumac-
cessandthedevelopmentof optimal DC-MAC protocols.

While we arenot concernedaboutspeci ¢ implementa-
tion details(e.g.,packet format and bit de nitions), we are
concernedboutimplementatiorcompleity, bothin compu-
tationandstorage We take ananalyticalapproachimposing
certainidealizedmodellingassumptionsit is ourhope how-
ever, thattheresultspresentedherecanprovide insightsinto
the designof more complicatedDSA networks undermore
realisticassumptions.

Contribution  The contritution of this paperis threefold.
We provide (i) ananalyticalframeavork of DC-MAC in DSA
ad hoc networks; (ii) a characterizatiorof the optimal pro-
tocol; (iii) the developmentof alow compleity suboptimal

greedyalgorithm.

AnalyticalFramavork We presentinanalyticalframewvork
for the designof DC-MAC for DSA ad hoc networks. This
frameawork includesthreecomponents.Jointly, they de ne
protocolsthatintegratechannekensingandaccess.

The rst componenis a channeloccupang modelthat
capturesthe dynamicsof channelavailability. By usinga
Markov chainformulation,we incorporatetrafc character
isticsof theprimaryandsecondarysers.For example given
that a channelis currently occupiedby a primary user the
probabilitythatthe primaryuserwill needit for the next slot
is modelledby the statetransitionprobability.

Theseconds theperformancenetric,theobjective func-
tion thatde nesthe optimalstratey. In this paperwe focus
onmaximizingspectrunutilization by designingppDC-MAC
that maximizesthe averagethroughput. The formulation,
however, can be easily tailored to incorporateenegy con-
sumptiongdy imposingconstraintor penalty

The third componentis a decisiontheoreticapproacho
selectingwhich channeto senseandaccesgiventhenodes
pastsensinghistory, channeloccupang statistics,and the
reward-costof sensingandtransmission.

OptimalDC-MAC  We presennext anoptimizationframe-
work basedon the theory of Partially Obserable Markov
DecisionProces§POMDP). The network stateis partially
obsenabledueto amorepracticalandmoregenerakensing
modelthatallowsauserto sensenotall, butasubsebf chan-
nels. The structureof the optimal DC-MAC is obtainedfol-
lowing theclassicawork of SmallwoodandSondik[4]. Our
formulationis alsoamenabldo otherPOMDPtechniques.

SuboptimalGreedyDC-MAC  The optimal DC-MAC re-
quirestheupdateandstorageof aninformationvectorwith a
dimensionexponentiallygrowing with the numberof chan-
nels. We shaw thatthe requiredsufcient statistichasa di-
mensionlinear in the numberof channels. This leadsto a
muchsimpli ed suboptimaklgorithmbasedn a greedyap-
proach.

RelatedWork A majority of existingwork onDSA focuses
on the approachof dynamicspectrumallocation[2, 5-16].
The EuropearDRIVE project[2] focuseson dynamicspec-
trum allocationin heterogeneousetworks by assuminga
(logical) commoncoordinationchannel. The efciency of
DSAwill dependupontheability to predicttraf ¢ load(thus
spectrumoccupang). A simulationstudy of the impact of
load predictionbasedon load history andsimpleregression
schemess reportedin [15]. Regulatory aspectandissues
in DSA acrossmultiple networks arediscussedn [5]. Two
centralizedDSA protocolsthat rely on a superbasestation
aredescribedn [8] andtheir performancevaluatedvia sim-
ulations.

