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Abstract

SynchronousData Flow (SDF)is a well-knownmodelof com-
putationthat is widelyusedin thecontrol engineeringanddig-
ital signal processingdomains. Existingschedulingmethods
aremainlystaticapproachesthatassumefull knowledgeof the
environment,e.g. dataarrival times. In a growing numberof
practical caseslike internetmultimediaapplicationsthere ex-
ists only partial knowledge of the environment,e.g. average
data rates. Here, only dynamicschedulingcan yield optimal
results. In this paper, we proposea new dynamicscheduling
methodthat minimizesthe maximalresponsetime of the sys-
tem. It is a generalization of a deadlinerevision methodto
allow treatmentof data-dependenttasksusingEDF schedul-
ing. Theapplicabilityandbenefitof thenew approach is shown
usinga real-worldexample.

1 Intr oduction

SynchronousData Flow (SDF)[6] is a well-known model of
computationthat is widely usedin thecontrolengineeringand
digital signalprocessingdomains.Therepresentationof anap-
plication asa setof actors(or processes)communicatingvia
buffersexpressesexplicitly thedegreeof parallelismin thesys-
tem. Thereis a very soundunderstandingof the theory and
a lot of methodsfor analysisandschedulinghave beendevel-
oped.Thisalsoshows in a widevarietyof designtoolsthatare
basedon SDF, e.g. COSSAPby Synopsys,SPWby Cadence
Alta or DSPDesignStationby MentorGraphics.

SDFgraphsallow anarbitraryorderof actor(process)ex-
ecutionsonly subjectto the availability of input data. This
propertycanbeexploitedfor throughputand/orbuffer sizeop-
timization. Assuminginfinite input streams(e.g. storedin a
buffer) or input with exactly predictabletiming, suchasperi-
odic input,optimality canevenbereachedwith staticschedul-
ing, i. e.astaticorderof processexecutions.Thus,thestaticim-
plementationmethodsassumeeitherlarge,costlyinput buffers
or a completeknowledgeof the environmentwith exact data
arrival times.

In many importantembeddedapplications,input dataar-
rive in a non-periodicsequence.Prominentexamplesareburst
modesandpacket basedtransmission,suchas in automotive�
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(CAN bus) or internet-basedapplications. In both cases,the
transportmediumlacks real-timecharacteristicsto guarantee
exacttiming. Underthesecircumstances,a staticorderof pro-
cessexecutionscannotprovideoptimalsolutions.
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Figure1: Example SDF graph with uncertain envir onment
information
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Figure 2: Gantt charts for SDF graph of Fig. 1 for static
(top) and dynamic (bottom) scheduling

Fig. 1 shows a very simple examplewith threeactorsto
demonstratethe possibleshortcomingsof staticschedulingof
SDF graphswhen the environment information is uncertain.
The input tokensarrive at both inputsevery 40 time units on
theaveragebut have a jitter of 5 and8 time units,respectively.
For a staticschedule,the executionorderof actorsA1 andA2

is fixed off-line. Thus,an unfavorablesituation(input for A1

is late and for A2 early) asdepictedin the top Ganttchartof
Fig. 2 canarisethat thesystemwaitson an input tokenfor A1

althoughA2 is readyto execute.Usingdynamicscheduling,the
executionorderof theactorsis only partiallyfixedaccordingto
the datadependenciesandthe early arrival of the input token
for A2 canbe usedto minimize the responsetime (seelower
Ganttchartin Fig. 2).

As theexampleshows,dynamicschedulingof SDFgraphs
is preferablefor uncertainenvironments.Hereandin the fol-
lowing, we assumethat the actorsare sufficiently large pro-



cesses,otherwisetheadvantagewill bespoiltby context switch
overhead.

Other� thanstaticprocessordering,dynamicschedulingal-
gorithmsarevery sensitive to theoptimizationgoals.It is easy
to obtainmaximumthroughputfor SDFgraphsby simply exe-
cutingany activatedprocesswith sufficient input data. In this
case,we utilize the SDF propertyof an arbitraryprocessse-
quence. If more thanoneprocessis activated,which is typi-
cal for SDF systems,thenwe have a choicewhich processto
execute.This choicecanbeusedto optimizefor a secondop-
timizationgoal, i. e. buffer sizeminimizationor responsetime
optimization.In this work, we focuson optimizingtheguaran-
teedsystemresponsetime. Applicationsare(interactive) mul-
timediasystemsandany kind of control engineeringapplica-
tion which requiresa strict upperboundon their latenciesor
responsetimes,suchasin automotivesystems.

