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1. Intr oduciton. In this paperwe reporton a parallelimplementationof theimplicit filtering
[17], [19] algorithmandits applicationto problemsin parameteridentificationandoptimizationin
automotivevalvetraindesign.Weextendourpreviouswork [11], [10] onparameteridentification
by usingamorerefinedmodelof thevalvetrainandexploiting parallelismin anew way. Wethen
applytheparameteridentificationresultsto obtainoptimalprofilesfor camshaftlobes.

Webegin in
�

2by reviewing implicit filteringanddiscussingthethoseaspectsof thealgorithm
thatwereusedfor thefirst time in this application.In

�
3 we presentthedetailsof thevalve train

modelandtheoptimizationproblemsto besolved.Theparallelcomputingissuesarediscussedin�
4 andsomerepresentative resultsfrom [12] arepresentedin

�
5.

2. Implicit Filtering . In thissectionwegivea brief descriptionof implicit filtering. Weused
the IFFCO codeasdescribedin [16]. We will statea convergenceresult from [4] and[19] and
describesome,but not all, of the implementationdetails. We refer thereaderto [16], [27], [17],
and[19] for moredetailsandstatementsandproofsof severalconvergenceresults.

2.1. General Description. Implicit filtering is an algorithmfor solving boundconstrained
minimizationproblems �����	�

���������
where ����� ������� �"!�#%$&�����'#($*)(#,+.-(2.1)

In (2.1)we denotethe / th componentof a vector � by �����'# to distinguishbetweenthe / th element
of aniteration �0# .

Ourparadigmfor theobjective functionis that�1�2��� � �43
�����(5761�����8-(2.2)9
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Here �43 is smoothand 6 is asmall-amplitudenoiseterm.Implicit filtering is designedto avoid the
local minimacausedby oscillationsor discontinuitiesin 6 . Implicit filtering is designedto solve
problemsin which theamplitudeof thenoise6 decreasesneartheoptimalpoint.

Implicit filtering is a difference-gradientimplementationof thegradientprojectionalgorithm
[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 algorithmwasoriginally describedandappliedto problemsin
electricalengineeringin [29], [28], [30], and[27].

In order to fully describethe algorithmasusedin this paper, we mustsetnotationby first
describingthegradientprojectionalgorithmfrom [2]. Let : denotetheprojectiononto

�
, which

is defined,for ���;� � , by

: �2���<# � =>? >@ !A# if �2���<#($B!A#�2���'# if !�#(CD�2���<#1CB)(#)%# if �2���<#(E*)%#(2.3)

A gradientprojectionsteptransformsacurrentapproximation�GF to a localminimizer � � to a new
approximation�IH by �IH � : �2�GF%JLKIMN�����GF"�O�(2.4)

wherethe line searchparameterKB�P�RQTS�U
V is selectedusinga backtrackingArmijo, [1], rule, to
forcethesufficientdecreasecondition,�����%�WKI�O�1JX�������Y$BZ1MN�������<[%���\J]�%�RK��^�(2.5)

to hold. In (2.5), Z is asmallparameter(usually U_Qa`.b ) and�%�WKI� � : ���\JXKIMN�������O�c-
Algorithm gradproj is a descriptionof animplementationof thegradientprojectionalgo-

rithm. Theinputsarean initial iterate � , theobjective � , anda limit on thenumberof iterations.
Onexit � is theapproximatesolution.We terminatetheiterationwhend �NJ]�%�'Ue� d $gf
S(2.6)

for somesmall f .
ALGORITHM 2.1. gradproj �2�hSc�GSjilknmo���
1. For i � UpS�-�-�-qSjilknmo�

(a) Compute� and MN� ; testfor termination.
(b) Find theleastinteger k such that (2.5)holdsfor K �grts .
(c) � � �%�RK�� .

2. If i � ilknmo� andtheterminationtesthasfailed,signalfailure.
Understandardnondegeneracy assumptions,[2], [19], onecanshow thatthegradientprojec-

tion iterates
� �0ua+ satisfy v ���u_wyx : �2�0uzJXM{���2�0uo�O� � Q|-

Therefore,every limit pointof thesequencesatisfiesthefirst ordernecessaryconditions.
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Let M�}4� bethedifferencegradientwith anincrementof ~ . We will considerbothonesided
differences �RM�}4�������O�<# � ���2��� ~0� #��1JX�������� ~ S(2.7)

andcentereddifferences �RM�}e�������O�<# � ���2��5 ~0� #2�1JX�1�2�{J ~G� #��� ~ -(2.8)

In (2.7) and (2.8) � # is the unit vector in the / th coordinatedirection. Basedon both previous
experience[27], [19] andtestingfor this specificproblem,we usecentereddifferenceswhenever
possible(i. e. whenboth ��� ~0� # arefeasible)andonesideddifferenceswhenonly oneof ��� ~G� # is
feasible.Thecentereddifferenceimplementationof implicit filtering hasconsistentlygivenoverall
betterperformance.To guaranteethatat leastoneof �{� ~0� # is feasiblewe scalethevariablesso
thatthefeasiblesetis theunit cubein � dimensionsandusea maximum~ of Ue� � .

