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Abstract. In this paperwe shov how theimplicit filtering algorithmcanbe parallelizedandappliedto problems
in parameteidentificationandoptimizationin automotve valve train design.We extendour previouswork by using
amorerefinedmodelof thevalve train andexploiting parallelismin anew way. We applythe parameteidentification
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1. Intr oduciton. In this paperwe reporton a parallelimplementatiorof theimplicit filtering
[17], [19] algorithmandits applicationto problemsn parameterdentificationandoptimizationin
automotve valve train design.We extendour previouswork [11], [10] on parameterdentification
by usingamorerefinedmodelof the valve train andexploiting parallelismin a nenv way. We then
applythe parameterdentificationresultsto obtainoptimal profilesfor camshaftobes.

Webgginin § 2 by reviewing implicit filtering anddiscussinghethoseaspect®f thealgorithm
thatwereusedfor thefirst time in this application.In § 3 we presenthe detailsof the valve train
modelandthe optimizationproblemso be solved. The parallelcomputingissuesarediscussedh
§ 4 andsomerepresentate resultsfrom [12] arepresentedh § 5.

2. Implicit Filtering. In this sectionwe give a brief descriptionof implicit filtering. We used
the IFFCO codeasdescribedn [16]. We will statea corvergenceresultfrom [4] and[19] and
describesome,but not all, of theimplementatiordetails. We referthe readerto [16], [27], [17],
and[19] for moredetailsandstatementandproofsof severalcorvergenceresults.

2.1. General Description. Implicit filtering is an algorithmfor solving bound constrained
minimizationproblems

min f(z)
where
(2.1) Q={zeR"|L; < (z); <Ui}.

In (2.1) we denotethe ith componenbf avectorz by (x); to distinguishbetweertheith element
of aniterationz;.
Our paradigmfor the objectve functionis that

(2.2) f(z) = fs(z) + ¢(2).
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Here f, is smoothand¢ is a small-amplitudenoiseterm. Implicit filtering is designedo avoid the
local minima causedy oscillationsor discontinuitiesn ¢. Implicit filtering is designedo solve
problemsn which theamplitudeof thenoise¢ decreasesearthe optimalpoint.

Implicit filtering is a difference-gradiernitmplementatiorof the gradientprojectionalgorithm
[2] in which the differenceincrementis reducedin size as the iteration progresses.By using
a sequenceof differenceincrements,called scales one hopesto jump over local minima and
“implicitly” filter the noise. The algorithmwas originally describecand appliedto problemsin
electricalengineeringn [29], [28], [30], and[27].

In orderto fully describethe algorithmasusedin this paper we mustsetnotationby first
describingthe gradientprojectionalgorithmfrom [2]. Let P denotethe projectiononto(?, which
is definedfor z € RY, by

(2.3) P(z); =1 (x); if L; <(z); <U;

(
A gradientprojectionsteptransformsa currentapproximatione,. to alocal minimizerz* to anew
approximationz . by
(2.4) zy = P(z. — AV f(.))

wherethe line searchparameten\ € (0, 1] is selectedusinga backtrackingArmijo, [1], rule, to
forcethesufficientdecreaseondition,

(2.5) fz(N) = f(z) < aVf(z) (z - z(N))
to hold. In (2.5), « is asmallparametefusually10—*) and
z(A) =P(x — AV f(z)).

Algorithm gr adpr oj is adescriptionof animplementatiorof the gradientprojectionalgo-
rithm. Theinputsareaninitial iteratex, the objectve f, andalimit on the numberof iterations.
Onexit z is theapproximatesolution.We terminatetheiterationwhen

(2.6) le =z < e

for somesmalle.
ALGORITHM 2.1. gr adpr 0j (z, f, nmax)
1. Forn=1,...,nmax
(a) Computef andV f; testfor termination.
(b) Findtheleastinteger m sud that(2.5) holdsfor A = ™.
(€) x ==x(N).
2. If n = nmazx andtheterminationtesthasfailed, signalfailure.
Understandarchondgenerag assumptiond?2], [19], onecanshaw thatthe gradientprojec-
tion iterates{x,, } satisfy
Jim P(z, — Vf(zs)) = 0.