Thereis a lot of expertisein thefield of dynamicschedul-
ing to guaranteedeadlinesor minimizeresponsetimes,but the
algorithmsarenot applicableto SDFgraphssincethey assume
acyclic single-rateprocesssystems.To thebestof our knowl-
edge,therearenodynamicschedulingmethodologiesthatsup-
port multi-rateandcyclic datadependencies,two key features
of SDF graphs.Thus,we proposea new methodfor dynamic
schedulingof SDFgraphs.

Ourapproachis ageneralizationof a methodby Blazewicz
[2] who showed how to revise deadlinesof taskwith general
precedenceconstraintssuchthat earliestdeadlinefirst (EDF)
schedulingyields minimal responsetimes. While the origi-
nalmethodonly supportsprecedenceconstraintsbetweentasks
with the sameexecutionrate,we extendthe methodto cover
multi-ratedatadependenciesandcyclesin thegraphstructure.
The main advantageof our approachis to reducethe worst
casesystemresponsetime in comparisonwith existing static
approaches.

The rest of the paperis organizedas follows. After an
overview of relatedwork, the problemto be solved is defined
in Section3. In Section4, Blazewicz’s methodaswell asour
extensionsarepresentedandexplainedusingsimpleexamples.
Our approachis demonstratedusinga real-world autonomous
vehiclecontrollerin Section5. Thepaperendswith a conclu-
sionabouttheapplicabilityof our approachandanoutlookon
furtherwork.

2 RelatedWork

SynchronousData Flow (SDF)[6] is a well-known model of
computationthat is widely usedin thecontrolengineeringand
digital signalprocessingdomains. Thereis a very soundun-
derstandingof thetheoryanda lot of methodsfor analysisand
schedulinghave beendeveloped. Lee andMesserschmitt[5]
presentmethodsfor checkingfor the existenceof a bounded
memoryscheduleandproposealgorithmsfor schedulingSDF
graphson uni- and multi-processors. Ha and Lee [4] ex-
tend thesealgorithmsfor actorswith data-dependentexecu-
tion times. Furthermore,thereare several extensionsof the
SDFmodelof computationwith respectto data-dependentdata
movement,e.g. BooleanDataFlow [3].

In contrastto SDF relatedmethodsthat are mostly per-
formedat compile-timeandrequirefull knowledgeof the en-
vironment,dynamicschedulingmethodsareperformedat run-
time andarewidely usedin thecontext of real-timeoperating
systems.A very goodoverview of standarddynamicschedul-
ing methodsis givenby Stankovic et.al. in [9]. While thestan-
dardapproacheslikeEDFandRMSaremostlyrestrictedto in-
dependenttasks,extensionsto handledatadependencieshave
beenmadeby Blazewicz [2] for EDFandby YenandWolf [11]
for staticpriority preemptivemethods.Thelatterapproachhas
beenextendedby Pop,ElesandPeng[8] to cover control de-
pendencies.

3 ProblemFormulation

Thesystemto bescheduledis givenasanSDFgraph[6]. This
is adirectedgraphwith nodes,calledactors,representingcom-
putationsandedgesrepresentingdatacommunicationvia un-
boundedFIFO buffersthatmayhave a numberof preassigned
tokensd̂ calleddelays.An actorA hasanassociatedfiring rule
that allows executiononly whenthereis sufficient input data
availableon its incomingedges.At eachexecutionit consumes
(blockingread)andproduces(non-blockingwrite) afixednum-
ber of data tokens, r and s respectively, on their connected
edges. EachactorA hasa worst-caseexecutionlatency latA.
Thegraphalsohasexternalinputsandoutputsthroughwhich
datatokensarereceivedfrom theenvironmentandsentto the
environment,respectively.

Besidesthesystem,thedescriptionof theproblemalsohas
to include the environment. In the context of this paper, we
assumethateachinputof theSDFgraphhasanassociatedinput
datarate.An inputdatarateis describedby two parameters:� the meanperiod T̄

The meanperiodis the averagetime betweenthe arrival
of two consecutivedatatokensat thecorrespondinginput
of thesystem.� the jitter j
The jitter definesthe maximumtime differencebetween
theactualarrivalof adatatokenanditsarrivalaccordingto
themeanperiod. If the jitter intervalsoverlapwe assume
thatthedatatokensarrive in thecorrectorder.