To obtainthefinite differencegradientprojectionalgorithmwe replacethegradientM{� withM�}4� andchangethesufficientdecreaseconditionto�����G}a�WKI�O�1JX��������$BZ�M�}_���2���,[1�2�G}T�WKI�%J]���8S(2.9)

where �G}a�WKI� � : ���\JXKIM�}e�1�2���O�c-
Truncationerror in the finite differencemeansthat the line searchin step1b of Algorithm

gradproj couldfail becauseJ�M�}4� might not bea descentdirection.As describedin [17], this
implies that the resolutionof a differenceincrementof ~ hasbeenexhaustedand the iteration
shouldterminate.A testfor this mustbea partof any practicalimplementation.Thedifference
error is alsoreflectedin the terminationcriterion for theoptimizationsincewe cannot expectto
drive

d �nJ7�%�'Ue� d below thetruncationerror in thedifference,evenfor a smoothproblem.In the
codethatweusedfor thiswork, we terminatethedifferencegradientprojectionmethodwhend �NJ]�%�'Ue� d $�� ~ S(2.10)

where� is aparameter.
With this in mind,afinite differencegradientprojectionmethodcanbesimplydescribed.The

new inputsarethedifferenceincrement~ anda limit k�knmo� on thenumberof timesthestepwill
bereducedin theline search.

ALGORITHM 2.2. fdgradproj �2�hSc�GSjilknmo�hS ~ Sjk�knmo���
1. For i � UpS�-�-�-qSjilknmo�

(a) Compute� and M�}4� ; testfor termination.
(b) Find the least integer k $�k�knm�� such that (2.9) holdsfor K ��rhs . If no such k

exists,terminate.
(c) � � �G}T�WKI� .

2. If i � ilknmo� andtheterminationtestis failed,signalfailure.
Implicit filtering simply callsfdgradproj repeatedlyfor a sequenceof differenceincre-

ments
� ~�� +4������ , calledscales.Algorithmimfil1 is a straightforwardversion.

ALGORITHM 2.3. imfil1 �2�hSc�GSjilknmo�hS � ~�� +.Sjk�knmo���
1. For � � Q|S
-�-�-
Sj�

Call fdgradproj �2�hSc�GSjilknmo�hS ~�� Sjk�knmo���
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2.2. Quasi-NewtonFormulation. The performanceof implicit filtering is significantlyim-
provedby usinga quasi-Newton modelof the reducedHessian.To explain how this is donewe
mustintroducesomenotation.We definetheactive set � �2��� andinactive set � �2��� of indicesat a
point ��� � by� � � �2��� �D� / �q�2���'# � )%# and �WM�}4���2���^�'#(C�Q or �2���<# � !�# and �RM�}4�������O�'#h��QT+
andlet � � � �2��� bethecomplementof � . Wewill oftenomit theexplicit dependenceon � .

Wedefineprojections:�� and :�� by� :�� ���<# �¡  �����'# if / � �Q otherwise

and � :�� ���'# �¢  �2���'# if / � �Q otherwise

Notethat :A� 5 :�� �¤£ .
ThereducedHessianat � is M�¥¦§�1�2��� � :�� 5 :�� M�¥8������� :�� -

For smoothproblems,it is known, [3], [19], thatif oneis nearto a localminimizer � � thatsatisfies
certainnondegeneracy conditionsthentheprojectedNewton iteration�IH � : �2�GF%Jg�WM ¥¦ �����GF"�O� `0¨ MN�����GF'�O�
canbemodifiedto convergequadraticallyto � � by, for example,replacing� ���0u�� by� u ��� / �j)(#GJB�2�0u��'#h$gf^u or ���0u��<#GJL!A#($Bf^uT+.S(2.11)

andletting f^uª© Q in theappropriateway. The role of f is to keepthe iterationfrom stagnating
nearthesolution;thelevel of noisein ourapplicationis solargethat f � Q canbeused.

For noisyproblemswith expensivefunctionevaluations,differenceHessiansnot only aretoo
expensive to compute,but alsohave very largeerrors. For this reasonwe usea projectedquasi-
Newton iteration.If we let � F � � �2�GF"� and� F � � �2�GF^� thenew iterationis foundby a line search
using �%�RK�� � : ���GF1JXK(� :��G« 5 :��q«^¬ F :��q« � `0¨ M�}4�����GF"�O�(2.12)

andrequiringthat (2.9) hold. After �IH , � H , and � H have beendetermined,we thenupdatethe
matrix ¬ F to get ¬ H andcontinuetheiteration.