Thereforegverylimit pointof thesequencesatisfieghefirst ordernecessargonditions.
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Let V, f bethedifferencegradientwith anincrementof ~. We will considerbothonesided

differences L
@) (Vis(a)), = TEERD @),

andcenteredifferences

28) (Vaf(a)), = TEHRO) S = her)
In (2.7) and (2.8) ¢; is the unit vectorin the sth coordinatedirection. Basedon both previous
experiencg27], [19] andtestingfor this specificproblem,we usecenteredlifferencesvheneer
possiblg(i. e whenbothz + he; arefeasible)andonesideddifferencesvhenonly oneof = + he; is
feasible. Thecenteredlifferencamplementatiorof implicit filtering hasconsistentlygivenoverall
betterperformanceTo guaranteehatat leastoneof = + he; is feasiblewe scalethe variablesso
thatthefeasiblesetis theunit cubein N dimensionsandusea maximum# of 1/2.

To obtainthefinite differencegradientprojectionalgorithmwe replacethe gradientV f with
V. f andchangehesufficientdecreaseonditionto

(2.9) Fn(N) = f(z) < aVaf(@)  (@a(\) — ),

where

zh(A) =Pz — AV f(x)).

Truncationerror in the finite differencemeansthat the line searchin step1b of Algorithm
gr adpr o] couldfail because-V} f might notbeadescentirection. As describedn [17], this
implies that the resolutionof a differenceincrementof ~ hasbeenexhaustedand the iteration
shouldterminate.A testfor this mustbe a partof any practicalimplementation.The difference
erroris alsoreflectedin the terminationcriterionfor the optimizationsincewe cannot expectto
drive ||z — z(1)|| below thetruncationerrorin the difference gvenfor a smoothproblem. In the
codethatwe usedfor this work, we terminatethe differencegradientprojectionmethodwhen

(2.10) |z —z(1)|| < 7h,

wherer is aparameter
With thisin mind, afinite differencegradientprojectionmethodcanbe simply describedThe
new inputsarethe differenceincrementh andalimit mmax onthe numberof timesthe stepwill
bereducedn theline search.
ALGORITHM 2.2. f dgr adpr oj (z, f, nmazx, h, mmazx)
1. Forn=1,...,nmax
(a) Computef andV,, f; testfor termination.
(b) Find theleastinteger m < mmax sud that (2.9) holdsfor A = g™. If nosuth m
exists,terminate
(€) x = zp(N).
2. If n = nmaxz andtheterminationtestis failed, signalfailure.
Implicit filtering simply callsf dgr adpr o] repeatedlyfor a sequencef differenceincre-
ments{h;} K_,, calledscalesAlgorithmi nf i | 1 is astraightforvardversion.
ALGORITHM 2.3. i nfil 1(z, f,nmax, {h;}, mmaz)
1. Fork=0,....K
Call f dgr adpr oj (=, f,nmazx, hy, mmazx)
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2.2. Quasi-NewtonFormulation. The performanceof implicit filtering is significantlyim-
proved by usinga quasi-Ne&ton modelof the reducedHessian.To explain how this is donewe
mustintroducesomenotation.We definethe active set.A(z) andinactive setZ(x) of indicesata
pointx € Q) by

andletZ = Z(x) bethecomplemenbf A. We will oftenomit theexplicit dependencenz.
We defineprojectionsP 4 andPz by

(Paz)i = { 0  otherwise
and @)
(Pra); = { 0  otherwise

NotethatPz + P4 = 1.
ThereducedHessiamtz is

V2 f(z) = Py+ PV2f(z)Pr.

For smoothproblemsit is known, [3], [19], thatif oneis nearto alocal minimizerz* thatsatisfies
certainnondgenerag conditionsthenthe projectedNewtoniteration

2y = Pwe = (Vif(2:) 7'V f(20)
canbemodifiedto corverge quadraticallyto z* by, for example replacingA(z,,) by
(211) -An = {Z | UZ - (‘Tn)z S €n O (xn)z - Lz S 6n}a

andlettinge,, — 0 in theappropriatevay. Therole of ¢ is to keepthe iterationfrom stagnating
nearthe solution;thelevel of noisein our applicationis solargethate = 0 canbeused.