Therehave beenseveral attemptson developing cogni-
tive MAC for opportunisticspectrumaccesg17-21]. These



techniquegacklethe problemin two separatesteps: (i) the
developmentof an opportunityidenti cation moduleusing
classicaldetectionandestimationtechniquesassumingcon-
tinuousfull-spectrumsensing{ii) the designof anopportu-
nity allocationmoduleby, for example,graphcoloringtech-
niguesassumingull knowledgeof spectrumopportunities.
Missing in this line of approachesre two ingredients:the
enegy-efcient sensingandthe ability to handleburstytraf-
c. First, the assumptiorof continuousfull-spectrumsens-
ing, while simplifying the designof cognitve MAC, is un-
desirableandimpracticaldueto theenegy consumptiorand
the hardwareimplication. Secondtraf c characteristicses-
pecially the bursty nature,shouldplay a crucial role in ary
efcient cognitve MAC scheme. Why pay for the knowl-
edgeof every opportunityin thewhole spectrumall thetime
when a useronly hassporadicneedsfor spectrumaccess?
Hereliesacleardisadwantageof existing approachethatde-
coupleopportunityidenti cation andopportunityallocation.

2. PROBLEM STATEMENT

Network and Channel Model Considera spectrumcon-
tainingN channel’, eachwith bandwidthB; (i = 1; ¢¢¢; N).
TheseN channelsare sharedamongprimary usersand a
large numberof secondaryusersseekingspectrumopportu-
nities. Thetrafc statisticsof the primaryusersaresuchthat
theseN channelsare synchronousandslotted. We alsoas-
sumethatthe spectrunusagestatisticsremainunchangedor
T slots. Theenegy andhardwareconstraintsestrictthesec-
ondaryusersfrom monitoringmorethanonechannelwithin
oneslot. Extensionsto a more generalsensingmodel are
discussedh Sectionb.

1i @

Fig. 1: TheMarkov channeimodel

We focuson adecentralizedSA adhocnetwork where
alarge numberof secondarysersjoin/exit the network and
sense/acceghe spectrumindependentlywithout exchang-
ing local information. We assumethat when the network
reaches steady-stateeachchannelindependenthpresents
itself asan opportunityto a secondaryuseraccordingto a
Markov process. As illustratedin Figure 1, channelstates
arerepresentedby O (busy) and1 (idle thusavailableto the
secondaryser). Statetransitionsoccur at the beginning of
eachslotwith transitionprobabilitiesgivenby f®; g (i =

IHerewe usethe term channelbroadly A channelcanbe a frequeny
bandwith certainbandwidth.It canalsobea collectionof spreadingcodes
in aCDMA network or a setof tonesin anOFDM system.

1; ¢¢¢; N ). Sincetheunavailability of achanneimayalsobe
causedy channeffading,the Markov chainmodelcanalso
includefadingstatistics.

Objectives We rst seekanswerdo a fundamentabues-
tion: whatis the optimal DSA stratgy that maximizesthe
averagenumberof bits transmittedby the secondaryuserin

T slots. Speci cally, we seekthe optimal DSA protocolfor

thesecondaryiserto determingn eachslotwhich channeto

monitorandsubsequentlaccessothatthe averagenumber
of bits transmittedn T slotsis maximized.We thenexploit

thespeci c¢ structureof the problemin searchof simplerbut

nearoptimalsolutions.

Protocol Specics We presenthierea CSMA-basedmple-
mentationWe rst discusghebasicstructureof theprotocol
andthencommenton seseralimplementatiorissues.

Protocol Structue  We assumehat channelsare slotted,
andtheslottiming is broadcast Thebeginningof eachslot
is dedicatedor channekensing.The primaryusershave the
highestpriority, andthey sensehechannelrst basedncer
tain priority relatedback-of scheme.For example,we can
imposea minimum value on the bacloff time of secondary
users.The primary usercanclaim the slot beforesecondary
usersstartsensing.The choiceof the minimumbacloff time
for secondarysersdepend®onthepropagtiondelayamong
neighboringnodesand how muchthe network cantolerate
interferencérom secondarysers.

A secondaryserwith datato transmitwill haveto decide
which channeto sense Suchdecisionsarebasedn its past
sensinghistory and channelstatisticsusing the optimal or
suboptimalprotocolspresentedn Section3 and Section4.
If it decidesto sensea particularchannel,it will generatex
randombacloff, possiblya functionof its enegy level or its
channebtateg[22], andit will transmitwhenthebacloff timer
expiresandno oneclaimsthechannel.

