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1 Intr oduction

This manualdescribeghe Design/CPNPerformancelool for facilitating simulationbasedperfor
manceanalysisof ColouredPetriNets. The performanceool is fully integratedin Design/CPN It
is assumedhat the useris familiar with both ColouredPetri Nets (CP-netsor CPN) [6, 7] andthe
Design/CPNool [2, 3,8].

In thiscontet, performanceanalysiss basednanalysisof dataextractedfrom aCPNmodeldur
ing simulation.The performanceool providesrandomnumbergeneratorsor a variety of probability
distributionsandhigh-level supportfor bothdatacollectionandfor generatingsimulationoutput. The
randomnumbergeneratorganbeusedto createmoreaccuratanodelsby modellingcertainprobabil-
ity distribution aspectof a systemwhile the datacollectionfacilities canextractrelevant datafrom
a CPN model. Note that the tool doesnot undertak ary performanceanalysis,ratherit providesa
meandor collectingdatawhichthencanbe analysedy theuser

Sectionl.1 gives a generaldescriptionof the performancetool. This includesmotivation for
developingthetool, a descriptionof the functionality of the tool, anda descriptionof the integration
of thetool in Design/CPNSectionl.2introducesa smallCPNmodelwhichwill beusedto illustrate
the useof the performancedool. Finally, Sect.1.3 will give a brief overvien of the outputthatthe
performanceool provides.

1.1 Overview of the Design/CPNPerformance Tool

Most applicationsof CP-netsareusedto investigatethe logical correctnessf a system.This means
that focusis on the dynamicpropertiesandthe functionality of the system. However, CP-netscan
alsobeusedto investigatehe performancef a systemg.g.,themaximaltime usedfor the execution
of certainactvities andthe averagewaiting time for certainrequestsTo performthis kind of analysis
oneoftenusesimed CP-nets.

While the Design/CPNool [2] supportsstatespaceanalysis[1, 3], timed simulationsandfunc-
tional analysis,it lacked integratedhigh-level supportfor performanceanalysisof a CPN model.
Previously, all collection of datahadto be explicitly definedandcodedby the user This, in turn,
meanthatthe userhadto befamiliarwith untimedstatisticalvariabled andthe useof codesegments.
An untimedstatisticalvariableis a datatype with which it is possibleto storecollectedvaluesand
later to extract differentstatisticalinformationsuchassumor average[3]. This manualdescribesa
performanceaool which remedieghe above shortcoming®of Design/CPN.

During simulationof a CPN model,one canbe interestedn evaluatingthe performanceof the
system.To do this it is necessaryo extractdifferentvaluesfrom the markingsor binding elements
encounteredluring simulationof the CPN model. A data collector is a centralconceptin the per
formancetool. A datacollectordeterminesvhenandhow datais extractedfrom the CPNmodeland
how to dealwith thisdata.A datacollectoris definedin Sect.6.1.

The performanceool providesan easyway to referto the valuesfrom markingsandbinding el-
ementso be examinedduring a simulation. The usermustwrite his own functionsfor extractinga
valuefrom a markinganda binding elementof a CP-net. The useris not requiredto recallthe exact
syntaxfor thefunctionsbecausét is possibleto generateéemplatedor the necessaryunctions.Data
collectionoccursduring simulation,andthe extractedvalueis thenaddedo the appropriatedatacol-
lector. Otherfacilities suchascreatingandinitialising a datacollectorandproducinga performance

1SeeChap.5in [7] for adefinitionof timed CP-nets
20riginally calledstatisticalvariables.
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Figurel: Overview of thetool.

reportduringsimulationarealsoavailable.

Figure 1 illustrateshow the performanceool is integratedin Design/CPN.The items (except
the item Simulatoy illustratethe component®f the new performanceool within Design/CPN.The
rectanglesllustrate the main component®f the tool while the dasheckllipsesindicatethe existing
librarieswhich have beenextendedandintegratedinto thetool. Thesolidline ellipsesindicateoutput
producedby the performanceool.

Theexecutionof themodelin Design/CPNusingtheperformancéool is asfollows: the Simulator
simulategshe CPNmodelpossiblyusingthe RandomiNumberFunctiondor generatingandomnum-
bers.At the sametime, the SimulatordoesData Collectionandupdateshe StatisticalVariablesnith
the new obseredvalues.Finally, the OutputFacilitiesdumpall of the obsered valuesin a detailed
Obsenation Log File. At ary stoppointin the simulation,the usercanalsogeneratea Performance
Reportusingthe Output Facilities A performancaeportshavs the currentstatusof the statistical
variablesg.g.sum,sumof thesquaresaverageandvariance.In thisway a Performanc&ieportgives
amoreabstracview of theobseredvaluesthantheview provided by an ObserationLog File.

1.2 Example: Ferris Wheel

In thismanuala CPNmodelof a Ferriswheelis usedto illustratetheuseof the performancéool. The
Ferriswheelis anamusemenparkride. In this system the Ferriswheelhasa capacityof four cus-
tomers.Whennew customerarrive they receve anumberedicket, andthey join aqueuewherethey
wait until it is their turn to ride the Ferriswheel. Theinterarrival time for customerss exponentially
distributed. Figure?2 depictsthe systemto be modelled.

Whatkind of performanceneasuresreinterestingor this system70neohviouschoicewould be
to considerthe lengthof the queue.How doesit grov andshrink? Anotherinterestingperformance
measuras the averageamountof time eachcustomemwaitsin thequeue.

Thesystems modelledby theCPNmodelshavn in Figs.3 and4. Theglobaldeclaratiomodefor
themodelcanbeseenn Fig. 3. ThevalueWheelSize indicateshecapacityof the Ferriswheel;in
this caseit is 4. ThevariableinterArrival is usedto modelthetime betweercustomerarrivals.
Note thatinterArrival is areferencevariable. A referencevariableis usedto make it possible
to changethe value of the variablewithout having to switch betweenthe editor andthe simulatoror
the performanceool in Design/CPN.The coloursetint is usedto modelthe time usedfor various
actvities. ThecoloursetIntT is atimedcoloursetwhichis usedto countcustomersThecolourset
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Figure2: Ferriswheel.

Ticket modelsaticket. A ticket consistof aticket numberandatime stampwhichindicateswvhen
theticket wasgivento a customer The colour setCustomer modelsthe customers.Notethatthe
coloursetE is alsoatimedcolourset. ThefunctionsdiscExp anddiscNorm areusedto generate
randomnumberdrom 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 Customerxicket = product Customer* Ticket

color E = with e timed,;

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

(* — Functions— *)

fun intTime() = Intinf.tolnt(time()); 20
fun round x = floor(x+0.5);

fun discNorm (x,y) = roundnormal (x,y));

fun discExp x = roundexponentiafx));

Figure3: Globaldeclarations.

Figure4 containsthe completenet structureof the model. The nameof the pagecontainingthe
netstructureis FerrisWheel Theleft-handsideof the netmodelsthe arrival of customerswhile the
restof thenetmodelsthe Ferriswheel. WhenthetransitionCustomerArrivesoccurs,anew customer
tokenis addedo the placeWaiting CustomersUponarrival, eachcustomers pairedwith anumbered
ticketwhich containsatime stamp.Thetime stampis equalto thecurrentmodeltime, andit is created



by meansof the functionintTime , onthe arc betweenCustomerArrivesand Waiting Customers
The place Waiting Customersepresentshe queueof customers.Customersareloadedfor the next
run of the FerriswheelwhenthetransitionLoadNet Customenccurs.ThearcsbetweenNext Ticket
andLoadNet Customeensurethat customersareloadedinto the Ferriswheelin the sameorderin
which they joinedthe queue.

When customersare loadedonto the wheel, they are counted(seethe inscriptionson the arcs
between_oadNet CustomeandLoadedCustomers Theguardof thetransitionStartWheelensures
thatthe Ferriswheelis not starteduntil eitherthereareno morecustomersn the queueor the Ferris
wheelis filled to capacity Oncethe Ferriswheelis started,it is running— modelledby the place
Running After the wheel stops(Stop Wheeloccurs),thennew customerscan be loaded,andthe
wheelcanbestartedagain.

