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1 Intr oduction

This manualdescribesthe Design/CPNPerformanceTool for facilitating simulationbasedperfor-
manceanalysisof ColouredPetri Nets. The performancetool is fully integratedin Design/CPN.It
is assumedthat the useris familiar with both ColouredPetri Nets (CP-netsor CPN) [6,7] andthe
Design/CPNtool [2,3,8].

In thiscontext, performanceanalysisis basedonanalysisof dataextractedfrom aCPNmodeldur-
ing simulation.Theperformancetool providesrandomnumbergeneratorsfor avarietyof probability
distributionsandhigh-level supportfor bothdatacollectionandfor generatingsimulationoutput.The
randomnumbergeneratorscanbeusedto createmoreaccuratemodelsby modellingcertainprobabil-
ity distribution aspectsof a system,while thedatacollectionfacilitiescanextract relevantdatafrom
a CPN model. Note that the tool doesnot undertake any performanceanalysis,ratherit providesa
meansfor collectingdatawhich thencanbeanalysedby theuser.

Section1.1 gives a generaldescriptionof the performancetool. This includesmotivation for
developingthetool, a descriptionof thefunctionalityof thetool, anda descriptionof theintegration
of thetool in Design/CPN.Section1.2 introducesasmallCPNmodelwhichwill beusedto illustrate
the useof the performancetool. Finally, Sect.1.3 will give a brief overview of the output that the
performancetool provides.

1.1 Overview of the Design/CPNPerformanceTool

Most applicationsof CP-netsareusedto investigatethelogical correctnessof a system.This means
that focusis on the dynamicpropertiesandthe functionality of the system. However, CP-netscan
alsobeusedto investigatetheperformanceof asystem,e.g.,themaximaltimeusedfor theexecution
of certainactivitiesandtheaveragewaiting timefor certainrequests.To performthiskind of analysis
oneoftenusestimedCP-nets1.

While theDesign/CPNtool [2] supportsstatespaceanalysis[1, 3], timed simulationsandfunc-
tional analysis,it lacked integratedhigh-level supportfor performanceanalysisof a CPN model.
Previously, all collectionof datahad to be explicitly definedandcodedby the user. This, in turn,
meantthattheuserhadto befamiliarwith untimedstatisticalvariables2 andtheuseof codesegments.
An untimedstatisticalvariableis a datatype with which it is possibleto storecollectedvaluesand
later to extract differentstatisticalinformationsuchassumor average[3]. This manualdescribesa
performancetool which remediestheabove shortcomingsof Design/CPN.

During simulationof a CPN model,onecanbe interestedin evaluatingthe performanceof the
system.To do this it is necessaryto extractdifferentvaluesfrom themarkingsor binding elements
encounteredduring simulationof the CPN model. A data collector is a centralconceptin the per-
formancetool. A datacollectordetermineswhenandhow datais extractedfrom theCPNmodeland
how to dealwith thisdata.A datacollectoris definedin Sect.6.1.

Theperformancetool providesaneasyway to refer to thevaluesfrom markingsandbindingel-
ementsto be examinedduring a simulation. Theusermustwrite his own functionsfor extractinga
valuefrom a markinganda bindingelementof a CP-net.Theuseris not requiredto recall theexact
syntaxfor thefunctionsbecauseit is possibleto generatetemplatesfor thenecessaryfunctions.Data
collectionoccursduringsimulation,andtheextractedvalueis thenaddedto theappropriatedatacol-
lector. Otherfacilitiessuchascreatingandinitialising a datacollectorandproducinga performance

1SeeChap.5 in [7] for a definitionof timedCP-nets
2Originally calledstatisticalvariables.
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Figure1: Overview of thetool.

reportduringsimulationarealsoavailable.

Figure 1 illustrateshow the performancetool is integratedin Design/CPN.The items (except
the item Simulator) illustratethecomponentsof thenew performancetool within Design/CPN.The
rectanglesillustratethe main componentsof the tool while the dashedellipsesindicatetheexisting
librarieswhichhavebeenextendedandintegratedinto thetool. Thesolid line ellipsesindicateoutput
producedby theperformancetool.

Theexecutionof themodelin Design/CPNusingtheperformancetool is asfollows: theSimulator
simulatestheCPNmodelpossiblyusingtheRandomNumberFunctionsfor generatingrandomnum-
bers.At thesametime, theSimulatordoesDataCollectionandupdatestheStatisticalVariableswith
thenew observedvalues.Finally, theOutputFacilitiesdumpall of theobserved valuesin a detailed
ObservationLog File. At any stoppoint in thesimulation,theusercanalsogeneratea Performance
Reportusingthe OutputFacilities. A performancereportshows the currentstatusof the statistical
variables,e.g.sum,sumof thesquares,averageandvariance.In thiswayaPerformanceReportgives
amoreabstractview of theobservedvaluesthantheview providedby anObservationLog File.

1.2 Example: Ferris Wheel

In thismanualaCPNmodelof aFerriswheelis usedto illustratetheuseof theperformancetool. The
Ferriswheelis anamusementpark ride. In this system,theFerriswheelhasa capacityof four cus-
tomers.Whennew customersarrive they receive anumberedticket,andthey join aqueuewherethey
wait until it is their turn to ride theFerriswheel.Theinter-arrival time for customersis exponentially
distributed.Figure2 depictsthesystemto bemodelled.

Whatkind of performancemeasuresareinterestingfor thissystem?Oneobviouschoicewouldbe
to considerthe lengthof thequeue.How doesit grow andshrink? Anotherinterestingperformance
measureis theaverageamountof timeeachcustomerwaitsin thequeue.

Thesystemis modelledby theCPNmodelshown in Figs.3 and4. Theglobaldeclarationnodefor
themodelcanbeseenin Fig. 3. ThevalueWheelSize indicatesthecapacityof theFerriswheel;in
this caseit is 4. ThevariableinterArrival is usedto modelthetime betweencustomerarrivals.
Note that interArrival is a referencevariable. A referencevariableis usedto make it possible
to changethevalueof thevariablewithout having to switchbetweentheeditorandthesimulatoror
theperformancetool in Design/CPN.ThecoloursetInt is usedto modelthetime usedfor various
activities. ThecoloursetIntT is a timedcoloursetwhich is usedto countcustomers.Thecolourset
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Figure2: Ferriswheel.

Ticket modelsa ticket. A ticket consistsof a ticket numberanda timestampwhich indicateswhen
the ticket wasgiven to a customer. ThecoloursetCustomer modelsthecustomers.Note that the
coloursetE is alsoa timedcolourset.ThefunctionsdiscExp anddiscNorm areusedto generate
randomnumbersfrom discreteexponentialandnormaldistributions.

(* Capacity of the wheel *)
val WheelSize= 4;

(* Average inter-arrival time, in seconds*)
val interArrival = ref 90.0; 5

(* — Colour sets — *)
color Int = int ;
color IntT = int timed;
color Ticket = product Int * Int; 10
color Customer= with custom;
color CustomerxTicket = product Customer* Ticket;
color E = with e timed;

(* — Variables — *) 15
var nextCust,arrivalTime,runTime,loadTime,n,m : Int;
var noOfCust : IntT;

(* — Functions — *)
fun intTime() = IntInf.toInt(time()); 20
fun round x = floor(x+0.5);
fun discNorm (x,y) = round(normal (x,y));
fun discExp x = round(exponential(x));

Figure3: Globaldeclarations.

Figure4 containsthecompletenetstructureof themodel. Thenameof thepagecontainingthe
netstructureis FerrisWheel. Theleft-handsideof thenetmodelsthearrival of customers,while the
restof thenetmodelstheFerriswheel.WhenthetransitionCustomerArrivesoccurs,anew customer
tokenis addedto theplaceWaitingCustomers. Uponarrival, eachcustomeris pairedwith anumbered
ticketwhichcontainsatimestamp.Thetimestampis equalto thecurrentmodeltime,andit is created
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by meansof the function intTime , on thearc betweenCustomerArrivesandWaiting Customers.
TheplaceWaiting Customersrepresentsthequeueof customers.Customersareloadedfor thenext
runof theFerriswheelwhenthetransitionLoadNext Customeroccurs.ThearcsbetweenNext Ticket
andLoadNext Customerensurethatcustomersareloadedinto theFerriswheelin thesameorderin
which they joinedthequeue.

