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ABSTRACT

Optimal design of high-speed valve trains requires the use of
an accurate analytical model. While the governing differential
equations are important, the coefficients (or parameters) used
in these equations are equally as important. Since many of the
parameters used in valve train models are difficult to measure
directly, parameter identification based on experimental data

is required to assure model accuracy.

This paperaddressethe parameterdentification problemfor

a valvetrain model,formulatinga scalarcostfunction which

representghe differencein measuredand predicted system
response Minimizaton of this cost function yields the 10

unknown systemparametersAs the costfunction has many
local minima, a global optimization scheme must be
employed. An implicit filtering algorithm is implemented
which appliesa scalereductionscheméan conjunctionwith a

gradientprojectionalgorithmto avoid becommingtrappedin

local minima and thus producesnear global minima of the

cost function. The implicit filtering algorithm has several
tuning parameterswhich allows its adaptationto many
problems.For this problem,implicit filtering provedto be 2

to 4 times more efficient than the adaptiverandom search
method previously employed.

INTRODUCTION

Figure 1 showsa schematioof a typical push-rodtype valve

train which is the focus of this study. In the design and

optimization of such mechanismsfor high-speedinternal

combustion enginesn accurateanalyticalmodelis essential.
Whetherthe modelis simple[1,2] or complex[3,4], accurate
parametersare essentialfor the accuracyof the model. For

linear systems parameterestimationis a rather mature art

while for nonlinear systemsthe problem of determining
systemparameterss much more difficult. In that a valve

train is a transient mechanismwith some components
exhibiting steady-state respori%¢, the problemof parameter
estimation is increasingly difficult.

Figure 1: A Typical Pushrod Valve Train [4]

THE MODEL

Figure 2 showsa schematicof a model developedby Kim
and David [4] for usein high-speedvalve train analysis.It
has the advantageof being computationallyefficient while
having good accuracyfor engine speedsof 9,000 rpm and
above.This model has severalparametersvhich physically
describethe mechanismThe massparameterganbedirectly
measuredind arethusnot a problemin this case.The valve
spring reactiveforce, as well parametersks and cs, are also
easily determined.However, the stiffness parametersk;
through k, are not easily measuredand the damping
parametersc,; through c4, along with the two friction
coefficients(rocker arm pivot and valve stem)are extremely
difficult to measure.The use of a system identification
procedure allows these unknows to be determinedin a
mannerwhich obtainsthe bestcorrelationof the modelwith
experimental data.
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Figure 2: Schematic of the Valve Train Model [4]

EXPERIMENTAL APPARATUSAND TEST RESULTS

The test apparatusconsistsof an engine block less the
connecting rods and pistons and with a straight shaft
replacing the crankshaft. It has a complete valve train
including the cam drive mechanismA 30 hp direct current
motoris usedto drive the assemblyVarioussensorsare used
to measurehe dynamicresponsef the mechanismsuchas
strain-gagesaccelerometersand proximeters.The camshaft
rotation angle is measuredwith an optical encoderwhich
triggers a computer to acquire data.

Figure3 showsa typical valve motion trace obtainedfrom a

short-ranggproximeter.The valveis initially closedandasit

beginsto open, the proximeter measureghe displacement.
Next, the valve movesoutsidethe range of the sensorand

thus, the displacementcurve is flat. Then, the proximeter
sensesthe valve on the closing event and measuresthe

subsequentlisplacementNotice that after closing, the valve

bounceff the seat,often morethanonce.The amplitudeof

this first bounceis an excellentindicator of the dynamic
performanceof the mechanism[6] and is usedfor future

comparisonsTherangeof the proximeterusedin this testis

about 1.5 mm. Other sensors, sasthong rangeproximeters,
arecapableof measuringhe entiredisplacementurveof the

valve. However, results indicatlkatthe precisionof the short
rangedatashownin Figure 3 producesbettercorrelationof

the analytical model due to the increasedresolutionin the

valve seating area and subsequendefinition of the valve

bounce phenomenaData is taken at a family of engine
speedsusually 7,000 rpm to limiting speed(between9,000
rpm and 12,000 rpm for the type of valve train presented
here) in incrementsof 100 rpm. Thus, an experiment
producesa family of 20 or more displacementcurves like