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

interArrival := 90.0;

Wait for N
Customer,
E E

‘output (runTime); i +runTi e
e@+nextCust € ]actti))n ( ) | e@+#runTime
,  discNorm (300,300,
n -
Customer Ticket n Start Stop
Arrives T Numbe Wheel ¢ Wheel
,,,,,,,,,,,,,,,,, n+
‘output (nextCust); Int [n=m orelse
‘action . noOfCust=WheelSize]
‘discEXp(L.0/(interArrival); m

noOfCust

(custom, (n, intTime()))

A (custom,
Waiting (n, arrivalTime)) LoadNext noOfCust
Customers Customer [

CustomerxTicket [noOfCust < WheelSize] (@g‘i(lz)f;‘{r'?tr;i)
i

‘output (loadTime); |
‘action '
\discNorm (15.0, 4.0

Figure4: Ferriswheelnet.

The modelis an integertimed CPN model, andtime is measuredn seconds. The discExp
functionis usedto modeltheinter-arrival time for customersandit canbefoundin thecodesegment
associatedavith CustomerArrives Theinterarrival time for customerss exponentiallydistributed,
which is modelledusing the exponential randomnumberfunction, and the meaninterarrival
timeis interArrival secondsThevaluepointedto by the variableinterArrival is usedas
the parametefor thediscExp function. By changingthe valueandreevaluatingthe auxiliary node
(the box with thetext Parameter Control ), onecanchangetheinterarrival ratefor customers
(interArrival ) without having to switch to the editor® The discNorm  function in the code
sgmentfor LoadNet Customercalculatehov muchtime is neededor loadingeachcustomerThe
averagetime neededor loadinga customelis 15 secondsvhile the varianceis 4 secondsA similar
approachs usedto calculatehow muchtime is usedfor runningthe Ferriswheel—asshavn in the
codeseggmentfor StartWheel

SThisis particularlyusefulwhenonewishesto make a numberof simulationsusingdifferentparameters.



1.3 Performanceof Ferris Wheel Model

This sectionwill give a brief introductionto the outputthatcanbe createdby the performanceool.
Datawascollectedduringtwo simulationsof the Ferriswheelmodel. This datawill be shavn in two
differentforms,andthe datawill bebriefly analysed.

In the previous sectiontwo performanceaneasuresor the systemwerementioned:queuelength
andaveragewaiting time. The necessaryunctionsweredefinedfor collectingdataconcerninghese
measuresT hesefunctionswill bediscussedhroughouthe manualandcanbefoundin AppendixB.
The modelwasthen simulated. Three simulationswere madeto seehow changingthe parameter

interArrival affectsthe performanceof the system. The parameteinterArrival affects
how oftena newn customerarrivesat the Ferriswheel. Threesimulationswere made: onewith in-
terArrival=60.0 , onewith interArrival=90. 0, andonewith interArrival=120 .0.

Ferris Wheel - Queue

120 T T T

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

Inter-arrival Time = 120 seconds --------

100

80 |-

60 -

Queue Size

40

20 -

0 2000 4000 6000 8000 10000 12000 14000 16000 18000
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0 AP IR SR 101 o e T Y \ "I"'«

Figure5: Customeiqueuefor differentarrival rates.

Figure5 shawvs a graphwhich indicateshow changingthe interarrival time betweencustomers
will effectthe queuelength. WheninterArrival is 120.0secondshe sizeof the queueis never
largerthaneight. ReducinginterArrival to 90.0secondgroducesa queuesizethatfluctuates,
but doesnot continuallygrov. However, wheninterArrival=60. 0 thequeuegrows constantly
This graphwasplottedusingdatafrom observatioriog fileswhich werecreatedusingthe outputfa-
cilities of theperformanceool. Section7.2describe®bserationlog files. Thegraphwasmadeusing
thegnuplot program[5]. Thescriptthatwasusedto generatehe graphcanbefoundin AppendixC.

Examplesof the othertype of outputthat canbe generatedn the performancdool canbe seen
in Figs.6 and7. Theseperformanceaeportscontainstatisticsaboutthe datathathasbeencollected
concerninggqueuelengthandaveragedelay This type of reportgivesa high-level view of the data
sinceit is statisticsaboutthe dataratherthanalist of eachvaluethatwasobsered. In additionto the
statisticsshawn, the otherstatisticsthatcanbe calculatedare: first andlastvalueobsered, variance,



standarddeviation, sumof squaresandsumof square®f deviation. In thesereportsonecanseethat
wheninterArrival=1 20.0 , the averagewaiting time for eachcustomerwas 3.232minute$,
comparedo 44.526minuteswheninterArrival=6 0. 0. Similarly for the averagelengthof the
queue Performanceeportsaredescribedn 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
Cust\Wait 155 501 3.232 0 10
Currentstep:418
Currenttime: 18085

Figure6: Performanceeport,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
Cust\ait 196 8727 44526 4 92
Currentstep:592
Currenttime: 18044

Figure7: Performanceeport,interArrival =60.0.

4SeeAppendixB for anexplanationof how customemwait time is measuredn minutesratherthanseconds.



2 Simulation with the Design/CPNPerformance Tool

This sectionwill give a generalintroductionto simulatingCPN modelsusingthe performanceool.
Section2.1 describeshow to generatahe necessarL codefor the performancedool. Section2.2
introducesthe performancgageandnode. Finally, Sect.2.3 describedow to simulatemodelsand
collectdatausingthe performanceool.

2.1 Generation of Performance Code

Beforedatacanbecollectedfrom a CPNmodel,it is necessaryo generatehe performancecode i.e.
the ML codewhichis usedto extractdatafrom the CPN model. The performancecodeis generated
in away whichis similar to the switchfrom the editorto the simulator

To usethe performanceool the following stepsmustbe performed(in the specifiedorder)in either
theeditoror thesimulator:

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

2. UseGeneral Simulation Options to indicatewhetheryou wantyour simulationto be with or
withouttime. To choosehe settingsthatyou want, it maybefirst necessaryo useSimulation
CodeOptions.

3. Checkthebox OG Tool Violations in Syntax Options.

4. UseEnter Perf (in the File menu)to enterthe performanceool. This will createthe perfor
mancecodeandmay take sometime. WhenEnter Perf terminatesthe Perf menu(Fig. 8) is
addedto the menubar (at the rightmostend). This menucontainsall of the commandswvhich
arespecificfor the performanceool.

=l B

| File Edit Sim Aux Set Makeup Page Group  Text  Align

1 Type: Auxiliary Mode Time: 0 Step: 0 Text: Off Page Sc: Report Setup...
L Save Report...

Data Collector...

Initialize Data Collectors

Figure8: Perfmenu.

Eachof the menuitemsin the Perf menuwill be discussedn detail in later sections. Report
Setupis describedn Sect.7.1.1,andSave Report follows in Sect.7.1.2. TheitemsData Collector
andlnitialize Data Collectorsareintroducedn Sects6.3and6.4,respectrely.

Note: Invoking Enter Perf from the editor is a shortcutfor switching to the simulatorand then
switchingto the performanceool.



2.2 PerformancePageand Performance Node

In orderto collectdatain the performancdool, a numberof functions(from now on referredto as
performancedunction$ mustbe provided by the user Thesefunctionsaredescribedn Sects6.2.1—
6.2.3. The performancdunctionscannotbe definedin the global declaratiommodebecausehey are
dependenbn the performanceodethatis generatedluringthe switchto the performanceool. As a
result,two new objectshave beendefinedin Design/CPNthe performancegpage andthe performance
node

Performance Page

The performancepageis simply a pagethat hasthe namePerformance Page Whenthe switchis

madeto the performancedool, sucha pagemustexist. If it doesnot exist, anev onewill be created
automatically This pagemay containat mostone auxiliary node. If no auxiliary nodeis found on

the pagewhena switchis made,thena nev onemustbe created.If morethanonenodeexist, then

the userwill be warnedandwill thenhave to deleteall but one of the auxiliary nodesandreirvoke

Enter Perf.