For noisy problemswith expensve functionevaluationsdifferenceHessiansot only aretoo
expensve to compute but alsohave very large errors. For this reasonwe usea projectedquasi-
Newtoniteration.If welet A, = A(z.) andZ, = Z(z.) thenew iterationis foundby aline search
using
(2.12) z(A) = P(zc — M(Pa, + Pr.B:P,) 'Vif(zc))

andrequiringthat (2.9) hold. After =z, A,, andZ, have beendeterminedwe thenupdatethe
matrix B, to get B, andcontinuetheiteration.
Clearlyfrom (2.12)we needonly update

A=P;BP;

to completelydetermingheiteration.If theactive sethasnotchangedi. e. A. = A, , thenwe can
apply arny quasi-N&ton updatefor unconstraineaninimization. We testedtwo updatedor this
applicationthe SR1[5], [13] andBFGSI6], [14], [18], [26] updatesThe SR1updateperformed
betteronthe boundconstrainegroblemsconsideredn [27] while the BFGSupdatewasbetteron
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somesimpleunconstrainegxamplesrom [19]. In the context of this applicationthe SR1update
performedbetterin our testingandwe confineour discussiorto thatupdate.

Theimplementatiorof SR1in IFFCOis oneof several possibilities(see[19] for detalils). If
A, = A, thenwe set

y="Pr(Vf(zy) = Vf(zc))
ands = Pz(z, — z.). TheSR1updates

Y- Acs) (y - AcS)T

(
A=A,
+ + (y — Aes)Ts

The SR1updateis skipedif (y — A.s)”s = 0 andthereducedHessiaris resetto theidentity after
ascalechange.

If A. # A, thenlFFCOattemptgo performanupdateon thatpartof Hessiarcorresponding
to theintersectiorof Z, andZ.. To dothisIFFCOsets

Y= PI+Vf($+) - PICVf(QTC),

Bc = PAC + Aca
anduseghe SR1update,
(y — Bes)(y — BCS)T
(2.13) AL =Pg, (Bc + (= Bos)Ts Pz, .

Onethenverifiestheresultingapproximatiorto V f
B. =P4, + 44

is positive definite,resetinghe modelreducedHessiarto theidentity if positwity fails.
For agivenscaleh our boundconstrainedjuasi-N&vton algorithmis
ALGORITHM 2.4. pr o quasi (z, f,nmax, h, mmax)
1. Forn=1,...,nmax
(a) Computef andV,, f; testfor termination.
(b) Findtheleastinteger m < mmaz sudthat(2.9)holdsfor A = ™ andz(\) givenby
(2.12) If nosudt m exists,terminate
(€) x = zx(N).
(d) UpdateA.
2. If n = nmaz andtheterminationtestis failed, signalfailure.
Algorithmi nf i | q is a descriptionof the quasi-N&vton form of implicit filtering thatuses
proj quasi .
ALGORITHM 2.5. i nfil q(z, f, nmax, {h,}, mmaz)
1. Fork=0,....K
Call pr oj quasi (z, f, nmazx, hg, mmaz)
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2.3. A ConvergenceResult. In this sectionwe statea corvergenceresultfrom [19], whichis
representate of the morecomplex resultsfrom [17] and[19]. The purposeof thisis to illustrate
the gap betweenthe problemsfor which theoryis available and thoseproblemsfor which the
algorithmhasbeenobsenedto work well.

Thereis not at presenta corvergencetheoryfor form of implicit filtering usedin this paper
The benficialeffectsof quasi-Nevton methodswhile consistentlyobseredin practice have not
beenexplainedin theoryandtheresultsthataddresdoundconstraintdrom [17] and[15] arenot
simpleto state.Hencewe consideranunconstrainegrroblem(i. e. P is theidentity matrix) using
a finite differenceform of steepestlescen{i. e. the modelHessianis the identity matrix). The
restrictionto anunconstraine@roblemis notseverebecausencetheactive sethasbeenidentified
thealgorithmis the sameasthatfor anunconstrainegiroblemfor theremainingvariables.

We assumdhat ¢, the noisein f, is everywheredefinedandboundedn orderto make the
statemenof theresultssimpler As theimplicit filtering iterationprogresses/e measurehesize
of ¢ by

I8lle = max |(2)].

z=xthey

So,for unconstrainegroblems||¢||, » is themaximumof theperturbatioron the differencesten-
cil.