Figure 3 that are used in the parameter identification.
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Figure 3: Short Range Proximeter Measurement of Valve
Motion [5]

COST FUNCTION

Becausethe systemis transientand highly nonlinear, the
parameteridentification is cast as a least squareserror
between the predicted responseof the model and the
experimentabata.This error is summedover the numberof

data points and number of test engine speeds:
nspeed npoints

f= Zl JZle(yi(j)—yi*(j))2 (1)

wherey, is any predictedsystemresponseand yj* is the
corresponding measured response. For this study, the
responsés the valve motion. The weighting function w; is

includedto excludethe datafor which the valve is out of

rangeof the sensorlt canalsobe usedto weight other data
points to increase/decreaseorrelation with a particular
portion of the data. The experimentaldata can be any
measurablequantity of the valve train, or even multiple

sensor readings (such as proximeter and strain-gage
measurements)As the predictedresponseof the modelis a

functionof the unknownparametersthe goalis to minimize

the error betweenthe measuredand predictedresponses.In

an ideal situation with no modeling misconceptionsor

numerical errors, the cost function would be zero.

THE OPTIMIZATION PROBLEM

Figures 4 and 5 show three dimensional sectionsof the
optimization landscapeFigure 4 is a plot of the total cost
function againsttwo of the unknownparameterandfigure 5
is a similar plot with the costfunction computedusingonly a
single engine speed.

The figuresillustrate two significantfeaturesof the problem.
First, there are many local minima that correspondto
objectivefunctionsfar from optimal. Theselocal minima will

entrap traditional optimization algorithms and lead to
prematureterminationof the iteration. Secondly,evenwhen
the objectivefunction value is small, the local minima limit

the accuracyto which optimal parametervalues can be
determined.In both figures we seea simple objective with

local minima caused by low-amplitude, high-frequency noise.
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Figure 4: Cost Function Variation with Two Parameters

Figure 5: Cost Function Variation for Two Parameters,
Single RPM

Non-standardoptimizers must be used to drive the cost
function to a small value. However, one doesnot needand
should not expectto find the global minimum. A sensible
goal of an optimizationof a function of this kind is simply to

find a value of the parametersthat make the objective
function small. There may be severalsuchsetsof valuesof

the parameterandthe valvetrain modelsbasedon thosesets
of parameters will have similar characteristics.

In this paper,implicit filtering [7] performsa sequenceof
optimizations with varying resolution, thereby seeking to
capture the low-frequency behaviafrthe objectiveandfind a
low function value without becoming trappedin a local
minimum before reaching an acceptable parameter set.

THE OPTIMIZER: IMPLICIT FILTERING

Implicit filtering, originally proposedin the context of

computer aided design of semiconductors[8,9,10] is a

generalizatiorof the gradientprojectionalgorithmof [11] in

which derivatives are computedwith difference quotients.
The stepsizes(called scales)in the differencequotientsare

changedasthe iteration progressesvith the goal of avoiding

local minima that are caused by high-frequency, low

amplitude oscillationssuch as thoseseenin Figs. 4 and 5.

Realfiltering couldbe performed,but this requiressampling
and filtering the entire solution space and thus, is

computationally quite expensive.Implicit filtering is very

similar to adaptive meshing schemes used by the

computationafluid mechaniccommunityto avoid unwanted
harmonics. The algorithm is fully described in [7] and [12].
brief summary is presented here.

Gradientprojectionalgorithmsare variationsof the steepest
descent method. The goal is to solve the constrained
optimization problem

min f (x) 2
x0Q
where x is the vector of unknown parametersto be

determined.The feasible set of solutions Q is defined by
simple bounds

Q :{x| l <x < ui} : ®3)

Here x; is the ith componentof the vector x. Centralto the
gradientprojectionalgorithmis the easewith which a vector
X can be projectedonto Q. The projectionof P onto Q is
defined by

o ifx <l

_0 .
P(x)=[u if X, 2u 4)

B(i ifli <X <y
where [; is the ith componentof the vector representing
lower boundson the solutionand y; is the ith componentof
the vector representingupper boundson the solution. The

gradientprojectioniterationfrom a currentapproximationx,
to a better approximatiox. is defined by

X, =P(x,—-alf(x,)) (5)

wherea is a stegengthparametedeterminedsothat f(x.) is
smaller tharf (x.).

