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Abstract

Multihop wireless sensor networks have recently
emeped as an important embeddedcomputingplatform.
This paper de nes a quantitative notion of real-time ca-
pacity of a wirelessnetwork. Real-timecapacitydescribes
howmud real-timedatathe networkcan transferby their
deadlines. A capacityboundis derivedthat can be used
asa sufcient schedulabilityconditionfor a classof xed-
priority padet schedulingalgorithms. Usingthis bound,a
designercan perform capacity planning prior to network
deploymento ensue satisfactionof applications'real-time
requirements.

1 Intr oduction

This paperestablishesundamentatapacitylimits on real-
time information transferin multihop wireless networks.
Real-timeinformationtransferis onewheretherearedead-
linesondatacommunicationOnly thosebits thataretrans-
ferredprior to their deadlinesontribute towardsusefulin-
formation. Deadlinescould arisefor variousreasonsfor
example thenecessityo reactto externaleventsin atimely
mannerandthe needto deliver dynamicallychangingdata
prior to the expiration of their respectie validity intervals.
Recently information-theoretichoundshave beende-
rived for wirelessnetworks that quantify the ability of the
network to transferbits acrosdistancg11]. Thesebounds
(often expressedn bit-meters)provide a fundamentaln-
derstandingf network throughputasa functionof network
parametersuchasbandwidth,total size and averageden-
sity. While currentboundsquantify throughput,they do
not considerother key performancemetrics;in particular
network delay For time-sensitie applicationsit is useful
to understandoth delayandthroughputlimitations of the
network. Obsenethatnetwork delayandthroughputrein-
terrelated.Intuitively, the network shouldbe ableto trans-
fer more bits by their deadlinesf the deadlinesare more
relaxed. The resultsreportedin this papercan be inter-
pretedasunderstandinthefeasibletrade-of spaceébetween
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achievablethroughputanddelay

Schedulability(i.e., the ability to meetdeadlines)n dis-
tributedsystemss, in generalanNP-hardproblem.Hence,
thereis no closed-formformulato quantify the exactreal-
time capacity To overcomethis dif culty, in this work,
we derive closed-formsufcient (ratherthanbothnecessary
and sufcient) conditionson schedulabilityfor a classof
x ed-prioritypacketschedulingolicies.Suf cient schedu-
lability conditionshave the merit of erringon the safeside.
By de nition, they guaranteeghat systemssatisfyingthese
conditionswill meettheir timing requirementsThis prop-
erty is corvenientfor capacityplanning.

Obsenrethatsufcient conditionsfor NP-hardschedula-
bility problemsgenerallyexhibit a trade-of betweensim-
plicity and exact characterization.More complex expres-
sionsareneededo identify larger fractionsof the schedu-
lable space. Similarly to the Liu and Layland bound, be-
ing an early result, the expressionderived in this paperis
aimed at simplicity. We hope this simplicity provides a

rst steptowardsunderstandinghe limitations on achies-
abledelayandaggreyatethroughputin real-timemultihop
wirelessnetworks.

The rest of this paperis organizedas follows. Sec-
tion 2 formulatesthe real-timecapacityproblem.Section3
presentshe mainresultsof the paper Sectiond veri es the
resultsusingsimulation.Section5 highlightsrelatedwork.
The paperconcludeswvith Section6.

2 Model and Problem Formulation

In this section we describehe notion of real-timecapacity
in moredetail,de ne the problemstatementandhighlight
thegeneralpproacttakento derive capacitybounds.

2.1 Real-time Capacity

In a multihop wirelessnetwork, it is naturalto expectthat
morebits canbedeliveredby alargerdeadlineandthat(ex-
ploiting spatialconcurreng) more bits canbe deliveredin
time if they traversea shorterdistance. Said differently,
messagachedulabilityis expectedto decreasavith anin-
creasan transmittecbits, anincreasen traverseddistance,
oradecreas@ therelatvedeadlingthedifferenceébetween
bit arrival timesandtheirduedates) It is thereforanforma-



tive to considerthe bit-distanceproductof messagesyor-

malizedby theirrelative deadline Intuitively, anincreasen

this normalizedproductdecreaseschedulability This pa-
pershavsthat,indeed all messageareschedulablaslong

asthe sumof their normalizedbit-meterproductsremains
below a certainbound.We call this boundthereal-timeca-

pacityof the network, denotedCgt .

To illustrate the notion of real-timecapacity let us use
a numericexample. Considertwo messagesA and B,
traversinga wirelessnetwork. Message is 1000bitslong
andmusttravel adistanceof 50 metergi.e.,consumetotal
of 50; 000 bit-meters)within 200secondsilt is saidto have
areal-timecapacityrequiremenbdf 50; 000=200= 250bit-
meters/secondMessagd musttransfer300bitsadistance
of 700meterswithin 100secondslts capacityrequirement
isthus300 700=100= 2100bit-meters/seconddencethe
total real-timecapacityneededs 250+ 2100= 2350bit-
meters/secondThe messageare guaranteedo meettheir
deadlinesaslong astheircombinedrequirementslo not ex-
ceedthe real-timecapacityof the network (i.e., aslong as
2350< Cgrt )

It is often useful, in large multihop wirelessnetworks,
to de ne messageelocityastheratio of theend-to-endlis-
tancetraversedbetweersourceanddestination}o theend-
to-enddeadline.Real-timecapacity de ned above, canbe
equialentlyinterpretedasa constrainton feasiblemessage
velocities.All messageareschedulabléf the sumof their
velocitiesweightedby their respectie sizesis lessthanthe
real-time capacityof the network. In the numericexam-
ple presentechbore, messageA musttraverse50 meters
within 200 seconds. Its velocity is thus 50=200 = 0:25
meters/second.Multiplying by size, its weightedveloc-
ity is 250 bit-meters/second Similarly, messageé8 hasa
weightedvelocity of 7 300= 2100bit-meters/secondis
before,addingup, the messageareschedulabléf thesum
of theirweightedvelocitiesis lessthanCrg .

