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Abstract

Multihop wireless sensor networks have recently
emerged as an important embeddedcomputingplatform.
This paper de�nes a quantitativenotion of real-time ca-
pacityof a wirelessnetwork. Real-timecapacitydescribes
howmuch real-timedata thenetworkcantransferby their
deadlines. A capacityboundis derivedthat can be used
asa suf�cient schedulabilityconditionfor a classof �xed-
priority packet schedulingalgorithms.Usingthis bound,a
designercan perform capacityplanning prior to network
deploymentto ensuresatisfactionof applications'real-time
requirements.

1 Intr oduction

This paperestablishesfundamentalcapacitylimits on real-
time information transfer in multihop wirelessnetworks.
Real-timeinformationtransferis onewheretherearedead-
linesondatacommunication.Only thosebits thataretrans-
ferredprior to their deadlinescontributetowardsusefulin-
formation. Deadlinescould arisefor variousreasons,for
example,thenecessityto reactto externaleventsin atimely
manner, andtheneedto deliverdynamicallychangingdata
prior to theexpirationof their respectivevalidity intervals.

Recently, information-theoreticboundshave beende-
rived for wirelessnetworks that quantify the ability of the
network to transferbits acrossdistance[11]. Thesebounds
(often expressedin bit-meters)provide a fundamentalun-
derstandingof network throughputasafunctionof network
parameterssuchasbandwidth,total sizeandaverageden-
sity. While currentboundsquantify throughput,they do
not considerother key performancemetrics; in particular
network delay. For time-sensitive applications,it is useful
to understandbothdelayandthroughputlimitationsof the
network. Observethatnetwork delayandthroughputarein-
terrelated.Intuitively, thenetwork shouldbeableto trans-
fer morebits by their deadlinesif the deadlinesare more
relaxed. The resultsreportedin this papercan be inter-
pretedasunderstandingthefeasibletrade-off spacebetween
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achievablethroughputanddelay.
Schedulability(i.e., theability to meetdeadlines)in dis-

tributedsystemsis, in general,anNP-hardproblem.Hence,
thereis no closed-formformula to quantify theexact real-
time capacity. To overcomethis dif�culty , in this work,
wederiveclosed-formsuf�cient (ratherthanbothnecessary
and suf�cient) conditionson schedulabilityfor a classof
�x ed-prioritypacketschedulingpolicies.Suf�cient schedu-
lability conditionshave themerit of erringon thesafeside.
By de�nition, they guaranteethat systemssatisfyingthese
conditionswill meettheir timing requirements.This prop-
erty is convenientfor capacityplanning.

Observethatsuf�cient conditionsfor NP-hardschedula-
bility problemsgenerallyexhibit a trade-off betweensim-
plicity andexact characterization.More complex expres-
sionsareneededto identify larger fractionsof theschedu-
lable space.Similarly to the Liu andLaylandbound,be-
ing an early result, the expressionderived in this paperis
aimed at simplicity. We hope this simplicity provides a
�rst steptowardsunderstandingthe limitations on achiev-
abledelayandaggregatethroughputin real-timemultihop
wirelessnetworks.

The rest of this paper is organizedas follows. Sec-
tion 2 formulatesthereal-timecapacityproblem.Section3
presentsthemainresultsof thepaper. Section4 veri�es the
resultsusingsimulation.Section5 highlightsrelatedwork.
Thepaperconcludeswith Section6.

2 Model and ProblemFormulation

In this section,we describethenotionof real-timecapacity
in moredetail,de�ne theproblemstatement,andhighlight
thegeneralapproachtakento derivecapacitybounds.

2.1 Real­time Capacity

In a multihop wirelessnetwork, it is naturalto expectthat
morebitscanbedeliveredby alargerdeadlineandthat(ex-
ploiting spatialconcurrency) morebits canbe deliveredin
time if they traversea shorterdistance. Said differently,
messageschedulabilityis expectedto decreasewith an in-
creasein transmittedbits,anincreasein traverseddistance,
oradecreasein therelativedeadline(thedifferencebetween
bit arrival timesandtheirduedates).It is thereforeinforma-



tive to considerthe bit-distanceproductof messages,nor-
malizedby theirrelativedeadline.Intuitively, anincreasein
this normalizedproductdecreasesschedulability. This pa-
pershowsthat,indeed,all messagesareschedulableaslong
asthe sumof their normalizedbit-meterproductsremains
below a certainbound.We call this boundthereal-timeca-
pacityof thenetwork, denotedCRT .

To illustratethe notion of real-timecapacity, let us use
a numeric example. Considertwo messages,A and B ,
traversinga wirelessnetwork. MessageA is 1000bits long
andmusttravel adistanceof 50meters(i.e.,consumeatotal
of 50; 000bit-meters)within 200seconds.It is saidto have
areal-timecapacityrequirementof 50; 000=200= 250bit-
meters/second.MessageB musttransfer300bitsadistance
of 700meterswithin 100seconds.Its capacityrequirement
is thus300� 700=100= 2100bit-meters/second.Hence,the
total real-timecapacityneededis 250+ 2100 = 2350bit-
meters/second.Themessagesareguaranteedto meettheir
deadlinesaslongastheircombinedrequirementsdonotex-
ceedthe real-timecapacityof thenetwork (i.e., aslong as
2350< CRT ).

It is often useful, in large multihop wirelessnetworks,
to de�ne messagevelocityastheratioof theend-to-enddis-
tancetraversed(betweensourceanddestination)to theend-
to-enddeadline.Real-timecapacity, de�ned above,canbe
equivalentlyinterpretedasaconstrainton feasiblemessage
velocities.All messagesareschedulableif thesumof their
velocitiesweightedby their respectivesizesis lessthanthe
real-timecapacityof the network. In the numericexam-
ple presentedabove, messageA must traverse50 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, messageB hasa
weightedvelocityof 7 � 300= 2100bit-meters/second.As
before,addingup, themessagesareschedulableif thesum
of theirweightedvelocitiesis lessthanCRT .

Real-timecapacity, CRT , of awirelessnetwork depends
on the order in which packets accessthe communication
medium. This orderis de�ned by themediumaccesscon-
trol (MAC) protocol,andis calleda packet schedulingpol-
icy. Many examplesof prioritizedMAC protocolsaredis-
cussedin therelatedwork section.In thispaper, weconcern
ourselveswith �x ed-priority packet schedulingonly since
it is easierto implementon network nodes. While we do
not discussthe feasibility of �x ed priority scheduling,we
restrictourselvesto a category of �x ed-priorityscheduling
policies in which packet 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 independent�x ed-priority scheduling. The rational
for this decisionis two-fold. First, it is generallyexpensive
to maintainclocks perfectly synchronizedin a large net-

work. Hence,priority schemesthat requirea notionof ab-
solutetime maysometimesbe impractical. Second,nodes
in a wirelessnetwork maybeunawareof locationsof other
nodes. Hence,schedulingpolicies wherepriority assign-
mentrequiresknowledgeof accuratedistancebetweentwo
pointsmightnotbeadequatelysupported.