TransmitterReceiveiSyndironization Thetransmitterand
thereceverneedto tuneto thesamechannein orderto com-
municate andthey needto hopsynchronouslyThesynchro-
nizationproblemcanbeseparateihto two phasestheinitial
handsha& betweenthe transmitterand the recever andthe
synchronoushoppingin the spectrumafterthe initial estab-
lishmentof communication.

Thereare a numberof standardmplementationgo fa-
cilitate the initial handsha&. Here we borrown the idea of
recever-orientedcodeassignmenin CDMA adhocnetworks
[23]. Speci cally, eachsecondaryuseris assigned setof
channels(not necessarilyunique) which it monitors regu-
larly to checkwhetherit is anintendedrecever. A userwith
a messagdor, say userA will transmita handshak sig-
nal over one of the channelsassignedo userA. Oncethe
initial communicatioris establishedthe transmitterandthe
recever will implementthe sameDC-MAC protocolwhich

2Theslotinformationcanbe broadcasby the primaryusers.



governschannelselectionin eachslot. In this paper we fo-
cuson the designof DC-MAC protocolsassuminghat the
initial handsha& hasbeenestablished.

Collision Resolutionand Avoidance In a network with a
large numberof secondaryusersseekingspectrumopportu-
nities independentlythereneedso be a mechanisnto deal
with collision. The proposeddC-MAC schemeslescribed
in Section3 and Section4 make the accesglecisionbased
onthesufcient statisticcapturedby the informationvectos
which in a way randomizeghe choicesof secondaryusers
andreduceghe probability of collision.

Collisions canbe further minimized by the useof clas-
sicalrandomaccesgechniquesuchas CSMA or ALOHA.
Speci cally, a secondaryuserwho hasidenti ed an oppor
tunity senseshe carrierusinga randombacloff time before
accessinghe channel. While suchtechniquesio not solve
the problemof hidden/&posedterminals,our protocolcan
betailoredto incorporatebusy-tonebasedechniques.

We rst studythe designof DC-MAC assumingperfect
collision avoidance. We then extendin Section5 the pro-
posedprotocolsto incorporatecollision which canbe mod-
elledasmisidenti cation of spectrunopportunity

3. OPTIMAL STRATEGY

In this section,we formulate the DC-MAC problemas a
POMDR Under this decision-theoretidramavork, we de-
rive sufcient statisticsand establishthe optimal CD-MAC
protocol.

3.1. The POMDP Formulation

The systemof N channelsggivenin Section2 canbe mod-
elled by a discrete-timeMarkov chainwith M = 2N states
wherethe stateis de ned asthe availability of eachchannel.
The transitionprobability p;; canbe readily obtainedfrom
f®; g\, . Thestatediagramfor N = 2 is illustratedin
Figure2where®, = 1; ® andstate(0; 1) indicateghe rst
channeis busywhereaghe secondchanneis available.

Fig. 2: TheunderlyingMarkov processor N = 2.

Sincein eachslot, theusercanonly selectonechanneto
monitor, the stateof the systemis only partially obsenable.

The problemof designinga DSA protocol that maximizes
the transmissiorratein T slots canthen be formulatedas
a POMDPover a nite horizon. Speci cally, this POMDP
consistof

2 Decisionintenalsf 1; ¢¢¢; Tg: slots;
2 StatesS 2 f 1; ¢¢¢; M g: availability of eachchannel;
2 Transitionprobabilitiesp;; : functionsof f ®; i g, ;

2 Actionsa 2 f1;¢¢¢; N g: sensechannela andaccess
if available;

2 Obseration£ .5 2 f0; 1g: availability of the chosen
channeh at statej ;

2 Rewardwyy, = pBa: numberof transmittedbits when
theobsenationis p underactiona.

Following the illustration givenin [4], we shav in Figure3
the sequenceof operationsin a decisioninterval. Speci -
cally, atthebeginningof a decisionintenal, the systemstate
transitsaccordingto p;j . Accordingto a chosenactiona
which speci esthe channelto be sensedn this decisionin-
tenal (slot), the usersenseshe channelandtransmitsif the
choserchannels available. Theresultof channekensings
givenby £ .2 which indicatesthe availability of the chosen
channel.A rewardw,,,, determinedby the obseration and
theaction,is obtainedat the endof this slot.