Real-timecapacity Cgt , of awirelessnetwork depends
on the orderin which paclets accesshe communication
medium. This orderis de ned by the mediumaccesson-
trol (MAC) protocol,andis calleda padet schedulingpol-
icy. Many examplesof prioritized MAC protocolsaredis-
cussedn therelatedwork section.In thispaperwe concern
ourseheswith x ed-priority paclet schedulingonly since
it is easierto implementon network nodes. While we do
not discussthe feasibility of x ed priority schedulingwe
restrictoursehesto a category of x ed-priority scheduling
policiesin which paclet priority doesnot dependon ab-
solutetime anddoesnot dependon distancemetrics(such
asthe distanceor the numberof hopsfrom sourceto des-
tination). We call policies that satisfy the above condi-
tions independentx ed-priority scheduling. The rational
for this decisionis two-fold. First, it is generallyexpensve
to maintain clocks perfectly synchronizedn a large net-

work. Hence,priority schemeshatrequirea notion of ab-
solutetime may sometimese impractical. Secondnodes
in awirelessnetwork maybe unavareof locationsof other
nodes. Hence,schedulingpolicies where priority assign-
mentrequiresknowledgeof accuratadistancebetweernwo
pointsmight not be adequatelypupported.

Giventhe above constraintson priority assignmentye
derive two important results. First, we prove that the
best-casesufcient capacityboundfor independentx ed-
priority schedulingis Crr = W, where depends
on the schedulingpolicy ( = 1 for deadlinemonotonic
scheduling)n is the total numberof nodesin the network,
N is the maximumcommunicationpath length, m is the
numberof nodeswithin a single hop neighborhood.and
W is the transmissiorrate. The boundis derived for the
capacity-maximizingaseof a perfectlyload-balancedet-
work. Second,we derive an approximatebound for the
commoncaseof datamonitoringnetworksin which alarge
numberof distributedsensomeasurementrecollectecby
amuchsmallernumberof sinks. Theapproximatéoundin
this caseis Crr = g5~ W, where , N, andW are
asde ned aboreandK is thenumberof sinks.In all cases,
we rst assume perfect(zerooverheadMA C-layerproto-
col thenquantifytheimplicationsof MAC-layerarbitration
delayson network capacity(which affect the valueof ).
Finally, we discussan effect similar to priority inversion
(which is shawvn to cut capacityin half in the worst case)
andquantifythe capacityreductiondueto loadimbalance.

2.2 ProblemFormulation and Approach

Thederivationof thereal-timecapacityis madepossibleby
our recentresultsin real-timeschedulingthat specify uti-
lizationboundq5, 3] andfeasibleregionsof multi-resource
aperiodidasksystemg4]. Feasibleegionsquantifythere-
lation betweenload at variousstagef a real-timesystem
andthe ability of the systemto meetend-to-endeadlines.

Considera sensornetwork with multiple datasources
anddatasinks. Paclketstraversethe network concurrently
eachfollowing a multihop pathfrom somesourceto some
destination.Eachhoprepresents paclet transferbetween
two neighboringnodeson its path. A single-hoptransfer
occursonly if therecever of thistransferis within thecom-
municationrangeof the sender At this time, we do not
make assumptionsegardingchannesymmetryor theshape
of anodescommunicatiomange.We merelystatethateach
nodej canreceve pacletsfrom asetof neighboringnodes
we call neighborhoodj ).

EachpacletT; hasanarrivaltime A; de ned asthetime
atwhich the sendingapplicationinjectsthe pacletinto the
outgoing communicationqueueof its sourcenode. The
paclet must be deliveredto its nal destinationno later
thantime A; + D;, whereD; is calledthe relative dead-
line of T;. Differentpacletsmay generallyhave different



relative deadlines.We call pacletsthat have arrivedto the
systembut whosedelivery deadlineshave not expired in-
transitpaclets. Eachpaclet T; hasa transmissiortime C;
thatis proportionalto its length. This transmissiortime is
incurredat eachforwardinghop of its path.

Performingour analysisin termsof transmissiortimes
of paclets(asopposedheir sizesin bits) is aninstanceof
separatiomf concernswhichallowsusto focusonthereal-
time aspects.The mappingfrom bits to transmissiortime
dependsn physicalandlink-layerissuessuchasthe chan-
nel bandwidth,the signal-to-noiseratio and the encoding
techniqueused,which are concernof informationtheory
We separateéhoseconcernsaway by assuminga transmis-
sionspeedW , andderiving real-timecapacityexpressions
in termsof thattransmissiorspeed.Note that, in practice,
W mayalreadybeknown and x edfor a particulametwork
productwhich makesour analysisvery useful,asit canex-
plicitly take this speci cationinto account.

We de ne a pernodemetric called syntheticutilization
that captureghe impact(on schedulability)of both the re-
sourcerequirementsaind urgeng associatedvith paclets.
We saythateachpaclketcontributesanamountC; =D; tothe
syntheticutilization of eachhopalongits pathin theinter
val from its arrival time A; to its absolutedeadlineA; + D;.
More formally, at ary time t, let S(t) be the setof pack-
etsthatarein-transit in the entiresensometwork. Hence,
S(t) = fTijA; t < Aj+ Djg. Wedene S (t) 2 S(t)
asthe subsebf S(t) forwardedthroughnodej . We de ne

the syntheticutilization, U; (t), of nodej as:
X
Ui (t) = Ci=Di 1)

Ti2S;j (t)

whichis thesumof theindividual contributionsto synthetic
utilization (on this node)accruedover all in-transitpaclets
passingthroughthat node. Multiplying the paclet trans-
missiontime, C;, by the channeltransmissiorspeed,W,
yields paclet size. Hence, multiplying both sidesof the
above equationby W establishegshe numberof bits that
canbe transmittedby a nodefor eachunit of time of the
relative deadline.Summingup thatquantityoverthewhole
network is whatde nesthetotal real-timecapacityrequire-
ments(in bit-hopspersecond)f all in-transittrafc. If we
cancomputeanupperlimit U; onnodesyntheticutilization
for whichit is known thatall deadlinesarestill met,thenno

deadlinemjssesoccuraslong ascapacityrequirementsre
belov W i Uj. In otherwords,thereal-timecapacityis
givenby:
X .
Crr =W Uj (2

j

1Remembethatwe considerapaclet T; to bein transitin theintenal
[Ai; A + D).

Obsene thatcapacityis rst computedn bit-hopspersec-
ond. To corvert to bit-metersper second,it is enoughto
multiply thepreviousexpressiorby theaveragedistanceper
hop. Thereadeiis alsoremindedhatthis paperderivessuf-
cient but not necessargonditionsonly. It is possiblefor
deadlinedo remainsatis edwhenCgrt is exceeded.