Given the above constraintson priority assignment,we
derive two important results. First, we prove that the
best-casesuf�cient capacityboundfor independent�x ed-
priority schedulingis CRT = n�

mN W , where � depends
on the schedulingpolicy (� = 1 for deadlinemonotonic
scheduling),n is thetotal numberof nodesin thenetwork,
N is the maximumcommunicationpath length, m is the
numberof nodeswithin a single hop neighborhood,and
W is the transmissionrate. The boundis derived for the
capacity-maximizingcaseof a perfectlyload-balancednet-
work. Second,we derive an approximatebound for the
commoncaseof datamonitoringnetworksin whicha large
numberof distributedsensormeasurementsarecollectedby
amuchsmallernumberof sinks.Theapproximateboundin
this caseis CRT = �K N

1+0 :5 lnN W , where� , N , andW are
asde�ned aboveandK is thenumberof sinks.In all cases,
we�rst assumeaperfect(zerooverhead)MAC-layerproto-
col thenquantifytheimplicationsof MAC-layerarbitration
delayson network capacity(which affect the valueof � ).
Finally, we discussan effect similar to priority inversion
(which is shown to cut capacityin half in the worst case)
andquantifythecapacityreductiondueto loadimbalance.

2.2 ProblemFormulation and Approach

Thederivationof thereal-timecapacityis madepossibleby
our recentresultsin real-timeschedulingthat specifyuti-
lizationbounds[5, 3] andfeasibleregionsof multi-resource
aperiodictasksystems[4]. Feasibleregionsquantifythere-
lation betweenloadat variousstagesof a real-timesystem
andtheability of thesystemto meetend-to-enddeadlines.

Considera sensornetwork with multiple datasources
anddatasinks. Packetstraversethe network concurrently,
eachfollowing a multihoppathfrom somesourceto some
destination.Eachhoprepresentsa packet transferbetween
two neighboringnodeson its path. A single-hoptransfer
occursonly if thereceiverof this transferis within thecom-
municationrangeof the sender. At this time, we do not
makeassumptionsregardingchannelsymmetryor theshape
of anode'scommunicationrange.Wemerelystatethateach
nodej canreceivepacketsfrom a setof neighboringnodes
wecall neighborhood(j ).

EachpacketTi hasanarrival timeA i de�nedasthetime
at which thesendingapplicationinjectsthepacket into the
outgoing communicationqueueof its sourcenode. The
packet must be delivered to its �nal destinationno later
than time A i + D i , whereD i is called the relative dead-
line of Ti . Dif ferentpacketsmay generallyhave different



relative deadlines.We call packetsthathave arrivedto the
systembut whosedelivery deadlineshave not expired in-
transitpackets. Eachpacket Ti hasa transmissiontime Ci

that is proportionalto its length. This transmissiontime is
incurredat eachforwardinghopof its path.

Performingour analysisin termsof transmissiontimes
of packets(asopposedtheir sizesin bits) is an instanceof
separationof concerns,whichallowsusto focusonthereal-
time aspects.The mappingfrom bits to transmissiontime
dependsonphysicalandlink-layer issuessuchasthechan-
nel bandwidth,the signal-to-noiseratio and the encoding
techniqueused,which areconcernsof informationtheory.
We separatethoseconcernsaway by assuminga transmis-
sionspeed,W , andderiving real-timecapacityexpressions
in termsof that transmissionspeed.Note that, in practice,
W mayalreadybeknown and�x edfor aparticularnetwork
product,whichmakesouranalysisveryuseful,asit canex-
plicitly take this speci�cationinto account.

We de�ne a per-nodemetric calledsyntheticutilization
thatcapturesthe impact(on schedulability)of both there-
sourcerequirementsandurgency associatedwith packets.
WesaythateachpacketcontributesanamountCi =Di to the
syntheticutilization of eachhopalongits pathin the inter-
val from its arrival timeA i to its absolutedeadlineA i + D i .
More formally, at any time t, let S(t) be the setof pack-
etsthatarein-transit1 in theentiresensornetwork. Hence,
S(t) = f Ti jA i � t < A i + D i g. We de�ne Sj (t) 2 S(t)
asthesubsetof S(t) forwardedthroughnodej . We de�ne
thesyntheticutilization,Uj (t), of nodej as:

Uj (t) =
X

T i 2 Sj ( t )

Ci =Di (1)

whichis thesumof theindividualcontributionsto synthetic
utilization (on this node)accruedoverall in-transitpackets
passingthroughthat node. Multiplying the packet trans-
missiontime, Ci , by the channeltransmissionspeed,W ,
yields packet size. Hence,multiplying both sidesof the
above equationby W establishesthe numberof bits that
canbe transmittedby a nodefor eachunit of time of the
relativedeadline.Summingup thatquantityover thewhole
network is whatde�nesthetotal real-timecapacityrequire-
ments(in bit-hopspersecond)of all in-transittraf�c. If we
cancomputeanupperlimit Uj onnodesyntheticutilization
for which it is known thatall deadlinesarestill met,thenno
deadlinemissesoccuraslong ascapacityrequirementsare
below W

P
j Uj . In otherwords,thereal-timecapacityis

givenby:

CRT = W
X

j

Uj (2)

1Rememberthatweconsiderapacket Ti to bein transit in theinterval
[A i ; A i + D i ).

Observe thatcapacityis �rst computedin bit-hopspersec-
ond. To convert to bit-metersper second,it is enoughto
multiply thepreviousexpressionby theaveragedistanceper
hop.Thereaderis alsoremindedthatthispaperderivessuf-
�cient but not necessaryconditionsonly. It is possiblefor
deadlinesto remainsatis�edwhenCRT is exceeded.

3 Total Capacity

Considera packet Tn traveling on an arbitrary path P
throughthe wirelessnetwork. Without lossof generality,
let usnumberthehopsof thatpath1; :::; N in thedirection
of thedestination,suchthatnodej is thedestinationof the
j th packettransfer. Figure1 showsanexamplewith N = 4.