State ! Select Sense and: Reward
Transition |  Action Access
Pij a1 Eja 0 Wap
# of ini
n n | 1 or remaining

decision intervals

Fig. 3: Thesequencef operationsn aslot.

Underthisformulation,theoptimalDC-MAC protocolis
given by the optimal policy (in termsof maximizingthe ex-

pectedrewardin T slots)of this POMDPover a nite hori-
zor?.

3.2. Suf cient Statistic

Letn (n = 1; ¢¢¢; T) denotethe numberof remainingdeci-
sionintenvals. For a nite horizonPOMDPoverT slots,the
problemis to selectin slot T j n + 1 anactiona thatwill
optimizethesystenperformanceén theremainingn decision
intenals.

SincetheunderlyingMarkov processs only partially ob-
senable, the internal stateof the systemis unknavn. Our

3The optimal DC-MAC can also be formulatedas a POMDP over an
in nite horizon.Sincethestatisticoof channebccupang varywith timedue
tochangesn traf ¢ load,it is moreappropriateo considerthe nite horizon
formulation. It is, however, straightforvardto extendour formulationto an
in nite horizonsetupin which stationarypoliciescanbe obtained.



knowledgeof theinternalstateof the systembasednall the
pastdecisionsandobsenationscanbe encodedasan infor-

mationvector¥a= [Y4; ¢¢C; ¥y ] whereY; is the conditional
probability (given all the pastsensinghistory) that the state
of the systemis i at the beginning of the currentdecision
interval prior to the statetransition.

It hasbeenshawvn in [4] thatat ary time the information
vector¥ais a sufcient statisticfor the optimal policy. It is
easyto seethatthe dynamicbehaior of theinformationvec-
tor Yis itself a discrete-timecontinuous-stat&larkov pro-
cess. Giventhe prior information¥son the stateof the sys-
tem, our currentknowledge’? of the systemafter observing
K underactiona canbeeasilyobtainedvia the Bayes'rule.

B2 A 1S T (k) )

W o= p %JMJWEm:M L@
izt j=1 7P PrEja=H

whereT (Ya; 1) is the updatedinformation vector from %
basedn obsenrationp andactiona.

We have assumedhat the statetransition probabilities
f®; ;g areknown. In practice,this may not be available.
The problemthen becomesone of POMDP with unknavn
transition probabilities. Suchformulationsand algorithms
existin theliterature[24] andthey areapplicableto our prob-
lem.

3.3. Optimal Strategy

Theoptimalpolicy determinesheactionin eachdecisionin-

tenal so that the expectedtotal reward is maximized. Let

Vi (¥4 denotethe maximumexpectedrewardthatcanbe ac-
cruedin theremainingn decisionintervalswhenthe current
informationvectoris % We canobtaina recursve equation
for V, (¥) as

Moo xt
Wn(g = max f % opj Prifja =
i=1 j=1 u=0
(Wau + Vi 1(T (Mar W) 9; 3)
whereT (¥%a; ) is the a posteriorinformationvectorgiven
by (1).

It is showvnin [4] thatV,, () is pieceviselinearandcon-
vex andcanthusbewritten as

V() = max¥ i (n) @

for somenite setof M -dimensionatolumnvectors ° (n)g.