3 Total Capacity

Considera paclet T, traveling on an arbitrary path P
throughthe wirelessnetwork. Without loss of generality
let usnumberthe hopsof thatpathl;:::;; N in thedirection
of thedestinationsuchthatnodej is thedestinatiorof the
j ™ paclettransfer Figurel shavsanexamplewith N = 4.
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Figure 1. A path through the sensor network

To derive Crr , we rst nd apath-speci cconditionon
meetingend-to-enddeadlineswhich we call the path fea-
sible region. The pathfeasibleregion is a functionwhose
argumentsare the syntheticutilization valuesof eachhop
alongthe path. It is guaranteedhat the end-to-enddead-
lines of all pacletstransmittedalongthat patharemetun-
deranindependentx ed-priority schedulingpolicy aslong
asthisfunctiondoesnotexceedapre-computethound.The
above conditionis ageneralizatiorf utilization boundsfor
schedulability suchas[13, 12, 7]. It relatesthe synthetic
utilizationsof nodesalonga pathto the ability to meetend-
to-enddeadlinef aperiodicarrivals. This functionis then
usedto infer thetotal capacityof the network.

Letthepaclket T, on pathP originateat its sourcenode
attime A,, andbedeliveredto thedestinatiorby A, + Dj,.
The arrival time of the paclet at hopj denoteghetime it
is fully insertedinto the queueat thatnode. The departure
timeof T, from hopj denoteshetime thetransmissiorof
T, is accomplished.The arrival time of the packet at hop
j + lisequalto its departureof time from|j plustheprop-
agationdelay Let the time that paclet T, spendsat hop
j bedenotedL;, which is the interval betweenits arrival
time anddeparturdime athquj . Thus,for the pacletto be
schedulableit mustbethat . Lj + p < Dy, wherepis
thesumof propagatiordelaysalongthe path. Sincepaclet
propagationoccursat the speedof light, it is muchfaster
thantransmissiorandqueueingdelaysandis thereforene-
glectedin therestof the derivation.

In [4], we provedthat the delayL; of a task waiting
for aresourceaccessedh x ed-priority orderis relatedto



syntheticutilization asfollows:

Theorem 1 (The Stage Delay Theorem) [4]: If task T
spenddime L; atresourcg, andu; is alower boundon
themaximumsyntheticutilization at thathop,then:

U uy=2)
1 Uj

where D ax IS the maximum end-to-enddeadlineof all
tasksof higherpriority thanT.

Lj = Dmax (3)

The theoremwas derived for abstractresourceswhose
schedulemaintainsa x ed-priority queuethat determines
the order of resourceaccess. The resourcels indivisible
andis accessetby onetaskatatimein priority order The
theoremnstateghatif thesyntheticutilization of all tasksen-
queuedor resourcg never exceeddy; , thenthedelayof a
taskon thatresourceneverexceedd. ;.

We now apply this theoremto wirelessnetworks. In
this context, task T is the act of sendingone paclet to
the next hop, j, of its path. The resourceunderconsider
ationis the channebandwidthat the recever of thattrans-
fer. It is eitheravailable (resourceis idle) or occupiedby
othertransmissiongresourceds busy). The only transmis-
sionsthat can contendon the channelare thoseoriginat-
ing in neighborhoodj ), de ned asthe setof nodeswvhose
transmissionganbe heardat nodej. Notethatdueto the
broadcasnatureof the wirelesschannel,thesetransmis-
sionswill make the channelbusy whetherthey arein fact
destinedo j or to someothernode,aslong asthey origi-
natein neighborhood(j ). Obsenethatj is amemberof its
own neighborhoodsinceits own transmissiongontendon
thesamechannel.

Theobjective of themediumaccesgontrolprotocolin a
wirelessnetwork is to ensurethatfor eachnodej to which
apacletis readyfor transmissionpnly onepacletis trans-
mittedatatime from all nodesn neighborhood(j ). More-
over, pacletsaretransmittedin priority order In the fol-
lowing, we rst considerthe caseof anideal MAC layer,
which implementsmediumarbitrationwith zerooverhead.
We thenconsidetthe effectsof channekrbitrationdelayon
network capacity Obsene thatthe setof all pacletsready
for transmissionn neighborhoodj) representsa virtual
gueuefrom which pacletsaredequeuedh priority orderto
accesseceier bandwidth.Hence the stagedelaytheorem
applies.Letusde ne theneighborhoodynthetiautilization
of nodej , denotedH; , as:

X
Hj = Ui (4)
i2 neig hbor hood (j )
Foreveryhopj alongthepathP shovnin Figurel (obsene

thatj refersto the destinatiorof the paclet transferat that
hop),the stagedelaytheoremstateghat:

Hi(1 H;=2)

1 H;
If the syntheticutilization in the neighborhoods always
keptbelow H; , thepacletdelayonhopj will neverexceed
L; (assuminga zero-delayMAC layer). For paclet T, to
be deIiveredﬁp thedestinatiorby its end-to-endleadlinejt
mustbethat iLi <Dn (propagatiordelayis neglected).
Substitutingrom Equation(5) for L; in thissummationywe
gettheequialentcondition:

Lj = Dmax (5)

X H@@ H=) _ Dy
1 H

j =1 Dmax (6)
ObsenethatD ,=Dnax istheratioof thedeadlineof paclet
D, to thatof a higherpriority paclet thatdelaysits trans-
mission.To obtaina conserative bound,this ratio mustbe
minimizedacrossall possiblepacket pairs. The minimum
possibleratio depend®n the schedulingpolicy. If deadline
monotonicschedulingis used,by de nition D ,=Dmax

1. In otherwords,for all paclet pairs Ty, andT,,, where
Thi hashigherpriority thanTi,, mint,, 1, Dio=Dni 1.

(We assumeequalityin the worst case.)In generalfor an
arbitrary independentx ed-priority schedulingpolicy, we

dene = miny, 7, Dic=Dp to betheminimum pos-
siblerelative deadlineratio acrossall priority-sortedpaclet
pairs. Intuitively, it representshe degreeof urgeng inver

sion (not to be confusedwith priority inversion). Urgeng

inversionoccurswhena packetwith ashorterelative dead-
line recevvesa lower priority by the schedulingpolicy than
apacletwith alargerrelative deadline For example,if pri-

orities areassignedandomly = Deast =Dmost , Where
Dieast andDmest arethe minimumandmaximumrelative
deadlinesn the paclet setrespectrely. Thefeasibleregion
for sucha schedulingpolicy is thus:

X Hi(1 H;{=2)
J J
T %

=1

In particular for deadlinemonotonicscheduling, is max-
imized: "
Hi@ Hi=2) ®)

{21 1 H;
Deadlinemonotonicschedulings thereforeoptimalamong
independentx ed priority schedulingn the senseof max-
imizing the schedulabilitybound. This policy meansthat
for eachnodej to which a paclet awaits transmissionthe
MAC layer choosedor transmissiorthe paclet with the
shortestrelative deadlinein neighborhood(j). Later, we
shallexplorethe casewherethe MAC layeris notideal.