Source

1

2 3

Destination

4

Figure 1. A path thr ough the sensor netw ork

To deriveCRT , we �rst �nd apath-speci�cconditionon
meetingend-to-enddeadlines,which we call the path fea-
sible region. The pathfeasibleregion is a function whose
argumentsare the syntheticutilization valuesof eachhop
alongthe path. It is guaranteedthat the end-to-enddead-
linesof all packetstransmittedalongthatpatharemetun-
deranindependent�x ed-priorityschedulingpolicy aslong
asthisfunctiondoesnotexceedapre-computedbound.The
aboveconditionis ageneralizationof utilizationboundsfor
schedulability, suchas[13, 12, 7]. It relatesthe synthetic
utilizationsof nodesalongapathto theability to meetend-
to-enddeadlinesof aperiodicarrivals.This functionis then
usedto infer thetotal capacityof thenetwork.

Let thepacket Tn on pathP originateat its sourcenode
at timeAn andbedeliveredto thedestinationby An + Dn .
The arrival time of the packet at hop j denotesthe time it
is fully insertedinto thequeueat thatnode.Thedeparture
time of Tn from hopj denotesthetime thetransmissionof
Tn is accomplished.The arrival time of the packet at hop
j + 1 is equalto its departureof time from j plustheprop-
agationdelay. Let the time that packet Tn spendsat hop
j be denotedL j , which is the interval betweenits arrival
timeanddeparturetimeathopj . Thus,for thepacket to be
schedulable,it mustbe that

P
j L j + p < Dn , wherep is

thesumof propagationdelaysalongthepath.Sincepacket
propagationoccursat the speedof light, it is much faster
thantransmissionandqueueingdelaysandis thereforene-
glectedin therestof thederivation.

In [4], we proved that the delay L j of a task waiting
for a resourceaccessedin �x ed-priority orderis relatedto



syntheticutilization asfollows:

Theorem 1 (The StageDelay Theorem) [4]: If task T
spendstime L j at resourcej , anduj is a lower boundon
themaximumsyntheticutilizationat thathop,then:

L j =
uj (1 � uj =2)

1 � uj
Dmax (3)

whereDmax is the maximumend-to-enddeadlineof all
tasksof higherpriority thanT.

The theorem was derived for abstractresourceswhose
schedulermaintainsa �x ed-priority queuethat determines
the order of resourceaccess. The resourceis indivisible
andis accessedby onetaskat a time in priority order. The
theoremstatesthatif thesyntheticutilizationof all tasksen-
queuedfor resourcej neverexceedsuj , thenthedelayof a
taskon thatresourceneverexceedsL j .

We now apply this theoremto wirelessnetworks. In
this context, task T is the act of sendingone packet to
the next hop, j , of its path. The resourceunderconsider-
ationis thechannelbandwidthat thereceiver of that trans-
fer. It is eitheravailable(resourceis idle) or occupiedby
othertransmissions(resourceis busy). Theonly transmis-
sionsthat can contendon the channelare thoseoriginat-
ing in neighborhood(j ), de�ned asthesetof nodeswhose
transmissionscanbe heardat nodej . Note thatdueto the
broadcastnatureof the wirelesschannel,thesetransmis-
sionswill make the channelbusy whetherthey arein fact
destinedto j or to someothernode,aslong asthey origi-
natein neighborhood(j ). Observethatj is amemberof its
own neighborhood,sinceits own transmissionscontendon
thesamechannel.

Theobjectiveof themediumaccesscontrolprotocolin a
wirelessnetwork is to ensurethatfor eachnodej to which
a packet is readyfor transmission,only onepacket is trans-
mittedata timefrom all nodesin neighborhood(j ). More-
over, packetsare transmittedin priority order. In the fol-
lowing, we �rst considerthe caseof an ideal MAC layer,
which implementsmediumarbitrationwith zerooverhead.
Wethenconsidertheeffectsof channelarbitrationdelayon
network capacity. Observe that thesetof all packetsready
for transmissionin neighborhood(j ) representsa virtual
queuefrom whichpacketsaredequeuedin priority orderto
accessreceiverbandwidth.Hence,thestagedelaytheorem
applies.Let usde�ne theneighborhoodsyntheticutilization
of nodej , denotedH j , as:

H j =
X

i 2 neig hbor hood ( j )

Ui (4)

Foreveryhopj alongthepathP shown in Figure1 (observe
that j refersto thedestinationof thepacket transferat that
hop),thestagedelaytheoremstatesthat:

L j =
H j (1 � H j =2)

1 � H j
Dmax (5)

If the syntheticutilization in the neighborhoodis always
keptbelow H j , thepacketdelayonhopj will neverexceed
L j (assuminga zero-delayMAC layer). For packet Tn to
bedeliveredto thedestinationby its end-to-enddeadline,it
mustbethat

P
j L j < Dn (propagationdelayis neglected).

Substitutingfrom Equation(5) for L j in thissummation,we
gettheequivalentcondition:

NX

j =1

H j (1 � H j =2)
1 � H j

<
Dn

Dmax
(6)

ObservethatDn =Dmax is theratioof thedeadlineof packet
Dn to thatof a higherpriority packet thatdelaysits trans-
mission.To obtaina conservativebound,this ratio mustbe
minimizedacrossall possiblepacket pairs. The minimum
possibleratiodependson theschedulingpolicy. If deadline
monotonicschedulingis used,by de�nition D n =Dmax �
1. In otherwords,for all packet pairsThi andTlo , where
Thi hashigherpriority thanTlo , minThi � T lo D lo =Dhi � 1.
(We assumeequalityin theworst case.)In general,for an
arbitrary independent�x ed-priority schedulingpolicy, we
de�ne � = minThi � T lo D lo =Dhi to be the minimum pos-
siblerelativedeadlineratioacrossall priority-sortedpacket
pairs. Intuitively, it representsthedegreeof urgency inver-
sion (not to be confusedwith priority inversion). Urgency
inversionoccurswhenapacketwith ashorterrelativedead-
line receivesa lower priority by theschedulingpolicy than
apacketwith a largerrelativedeadline.For example,if pri-
orities areassignedrandomly, � = D least =Dmost , where
D least andDmost aretheminimumandmaximumrelative
deadlinesin thepacketsetrespectively. Thefeasibleregion
for sucha schedulingpolicy is thus:

NX

j =1

H j (1 � H j =2)
1 � H j

< � (7)

In particular, for deadlinemonotonicscheduling,� is max-
imized:

NX

j =1

H j (1 � H j =2)
1 � H j

< 1 (8)

Deadlinemonotonicschedulingis thereforeoptimalamong
independent�x edpriority schedulingin thesenseof max-
imizing the schedulabilitybound. This policy meansthat
for eachnodej to which a packet awaits transmission,the
MAC layer choosesfor transmissionthe packet with the
shortestrelative deadlinein neighborhood(j ). Later, we
shallexplorethecasewheretheMAC layeris not ideal.