For example,at an input with anassociatedinput datarate
characterizedby T̄ � 40 and j � 5 tokensarriveevery 40 time
unitson theaveragebut maybe5 time units ”late” or ”early”.
Bothparametersrepresenttheaveragebehavior of theenviron-
mentand the boundsin which this behavior may vary. Note
that the jitter hasno direct influenceon theproposedschedul-
ing methodbut ontheachievedgaincomparedto existingstatic
methods,sincezerojitter standsfor completeknowledgeof the
environmentfor which staticmethodsyield optimal resultsas
well.

Well-formedSDF graphsanda ”correct” environmentare
assumed,i. e. the ratio of two input meanperiodshas to be
equalto the ratio of the executionratesof the actorsthat are



connectedto the correspondinginputs. Otherwise,thesystem
is ill-formed andtheinputbuffersarenot bounded.

The� proposedschedulingmethodmapstheSDFgraphonto
auniprocessorwith thegoalto minimizetheguaranteedoverall
responsetimeof thesystem.

4 ResponseTime Optimization

In this section, the proposedapproachis presentedand ex-
plainedusing simple examples. After an introductionof the
schedulingmethodby Blazewicz on which the approachis
based,the extensionsto cover multi-rate and cyclic datade-
pendenciesarepresented.

4.1 Blazewicz’s Algorithm

A widely usedpreemptive schedulingalgorithmis theearliest
deadlinefirst (EDF) schedulingpolicy thatassignsthehighest
priority to the taskwith theminimumremainingtime until its
deadline.Liu andLayland[7] showedthatEDF schedulingis
optimalandalwaysachievesfull processorutilization for inde-
pendenttasks.

Sinceanessentialfeatureof SDFgraphsis thepresenceof
datadependenciesbetweenactorsthesimpleEDFpolicy is not
applicablefor our goal. However, Blazewicz [2] proposedan
optimalmethodhow to adjustdeadlinesandstarttimesfor de-
pendenttaskssuchthatprecedenceconstraintsareencodedin
thereviseddeadlines.Then,thesetaskscanbescheduledusing
the simpleEDF policy suchthat the overall systemresponse
time is minimized. According to Blazewicz, the deadlinesdi

andstarttimesai haveto berevisedasfollows:

d �i � min 	 di 
 min � d �j � latA j ; Ai 
 A j ���
startingfrom taskswith no successorandprocessingstepby
stepall taskswith their successorsalreadybeenprocessed

a�i � max	 ai 
 max� a� j � latA j ; A j 
 Ai ���
startingfrom taskswith no predecessorandprocessingstepby
stepall taskswith their predecessorsalreadybeenprocessed.

Therevisedstarttimesensurethatno taskwill beexecuted
too earlyandviolateany precedenceconstraints,e.g. prevent-
ing a taskfrom readinga valueout of sharedmemorybefore
it is updated.However, start timesdo not have to be consid-
eredfor the schedulingof SDF graphs,sincethe precedence
constraintsin SDF graphsare datadependencieswith block-
ing reads,i. e. no actor is able to executebeforeall its input
datais present(asrequiredby the firing rules)andthusall its
datadependenciesareobserved. Thus, in the following only
Blazewicz’s methodfor revision of deadlinesis extendedal-
thoughtheideasarevalid for theadaptionof starttimes,too.

Sinceour goal is to minimize the guaranteedoverall sys-
tem responsetime, thereare no explicit task deadlinesspec-
ified. Thus at first sight, EDF which assignspriorities only
basedon deadlinesseemsnot to be applicableat all. But not
the absolutevalueof its deadlineis importantfor the priority

assignmentof a taskbut therelative valuein comparisonwith
thedeadlinesof theothertasks.Sincerelativedeadlinesareob-
tainedby performingBlazewicz’s method,EDF is applicable
for our problem. In orderto obtainmeaningfulvaluesfor the
deadlines,we initialize thedeadlinesof all actorsconnectedto
outputsto bethedurationof onemeanmacroperiod.Thedura-
tion of ameanmacroperiodT̄macrocanbeeasilydeterminedby
multiplying themeanperiodfor oneinput with thenumberof
executionspermacroperiodq of theactorconnectedto this in-
put(T̄macro � T̄i � qi). Thedeterminationof q is shown in section
4.2.