The main contribution of Equation(7) lies in relating
end-to-enddelay to a bound on the sum of throughput-
like metrics(syntheticutilizations). Thesemetricscannow



be relatedto real-timecapacity To relateH; to the total
real-timecapacityCgt of the network, let m bethe aver
agenumberof neighborsa nodecan sendpacletsto. We
call this parametenodedensity Hence,on average,each
E,ode|s a merﬁ,berof m setsneighborhood(j ) from which,

i Hi = m ; Uj overall nodesin the network. Equa-
tion (2) canthereforebere-writtenas:
_wX o

Crr = — H 9

RT m J )

j
wherethe summatioris over all network nodes.This result
will be usedto computereal-timecapacity Two important
caseareconsideredFirst,we determingeal-timecapacity
underthe assumptiorof a perfectlyload-balancedetwork
(which happensto be the maximum capacity condition).
Secondye determinaeal-timecapacityfor thecasewhere
all trafc congregatesata smallnumberof sinks. This pat-
ternis morecommonin sensometworks whereall datais
routedto asmallsetof obserers.

3.1 The Maximum Bound

It is desiredto maximizethe total real-timecapacitygiven
by Equation(9). From the symmetryof this capacityex-
pressiorwith respecto H; , aswell asthe symmetryof the
schedulabilityconditiongivenby Equation(7), the solution
thatmaximizescapacitymustbe symmetricwith respecto
H; . In otherwords,H; mustbeequalfor all j . Letthiscon-
stantvalueof neighborhoodyntheticutilizationbeH . This
is calleda load-balancednetwork. Let N bethelengthof
longestcommunicatiorpath(in hops)thata nodecanbea
partof. We call it thecommunicatiordiameter Intuitively,
the communicationdiameter(not to be confusedwith the
radio range)representshe degreeof locality of communi-
cation. For example,if the communicatiorpatternis such
that nodescommunicatewith othernodesthat are at most
5 hopsaway, thenN = 5. It is desiredto ensurethat all
pacletdeadlinesaaremeton all pathsup to lengthN . From
Equation(7), the maximumneighborhoogyntheticutiliza-
tion H mustthereforesatisfy:

HIL H=2) _

— =N (10)

Solvingfor H andtakingthelowervaluewe get:
r—

H=1+ — 1+ ()2 11

S () (11)

Let the network containn nodes. From Equation(9), the
real-timecapacityof the network is boundeddy:
r

Crr= L+ 1+ (W (12)

For a large network, the pathlength N is large. Hence,
(W)Z << 1. Consequentltheabove equationcanbe sim-
plied asfollows:

n
Crr = —W 13
ar = 13)

Obsene that the more localized network communication
is (i.e., thesmallerN is), the largerthe real-timecapacity
The above capacityexpressioncanbe statedasthe follow-

ing theorem:

Theorem 2. The Maximum Capacity Theorem: In a
large load-balancedonnectedmultihop wirelessnetwork

of n nodesaradiotransmissiorspeedW, communication
diameterN, node densitym (nodesper communication
radius), and a zero-delaymedium accesscontrol imple-
mentingindependentx ed-priority schedulinga sufcient

bound on real-time capacityis . —-W, where is the
urgeng inversionof the schedulingpolicy (=N << 1).

This theorempresentghe rst known boundthatestab-
lishes real-time capacity limits as a function of network
size,density andradiotransmissiospeedlt isthe rst step
towardsacomprehensietheorythataddressetherelations
betweentime, spaceandinformationtransfercapabilities
of embeddedvirelessnetworks.

Obsenre thatif the applicationensureghatthe commu-
nicationdiametey N, is boundedindependenbf network
size,n (i.e.,localizeddistributedalgorithmsareused) then:

Crt = O(n) W =m (14)

Ontheotherhand,if pathsarerandomlychoserthroughthe
wirelessnetwork, thenetwork diametemN is of theorderof
the squareroot of the areaof the network, which in turnis
of the&rderof thenumberof nodes.ConsequentlyCgrt =
O(n="n) W =m, or:

Car = 0P M) W =m (15)

Comparingequation(14) andEquation(15)emphasizethe
importanceof localizedcommunication.

3.1.1 Frequency-Dvision Multiplexing

The capacityexpressiorgivenabove wasderived basedon
theassumptiorthatall nodesin a neighborhoodransmitat
the samefrequengy inside that neighborhood. It is inter-
estingto comparehatexpressiorto the casewherea dedi-
catedchannelis setup atthe MAC layerfor transmissions
of eachindividual node. For example,frequeng division
multiplexing could be used,whereeachnodein a neigh-
borhoodis assignedh uniquefrequeng. Hence,transmis-
sionsfrom differentnodesdo not collide but arerathermul-
tiplexedin the frequeny domain. The recever emplgys a
demultiplecor. Assuminga uniform nodedensity m, the



available spectrummust be divided into m unique chan-
nels. The transmissiorspeedof an individual channelis
thusW, = W=m. Only one paclet is transmittedfrom a
nodeatatime.
Becausehannelsrededicatedpacletsat nodej com-
petefor transmissioronly with otherpacketson the same
node(regardlesf their destinations)Hence the stagede-
lay theoremstateghatpacletdelayatnodej is givenby:

U@ Y=2)
1 U
The differencebetweenEquation (16) above and Equa-
tion (5) introducedearlierlies in thatthe syntheticutiliza-
tion usedn theformerrefersonly to thatof nodej , whereas
in the latterit is that of the entire neighborhoodj). This
differenceis dueto the factthatin the latter case,paclet
transmissionincurs contentionfrom the entire neighbor
hoodandnot only from the transmittingnode. Following
thesamestepsasin theproofabove,we getthepathschedu-

lability conditionbelow (compareo Equation(7)):

Lj = Dmax (16)

Xua y=)

1y (7

j=1
Frop Equation (2), the real-time capacity is given by
W¢ ; U; overall nodesin the network (whereW is now
replacedby W.). As before from symmetryof the capacity
expressionand pathschedulabilityexpressionwith respect
to U;, the capacityis maximizedwhenU; is the samefor
all nodes.Let usdenoteit by U. Thisleadsto:
r

U=1+ — 1+ (W)Z (18)

N
andsince( = N)? << 1, we eventuallyget:

n n

WWC = WW (19)
If N = O(p n), theabove equationleadsto:

Crt =

Crr = O 1) W =m (20)

ComparingEquation(13) to Equation(19) and comparing
Equation(15) to Equation(20), it canbeseernthatthe max-
imum capacityexpressionis independenbf how channel
bandwidthis divided at the radio layer Partitioning the
bandwidthdecreaseboth the transmissiorspeedandcon-
tentionby theorderof thesizeof theneighborhoodieading
to the sametotal capacityexpression.