Clearlyfrom (2.12)weneedonly update­ � :��|¬®:��
to completelydeterminetheiteration.If theactivesethasnotchanged,i. e. � F � � H , thenwecan
apply any quasi-Newton updatefor unconstrainedminimization. We testedtwo updatesfor this
application,theSR1[5], [13] andBFGS[6], [14], [18], [26] updates.TheSR1updateperformed
betterontheboundconstrainedproblemsconsideredin [27] while theBFGSupdatewasbetteron
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somesimpleunconstrainedexamplesfrom [19]. In thecontext of thisapplication,theSR1update
performedbetterin our testingandweconfineourdiscussionto thatupdate.

The implementationof SR1in IFFCOis oneof severalpossibilities(see[19] for details). If� F � � H thenwe set ¯ � :�� �WM{���2�IHt�1JXM{���2�GF<�O�
and ° � :�� ���IH�J]�GF"� . TheSR1updateis­ H � ­ F§5 � ¯ J ­ F ° �
� ¯ J ­ F ° � [� ¯ J ­ F ° � [ ° -
TheSR1updateis skipedif � ¯ J ­ F ° � [ ° � Q andthereducedHessianis resetto theidentityafter
ascalechange.

If � F�±� � H thenIFFCOattemptsto performanupdateon thatpartof Hessiancorresponding
to theintersectionof � H and� F . To do this IFFCOsets¯ � :A��² MN�����IHt�1J :�� « M{���2�GF"�cS¬ F � :�� « 5 ­ FjS
andusestheSR1update,­ H � :�� ²´³ ¬ F§5 � ¯ J ¬ F ° �
� ¯ J ¬ F ° � [� ¯ J ¬ F ° � [ ° µ :�� ² -(2.13)

Onethenverifiestheresultingapproximationto M ¦ �¬ H � :�� ² 5 ­ H
is positivedefinite,resetingthemodelreducedHessianto theidentity if positivity fails.

For agivenscale~ ourboundconstrainedquasi-Newtonalgorithmis
ALGORITHM 2.4. projquasi �2�hSc�GSjilknmo�hS ~ Sjk�knmo���
1. For i � UpS�-�-�-qSjilknmo�

(a) Compute� and M�}4� ; testfor termination.
(b) Find theleastinteger k¶$·k�knmo� such that (2.9)holdsfor K �Brts and �%�WKI� givenby

(2.12). If nosuch k exists,terminate.
(c) � � �G}T�WKI� .
(d) Update

­
.

2. If i � ilknmo� andtheterminationtestis failed,signalfailure.
Algorithm imfilq is a descriptionof the quasi-Newton form of implicit filtering thatuses

projquasi.
ALGORITHM 2.5. imfilq �2�hSc�GSjilknmo�hS � ~�� +.Sjk�knmo���
1. For � � Q|S
-�-�-
Sj�

Call projquasi �2�hSc�GSjilknmo�hS ~�� Sjk�knmo���
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2.3. A ConvergenceResult. In thissectionwestateaconvergenceresultfrom [19], which is
representative of themorecomplex resultsfrom [17] and[19]. Thepurposeof this is to illustrate
the gap betweenthe problemsfor which theory is availableand thoseproblemsfor which the
algorithmhasbeenobservedto work well.

Thereis not at presenta convergencetheoryfor form of implicit filtering usedin this paper.
Thebenficialeffectsof quasi-Newton methods,while consistentlyobservedin practice,have not
beenexplainedin theoryandtheresultsthataddressboundconstraintsfrom [17] and[15] arenot
simpleto state.Hencewe consideranunconstrainedproblem(i. e. : is theidentity matrix)using
a finite differenceform of steepestdescent(i. e. the modelHessianis the identity matrix). The
restrictionto anunconstrainedproblemis notseverebecauseoncetheactivesethasbeenidentified
thealgorithmis thesameasthatfor anunconstrainedproblemfor theremainingvariables.

We assumethat 6 , the noisein � , is everywheredefinedandboundedin orderto make the
statementof theresultssimpler. As theimplicit filtering iterationprogresseswe measurethesize
of 6 by d 6 d 	�¸ } � �{¹4º» � 	8¼ }c½W¾ �¿6%�RÀ��_�Á-
So,for unconstrainedproblems,

d 6 d 	�¸ } is themaximumof theperturbationon thedifferencesten-
cil.

In theunconstrainedcasethesufficientdecreaseconditionis thedifferenceform of theclassi-
calArmijo [1] rule�1�2�{JXK�M�}e���2���^�1JX���2����C¤J Z K d M�}4������� d ¥ � Z�M�}4���2��� [ �2�%�RK��1J]���(2.14)

THEOREM 2.1. Let � satisfy(2.2)andlet MN�Â3 beLipschitzcontinuous.Let ~�� © Q , � � � + be
theimplicit filtering sequence. Assumethat (2.14)holds(i. e. there is no line search failure) for all
but finitelymany � . Thenif v �Ã�� wyx � ~�� 5 ~ `0¨� d 6 d 	 ¾ ¸ } ¾ � � Q(2.15)

thenanylimit pointof thesequence
� � � + is a critical pointof �Â3 .