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 j to the total
real-timecapacityCRT of the network, let m be the aver-
agenumberof neighborsa nodecansendpacketsto. We
call this parameternodedensity. Hence,on average,each
nodeis a memberof m setsneighborhood(j ) from which,P

j H j = m
P

j Uj over all nodesin the network. Equa-
tion (2) canthereforebere-writtenas:

CRT =
W
m

X

j

H j (9)

wherethesummationis overall network nodes.This result
will beusedto computereal-timecapacity. Two important
casesareconsidered.First,wedeterminereal-timecapacity
undertheassumptionof a perfectlyload-balancednetwork
(which happensto be the maximumcapacitycondition).
Second,wedeterminereal-timecapacityfor thecasewhere
all traf�c congregatesat a smallnumberof sinks.This pat-
tern is morecommonin sensornetworks whereall datais
routedto asmallsetof observers.

3.1 The Maximum Bound

It is desiredto maximizethe total real-timecapacitygiven
by Equation(9). From the symmetryof this capacityex-
pressionwith respectto H j , aswell asthesymmetryof the
schedulabilityconditiongivenby Equation(7), thesolution
thatmaximizescapacitymustbesymmetricwith respectto
H j . In otherwords,H j mustbeequalfor all j . Let thiscon-
stantvalueof neighborhoodsyntheticutilizationbeH . This
is calleda load-balancednetwork. Let N bethe lengthof
longestcommunicationpath(in hops)thata nodecanbea
partof. We call it thecommunicationdiameter. Intuitively,
the communicationdiameter(not to be confusedwith the
radio range)representsthedegreeof locality of communi-
cation. For example,if thecommunicationpatternis such
that nodescommunicatewith othernodesthat areat most
5 hopsaway, thenN = 5. It is desiredto ensurethat all
packetdeadlinesaremeton all pathsup to lengthN . From
Equation(7), themaximumneighborhoodsyntheticutiliza-
tion H mustthereforesatisfy:

H (1 � H=2)
1 � H

= �= N (10)

Solvingfor H andtakingthelowervaluewe get:

H = 1 +
�
N

�

r

1 + (
�
N

)2 (11)

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

CRT =
n
m

(1 +
�
N

�

r

1 + (
�
N

)2 )W (12)

For a large network, the path length N is large. Hence,
( �

N )2 << 1. Consequently, theaboveequationcanbesim-
pli�ed asfollows:

CRT =
n�
mN

W (13)

Observe that the more localized network communication
is (i.e., thesmallerN is), the larger the real-timecapacity.
Theabove capacityexpressioncanbestatedasthefollow-
ing theorem:

Theorem 2. The Maximum Capacity Theorem: In a
large load-balancedconnectedmultihop wirelessnetwork
of n nodes,a radiotransmissionspeedW , communication
diameterN , node density m (nodesper communication
radius), and a zero-delaymedium accesscontrol imple-
mentingindependent�x ed-priorityscheduling,a suf�cient
bound on real-time capacity is n�

mN W , where � is the
urgency inversionof theschedulingpolicy (�= N << 1).

This theorempresentsthe �rst known boundthatestab-
lishes real-time capacity limits as a function of network
size,density, andradiotransmissionspeed.It is the�rst step
towardsacomprehensivetheorythataddressestherelations
betweentime, space,and informationtransfercapabilities
of embeddedwirelessnetworks.

Observe that if theapplicationensuresthat thecommu-
nicationdiameter, N , is boundedindependentof network
size,n (i.e., localizeddistributedalgorithmsareused),then:

CRT = O(n)�W =m (14)

Ontheotherhand,if pathsarerandomlychosenthroughthe
wirelessnetwork, thenetwork diameterN is of theorderof
thesquareroot of theareaof thenetwork, which in turn is
of theorderof thenumberof nodes.Consequently, CRT =
O(n=

p
n)�W =m, or:

CRT = O(
p

n)�W =m (15)

ComparingEquation(14)andEquation(15)emphasizesthe
importanceof localizedcommunication.

3.1.1 Frequency-Division Multiplexing

Thecapacityexpressiongivenabove wasderivedbasedon
theassumptionthatall nodesin a neighborhoodtransmitat
the samefrequency inside that neighborhood.It is inter-
estingto comparethatexpressionto thecasewherea dedi-
catedchannelis setup at theMAC layer for transmissions
of eachindividual node. For example,frequency division
multiplexing could be used,whereeachnodein a neigh-
borhoodis assigneda uniquefrequency. Hence,transmis-
sionsfrom differentnodesdonotcollidebut arerathermul-
tiplexed in the frequency domain. The receiver employs a
demultiplexor. Assuminga uniform nodedensity, m, the



available spectrummust be divided into m uniquechan-
nels. The transmissionspeedof an individual channelis
thusWc = W=m. Only onepacket is transmittedfrom a
nodeata time.

Becausechannelsarededicated,packetsat nodej com-
petefor transmissiononly with otherpacketson the same
node(regardlessof their destinations).Hence,thestagede-
lay theoremstatesthatpacketdelayat nodej is givenby:

L j =
Uj (1 � Uj =2)

1 � Uj
Dmax (16)

The differencebetweenEquation (16) above and Equa-
tion (5) introducedearlierlies in that thesyntheticutiliza-
tion usedin theformerrefersonly to thatof nodej , whereas
in the latter it is thatof the entireneighborhood(j ). This
differenceis due to the fact that in the latter case,packet
transmissionincurs contentionfrom the entire neighbor-
hoodandnot only from the transmittingnode. Following
thesamestepsasin theproofabove,wegetthepathschedu-
lability conditionbelow (compareto Equation(7)):

NX

j =1

Uj (1 � Uj =2)
1 � Uj

< � (17)

From Equation (2), the real-time capacity is given by
Wc

P
j Uj over all nodesin thenetwork (whereW is now

replacedby Wc). As before,from symmetryof thecapacity
expressionandpathschedulabilityexpressionwith respect
to Uj , the capacityis maximizedwhenUj is the samefor
all nodes.Let usdenoteit by U. This leadsto:

U = 1 +
�
N

�

r

1 + (
�
N

)2 (18)

andsince(�= N )2 << 1, weeventuallyget:

CRT =
n�
N

Wc =
n�
mN

W (19)

If N = O(
p

n), theaboveequationleadsto:

CRT = O(
p

n) �W =m (20)

ComparingEquation(13) to Equation(19) andcomparing
Equation(15) to Equation(20), it canbeseenthatthemax-
imum capacityexpressionis independentof how channel
bandwidthis divided at the radio layer. Partitioning the
bandwidthdecreasesboth the transmissionspeedandcon-
tentionby theorderof thesizeof theneighborhood,leading
to thesametotal capacityexpression.