PerformanceNode

The oneauxiliary nodethatcanbe on the performancepagewill be referredto asthe performance
node.Theusermustdefinethe necessarperformancdunctionsin the performancenodein orderto
ensurghatdatawill becollectedasdesired.

Whenthe switch is madeto the performanceool, the performancenodeis automaticallyevalu-
ated(equvalentto choosingML Evaluate in the Aux menu). After the performancenodehasbeen
evaluated the datacollectors that have beendefinedin the performancenodeareinstalledandare
readyto extractdatafrom the modelduring simulation. Invoking Initial Statein the Sim menuwiill
deleteary existing datacollectorsandreevaluatethe performancenode,in additionto returningto
theinitial state. Reevaluatingthe performancenodesimply reinstallsall the datacollectorsthatare
definedin the performancenode. If the performancenodeis evaluatedby invoking ML Evaluate
(insteadof usinglInitial State), thenold datacollectorswill not be deleted,andtherefore multiple
copiesof adatacollectormayexist.

Important: No syntaxcheckis madefor the performancenode.The useris responsibldor checking
if ary errorhasoccurredby checkingthe auxiliary region thatappearsext to the performancenode
whenML Evaluate is invoked. Additionally, the switchto the performanceool is madeevenif an
erroris foundin the performancenode.

2.3 Simulation and Data Collection

After theswitchhasbeenmadeto the performanceool, the modelis readyfor simulation.In orderto
collectdata,an Automatic Run (in the Sim menu)mustbe started.Datawill becollectedandstored
duringthesimulation.At ary stoppointin thesimulation,it is possibleto createa performanceeport
(seeSect.7).

Details and Limitations

SDatacollectorswill bedefinedin Sect.6.



Whenyou modify a CPNdiagram,it is necessaryo regenerate¢he performanceode.Whena modi-
ficationis madewhile beingin the simulator it is suficient to invoke ReswitchandthenEnter Perf.
This meanghatall datacollectorswill be deletedandthe performancenodewill be evaluatedagain
to reinstallthe datacollectors.

2.4 Limitations in the Curr ent Version

In the currentversionof the performanceool it is only possibleto collectdataduringan Automatic
Run, i.e. datawill notbecollectedduringaninteractive Run.






3 Random Number Functions

Randomnumberfunctionsallow the userto drav randomsamplesrom differentdistributions. By
using suchfunctionsit is easierto constructa more precisemodel of somephysicalphenomenon
thanhaving to modelthe distribution explicitly in the CPN model. This in turn canleadto better
resultswhensimulatingandanalysingthe performanceof the model. The randomnumberfunctions
canalsobeusedin the standardsimulator i.e. oneis not limited to usingthesefunctionsonly in the
performanceool.

Thefollowing subsectionpresenteachof the availablerandomnumberfunctions. Theinterface
for eachfunctionis presente@longwith a shortdescriptionandanexampleof practicaluse.Finally,
thefollowing arealsoshavn for eachfunction: meanvalue,variance andthe densityfunctionwhich
indicateshow likely avalueis to bedravn from the correspondinglistribution. Furtherdetailson the
implementatiorof therandomnumberfunctionsandtheunderlyingpseudaandomnumbergenerator
canbefoundin [4].

3.1 Bernoulli

Interface:fun  bernoulli (p:real) . int

Where0 < p < 1. Thevaluereturneds either0 or 1. Thefunctiongivesadraving from a Bernoulli
distribution with a probability of p for successi,e. success= 1.

Example 1 Throwadieandobservef a sixwasthrown. Thisexperimenthasa Bernoulli
distribution with parameterp = # for success.

Mean: »p
Variance:pp(l — p)

Thedensityfunction, fx (x), is givenby:

1—-p x=0
f)((x) = p x=1
0 elseavhere

11



3.2 Binomial

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

Wheren > 1 and0 < p < 1. Returnsadrawing from a binomialdistribution with n experimentsand
probability p for success.

The binomial distribution is relatedto the Bernoulli distribution in the following way: the sumof n
Bernoullidravingswith parametep hasa binomialdistribution with parameterg andn.

Example2 Throw a die 100 timesand observehow manytimesa six wasthrown. This
processhasa binomialdistribution with parametes n = 100 andp = %

Mean: np
Variancemnp(l — p)

Thedensityfunction, fx (x), shavn in Fig. 9 is givenby:

n - o _
1—-p)™ % x=0,1,2,...,n
fx(z) = (QC)p( )
0 elsavhere

0.2 T T T T T T

0.15 B

fx ()

0.1 —

0.05 |

PSfragreplacements ‘ ‘
| |

Figure9: Binomial densities.
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3.3 Chi-square

Interface:fun chisq (n:int) . real
Wheren > 1. Returnsadrawing from a chi-squaredistribution with n degreesof freedom.

The sum of the squaresof n independennormally distributed randomvariableswith mean0 and
standarddeviation 1 is a chi-squaredlistribution with n degreesof freedom.

Example 3 An examplefor this distribution hasbeenomitteddueto the fact that it is
rarely foundin nature. Instead thedistribution is usedwhendoing statisticaltests.

Mean: n
Variance2n

Thedensityfunction, fx (z), shavn in Fig. 10is givenby:

2n/21(n/2)

1 x(n/?)—le—m/Z x>0
fx(@) = 0 elsavhere

wherel'(a) = [;° #* 'e “dz, a >0

05 T T T

53353
[Tl
~NOTwWN

fx(z)

PSfragreplacements

Figure10: Chi-squaralensities.
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3.4 DiscreteUniform

Interface:fun rint  (a:int, b:int) »oint
Whereg < b. Returnsadrawing from adiscretauniformdistribution betweerw andb (a andb included)

Example 4 Throwing a die hasa discrete uniform distribution with parametes a = 1
andb = 6. Thefunctionrint will thenreturnthe numberof eyesonthedie.

Mean: tb
(b—a+1)2—1

Variance: 5

Thedensityfunction, fx (x), shavn in Fig. 11is givenby:

x=a,a+l,...,b
elsavhere

1
fx(z) = { 8_a+1

0.4 T T T T T T T T T T

0.35 |- 4

03 —

0.25 - B

fx(z)

02| —
0.15 B
01 —

0.05 i
PSfragreplacements

Figurell: Discreteuniform densities.
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3.5 Erlang

Interface:fun erlang (n:int, l:real) »int
Wheren > 1 andl > 0. Returnsadrawing from anErlang, ({) distribution with intensity!.

A drawing from an Erlang distribution canbe derived by additionof n dravingsfrom a exponential
distribution.

Example5 A shopgivesead 100th customera present.Thearrival time betweercus-
tomesis exponentiallydistributedwith intensityl = 50 perhour Thesumsof thearrival
timesbetweercustomes is Erlang distributedwith parametes n = 100 and/ = 50.

Mean:
Variance;:

n
l
n

l2

Thedensityfunction, fx (x), shavn in Fig. 12is givenby:

(n—1)!

fx (@) " _gn-le=2l 5> (andn=1,2,3,...
Tr) =
X 0 elsavhere

0.2 T T T T

LN
Moo

5333
o000

fx ()

PSfragreplacements

30 40 50

Figurel2: Erlangdensities.
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3.6 Exponential

Interface:fun exponential (r:real) . real
Wherer > 0. Givesadraving from a exponentialdistribution with intensityr.

Example 6 Customes arrive at a postoffice for service Thetime betweertwo arrivals
hasa meanof 4 minutes. Theinter-arrival time hasa exponentialdistribution with pa-
rameterr = 1.
Mean: 1
Variance:—

Thedensityfunction, fx (x), shavn in Fig. 13is givenby:

o= { 20

0 elsavhere

0.8 -

07} i

05 & N

fx(z)

04 N g

03 | i

PSfragreplacements

Figure13: Exponentiadensities.
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3.7 Normal

Interface:fun normal (n:real, s:real) . real
Returnsadrawing from a normaldistribution with meann andvariances.

Example7 A factory produceschocolatein padages of 500 grams. The amountof
chocolatein eath padage hasa normal distribution with meann = 505 gramsand
variances = 3 grams.Ead padage with a weightlessthan500gramswill berejected
in thecontmwol procedue.