3.1.2 Time-Division Multiplexing

A disadantageof frequeng-divisionmultiplexingis thein-
creasecatostof theradiohardware. Theabstractiorof dedi-
catedchannelsanalternatvely beimplementedn software
by multiplexing the channelin time. This canbe achieved

using clock-basedr token-basedVAC protocols. While
it is not our intent to discussthe speci cs of MAC-layer
mechanismshat implementthis abstractionjt is interest-
ing to quantify theirimpacton real-timecapacity Froma
real-timeperspectie,oneessentiatlifferencebetweemmul-
tiplexing in time andtrue bandwidthpartitioning,is anad-
ditional multiplexing delayterm quanti ed in the seminal
work ongeneralizegbrocessosharing[17]. Intuitively, this
termis dueto thefactthatexactfairnessannotbeachieved
at all timeswhen paclet transmissionare quantizedand
serialized. Virtual clock schemeshave beenproposedto
guarantedoundedairnessandhenceboundtheadditional
multiplexing delay Let thatdelaybe denotedd. Assum-
ing channelarbitrationschemescan be implementedin a
distributed mannerwith zero overhead,the total delay of
paclet T, onstage,, is thatpredictedby the stagedelay
theoremplusd, or:

b =)

Delay = Y
i

o +d (21)

Summingup over all hops,we must ensurethat the total
delayis lessthanthe relative deadlineD,. Hence,for a
network of diametem :

U@ u=2
G 9P + <D, @)
j=1 )

Rearrangingye get:

X Uj(l Uj=2)< Dn
1 uj

@ %% (23)

j =1 D max
Minimizing theright-handside,we rewrite theabove equa-
tion as:

X Uj(l Uj=2)< 0

1 uj (24)

j=1

where © = (1 Nd=Dpin ), and D is the mini-
mum end-to-enddeadline. Comparingthe above equation
to Equation(7), it is easyto shav thatthis equatiorleadsto
the samereal-timecapacityexpressionswith the exception
that isreplacedby °< . Thedifferencebetween and

0 quanti esthe capacitydegradatiorwe suffer becausef
delay introducedby having to wait for the nodes turn to
transmitin the presencef time-division multiplexing. For
example thereal-timecapacityof aload-balancedetwork
becomes:

CRT = WW (25)



3.1.3 Realistic Medium AccessControl

The above derivations assumedhat nodesin the neigh-
borhoodof arecever canimmediatelytell which outgoing
paclet hasthe highestpriority amongall thosethatcanin-
terferewith this recever. Themediumaccesgontrolproto-
col thensendghatpaclet rst. In reality, somearbitration
may be neededeforethe pacletis transmitted Severalar-
bitration protocolshave beenproposedn previous sensor
network andlocal areanetwork literaturethat differ in the
worst caseamountof time it takesto determinewho gets
themedium.

Let B be the total additional delay experiencedby a
paclet dueto arbitration. The schedulabilityconditionbe-
comes:

X U@ Y=

1y Dmax + B) < Dn (26)

]

Dividing by D max andrearrangingsimilarly to the steps
Section3.1.2),we get:

Xoya uy-=2

o 1 N) @7)

=1

where = B=Dp,n isthenormalizedblockingdueto ar-
bitration experiencecby a paclet at hopj. The above ef-
fect will propagateo capacityexpressionssuchthat is
replacedoy °= (1 N ). Obsere, trivially, thatun-
lessarbitrationdelayis boundedno deterministicguaran-
teesare possible. However, choosinga value for B that
is exceededwith a low probability, we geta capacityex-
pressiorthatupperboundshemissratio by the sameprob-
ability that B is exceeded. It is easyto prove thatin a
network wheretime-division multiplexing introducesper
hopdelayd andMAC-layerarbitrationintroducesan addi-
tionaldelayB, the in capacityexpressionss replacedoy
°= @1 N N d=Dnin )

3.2 The Common CaseBound

The boundsdescribedabore were computedfor a load-
balancedhetwork. While realisticload patternan multihop
wirelessnetworks are generallydif cult to characterizea
very commoncasethat occursin sensornetworks is one
wheredatais collectedfrom all sensomodesby a small
numberof sinks. Thesesinks (called relayg are usually
more powerful dataprocessinglevicesor transmitterghat
relaythedatato aremotelocation. Theroutingprotocolen-
sureghatdatafrom a givensensomodeis sentto the near
estrelay. Consequentlynodesclosesto relaysarethemost
congestedIn thefollowing, we derive an approximateex-
pressiorfor real-timecapacityfor theaforementionedom-
mondatacommunicatiorpatternin sensometworks.

Let thenumberof relaysin the network beK . Consider
anarbitraryrelayk, 1 k K, andthe setof sensorse-
portingto thatrelay. Obsenethatsincetraf c fromall these
sensorgongreatesat one sink, the total schedulabldraf-
¢ generatedby all sourcess exactlythetrafc thatcanbe
consumedy thatsink. Moreover, at steadystate,the sum
of syntheticutilizationson all hopssome x ed distancej
from the sink is no larger than the total syntheticutiliza-
tion at the sink. This is becausehe total o w of paclets
crossinga given perimetercannotexceedwhatthe destina-
tion seesasshavn in Figure2. Assuminganaveragenode
densityof m nodesperradiorangeR, thenumberof nodes
j hopsfrom the relay is approximatedoy the productof
theringarea, (jR)> ((jt 1)R)?, andthe numberof
nodesperunit aream=R?, whichyields(2j 1)m nodes.
Hence the averagepernodesyntheticutilization decreases
linearly with distancerom the destinatiorasit getsdivided
among(2j 1)m nodes. The sameappliesto the neigh-
borhoodsyntheticutilization. Assumingthe neighborhood
syntheticutilization at the destinationis H, andrenumber
ing thehopsin ascendingrderfrom destinatiorto sources,

Hj = H=(2) 1)m. FromEquation(7), the path-speci c
schedulabilityconditionis:
e M _(1 Ho)
2j 1)]r-n H2(2J 1)m < (28)
j=1 2] Hm

Figure 2. The common sink case

The above equationcan be solved for H as a function of
thenumberof hopsNy onthelongestpathto relayk. The
equationcanberewritten as:

< (29

Since,H < 1 (which canbe derived from Equation(7)

giventhat 1), for largej, m is approximately
equalto ﬁ Using resultsof the harmonicseriessum-
mationandsomealgebraicmanipulationwe canshav that



P
thesum 1% -1 iswell approximatedy 1+ 0:5/n N.

