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Abstract

Complex embeddedsystemsconsist of hardware and software
componentsfrom different domains,such as control and signal
processing, manyof themsuppliedby different IP vendors. The
embeddedsystemdesignerfacesthe challenge to integrate, opti-
mizeand verify the resultingheterogeneoussystems.While for-
mal verification is available for somesubproblems,the analysis
of the wholesystemis currently limited to simulationor emula-
tion. In this paper, wetackle theanalysisof global resourceshar-
ing, scheduling, andbuffer sizingin heterogeneousembeddedsys-
tems.For manypractically usedpreemptiveand non-preemptive
hardware and software schedulingalgorithmsof processors and
busses,semi-formalanalysistechniquesareknown.However, they
cannotbeusedin systemlevelanalysisdueto incompatibilitiesof
their underlyingeventmodels.Thispaperpresentsa techniqueto
coupletheanalysisof local schedulingstrategiesvia an eventin-
terfacemodel. We derivetransformationrules betweenthe most
importanteventmodelsand provide proofswhere necessary. We
useexpressiveexamplesto illustratetheir application.

1. Introduction

With increasingembeddedsystemcomplexity, thereis a trendto-
wardsheterogeneousarchitectures.Automotive systemsarecom-
posedof differentprocessorsrunningdistributedfunctionswith re-
active or transformative behavior undertheOSEK[16] operating
system.Bussesandprocessorsrun differentresourcesharingpro-
tocols,suchastime sharing(TTP [10]) or packet communication
(CAN [17]) andstaticor dynamicpriority processorscheduling.
Multimedia devices, suchas set-topboxes, run telecommunica-
tion protocols,codingandsignalprocessingfunctionson hetero-
geneousmultiprocessorswith hardwiredor weaklyprogrammable
coprocessorsandcomplex memoryarchitectures.Thesearejust
two of many similar examples. In all cases,systemconstraints,
systemoptimization,andreuseof hardware andsoftware IP are
themainsourcesof heterogeneity.

Global analysisof suchheterogeneoussystemsis a challenge
and is currently limited to simulation approaches,such as in
VCC [3], or Seamless[15]. Theknown limitationsof simulation
suchasincompletecoverageandcornercaseidentificationareag-
gravatedsincemany of thedesignerrorsonly resultfrom system
integrationrequiringdetailedknowledgewhich is oftennot avail-
ableto theintegrator.

Theanalysisproblemcanbedividedin theanalysisof thesys-
temfunctionalityandtheanalysisof thetiming andresourceshar-
ing of a systemimplementationon a specifichardware-software
platform. In this paper, we focuson the relatedissuesof system
timing andresourcesharing.

Take an automotive bus which is usedby many systemfunc-
tions from many suppliers. Bus load, buffer memory require-
ment,andresponsetime analysisareamongthe major problems
requiringcomponentknowledgeat integrationtime. By sharing
a commonresource,previously unrelatedsystemfunctionsinflu-
enceeachotherstiming. Addingor removing subsystemschanges
timing andresourcerequirements.Sincetiming typically is acen-
tral quality andcostfactor(deadtimesin controlengineering,jit-
ter in multi-media,buffer sizes,...),systemanalysismustiteratein
designspaceexplorationandsystemconfiguration.To reducein-
tegrationproblems,peopleresortto fixedtime-sliceTDMA proto-
cols(e.g. TTP) without prioritieswhich arenot resourceefficient
andhardlyscaleto largersystems.With increasinglevelsof inte-
grationandextensionof the IP business,we will seethis typeof
problemsarriving at all heterogeneoussystemsincludingSoCs.

Many of thecritical integrationproblems,suchasbuffer mem-
ory analysisand responsetime analysiscould potentially be re-
solvedby a formal globalanalysisif theknown approachesto lo-
cal subsystemanalysiscould be combinedwithout running into
theproblemof statespaceexplosion.Statespaceexplosionwould
almostinevitably emergewhentrying to analyzedetailedsystem
functionality, e.g. of acar, if this informationwereavailableatall.

Targetsystemtiming analysiscanbedividedin two parts:anal-
ysisof asingleprocessexecutedonatargetsystemcomponentand
analysisof resourcesharingeffectsgivenprocessexecutiontimes.
For the first task,therearemany recentcontributionscombining
implicit or explicit programpathanalysisandcycle-trueproces-
sor modeling,suchas [13, 5, 22, 9]. In addition, processcom-
municationcan be determinedto analyzecommunicationchan-
nel load and timing [22]. For the secondtask, there is a huge
amountof work, mainly in thedomainof real-timeoperatingsys-
tems. In almostall approaches,however, homogeneousresource
sharingstrategiesareassumedin literature.Thereareveryfew ex-
ceptionswhich considerspecialcases,suchas[18] analyzingre-
sponsetimesfor staticpriority processschedulingcombinedwith
a TDMA busprotocol.