Whencustomersare loadedonto the wheel, they arecounted(seethe inscriptionson the arcs
betweenLoadNext CustomerandLoadedCustomers). Theguardof thetransitionStartWheelensures
that theFerriswheelis not starteduntil eitherthereareno morecustomersin thequeueor theFerris
wheel is filled to capacity. Oncethe Ferriswheel is started,it is running– modelledby the place
Running. After the wheel stops(StopWheeloccurs),thennew customerscanbe loaded,and the
wheelcanbestartedagain.

Start
Wheel C

output  (runTime);
action
discNorm (300.0, 30.0);

[n=m orelse
noOfCust=WheelSize]

Waiting
Customers

CustomerxTicket

Running
E

LoadNext
Customer

[noOfCust < WheelSize]

C

output  (loadTime);
action
discNorm (15.0, 4.0);

Loaded
Customers

IntT

0

Customer
Arrives C

output  (nextCust);
action
discExp(1.0/(!interArrival))
;

Wait for
Customer

E

e

Ticket
Number

Int

1

Next
Ticket

Int

1

(* --- Parameter Control --- *)

interArrival := 90.0;

Stop
Wheel

e@+runTime

(custom, 
(n, arrivalTime))

(noOfCust+1)
@+loadTime

noOfCust

noOfCust(custom, (n, intTime()))

ee@+nextCust

n

n+1

n+1

n

m

n

e

0

Figure4: Ferriswheelnet.

The model is an integer-timed CPN model, and time is measuredin seconds.The discExp
functionis usedto modeltheinter-arrival timefor customers,andit canbefoundin thecodesegment
associatedwith CustomerArrives. The inter-arrival time for customersis exponentiallydistributed,
which is modelledusing the exponential randomnumberfunction, and the meaninter-arrival
time is interArrival seconds.Thevaluepointedto by thevariableinterArrival is usedas
theparameterfor thediscExp function. By changingthevalueandreevaluatingtheauxiliary node
(thebox with thetext Parameter Control ), onecanchangethe inter-arrival ratefor customers
(interArrival ) without having to switch to the editor.3 The discNorm function in the code
segmentfor LoadNext Customercalculateshow muchtime is neededfor loadingeachcustomer. The
averagetime neededfor loadinga customeris 15 secondswhile thevarianceis 4 seconds.A similar
approachis usedto calculatehow muchtime is usedfor runningtheFerriswheel– asshown in the
codesegmentfor StartWheel.

3This is particularlyusefulwhenonewishesto make a numberof simulationsusingdifferentparameters.
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1.3 Performanceof Ferris WheelModel

This sectionwill give a brief introductionto theoutputthatcanbecreatedby theperformancetool.
Datawascollectedduringtwo simulationsof theFerriswheelmodel.This datawill beshown in two
differentforms,andthedatawill bebriefly analysed.

In theprevioussectiontwo performancemeasuresfor thesystemwerementioned:queuelength
andaveragewaiting time. Thenecessaryfunctionsweredefinedfor collectingdataconcerningthese
measures.Thesefunctionswill bediscussedthroughoutthemanualandcanbefoundin AppendixB.
The modelwasthensimulated. Threesimulationsweremadeto seehow changingthe parameter
interArrival affects the performanceof the system. The parameterinterArrival affects
how oftena new customerarrivesat theFerriswheel. Threesimulationsweremade:onewith in-
terArrival=60.0 , onewith interArrival=90. 0, andonewith interArrival=120 .0 .
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0 2000 4000 6000 8000 10000 12000 14000 16000 18000
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iz
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Ferris Wheel - Queue

Inter-arrival Time = 60 seconds
Inter-arrival Time = 90 seconds

Inter-arrival Time = 120 seconds

Figure5: Customerqueuefor differentarrival rates.

Figure5 shows a graphwhich indicateshow changingthe inter-arrival time betweencustomers
will effect thequeuelength. WheninterArrival is 120.0secondsthesizeof thequeueis never
larger thaneight. ReducinginterArrival to 90.0secondsproducesa queuesizethatfluctuates,
but doesnot continuallygrow. However, wheninterArrival=60. 0 thequeuegrows constantly.
This graphwasplottedusingdatafrom observationlog fileswhich werecreatedusingtheoutputfa-
cilities of theperformancetool. Section7.2describesobservationlog files. Thegraphwasmadeusing
thegnuplot program[5]. Thescriptthatwasusedto generatethegraphcanbefoundin AppendixC.

Examplesof theothertype of outputthat canbe generatedin theperformancetool canbe seen
in Figs.6 and7. Theseperformancereportscontainstatisticsaboutthedatathathasbeencollected
concerningqueuelengthandaveragedelay. This type of reportgivesa high-level view of the data
sinceit is statisticsaboutthedataratherthana list of eachvaluethatwasobserved. In additionto the
statisticsshown, theotherstatisticsthatcanbecalculatedare:first andlastvalueobserved,variance,
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standarddeviation,sumof squares,andsumof squaresof deviation. In thesereportsonecanseethat
when interArrival=1 20.0 , the averagewaiting time for eachcustomerwas3.232minutes4,
comparedto 44.526minuteswheninterArrival=6 0. 0. Similarly for theaveragelengthof the
queue.Performancereportsaredescribedin detailin Sect.7.1.

TIMED STATISTICS
Name Count Sum Average Minimum Maximum
CustQueue 311 34944 1.932 0 8

UNTIMED STATISTICS
Name Count Sum Average Minimum Maximum
CustWait 155 501 3.232 0 10

Currentstep:418
Currenttime: 18085

Figure6: Performancereport,interArrival = 120.0.

TIMED STATISTICS
Name Count Sum Average Minimum Maximum
CustQueue 493 800337 44.355 1 101

UNTIMED STATISTICS
Name Count Sum Average Minimum Maximum
CustWait 196 8727 44.526 4 92

Currentstep:592
Currenttime: 18044

Figure7: Performancereport,interArrival = 60.0.

4SeeAppendixB for anexplanationof how customerwait time is measuredin minutesratherthanseconds.
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2 Simulation with the Design/CPNPerformanceTool

This sectionwill give a generalintroductionto simulatingCPNmodelsusingtheperformancetool.
Section2.1 describeshow to generatethenecessaryML codefor theperformancetool. Section2.2
introducestheperformancepageandnode.Finally, Sect.2.3 describeshow to simulatemodelsand
collectdatausingtheperformancetool.

2.1 Generation of PerformanceCode

Beforedatacanbecollectedfrom aCPNmodel,it is necessaryto generatetheperformancecode, i.e.
theML codewhich is usedto extractdatafrom theCPNmodel.Theperformancecodeis generated
in a waywhich is similar to theswitchfrom theeditorto thesimulator.

To usetheperformancetool the following stepsmustbeperformed(in thespecifiedorder)in either
theeditoror thesimulator:

1. Make surethat you are using Design/CPNversion3.2 (or later) and the correspondingML
image.

2. UseGeneral Simulation Options to indicatewhetheryou wantyour simulationto bewith or
without time. To choosethesettingsthatyou want,it maybefirst necessaryto useSimulation
CodeOptions.

3. ChecktheboxOG Tool Violations in Syntax Options.

4. UseEnter Perf (in theFile menu)to entertheperformancetool. This will createtheperfor-
mancecodeandmaytake sometime. WhenEnter Perf terminates,thePerf menu(Fig. 8) is
addedto themenubar(at therightmostend). This menucontainsall of thecommandswhich
arespecificfor theperformancetool.

Figure8: Perfmenu.

Eachof the menuitems in the Perf menuwill be discussedin detail in later sections.Report
Setup is describedin Sect.7.1.1,andSave Report follows in Sect.7.1.2.TheitemsData Collector
andInitialize Data Collectorsareintroducedin Sects.6.3and6.4,respectively.

Note: Invoking Enter Perf from the editor is a shortcutfor switching to the simulatorand then
switchingto theperformancetool.
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2.2 PerformancePageand PerformanceNode

In orderto collect datain the performancetool, a numberof functions(from now on referredto as
performancefunctions) mustbeprovidedby theuser. Thesefunctionsaredescribedin Sects.6.2.1–
6.2.3. Theperformancefunctionscannotbedefinedin theglobaldeclarationnodebecausethey are
dependenton theperformancecodethatis generatedduringtheswitchto theperformancetool. As a
result,two new objectshavebeendefinedin Design/CPN:theperformancepageandtheperformance
node.

PerformancePage
The performancepageis simply a pagethat hasthe namePerformance Page. Whenthe switch is
madeto theperformancetool, sucha pagemustexist. If it doesnot exist, a new onewill becreated
automatically. This pagemay containat mostoneauxiliary node. If no auxiliary nodeis found on
thepagewhena switch is made,thena new onemustbecreated.If morethanonenodeexist, then
theuserwill be warnedandwill thenhave to deleteall but oneof theauxiliary nodesandreinvoke
Enter Perf.