1
Thus,Equation(29) leadsto:

- m
" 1+ 0:51nNg

As obsenedabore, notethattheaggreyatesyntheticutiliza-
tion over all nodesdistancg from the destinationis upper
boundedy thatatthedestinatior{or elsesomepaclketswill
bedropped).Letuscuttheareareportingto relayk into N g
concentriczones gachencompassingll nodesthatarethe
samehop distancefrom the relay.  As arguedabove, the
sum of neighborhoodsyntheticutilizationswithin eachof
the Nx zonesis upperboundedoy H. From Equation(9),
thetotal real-timecapacityof all nodegeportingto therelay
become%(Nk H). Substitutingfor H from Equation(30)
andmultiplying by the numberof relaysK , we get:

H (30)

K Nk
1+ 0:5InN

This approximateexpressionis very useful for capacity
planningaswill bedemonstratethy examplebelow. Eval-
uationshowsthatthe approximatioris very accuraten that
() no deadlinesmissesare obsered in our experiments
when the approximateboundis met, and (iij) missesoc-
cur very shortly after the boundis exceeded.This is true
evenin very large networks (in excessof 1000nodes).The
parameter in the capacityexpressioncanbe modi ed as
previously describedn Section3.1.3to accountfor MAC
layerdelays.

CRT = (31)

3.3 Example: Sizingthe Network

The main advantageof the capacityexpressionsierivedin
the previous subsectiondie in the ability of anapplication
developerto choosenetwork and application parameters
that resultin schedulabilityguarantees.We illustrate this
claim by an example. Considera network of 1000 nodes
and8 relaysto be deployed suchthatthe pathlengthfrom
ary nodeto the nearestrelay is 7 hopson averagebut no
morethan10hops.Letthetransmissiospeede50K B ps.
Furthermorelet eachnodegenerat®4 Bytesof sensodata
(including headers)periodically at period T. Data must
reacha relay within 1.5 seconds.FIFO schedulings used
(obsenethat = 1 becauseall deadlinesare the same).
It is desiredto nd the minimum T that doesnot violate
schedulability

The capacityboundderivedin this papercanbe usedto
solve this problem. Remembe[from Section2) thatreal-
time capacitycanbeinterpretecasaboundontheweighted
sum of messagevelocities,wherevelocity is weightedby
the messagesize. In a schedulablesystem,there can be
atmostdl:5=Te messagem transitfrom the samesource,
accountingor atotal of 24d1:5=Te bytes.The capacityre-
quirementsof eachsourcei arethus24dl:5=Tev;, where

v; is its messageelocity givenby theratio of the hop dis-
tanceN; (betweenthesourceandthesink)totheend-to-end
deadline. The total requirementof all 1000 sourcesare
thus1000 24d1:5=Te 7=1:5= 112, 000d1:5=Te byte-
hops/second.

The availablereal-timecapacityof the network is com-
putedfrom Equation(31)tobel 8 10 50;000=(1 +
0:5In10) = 18593 Kilobyte-hops/second-or all traf ¢ to
beschedulableyethushave 112, 000d1:5=Te 18593K,
ordl:5=Te 16:6. For aminimumT, andsincethe ceil-
ing function hasinteger values,we have d1:.5=Te = 16.
Hence,T = 93:75ms. Obsenrethatif the o w deadlineis
changedthe schedulablesamplingperiodmay changetoo.
For example,if the deadlineis reducedto 150ms, follow-
ing the samestepsijt canbe seenthatthe minimum period
becomed 50ms.

Obsenre thatthe throughputlimits of the systemcanbe
inferred by settingthe trafc deadlineD ! 1 . In this
case thetotal capacityrequirement®f o ws aregivenby
1000 24dD=Te 7=D,wheredD=Te! D=TasD! 1.
Hencetraf c capacityrequirement®ecomel6800G=T, in-
dependenbf the deadline. (More generally the weighted
velocity of aperiodic o w becomesndependentf its dead-
line.) Comparingheaggreatecapacityrequirementso the
availablereal-timecapacitywe get16800G-T 18593K,
from which the minimum periodis T = 90ms. In other
words, it is (consenratively) estimatedhat smallerperiods
may createunboundedielaysthat cannotsatisfyary nite
deadline.Hence,while our boundis derived primarily for
the bene t of real-time applications,it can also be used
to reasonaboutnetwork throughputlimits in bandwidth-
constraineadystem®of deterministicnon-real-timeperiodic
o Ws.

In general,the boundcan be usedprior to deployment
to determinenetwork and workload parametergor which
all deadlinesaremet. For example,the capacityexpression
couldbeusedto nd thenumberof relaysrequiredgivena
particularsamplingperiod,the maximumdistancebetween
relaysfor deadlinesto be met, the guaranteednd-to-end
datadeliverydelayfor particulartraf c andnetwork param-
eters,the requiredradio radiusthat keepscapacityabove
traf ¢ requirementgobsene astheradioradiusdetermines
the numberof hops,which affectsboththetrafc require-
mentsand the capacitybound), or simply as a feasibility
checkon a particularworkload and network con guration
to determineif it meetstiming speci cations. Hence,the
capacityexpressioris averyversatiletool for real-timenet-
work sizing.

3.4 PseudoPriority Inversion

The discussiorpresentedo far assumeshat paclet trans-
missionin the neighborhoodof a recever contendsonly
with other pacletstransmittedin the sameneighborhood.



In thefollowing, we shav thatthisassumptionis notalways
satis ed. A paclet duefor transmissiormight be blocked
by paclets outsidethe neighborhoodf its recever. This
blocking imposesadditional delays, hencereducingreal-
time capacity In this sectiontheresultingreductionin ca-
pacityis quanti ed.