Onereasonfor this lack of globalmodelsareincompatibilities
of the input event models. An input event model describesthe



frequency andtypeof inputeventsthatleadto processor commu-
nicationexecution. In effect, the input eventsdeterminethesys-
tem workload. Resourcesharinganalysistechniques,therefore,
typically assumecertaininput eventmodels.Thesystemdesigner
candeliberatelyenforceaneventmodelfor a certaincomponent,
e.g. by time triggering,to enablea certainresourcesharingstrat-
egy or to obtainpredictablesystemtiming. This increasesbuffer
cost and responsetimes. Our automotive applicationis a good
example.

The importanceof transitionsbetweendifferentevent models
hasbeenwidely neglectedin literature.In general,globalhetero-
geneoussystemanalysisis currentlynotpossiblesincetherespec-
tive local analysistechniquesuseincompatibleevent models. In
this paper, we introducea techniqueto globally analyzecoupled
local resourcesharingstrategiesusingan event streaminterface
model.

The paperis organizedas follows: In Section2, we analyze
andthenclassify the event modelstypically usedfor analysisof
widely usedresourcesharingstrategies.An eventstreaminterface
modelandinterfacefunctionswhichallow to representtiming and
eventpropagationin thecontext of verydifferentresourcesharing
strategiesare introducedin Section3. In Section4, we demon-
stratethecouplingtechniqueandtheintendeduseof eventmodel
interfacesin system-level analysisusinga complex example. Fi-
nally, we draw someconclusions.

2. Resource Sharing: Strategies & Analysis

Resourcesharingstrategies include processand communication
schedulingandmemoryallocation. In this section,we briefly re-
view the mostpopularevent modelsin literaturewith respectto
schedulinganalysis.

A simpleandefficient assumptionis a streamof periodic in-
put events. Here, the arrival of eventscanbe capturedby a sin-
gle parameter, theperiodT. Periodiceventsareusuallyenforced
by a timer, suchasfor input signalsamplingin signalprocessing.
Staticschedulingstrategieswith anon-preemptive(i. e.withoutin-
terrupt)cyclic or cyclo-staticprocessexecutionorderexploit this
periodicpropertyfor highefficiency [11] whenpossiblephasebe-
tweendifferent periodic event streamsare known. In caseof a
multi-ratesystem,thestaticexecutionorderincludesseveralexe-
cutionsof a process(up to themacro-period).

The outputof a systemwith staticprocessexecutionorder is
typically periodicwith jitter, i. e. with a definedmaximumdevia-
tion from theexecutionperiod.This jitter is causedby datadepen-
dentprocessexecutiontimesand, in caseof multi-ratesystems,
by differenttimesbetweentheexecutionsof aprocessin amacro-
period.

If the input eventsto a statically orderedsetof processesar-
rive with a jitter, then thereis lesstime for executionwhich ei-
ther reducesthe computationefficiency or requiresevent buffer-
ing to keepefficient periodicexecution. The sameapplieswhen
the phasebetweenperiodic event streamsis not known exactly.
So, even for a singleresourcesharingstrategy, input andoutput
eventmodelscanbeincompatible.

Periodicinputeventsarealsothemainmodelfor staticpriority
schedulingstrategies. In RateMonotonicScheduling(RMS) pri-
oritiesarestaticallyassignedaccordingto theperiodof a process,
theshortertheperiodthehigherthepriority. RMS is optimal for
periodicallyexecutedprocesseswith deadlinesat the endof the
respective period[14]. In contrastto the staticorderprocessex-
ecution,thephasebetweenthedifferentperiodshasno influence
on the schedulingefficiency, andneednot be known. The dead-
line requirementcorrespondsto amodelof periodicoutputevents
with jitter. Deadlinescanbeearlierthantheperiodwith Deadline
MonotonicScheduling(DMS) asoptimal schedulingstrategy or
laterthantheperiod[12]. RMS/DMScanevenbeextendedto in-
cludeprocessgraphswith processdependencieswithoutchanging
theinputmodel[23].