In theunconstrainedasethe sufficientdecreaseonditionis the differenceform of the classi-
cal Armijo [1] rule

(2.14) fle = AVpf(z) — flz) < —%thf(ﬂ?)ll2 = aVif(z)' (z(\) — z)

THEOREM 2.1. Let f satisfy(2.2)andlet V f, be Lipsditz continuousLeth;, — 0, {z,} be
theimplicit filtering sequenceAssumehat (2.14)holds(i. e.thereis noline seach failure) for all
but finitely manyk. Thenif

(2.15) (hte + g (| 8llan) = 0

lim
k—o0
thenanylimit pointof thesequencéz, } is a critical pointof f.

2.4. Algorithmic Issues. Theproblemssolvedin this paperall usedmplicit filtering with the
SR1quasi-N&ton method.We alsofollowedthe procedurefirst reportedn [11], of usingasthe
new iteratethe the bestvaluefrom the differencestencilif thatvaluewaslower thanthe iterate
foundby implicit filtering andterminatingtheiterationwhenatametvalueof f wasreached.

Restarting nfi | afterterminationhasthe theoreticalbenefit[17], [19] that one canchar
acterizethe final outputif the algorithmis restarteduntil the outputof eachcall to f dst eep
or pr oj quasi is unchanged.In the actualcomputationgeportedin this paper the algorithm
wasrepeatedlyestartedo accomodat¢helaboratoryandcomputingervironment,but theformal
restartingorotocolfrom [17] wasnot used.

In our currentimplementationof implicit filtering [16] the scaleis reducedif either(2.10)
holdsor if too mary reductionsn thesteplengtharetaken. Theformercases successfutomple-
tion of theiteration,thelatteris a signalthatthedifferencegradientwith the currentscaleis apoor
indicatorof descent.

3. Valve Train Optimization Problems.
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3.1. Engineering Setting. Themodelis basedn a pushrodvalve train of the type still com-
monly found in productionandin racing organizationssuchas NASCAR and NHRA. With a
modelthataccuratelysimulateghe dynamicbehaior of the valve train, we canoptimizecompo-
nentpropertiesusingcomputersnsteadof traditionalexperimentatesting.

The purposeof the valve train is to openand closeboth the intake and exhaustvalves. The
intake valve allows air-fuel mixture into the chamberfor comhustion before compressiorand,
the exhaustvalve allows spentgasedo leave the comhustionchamberafter the power stroke. A
typical pushrodvalve train containsthe following componentscamlobe, lifter, pushrod,rocker
arm, valve andvalve springs.As the camshaftrotatesthe camlobe impartsa translationmotion
to the follower and pushrod. The pushrodthen pivots the rocker arm which in turn opensthe
valve. Thevalve springsprovide therestoringforceto drive the valve closedaftermaximumlift is
obtainedand,they alsokeepthe componentsn contactwith eachothersothatthe motion of the
mechanismeflectsthe motionimpartedby thecamlobe.

However, in high speednternalcomhustionengineshe motionof the valve train candeviate
from theidealkinematicmotiondueto theinertiaof thecomponentandsuigeof thevalve springs.
Thesephenomenoteadto valve float andvalve bouncewhich are detrimentalto engineperfor
mancebecause¢hevalve remainsopenduringthe compressiostageof thecomhustioncycle, thus
allowing leakageof the air-fuel mixture out of the comhustionchamber Valve float occurswhen
theinertial force of the valve train componentgxceedshe springforce of the valve springsthus
allowing components$o separateln addition,valve float causeshevalve to exceedthe maximum
lift of thekinematicmotionandclosewith anabnormallyhighvelocityasillustratedin Figure3.1.
Valve bounceoccurswhenthe valve closesagainsthe seatwith a sufficiently high velocity that
it physicallybouncesff the seatandremainsopenasthe pistonbeginsthe compressiortycle as
illustratedin Figure3.1. At a certainenginespeedermedimit speedthevalve bounceamplitude
increasegiramaticallytherebyresultingin what appeardo be chaoticvalve motion and loss of
engineperformance Sincemeasurementsf valve float andvalve bounceare goodindicatorsof
the performancecharacteristicef a valve train at high enginespeedsreductionin valve bounce
and/orvalve floatis establishe@sthe primarygoal of valve train design.