To illustratethis point, let usconsidetthesituationin the
wirelessnetwork depictedn Figure3. In this gure, sender
S; hasa pacletto sendto recever R;. SendersS; andS;
have a pacleteachfor recever R,. In the neighborhooaf
R, senderS; hasthe highestpriority andshouldsendits
paclet rst. However, in the neighborhoodf R, sender
S; hasahigherpriority. ConsequentlysenderS; transmits
rst, therebyblockingS,. SinceS; is blocked,the MAC
layerin the neighborhoodf R, lets S3 sendits paclet. A
conditionsimilar to priority inversionoccursin the neigh-
borhoodof R, sinceS; transmitsbeforeS,. Unlike true
priority inversion, this condition is not broughtaboutby
blockingonalower priority task.In thiscase S is blocked
becauseof a higher priority sender S;, that cantransmit
concurrentlywith S; (a situationthat hasno equivalentin
single processoschedulingvherea taskthat preemptsS,
shouldalsopreemptS3). We call this conditionpseuddaori-
ority inversion

Hig;,; Os
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Figure 3. Priority inversion in multihop wire-
less networks

It canbe shawvn that pseudopriority inversioncancas-
cade. For example,in Figure3, S; might be blockedby a
higherpriority sendelSy in which caseS, cansendandS;
mustwait. This chaincanbe arbitrarily long. In general,
whetheror not Sz will transmitbeforeS, may dependon
transmissionshatarearbitrarily far away.

To quantify the effect of pseudopriority inversionon
capacity we include the effect of transmissionsoutside
the current neighborhoodwhen we use the stage delay
theorem. We obsene that the transmissionof a paclet
to nodej competesnot only with paclkets transmittedin
neighborhoodj) (asit would in anideal world) but also
with pacletstransmittedbutsideneighborhoodj ) to nodes

in neighborhoodj). We now quantify the syntheticuti-

lization of the above two components First, the synthetic
utilization dueto pacletstransmittedin neighborhood(j )

is by de nition the neighborhoodyntheticutilization, H; .

Secondsincenodesmostly forward receved paclets, the
total traf ¢ recevedby nodesin neighborhood(j ) is gen-
erallyequalto traf ¢ transmittecby thosenodes Hencethe
syntheticutilization of recevedtraf c in neighborhood(j )

is equalto the neighborhoodyntheticutilization H; . Con-
sequentlythesyntheticutilization dueto thefractionof that
traf ¢ originatingoutsideneighborhoodj ) is lessthanor

equalto H;. Adding the two componentsogether the
total synthetic utilization of trafc that contendswith a
transmissiorto nodej is no lessthanH; andno greater
than2H;. Hence,by the stagedelaytheorem,to account
for pseudopriority inversion, we replaceH; by H; in

the derivations,where 1 2. Making that substi-
tution, we eventually get a modi ed capacityexpression,
Crt (actual) = Cgr = . In otherwords,the capacityis at
mostreducedn half. Hence for aload balancechetwork,

a conserative boundon capacityin the presencef pseudo
priority inversionis:

n o

2mN
Similarly, for the commoncaseof trafc collectedby a
small numberof sinks, K, with a maximum source-to-

sinkhopcountNy, Equation(31) for real-timecapacitybe-
comes:

Crgt (actual) = w (32)

%K Ny

Crgt (actual) = 2% InN,

W (33)

where 0 1, asde nedin Section3.1.3.

3.5 Costof Load Imbalance

Finally, it is interestingto comparethe boundderived for
a load-balancedetwork, given by Equation(32), to that
derived for the data collection scenario,given by Equa-
tion (33). For brevity, let usdenotethemby C. , andCZ%
respectiely. The differencebetweenhetwo is the costof
load imbalance. Speci cally, it is interestingto compare
thesecapacitiesor the samecommunicatiordiameteri.e.,
for N = Ng). In otherwords,in both caseswe assume
the communicatiorpatternis suchthat the maximumhop
distanceto a destinationis N . It is expectedunderthese
conditionsthat Equation (32) should producethe higher
boundsinceit is derived for the optimal (balanced)load
distribution. Dividing Equation(32) by Equation(33), with
N = Ny, weget:

Ch. _ n(2+InN)
Cl =~ 2KmN?2

(34)



Note that, in the above expression,n=K is numerically
equalto the numberof nodesreportingto a singlerelay;
which is given by the numberof nodeswithin a radiusof
N hopsaroundtherelay Assuminguniform density this
numbeiis proportionatto N 2 (thearea).We alsoknow that
whenN = 1, the numberof nodeswithin a singlehopra-
diusis m. Hence thenumberof nodeswithin N hopsfrom
therelayis mN 2, from whichn=K = mN 2. Substituting
in Equation(34), it is simpli ed to yield:

Cbk. _ 2+InN

cée = 5 (35)
Two pointsareinterestingto obsene aboutthe above ex-
pression.First, asexpectedCl,  CH . Thedifference
grows when N grows, becausencreasingthe hop-count
from which asinkis collectingdataonly increasesheload
imbalancecomparedo a load-balanceaaseof the same
communicationdiameter SecondwhenN = 1, thetwo
boundsareidentical. This is becauseat this point, in the
datacollectionscenario,all senderssommunicatedirectly
with a sink, originating 1=m of the neighborhoodraf c.
Hence,the load is balanced. Equation(35 quanti es the
capacityreductiondueto loadimbalance.

4 Evaluation

We implementeda simulatorto studythe capacityof wire-
lesssensometworks. The simulatorconstructsa network
of sensomodesof a userspeci ed sizein a perturbedyrid
structure. The radio layer is implementedas a simpli ed
disk modelof a speci edradius(range).The sinksaredis-
tributeduniformly acrosghe network. We generatedraf ¢
ateachnon-sinknodesuchthateachpacletwasassigneda
deadlineatrandomfrom a preselectedet.All pacletswere
sentto their nearessink. Packet contentionwvasresohedin
priority ordet Only thosenodeswere allowed to transmit
who were not within the radio rangeof anothernodethat
wasalreadyscheduledo receve a transmission.Ties be-
tweensimultaneouslharriving samepriority pacletswere
brokenat random.We implementeda shortestpathrouting
scheman which the neighboringnodenearesto the sink
waschosenasthe next hop. If this nodewasblocked due
to anothertransmissionthe packet was not scheduledun-
til thattransmissiorwasover. The MAC layerimplements
deadlinemonotonicschedulingor mediumarbitration.