The remaining event models can be subsumedas sporadic
eventsand event streamswith possiblebursts, in the following
called“sporadiceventmodel”and“bursteventmodel”,resp..The
burstmodelusestwo time bases,theminimumevent inter-arrival
time t andthemaximumnumberof eventsb whichmayoccurin a
timeinterval T. They arealsocalled“inner” (t) and“outer” (T) pe-
riodsof theeventstream.Thisburstmodelis usedby Tindell [21]
andAudsley [1] to extendthe analysisof staticpriority schedul-
ing to sucheventstreams.Gresser[8, 7] usesa somewhatsimilar
modelfor analysisof dynamicpriority scheduling.It introduces
a vectorof sequentialtime intervals ratherthana singleinterval.
This givesstructureto aneventsequencewhich canbeexploited
in analyzingEarliestDeadlineFirst (EDF) scheduling.Sporadic
events[20] only constraintheminimuminter-arrival time t. This
modelis e.g. usefulto analyzeresponsetimes.

This survey just selectedfew landmarkandrepresentative ap-
proachesout of thehostof work on schedulinganalysiswith the
purposeto find an event model classificationas a basisfor het-
erogeneoussystemdesign. Gresser’s event model is closestto a
generaleventmodeltrying to capturerathercomplex eventstream
patterns.Balarin’s event “signatures”[2] usedfor simulationand
abstractload analysishave a similar purpose. Both modelstar-
getgeneraleventstreammodelingat thecostof modelcomplexity
thatexcludesdirectapplicationof mostof theanalysistechniques
mentionedabove. Instead,thenext sectionwill introducetransfor-
mationfunctionsbetweensimplermodelsallowing to keeptheim-
plementationefficiency of thesemodels.Anotherproblemof the
currentgeneralmodelsis the lack of formal operationson event
streamsthatallow to mergeor split eventstreams,e.g. ona bus.

Thesurvey suggeststo usefour eventclasses:periodicevents,
periodiceventstreamswith jitter, bursteventmodelandsporadic
eventmodel.Someof themodelsarespecialcasesof others,but,
aswe will seelater, shouldbe differentiatedfrom the moregen-
eral casefor efficiency andanalysisreasons.Eachof themodels
representaneventstreamby a setof abstractparameters,e.g. the
periodT. Theseparametersallow to calculatetheworst-casenum-
berof eventoccurrenceswithin a given interval of time, which is
requiredby mostof thementionedanalysisapproaches.This cal-
culationcanbedoneby a functionn�ev � ∆t � . Table1 givesa formal
definitionof thesefour eventstreammodels.



model params n�ev � ∆t �
periodic � T � � ∆t

T 	
sporadic � t � � ∆t

t 	
jitter � T 
 J � � ∆t � J

T 	
burst � T 
 t 
 b � � ∆t

T � b 
 min � b 
�� ∆t ��� ∆t
T � T

t ���
Table 1. The four most popular event models

3. Event Model Coupling

In thissection,wepresenttheactualcouplingof eventmodels.We
first discusscompatibility issuesbetweenthe four event models
introducedin the preceedingsection,andderive event model in-
terfaces(EMIFs) to transformtheparametersof oneeventmodel
into thoseof anothermodel.In thosecases,wherenosimpleinter-
facecanbederived,we introducetheinterpositionof eventadap-
tationfunctions(EAFs) like buffersandtimersin orderto couple
initially incompatibleeventmodels.This stepincorporatesbuffer
sizingandeventdelaydeterminationdueto theadditionalsystem
functions.Finally, we alsoinvestigateeventstreamsuperposition
andcoincidence.

We introducethe basicideaof event model coupling usinga
simpleexample. Considerthe (sub)systemdepictedin Figure1.
Two processes� 1 and � 2 exchangedatavia eventstreamES.

� 1 � 2
ES

Figure 1. Event stream example

Let usassumethetwo processesaremappedto two differentre-
sources.Otherprocessesareimplementedon bothresources,too,
but they arenot shown in the figure. Eachresourceimplements
a differentresourcesharingstrategy (RSST). Let us furthermore
assume,thattheknown analysistechniquesfor thetwo scheduling
strategieshave thefollowing properties:� from the timing analysisof � 1 we know that the output

eventsaregenerallyperiodicwith periodT1 but may expe-
riencea maximumjitter J1 (e.g. resultingfrom preemptions
by otherprocesses)� for thetiming analysisof � 2 thereexist only approachesre-
quiring a sporadicinput event modelwith a minimum tem-
poralseparationt2

Clearly, thetwo localanalysisapproachesfor � 1 and � 2 cannot
becoupleddirectlysincethetwo eventmodels(jitter andsporadic)
are basicallyincompatible. However, we are able to derive the
required parametervaluesof the sporadicevent model from the
knownvaluesof the jitter event model: The minimum temporal

separationof two successive eventswith jitter is theperiodminus
themaximumjitter: t2 � T1 � J1. In thefollowing, we generalize
this idea.