In otherwords, the spaceof informationvectorscanbe di-
vided into a nite numberof corvex regions separatedy
hyperplanesWithin eachregion, V,, (¥ = ¥2¢(n) for some
k. Following theexamplegivenin [4], weillustratethestruc-
ture of V,(¥) in Figure4. We considera three-statesys-
tem. An informationvector %is representedby a point in

an equilateraltriangle. As shavn in Figure 4, entriesof ¥4
aregiven by the distancego the sidesof the triangle. After
we obsene pin adecisioninterval, theinformationvectoris
transformednto a pointin the spaceof informationvectors
for the succeedinglecisioninterval (see(1)). For the exam-
ple givenin Figure4, the spaceof informationvectorswhen
therearen j 1 decisionintervals remainingis partitioned
into four regionswith the corresponding -vectorsgiven by
fei(ni 1);¢¢¢;°4(nj 1)g.

1
£q
NEZ
,£,a;— 0
S
Ya
2 . 3 .
n remaining ni 1remaining

Fig. 4: Thestructureof V;, (¥).

The piecavise linearity and corvexity of V, (¥4 leadto
a linear programmingprocedurdor calculatingthe optimal
policy andthe correspondingexpectedreward. Speci cally,
from (3) and(4) we obtain

pd pd xt
“max f Ya Pi;
asLiceN ) j=1 p=0

(Wa;u + T(1/Ja? “)ol(l/4a;p)(n i 1))9; (5)

wherel (¥ a; ) denotesthe corresponding -vector index

for the region containingthe transformednformation vec-
tor T (Y4a; ). Thus,if the setof °-vectorsfor Vy,; 1(9 has
beencalculated we canobtainfrom (5) the optimal action
and the corresponding -vector for ary speci ed informa-
tion vectorfor the n-horizon case. A linear programming
algorithmis providedin [4] for computingthe ° -vectorsand
the correspondingnappingof thesevectorsonto the setof

actions.Thus,the optimalpolicy is given by the partition of

the spaceof theinformationvectorsinto corvex regions,the
° -vectorsassociateavith eachconvex region, andthe map-
ping betweenthe ° -vectorsand the optimal actions. Note
thatthe computationof the partition, the ° -vectors,andthe
mappingcanbedoneoff-line andtheresultstoredin atable.

Vn(1 = PriEja =W

4. SUFFICIENT STATISTIC WITH REDUCED
DIMENSION

We exploit the structureof the underlyingMarkov process
to reducethedimensionof the sufcient statisticfrom expo-
nentialto linear(in N ). Basedonthis sufcient statisticwith
reduceddimensionwe derive asuboptimabreedyalgorithm
thatmaximizesperslotthroughput.



4.1. Reduced-StatePOMDP

As statedin Section3, the 2V -dimensionainformationvec-
tor Y4is a sufcient statistic. We shaw in this sectionthat
by exploiting thespeci c structureof theunderlyingMarkov
processwe canobtaina sufcient statisticwith dimension
reducedfrom exponentialto linear with respectto N, i.e.,
fromM = 2N toN.

Proposition1 Leta = [, 1;¢¢¢; n]whee, ; istheproba-
bility that channeli is availableto the secondaryuser Then
atanytime @ is a sufcient statisticfor the above speci ed

DSAsystem.

Proof: To prove o is a sufcient statistic,we needto shov
that(i) @ summarizesll theinformationon the availability
of eachchannelobtainedfrom the history of obsenations;
(ii) themaximumexpectedewardV, (¢ is completelydeter
minedby o.

To shaw (i), we de ne | (t) asthe total available infor-
mation aboutthe processat the end of decisionintenal t.
Pleasenotethatthetime variablet increasesvith time while
thetime variablen usedin therestof the paperdenoteshe
numberof remainingdecisionintenals, thusdecreasingvith
time. Sincetheonly informationobtainedduringdecisionin-
tenalt is ourobseration£ 4(t) underactiona(t), we have

(1) = fa(t);£a(t);1 (ti g (6)
Let Sj(t) denotethestateof channel in slott. Wethenhave

Pr[channei is availablein slottjl ()]
PrSi(t) = 11 (1)]

Pr[Si(t) = Ja(t);£a(t);1 (ti 1)]

8

<1 if a(t) = i; £a(t) = 1
0 if a(t) = i; £a(t) = 0(7)
it DT+ Nt D® ifalt) 6 i

wherefi(t i 1)=1; ,i(tj 1), and(7) follows from the

independeniMarkov modelonthedynamicsof thechannels.