3.1.2 Time-Division Multiplexing

A disadvantageof frequency-divisionmultiplexing is thein-
creasedcostof theradiohardware.Theabstractionof dedi-
catedchannelscanalternativelybeimplementedin software
by multiplexing thechannelin time. This canbe achieved

usingclock-basedor token-basedMAC protocols. While
it is not our intent to discussthe speci�cs of MAC-layer
mechanismsthat implementthis abstraction,it is interest-
ing to quantify their impacton real-timecapacity. From a
real-timeperspective,oneessentialdifferencebetweenmul-
tiplexing in time andtruebandwidthpartitioning,is anad-
ditional multiplexing delay term quanti�ed in the seminal
work ongeneralizedprocessorsharing[17]. Intuitively, this
termis dueto thefactthatexactfairnesscannotbeachieved
at all times when packet transmissionsare quantizedand
serialized. Virtual clock schemeshave beenproposedto
guaranteeboundedfairness,andhenceboundtheadditional
multiplexing delay. Let that delaybe denotedd. Assum-
ing channelarbitrationschemescan be implementedin a
distributed mannerwith zero overhead,the total delay of
packet Tn on stage,j , is that predictedby the stagedelay
theoremplusd, or:

Delay =
uj (1 � uj =2)

1 � uj
Dmax + d (21)

Summingup over all hops,we must ensurethat the total
delay is lessthan the relative deadlineD n . Hence,for a
network of diameterN :

NX

j =1

(
uj (1 � uj =2)

1 � uj
Dmax + d) < Dn (22)

Rearranging,weget:

NX

j =1

uj (1 � uj =2)
1 � uj

<
Dn

Dmax
(1 �

N d
Dn

) (23)

Minimizing theright-handside,we rewrite theaboveequa-
tion as:

NX

j =1

uj (1 � uj =2)
1 � uj

< � 0 (24)

where � 0 = � (1 � N d=Dmin ), and Dmin is the mini-
mum end-to-enddeadline.Comparingthe above equation
to Equation(7), it is easyto show thatthisequationleadsto
thesamereal-timecapacityexpressions,with theexception
that� is replacedby � 0 < � . Thedifferencebetween� and
� 0 quanti�es thecapacitydegradationwe suffer becauseof
delay introducedby having to wait for the node's turn to
transmitin thepresenceof time-division multiplexing. For
example,thereal-timecapacityof a load-balancednetwork
becomes:

CRT =
n� 0

mN
W (25)



3.1.3 RealisticMedium AccessControl

The above derivations assumedthat nodesin the neigh-
borhoodof a receiver canimmediatelytell which outgoing
packet hasthehighestpriority amongall thosethatcanin-
terferewith this receiver. Themediumaccesscontrolproto-
col thensendsthatpacket �rst. In reality, somearbitration
maybeneededbeforethepacket is transmitted.Severalar-
bitration protocolshave beenproposedin previous sensor
network andlocal areanetwork literaturethat differ in the
worst caseamountof time it takes to determinewho gets
themedium.

Let B be the total additional delay experiencedby a
packet dueto arbitration.Theschedulabilityconditionbe-
comes:

X

j

(
Uj (1 � Uj =2)

1 � Uj
Dmax + B ) < Dn (26)

Dividing by Dmax andrearranging(similarly to the steps
Section3.1.2),weget:

NX

j =1

Uj (1 � Uj =2)
1 � Uj

< � (1 � N 
 ) (27)

where
 = B =Dmin is thenormalizedblockingdueto ar-
bitration experiencedby a packet at hop j . The above ef-
fect will propagateto capacityexpressions,suchthat � is
replacedby � 0 = � (1 � N 
 ). Observe, trivially, that un-
lessarbitrationdelayis bounded,no deterministicguaran-
teesare possible. However, choosinga value for B that
is exceededwith a low probability, we get a capacityex-
pressionthatupper-boundsthemissratioby thesameprob-
ability that B is exceeded. It is easyto prove that in a
network wheretime-division multiplexing introducesper-
hopdelayd andMAC-layerarbitrationintroducesanaddi-
tional delayB, the� in capacityexpressionsis replacedby
� 0 = � (1 � N 
 � N d=Dmin )

3.2 The CommonCaseBound

The boundsdescribedabove were computedfor a load-
balancednetwork. While realisticloadpatternsin multihop
wirelessnetworks aregenerallydif�cult to characterize,a
very commoncasethat occursin sensornetworks is one
wheredatais collectedfrom all sensornodesby a small
numberof sinks. Thesesinks (called relays) are usually
morepowerful dataprocessingdevicesor transmittersthat
relaythedatato aremotelocation.Theroutingprotocolen-
suresthatdatafrom a givensensornodeis sentto thenear-
estrelay. Consequently, nodesclosestto relaysarethemost
congested.In the following, we derive anapproximateex-
pressionfor real-timecapacityfor theaforementionedcom-
mondatacommunicationpatternin sensornetworks.

Let thenumberof relaysin thenetwork beK . Consider
anarbitraryrelayk, 1 � k � K , andthesetof sensorsre-
portingto thatrelay. Observethatsincetraf�c from all these
sensorscongregatesat onesink, the total schedulabletraf-
�c generatedby all sourcesis exactly thetraf�c thatcanbe
consumedby thatsink. Moreover, at steadystate,thesum
of syntheticutilizationson all hopssome�x ed distancej
from the sink is no larger than the total syntheticutiliza-
tion at the sink. This is becausethe total �o w of packets
crossinga givenperimetercannotexceedwhatthedestina-
tion sees,asshown in Figure2. Assuminganaveragenode
densityof m nodesperradiorangeR, thenumberof nodes
j hopsfrom the relay is approximatedby the productof
the ring area,� (j R)2 � � (( j � 1)R)2, andthenumberof
nodesperunit area,m=R2, whichyields(2j � 1)m nodes.
Hence,theaverageper-nodesyntheticutilization decreases
linearlywith distancefrom thedestinationasit getsdivided
among(2j � 1)m nodes.The sameappliesto the neigh-
borhoodsyntheticutilization. Assumingtheneighborhood
syntheticutilization at thedestinationis H , andrenumber-
ing thehopsin ascendingorderfrom destinationto sources,
H j = H=(2j � 1)m. FromEquation(7), thepath-speci�c
schedulabilityconditionis:

N kX

j =1

H
(2 j � 1)m (1 � H

2(2 j � 1)m )

1 � H
(2 j � 1)m

< � (28)

Sink

j

Figure 2. The common sink case

The above equationcanbe solved for H asa function of
thenumberof hopsNk on the longestpathto relayk. The
equationcanberewrittenas:

H
2m

N kX

j =1

1
2j � 1 � H=m

+
H
2m

N kX

j =1

1
2j � 1

< � (29)

Since,H < 1 (which can be derived from Equation(7)
giventhat � � 1), for largej , 1

2j � 1� H =m is approximately

equalto 1
2j � 1 . Using resultsof the harmonicseriessum-

mationandsomealgebraicmanipulation,we canshow that



thesum
P N k

j =1
1

2j � 1 is well approximatedby 1+ 0:5ln Nk .
Thus,Equation(29) leadsto:

H =
�m

1 + 0:5 lnN k
(30)

As observedabove,notethattheaggregatesyntheticutiliza-
tion over all nodesdistancej from thedestinationis upper
boundedby thatatthedestination(or elsesomepacketswill
bedropped).Let uscut theareareportingto relayk into N k

concentriczones,eachencompassingall nodesthatarethe
samehop distancefrom the relay. As arguedabove, the
sumof neighborhoodsyntheticutilizationswithin eachof
theNk zonesis upperboundedby H . FromEquation(9),
thetotalreal-timecapacityof all nodesreportingto therelay
becomesWm (Nk H ). Substitutingfor H from Equation(30)
andmultiplying by thenumberof relaysK , weget:

CRT =
�K Nk

1 + 0:5 lnN k
W (31)

This approximateexpressionis very useful for capacity
planningaswill bedemonstratedby examplebelow. Eval-
uationshowsthattheapproximationis veryaccuratein that
(i) no deadlinesmissesare observed in our experiments
when the approximatebound is met, and (ii) missesoc-
cur very shortly after the boundis exceeded.This is true
evenin very largenetworks(in excessof 1000nodes).The
parameter� in thecapacityexpressioncanbe modi�ed as
previously describedin Section3.1.3to accountfor MAC
layerdelays.

3.3 Example: Sizing the Network

Themainadvantageof thecapacityexpressionsderivedin
theprevioussubsectionslie in theability of anapplication
developer to choosenetwork and applicationparameters
that result in schedulabilityguarantees.We illustrate this
claim by an example. Considera network of 1000nodes
and8 relaysto bedeployedsuchthat thepathlengthfrom
any nodeto the nearestrelay is 7 hopson averagebut no
morethan10hops.Let thetransmissionspeedbe50K B ps.
Furthermore,let eachnodegenerate24Bytesof sensordata
(including headers)periodically at period T. Data must
reacha relaywithin 1.5 seconds.FIFO schedulingis used
(observe that � = 1 becauseall deadlinesare the same).
It is desiredto �nd the minimum T that doesnot violate
schedulability.

Thecapacityboundderivedin this papercanbeusedto
solve this problem. Remember(from Section2) that real-
timecapacitycanbeinterpretedasaboundontheweighted
sumof messagevelocities,wherevelocity is weightedby
the messagesize. In a schedulablesystem,therecan be
at mostd1:5=Temessagesin transitfrom thesamesource,
accountingfor a total of 24d1:5=Tebytes.Thecapacityre-
quirementsof eachsourcei are thus24d1:5=Tevi , where

vi is its messagevelocity givenby theratio of thehopdis-
tanceN i (betweenthesourceandthesink)to theend-to-end
deadline. The total requirementsof all 1000 sourcesare
thus1000� 24d1:5=Te � 7=1:5 = 112; 000d1:5=Te byte-
hops/second.

The availablereal-timecapacityof thenetwork is com-
putedfrom Equation(31) to be 1 � 8 � 10 � 50; 000=(1 +
0:5 ln10) = 1859:3 Kilobyte-hops/second.For all traf�c to
beschedulable,wethushave112; 000d1:5=Te� 1859:3K ,
or d1:5=Te � 16:6. For a minimumT, andsincetheceil-
ing function hasinteger values,we have d1:5=Te = 16.
Hence,T = 93:75ms. Observe that if the �o w deadlineis
changed,theschedulablesamplingperiodmaychangetoo.
For example,if the deadlineis reducedto 150ms, follow-
ing thesamesteps,it canbeseenthat theminimumperiod
becomes150ms.

Observe that the throughputlimits of thesystemcanbe
inferred by settingthe traf�c deadlineD ! 1 . In this
case,the total capacityrequirementsof �o ws aregivenby
1000� 24dD=Te� 7=D,wheredD=Te ! D=T asD ! 1 .
Hence,traf�c capacityrequirementsbecome168000=T, in-
dependentof the deadline. (More generally, the weighted
velocityof aperiodic�o w becomesindependentof its dead-
line.) Comparingtheaggregatecapacityrequirementsto the
availablereal-timecapacity, weget168000=T � 1859:3K ,
from which the minimum period is T = 90ms. In other
words,it is (conservatively) estimatedthatsmallerperiods
maycreateunboundeddelaysthatcannotsatisfyany �nite
deadline.Hence,while our boundis derivedprimarily for
the bene�t of real-time applications,it can also be used
to reasonaboutnetwork throughputlimits in bandwidth-
constrainedsystemsof deterministicnon-real-timeperiodic
�o ws.

In general,the boundcanbe usedprior to deployment
to determinenetwork andworkloadparametersfor which
all deadlinesaremet. For example,thecapacityexpression
couldbeusedto �nd thenumberof relaysrequiredgivena
particularsamplingperiod,themaximumdistancebetween
relaysfor deadlinesto be met, the guaranteedend-to-end
datadeliverydelayfor particulartraf�c andnetwork param-
eters,the requiredradio radiusthat keepscapacityabove
traf�c requirements(observeastheradioradiusdetermines
thenumberof hops,which affectsboth the traf�c require-
mentsand the capacitybound),or simply as a feasibility
checkon a particularworkloadandnetwork con�guration
to determineif it meetstiming speci�cations. Hence,the
capacityexpressionis averyversatiletool for real-timenet-
work sizing.