3.1. Event Model Interfaces

RSST2RSST1

� 1 � 2

EventModel X EventModelY

EMIFX � Y

Figure 2. An event model interface (EMIF)

The intendeduseof eventmodelinterfaces(EMIFs) is shown
in Figure2. � 1’s outputevent modelX resultsfrom the selected
techniqueto analyzethe � 1’s executionbehavior with respectto
the resourcesharingstrategy RSST1. Similarly, the requiredin-
put event modelY of � 2 is determinedby the selectedanalysis
techniquefor RSST2. Now, it is theEMIFX � Y’s taskto translate
theeventstream’s propertiesfrom eventmodelX into aninstance
of event modelY. Suchinterfacesare generallyuni-directional
(X � Y). They canonly transforminstancesof X into instancesof
Y, not viceversa.

periodicperiodicwith jitter periodicwith burst

sporadic
with adaptation

lossy

lossless

Figure 3. Possible event model interfaces

Figure3 depictsthepossibletransformations(X � Y) for which
suchanEMIF canbe found. Thesolid lines indicatethat the in-
terfacelosslessly(i. e. with the samemodelingaccuracy) trans-
formstheinformationof modelX into modelY, while thedashed
linesindicatea lossof informationduringthetransformationpro-
cess. The dotted lines indicate that the transformationrequires
additionaladaptationof theinputeventstream.

In thebeginningof thissection,wealreadysolvedthis interfac-
ing for the transformation(jitter � sporadic). The EMIFs of the
otherfeasibletransformationsaregiven in Table2. In casewhen
X � Y, no eventmodelinterfaceis actuallyneeded,sincethepa-
rametervaluesareidentical. As canbeseenin thetable,for only
5 outof 12(notconsideringX � Y) possibleeventmodeltransfor-
mationsan EMIF canbe given. For theotherseven transforma-
tionslike (jitter � periodic)no EMIF canbefound.Which model
combinationsareinterfacablecanbedeterminedby formally ana-
lyzing thecorrespondingeventmodels:we needto show that the
behavior of every instanceof event modelX is containedin the
setof all possibleinstancesof modelY. In otherwords,for every



EMIFX � Y Y=periodic Y=jitter Y=burst Y=sporadic

X=periodic TY � TX (identity) TY � TX , JY � 0 TY � TX , bY � 1, tY � TX tY � TX (lossy)

X=jitter — TY � TX , JY � JX (identity) — tY � TX � JX (lossy)

X=burst — — TY � TX , bY � bX , tY � tX (identity) tY � tX (lossy)

X=sporadic — — — tY � tX (identity)

Table 2. EMIFs for simple model transformations

instanceof aneventmodelX, thetaskis to find aninstanceof an
event modelY with a n�ev-function that covers the valuesof the
n�ev-functionof X:

n�ev � X � ∆t � ! 
n�ev �Y � ∆t �"! (1)

Analogously, we have to proof

n�ev � X � ∆t � !#
n�ev �Y � ∆t �"! (2)

This n�ev � ∆t � -function representsthe minimum numberof events
within a given time interval ∆t. Althoughnot alwaysrecognized
in the existing analysisapproaches,this numberis of particular
importancefor the analysisof distributedsystemsto resolve the
so called schedulinganomalies[6]. Table 3 provides the n�ev-
functionsof our four event models. If both conditionsin equa-
tions1 and2 aresatisfied,an interfacecanbe found. Iff we can
alsoshow equalityfor both equations,the transformationis loss-
less,i. e. the transformationdoesnot reducethe accuracy of the
modelX. Lossytransformationappliese.g. whenmappingfrom
theperiodicmodelto thesporadicone.Equation1 is satisfiedbut
Equation2 is not.

Ratherthanproviding formal derivationsfor all of the model
transformations,we only demonstratehow EMIFs canbe found
for the transformation(X=periodic� Y=burst). From Table1 in
Section2, we know:

n�ev � X � ∆t � � � ∆t
TX
�

n�ev �Y � ∆t � � $ ∆t
TY % bY 
 min &' bY 
�())) ∆t � � ∆t

TY � TY

tY * +++
,-

model params n�ev � ∆t �
periodic � T � � ∆t

T �
sporadic � t � 0

jitter � T 
 J � � ∆t � J
T �

burst � T 
 t 
 b � � ∆t
T � b 
 max � 0 
 $ ∆t � � � ∆t

T � � 1� T
t 
 b% �

Table 3. The n�ev-functions of the four models

We have aninstanceof a periodiceventmodelwith periodTX .
We assumethataninstanceof a bursteventmodelY with thepa-
rametersTY � TX , tY � TX , andbY � 1 hasthesamen�ev-function.
Proof:

n�ev �Y � ∆t � � $ ∆t
TY % bY 
 min &' bY 
.())) ∆t � � ∆t

TY � TY

tY * +++
,-

� $ ∆t
TX % 
 min &' 1 
�())) ∆t � � ∆t

TX � TX

TX * +++
,-

� $ ∆t
TX % 
 min � 1 
�� ∆t

TX
� $ ∆t

TX % �/�
Clearly, theterm � ∆t

TX � � ∆t
TX � 	 is eitherzeroor one,depending

on whether∆t is anintegermultiple of TX or not. Thus,n�ev �Y � ∆t �
turnsinto:

n�ev �Y � ∆t � � $ ∆t
TX % 
10 0 if ∆t

TX 243
1 otherwise� � ∆t

TX
� � n�ev � X � ∆t � q ! e! d !

Hence,Equation1 is satisfied. Similarly, we can proof that
Equation2 is satisfied,too, and our assumedmodel parameter
transformations(TY � TX , tY � TX , bY � 1) in fact representthe
desiredeventmodelinterface.TheotherEMIFsof Table2 canbe
foundsimilarly. As a counterexample,considerthealreadymen-
tionedtransformation(jitter � periodic). It is trivial to proof that
no generalinterfacecanbe found: The event modelY=periodic
assumestheeventsto occurwith equaltemporalseparation,what
they generallydo not sincethey experiencea jitter. Only in the
specialcasewith JX � 0, we can find an EMIF. Similarly, we
can find an EMIF for an instanceof a burst event model with
bX � 1 and tX � TX . Clearly, both mentionedspecialcasesare
periodicwithout any jitter nor burst, they areonly the represen-
tationof a periodicevent streamusingtheparametersof jitter or
burstmodels,respectively. However, with slight modificationsin
the implementation,we canalsocapturesuchtransformationsin
moregeneralcases.This is explainedin thenext section.



X � Y EMIFX � Y EAFX � Y d �EAF

jitter � periodic TY � TX timedbuffer (TEAF � TX , nEAF � 1) TX

jitter � burst TY � TX , bY � 1, tY � TY timedbuffer (TEAF � TX , nEAF � 1) TX

burst � periodic TY � TX
bX

timedbuffer (TEAF � TX
bX

, nEAF � bX � � bX � bX � 1� tX
TX 	 ) TX � � bX � 1� tX

burst � jitter TY � TX
bX

, JY � 0 timedbuffer (TEAF � TX
bX

, nEAF � bX � � bX � bX � 1� tX
TX 	 ) TX � � bX � 1� tX

Table 4. Synchronization EMIFs and EAFs

3.2. Event Adaptation Functions

As alreadymentioned,periodicevent streamswith jitter cannot
be capturedby purely periodic event models. However, in dig-
ital signalprocessingsystems,internaleventsareoften assumed
periodicsincethe system’s overall input is purely periodic. But
dueto resourcesharingand/ordata-dependentprocessexecution
times,internaleventsmostlikely experiencea jitter. To keepup
with periodic models,buffers and timers are widely usedto re-
synchronizesucheventsaccordingto theinitial period.Thisshows
that it is generallypossibleto coupleinitially incompatibleevent
modelsfor analysisat thecostof additionalsystemfunctions.We
referthesefunctionsto aseventadaptationfunctions(EAFs). An
examplefor theuseof EAFs is givenin Figure4.

RSST2RSST1

� 1 � 2

EventModel X EventModelY

EMIFX � Y

EAFX � Y

Figure 4. An EMIF with event adaptation function (EAF)

Theactualfunctionalityof theseEAFs hasto bederived from
thetwo eventmodels.For theabove mentionedvery simplecase
(X=jitter � Y=periodic),theEAF canbefoundstraightforward.A
buffer of size1 andanoutputissueperiodof TY is needed.Now,
we canderive anEMIF for this situationby simply settingTY to
the valueof TX . In general,the parametersof the timed buffers
need to be formally derived from the model transformations.
Again,weonly show thisderivationprocessusingonerepresenta-
tive, thatis themodeltransformation(X=burst� Y=periodic).We
startwith finding theperiodTY. Fromthebursteventstreamfrom� 1 we know thattherearebX eventsevery TX time units.As a re-
sult,weobtainanaverageinter-arrival time of 5 tX � TX

bX
. Clearly,

this averageinter-arrival time mustbe the periodof the periodic
eventY, otherwisethe event buffer under- or overflows. Thede-
terminationof the requiredbuffer size is morecomplex. On the
onehand,thebuffer needsto belargeenoughto temporarilystore
eventsduringa burst in all possiblesituations.On theotherhand,
we arelooking for a tight boundon thebuffer sizein orderto op-
timize buffer memory. Hence,we needto identify worst-casesit-
uations.Theworst-casebuffering situationoccurswhentheburst
eventsarriveassoonaspossibleandtheperiodiceventoccurswith

amaximumphasedelayof TY with respectto thebeginningof the
burst.An examplefor bX � 5 is depictedin Figure5.