From (7) we seethat the calculationof a(t) basedon the
whole history of obserationsrequiresonly a(t j 1) and
the newly obtainedinformationin decisioninterval t. Thus,
a(tj 1) summarizesll theinformationon channebvailabil-
ity gainedprior to decisionintenal t andrepresents suf-

cientstatisticfor the pastsequencef obserationsl (t 1).

We now prove (ii) by induction.Forn = 1, we have

Vi) = max (2 at (i a@)Bai (8

Clearly, V1 (¢ iscompletelydeterminedy o. AssumeVvy; 1(9
is determinedy @ . It thenfollows that

Vo(®) = max f(aat.a®)Ba

Xt
+  Prlf£a= Wo;aVh; 1(T(@jaW)g
u=0

— 1
max f + B
a:l;¢¢¢N (sa a ,a®a) a

+( 5 a_l_a + ,la®a)vni l(T (nja; 0))
+( B a_a + ,la®a)vni l(T (Dja; 1))9 (9)

whereT (@ ja; 1) denotesheupdatednformationonchannel
availability giventhe obsenation underactiona. From(7)

we know that T (= ja; 1) is completelydeterminedoy & for

givenpu anda. We thenconcludefrom (9) thata presenta

sufcient statisticfor calculatingV,, (9.

222

Propositionl shows that by exploiting the statisticalin-
dependencamongchannelswe canreducethe dimension
of the sufcient statisticfrom 2N to N. The optimal policy
canthusbeobtainedrom thespaceof informationvectorsa
whosedimensionincreasedinearly insteadof exponentially
with the numberof channelgsee(9)) for therecursve equa-
tion on V; (1) ). This resulthasthe potentialof signi cantly
reducingthecomputationatompleity andmemoryrequire-
mentasdemonstratedh thegreedyapproactpresentechext.

4.2. A GreedyApproach

Searchindor the optimal policy canbe computationallyin-
tense,especiallywhenT andN arelarge. In this section,
we proposea suboptimalprotocol basedon a greedyap-
proachthatmaximizesperslotthroughput.Sincea is a suf-
cient statistic,the optimalactiona. thatmaximizesperslot
throughpuis completelydeterminedy a. Speci cally,

8 =arg max (.aat.a®)Bai  (10)
Let W, (v) denotetheexpectedthroughputn theremaining
n slotsachiezed by the greedyapproachWe obtainarecur
sive equationfor Wy, (1) as

Wp(a) = max f(,a a+ ,la®a)Bag

a=1;¢¢eN
ﬂ . .
+  Prl£a, = Wo;aaVh; 1(T (2]aa; W)
u=0
_ — 1
- aZT?‘g(W f (, a a + 5 a®a)Bag

+( s an+an + ,lau®au)vni 1(T (Djau;o))
+(, a0 a5 a0 ®a,) Vo 1(T (Bas; 1))(11)
wherea, is givenby (10),andT (= ja; ) denotesheupdated

information on channelavailability giventhe obsenation p
underactiona. Thecalculationof T (= ja; 1) is givenin (7).



5. VARIATIONS AND EXTENSIONS

In this section,we discussseveral variationsand extensions

of theproposednalyticalframenork andoptimal/suboptimal
DC-MAC protocols.Wefocusonthevariationsof thegreedy

approachgextensiongo theoptimalstratey follows directly.