Mean: n
Variance:s

Thedensityfunction, fx (x), shavn in Fig. 14is givenby:

1 (@=n)?
fX (:L') = e 2s
V2sm
0.9 T T T T T T
n=0, s=0.5 —
n=0, s=1.0 -—--
0.8 | n=7,s=0.5 ----- g
n=7,s=1.0 -
0.7 | —
0.6 B
& o5t g
&
04 F E
03 | 4
0.2 B
0.1 —
PSfragreplacements
4 2 0 2 4 6 8 10 12

Figurel14: Normaldensities.
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3.8 Poisson
Interface:fun poisson (m:real) :int

Wherem > 0. Returnsadrawing from a Poissordistribution with intensitym.

Example8 A companyhasa networkwith a certainload. Each secondan avelage of
100 padketsis sentto the network. The numberof padetsarriving to the networkper
seconds Poissondistributedwith an intensitym = 100.

Mean: m
Variancem

Thedensityfunction, fx (x), shavn in Fig. 15is givenby:

Frle) = mre™™ x=0,1,2,..,n
X 0 elsavhere
0.7 T T T T T T
m=0.5 ¢
m=4 -+
m=7 O
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05 1
B o4l g
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02 N N i
4 + o] o]
o] o]
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PSfragreplacements R - S
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T

Figurel5: Poissordensities.
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3.9 Student

Interface:fun student  (n:int) . real
Wheren > 1. Returnsadrawing from a Studendistribution (alsocalledt distribution) with n degrees
of freedom.

Notethatasn increasesthe Studentdensityapproachethe normaldensityin Sect.3.7. Indeed even
for n = 8 the Studentdensityis almostthe sameasthe normaldensity

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

Mean: 0
Variance:—1;
Thedensityfunction, fx (x), shavn in Fig. 16is givenby:

(n+1)

_ Tln+1)/2] 2\
@) = ) (” n>

wherel'(a) = [;* 2* e %dz,a > 0.
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Figurel16: Studentdensities.
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3.10 Continous Uniform

Interface:fun uniform  (a:real, b:real) . real
Wherea < b. Returnsadraving from auniformdistribution betweers andb.

Example 10 A personis asledto choosea real numberbetweerl and10. Thisrandom
variableis uniformlydistributedwith parametes o = 1 andb = 10.

Mean: tb

. _A2)2
Varlance:%

Thedensityfunction, fx (x), shavn in Fig. 17 is givenby:

a<x<hb
elsevhere

fx(z) = { 8%“
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Figurel7: Uniform densities.
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4 Binding Elementsand Markings

In the performanceool it is possibleto referto eachstateof a modelduring simulation,i.e. onecan
referto eachencountereanarkingduring simulation. It is alsopossibleto inspecthow a statewas
reachedrom thepreviousstatej.e.onecaninspectachoccurringbindingelementuringsimulation.
Thus,valuescanbeextractedfrom themarkingsandbindingelementgor updatingthedatacollectors.
Two differentML structuresreavailable:thestructurePerfMark containingamarkingfunctionfor
eachplace,andthestructureBind containinga bindingconstructofor eachtransitionin the CP-net.
Thesefunctionsand constructorscan be usedto determinewhento extract dataandwhich datato
extract. ThePerfMark andBind structuresareanalogougo theMark andBind structuresvhich
aredescribedn the Design/CPNOccurrenceGraphManual[8].

4.1 Binding Elements

To denotebindingelementghefollowing constructorareavailable:
con Bind. <PageName>'<TransName >: Inst * record -> Bind.Elem

wherethe secondagumentis a recordspecifyingthe binding of the variablesof thetransition. The
typeof this agumentdependsiponthetransition.

For examplein the Ferriswheelmodel:

Bind.FerrisWhee | ‘Customer (1, {nextCust =75,n=x })
matcheghebindingelementwherethetransitionCustomeArrives(with the nameCustomeron the
firstinstanceof pageFerriswheehasthevariablenoOfCust boundto 75. Thevariablex isincluded

to beableto inspectthe valueboundto thevariablen.

It shouldbe notedthatBind. <PageName>'<TransName > is a constructar This meanshatit
canbeusedin patternmatching.For example:

Bind.Ferriswhee | 'Customer _

will matchwith every occurrencef eachinstanceof thetransitionCustomeArrives(with nameCus-
tome}.

Bind.FerrisWhee | ‘Customer (1, {nextCust=75, .. })

will matchwith eachoccurrencef thefirstinstanceof thetransitionCustomeArriveswherethevari-
ablenextCust isboundtothevalue75andregardles®f whatary othervariablesmightbeboundto.
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4.2 Markings

Marking Function
To inspectthe markingsof differentplaceinstanceghefollowing functionsareavailable:

fun PerfMark. <PageName>'<PlaceName >:Inst -> (CPN'OGrec — CS ms)

whereCSis the coloursetof theplace.

For examplein the Ferriswheelmodel:
PerfMark.Ferris Wreel ‘Waiting 1 net _marking

returnsthe multi-setof tokenson the place Waiting Customergwith the nameWaiting) on thefirst
instanceof the pageFerrisWwheel The variablenet _marking refersto the currentmarkingof the
entirenet.

Multi-set Representation

The PerfMark functionsreturntheinternal ML representatioof a multi-set. The internalrepre-
sentatiorof a multi-setdiffers from the formal sumrepresentatidhwhich canbe seenin connection
with tokensduring simulations.

Thefunctionms.to _list canbeusedto corvert eithermulti-setrepresentatiomto alist represen-
tation.

fun msto list :CS ms -> CS list
Thefunctionstriptime canbeusedto remove thetime stampgrom atimed multi-set.

fun striptime :CStms -> CS ms

Thefollowing list shawvs the differentrepresentationsf a simpletimed multi-set. ltem 3 is theresult
of applyingstriptime to eitherof themulti-setrepresentationis Iltems1 and2. Item4 is theresult
of applyingms.to _list to eitherltem 3 or theformal sumrepresentationf the samemulti-set.

1. Formal sum: 2'true @[1,3] + 1'false @ 1]

2. Internal: (2true ,[BI {digits=[1] ,si gn=POS}, BI {digits=[3],sig n=PCs}]) !
(1false ,[BI {digits=[1] ,8i gn=POS}]) ! tempty

3. Stripped time: (2,true )!! (1,false )!! empty
4. List: [true,true,false ]

Chapter37 of the Design/CPNRefeenceManual[3] containsfurtherdetailsabout:

e ms_to _list

6SeeDefinition2.1in [6]
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theinternalML representatiofor multi-sets
untimedandtimed multi-sets
theoperatord! and!!!

theconstantempty andtempty
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5 Statistical Variables

This sectiondescribeshe conceptof statisticalvariables.Statisticalvariablesaredatastructuregro-

viding the ability both to accumulatevaluesfrom a simulationandto accessstatisticsaboutthese
valuesduring the simulationof a model. The valuesaccumulatedn a statisticalvariablecanbe in-

tegersor reals. Two typesof statisticalvariableswith differentbehaiour are available: timed and
untimed.

Thevaluesandstatisticsthatcanbeaccesseth bothtypesof statisticalvariablesare:
o firstvalue
o lastvalue(mostrecentlyaddedvalue)
e Minimum
e maximum
e count(numberof updates)
e sum
e sumof squares
e average
e sumof square®f deviation
e standardieviation
e variance

Timed statisticalvariablesincludeadditionally:

e time of first update
e time of lastupdate
o time intenal (indicateshow muchtime haselapsedsincethe statisticalvariablewasfirst up-

dated)

5.1 Untimed Statistical Variables

Figure18 shavs how anuntimedstatisticalvariableis updatedwith differentobsered values.If an
untimedstatisticalvariableis updatedwith the the samevalue twice, thenthe value influencesthe
statisticstwice, asexpected.Let z;, 1 = 1..n bethevalueswith which anuntimedstatisticalvariable
is updated.The sumandaverageof thevaluesarecalculatedn thefollowing way:

_ Sumn

Sump, = >0 | T; Average, = =4

Theremainingstatisticsarecalculatedn a similar fashion.
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Figure18: Obsenredvaluesfor untimedstatisticalvariables.