6 67
0

∆t

X

Y

TY 2TY 3TY 5TY � TX

tX tX tX tX

Figure 5. Worst case-buffering scenario for
EAFburst� periodic

The maximum buffering delay d �EAF experiencedby the last
eventof theburstis markedby thegrayshadedbox:

d �EAF � TX � � bX � 1� tX
Sincethe eventsareremoved from thebuffer periodically, the

maximumnumberof eventsin thebuffer (n�EAF) is:

n�EAF � 8 d �EAF

TY 9� 8 TX � � bX � 1� tX
TX
bX

9� bX � � bX � bX � 1� tX
TX
� (3)

Similarly, the EAFs andEMIFs for other model transforma-
tions canbe derived. A list of EAFs andEMIFs is provided by
Table 4. As can be seen,the transformations(jitter � periodic)
and (jitter � burst) require the sameEAF. The sameholds for
(burst� periodic)and(burst� jitter). This is becausewe useperi-
odic EAFs is all cases.Thus,two modeltransformationsrequire
the sameEAFX � Y whenthey have the sameinput event model
X. Notethateventmodelinterfaceswith adaptationfunctionsal-
ways perform a lossy transformationof model X into modelY
sincedetailedinformationof the input eventstreamis lost dueto
synchronization.

In this section,we only consideredsynchronizationof single
input event streams.However, processescanhave several inputs
with eachinput streambeing representedin a different model.
Here,synchronizationis morecomplex. This is briefly surveyed
in thenext section.



3.3. Model Extensions

For processeswith two inputs,thereexist two differentpossibili-
ties. Either theprocesscanexecutewhenever thereis aneventon
oneof its inputs(OR-process),or theprocessneedsto wait for one
event on both inputs(AND-process).Ramanathan[19] provides
detaileddefinitionsfor AND- andOR-processesbut doesnotcon-
sidereventstreams.With respectto theeventstream,theOR-case
is comparatively simple.Thetwo input eventstreamsaremerged
into a new event stream. The analysisin [8] providesmeansto
formally captureeventstreammerging. However, themodelis not
applicableto mostof theanalysisapproaches.Hence,we needto
find a way to merge event streamswithin our suggestedmodels.
Thefollowing examplewill illustratethis.

:;
X

X 
 Y

Y

0
∆t

Tmacro period

TZ

jitter

Figure 6. Merging two periodic event streams

Considertwo periodiceventstreamsX andY with differentpe-
riods TX � 1 ! 5 TY. This is depictedin Figure 6. The result is
a periodicevent streamwith jitter, indicatedby the gray arrows.
Theproof is similar to satisfyingequations1 and2, only thatwe
have to considerthe superpositionof event streams.We assume
thata periodicmodelwith jitter andtheparameters

TZ � 1
1
TY

 1

TX

and JZ � TZ

isabletocapturethemergingof two periodiceventstreams.Proof:

n�ev � Z � ∆t � � � ∆t 
 JZ

TZ
� � � ∆t 
 TZ

TZ
� � � ∆t

TZ
� 
 1� ())) ∆t

1
1

TX � 1
TY

* +++ 
 1 � � ∆t
TX


 ∆t
TY
� 
 1# � ∆t

TX
� 
 � ∆t

TY
� � n�ev � X � ∆t �<
 n�ev �Y � ∆t � q ! e! d !

Similarly, we can checkthat the conditionof Equation2 is sat-
isfied, too. Suchmerging EMIFX � Y � Zs canbe found similarly
for otherevent streams,e.g. oneperiodicandoneburst. In gen-
eral,themergingprocedurewithin OR-processesdoesnotenforce
any restrictionsto theinput streammodels.In contrast,theAND-
processesrequirecoincidenceof theinput events.In otherwords,
thenumberof events(nev � ∆t � ) in botheventstreamsX andY must
not diverge for large ∆t. Otherwise,the requiredevent buffer of
oneof the streamswill overflow. This canbe checked by Equa-
tion 4.

lim
∆t � ∞

nev � X � ∆t �
nev �Y � ∆t � !� 1 (4)

This condition must be true for all instancesof event streams
within thecorrespondingmodels.Thus,we have to guaranteethat
the upperandthe lower boundon the numberof eventsfor each
inputstreamitself do notdiverge:

lim
∆t � ∞

n�ev � X � ∆t �
n�ev � X � ∆t � !� 1 (5)

Only whenboth coincidenceconditions,i. e. equations4 and5,
arefulfilled, thestreamscanbeAND-merged.To derivetheactual
resultingevent streamis morecomplex thanthe superpositionin
theOR-case.