2.4. Algorithmic Issues.Theproblemssolvedin thispaperall usedimplicit filtering with the
SR1quasi-Newtonmethod.We alsofollowedtheprocedure,first reportedin [11], of usingasthe
new iteratethe the bestvaluefrom the differencestencil if that valuewaslower thanthe iterate
foundby implicit filtering andterminatingtheiterationwhena targetvalueof � wasreached.

Restartingimfil after terminationhasthe theoreticalbenefit[17], [19] that onecanchar-
acterizethe final output if the algorithm is restarteduntil the outputof eachcall to fdsteep
or projquasi is unchanged.In the actualcomputationsreportedin this paper, the algorithm
wasrepeatedlyrestartedto accomodatethelaboratoryandcomputingenvironment,but theformal
restartingprotocolfrom [17] wasnot used.

In our currentimplementationof implicit filtering [16] the scaleis reducedif either (2.10)
holdsor if toomany reductionsin thesteplengtharetaken.Theformercaseis successfulcomple-
tion of theiteration,thelatteris asignalthatthedifferencegradientwith thecurrentscaleis apoor
indicatorof descent.

3. ValveTrain Optimization Problems.
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3.1. EngineeringSetting. Themodelis basedon a pushrodvalve train of thetypestill com-
monly found in productionand in racing organizationssuchas NASCAR and NHRA. With a
modelthataccuratelysimulatesthedynamicbehavior of thevalve train,we canoptimizecompo-
nentpropertiesusingcomputersinsteadof traditionalexperimentaltesting.

Thepurposeof the valve train is to openandcloseboth the intake andexhaustvalves. The
intake valve allows air-fuel mixture into the chamberfor combustion beforecompressionand,
theexhaustvalve allows spentgasesto leave thecombustionchamberafter thepower stroke. A
typical pushrodvalve train containsthe following components:camlobe, lifter, pushrod,rocker
arm,valve andvalve springs.As thecamshaftrotates,thecamlobe impartsa translationmotion
to the follower andpushrod. The pushrodthenpivots the rocker arm which in turn opensthe
valve. Thevalvespringsprovidetherestoringforceto drivethevalveclosedaftermaximumlift is
obtainedand,they alsokeepthecomponentsin contactwith eachothersothat themotionof the
mechanismreflectsthemotionimpartedby thecamlobe.

However, in high speedinternalcombustionenginesthemotionof thevalve train candeviate
from theidealkinematicmotiondueto theinertiaof thecomponentsandsurgeof thevalvesprings.
Thesephenomenonleadto valve float andvalve bouncewhich aredetrimentalto engineperfor-
mancebecausethevalveremainsopenduringthecompressionstageof thecombustioncycle,thus
allowing leakageof theair-fuel mixtureout of thecombustionchamber. Valve float occurswhen
theinertial forceof thevalve train componentsexceedsthespringforceof thevalve springsthus
allowing componentsto separate.In addition,valvefloatcausesthevalveto exceedthemaximum
lift of thekinematicmotionandclosewith anabnormallyhighvelocityasillustratedin Figure3.1.
Valve bounceoccurswhenthe valve closesagainstthe seatwith a sufficiently high velocity that
it physicallybouncesoff theseatandremainsopenasthepistonbeginsthecompressioncycle as
illustratedin Figure3.1.At acertainenginespeedtermedlimit speed,thevalvebounceamplitude
increasesdramaticallytherebyresultingin what appearsto be chaoticvalve motion andlossof
engineperformance.Sincemeasurementsof valve float andvalve bouncearegoodindicatorsof
theperformancecharacteristicsof a valve train at high enginespeeds,reductionin valve bounce
and/orvalvefloat is establishedastheprimarygoalof valve traindesign.

3.2. Valve Train Model. Thevalve train modelconsistsof a combinationof a lumpedmass
modelof thecam,cam-lifter, pushrod,rockerarmandvalvewith aFiniteElementAnalysisof the
valve springs[12] [20] [21] [22] [31] asshown in Figure3.2. Thecamshaft,rocker arm center
pivot shaft, and valve stemare assumedrigid. Coulombfriction actsat the rocker arm center
pivot, valve stemand alongeachvalve spring due to the presenceof a friction damperwithin
thevalve springnest.Thenonlineareffectsof componentcontactandseparationareincludedby
settingcorrespondingdampingandstiffnesscoefficientsto zeroduringtheseparationevents.By
summingforceson masses,k ¨ and k�Ä , while summingmomentson the rocker armequivalent
inertia,