3.2. Valve Train Model. Thevalve train modelconsistsof a combinationof a lumpedmass
modelof thecam,cam-lifter, pushrodyocker armandvalve with a Finite ElementAnalysisof the
valve springs[12] [20] [21] [22] [31] asshowvn in Figure3.2. The camshaft,rocker arm center
pivot shaft, and valve stemare assumedigid. Coulombfriction actsat the rocker arm center
pivot, valve stemand along eachvalve spring dueto the presenceof a friction damperwithin
the valve springnest. The nonlineareffectsof componentontactandseparatiorareincludedby
settingcorrespondinglampingandstiffnesscoeficientsto zeroduringthe separatiorevents. By
summingforceson massesi; andms , while summingmomentson the rocker arm equivalent
inertia, I, we canform the equationf motion of the valve train excludingthe valve springsand
seat:

(31) mly'l + (01 + Co + C5)Zj1 + aCQéQ -+ (lﬁ + kQ + k5)y1 + a/k202 = k‘ld(t) + Cld(t)

1,0, + acoyji + (a’cy + b203)92 — besys + akoy+
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FiG. 3.1. Comparisorof KinematicandHigh SpeedvalveLift Curves.
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Usinghelicalrod elementsve canwrite the valve springs’equation®f motionin theform:

(3.4) (M]{Z} + C[K] {2} + [K]{2} = {F}

where[M] and[ K| arethetotal lumpedmassandstiffnessmatricesyespectiely. We assume
thatthe boundaryconditionsfor eachvalve springarefixed at the baseandtop node,exceptfor
verticaldisplacementsf thetop node. We alsoassumehatthe dampingin the valve springsis a
combinationof bothviscousand Coulombdampingandthatthe viscousdampingis proportional
to the stiffnessmatrix. The externalforce vector{F'} consistsof the valve springreactionforce
atthetop nodeandthe Coulombfriction force alongthe valve springs.The retainey keepersand
valve stemare assumedigid, hencethe vertical displacemenof the valve stemis equalto the
verticaldisplacemenof eachof thetop nodalpointsin eachvalve spring.

Thevalve headwhich we assumérasconstanthicknesss modeledasanequialentstiffness
determinedrom a thin-plateanalysis[8] [9]. We assumehat the boundaryconditionsfor the
supportconditionsalongthe contactedgewith the valve seatis simply supportedandtherefore
theequvalentstiffnessis givenby,

_ 1.8132E,A°
If thevalve is in contactwith the valve seatthen(3.5) is appliedto determinethe valve head
stiffness otherwisethe valve is assumedigid andthe stiffnessis setequalto zero. Thevalve seat

is modeledwith a linear springanddamper Thereis no lumpedmasspresentat the valve seat
surface,hencethe equationof motionfrom summingforcesat the seats first order:

(3.5) k,
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(3.6) ca¥s = ky(ys — ya) — kaya.

The equationf motion for the entire valve train are derved by combining(3.1)-(3.4)and
(3.6) by eliminatingthevalve springreactionforcefrom (3.3) and(3.4). Theresultscanbewritten
in theform:

x, ~1-1 ~ =1 (S ~1 (o
3.7 {7} =[] ({7} =[] {2} - K] {3))
Hence,if the camlift d(t) andvelocity d(t) profilesareknown then(3.7) canbe integrated
to determinethe displacemenbf the valve over a steadystatecycle. Steadystateresponseas

determinedoy integratingover multiple camcyclesstartingwith zeroinitial conditionsuntil the
following conditionis satisfied

360
@8 Y ((BO-u @) + (B0 -n)) <10 forn>4

1=1
for thenth camcycle or until the20thcamcycleis reached: is thecamsrotationanglein degrees
andy?(7) is thesimulatedvalvellift duringthenth camcycle atcamanglei. Theintegratorusedto
integrate(3.7)doesnotnormallyreturnys atintegervaluesof ;. Thereforewe uselinearinterpola-
tion betweerthelasttime stepbefore; andthefirst time stepafter: in orderto approximatey; ats.
Theintegrationroutineinvolvesintegratingthe accelerationsf eachdegreeof freedomto obtain
thecorrespondingelocitiesandpositions.The numberof equationsanvary from approximately
50 to 200 dependinguponthe numberof valve springsin the system,aswell as,the numberof
finite elementsequiredto modelthevalve springs.