3.4 PseudoPriority Inversion

Thediscussionpresentedso far assumesthatpacket trans-
mission in the neighborhoodof a receiver contendsonly
with other packets transmittedin the sameneighborhood.



In thefollowing,weshow thatthisassumptionis notalways
satis�ed. A packet duefor transmissionmight be blocked
by packetsoutsidethe neighborhoodof its receiver. This
blocking imposesadditionaldelays,hencereducingreal-
time capacity. In this section,theresultingreductionin ca-
pacityis quanti�ed.

To illustratethispoint, let usconsiderthesituationin the
wirelessnetwork depictedin Figure3. In this �gure, sender
S1 hasa packet to sendto receiver R1. SendersS2 andS3

havea packet eachfor receiverR2. In theneighborhoodof
R2, senderS2 hasthe highestpriority andshouldsendits
packet �rst. However, in the neighborhoodof R1, sender
S1 hasa higherpriority. Consequently, senderS1 transmits
�rst, therebyblocking S2. SinceS2 is blocked, the MAC
layer in theneighborhoodof R2 letsS3 sendits packet. A
conditionsimilar to priority inversionoccursin the neigh-
borhoodof R2 sinceS3 transmitsbeforeS2. Unlike true
priority inversion, this condition is not broughtaboutby
blockingonalowerpriority task.In thiscase,S2 is blocked
becauseof a higher priority sender, S1, that can transmit
concurrentlywith S3 (a situationthat hasno equivalentin
singleprocessorschedulingwherea taskthatpreemptsS2

shouldalsopreemptS3). Wecall thisconditionpseudopri-
ority inversion.

S
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R

R
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Priority

Priority
Medium

Priority
Low

(Blocked)

1

2

2

3

1

Figure 3. Priority inversion in multihop wire­
less netw orks

It canbe shown that pseudopriority inversioncancas-
cade.For example,in Figure3, S1 might be blockedby a
higherpriority senderS0 in whichcaseS2 cansendandS3

mustwait. This chaincanbe arbitrarily long. In general,
whetheror not S3 will transmitbeforeS2 may dependon
transmissionsthatarearbitrarily faraway.

To quantify the effect of pseudopriority inversionon
capacity, we include the effect of transmissionsoutside
the current neighborhoodwhen we use the stagedelay
theorem. We observe that the transmissionof a packet
to node j competesnot only with packets transmittedin
neighborhood(j ) (as it would in an ideal world) but also
with packetstransmittedoutsideneighborhood(j ) to nodes

in neighborhood(j ). We now quantify the syntheticuti-
lization of the above two components.First, the synthetic
utilization dueto packetstransmittedin neighborhood(j )
is by de�nition theneighborhoodsyntheticutilization, H j .
Second,sincenodesmostly forward received packets,the
total traf�c receivedby nodesin neighborhood(j ) is gen-
erallyequalto traf�c transmittedby thosenodes.Hencethe
syntheticutilizationof receivedtraf�c in neighborhood(j )
is equalto theneighborhoodsyntheticutilization H j . Con-
sequently, thesyntheticutilizationdueto thefractionof that
traf�c originatingoutsideneighborhood(j ) is lessthanor
equal to H j . Adding the two componentstogether, the
total syntheticutilization of traf�c that contendswith a
transmissionto nodej is no lessthan H j and no greater
than2H j . Hence,by the stagedelaytheorem,to account
for pseudopriority inversion,we replaceH j by � H j in
the derivations,where1 � � � 2. Making that substi-
tution, we eventually get a modi�ed capacityexpression,
CRT (actual) = CRT =� . In otherwords,thecapacityis at
mostreducedin half. Hence,for a loadbalancednetwork,
a conservativeboundoncapacityin thepresenceof pseudo
priority inversionis:

CRT (actual) =
n� 0

2mN
W (32)

Similarly, for the commoncaseof traf�c collectedby a
small numberof sinks, K , with a maximum source-to-
sinkhopcountNk , Equation(31) for real-timecapacitybe-
comes:

CRT (actual) =
� 0K Nk

2 + lnN k
W (33)

where� 0 � 1, asde�ned in Section3.1.3.

3.5 Cost of Load Imbalance

Finally, it is interestingto comparethe boundderived for
a load-balancednetwork, given by Equation(32), to that
derived for the data collection scenario,given by Equa-
tion (33). For brevity, let usdenotethemby C lb

RT , andCdc
RT

respectively. Thedifferencebetweenthe two is thecostof
load imbalance. Speci�cally, it is interestingto compare
thesecapacitiesfor thesamecommunicationdiameter(i.e.,
for N = Nk ). In otherwords, in both cases,we assume
the communicationpatternis 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 = Nk , we get:

C lb
RT

Cdc
RT

=
n(2 + lnN )

2K mN 2 (34)



Note that, in the above expression,n=K is numerically
equal to the numberof nodesreportingto a single relay,
which is given by the numberof nodeswithin a radiusof
N hopsaroundthe relay. Assuminguniform density, this
numberis proportionalto N 2 (thearea).Wealsoknow that
whenN = 1, thenumberof nodeswithin a singlehopra-
diusis m. Hence,thenumberof nodeswithin N hopsfrom
therelay is mN 2, from which n=K = mN 2. Substituting
in Equation(34), it is simpli�ed to yield:

C lb
RT

Cdc
RT

=
2 + lnN

2
(35)

Two pointsare interestingto observe aboutthe above ex-
pression.First, asexpected,C lb

RT � Cdc
RT . Thedifference

grows when N grows, becauseincreasingthe hop-count
from whicha sink is collectingdataonly increasestheload
imbalancecomparedto a load-balancedcaseof the same
communicationdiameter. Second,whenN = 1, the two
boundsare identical. This is becauseat this point, in the
datacollectionscenario,all senderscommunicatedirectly
with a sink, originating 1=m of the neighborhoodtraf�c.
Hence,the load is balanced. Equation(35 quanti�es the
capacityreductiondueto loadimbalance.

4 Evaluation

We implementeda simulatorto studythecapacityof wire-
lesssensornetworks. The simulatorconstructsa network
of sensornodesof a user-speci�ed sizein a perturbedgrid
structure. The radio layer is implementedasa simpli�ed
disk modelof a speci�ed radius(range).Thesinksaredis-
tributeduniformly acrossthenetwork. We generatedtraf�c
ateachnon-sinknodesuchthateachpacketwasassigneda
deadlineat randomfrom apreselectedset.All packetswere
sentto theirnearestsink. Packetcontentionwasresolvedin
priority order. Only thosenodeswereallowed to transmit
who werenot within the radio rangeof anothernodethat
wasalreadyscheduledto receive a transmission.Ties be-
tweensimultaneouslyarriving samepriority packetswere
brokenat random.We implementeda shortestpathrouting
schemein which the neighboringnodenearestto the sink
waschosenasthenext hop. If this nodewasblockeddue
to anothertransmission,the packet wasnot scheduledun-
til that transmissionwasover. TheMAC layer implements
deadlinemonotonicschedulingfor mediumarbitration.