PerformanceNode
The oneauxiliary nodethat canbe on the performancepagewill be referredto asthe performance
node.Theusermustdefinethenecessaryperformancefunctionsin theperformancenodein orderto
ensurethatdatawill becollectedasdesired.

Whentheswitch is madeto theperformancetool, theperformancenodeis automaticallyevalu-
ated(equivalentto choosingML Evaluate in theAux menu).After theperformancenodehasbeen
evaluated,thedatacollectors5 that have beendefinedin the performancenodeareinstalledandare
readyto extractdatafrom themodelduringsimulation.Invoking Initial State in theSim menuwill
deleteany existing datacollectorsandreevaluatethe performancenode,in additionto returningto
the initial state.Reevaluatingtheperformancenodesimply reinstallsall thedatacollectorsthatare
definedin the performancenode. If the performancenodeis evaluatedby invoking ML Evaluate
(insteadof using Initial State), thenold datacollectorswill not be deleted,andtherefore,multiple
copiesof a datacollectormayexist.

Important: No syntaxcheckis madefor theperformancenode.Theuseris responsiblefor checking
if any errorhasoccurredby checkingtheauxiliary region thatappearsnext to theperformancenode
whenML Evaluate is invoked. Additionally, theswitch to theperformancetool is madeeven if an
erroris foundin theperformancenode.

2.3 Simulation and Data Collection

After theswitchhasbeenmadeto theperformancetool, themodelis readyfor simulation.In orderto
collectdata,anAutomatic Run (in theSim menu)mustbestarted.Datawill becollectedandstored
duringthesimulation.At any stoppoint in thesimulation,it is possibleto createaperformancereport
(seeSect.7).

Detailsand Limitations
5Datacollectorswill bedefinedin Sect.6.
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Whenyoumodify aCPNdiagram,it is necessaryto regeneratetheperformancecode.Whenamodi-
ficationis madewhile beingin thesimulator, it is sufficient to invoke ReswitchandthenEnter Perf.
This meansthatall datacollectorswill bedeleted,andtheperformancenodewill beevaluatedagain
to reinstallthedatacollectors.

2.4 Limitations in the Curr ent Version

In thecurrentversionof theperformancetool it is only possibleto collectdataduringanAutomatic
Run, i.e. datawill notbecollectedduringanInteracti ve Run.
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3 Random Number Functions

Randomnumberfunctionsallow the userto draw randomsamplesfrom differentdistributions. By
using suchfunctionsit is easierto constructa more precisemodelof somephysicalphenomenon
thanhaving to model the distribution explicitly in the CPN model. This in turn can lead to better
resultswhensimulatingandanalysingtheperformanceof themodel.Therandomnumberfunctions
canalsobeusedin thestandardsimulator, i.e. oneis not limited to usingthesefunctionsonly in the
performancetool.

Thefollowing subsectionspresenteachof theavailablerandomnumberfunctions.Theinterface
for eachfunctionis presentedalongwith ashortdescriptionandanexampleof practicaluse.Finally,
thefollowing arealsoshown for eachfunction:meanvalue,variance,andthedensityfunctionwhich
indicateshow likely avalueis to bedrawn from thecorrespondingdistribution. Furtherdetailson the
implementationof therandomnumberfunctionsandtheunderlyingpseudorandomnumbergenerator
canbefoundin [4].

3.1 Bernoulli

Interface:fun bernoulli (p:real) : int

Where�������	� . Thevaluereturnedis either0 or 1. Thefunctiongivesadrawing from a Bernoulli
distribution with aprobabilityof � for success,i.e. success
 1.

Example1 Throwa dieandobserveif a sixwasthrown.Thisexperimenthasa Bernoulli
distribution with parameter��

�� for success.

Mean: �
Variance:�����������
Thedensityfunction, ��������� , is givenby:

����������
 ��! �"��� x=0� x=1� elsewhere
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3.2 Binomial

Interface:fun binomial (n:int, p:real) : int

Where#%$&� and ���%�'�&� . Returnsadrawing from abinomialdistribution with # experimentsand
probability � for success.

Thebinomialdistribution is relatedto theBernoulli distribution in the following way: thesumof #
Bernoulli drawingswith parameter� hasabinomialdistribution with parameters� and # .

Example2 Throw a die �(�)� timesandobservehowmanytimesa six wasthrown. This
processhasa binomialdistribution with parameters #'
*�(�)� and �+
 �� .

Mean: #,�
Variance:#,�����������
Thedensityfunction, � � ����� , shown in Fig. 9 is givenby:

����������
 ��  
- #�/. �102���3�4���658720 x=0, 1, 2, ..., n� elsewhere

0
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0.1

0.15

0.2

0 10 20 30 40 50 60 70

n=20, p=0.5
n=100, p=0.5
n=100, p=0.3

PSfragreplacements

9;:<!=>

0
Figure9: Binomialdensities.
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3.3 Chi-square

Interface:fun chisq (n:int) : real

Where#%$&� . Returnsadrawing from a chi-squaredistribution with # degreesof freedom.

The sum of the squaresof # independentnormally distributed randomvariableswith mean � and
standarddeviation � is achi-squareddistribution with # degreesof freedom.

Example3 An examplefor this distribution hasbeenomitteddueto the fact that it is
rarely foundin nature. Instead,thedistribution is usedwhendoingstatisticaltests.

Mean: #
Variance:?�#
Thedensityfunction, ��������� , shown in Fig. 10 is givenby:����������
A@ �BDCFEHGJILK 5)M BON � K 5)M BON 7 �FP 720QM B x R 0� elsewhere

whereST�VUW��
/X�YZ �\[ 7 �]P 720)^ �`_WU�Ra�

0

0.1

0.2

0.3

0.4

0.5

0 2 4 6 8 10 12 14

n=2
n=3
n=5
n=7

PSfragreplacements

9;:< =>

0
Figure10: Chi-squaredensities.
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3.4 DiscreteUniform

Interface:fun rint (a:int, b:int) : int

Wherebc�ed . Returnsadrawing fromadiscreteuniformdistributionbetweenb and d ( b and d included).

Example4 Throwing a die hasa discreteuniform distribution with parameters bf
g�
and d�
ih . Thefunction j�kH#�l will thenreturnthenumberof eyeson thedie.

Mean: mon�pB
Variance:

K p 7 mon � N G 7 �� B
Thedensityfunction, � � ����� , shown in Fig. 11 is givenby:� � ������
rq �p 7 msn � x = a,a+1,..., b� elsewhere
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9;:< =>

0
Figure11: Discreteuniform densities.
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3.5 Erlang

Interface:fun erlang (n:int, l:real) : int

Where#%$&� and t`Re� . Returnsadrawing from anErlang5 ( t ) distribution with intensity t .
A drawing from an uvjwtVbx#�y distribution canbederivedby additionof # drawingsfrom aexponential
distribution.

Example5 A shopgiveseach �(�)� th customera present.Thearrival timebetweencus-
tomers is exponentiallydistributedwith intensitytz
i{w� perhour. Thesumsof thearrival
timesbetweencustomers is Erlang distributedwith parameters #'
*�(�)� and t|
i{w� .

Mean: 5 }
Variance: 5} G
Thedensityfunction, � � ����� , shown in Fig. 12 is givenby:����������
A@ } CK 5x7 � NV~ �\587 � P 720 } �'Ra� andn=1,2, 3, ...� elsewhere
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9;:< =>

0
Figure12: Erlangdensities.
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3.6 Exponential

Interface:fun exponential (r:real) : real

Wherej�Ra� . Givesadrawing from aexponentialdistribution with intensity j .
Example6 Customers arrive at a postofficefor service. Thetimebetweentwo arrivals
hasa meanof 4 minutes.Theinter-arrival timehasa exponentialdistribution with pa-
rameterjv
 �� .

Mean: ��
Variance: �� G
Thedensityfunction, ��������� , shown in Fig. 13 is givenby:����������
 q j P 7 � 0 x $ 0� elsewhere
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9;:< =>

0
Figure13: Exponentialdensities.
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3.7 Normal

Interface:fun normal (n:real, s:real) : real

Returnsadrawing from anormaldistribution with mean# andvariance� .
Example7 A factory produceschocolatein packages of {w�)� grams. The amountof
chocolatein each package has a normal distribution with mean #r
�{w��{ gramsand
variance ��
&� grams.Each package with a weightlessthan500gramswill berejected
in thecontrol procedure.