5.2 Timed Statistical Variables

Timedstatisticalvariablediffer from untimedstatisticalvariablesn thataninterval of timeis usedto
weighteachobsenredvalue. Figure19illustrateshow atimed statisticalvariableis updated Assume
thatatimed statisticalvariablewascreatedat thetime ¢t andthatthecirclesindicatewhenthetimed
statisticalvariablewasupdated.Thevariablewaslastupdatedat time ¢,, with valuex,,.

At time ¢;, the timed statisticalvariableis updatedwith a new value z;, thenattime ¢, it is
updatedwith thevaluez; ;. Theintenal [¢;,¢;+1] is usedto weightthe valuez;, in otherwords,the
weight of thevaluex; is (¢t;+1 — t;). At preciselytime t;, z; hasno influenceon sum,sumof the
squaresaverage sumof the square®f deviation, standardieviation or variancebecausehe weight
is zero,but for all time ¢ > t;, x; will influencethesevalues.
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Figure19: Obsenredvaluesfor timed statisticalvariables.
Thesumandthe averageof thevaluesattimet > t,, arecalculatedn thefollowing way:

Sumy = (X0 @ik (i1 — i) +zn * (t—tn) T E> 1,

Average; = iﬁ—’g* ift>1t,

With timed statisticalvariablesiit is possiblefor a valueto exist for zerotime, seefor example
Fig. 19 wherethevaluezs attime t, existsfor zerotime becausét is followed by anupdatewith the

26



valuezs atthe samemodeltime (to = t3). In this situation,in contrastto the abose mentionedsta-
tistical measuresthe measuresnaximum,minimum and counttake into accountall the valueswith
which the statisticalvariablehasbeenupdated,.e. including the oneswhich have existedfor zero
time. Thisis dueto the fact that maximum,minimum, andcountarethe only statisticsthatarenot
weightedwith thetime elapsedsincethelastupdate.

Tedhnical Remark.Consideratimedsimulationwith integertime. If thetime advanceswith valueone
for eachupdateof a timed statisticalvariable,thenthe statisticsfor thetimed anduntimedstatistical
variablesareequal,assuminghat the statisticsare accesse@netime unit afterthe lastupdate.The
reasoris thatin this situationtheweightis onefor eachvaluein thetimed statisticalvariable.
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6 Data Collectors

A datacollectoris a centralconceptn the performancédool. Datacollectorsdeterminenow to extract
valuesfrom a CPNmodel,whento extractthesevalues,andwhatto do with the values.It is possible
to maintain several different datacollectors(timed or untimedwith integer or real values)- each
extracting different valuesfrom markingsand/orbinding elementsduring simulation. Section6.1
gives a more detaileddefinition of a datacollector Sections6.2.1and6.2.2discusspredicateand
obserationfunctions respectiely. Section6.3shavs how to createa datacollector Finally, Sect.6.4
describedow to initialise datacollectors.

6.1 What is a Data Collector

A datacollectordeterminesvhento extract data,how to extract dataand andwhatto do with the
data.Eachdatacollectorcontainstwo functions:onewhich determinesvhento extractdatafrom the
CPNmodel,andonewhich determinesvhich datato extract. Thesefunctionsarecalledthe predicate
functionandthe observatiorfunction respectrely.

Thevaluesfor eachdatacollectormustbe dealtwith someh@. Oneoptionis to storethevalues
in anobserationlog file (seeSect.7.2). The otheroptionis to maintaina statisticalvariable. A de-
scriptionof statisticalvariablesvasgivenin Sect5. It is alsopossibleto maintainbothanobsenration
log file anda statisticalvariable. Furthermorepnemustdecidewhetherthe datacollectorshouldbe
timedor untimed.Thetype of thedatacollector(untimedor timed)will determinevhetheror notthe
associatedtatisticalvariableuntimedor timed. The differencebetweeruntimedandtimed statistical
variablescanbefoundin Sects5.1and5.2.

6.2 PerformanceFunctions

Threeuserdefinedfunctionsare neededor eachdatacollector; thesefunctionsare collectively re-
ferredto asperformancdunctions. Two of the functionsareassociateavith a datacollector andthe
third is usedto createa datacollector

Thetwo functionsassociatedavith a datacollectorarethe predicateandobservatiorfunctions.A
predicatefunction determinesvhena datacollectoris updated. An obseration function is usedto
calculatethe valuewith which the correspondinglatacollectoris updated.

The predicatefunctionis evaluatedafter eachstepof the simulator If it evaluatego true then
the obsenration functionis invoked, andthe correspondinglatacollectoris updatedwith the value
obsenredby the obseration function.

Therelationbetweerthe predicateunctionandthe obserationfunctionis asfollows:

if predicatethen
updatedatacol{obsenration)
else ();

The createfunctionis the third function. It is usedto actuallycreatea datacollector The create
functionis predefinedandit only needsto be calledwith an appropriateparameterwhich will be
describedater.

All performancegunctionsmust be written in the performancenode on the performancepage.
NotethatSects6.2.1,6.2.2,and6.2.3containdetailedsyntaxfor the performancdunctions. These
functionscanbe generatedby usingthetemplatefacility describedn Sect.6.3.
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6.2.1 PredicateFunction

A predicatefunctionmusthave thefollowing format:
fun <PredicateFuncNa me> (net _marking, binding _element)

with type:
fun <PredicateFuncNa me>: CPN'OGrec * Bind.Elem -> bool

For the Ferriswheelmodela predicatefunction hasbeendefined;it returnstrue if eitherof the
following transitionsoccur: CustomeArrives(with thenameCustomeyor LoadNext Customefwith
thenameLoadNet). Thisis achiered by matchingthe bindingelements

Bind.Ferriswhee |’ Custo me _
and Bind.Ferriswhe el’ LoadNext _

Thefunctionlookslike this:

fun CustQueuePrednet. marking binding element =
let
fun filterFun (Bind.FerrisWheélCustomer_) = true
| filterFun (Bind.FerrisWheélLoadNet _) = true
| filterFun _ = false
in
filterFun binding_element
end,

6.2.2 Obserwvation Function

An obsenationfunctionmusthave thefollowing format:

fun <ObservationFunc Name> (net _marking, binding _element)
with oneof thefollowing types:

fun <ObservationFunc Name>: CPN'OGrec * Bind.Elem -> int

fun <ObservationFunc Name>: CPN'OGrec * Bind.Elem -> real

For the Ferriswheelmodelanobsenration functionhasbeendefined;it dependsiponthe markingof

the place Waiting Customergwith the nameWaiting). The obseration function returnsthe number
of tokenson the placein the currentmarking. This is doneby extractingthe markingof the place
Waiting Customergusingthe markingfunction PerfMark.Ferris Wreel’ Wati ng) from the
currentnetmarking.Finally, the sizeof the markingis returned.

fun CustQueueObgnet marking binding.elemen} =
let
val mark Waiting = PerfMarkFerriswheeWaiting 1 net. marking
in
CPNsize mark_ Waiting
end,
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6.2.3 CreateFunction

Therearetwo differentcreatefunctions:
o PerfCreate.newl ntD at aCol |
o PerfCreate.newR eal Data Coll

Thereturntype of the obsenration function (int or real) will determinewhich createfunctionto
use. In the following PerfCreate.new In tD at aColl will be usedto illustrate the examples.
Thetypeanduseof thePerfCreate.new Real DataC ol | functionareanalogous.

Evaluatingthe PerfCreate.newl nt DataC ol | with anappropriatgparametewill actuallycre-
ateadatacollector Thetype of this functionis asfollows:

fun PerfCreate.newl ntD at aCol |
{Name: string,

PredFun : CPN'OGrec * Bind.Elem -> bool,
ObsFun : CPNOGrec * Bind.Elem -> int,
DataCollType : <untimedDC | timedDC>,
Statvar : bool,

LogFile : string option } -> unit

The Name attribute specifiesthe nameof the datacollector The PredFun andthe ObsFun at-
tributeshold the predicateandthe obseration function,respectiely. The DataCollType  attribute
indicatesvhetherthedatacollectordependentime or not(timedDC oruntimedDC ). Theattribute
StatVar specifieswhethera statisticalvariablehasto be maintained.Finally, the attribute Log-
File indicateswhetheranobserationlog file hasto be maintained.The value NONEnNdicatesthat
anobsenrationlog file will notbemaintainedandSOME "filename"  indicateghatanobsenration
log file with namefilename  will bemaintained.