All packetswerechecked for deadlinemisses.If there
wasamiss,theactualcapacityconsumptionof all in-transit
traf�c wascomputedby multiplying eachin-transitpacket
by the traversedhopcountandnormalizingby theend-to-
enddeadline.Eachrunwasrepeated50timeswith different
randomizedworkloads. The minimum capacityconsump-
tion atwhicha deadlinemissoccurredwasrecorded.

Figure4 andFigure5 show the effect of increasingthe
radioradius,shown on thetophorizontalaxis,on real-time

capacityin a network of 800nodesand1600nodesrespec-
tively. Observe that increasingthe radio radius also in-
creasesthe neighborhoodsize (i.e., the numberof nodes
within the radio range),shown on the bottom horizontal
axis. Thenumberof sinkswaskeptat 12. Thelower curve
in both �gures is the analytic capacitybound computed
from Equation(33). This equationaccountsfor priority in-
version. Parameters� 0 andW aresetto 1. The top curve
shows the minimum consumedcapacityat which deadline
misseswereobserved in simulations.Note the very close
matchbetweensimulationandanalyticpredictioneven at
very large network sizes. As expected,capacitydecreases
with increasingradioradiusbecausefewerconcurrenttrans-
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 and1600nodesrespectively, this time vary-
ing the numberof sinks. The radio rangeis kept constant
at a neighborhoodsizeof 12nodes.As before,a veryclose
matchis observedbetweensimulationandanalysis.Capac-
ity grows with thenumberof sinksbecausedatacollection
bottlenecksarealleviated.

Finally, Figure 8 shows the sharpincreasein the miss
ratio in a network of 800 nodesthat occurswhen capac-
ity is exceeded. In this curve, the network workload is
increasedpastthe capacitybound. The miss ratio is then
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Figure 6. Effect of the number of sinks, 800
nodes
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Figure 7. Effect of the number of sinks, 1600
nodes

plottedagainstthe capacityrequirementsof the workload
shown on thehorizontalaxis. Eachpoint in the �gure cor-
respondsto a single experiment. Two setsof datapoints
areshown for two differentradiorangesthatcorrespondto
neighborhoodsof 12nodesand24nodesrespectively. From
Figure4, we canseethatthecapacityboundsfor thesetwo
casesarearound13and12 respectively. Themissratiobe-
comesnon-zeroshortlyaftertheseboundsareexceededand
increasessharplysoonthereafter.

5 RelatedWork

Thework describedin this paperleveragespreviousresults
in aperiodicschedulabilitybounds.The �rst syntheticuti-
lizationboundfor �x edpriority schedulingof aperidictasks
wasderivedby theauthorsin [5]. This resultwaslaterex-
tendedit to multiprocessorscheduling[2], taskswith re-
sourcerequirements[3], and real-timedatapipelines[4].
Thispaperis the�rst extensionof theseresultsto therealm
of sensornetworks.

While several otherutilization boundswerereportedin
previousliterature,suchas[13, 12, 18, 9, 21, 7, 16, 15, 14],
they werecon�ned to variationsof theperiodictaskmodel
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andhenceareinapplicablein our case.Thepriority inver-
sionproblemdueto blockingwasaddressedin [19], propos-
ing modi�cations to schedulabilitytestsusing the priority
ceiling protocols. It would be interestingto derive MAC
layerprotocolsthatminimizetheimpactof psuedopriority
inversionon real-timecapacity.

Theresultsderivedin thispaperassumeapriority-aware
MAC protocol. Therehave beenseveral MAC protocols
which provide differentiatedservicesin wirelessnetworks.
In [8], an implicit prioritized MAC protocol for wireless
sensornetworkshasbeenpresentedwith sevenfrequencies
for transmissionto avoid channelinterference. In [22], a
black-burstschemeis proposedthatprovidesreal-timeac-
cessto CSMA wirelessnetworks. This schemeis usedin
[20] to providedifferentiatedservicesat theMAC layer. In
[24], a MAC protocolfor supportingdeterministicQoSin
wirelesslocal areanetworks is presented.In [23], narrow
bandbusytone(BT) signalsareusedto dopriority schedul-
ing at theMAC layer. A protocolwhich usesdifferentval-
uesof contentionwindow for differentclassesis presented
in [6]. Similar contention-window-basedschemesarepre-
sentedin [1]. A dynamictime-divisionduplexedschemeis
presentedin [10]. While mostprioritization schemesrain
probabilistic,somedegreeof servicedifferentiationis gen-
erallypossible.

In our future work, we shall study the effectsof MAC
layerssuchastheaboveoncapacityboundsfor sensornet-
works. Observe that this is analogousto studyingthe ef-
fects of schedulingpolicies on task schedulabilitycondi-
tions.Theresultshouldbeabodyof knowledgefor reason-
ing aboutreal-timeconstraintsin mission-criticalwireless
network applications.

6 Conclusions

This paperpresentedthe �rst expressionsfor real-timeca-
pacityof asensornetwork. We deriveasuf�cient condition
for schedulabilityunder�x ed-priorityschedulingwhichal-
lowscapacityplanningto beemployedprior to deployment
suchthat real-timerequirementsaremet at run-time. The



boundis derivedfor loadbalancednetworks,aswell asnet-
works whereall traf�c congregatesat a numberof sinks.
The effects of various MAC-layer multiplexing schemes
suchastime-division multiplexing andfrequency-division
multiplexing arediscussed.A problemsimilar to priority
inversionis presentedandits effect on capacityis approx-
imatelyquanti�ed. Thecapacityexpressionsareevaluated
in simulation. It is shown that deadlinesarenever missed
whenthe network capacityboundis not exceeded.When
thetraf�c requirementsexceedthecapacityboundby some
margin, deadlinemisseswere observed. This simulation
validatesthe resultsandshows that capacityplanningcan
be performedsafely using the derived bounds. We hope
this paperwill serve asan initial steptowardsdeveloping
a morecompletebody of literatureon schedulabilityin ad
hocwirelessenvironments.Extensionsmayincludeinvesti-
gatingvariabledensitynetworks,realisticMAC-layers,and
effectsof energy constraintsto namea few.
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