£ ¥ , we canform theequationsof motionof thevalve train excludingthevalvespringsand
seat:

k ¨(Å¯ ¨ 5*�RÆ ¨ 57Æ ¥ 5XÆ8Ç8�YÈ¯ ¨ 57m.Æ ¥ ÈÉ ¥ 5*� � ¨ 5 � ¥ 5 � Çc� ¯ ¨ 57m � ¥ É ¥ � � ¨'Ê ��Ë^�t57Æ ¨ ÈÊ �2Ë^�(3.1) £ ¥ ÅÉ ¥ 57m.Æ ¥ È¯ ¨ 5*��m ¥ Æ ¥ 57Ì ¥ ÆcÄc� ÈÉ ¥ JLÌcÆ8ÄÍÈ¯ Ä�5Xm � ¥ ¯ ¨ 5
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FIG. 3.1. Comparisonof KinematicandHigh SpeedValveLift Curves.

�Rm ¥ � ¥ 5�Ì ¥ � Ä8� É ¥ JÎÌ � Ä ¯ Ä � �zÏpÐjÑ,#ÒF1J]Ì � Ä8ÓeÔÖÕ^3R}(3.2)

k�Ä Å¯ Ä×J]Ì8ÆcÄ ÈÉ ¥ 57ÆcÄ�È¯ Ä�JÎÌ � Ä É ¥ 5¤� � Ä%5 �oØ � ¯ Ä � �Â3ÚÙ�Ñ,#Áu
Û����4Ð�ÑW#ÒF§5 � ÄcÓ4ÔÜÕO3�}(3.3)

Usinghelicalrodelementswecanwrite thevalvesprings’equationsof motionin theform:ÝÜÞ Vaß Å àÀGáâ57ã Ý �ªVaß ÈàÀGáâ5 Ý �ªV � àÀ|+ �&�4ä +(3.4)

where
ÝÜÞ V and

Ý �ªV arethetotal lumpedmassandstiffnessmatrices,respectively. We assume
that the boundaryconditionsfor eachvalve springarefixedat the baseandtop node,exceptfor
verticaldisplacementsof thetop node.We alsoassumethatthedampingin thevalve springsis a
combinationof bothviscousandCoulombdampingandthat theviscousdampingis proportional
to the stiffnessmatrix. Theexternalforcevector

�4ä + consistsof the valve springreactionforce
at thetop nodeandtheCoulombfriction forcealongthevalve springs.Theretainer, keepersand
valve stemareassumedrigid, hencethe vertical displacementof the valve stemis equalto the
verticaldisplacementof eachof thetopnodalpointsin eachvalvespring.

Thevalveheadwhichwe assumehasconstantthicknessis modeledasanequivalentstiffness
determinedfrom a thin-plateanalysis[8] [9]. We assumethat the boundaryconditionsfor the
supportconditionsalongthe contactedgewith the valve seatis simply supported,andtherefore
theequivalentstiffnessis givenby, �oØ � Up-æå|U�ç �pè Ø�~ Äé ¥Ø -(3.5)

If thevalve is in contactwith thevalve seatthen(3.5) is appliedto determinethevalve head
stiffness,otherwisethevalve is assumedrigid andthestiffnessis setequalto zero.Thevalveseat
is modeledwith a linear springanddamper. Thereis no lumpedmasspresentat the valve seat
surface,hencetheequationof motionfrom summingforcesat theseatis first order:
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Æ b È¯ b � �oØ � ¯ Ä�J ¯ b �1J � b ¯ b -(3.6)

The equationsof motion for the entirevalve train arederivedby combining(3.1)-(3.4)and
(3.6)by eliminatingthevalvespringreactionforcefrom (3.3)and(3.4).Theresultscanbewritten
in theform: ß Å àÀ á �¶êAëÞgì `0¨�í ß ëä á J ê.ëî ì ß ÈàÀ á J ê0ë� ì ß ÈàÀ áoï -(3.7)

Hence,if the camlift Ê �2Ë^� andvelocity ÈÊ �2Ë^� profilesareknown then(3.7) canbe integrated
to determinethe displacementof the valve over a steadystatecycle. Steadystateresponseis
determinedby integratingover multiple camcyclesstartingwith zeroinitial conditionsuntil the
following conditionis satisfied:Ä<ð �ñ# � ¨óò í ¯ uÄ � / �1J ¯ u `0¨Ä � / � ï ¥ 5 í ¯ u `0¨Ä � / �1J ¯ u ` ¥Ä � / � ï ¥^ô CõU_Q `.b for i;��ö(3.8)

for the i th camcycleor until the20thcamcycleis reached./ is thecam’srotationanglein degrees
and

¯ uÄ � / � is thesimulatedvalvelift duringthe i th camcycleatcamangle/ . Theintegratorusedto
integrate(3.7)doesnotnormallyreturn̄ Ä at integervaluesof / . Therefore,weuselinearinterpola-
tion betweenthelasttimestepbefore/ andthefirst timestepafter / in orderto approximatē Ä at / .
Theintegrationroutineinvolvesintegratingtheaccelerationsof eachdegreeof freedomto obtain
thecorrespondingvelocitiesandpositions.Thenumberof equationscanvary from approximately
50 to 200 dependinguponthe numberof valve springsin the system,aswell as,the numberof
finite elementsrequiredto modelthevalvesprings.