For the Ferriswheelmodel,thefollowing is usedto createa datacollector:
PerfCreate.newlIntDataColl
{Name = "CustQueue",
PredFun = CustQueuePred,
ObsFun = CustQueueObs,

DataCollType = timedDC,

StatvVar = true,

LogFile = SOME("CustQueue™
Int.toString( floor (lint erArri val)) ~
"log") }

The datacollector hasthe name"CustQueue" , andit will be updatedwith valuesobsered by
the function CustQueueObs . This obsenration functionwill be evaluatedonly whenthe function
CustQueuePred returnstrue . Thesetwo functionsweredefinedin Sects6.2.1and6.2.2. The
obseredvalueswill bestoredin atimedstatisticalvariableandan obsenrationlog file. The nameof
the obsenation log file dependson the value of the variableinterArrival . For example,when
interArrival=90 .0 thenameof theobsenrationlog file is CustQueue90.l0 g.
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6.3 Creating Data Collectors

A neaw datacollectoris createdby evaluatingperformancdunctions: namelypredicate pbsenation
andcreatefunctions. Thesefunctionsmustbe written in the performancenode. It is possibleto gen-
erateatemplatefor eachof thesetypesof functionswhile usingthe performanceool.

To createdatacollectorsusingML templategperformthefollowing sequencef operations:

1. Selecta group of transitionsand places(Shift and left-click) that you wantto refer to in the
predicateand/orthe obseration function.

2. Invoke Data Collector in the Perf menu.Thedialogbox shavn in Fig. 20 appears.

—
= e |
Data Collector
Hame
[] statistics (] Timed
[ rogme
| Reset ‘ ‘ Cancel | K,

Figure20: Data Collector dialogbox.

3. Givethedatacollectoraname.

4. Usethe checkbox Statistics if you want a statisticalvariableto be maintainedfor the data
collector Thestatisticscanbeviewedin a performanceeport.

5. Usethecheckbox Log file if youwantanobsenrationlog file to bemaintained An obsenation
log file containseachvaluewhich hasbeenobsered by the obserationfunction.

6. Usethe checkbox Timed if you want the datacollectorto dependon time. If the box is
checled, you getatimedstatisticalvariableand/ora timed obseration log file, otherwisethey
areuntimed.

7. Click OK. This will appendsometemplateML codeto the codein the performancenodeon
the performancegpage. This new codecontainstemplatedor the threeperformancdunctions:
apredicatdunction,anobserationfunctionanda createfunction.

8. Modify thistemplateML codeto gettheintendedbehaiour.
9. Evaluatetheseperformancdunctionsin oneof two ways:

(a) Selectinitial Statein the Sim menu
(b) Evaluatethemmanuallywith thefollowing two steps:

i. Selectthe predicateandobsenration function, evaluatethemusingML Evaluate in
the Aux menu,therebydeterminingthereturntype of the obseration function.

32



ii. Installthenew datacollectorby evaluatingthe PerfCreate.newin tD at aCol |
or PerfCreate.new RealD at aCol | call.

Examplesof templatecodefor the Ferriswheelmodelcanbe foundin AppendixA. The appendix
alsocontainsprecisedirectionsfor generatinghe samecode.

Templatesdo not have to be usedwhenwriting performancdunctions. If performancdunctions
arewritten from scratchyemembethatthey must bewritten in the performancenode. After adding
performancdunctionsto the performancenode,they mustbe evaluatedasin Step9 above.

Important: No syntaxcheckis madewhenevaluatingML codein the performancenode.Theuseris
responsibldor checkingif ary errorhasoccurredoy checkingthe auxiliary region thatappearsext
to the performancenodewhenML Evaluate is invoked.

6.4 Initialising Data Collectors

If theuserchoosednitialize Data Collectors in the Perf menu,thenall the datacollectorsareini-
tialised,i.e. all statisticscollectedin statisticalvariablesaredeleted,andall obseration log files are

emptied.
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7 Output Facilities

The performanceool cancreatetwo typesof outputfiles. Thefirst is a performanceeportwhich
providesstatisticsaboutthe datathat hasbeencollected. The secondype is an obseration log file
which is simply a file that containseachvalue that hasbeenobsered by one specificobseration
function.

7.1 PerformanceReport

A performancereport can be saved arytime a simulationis stopped. Stop criteria can be set by

invoking General Simulation Options in the Set menu. A performancereport containsstatistics
aboutthe datathat hasbeencollectedduring a simulation. Thesestatisticsare extractedfrom all of

thestatisticalvariableswithin thedatacollectors.A list of theavailablestatisticscanbe seenin either
Fig. 21 belaw, orin Sect.5.

7.1.1 Report Setup

The layout of the performanceeportcanbe specifiedby usingthe Report Setup entryin the Perf
menu.Thedialogbox shavn in Fig. 21 appears.

- e |

Report Setup

Width: Text

}X{ Min Varance

}X{ Max Standard Deviation

|:| First Value Sum of Sgquares

l:‘ Last Value 3um of Squares of Deviation

Timed statistics:

|:| First Time l:‘ Last Time l:‘ Interval

‘ Save... ‘ ‘ Load ‘ ‘ Reset ‘ ‘ cancel ‘ I oK |

Figure21: Report Setupdialogbox.

Text: specifieghewidth of the columncontainingthe namesof thedatacollectors.

Values: definestheformatof numbers.Thefirst numberis the numberof digits in theinteger part
of numbers.Theseconchumberindicateshenumberof decimalpositionswhenrealsareincludedin
the performanceeport. Note thatwhencreatinga performanceeport,if anumberis too large to fit
in the givencolumnsize,thenthe numberis replaceddy * 'sin the performanceeport.

Statistics: by checkingtheboxesof someof thestatisticsyouindicatethatyouwantthesestatistics
to be printedfor 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
Cust\Wait 200 3044 15.220 0 30
Currentstep:509
Currenttime: 18171

Figure22: Exampleof performanceeport.

7.1.2 SaveReport

To save a performanceeport,selectSave Report in the Perf menu. A dialog box will appearand
the nameof thefile in which the performanceeportwill be saved canbespecified.

An exampleof a performanceeportcanbeseenin Fig. 22. Thefunctionsthatwereusedto define
the datacollectorscanbe foundin AppendixB. The reportwas createdafter simulatingthe Ferris
wheelmodelwheninterArrival=90.0 until the time adwancedto 18171. At this point the simulation
hadtaken509steps.

7.2 Obsewation Log File

Datathat hasbeencollectedduring a simulationcanbe storedin anobservationog file. An obser
vation log file will automaticallybe generatedn the file specifiedin the call for creatingthe data
collection. Note thatit may be usefulto specifyanabsolutepathto the obseration log file. Thisis
dueto thefactthatotherwisethe obserationlog file will besavedin the currentdirectorywhich may
not bethedirectorythatonewould expect.

Therearetwo forms of obsenration log files: untimedandtimed. An untimedanda timed ob-
senationlog file differ in how they areupdated.Eachobsenration log file containstwo columnsof
numbers.Thevaluein thefirst columndepend®nthetype (timedor untimed)of the obserationlog
file. In anuntimedobsenrationlog file, thevaluein thefirst columnis simply a counterindicatingthe
numberof theupdate Whereasn atimedobsenrationlog file, thefirst columncontainghesimulation
timesat which the obsenration log file wasupdated.The secondcolumnalways containsthe values
thatwerereturnedby the obserationfunction. Tablel shavs theformatfor eachtype of obseration
log file.

Important: Whenyou selectlnitial State (in the Sim menu)the performancenodeis reevaluated,
anddatacollectorsarecreatedIf anobsenrationlog file hasthesamenameeachtime the performance
nodeis evaluated thenthe contentsof the log file will belostwhena new simulationis started.You

musteithercreateuniquefile namesr movetheobserationlog files beforestartinganew simulation.