Mean: #
Variance:�
Thedensityfunction, ��������� , shown in Fig. 14 is givenby:� � ������
 �� ?)�Q� P 73���s� CF� GGV�
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9;:< =>

0
Figure14: Normaldensities.
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3.8 Poisson

Interface:fun poisson (m:real) : int

Where�gRa� . Returnsadrawing from aPoissondistribution with intensity � .

Example8 A companyhasa networkwith a certain load. Each secondan average of�(�)� packets is sentto the network. Thenumberof packetsarriving to the networkper
secondis Poissondistributedwith an intensity�

*�(�)� .

Mean: �
Variance:�
Thedensityfunction, ��������� , shown in Fig. 15 is givenby:� � ������
rqg� �0 ~ P 7 � x = 0, 1, 2, ..., n� elsewhere
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9;:< =>

0
Figure15: Poissondensities.
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3.9 Student

Interface:fun student (n:int) : real

Where#�$&� . Returnsadrawing from aStudentdistribution (alsocalledt distribution)with # degrees
of freedom.

Notethatas # increases,theStudentdensityapproachesthenormaldensityin Sect.3.7. Indeed,even
for #'
i� theStudentdensityis almostthesameasthenormaldensity.

Example9 An examplefor this distribution hasbeenomitteddueto the fact that it is
rarely foundin nature. Instead,thedistribution is usedwhendoingstatisticaltests.

Mean: �
Variance: �5x7 B
Thedensityfunction, � � ����� , shown in Fig. 16 is givenby:

����������
 S�����#c���Q�D�w?��� #z�cST��#`�w?�� - �T� � B# . 73� CF�,���G
whereST�VUW��
 X�YZ �\[ 7 �]P 720)^ �`_OU Ra�,¡
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9;:< =>

0
Figure16: Studentdensities.
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3.10 ContinousUniform

Interface:fun uniform (a:real, b:real) : real

Wherebc�ed . Returnsadrawing from auniformdistribution betweenb and d .
Example10 A personis askedto choosea real numberbetween� and �(� . Thisrandom
variableis uniformlydistributedwith parameters b¢
*� and d"
£�(� .

Mean: mon�pB
Variance:

K p 7 m N G� B
Thedensityfunction, � � ����� , shown in Fig. 17 is givenby:� � ������
rq �p 7 m a ¤ x ¤ b� elsewhere

-0.05

0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

0 2 4 6 8 10 12

a=1, b=5
a=6, b=12

PSfragreplacements

9;:< =>

0
Figure17: Uniform densities.
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4 Binding Elementsand Markings

In theperformancetool it is possibleto referto eachstateof a modelduringsimulation,i.e. onecan
refer to eachencounteredmarkingduring simulation. It is alsopossibleto inspecthow a statewas
reachedfrom thepreviousstate,i.e.onecaninspecteachoccurringbindingelementduringsimulation.
Thus,valuescanbeextractedfrom themarkingsandbindingelementsfor updatingthedatacollectors.
TwodifferentML structuresareavailable:thestructurePerfMark containingamarkingfunctionfor
eachplace,andthestructureBind containingabindingconstructorfor eachtransitionin theCP-net.
Thesefunctionsandconstructorscanbe usedto determinewhento extract dataandwhich datato
extract.ThePerfMark andBind structuresareanalogousto theMark andBind structureswhich
aredescribedin theDesign/CPNOccurrenceGraphManual[8].

4.1 Binding Elements

To denotebindingelementsthefollowing constructorsareavailable:

con Bind. ¤ PageNameR�¥¦¤ TransName R : Inst § record -> Bind.Elem

wherethesecondargumentis a recordspecifyingthebindingof thevariablesof thetransition. The
typeof thisargumentdependsuponthetransition.

For examplein theFerriswheelmodel:

Bind.FerrisWhee l ¥Customer (1, ¨ nextCust 
 75,n=x © )
matchesthebindingelementwherethetransitionCustomerArrives(with thenameCustomer) on the
first instanceof pageFerrisWheelhasthevariablenoOfCust boundto 75. Thevariablex is included
to beableto inspectthevalueboundto thevariablen.

It shouldbenotedthatBind. ¤ PageNameR ¥ ¤ TransName R is a constructor. This meansthat it
canbeusedin patternmatching.For example:

Bind.FerrisWhee l ¥Customer

will matchwith everyoccurrenceof eachinstanceof thetransitionCustomerArrives(with nameCus-
tomer).

Bind.FerrisWhee l ¥Customer (1, ¨ nextCust=75, ... © )
will matchwith eachoccurrenceof thefirst instanceof thetransitionCustomerArriveswherethevari-
ablenextCust is boundto thevalue75andregardlessof whatany othervariablesmightbeboundto.
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4.2 Markings

Marking Function
To inspectthemarkingsof differentplaceinstancesthefollowing functionsareavailable:

fun PerfMark. ¤ PageNameR ¥ ¤ PlaceName R : Inst -> (CPN’OGrec ª CS ms)

whereCSis thecoloursetof theplace.

For examplein theFerriswheelmodel:

PerfMark.Ferris Wheel ¥Waiting 1 net marking

returnsthemulti-setof tokenson the placeWaiting Customers(with thenameWaiting) on thefirst
instanceof thepageFerrisWheel. Thevariablenet marking refersto thecurrentmarkingof the
entirenet.

Multi-set Representation
The PerfMark functionsreturnthe internal ML representationof a multi-set. The internalrepre-
sentationof a multi-setdiffers from the formal sumrepresentation6 which canbeseenin connection
with tokensduringsimulations.

Thefunctionms to list canbeusedto convert eithermulti-setrepresentationinto a list represen-
tation.

fun ms to list : CS ms -> CS list

Thefunctionstriptime canbeusedto remove thetime stampsfrom a timedmulti-set.

fun striptime : CS tms -> CS ms

Thefollowing list shows thedifferentrepresentationsof asimpletimedmulti-set.Item3 is theresult
of applyingstriptime to eitherof themulti-setrepresentationsin Items1 and2. Item4 is theresult
of applyingms to list to eitherItem3 or theformal sumrepresentationof thesamemulti-set.

1. Formal sum: ?L« true ¬i�;�w_]���2����« false ¬/�;�s�
2. Inter nal: (2,true ,[BI ¨ digits=[1] ,si gn=POS© , BI ¨ digits=[3],sig n=POS© ]) !!!

(1,false ,[BI ¨ digits=[1] ,si gn=POS© ]) !!! tempty

3. Stripped time: (2, true ) !! (1, false ) !! empty

4. List: [true,true,false ]

Chapter37of theDesign/CPNReferenceManual[3] containsfurtherdetailsabout:­ ms to list
6SeeDefinition 2.1 in [6]
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­ theinternalML representationfor multi-sets­ untimedandtimedmulti-sets­ theoperators!! and!!!­ theconstantsempty andtempty
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5 Statistical Variables

This sectiondescribestheconceptof statisticalvariables.Statisticalvariablesaredatastructurespro-
viding the ability both to accumulatevaluesfrom a simulationand to accessstatisticsaboutthese
valuesduring thesimulationof a model. Thevaluesaccumulatedin a statisticalvariablecanbe in-
tegersor reals. Two typesof statisticalvariableswith differentbehaviour areavailable: timed and
untimed.

Thevaluesandstatisticsthatcanbeaccessedin bothtypesof statisticalvariablesare:­ first value­ lastvalue(mostrecentlyaddedvalue)­ minimum­ maximum­ count(numberof updates)­ sum­ sumof squares­ average­ sumof squaresof deviation­ standarddeviation­ variance

Timedstatisticalvariablesincludeadditionally:­ time of first update­ time of lastupdate­ time interval (indicateshow muchtime haselapsedsincethe statisticalvariablewasfirst up-
dated)

5.1 Untimed Statistical Variables

Figure18 shows how anuntimedstatisticalvariableis updatedwith differentobserved values.If an
untimedstatisticalvariableis updatedwith the the samevalue twice, thenthe value influencesthe
statisticstwice,asexpected.Let �1®J_`kW
*�w¡�¡!# bethevalueswith whichanuntimedstatisticalvariable
is updated.Thesumandaverageof thevaluesarecalculatedin thefollowing way:¯�° � 5 
/± 5®³² � �\® ´¶µ P jwb8y P 5 
A·�¸ � C5

Theremainingstatisticsarecalculatedin asimilar fashion.
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Figure18: Observedvaluesfor untimedstatisticalvariables.