The Runge-Kitta Fehlbeg 5-6 routine [24], [7] is emplgyed to integrate the equationsof
motion. We selectedonestepalgorithmsochangen thedifferentialequationfwhencomponents
comein andoutof contact)areeasyto dealwith. Whencomponenseparatiomccursstiffnessand
dampingcoeficientschangevaluesdramatically requiringa large decreaseén stepsizewhich is
easilyhandledwith a variablestepalgorithm. A stiff integrator suchas LSODE [25], requires
restartswhen the equationschangeand was much lessefficient in our testingthan the explicit
method.

3.3. Optimization Problems.

3.3.1. Parameter Identification. Beforewe canoptimizethe valve train, certainsystempa-
rametersnustbe determinedThefinite elementechniquecouldbe usedto determinghevarious
stiffnesscoeficients,howeverthedampingandfriction propertiesaremuchmoredifficult to mea-
sure. Hence,we usethe implicit filtering algorithmto determinethe varioussystemparameters
involving bothexperimentabndtheoreticamethods.Theexperimentabpparatushatwasusedin
thisinvestigationvasconstructedrom a smallblock Chevroletengine(seeFigure3.3)fitted with
racetypecylinderheadsandavalve trainassemblyor asinglevalve. Thecrankshaftvasreplaced
with a straight’dummy’ crankshaff(i.e. no crankarms)sincepistonmotionis not of interestin
thisanalysis.Theblockwasthenmountedo arigid framewhichhouseda DC motor. Thedummy
crankis drivenby the DC motorwhich powersthevalvetrain. As thevalvetrainis actuatedy the
DC motor, the valve lift is measuredy a proximeter The valve train is operatecat a numberof
speedstypically from 7000rpm to limit speedandthe datais recordedon a personacomputer
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FiG. 3.2. LumpedViassModel.
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The experimentaldatais truncateddueto the limited sensingangeof the proximeter This does
not limit the validity of the resultsasthe dynamicpropertiesof the valve train arerealizedwhen
thevalve closesandstrikesthe seat.

Now thatwe have theexperimentalalvelift curves,we candetermindhesystenmparameters
by matchingthe simulatedandexperimentakurvesovertheenginespeedangementionedabore.
A weightedeastsquaredit is usedto specifythe costfunction:

(3.9) cf= > (Zw(y?”(i)) (v (@) —y§zp(i))2>

nspeed \i=1

wherenspeed representthenumberof enginespeedsand: is thecam’srotationanglein degrees.
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#of variables Variabledescription

4 contactstiffnesscoeficienty k1, ks, ks, k4)
contactdampingcoeficientci, ¢s, ¢3, ¢4)
rocker armfriction torque
coulombfriction force at valve springs
dampingcoeficientin valve springnest
averagevalve headthickness
numberof active coils of eachvalve spring

DO = = =] = s

TABLE 3.1
Systenvariables

ys'™(4) is the simulatedvalve lift at camanglei, andy;™(7) is the experimentalvalve lift. As
before,the valve lift at camangle: is not readily available andis thereforeobtainedby linear
interpolation.

Hence asthe curvestendto overlap,the costfunctionapproachegero. The weightingfunc-
tion is normally equalto .1 exceptfor datapointsthatare out of the rangeof the proximeterin
which casethe weighting functionis equalto zero. During the closing event of the valve, the
weightingfunctionis setequalto 1 becausef the high accurag requiredin predictingthe valve
bouncephenomenonTherefore the goal of systemidentificationis to minimizethe costfunction
thusyieldingthesystemparameterslistedin Table3.1arethe systemparameterso beidentified.

After the systemparametersre uniquely determinedthe valve train propertiescan be op-
timized for improved performanceand higher obtainablelimit speed.In generalary or all the
componentganbe analyzedfor optimal design,however for this analysis,only the cam profile
andvalve springs’geometrigoropertiesareconsidered.