An exampleof how to createvaryingfile namescanbeseenn Sect.6.2.3.
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Untimed Timed

1 = 1 T
2 [ tQ xZ9
3 I3 t3 x3

Tablel: Obsenrationlog file format.

Thedatain the obsenration log files canbe usedto plot graphs.In particular the datacanbe plotted
by thegnuplot plotting program[5]. Figure23 shavs agraphthatwascreatedusinggnuplot andthe
datain the CustQueue90.log  obsenationlog file. Thegnuplotscriptthatwasusedto createthe
graphin Fig. 23 canbefoundin AppendixC.
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Figure23: Plotteddatafrom obserationlog file.
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8 AccessingStatistical Variables within Data Collectors

This sectiondescribesunctionsthatcanbe usedto accesstatisticalvariableswithin datacollectors
(seeSect.5 for detailsaboutstatisticalvariables) Whendefiningpredicateandobserationfunctions,
it is sometimesadwantageouso be ableto accesstatisticalmeasuresf the statisticalvariableinside
a datacollector e.g.to be ableto referto the currentsumor average.Onecanalsobe interestedn
creatinganobsenrationlog file which canbe usedfor plotting the varianceof a certainmeasure.

Thisis possibleby usingthe functionsdescribedn this section.Note thatthe functionscanonly
be usedafterswitchingto the performanceaool andcannotbe usedin arcexpressions.

A structurenamedPerfAccessDC containghefunctions.The generalformatof thefunctionsis:
PerfAccessDC.<M easure> [l |R] "Name of DC"
where

e <Measure> : Identifiesthemeasurgo beaccessed,e. Sum Avrg , etc.

e [I|R] :Somemeasurebave differenttypes—dependingnthetypeof thevaluesstoredin the
datacollector i.e. thereturntype of the obserationfunction. ”l "=int , "R’=real , while ™
indicategthatonly onetypeis possiblefor this measure.

e "Name of DC": identifiesthe datacollectorto be accessed,e. it hasto bereplacedby the
full nameof thedatacollector

Notethatthe statisticalimeasureshatdependon time areevaluatedat currenttime

8.1 Functionsfor AccessingData Collectors

Average
fun PerfAccessDC.Av rg :string -> real

Count
fun PerfAccessDC.Co wunt :string -> int

First Obsewed Value
Typeof values:int
fun PerfAccessDC.Fi rst |:string -> Intinf.int

Typeof values:real
fun PerfAccessDC.Fi rst Rstring -> real

Maximum
Typeof values:int
fun PerfAccessDC.Ma xI :string  -> IntInf.int

Typeof values:real
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Minimum

fun PerfAccessDC.Ma

Typeof values:int

fun PerfAccessDC.Mi

Typeof values:real

Sum

fun PerfAccessDC.Mi

Typeof values:int

fun PerfAccessDC.Su

Typeof values:real

fun PerfAccessDC.Su

Sum of Squares
Typeof values:int

fun PerfAccessDC.SS

Typeof values:real

fun PerfAccessDC.SS

Sum of Squaresof Deviation

fun PerfAccessDC.SS

Standard Deviation

fun PerfAccessDC.St

Last Observed Value
Typeof values:int

fun PerfAccessDC.Va

Typeof values:real

Variance

fun PerfAccessDC.Va

fun PerfAccessDC.Va

XR: string

nl :string

nR: string

ml: string

mRstring

| :string

R: string

D: string

D: string

lue I :string

lue R:string

ri :string
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8.2 Additional Functionsfor Timed Data Collectors
Thefunctionsbelov accesstatisticalmeasureshatareonly definedfor timeddatacollectors.

Time Inter val
fun PerfAccessTime dDC.Int erval :string -> Intinf.int

Time of Last Observation
fun PerfAccessTime dDC.LastT ime:string  -> IntInf.int

Time of First Observation
fun PerfAccessTime dDC. Start Ti me string -> Intinf.int

8.3 Exceptions

If you aretrying to accesshe statisticalvariableof a non-eistentdatacollector thenan exception
will beraised.Theexceptionis namedPerf _SVNotFoundInDC name, wherename is thename
of thenon-«istentdatacollector Theexceptionwill be handledby the exceptionreportingfacilities
describedn Sect.9.

8.4 Return type Intinf .int

The aforementioneciccesgunctionscan be usedto accessstatisticsfrom statisticalvariablesthat
areassociatedavith datacollectors.Datacollectorscancurrentlybe updatedwith eitherrealnumbers
(real ) orintegers(int ). This sectiondiscussesvhy the returntype of mary of thesefunctionsis

IntInf.int (theML typefor infinite integers)ratherthanint
The functionsreturninfinite integersfor two reasons.Thefirst reasonis thatthe type of time is
IntInf.int . Thereforejt is reasonabléo expectthatthefunctionsthatreturninformationabout

whenatimedstatisticalvariablewasupdatedeturnaninfinite integer.

Secondly statisticalvariableshave beenimplementedsuchthatthey canbe updatedwith anin-
teger, but the integersare corvertedto infinite integersbeforethe statisticsarerecalculated.This is
doneto avoid overflow, for example , whencalculatingsumsof squares.

Thefollowing functionsmay be usefulfor manipulatingnfinite integers:

fun Intinf.tolnt > Intinf.int -=> int

Thisfunctionwill raisetheOverflow exceptionif thevaluedoesnotfit in anint

fun Intinf.toString : Intinf.int -> string

For moreinformationaboutinfinite integersandtheIntinf  structurein StandardML se€[9].
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9 Exception Reporting

This sectiondiscusseseportingof exceptionsin the performanceool. A numberof differentexcep-
tions may be raisedwhile manipulatingdatacollections. The performanceool providessomebasic
feedbackconcerningexceptionsthathave beenraised providedthatthe exceptionsareraisedin con-
nectionwith datacollectionor file manipulationin the performanceool.

An exceptionreportis createdor thefollowing typesof exceptions:

¢ |/O exceptionsraisedwhenmanipulatingobsenrationlog files.
¢ |/O exceptiongraisedwhensaving performanceeports.
e Exceptiongaisedwhenupdatingandaccessingtatisticalvariables.

e Exceptiongaisedwhenevaluatingpredicateandobsenration functions.

If oneof theabove typesof exceptionds raised,anexceptionreportwill becreated.Thisis done
by first creatinga pagecalledPerf_Exceptions On this page,anauxiliary nodewill be createdand
the descriptionof the exceptionthathasbeenraisedis written in this node. After thereporthasbeen
writtenonthe Perf_Exceptionspage a dialogbox opensndicatingthatanexceptionhasbeenraised,
andthe simulationstops.

Eachexceptionreportcontainsthe nameof the CPN diagramandsomeindicationof the type of
exceptionthatwasraised.If anexceptionis raisedwhenevaluatinga predicateor obsenration func-
tion, thenthe currentstepnumberandbinding elementare alsoincludedin the exceptionreport. If
an exceptionis raisedwhile updatinga datacollection,thenthe nameof the datacollectionwill be
includedin thereport. Finally, if anexceptionis raisedin connectiorwith file manipulationthenthe
nameof thefile will beincludedin the exceptionreport. An exampleof anexceptionreportis shavn
in Fig. 24.

Design/CPN Performance Tool Exception Report
Diagram: /users/cpnuser/ madel/ Fer ri s\Wheel

An lo exception was raised while manipulating

an observation log file.
Error: open _out "/users/cpnuser /CustQueue. lo g":
openf failed, Permission  denied.

Figure24: Exampleof anexceptionreport.
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A Template Functions

This appendixcontainstemplatecodethatwasgeneratedy the performancedool. A descriptionof
theexactstepsthatweretakenin orderto generatehe givencodecanbefoundbelov. AppendixA.1
shawvs templatefunctionsfor collectingdataconcerninghelengthof the customemqueue. Appendix
A.2 containstemplatefunctionsfor customemvait time. The modifiedversionof the codewhich can
beusedto createdatacollectorscanbefoundin AppendixB.