The Runge-Kutta Fehlberg 5-6 routine [24], [7] is employed to integratethe equationsof
motion.Weselectedaonestepalgorithmsochangesin thedifferentialequation(whencomponents
comein andoutof contact)areeasyto dealwith. Whencomponentseparationoccursstiffnessand
dampingcoefficientschangevaluesdramatically, requiringa large decreasein stepsizewhich is
easilyhandledwith a variablestepalgorithm. A stiff integrator, suchasLSODE [25], requires
restartswhen the equationschangeand wasmuch lessefficient in our testingthan the explicit
method.

3.3. Optimization Problems.

3.3.1. Parameter Identification. Beforewe canoptimizethevalve train, certainsystempa-
rametersmustbedetermined.Thefinite elementtechniquecouldbeusedto determinethevarious
stiffnesscoefficients,howeverthedampingandfriction propertiesaremuchmoredifficult to mea-
sure. Hence,we usethe implicit filtering algorithmto determinethe varioussystemparameters
involving bothexperimentalandtheoreticalmethods.Theexperimentalapparatusthatwasusedin
this investigationwasconstructedfrom asmallblockChevroletengine(seeFigure3.3)fittedwith
racetypecylinderheadsandavalvetrainassemblyfor asinglevalve. Thecrankshaftwasreplaced
with a straight’dummy’ crankshaft(i.e. no crankarms)sincepistonmotion is not of interestin
thisanalysis.Theblockwasthenmountedto arigid framewhichhousedaDC motor. Thedummy
crankis drivenby theDC motorwhichpowersthevalvetrain. As thevalvetrain is actuatedby the
DC motor, thevalve lift is measuredby a proximeter. Thevalve train is operatedat a numberof
speeds,typically from 7000rpm to limit speed,andthedatais recordedon a personalcomputer.
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FIG. 3.2. LumpedMassModel.

FIG. 3.3. EngineBlock.

Theexperimentaldatais truncateddueto the limited sensingrangeof theproximeter. This does
not limit thevalidity of theresultsasthedynamicpropertiesof thevalve train arerealizedwhen
thevalveclosesandstrikestheseat.

Now thatwehave theexperimentalvalve lift curves,wecandeterminethesystemparameters
by matchingthesimulatedandexperimentalcurvesover theenginespeedrangementionedabove.
A weightedleastsquaresfit is usedto specifythecostfunction:

Æq� � ñu_3ÃÙc½R½W÷ ³ Ä<ð �ñ # � ¨aø � ¯ ½ 	 ÙÄ � / �O� í ¯ 32# sÄ � / �1J ¯ ½ 	 ÙÄ � / �"ï ¥ µ(3.9)

wherei °OùG�_� Ê representsthenumberof enginespeeds,and / is thecam’srotationanglein degrees.
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of variables Variabledescriptionö contactstiffnesscoefficients� � ¨ S � ¥ S � Ä�S � b �ö contactdampingcoefficients��Æ ¨ S�Æ ¥ S�Æ8Ä
S�Æ b �U rockerarmfriction torqueU coulombfriction forceat valvespringsU dampingcoefficient in valvespringnestU averagevalveheadthickness�

numberof activecoilsof eachvalvespring

TABLE 3.1
Systemvariables¯ 3�# sÄ � / � is the simulatedvalve lift at camangle / , and

¯ ½ 	 ÙÄ � / � is the experimentalvalve lift. As
before,the valve lift at camangle / is not readily availableand is thereforeobtainedby linear
interpolation.

Hence,asthecurvestendto overlap,thecostfunctionapproacheszero.Theweightingfunc-
tion is normally equalto -ÚU exceptfor datapointsthat areout of the rangeof the proximeterin
which casethe weighting function is equalto zero. During the closingevent of the valve, the
weightingfunctionis setequalto U becauseof thehigh accuracy requiredin predictingthevalve
bouncephenomenon.Therefore,thegoalof systemidentificationis to minimizethecostfunction
thusyieldingthesystemparameters.Listedin Table3.1arethesystemparametersto beidentified.

After the systemparametersareuniquelydetermined,the valve train propertiescanbe op-
timized for improved performanceandhigherobtainablelimit speed.In general,any or all the
componentscanbe analyzedfor optimal design,however for this analysis,only the camprofile
andvalvesprings’geometricpropertiesareconsidered.