The example in Section3.2 alreadygives an idea aboutco-
incidenceof events. Here, an event streamwith burst was re-
synchronizedinto a periodicevent streamby meansbuffers and
timers. The timer of the EAF was usedto periodically output
eventsfrom thebuffer. Wecanthink of thistimerasasecondevent
stream,andthesynchronizationasAND-merging. Trivially, both
streamsfulfill theabove coincidenceconditions(sincewe derived
theparametersof streamY from theparametersof streamX). In
otherwords,coincidencewasaresultof theeventadaptationstep.
Usually, coincidenceis arequirementin AND-merging. However,
theunderlyingideaswith respectto buffer anddelayanalysisare
the same.This is a very simplecaseof AND-merging. General
AND-merging is morecomplicatedandexceedsthescopeof this
paper.

So far, we have shown how eventstreampropertiescanbe in-
terfacedbetweendifferenteventmodelsby meansof EMIFs and
EAFs. This way, we arenow ableto couplepreviously incompat-
ible eventmodels,andthus,analysistechniques.This is a prereq-
uisitefor global(system-level) analysis.Thenext sectioncontains
a largerexamplein orderto demonstratetheintendeduseof event
modelsduringsystemanalysis.

4. Application Example

Figure 7 shows a complex heterogeneousplatform architecture.
It consistsof four processorswhich are connectedvia a CAN
bus[17]. Process� 1 sendsdatato process� 3 over thecommuni-
cationchannel= 1. Similarly, processes� 2 and � 4 exchangedata
via = 2. The other four processesrepresentthe resourcesharing
influenceson theprocessors.However, they donot usethebus.

Thetaskis to find eventmodelinterfacesandadaptationfunc-
tions in order to enablecouplingof existing local analysistech-
niquesfor theindividual resources.In this paper, local analysisis
only interestingis sofar asit determinesandconstraintstheevent
models.Thefollowing list givesa brief overview on theassumed
characteristicsof theresourcesharingstrategies(RSST) andanal-
ysisapproacheswith respectto theeventmodelsin theexample:

RSST1 implementsstatic-priority preemptive scheduling. The
burstyoutputbehavior (X1=bursteventmodel)of � 1 results
from frequentpreemptionsby thehigher-priority process� 5.

RSST2 is purely time driven and periodically schedulespro-
cesses,e.g. simpledigital signalprocessingfunctionswith
a fixed responsetime. The output is purely periodic (X2),
too.
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Figure 7. Example: Four processors and one bus

RSST3 requirestheinputeventsto berepresentedusingthemodel
of sporadicevents(Y1). This is anexampleof aninputevent
modelconstraintenforcedby a specificanalysisapproach.
Clearly, the applicableanalysistechniquesdependon the
implementedschedulingstrategy. However, for the event
modelcouplingprocedure,nodetailedinformationaboutthe
schedulingstrategy itself is necessary. Only, therequiredin-
puteventmodelneedsto beknown.

RSST4 requiresperiodic(Y2) input streams.Similarly to RSST3,
theactualschedulingstrategy is not relevantfor Y2.

RSSTBus implementsthe CAN [17] protocol,andassignsstatic
priorities to the logical channels= 1 and = 2. We assume
thattheinput streamsneedto becapturedby theburstevent
model(Z1) in orderto allow efficient analysis.Furthermore,
weassumethattheoutputis providedasburstyeventstreams
(Z2), too. In orderto avoid confusionwhenderiving thecor-
respondingevent modelparameters,we will usefour event
models,Z1 � 1 !@!@! Z2 � 2 for thetwo in- andtwo outputs,respec-
tively.