A.1 CustomerQueue

This appendixcontainstemplatecodewhich canbe modifiedin orderto calculatethe lengthof the
customelgueue WhenthetransitionCustomeArrives(with the nameCustomeyoccurs,anew cus-
tomerarrivesandthe lengthof the queueincreasesWhenthe transitionLoadNet Customef(with
the nameLoadNet) occurs,thelengthof the queuedecreasebecausa customeleavesthe queue.
Thecustomersvaiting in thequeuearemodelledby thetokenson the placeWaiting Customergwith
the nameWaiting).

Thefollowing serenstepsweretakenin orderto generatehe following templatecode.

1. Select(in groupmode)thetransitionsCustomeArrivesandLoadNext Customeandthe place
Waiting Customers

Invoke the Data Collector itemin the Perf menu.
Give thedatacollectorthe name*CustQueue”.
Checkthebox Statistics

Checkthebox Log file.

Checkthebox Timed.

N oo o M DN

Click OK, andthefollowing codeis addedo the performanceiode.

(* -=> CustQueue<=- *

fun CustQueuePrednet. marking binding element =
let

val mark Waiting = PerfMarkFerriswheéWaiting 1 net. marking 5
fun filterFun (Bind.FerrisWwheélLoadNet (1, {noOfCustnoOfCusin=n,loadTime=loadTime,
arrivalTime=arrivalTime})) =
| filterFun (Bind.FerrisWheéCustomer(1, {nextCustnextCustn=n})) =
| filterFun _ =
in 10
filterFun binding element
end;
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fun CustQueueObgnet marking binding.elemen} =
let
val mark Waiting = PerfMarkFerriswheeWaiting 1 net. marking
fun filterFun (Bind.FerriswheéLoadNet (1, {noOfCustnoOfCusn=n,loadTime=loadTime,

arrivalTime=arrivalTime})) =
| filterFun (Bind.FerrisWheéCustomer(1, {nextCustnextCustn=n})) =
| filterFun _ =
in
filterFun binding element
end;

PerfCreatmen<Int|Reat>DataColl
{Name = "CustQueue" ,
PredFun= CustQueuePred
ObsFun= CustQueueObs
DataCollType = timedDG
Stat\ar = true,
LogFile = SOME "CustQueue.log" };
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A.2 CustomerWaiting Time

This appendixcontainstemplatecodewhich canbe modifiedin orderto calculatethe averagewait-
ing time for the customergiding the Ferriswheel. Whenthe transition LoadNext Customer(with
the nameLoadNet) occurs,the variablearrivalTime ontheinputarcto LoadNet Customers
boundto thetime (in secondsyvhenthe customeljoinedthe queue.This valuecanbe usedto calcu-
late how long the customemaitedin the queue.

Thefollowing six stepswveretakenin orderto generatéemplatecode.

. SelecttransitionLoadNet Customer

Invoke the Data Collector itemin the Perf menu.
Give thedatacollectorthe name*CustWait”.
Checkthe box Statistics

Checkthebox Log file.

o a0 A w Do

Click OK, andthefollowing codeis addedto the performancenode.

(* -=> CustVWdit <=- *)

fun CustWaitPred (net marking binding elemen} =
let
fun filterFun (Bind.FerriswheéLoadNet (1, {noOfCustnoOfCus=n,loadTime=loadTime, 5
arrivalTime=arrivalTime})) =
| filterFun _ =
in
filterFun binding element
end; 10

fun CustWaitObs (net. marking binding_element =

let
fun filterFun (Bind.FerriswheéLoadNet (1, {noOfCustnoOfCusn=n,loadTime=loadTime, 15
arrivalTime=arrivalTime})) =
| filterFun _ =
in
filterFun binding_element
end; 20

PerfCreatmev<Int|Real>DataColl
{Name = "CustWait"
PredFun= CustWaitPred 25
ObsFun= CustWaitObs
DataColllype = untimedDG
Stat\ar = true,
LogFile = SOME "CustWait.log" }
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B PerformanceFunctions

This appendixcontainsthe modified code of the templatecodein Appendix A. Thesefunctions
wereusedwhensimulatingthe Ferriswheelmodelin orderto generatehe obseration log files and
performanceeportsthatarediscussedn Sectsl1.3,7.1and7.2.

B.1 CustomerQueue

CustQueuePred returnstrue wheneithertransitionCustomerArrives(with nameCustomey or
transitionLoadNet Customer(with nameLoadNet) occurs,i.e. it returnstrue only when
thelengthof thequeuechanges.

CustQueueObs returnsthe numberof tokenson place Waiting Customergwith nameWaiting),
i.e. it returnsthe numberof customersn the queue. This function is evaluatedonly when
CustQueuePred returnstrue , i.e.it is evaluatedonly whenthesizeof the queuechanges.

(* -=> CustQueue<=- *)

fun CustQueuePrednet. marking binding element =

let
fun filterFun (Bind.FerriswheelCustomer(1, {nextCustnextCustn=n})) = true 5
| filterFun (Bind.FerrisWwheélLoadNet (1, {noOfCustnoOfCusmn=n,loadTime=loadTime,
arrivalTime=arrivalTime})) = true
| filterFun _ = false
in
filterFun binding element 10
end,

fun CustQueueObgnet marking binding.elemen} =
let
val mark Waiting = PerfMarkFerriswheeWaiting 1 net marking 15
in
CPNsize mark Waiting
end,

PerfCreatenewIntDataColl 20

{Name = "CustQueue" ,

PredFun= CustQueuePred

ObsFun= CustQueueObs

DataColllype = timedDG

Stat\ar = true,

LogFile = SOME ("CustQueue™ Int.toStringfloor(linterArrival))™.log" )},
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B.2 CustomerWaiting Time

CustWaitPred returnstrue whentransitionLoadNext Customefwith nameLoadNet) occurs
i.e.it returnstrue eachtime a customeiis removedfrom thequeue.

CustWaitObs s evaluatedwhen LoadNet Customeimccurs.Whena customeris removed from
the queue,the variable arrivalTime is boundto the time at which the customerjoined
the queue. Therefore,(current time - arrival time) div 60 is thecustomes
waiting time in whole minutes(remember:in this model a unit of time is a second). The
definitionof functionintTime canbefoundin Fig. 3.

(* -=> CustVWdit <=- *)

fun CustWaitPred (net marking binding elemen} =

let
fun filterFun (Bind.FerriswheélLoadNet (1, {noOfCustnoOfCusi=n,loadTime=loadTime,
arrivalTime=arrivalTime})) = true
| filterFun _ = false
in
filterFun binding element
end,

fun CustWaitObs (net. marking binding_elemen} =

let
fun filterFun (Bind.FerrisWheélLoadNext
(1, {noOfCustnoOfCusm=n,loadTime=loadTime,
arrivalTime=arrivalTime})) = (intTime() — arrivalTime) div 60
in
filterFun binding.element
end,

PerfCreatenewIntDataColl
{Name = "CustWait"
PredFun= CustWaitPred
ObsFun= CustWaitObs
DataColllype = untimedDC
Stat\ar = true,
LogFile = SOME ("CustWait”™ Int.toStringfloor(linterArrival))™.log"  )};
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C Gnuplot Scripts

Thefollowing scriptswereusedwith gnuplotunix version3.7.

C.1 Combined CustomerQueues

This scriptwasusedto producethe graphshavn in Fig. 5. The datathatwasplottedwas savedin
threefiles: CustQueue60.log , CustQueue90.log ,andCustQueuel20.lo g. If thescript
is savedin afile namedcombinedqueue.g nu, thenthe commandsn the script canbe executed
by typing thefollowing onthe commandine 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 Ilines , \
'CustQueue90.log’ title ‘Inter-arrival Time = 90 seconds’ with Ilines , \
'CustQueuel20.log’ title 'Inter-arrival Time = 120 seconds’ with lines

#set terminal x11
#replot
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C.2 CustomerQueue

This scriptwasusedto producethe graphshavn in Fig. 23. The datathatwasplottedwassavedin

thefile CustQueue90.log

. If the scriptis savedin afile namedCustQueue90.gn u, thenthe

commandsn the scriptcanbe executedby typing thefollowing onthecommandine 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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