3.3.2. Cam Profile Design. Thecamprofilewhichdefinegheshapeof thecamlobeis usually
designedby determiningthe camlift curve. The camlift is the vertical distancemeasuredrom
the basecircle of the camlobe to the surfaceof the lobe. Usually a singlefunctionis sufficient
to describehe camlift curve. However, with high performanceenginesherearemary kinematic
constraintsvhich mustbe met andwith a single function thereis no easyway to specifythese
constraintsThereforethe camprofileis brokenup into 10 cameventseachof whichis described
by a polynomialwith boundaryconditionsthat are constructedso that the kinematicconstraints
aremet. This techniquefor designingcam profileswasdevelopedby Park andDavid in [23]. A
setof 15 parameterarechoserto completelydescribehe camprofile basedn thesepolynomial
functions,aswell as,the maximumlift, velocity, andcamduration. Sincethe maximumlift and
velocity, andthe camdurationdirectly influenceotherpropertiesof the engine theseparameters
areheldfixedafterbeingmeasuredrom theoriginalcam. An additional5 parameterareselected
for designfrom the valve springs’geometriqoroperties Thesepropertiesarethe numberof active
coils andwire diameterof eachspringalongwith the stackheightof the valve springnest. This
bringsthe total numberof searchparameterso 20. The goal for valve train designis to reduce
both valve float andvalve bounce.Hence,the optimalvalve lift curve is the kinematicvalve lift
curvewhich containgovalvefloator valve bounce Thereforewe basethecostfunctionfor valve
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traindesignonthesquaredlifferencebetweerthe simulatedvalve lift andthekinematicvalve lift:

360
(3.10) cof = 3 3 (m6) - i)
nspeeds t=1
wherenspeeds representthe numberof enginespeeds.
As the simulatedvalve lift overlapsthe kinematicprofile, the costfunctionapproachegero.
Again, animplicit filtering algorithmcanbe utilized to minimize this costfunction providing the
bestsetof optimalparameterfor camprofile andvalve springdesigns.

4. Parallelism. Below we discusshow we parallelizethe model.We evaluateparallelperfor
manceby speedumndefficieng. Speedups definedto be the ratio betweenthe computational
time of the serial(singleprocessorglgorithmandthe computationatime of the parallelalgorithm
(ideally speedup= n wheren is thenumberof processors)fficiency is definedto bethespeedup
dividedby thenumberof processorfideally efficiengy = 1). Two necessaryequirementsor high
speedumndefficiengy are minimal communicatiortimesandan evenload balancebetweerthe
processors.

4.1. Valve Train Model Parallelism. Recallin § 3 thatwe modelthe valve train at a range
of enginespeeds.The modelingof the valve train at a given speeds completelyindependenof
anotherspeedthereforethey canbe performedsimultaneously

The differentprocessorsommunicatehrougha masterslave arrangementThe masterfirst
sendsmodelinginformationto eachof the processorandthenwaits. Eachslave simulatesthe
valve train at a particularenginespeedand sendssimulationdatabackto the master If more
simulationsneedto be done,the mastersendsthe modelinginformationfor thosespeeddo the
slaveswhich have alreadyreturnedtheir simulationdatato the master Onceall the simulation
datafor every speeds recevedby the masterthe masterthenevaluateghe objective functionfor
the systemidentification(3.9) or the camoptimization(3.10).

The communicatiorbetweenthe processorsnvolvesa large amountof informationinclud-
ing multi-dimensionalarrayswith 10* elements.However, the total communicatiortime is still
dwarfedby the computationatime of the simulationanddoesnot have a significanteffect on the
speedu@ndefficiengy.

If thenumberof enginespeedss amultiple of thenumberof slaves(n—1) sothateachproces-
sorhasthe samenumberof simulationsto do, andif the costof eachsimulationis approximately
thesamethentheloadbalancingwill be excellent.

With the minimal communicatiorandgoodloadbalancingdescribedabore we would expect
a high speedupUnfortunatelythe costof eachsimulationis notthe same pecauseve areusinga
variablestepsizeintegratorwithin thesimulation.Thereforethelengthof time neededo complete
theintegrationdepend®on the behaior of the stepsize. This causes load imbalancewhich can
leadto significantidle timesfor someof the processorandseriouslyhurt speedup.