With theseexplanations,wecandeterminetheeventmodelcou-
pling usingtheEMIFsandEAFsof tables2 and4. Webegin with
thebusinputstreams.Theoutputof process� 1 doesnotneedto be
transformed,sinceit is alreadycapturedusingtheeventmodelre-
quiredby theanalysisof = 1. Thus,no eventmodelinterfacesnor
adaptationfunctionsareneeded(unnecessaryEMIFs andEAFs
are indicatedby the gray color), parameterpropagationis suffi-
cient:

TZ1 ? 1 � TX1 
 bZ1 ? 1 � bX1 
 tZ1 ? 1 � tX1

Thisdoesnotapplyto theeventmodelsX2 andZ1 � 2. FromTable2,
we seethatwe canusethebursteventmodel(Z1 � 2) to capturethe
periodic(X2) eventstreamcomingfrom � 2:

TZ1 ? 2 � TX2 
 bZ1 ? 2 � 1 
 tZ1 ? 2 � TX2

Now, the input event modelsfor the communicationchannelare
known, andthechannelpacket responsecanbecalculatedusingan
appropriateanalysistechnique,suchasaproperlyadaptedversion
of theanalysisof Tindell [21] or Lehoczky [12]. Theonly analysis
resultsrequiredaretheoutputeventmodels(Z2). In our example,
theseareknown to bebursts.FromTable2, we seethata simple
EMIF is sufficient to transformthebursteventmodelZ2 � 1 into the
sporadiceventmodelY1:

tY1 � tZ2 ? 1
Again,wedonotneedaneventadaptationfunction.However, the
interfaceEMIFZ2 ? 1 � Y1 is lossy, i. e. not thecompleteinformation
of event modelZ2� 1 canbe capturedby event modelY1. A more
complicatedsituationis found for the last event interface. Here,
a burst event modelneedsto be transformedinto a periodicone.
As mentionedin Section3.2, this can be achieved by addinga
buffer anda timer to periodicallyoutputthebufferedevents.This
way, theburst eventstreamis synchronizedto a periodicstream.
Table4 providesuswith therequiredEMIF andEAF:

TY2 � TZ2 ? 2
bZ2 ? 2

Theoutputissuerate(TEAF) andtherequiredbuffer size(nEAF) to
temporarilystoreeventsduringa burstis givenby

TEAF � TZ2 ? 2
bZ2 ? 2 
 nEAF � bZ2 ? 2 � � bZ2 ? 2 � bZ2 ? 2 � 1� tZ2 ? 2

TZ2 ? 2 � 

andthemaximumbuffering delayfor eacheventis:

d �EAF � TZ2 ? 2 � � bZ2 ? 2 � 1� tZ2 ? 2
In this example,we demonstratedtheeventmodelcouplingtech-
niquein differentsituations.Trivially, eventmodelsmightalready
match,and no interfacesare needed,as for the streamsX1 and
Z1 � 1. For X2 � Z1 � 2 a simple EMIF was sufficient to transform



theeventstreamwithout losingmodelingaccuracy. This wasnot
possiblefor thecouplingZ2� 1 � Y1, but we couldonly find a lossy
EMIF. For the transformationZ2� 2 � Y2, no plain EMIF could
be found, but a buffer and a timer (EAF) were requiredfor re-
synchronization.

5. Conclusion

We presenteda techniqueandrulesfor event model transforma-
tions in order to couple local analysismodelsfor system-level
schedulingandbuffer memoryanalysis. We startedwith a clas-
sificationof known andpracticallyusedresourcesharingstrate-
giesandtheir respective analysistechniques.We showedthat the
analysistechniquesheavily dependon theinput eventmodel.The
more restrictedevent models,suchas periodic events, typically
obtaintight analysisboundsallowing highersystemoptimization.
Eventmodelincompatibilitiespreventtheapplicationof sucheffi-
cientanalysistechniquesin globalsystemanalysis.

Theeventstreaminterfacemodelintroducedin this paperpro-
videsfunctionsfor efficient eventmodelcoupling.We showedin
which casesexact transformationswithout lossof informationis
possible,whereaccuracy is lost becausethe subsequentanalysis
usesa lessexpressive model,andhow we canuseaneventmodel
adaptationfunction to derive a morerestrictedevent modelfrom
a moregeneralone. Event modeladaptationusesbuffering and
timetriggeringwhichreflectswhatadesignerwoulddo in manual
design.We have shown how to derive safebuffer sizesfor event
modeladaptations.

In summary, the event modelcouplingpresentedin this paper
is an enablingtechniqueto system-level scheduling,timing and
buffer memorysizeanalysis. It allows to keepthe efficiency in
subsystemdesignwithout compromisingglobal systemanalysis.
A tool for (semi-)automatedtiming andbuffer memoryanalysisis
currentlyunderdevelopmentaspartof theSPI (SystemProperty
Intervals) workbench[4], a tool suite for reliableandoptimized
integrationof embeddedreal-timesystemson heterogeneousar-
chitectures.
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