5.1. Overlook and Misidenti cation of Opportunities

The Markov modelfor the channeloccupang allows easy
incorporationof overlook andmisidenti cation of spectrum
opportunity Considerrst the overlook of opportunity Let
2; (i = 1;¢¢¢; N) denotethe probability that anidle chan-
neli is mis-sense@sbusy The channela, selectedby the
greedyapproachs thusgivenby

= T+ 1 HE4 .
@ =arg max (aa+t.a®)li%)Ba: (12)
A modi cation of (7) leadsto the updateof the information

vector
8

> 1 e ifa=ipu=1
Ti(ejay = > ()i7i+,iil®li)2;'l")li+il+,li®i fa=iu=0 ;
IR INIC ifae i
(13)

whereT; (v ja; 1) denotegheith entryof thetransformedn-
formationvector A recursve equationfor W, (1) canbe
readily obtainedby modifying Pr[£ 5, = Y] in (11).

Considemext thescenariovherewith probability 4, the
secondaryuser mistales a busy channeli as an idle one.
Whenamisidenti cationoccurs theuserwill transmit,lead-
ing to a collision. We assuménstantaneousnd errorfree
acknavledgemenfrom thereceverto thesecondaryseraf-
ter a successfutransmission.The secondarysercanthus
identify theeventof collision andusethis informationto en-
surecorrectupdateof the informationvector Speci cally,
let K 2 fO0;1g denotewhetherthe secondaryuserreceies
theacknavledgemen{K = 1 indicatesthereceptionof ac-
knowledgement)we have

8
3 1 fa=ipu=1LK=1
. 0 fa=i;u=1,K=0
TiERwK) = g ifa=i't=0 :
T+ ® ifa |

Thechannela, selectedy the greedyapproachn this case
is givenby (10), andarecursve equationfor W, (1) canbe
obtainedby modifying (11). Theabove two scenariozanbe
easily combinedto model both overlook and misidenti ca-
tion of spectrunopportunity

Besidessensingerror, hiddenandexposedierminalscan
alsoleadto overlook and misidenti cation of spectrumop-
portunities. Speci cally, a hiddenterminal (a transmitting
nodewithin the rangeof the receier but not the transmit-
ter) resultsin a misidenti cation while an exposedterminal

(a transmittingnodewithin the rangeof the transmitterbut
not therecever) causesan opportunityoverlook. The prob-
lem of hiddenandexposedterminalscanbe handledin the
samemanneras sensingerrorsdiscussedbore. Note that
while opportunityoverlookandmisidenti cationdegradethe
throughputperformancethey do not affect the synchroniza
tion betweenthe transmitterand the recever. By check-
ing whethera paclet hasbeensuccessfullyeceied, there-

ceiver is aware of the sensingresultsat the transmitterand

canthusmaintainthe sameupdateof the informationvector

asthe transmitter Similarly, the acknavledgementscheme
discussedbove ensureghatboththe transmitterandthere-

ceivercanincorporatemisidenti cationinto theupdateof the

informationvector

5.2. Mor e General Sensing/AccesModels

It is straightforvardto extendtheproposedC-MAC frame-
work andprotocolsto accommodatenoregenerahardware
models. Speci cally, the usercansenseup to L; channels
andaccesaipto L, channelsimultaneouslyTheextension
of thegreedyapproacho thisgeneratasds straightforvard.
Theoptimalstratgy alsofcuIOWﬁdirectlyaftermodifyingthe

actionspaceto includeall possibilitiesof channeke-

L1
lection. It is obvious that without consideringcostin sens-
ing andtransmissionactionsthat selectlessthanlL ; chan-
nelsshouldnotbe consideredandthe channelgo accessre
thoseL ;, idle channelswvith thelargestbandwidth.

6. NUMERICAL AND SIMULATION RESULTS

We presentin this sectionnumericaland simulationexam-
ples on the performanceof the proposedDC-MAC proto-
cols. We focuson the performanceomparisorbetweenthe
optimal andsuboptimalgreedyapproachesandthe effect of
opportunityoverlookontheperformancesf DC-MAC.