Using the examplesystemdepictedin Fig. 1, Blazewicz’s
deadlinerevision is explainedin the following. The deadline
of A3 is initialized to d3 � T̄macro � 40. Then,A2’s deadline
is determinedasd2 � min � ∞ 
�� 40 � 15����� 25. Sincethe de-
pendenciesof A1 andA2 with respectto A3 are the same,d1

evaluatesto 25aswell. Thus,actorsA1 andA2 areon thesame
priority level, i. e. theorderof executiondependson theorder
of their respective incomingdatatokens. In the examplesitu-
ation depictedin the bottomGanttchart in Fig. 2, A2’s input
dataarrivesbeforeA1’s. This resultsfor the EDF schedulein
theexecutionorderA2A1A3.

Blazewicz’s algorithmis targetedfor taskgraphswith gen-
eral precedenceconstraints.However, multi-ratedatadepen-
denciesas they are commonin SDF graphsare not covered.
Furthermore,the formulation of the deadlinerevision proce-
dure doesnot allow cycles, also a commonfeatureof SDF
graphs.In thefollowingsubsections,extensionsof Blazewicz’s
algorithm are proposedto cover multi-rate dependenciesas
well ascycles.
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Figure 3: Example for a graph with a multi-rate data de-
pendency

4.2 Multi-Rate Extension

Thebasicideaof theextensionof Blazewicz’smethodto cover
multi-ratedatadependenciesis that for eachmulti-rategraph
thereexists an equivalent single-rategraph that can be con-
structedby unfoldingthegraph[1] for thedurationof a macro
period.A macroperiodis thetimein whichtheSDFgraphafter
a seriesof actorexecutionsagainreachesits initial state.The
constructedsingle-rategraphhasa nodefor eachinstanceof
anactorin themacroperiodandsingle-ratedatadependencies
betweenthem. Sincethereareonly single-ratedependencies,



performingBlazewicz’s methodon this unfoldedgraphyields
optimaldeadlinesfor eachactorinstance.Thus,optimality can
still be guaranteedfor graphswith multi-rate datadependen-
cies.

For the examplesystemof Fig. 3a), a macroperiodcon-
sistsof threeexecutionsof actorA1 andtwo executionsof ac-
tor A2. The correspondingunfoldedsingle-rategraphis de-
picted in Fig. 3b). Note that the multi-rate datadependency
hasbeentransformedinto six single-ratedependencies.Addi-
tionally, precedenceconstraintsbetweendifferentinstancesof
thesameactorhave beenintroducedwhich ensurethat thekth
instanceof anactoris executedbeforeits � k � 1� th instance.

To avoid the possibly computationallyintensive explicit
constructionof this unfolded graph, we extend Blazewicz’s
deadlinerevision formula to cover all actor instancesin an
macroperiod.This canbedividedinto two subproblems:� Find number of instancesof eachactor per macro pe-

riod
This wassolved by Lee andMesserschmittin [5]. They
createa topologymatrix Γ thathasa columnfor eachac-
tor andarow for eachedgein thegraph.The � j 
 i � th entry
in thematrix denotesthenumberof datatokensproduced
by actorAi onedgeej perexecution.If actorAi consumes
tokensfrom edgeej , theentry is negative,andif Ai is not
connectedto ej , theentry is zero. By solvingΓ �q � �0 for
executionnumbervector �q with �0 beinga vector full of
zeros,the numberof instancesqi � � 1 
 2 
 3 
������ � for each
actor Ai per macroperiod is obtained. In the following
formulas,we usefor eachactorAi themaximuminstance
index in amacroperiodkmax� i � � 0 
 1 
 2 
������ � whichis com-
putedby qi � 1. For theexamplein Fig. 3, this evaluates
to kmax� 1 � q1 � 1 � 3 � 1 � 2 andkmax� 2 � 2 � 1 � 1.� Find dependentinstancesfor eachmulti-rate data de-
pendency
A single-ratedatadependency from actorAi to actorA j di-
rectlydefinesthatthekth instanceof A j hasto bepreceded
by thekth instanceof Ai . d̂ delaysontheedgerepresenting
this datadependency result in a dependency betweenthe� k � d̂ � th instanceof A j andthekth instanceof Ai (in the
following denotedasAk

i ). However, for a multi-ratedata
dependency from actorAi to actorA j , severalinstancesof
actorA j may dependon the sameinstanceof Ai or one
instanceof A j may dependon several instancesof actor
Ai . For thedeterminationof thesedependencies,theinput
andoutputdataratessi � j andr i � j aswell asthenumberof
delaysd̂i � j on the edgeconnectingthe actorshave to be
considered.