3.3.2. CamProfile Design. Thecamprofilewhichdefinestheshapeof thecamlobeisusually
designedby determiningthe camlift curve. Thecamlift is the verticaldistancemeasuredfrom
the basecircle of the camlobe to the surfaceof the lobe. Usually a singlefunction is sufficient
to describethecamlift curve. However, with highperformanceenginestherearemany kinematic
constraintswhich mustbe met andwith a singlefunction thereis no easyway to specifythese
constraints.Therefore,thecamprofile is brokenup into 10cameventseachof which is described
by a polynomialwith boundaryconditionsthat areconstructedso that the kinematicconstraints
aremet. This techniquefor designingcamprofileswasdevelopedby Park andDavid in [23]. A
setof 15 parametersarechosento completelydescribethecamprofilebasedon thesepolynomial
functions,aswell as,themaximumlift, velocity, andcamduration.Sincethemaximumlift and
velocity, andthecamdurationdirectly influenceotherpropertiesof theengine,theseparameters
areheldfixedafterbeingmeasuredfrom theoriginalcam.An additional5 parametersareselected
for designfrom thevalvesprings’geometricproperties.Thesepropertiesarethenumberof active
coils andwire diameterof eachspringalongwith thestackheightof thevalve springnest. This
bringsthe total numberof searchparametersto 20. The goal for valve train designis to reduce
bothvalve float andvalve bounce.Hence,theoptimalvalve lift curve is thekinematicvalve lift
curvewhichcontainsnovalvefloator valvebounce.Therefore,webasethecostfunctionfor valve
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traindesignonthesquareddifferencebetweenthesimulatedvalvelift andthekinematicvalvelift:

Æq� � ñu_3ÃÙc½R½W÷"3 Ä<ð �ñ# � ¨ í ¯ 3�# sÄ � / �1J ¯ � #Áu�½ sÄ � / � ï ¥(3.10)

wherei °OùG�_� Ê ° representsthenumberof enginespeeds.
As thesimulatedvalve lift overlapsthekinematicprofile, thecostfunctionapproacheszero.

Again,animplicit filtering algorithmcanbeutilized to minimizethis costfunctionproviding the
bestsetof optimalparametersfor camprofileandvalvespringdesigns.

4. Parallelism. Below wediscusshow weparallelizethemodel.We evaluateparallelperfor-
manceby speedupandefficiency. Speedupis definedto be the ratio betweenthe computational
timeof theserial(singleprocessor)algorithmandthecomputationaltimeof theparallelalgorithm
(ideallyspeedup

� i wherei is thenumberof processors).Efficiency is definedto bethespeedup
dividedby thenumberof processors(ideallyefficiency

� U ). Two necessaryrequirementsfor high
speedupandefficiency areminimal communicationtimesandaneven load balancebetweenthe
processors.

4.1. Valve Train Model Parallelism. Recallin
�

3 thatwe modelthevalve train at a range
of enginespeeds.Themodelingof thevalve train at a givenspeedis completelyindependentof
anotherspeed,thereforethey canbeperformedsimultaneously.

Thedifferentprocessorscommunicatethrougha master-slave arrangement.Themasterfirst
sendsmodelinginformationto eachof the processorsandthenwaits. Eachslave simulatesthe
valve train at a particularenginespeedand sendssimulationdataback to the master. If more
simulationsneedto be done,the mastersendsthe modelinginformationfor thosespeedsto the
slaveswhich have alreadyreturnedtheir simulationdatato the master. Onceall the simulation
datafor everyspeedis receivedby themaster, themasterthenevaluatestheobjective functionfor
thesystemidentification(3.9)or thecamoptimization(3.10).

The communicationbetweenthe processorsinvolvesa large amountof informationinclud-
ing multi-dimensionalarrayswith U_Q b elements.However, the total communicationtime is still
dwarfedby thecomputationaltime of thesimulationanddoesnot have a significanteffect on the
speedupandefficiency.

If thenumberof enginespeedsis amultipleof thenumberof slaves( i×J{U ) sothateachproces-
sorhasthesamenumberof simulationsto do,andif thecostof eachsimulationis approximately
thesame,thentheloadbalancingwill beexcellent.

With theminimal communicationandgoodloadbalancingdescribedabovewe wouldexpect
ahighspeedup.Unfortunately, thecostof eachsimulationis not thesame,becauseweareusinga
variablestepsizeintegratorwithin thesimulation.Therefore,thelengthof timeneededtocomplete
theintegrationdependson thebehavior of thestepsize. This causesa loadimbalancewhich can
leadto significantidle timesfor someof theprocessorsandseriouslyhurt speedup.