Hereis anexampleof whatcanhapperwith arangeof variablework loads.In this example,
we areintegratingover 12 enginespeedsn orderto evaluatethe objective functionfor the param-
eteridentificationproblem. We have 12 work processorst our disposalandthe following times
for integrationat eachenginespeed:

A singleprocessowould performafunctionevaluationin 7.56 secondsTwelve work proces-
sorswould performa functionevaluationin no lessthanthetime of the mostcostly enginespeed
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Engine| Time
Speed| (secs)
8600 | 0.312
8700 | 0.307
8800 | 0.298
8900 | 0.286
9000 | 0.463
9100 | 0.410
9200 | 1.550
9300 | 0.310
9400 | 1.000
9500 | 0.984
9600 | 0.749
9700 | 0.894
TABLE 4.1

Exampleof variablework loads.

Compute# Processor OperatingSystem
1 Pentium90 Windows95
2 Pentium133 Windows95
3 Pentium133 Windows95
4 Dual 133 Pentiums WindowsNT
5 166 MMX Pentium Windows95
6 233MMX Pentiumil WindowsNT
7 233MMX Pentiumil WindowsNT

TABLES.1
Processos and Operating Systems

whichin this cases 1.55 secondsThereforethe speedugor thetwelve processorss

S

D
1.55

speedup=

while ideally the speedupvould betwelve.
5. Results.

5.1. Computing Environment. Computationsvere performedon a heterogeneousetwork
of seven Dell personalcomputers. The processorand operatingsystemsof the computersare
listedin Table5.1. The communicatiorernvironmentwe useis PVM (Parallel Virtual Machine)
version5.4beta.
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9500

FiG. 5.1. Ford Medhanical Valve SpringSystem.

Thenetwork of computersvasnot dedicatedo this oneapplication,andthereforeit became
necessaryo periodicallystopthe optimizationin mid-iteration. The optimizationwasalsointer-
ruptedwhenoccurrence®eyond our control intervenedsuchasa thunderstornor power suige.
At thetime of stoppagéehe currentbestpoint wassaved andwhenthe optimizationwasrestarted
it wasusedastheinitial point.

5.2. Systemldentification. We shaw atypical systemidentificationresultfor a mechanical
valve train. The valve train consistsof a Ford engineblock containinga dual mechanicalvalve
springnestwith afriction damper The maincostof evaluatinganobjectve functionis dueto the
complity involvedin modelingthe mechanicalalve spring.

The boundaryconstraintdor implicit filtering aredependenon theinitial point. The upper
constraintsare
Ui = (xO)ia

Si

andthelower constraintsre
L; = (z9):Si,

where0 < s; < 1.

Theinitial systemparameterfor this problemaretakenfrom a previously corvergedresultof
anearliermodel[8].

In Figure5.1we plot theexperimentalalve bouncethesimulatedvalve bouncefor theinitial
iterate, and the bouncefor the final result. The interestedrangeof enginespeedss between
7000to 9200rpm, but we optimizeover only 8 enginespeedsrom 8500 to 9200 rpm to reduce
the computationakosts. We see,however, that the valve bouncepatternis well predictedover
the entirerangeof enginespeeds.The simulationalsopredictsthe limit speedwhich occursat
approximately9200rpm, very well.
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FiG. 5.2. LumpedviassModel.

5.3. Camshaft Optimization. We optimizethe cam profile andvalve springdesignfor the
Ford mechanicalalve springsystem.The goalis to reducethe valve bounceamplitudeover the
entiretestrangeandincreasdimit speed Eightenginespeedd$rom 8500to 9200rpm areusedin
the optimization.

Large perturbationsn the splinecoeficientscanresultin alobe profile thatis non-cowex and
will causethe simulatorto fail. IFFCO candealwith somefailuresof the objectve functionto
returna value,treatingthemasviolation of “hidden constraints”andassigningan artificial high
valueto thefunctionto pointsatwhichtheevaluationfails. In this case however, mary candidates
for initial iteratescausethe functionto fail for every point that IFFCOtestedandtherebycaused
theiterationto stagnateWe usedarandomsearcho find a usablenitial point.

Theboundaryconstraintsveredeterminedo be physicallyreasonableangedor the parame-
ters.Usingimplicit filtering wereducedhecostfunctionof .95234t0 .01002.Figureb.2illustrates
theimprovementin thebehaior of theoptimizedsystem.Thelimit speeds increasedby over400
rpmfrom 9200to about9700rpm andthe magnitudeof the valve bounces significantlylessthan
theoriginal systemfor mostof theenginespeeds.
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