5.2 Timed Statistical Variables

Timedstatisticalvariablesdiffer from untimedstatisticalvariablesin thataninterval of timeis usedto
weighteachobservedvalue.Figure19 illustrateshow a timedstatisticalvariableis updated.Assume
thata timedstatisticalvariablewascreatedat thetime l Z andthatthecirclesindicatewhenthetimed
statisticalvariablewasupdated.Thevariablewaslastupdatedat time l 5 with value � 5 .

At time lJ® , the timed statisticalvariableis updatedwith a new value �1® , thenat time lJ® n � it is
updatedwith thevalue �\® n � . Theinterval � lJ®6_DlJ® n � � is usedto weightthevalue �1® , in otherwords,the
weight of the value � ® is ��l ® n � �¹l ® � . At preciselytime l ® , � ® hasno influenceon sum,sumof the
squares,average,sumof thesquaresof deviation, standarddeviation or variancebecausetheweight
is zero,but for all time lTRal6® , �1® will influencethesevalues.
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Figure19: Observedvaluesfor timedstatisticalvariables.

Thesumandtheaverageof thevaluesat time l�$¹l 5 arecalculatedin thefollowing way:¯�° ��º`
£� ± 587 �®�² � �\®1§»��lJ® n � �fl6®¼�D�z�½� 5 §»��l��fl 5 � if lT$¹l 5´¶µ P jwb8y P º¾
 ·�¸ �T¿º 7 º � if l�$¹l 5
With timed statisticalvariables,it is possiblefor a valueto exist for zerotime, seefor example

Fig. 19 wherethevalue � B at time l B existsfor zerotime becauseit is followedby anupdatewith the
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value �ÁÀ at thesamemodeltime ( l B 
Âl�À ). In this situation,in contrastto theabove mentionedsta-
tistical measures,themeasuresmaximum,minimumandcounttake into accountall thevalueswith
which the statisticalvariablehasbeenupdated,i.e. including the oneswhich have existedfor zero
time. This is dueto the fact thatmaximum,minimum,andcountaretheonly statisticsthatarenot
weightedwith thetime elapsedsincethelastupdate.

TechnicalRemark.Consideratimedsimulationwith integertime. If thetimeadvanceswith valueone
for eachupdateof a timedstatisticalvariable,thenthestatisticsfor thetimedanduntimedstatistical
variablesareequal,assumingthat thestatisticsareaccessedonetime unit after the lastupdate.The
reasonis thatin thissituationtheweightis onefor eachvaluein thetimedstatisticalvariable.
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6 Data Collectors

A datacollectoris acentralconceptin theperformancetool. Datacollectorsdeterminehow to extract
valuesfrom aCPNmodel,whento extractthesevalues,andwhatto do with thevalues.It is possible
to maintainseveral different datacollectors(timed or untimedwith integer or real values)- each
extracting different valuesfrom markingsand/orbinding elementsduring simulation. Section6.1
givesa moredetaileddefinition of a datacollector. Sections6.2.1and6.2.2discusspredicateand
observationfunctions,respectively. Section6.3showshow to createadatacollector. Finally, Sect.6.4
describeshow to initialisedatacollectors.

6.1 What is a Data Collector

A datacollectordetermineswhento extract data,how to extract dataandandwhat to do with the
data.Eachdatacollectorcontainstwo functions:onewhichdetermineswhento extractdatafrom the
CPNmodel,andonewhichdetermineswhichdatato extract.Thesefunctionsarecalledthepredicate
functionandtheobservationfunction, respectively.

Thevaluesfor eachdatacollectormustbedealtwith somehow. Oneoptionis to storethevalues
in anobservation log file (seeSect.7.2). Theotheroption is to maintaina statisticalvariable.A de-
scriptionof statisticalvariableswasgivenin Sect.5. It is alsopossibleto maintainbothanobservation
log file anda statisticalvariable.Furthermore,onemustdecidewhetherthedatacollectorshouldbe
timedor untimed.Thetypeof thedatacollector(untimedor timed)will determinewhetheror not the
associatedstatisticalvariableuntimedor timed.Thedifferencebetweenuntimedandtimedstatistical
variablescanbefoundin Sects.5.1and5.2.

6.2 PerformanceFunctions

Threeuser-definedfunctionsareneededfor eachdatacollector; thesefunctionsarecollectively re-
ferredto asperformancefunctions.Two of thefunctionsareassociatedwith a datacollector, andthe
third is usedto createadatacollector.

Thetwo functionsassociatedwith a datacollectorarethepredicateandobservationfunctions.A
predicatefunction determineswhena datacollector is updated.An observation function is usedto
calculatethevaluewith which thecorrespondingdatacollectoris updated.

Thepredicatefunction is evaluatedaftereachstepof thesimulator. If it evaluatesto true then
the observation function is invoked, andthe correspondingdatacollector is updatedwith the value
observedby theobservationfunction.

Therelationbetweenthepredicatefunctionandtheobservationfunctionis asfollows:

if predicatethen
updatedatacoll(observation)

else ();

Thecreatefunctionis thethird function. It is usedto actuallycreatea datacollector. Thecreate
function is predefined,andit only needsto be calledwith an appropriateparameter, which will be
describedlater.

All performancefunctionsmust be written in the performancenodeon the performancepage.
Note thatSects.6.2.1,6.2.2,and6.2.3containdetailedsyntaxfor theperformancefunctions.These
functionscanbegeneratedby usingthetemplatefacility describedin Sect.6.3.

29



6.2.1 PredicateFunction

A predicatefunctionmusthave thefollowing format:
fun ¤ PredicateFuncNa meR (net marking, binding element)

with type:
fun ¤ PredicateFuncNa meR : CPN’OGrec * Bind.Elem -> bool

For the Ferriswheelmodela predicatefunction hasbeendefined;it returnstrue if eitherof the
following transitionsoccur:CustomerArrives(with thenameCustomer) or LoadNext Customer(with
thenameLoadNext). This is achievedby matchingthebindingelements

Bind.FerrisWhee l’ Custo mer
and Bind.FerrisWhe el’ LoadNext

Thefunctionlookslike this:

fun CustQueuePred(net marking, binding element) =
let

fun filterFun (Bind.FerrisWheel’Customer ) = trueÃ
filterFun (Bind.FerrisWheel’LoadNext ) = trueÃ
filterFun = false

in
filterFun binding element

end;

6.2.2 Observation Function

An observationfunctionmusthave thefollowing format:
fun ¤ ObservationFunc NameR (net marking, binding element)

with oneof thefollowing types:
fun ¤ ObservationFunc NameR : CPN’OGrec * Bind.Elem -> int

fun ¤ ObservationFunc NameR : CPN’OGrec * Bind.Elem -> real

For theFerriswheelmodelanobservationfunctionhasbeendefined;it dependsuponthemarkingof
theplaceWaiting Customers(with thenameWaiting). Theobservation function returnsthenumber
of tokenson the placein the currentmarking. This is doneby extractingthe markingof the place
Waiting Customers(usingthemarkingfunctionPerfMark.Ferris Wheel’ Waiti ng) from the
currentnetmarking.Finally, thesizeof themarkingis returned.

fun CustQueueObs(net marking, binding element) =
let

val mark Waiting = PerfMark.FerrisWheel’Waiting 1 net marking
in

CPN’size mark Waiting
end;
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6.2.3 CreateFunction

Therearetwo differentcreatefunctions:­ PerfCreate.newI ntD at aCol l­ PerfCreate.newR eal Data Coll

The returntypeof theobservation function (int or real) will determinewhich createfunction to
use. In the following PerfCreate.new In tD at aColl will be usedto illustrate the examples.
Thetypeanduseof thePerfCreate.new Real DataC ol l functionareanalogous.

EvaluatingthePerfCreate.newI nt DataC ol l with anappropriateparameterwill actuallycre-
ateadatacollector. Thetypeof this functionis asfollows:

fun PerfCreate.newI ntD at aCol l :¨ Name: string,
PredFun : CPN’OGrec * Bind.Elem -> bool,
ObsFun : CPN’OGrec * Bind.Elem -> int,
DataCollType : <untimedDC | timedDC>,
StatVar : bool,
LogFile : string option © -> unit

The Nameattribute specifiesthe nameof the datacollector. The PredFun and the ObsFun at-
tributeshold thepredicateandtheobservationfunction,respectively. TheDataCollType attribute
indicateswhetherthedatacollectordependsontimeor not(timedDC or untimedDC ).Theattribute
StatVar specifieswhethera statisticalvariablehasto be maintained.Finally, the attribute Log-
File indicateswhetheranobservation log file hasto bemaintained.ThevalueNONEindicatesthat
anobservationlog file will notbemaintained,andSOME"filename" indicatesthatanobservation
log file with namefilename will bemaintained.