Hereis anexampleof whatcanhappenwith a rangeof variablework loads.In this example,
weareintegratingover U � enginespeedsin orderto evaluatetheobjective functionfor theparam-
eteridentificationproblem.We have U � work processorsat our disposalandthe following times
for integrationateachenginespeed:

A singleprocessorwouldperformafunctionevaluationin û -æüpý seconds.Twelvework proces-
sorswould performa functionevaluationin no lessthanthetime of themostcostlyenginespeed
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Engine Time
Speed (secs)åoýoQpQ Q|-æçTU �å û QpQ Q|-æçpQ ûåoåoQpQ Q|- �Âþ åå þ QpQ Q|- � åoýþ QoQpQ Q|-Ööoýoçþ U_QpQ Q|-Öö|U_Qþ�� QpQ Uo-ÁüpüpQþ çoQpQ Q|-æçTU_Qþ ö�QpQ Uo-æQpQoQþ üpQpQ Q|- þ åpöþ ýoQpQ Q|- û ö þþ û QpQ Q|-æå þ ö

TABLE 4.1
Exampleof variablework loads.

Computer
ú

Processor OperatingSystemU Pentium90 Windows
þ ü�

Pentium133 Windows
þ üç Pentium133 Windows
þ üö Dual133Pentiums WindowsNTü 166MMX Pentium Windows
þ üý 233MMX PentiumII WindowsNTû 233MMX PentiumII WindowsNT

TABLE 5.1
ProcessorsandOperatingSystems

which in thiscaseis Uo-Áüpü seconds.Therefore,thespeedupfor thetwelveprocessorsis

speedup
� û -æüpýUo-æüoünÿ ü

while ideally thespeedupwouldbetwelve.

5. Results.

5.1. Computing Envir onment. Computationswereperformedon a heterogeneousnetwork
of seven Dell personalcomputers.The processorsandoperatingsystemsof the computersare
listed in Table5.1. The communicationenvironmentwe useis PVM (Parallel Virtual Machine)
version5.4beta.
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FIG. 5.1. Ford MechanicalValveSpringSystem.

Thenetwork of computerswasnot dedicatedto this oneapplication,andthereforeit became
necessaryto periodicallystoptheoptimizationin mid-iteration.Theoptimizationwasalsointer-
ruptedwhenoccurrencesbeyond our control intervenedsuchasa thunderstormor power surge.
At thetime of stoppagethecurrentbestpoint wassavedandwhentheoptimizationwasrestarted
it wasusedastheinitial point.

5.2. SystemIdentification. We show a typical systemidentificationresultfor a mechanical
valve train. The valve train consistsof a Ford engineblock containinga dual mechanicalvalve
springnestwith a friction damper. Themaincostof evaluatinganobjective functionis dueto the
complexity involvedin modelingthemechanicalvalvespring.

Theboundaryconstraintsfor implicit filtering aredependenton the initial point. Theupper
constraintsare )(# � �2� � �<#° # S
andthelowerconstraintsare !A# � ��� � �'# ° #WS
whereQ�C ° #(CõU .

Theinitial systemparametersfor thisproblemaretakenfrom apreviouslyconvergedresultof
anearliermodel[8].

In Figure5.1weplot theexperimentalvalvebounce,thesimulatedvalvebouncefor theinitial
iterate,and the bouncefor the final result. The interestedrangeof enginespeedsis between
7000to 9200rpm, but we optimizeover only 8 enginespeedsfrom å�üpQoQ to

þ�� QpQ rpm to reduce
the computationalcosts. We see,however, that the valve bouncepatternis well predictedover
the entirerangeof enginespeeds.The simulationalsopredictsthe limit speed,which occursat
approximately9200rpm,verywell.
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FIG. 5.2. LumpedMassModel.

5.3. Camshaft Optimization. We optimizethe camprofile andvalve springdesignfor the
Ford mechanicalvalve springsystem.Thegoal is to reducethevalve bounceamplitudeover the
entiretestrangeandincreaselimit speed.Eight enginespeedsfrom 8500to 9200rpmareusedin
theoptimization.

Largeperturbationsin thesplinecoefficientscanresultin alobeprofilethatis non-convex and
will causethe simulatorto fail. IFFCO candealwith somefailuresof the objective function to
returna value,treatingthemasviolation of “hiddenconstraints”andassigninganartificial high
valueto thefunctionto pointsatwhichtheevaluationfails. In thiscase,however, many candidates
for initial iteratescausethe functionto fail for every point that IFFCOtestedandtherebycaused
theiterationto stagnate.Weuseda randomsearchto find ausableinitial point.

Theboundaryconstraintsweredeterminedto bephysicallyreasonablerangesfor theparame-
ters.Usingimplicit filteringwereducedthecostfunctionof .95234to .01002.Figure5.2illustrates
theimprovementin thebehavior of theoptimizedsystem.Thelimit speedis increasedby over400
rpmfrom 9200to about9700rpmandthemagnitudeof thevalvebounceis significantlylessthan
theoriginalsystemfor mostof theenginespeeds.
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