6.1. Optimal vs. Suboptimal Approaches

In Figure5 andFigure 6 we comparethe transmissiorrate
(in bits/slot)achiezed by the optimalandthe suboptimapro-
tocols proposedin this paper As shawn in Figure 5, the
transmissiorrate achiesed by the greedyapproachmatches
that of the optimal schemein this particularsetup. For the
three-channetcenarioconsideredn Figure 6, the perfor
mancelossof the greedyapproachs within 4%. Theseex-
amplesdemonstratéhe nearoptimal performanceachieved
by the greedyapproachat a much lower compleity. We
pointoutthatthetransmissiomateincreasesvertime. This
is dueto theimprovedinformationaboutthe stateof the sys-
tem drawvn from accumulatingobsenations, demonstrating
the cognitive natureof the proposedrotocols.



e

0.505

0.5

0.495

Transmission rate (bits/slot)

0.485

Greedy | 7
*  Optimal

Fig. 5. Transmissiomateof theoptimalandgreedy
stratgies(N = 2,B; = 1,B, = 2,®; = 0:44,
T1=0:23, ® = 0:28, 5 = 0:12, theinitial information
vectoris setto the stationarydistribution).
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Fig. 6: Transmissiomateof theoptimalandgreedy
stratgies(N = 3,B = [0:9; 1;0:8], ® = [0:1; 0:5; 0:8],
~ = [0:5; 0:4; 0:3], theinitial informationvectoris setto
the stationarydistribution).

6.2. Robustnessto Opportunity Overlook

In this simulationexample,we studythe performancef the
suboptimalgreedyapproachin the presencenf opportunity
overlook. As givenin (13), incorporatingopportunityover-
look into the updateof the information vector requiresthe
knowledge of the overlook probabilitiesf2;glL; . We are
particularly interestedn the performanceof the greedyal-
gorithmin the presencef overlook without the knowledge
of the overlook probabilities.Shavn in Figure7 is the simu-
lation resultwherewe studythethroughpubf thegreedyap-
proachasa function of the overlook probability2, = ¢¢¢=
2y = 2. We considerherethreecasesthe greedyapproach
in the absencef overlook,the greedyapproactin the pres-
enceof overlookwith andwithouttheknowledgeof theover
look probability2. Withoutthe knowledgeof 2, theinforma-

tion vectoris updatedaccordingto (7) asif 2 = 0. From

Figure 7 we canseethat overlook resultsin linear degrada-
tion in throughputsinceonly afractionof 1 2 of spectrum
opportunitiesare utilized. The performanceof the greedy
approachs, however, robustto thelack of knowledgeonthe

overlookprobability Withoutthe knowledgeof 2 to perform

thecorrectupdateof theinformationvector theperformance
lossis mamginal.
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Fig. 7. Transmissiomateof theoptimalandgreedy
stratgies(N = 3,B = [0:9; 1;0:8], ® = [0:4; 0:6; 0:8],
~ = [0:9;0:7;0:5], T = 30, theinitial informationvector
is setto the stationarydistribution).

7. CONCLUSION

We have presenteénoptimizationframework for decentral-
ized cognitve MAC for opportunisticspectrumaccess.The

protocolis basedon carrier sensingthat allows properas-
signmentof priorities amongprimary and secondaryusers.
The POMDP formulation allows us to derive optimal and

low complity suboptimalprotocolsthat maximizeoverall

network throughput. Numericalevaluationand simulations
indicatethatthe suboptimaklgorithmprovidesnearoptimal

performance.

The proposedapproactcanbe extendedin a numberof
areasExistingcarriersensingprotocolsfor adhocnetworks
canbeeasilyincorporatednto ourframevork. Opportunistic
communicatiortechniquedasedon channerealizationsare
also compatiblewith our framewvork. Of particularinterest
are POMDP techniqueghat do not assumea priori knowl-
edgeof transitionprobabilities.
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