All pacletswere checled for deadlinemisses.If there
wasa miss,theactualcapacityconsumptiorof all in-transit
traf c wascomputedby multiplying eachin-transitpaclet
by the traversedhop countand normalizingby the end-to-
enddeadline Eachrunwasrepeated0timeswith different
randomizedwvorkloads. The minimum capacityconsump-
tion atwhich a deadlinemissoccurredvasrecorded.

Figure4 andFigure5 shawv the effect of increasingthe
radioradius,shovn onthetop horizontalaxis,on real-time

capacityin anetwork of 800nodesand1600nodesrespec-
tively. Obsene that increasingthe radio radius also in-
creaseghe neighborhoodsize (i.e., the numberof nodes
within the radio range),shavn on the bottom horizontal
axis. The numberof sinkswaskeptat 12. Thelower curve
in both gures is the analytic capacity bound computed
from Equation(33). This equationaccountgor priority in-
version. Parameters °andW aresetto 1. Thetop curve
shavs the minimum consumecdtapacityat which deadline
misseswere obsened in simulations. Note the very close
matchbetweensimulationand analytic predictioneven at
very large network sizes. As expected,capacitydecreases
with increasingadioradiusbecauséewerconcurrentrans-
missionsbecomepossible.
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Figure 4. Effect of radio radius, 800 nodes
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Figure 5. Effect of radio radius, 1600 nodes

Figure 6 and Figure 7 repeatthe experimentsfor net-
works of 800 and 1600 nodesrespectiely, this time vary-
ing the numberof sinks. The radio rangeis kept constant
ataneighborhoodaizeof 12 nodes.As before,avery close
matchis obsenedbetweersimulationandanalysis.Capac-
ity grows with the numberof sinksbecausalatacollection
bottlenecksarealleviated.

Finally, Figure 8 shaws the sharpincreasein the miss
ratio in a network of 800 nodesthat occurswhen capac-
ity is exceeded. In this curve, the network workload is
increasedoastthe capacitybound. The missratio is then
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plotted againstthe capacityrequirementf the workload
shavn on the horizontalaxis. Eachpointin the gure cor-
respondgo a single experiment. Two setsof datapoints
areshawn for two differentradiorangeghatcorrespondo
neighborhoodsf 12 nodesand24 nodegespectiely. From
Figure4, we canseethatthe capacityboundsfor thesetwo
casesrearoundl3andl12respectrely. The missratio be-
comeson-zercshortlyaftertheseboundsareexceededcnd
increasesharplysoonthereafter

5 RelatedWork

Thework describedn this papereveragegpreviousresults
in aperiodicschedulabilitypounds. The rst syntheticuti-
lizationboundfor x edpriority schedulingof aperidictasks
wasderived by the authorsin [5]. This resultwaslater ex-
tendedit to multiprocessorscheduling[2], taskswith re-
sourcerequirementg3], and real-time datapipelines[4].
This paperis the rst extensionof theseresultsto therealm
of sensonetworks.

While several other utilization boundswerereportedin
previousliterature,suchas[13, 12, 18,9, 21, 7, 16, 15, 14],
they werecon ned to variationsof the periodictaskmodel

Deadline Misses vs. Capacity of Network
800 Nodes, 12 Sinks

Packet miss ratio (%)

Neighborhood size 24 =
‘ Neighborhood size 12 a
10 20 30 40 50 60 70
Capacity (bit-hops/sec)

Figure 8. Miss ratio

andhenceareinapplicablein our case.The priority inver
sionproblemdueto blockingwasaddresseih [19], propos-
ing modi cations to schedulabilitytestsusingthe priority
ceiling protocols. It would be interestingto derive MAC
layer protocolsthatminimize the impactof psuedgpriority
inversionon real-timecapacity

Theresultsderivedin this paperassume priority-aware
MAC protocol. There have beensereral MAC protocols
which provide differentiatedservicesn wirelessnetworks.
In [8], animplicit prioritized MAC protocol for wireless
sensometworks hasbeenpresentedavith sevenfrequencies
for transmissiorto avoid channelinterference.In [22], a
black-turstschemes proposedhat providesreal-timeac-
cessto CSMA wirelessnetworks. This schemds usedin
[20Q] to provide differentiatecservicesatthe MAC layer. In
[24], a MAC protocolfor supportingdeterministicQoSin
wirelesslocal areanetworks is presented.In [23], narrov
bandbusytone(BT) signalsareusedto do priority schedul-
ing atthe MAC layer. A protocolwhich usesdifferentval-
uesof contentionwindow for differentclassess presented
in [6]. Similar contention-winda-basedschemesrepre-
sentedn [1]. A dynamictime-division duplexedschemas
presentedn [10]. While mostprioritization schemegain
probabilistic,somedegreeof servicedifferentiationis gen-
erally possible.

In our future work, we shall study the effectsof MAC
layerssuchasthe above on capacityboundsfor sensomet-
works. Obsere that this is analogoudo studyingthe ef-
fects of schedulingpolicies on task schedulabilitycondi-
tions. Theresultshouldbeabody of knowledgefor reason-
ing aboutreal-timeconstraintan mission-criticalwireless
network applications.

6 Conclusions

This paperpresentedhe rst expressiondor real-timeca-
pacity of asensomnetwork. We derive asufcient condition
for schedulabilityunder x ed-priorityschedulingvhich al-
lows capacityplanningto beemployedprior to deployment
suchthatreal-timerequirementsare metat run-time. The



boundis derivedfor loadbalancedetworks,aswell asnet-
works whereall trafc congreyatesat a numberof sinks.
The effects of various MAC-layer multiplexing schemes
suchastime-division multiplexing and frequeng-division
multiplexing are discussed.A problemsimilar to priority
inversionis presentedndits effect on capacityis approx-
imately quanti ed. The capacityexpressionsareevaluated
in simulation. It is showvn that deadlinesare never missed
whenthe network capacityboundis not exceeded.When
thetraf c requirement&xceedthe capacitypboundby some
maugin, deadlinemisseswere obsened. This simulation
validatesthe resultsand shavs that capacityplanningcan
be performedsafely using the derived bounds. We hope
this paperwill sere asaninitial steptowardsdeveloping
a morecompletebody of literatureon schedulabilityin ad
hocwirelesservironments Extensionsnayincludeinvesti-
gatingvariabledensitynetworks, realisticMA C-layers,and
effectsof enegy constraintdo namea few.
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