For theFerriswheelmodel,thefollowing is usedto createadatacollector:
PerfCreate.newIntDataCollÄ

Name = "CustQueue",
PredFun = CustQueuePred,
ObsFun = CustQueueObs,
DataCollType = timedDC,
StatVar = true,
LogFile = SOME("CustQueue"ˆ

Int.toString( floor (!int erArri val)) ˆ
".log") Å

The datacollector hasthe name"CustQueue" , and it will be updatedwith valuesobserved by
the functionCustQueueObs . This observation functionwill be evaluatedonly whenthe function
CustQueuePred returnstrue . Thesetwo functionsweredefinedin Sects.6.2.1and6.2.2. The
observedvalueswill bestoredin a timedstatisticalvariableandanobservation log file. Thenameof
theobservation log file dependson thevalueof thevariableinterArrival . For example,when
interArrival=90 .0 thenameof theobservationlog file is CustQueue90.lo g.
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6.3 Creating Data Collectors

A new datacollectoris createdby evaluatingperformancefunctions:namelypredicate,observation
andcreatefunctions.Thesefunctionsmustbewritten in theperformancenode.It is possibleto gen-
eratea templatefor eachof thesetypesof functionswhile usingtheperformancetool.

To createdatacollectorsusingML templatesperformthefollowing sequenceof operations:

1. Selecta groupof transitionsandplaces(Shift and left-click) that you want to refer to in the
predicateand/ortheobservationfunction.

2. Invoke Data Collector in thePerf menu.Thedialogboxshown in Fig. 20appears.

Figure20: Data Collector dialogbox.

3. Give thedatacollectoraname.

4. Use the checkbox Statistics if you want a statisticalvariableto be maintainedfor the data
collector. Thestatisticscanbeviewedin aperformancereport.

5. UsethecheckboxLog file if youwantanobservationlog file to bemaintained.An observation
log file containseachvaluewhichhasbeenobservedby theobservationfunction.

6. Use the checkbox Timed if you want the datacollector to dependon time. If the box is
checked,you geta timedstatisticalvariableand/ora timedobservation log file, otherwisethey
areuntimed.

7. Click OK . This will appendsometemplateML codeto thecodein theperformancenodeon
theperformancepage.This new codecontainstemplatesfor thethreeperformancefunctions:
apredicatefunction,anobservationfunctionandacreatefunction.

8. Modify this templateML codeto gettheintendedbehaviour.

9. Evaluatetheseperformancefunctionsin oneof two ways:

(a) SelectInitial State in theSim menu

(b) Evaluatethemmanuallywith thefollowing two steps:

i. Selectthepredicateandobservation function,evaluatethemusingML Evaluate in
theAux menu,therebydeterminingthereturntypeof theobservationfunction.
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ii. Install thenew datacollectorby evaluatingthePerfCreate.newIn tD at aCol l
or PerfCreate.new RealD at aCol l call.

Examplesof templatecodefor theFerriswheelmodelcanbe found in AppendixA. The appendix
alsocontainsprecisedirectionsfor generatingthesamecode.

Templatesdo not have to beusedwhenwriting performancefunctions.If performancefunctions
arewritten from scratch,rememberthat they must bewritten in theperformancenode.After adding
performancefunctionsto theperformancenode,they mustbeevaluatedasin Step9 above.

Important: No syntaxcheckis madewhenevaluatingML codein theperformancenode.Theuseris
responsiblefor checkingif any errorhasoccurredby checkingtheauxiliary region thatappearsnext
to theperformancenodewhenML Evaluate is invoked.

6.4 Initialising Data Collectors

If theuserchoosesInitialize Data Collectors in thePerf menu,thenall thedatacollectorsareini-
tialised,i.e. all statisticscollectedin statisticalvariablesaredeleted,andall observation log files are
emptied.
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7 Output Facilities

The performancetool cancreatetwo typesof outputfiles. The first is a performancereportwhich
providesstatisticsaboutthedatathathasbeencollected.Thesecondtype is anobservation log file
which is simply a file that containseachvalue that hasbeenobserved by onespecificobservation
function.

7.1 PerformanceReport

A performancereport can be saved anytime a simulation is stopped. Stop criteria can be set by
invoking General Simulation Options in the Set menu. A performancereport containsstatistics
aboutthedatathathasbeencollectedduringa simulation. Thesestatisticsareextractedfrom all of
thestatisticalvariableswithin thedatacollectors.A list of theavailablestatisticscanbeseenin either
Fig. 21below, or in Sect.5.

7.1.1 Report Setup

The layout of the performancereportcanbe specifiedby usingthe Report Setup entry in thePerf
menu.Thedialogboxshown in Fig. 21 appears.

Figure21: Report Setupdialogbox.

Text: specifiesthewidth of thecolumncontainingthenamesof thedatacollectors.

Values: definestheformatof numbers.Thefirst numberis thenumberof digits in theintegerpart
of numbers.Thesecondnumberindicatesthenumberof decimalpositionswhenrealsareincludedin
theperformancereport. Notethatwhencreatinga performancereport,if a numberis too large to fit
in thegivencolumnsize,thenthenumberis replacedby * ’s in theperformancereport.

Statistics: by checkingtheboxesof someof thestatistics,youindicatethatyouwantthesestatistics
to beprintedfor eachstatisticalvariable.
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TIMED STATISTICS
Name Count Sum Average Minimum Maximum
CustQueue 408 192971 10.620 1 21

UNTIMED STATISTICS
Name Count Sum Average Minimum Maximum
CustWait 200 3044 15.220 0 30

Currentstep:509
Currenttime: 18171

Figure22: Exampleof performancereport.

7.1.2 SaveReport

To save a performancereport,selectSave Report in thePerf menu. A dialogbox will appear, and
thenameof thefile in which theperformancereportwill besavedcanbespecified.

An exampleof aperformancereportcanbeseenin Fig.22. Thefunctionsthatwereusedto define
the datacollectorscanbe found in AppendixB. The reportwascreatedafter simulatingthe Ferris
wheelmodelwheninterArrival=90.0 until the time advancedto 18171.At this point thesimulation
hadtaken509steps.

7.2 Observation Log File

Datathathasbeencollectedduringa simulationcanbestoredin anobservationlog file. An obser-
vation log file will automaticallybe generatedin the file specifiedin the call for creatingthe data
collection. Note that it maybeusefulto specifyanabsolutepathto theobservation log file. This is
dueto thefactthatotherwisetheobservationlog file will besavedin thecurrentdirectorywhichmay
notbethedirectorythatonewouldexpect.

Therearetwo forms of observation log files: untimedandtimed. An untimedanda timed ob-
servation log file differ in how they areupdated.Eachobservation log file containstwo columnsof
numbers.Thevaluein thefirst columndependson thetype(timedor untimed)of theobservationlog
file. In anuntimedobservationlog file, thevaluein thefirst columnis simplyacounterindicatingthe
numberof theupdate.Whereasin atimedobservationlog file, thefirst columncontainsthesimulation
timesat which theobservation log file wasupdated.Thesecondcolumnalwayscontainsthevalues
thatwerereturnedby theobservationfunction.Table1 shows theformatfor eachtypeof observation
log file.

Important: Whenyou selectInitial State (in theSim menu)the performancenodeis reevaluated,
anddatacollectorsarecreated.If anobservationlog file hasthesamenameeachtimetheperformance
nodeis evaluated,thenthecontentsof thelog file will belost whena new simulationis started.You
musteithercreateuniquefile namesor movetheobservationlog filesbeforestartinganew simulation.
An exampleof how to createvaryingfile namescanbeseenin Sect.6.2.3.
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Untimed

1 ÆzÇ
2 Æ\È
3 Æ\É

...

TimedÊ Ç ÆzÇÊ È Æ\ÈÊ É Æ\É
...

Table1: Observationlog file format.