For the derivationof the deadlinefor the ki th instanceof
actor Ai , the first instanceof actor A j that is dependent

on the executionof Aki
i has to be determined. Thus, it

hasto hold thatAki
i producesthelasttokenneededfor the

executionof instanceA
kj
j , i. e. the correctinstanceindex

is thesmallestvalueof k j � � 0 thatsatisfiesthefollowing

expression

ki � si j � d̂i j !"� k j � 1� r i j

wheretheleft sidedenotesthenumberof tokensproduced
by Ai beforethe ki th instance,including delays,and the
right sidedenotesthe numberof tokensreadby A j after
thek j th instance.Solvingfor k j leadsto

k j # ki � si j � d̂i j

r i j
� 1

Thesmallestk j which meetsthis inequationis

k j � $ ki � si j � d̂i j

r i j %
Thus,thedeadlinedki

i of the ki th instanceof actorAi de-

pendson the & ki ' si j ( d̂i j
r i j ) th instanceof actorA j .

Delayson a datadependency may leadto a dependency
on aninstancethatis partof ahighermacroperiod.Since
deadlinesareonly determinedfor instancesin onemacro
period, the deadlineof a higher macro period instance
evaluatesto

dk
j � d

k * q j
j �,+ k

q j - � T̄macro for k . qi

Additionally, the precedenceconstraints between in-
stancesof thesameactorhave to beconsidered.This re-
sultsin thefollowing expression

dk
i / dk( 1

i � latAi

thatfollowsBlazewicz’smethodfor deadlinerevisionand
ensuresthat the kth instanceis executedbeforethe � k �
1� th instanceof actorA.

Altogether, this resultsin the modified formula for dead-
line revision that is depictedin Fig. 4 andhasto becomputed
for all actor instancesAk

i in one macroperiod starting from
actorswith no successorsand from k � kmax� i downto k � 0.
This formula can be seenas a generalizationof Blazewicz’s
formula sinceit yields the sameresultsfor single-rateprece-
denceconstraintsandtreatsmulti-rateconstraintsjust astheir
correspondingsingle-rateconstraints.

For theexamplein Fig. 3, thedeadlineof the last instance
of A2 is initialized to d1

2 � T̄1 � q1 � 40 � 3 � 120. Accord-
ing to the modified formula the other deadlined0

2 is set to
d0

2 � d1
2 � latA2 � 110. Having evaluatedthe deadlinesof the

last actor A2 now the deadlinesof A1 have to be calculated.
To obtain the deadlined2

1, one has to determinethe corre-

spondingd
kj
2 which is k j �10 2 ' 2( 0

3 2 � 1. Thus d2
1 resultsin

d2
1 � min 	 ∞ 
 d1

2 � latA2 � � 110.Similarly, theotherdeadlines
of A1 aresetto d1

1 � 100andd0
1 � 95.



dk
i � min 34 5 dk

i 
 dk( 1
i � latAi 
 min 34 5 d 6 k 7 si j 8 d̂i j

ri j 9
j � latA j ; Ai 
 A j : ;< : ;<

startingfrom actorswith no successorsandwith falling k.

Figure4: Modified deadlinerevision formula

4.3 Cycle Extension

In its original formulation,Blazewicz’s methoddoesnot con-
sidercyclesof precedenceconstraints.This is well understand-
able, sincefor generalprecedenceconstraintsa cycle would
obviously resultin a deadlock.But for precedenceconstraints
originatingfrom SDFdatadependencies,cyclesaremeaningful
dueto theconceptof delays.

As alreadyshown above, delayscausea datadependency
to result in a precedenceconstraintrangingto a later instance
of thereceiving actor. Delaysarealreadycoveredby themulti-
rateextensionabove,but cyclescannot betreated.This is due
to the formulation of Blazewicz’s algorithm that requiresall
deadlinesof successingactorsto beknown for thedetermina-
tion of an actor’s deadlinewhich is impossiblefor actorsin a
cycle. Again, Blazewicz’s ideaholdsalso for cyclic datade-
pendencies,the restrictionis only basedon theformulationof
thealgorithm.