Thedatain theobservation log files canbeusedto plot graphs.In particular, thedatacanbeplotted
by thegnuplot plottingprogram[5]. Figure23shows agraphthatwascreatedusinggnuplot andthe
datain theCustQueue90.log observation log file. Thegnuplotscript thatwasusedto createthe
graphin Fig. 23 canbefoundin AppendixC.
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Figure23: Plotteddatafrom observation log file.
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8 AccessingStatistical Variableswithin Data Collectors

This sectiondescribesfunctionsthatcanbeusedto accessstatisticalvariableswithin datacollectors
(seeSect.5 for detailsaboutstatisticalvariables).Whendefiningpredicateandobservationfunctions,
it is sometimesadvantageousto beableto accessstatisticalmeasuresof thestatisticalvariableinside
a datacollector, e.g.to beableto refer to thecurrentsumor average.Onecanalsobe interestedin
creatinganobservation log file whichcanbeusedfor plotting thevarianceof acertainmeasure.

This is possibleby usingthefunctionsdescribedin this section.Notethatthefunctionscanonly
beusedafterswitchingto theperformancetool andcannotbeusedin arcexpressions.

A structurenamedPerfAccessDC containsthefunctions.Thegeneralformatof thefunctionsis:
PerfAccessDC.<M easu re> [I |R ] "Name of DC"

whereÌ
<Measure> : Identifiesthemeasureto beaccessed,i.e.Sum, Avrg , etc.Ì
[I|R] : Somemeasureshavedifferenttypes– dependingonthetypeof thevaluesstoredin the
datacollector, i.e. thereturntypeof theobservation function. ” I ”= int , ”R”=real , while ””
indicatesthatonly onetypeis possiblefor thismeasure.Ì
"Name of DC": identifiesthedatacollectorto beaccessed,i.e. it hasto bereplacedby the
full nameof thedatacollector.

Notethatthestatisticalmeasuresthatdependon timeareevaluatedat currenttime.

8.1 Functions for AccessingData Collectors

Average
fun PerfAccessDC.Av rg : string -> real

Count
fun PerfAccessDC.Co unt : string -> int

First Observed Value
Typeof values:int

fun PerfAccessDC.Fi rst I :string -> IntInf.int

Typeof values:real
fun PerfAccessDC.Fi rst R:string -> real

Maximum
Typeof values:int

fun PerfAccessDC.Ma xI :string -> IntInf.int

Typeof values:real
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fun PerfAccessDC.Ma xR:string -> real

Minimum
Typeof values:int

fun PerfAccessDC.Mi nI :string -> IntInf.int

Typeof values:real
fun PerfAccessDC.Mi nR:string -> real

Sum
Typeof values:int

fun PerfAccessDC.Su mI :string -> IntInf.int

Typeof values:real
fun PerfAccessDC.Su mR:string -> real

Sum of Squares
Typeof values:int

fun PerfAccessDC.SS I :string -> IntInf.int

Typeof values:real
fun PerfAccessDC.SS R:string -> real

Sum of Squaresof Deviation
fun PerfAccessDC.SS D:string -> real

Standard Deviation
fun PerfAccessDC.St D:string -> real

Last Observed Value
Typeof values:int

fun PerfAccessDC.Va lue I :string -> IntInf.int

Typeof values:real
fun PerfAccessDC.Va lue R:string -> real

Variance
fun PerfAccessDC.Va ri : string -> real
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8.2 Additional Functions for Timed Data Collectors

Thefunctionsbelow accessstatisticalmeasuresthatareonly definedfor timeddatacollectors.

Time Inter val
fun PerfAccessTime dDC. Int er va l : string -> IntInf.int

Time of Last Observation
fun PerfAccessTime dDC. Las tT im e: string -> IntInf.int

Time of First Observation
fun PerfAccessTime dDC. Sta rt Ti me: string -> IntInf.int

8.3 Exceptions

If you aretrying to accessthestatisticalvariableof a non-existentdatacollector, thenan exception
will beraised.Theexceptionis namedPerf SVNotFoundInDC name, wherename is thename
of thenon-existentdatacollector. Theexceptionwill behandledby theexceptionreportingfacilities
describedin Sect.9.

8.4 Return type IntInf .int

The aforementionedaccessfunctionscanbe usedto accessstatisticsfrom statisticalvariablesthat
areassociatedwith datacollectors.Datacollectorscancurrentlybeupdatedwith eitherrealnumbers
(real ) or integers(int ). This sectiondiscusseswhy the returntypeof many of thesefunctionsis
IntInf.int (theML typefor infinite integers)ratherthanint .

The functionsreturninfinite integersfor two reasons.Thefirst reasonis that the typeof time is
IntInf.int . Therefore,it is reasonableto expectthat thefunctionsthat returninformationabout
whena timedstatisticalvariablewasupdatedreturnaninfinite integer.

Secondly, statisticalvariableshave beenimplementedsuchthat they canbe updatedwith an in-
teger, but the integersareconvertedto infinite integersbeforethestatisticsarerecalculated.This is
doneto avoid overflow, for example,whencalculatingsumsof squares.

Thefollowing functionsmaybeusefulfor manipulatinginfinite integers:

fun IntInf.toInt : IntInf.int -> int

This functionwill raisetheOverflow exceptionif thevaluedoesnot fit in an int .

fun IntInf.toString : IntInf.int -> string

For moreinformationaboutinfinite integersandthe IntInf structurein StandardML see[9].
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9 Exception Reporting

This sectiondiscussesreportingof exceptionsin theperformancetool. A numberof differentexcep-
tionsmayberaisedwhile manipulatingdatacollections.Theperformancetool providessomebasic
feedbackconcerningexceptionsthathave beenraised,providedthattheexceptionsareraisedin con-
nectionwith datacollectionor file manipulationin theperformancetool.

An exceptionreportis createdfor thefollowing typesof exceptions:Ì
I/O exceptionsraisedwhenmanipulatingobservation log files.Ì
I/O exceptionsraisedwhensaving performancereports.Ì
Exceptionsraisedwhenupdatingandaccessingstatisticalvariables.Ì
Exceptionsraisedwhenevaluatingpredicateandobservationfunctions.

If oneof theabove typesof exceptionsis raised,anexceptionreportwill becreated.This is done
by first creatinga pagecalledPerf Exceptions. On this page,anauxiliary nodewill becreated,and
thedescriptionof theexceptionthathasbeenraisedis written in this node.After thereporthasbeen
writtenonthePerf Exceptionspage,adialogboxopensindicatingthatanexceptionhasbeenraised,
andthesimulationstops.

Eachexceptionreportcontainsthenameof theCPNdiagramandsomeindicationof thetypeof
exceptionthatwasraised.If anexceptionis raisedwhenevaluatinga predicateor observation func-
tion, thenthecurrentstepnumberandbindingelementarealsoincludedin theexceptionreport. If
an exceptionis raisedwhile updatinga datacollection,thenthenameof thedatacollectionwill be
includedin thereport.Finally, if anexceptionis raisedin connectionwith file manipulation,thenthe
nameof thefile will beincludedin theexceptionreport.An exampleof anexceptionreportis shown
in Fig. 24.

Design/CPN Performance Tool Exception Report

Diagram: /users/cpnuser/ model/ Fer ri sWheel

An Io exception was raised while manipulating
an observation log file.

Error: open out "/users/cpnuser /C us tQ ueue. lo g" :
openf failed, Permission denied.

Figure24: Exampleof anexceptionreport.
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A TemplateFunctions

This appendixcontainstemplatecodethatwasgeneratedby theperformancetool. A descriptionof
theexactstepsthatweretakenin orderto generatethegivencodecanbefoundbelow. AppendixA.1
shows templatefunctionsfor collectingdataconcerningthelengthof thecustomerqueue.Appendix
A.2 containstemplatefunctionsfor customerwait time. Themodifiedversionof thecodewhich can
beusedto createdatacollectorscanbefoundin AppendixB.

A.1 Customer Queue

This appendixcontainstemplatecodewhich canbe modifiedin orderto calculatethe lengthof the
customerqueue.WhenthetransitionCustomerArrives(with thenameCustomer) occurs,anew cus-
tomerarrivesandthe lengthof thequeueincreases.Whenthe transitionLoadNext Customer(with
thenameLoadNext) occurs,the lengthof thequeuedecreasesbecausea customerleavesthequeue.
Thecustomerswaiting in thequeuearemodelledby thetokensontheplaceWaitingCustomers(with
thenameWaiting).

Thefollowing sevenstepsweretakenin orderto generatethefollowing templatecode.