The solution is to usean algorithmthat iteratively propa-
gatesandupdatesthe reviseddeadlinesaccordingto themod-
ified deadlinerevision formula until no changesoccur. This
algorithmis depictedbelow:

Dirty:= = A1 >@?@?@?A> AN B
while Dirty CD /0=
choose Ai E Dirty=
for all k from kmaxF i downto 0=

dTemp: D dk
i

dk
i
D ?A?@? (formula of Fig. 4)

if dTemp CD dk
i

then Dirty G D Predecessor(Ai)
if latAi H dk

i then break
DELAY FAILUREBBB

The set Dirty containsall processesthat still have to
be processed.Whenever the deadlineof an actor instanceis
changed,all direct predecessorsareaddedto the Dirty set,
sincethe changeddeadlinemight alsoeffect the deadlinesof
their instances. This is doneuntil the set Dirty is empty,
i. e. no changesoccurred. In caseof insufficient delaysin a
cycle, which is a sign of an ill-formed SDF graphthat would
deadlock,thealgorithmdoesnot terminate,if thebreakcondi-
tion lati # dk

i , i. e. thedeadlineis tooearlyto befulfilled, is not
introduced.Togetherwith this breakcondition,the algorithm

is guaranteedto terminatesincethe deadlinesmonotonically
decreasedueto themin-operator.
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Figure5: ExampleSDF graph with cycle

Thealgorithmis demonstratedusingthesimpleexampleof
Fig. 5. Thedeadlineof actorA2, beinganactorconnectedto an
output,is initializedwith d0

2 � T̄macro � 40. Next thedeadline
of A1 is calculatedasd0

1 � d0
2 � latA2 � 30. The deadlined0

3
correspondswith k j � 0 0 ' 1( 1

1 2 � 1 andd1
1 � d1 * 1

1 � 0 11 2 � 40 �
70 to d0

3 � 70 � 5 � 65. After this it hasto be checked if the
new deadlineof A3 modifiesthe deadlineof A2. Becaused0

2
is determinedasd0

2 � min � 40
 65 � 15�I� 40 it is not changed
andthealgorithmterminates.

5 Example

In this section,we apply our methodto a real-life automotive
applicationexample, the obstaclerecognitionpart of an au-
tonomousvehiclecontrollerfor testtracks[10] shown in Fig.6.
Theinputdatafor theobjectrecognitionsystemis providedby
five sensors(3 laserscanners,1 radarsensor, 1 stereovision
sensor)thatoperateasynchronouslyandtransmittheiracquired
datavia severalCAN busesto thesystem.Theactorsconnected
to eachinput performtheseparaterecognitionof objects.The
actorcalledobjectcorrelationdecideswhich objectsfrom dif-
ferent sensorsrepresentin fact the sameobstacle. Oncethe
objectsarematched,they arecombinedby actorsProbability
EstimationandKalmanFilter andthensentto the pathplan-
ningmodule.

Fig. 7 shows Gantt chartsfor both a static schedulewith
off-line fixedexecutionorderof actors(top)andfor aschedule
obtainedby our proposedschedulingmethod(bottom). The
arrows denotedeviationsof incomingdatafrom their average
arrival time representedasweakverticallines. Thesolid verti-
cal linesin thebottomGanttchartdenotethereviseddeadlines
for therespectiveactors.TheGanttchartsshow how thestatic
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Figure 6: Obstaclerecognitionpart of autonomousvehicle
controller

schedulehas to wait for the delayedinput coming from the
radarsensorwhile thedynamicschedulealreadyexecutesob-
ject recognitionfor thevision sensoranda laserscanner. This
resultsin a 15%lowersystemresponsetime.

6 Conclusion

Weproposedanew dynamicschedulingalgorithmfor SDFsys-
temswith uncertaininput arrival times that utilizes the Kahn
graph propertiesof SDF to optimize guaranteedsystemre-
sponsetimes while keepingmaximum throughput. The ap-
proachis basedon an existing deadlinerevision methodthat
enablesEDF schedulingfor taskswith single-ratedatadepen-
denciesandgeneralizesthis methodfor SDFgraphsby allow-
ing multi-rateandcyclic datadependencies.

In anautomotiveapplicationexamplefeaturingaCAN field
bus as the main sourcefor a jittered signal arrival time, the
proposedapproachyields 15% lower responsetimes. Highly
dynamicenvironmentsusing internetcommunicationlinks or
buseswith burst-modesarelikely to show evenhighergains.
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