1. Select(in groupmode)thetransitionsCustomerArrivesandLoadNext Customerandtheplace
Waiting Customers.

2. Invoke theData Collector item in thePerf menu.

3. Give thedatacollectorthename“CustQueue”.

4. ChecktheboxStatistics.

5. ChecktheboxLog file.

6. ChecktheboxTimed.

7. Click OK, andthefollowing codeis addedto theperformancenode.

(* -= Í CustQueueÎ =- *)

fun CustQueuePred(net marking, binding element) =
let

val mark Waiting = PerfMark.FerrisWheel’Waiting 1 net marking 5
fun filterFun (Bind.FerrisWheel’LoadNext (1, Ï noOfCust=noOfCust,n=n,loadTime=loadTime,

arrivalTime=arrivalTimeÐ )) =Ñ
filterFun (Bind.FerrisWheel’Customer(1, Ï nextCust=nextCust,n=nÐ )) =Ñ
filterFun =

in 10
filterFun binding element

end;
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fun CustQueueObs(net marking, binding element) = 15
let

val mark Waiting = PerfMark.FerrisWheel’Waiting 1 net marking
fun filterFun (Bind.FerrisWheel’LoadNext (1, Ï noOfCust=noOfCust,n=n,loadTime=loadTime,

arrivalTime=arrivalTimeÐ )) =Ñ
filterFun (Bind.FerrisWheel’Customer(1, Ï nextCust=nextCust,n=nÐ )) = 20Ñ
filterFun =

in
filterFun binding element

end;
25

PerfCreate.new Î Int
Ñ
RealÍ DataCollÏ Name = "CustQueue" ,

PredFun= CustQueuePred,
ObsFun= CustQueueObs, 30
DataCollType = timedDC,
StatVar = true,
LogFile = SOME "CustQueue.log" Ð ;
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A.2 Customer Waiting Time

This appendixcontainstemplatecodewhich canbemodifiedin orderto calculatetheaveragewait-
ing time for the customersriding the Ferriswheel. Whenthe transitionLoadNext Customer(with
thenameLoadNext) occurs,thevariablearrivalTime on the input arc to LoadNext Customeris
boundto thetime (in seconds)whenthecustomerjoinedthequeue.This valuecanbeusedto calcu-
latehow long thecustomerwaitedin thequeue.

Thefollowing six stepsweretakenin orderto generatetemplatecode.

1. SelecttransitionLoadNext Customer.

2. Invoke theData Collector item in thePerf menu.

3. Give thedatacollectorthename“CustWait”.

4. ChecktheboxStatistics.

5. ChecktheboxLog file.

6. Click OK, andthefollowing codeis addedto theperformancenode.

(* -= Í CustWait Î =- *)

fun CustWaitPred (net marking, binding element) =
let

fun filterFun (Bind.FerrisWheel’LoadNext (1, Ï noOfCust=noOfCust,n=n,loadTime=loadTime, 5
arrivalTime=arrivalTimeÐ )) =Ñ

filterFun =
in

filterFun binding element
end; 10

fun CustWaitObs (net marking, binding element) =
let

fun filterFun (Bind.FerrisWheel’LoadNext (1, Ï noOfCust=noOfCust,n=n,loadTime=loadTime, 15
arrivalTime=arrivalTimeÐ )) =Ñ

filterFun =
in

filterFun binding element
end; 20

PerfCreate.new Î Int
Ñ
RealÍ DataCollÏ Name = "CustWait" ,

PredFun= CustWaitPred, 25
ObsFun= CustWaitObs,
DataCollType = untimedDC,
StatVar = true,
LogFile = SOME "CustWait.log" Ð ;
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B PerformanceFunctions

This appendixcontainsthe modified codeof the templatecodein Appendix A. Thesefunctions
wereusedwhensimulatingtheFerriswheelmodelin orderto generatetheobservation log files and
performancereportsthatarediscussedin Sects.1.3,7.1and7.2.

B.1 CustomerQueue

CustQueuePred returnstrue wheneithertransitionCustomerArrives(with nameCustomer) or
transitionLoadNext Customer(with nameLoadNext) occurs,i.e. it returnstrue only when
thelengthof thequeuechanges.

CustQueueObs returnsthe numberof tokenson placeWaiting Customers(with nameWaiting),
i.e. it returnsthe numberof customersin the queue. This function is evaluatedonly when
CustQueuePred returnstrue , i.e. it is evaluatedonly whenthesizeof thequeuechanges.

(* -= Í CustQueueÎ =- *)

fun CustQueuePred(net marking, binding element) =
let

fun filterFun (Bind.FerrisWheel’Customer(1, Ï nextCust=nextCust,n=nÐ )) = true 5Ñ
filterFun (Bind.FerrisWheel’LoadNext (1, Ï noOfCust=noOfCust,n=n,loadTime=loadTime,

arrivalTime=arrivalTimeÐ )) = trueÑ
filterFun = false

in
filterFun binding element 10

end;

fun CustQueueObs(net marking, binding element) =
let

val mark Waiting = PerfMark.FerrisWheel’Waiting 1 net marking 15
in

CPN’size mark Waiting
end;

PerfCreate.newIntDataColl 20Ï Name = "CustQueue" ,
PredFun= CustQueuePred,
ObsFun= CustQueueObs,
DataCollType = timedDC,
StatVar = true, 25
LogFile = SOME ("CustQueue"ˆ Int.toString(floor(!interArrival))ˆ".log" ) Ð ;
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B.2 CustomerWaiting Time

CustWaitPred returnstrue whentransitionLoadNext Customer(with nameLoadNext) occurs,
i.e. it returnstrue eachtimeacustomeris removedfrom thequeue.

CustWaitObs is evaluatedwhenLoadNext Customeroccurs.Whena customeris removed from
the queue,the variablearrivalTime is boundto the time at which the customerjoined
the queue.Therefore,(current time - arrival time) div 60 is thecustomer’s
waiting time in whole minutes(remember:in this model a unit of time is a second). The
definitionof function intTime canbefoundin Fig. 3.

(* -= Í CustWait Î =- *)

fun CustWaitPred (net marking, binding element) =
let

fun filterFun (Bind.FerrisWheel’LoadNext (1, Ï noOfCust=noOfCust,n=n,loadTime=loadTime, 5
arrivalTime=arrivalTimeÐ )) = trueÑ

filterFun = false
in

filterFun binding element
end; 10

fun CustWaitObs (net marking, binding element) =
let

fun filterFun (Bind.FerrisWheel’LoadNext
(1, Ï noOfCust=noOfCust,n=n,loadTime=loadTime, 15

arrivalTime=arrivalTimeÐ )) = (intTime() Ò arrivalTime) div 60
in

filterFun binding element
end;

20
PerfCreate.newIntDataCollÏ Name = "CustWait" ,

PredFun= CustWaitPred,
ObsFun= CustWaitObs,
DataCollType = untimedDC, 25
StatVar = true,
LogFile = SOME ("CustWait"ˆ Int.toString(floor(!interArrival))ˆ".log" ) Ð ;

52



C Gnuplot Scripts

Thefollowing scriptswereusedwith gnuplotunix version3.7.

C.1 Combined CustomerQueues

This script wasusedto producethe graphshown in Fig. 5. The datathat wasplottedwassaved in
threefiles: CustQueue60.log , CustQueue90.log , andCustQueue120.lo g. If thescript
is saved in a file namedcombinedqueue.g nu , thenthecommandsin thescript canbe executed
by typing thefollowing on thecommandline in gnuplot:

gnuplot> load’combinedqueue.gnu’

# gnuplot script for Customer Queue
# This is a comment

set title "Ferris Wheel - Queue"
show title
set xlabel "Time (seconds)"
show xlabel
set ylabel "Queue Size"
show ylabel

#set terminal postscript landscape monochrome
#set output "combCustQueue.ps"

plot [] [0:120] \
’CustQueue60.log’ title ’Inter-arrival Time = 60 seconds’ with lines , \
’CustQueue90.log’ title ’Inter-arrival Time = 90 seconds’ with lines , \
’CustQueue120.log’ title ’Inter-arrival Time = 120 seconds’ with lines

#set terminal x11
#replot
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C.2 Customer Queue

This scriptwasusedto producethegraphshown in Fig. 23. Thedatathatwasplottedwassaved in
thefile CustQueue90.log . If thescript is saved in a file namedCustQueue90.gn u, thenthe
commandsin thescriptcanbeexecutedby typing thefollowing on thecommandline in gnuplot:

gnuplot> load’CustQueue90.gnu’

# gnuplot script for Customer Queue
# This is a comment

set title "Ferris Wheel - Queue"
show title
set xlabel "Time (in seconds)"
show xlabel
set ylabel "Queue Size"
show ylabel

#set terminal postscript landscape monochrome
#set output "CustQueue90.ps"

plot \
’CustQueue90.log’ title "Inter-arrival Time = 90 seconds" with lines

#set terminal x11
#replot
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