If thegradientsare approximatedy finite differences]ifis
replaced by some difference approximation(l],f where
[(O,f couldbeforward, backward,or centeredifferencesin

the caseof centeredifferenceswhich areusedin this study,
the ith component afl,f(x) is
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wheresg, is the ith canonical basis vector. For such an
approximation, accuracy of the order &fié expected. The
convergence theory of Gilmore and Kelley [13] applies to
both centered and one sided differences. Experience in using
this algorithm in semiconductor applications indicates that
centered differences work far better and thus are used in this
work.

The iterative schemeinvolves calculatingthe gradientusing
Equation 6. This is then usedin Equation 3 and 4 to
determinea candidate solution x,. This candidate solution x.
is then checked for sufficient descent by

2
o) - f x>l @)

If Equation 7 is satisfied, the candidate solution x, is
acceptedand the iteration continuesby repeatingthe above
stepsup to a limiting valuekmax times.If Equation 7 is not
satisfied,a is reduced as

a =Ba ®)

,with 0<[3 <1, a new candidate solution x. is calculatedfrom

egs.3 and4 andcheckedusingEquation 7. This is repeated
up to jmax timesuntil an acceptablesolutionx. is found. If
an acceptablesolutionis not foundin this processjs usually
meanghatthe stepsizeh (or scale)is too largeand needsto
be reduced. This is done in the implicit filtering algorithm.

The iteration is terminated whenever
%, = x|sTh 9)
is below a desired tolerance.

The adaptation of the gradient projection algorithm to
implicit filtering is rathersimple. Successivapplicationsof
the gradient search algorithm are performed using ever
decreasingscales.This is donea total of m times. This has
the effect of filtering out higher harmonics of the cost
function in the early stagesof the iteration while admitting
them in the final stagesof the iteration to improve final
convergence. Once tlmnvergenceriteria (7) is satisfiedfor

all scales,the algorithm is restartedusing the best-to-date
solution and rechecked to assure convergence for all scales.

COMPUTATIONAL RESULTS

The implementationof implicit filtering is containedin a

codenamedIFFCO. IFFCO can be obtainedby anonymous
ftp to math.ncsu.edun the directory pub\kelley\iffco. Users
are advisedto get both the FORTRAN codeiffco.f and the

users’ guide ug.ps. The inputs to the code are:

the objective functiorf

the initial guess of the solution

the bounds §;} and {I;}

an estimatef ¢, for the minimum absolutevalue of
f

T, the constant used in the termination criteria
maximum number of step size reductions

the maximum number of step length reductipnax
the maximumnumberof iteratesfor eachuseof the
gradient projection algorithrkmax
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Of these fscae ; T, M, jmax andkmax areparametershatthe
user can tune to improve the performance of IFFCO.

The bounds on the variables are scaleihg{u} and{l;}, to
be between0 and 1. The function f is divided by fscqe N
order to make the estimated maximum value of f
approximately 1. Thes®vo scalingsareintendedto assistthe
gradient projection algorithm avoid terminations on the
initial iterationor after too many steplengthreductions.The
algorithm appearsto be relatively insensitiveto fscae and
using the function value from the initial guess is reasonable.

T reflectsthe estimateof the amplitudeof the high frequency
noisein the problem.If the amplitudeof 1 is small and the
noise amplitude is large, the convergencecriteria (eq. 7)

might never be satisfied. Small amplitude naismild require
a small valueof 1. If T is too large, the convergenceriteria
will be satisfiedtoo easily causingthe scaleto be reducedoo
soon, admitting high frequency componentsinto the cost
function evaluation. This will cause IFFCO to become
trappedin alocal minimum. Thus, this is the mostimportant
parameterand must be determinedby experimentatiorwith

each problem undertaken.For this problem, 1=0.1 worked
well.

Sincethe problemis now boundedby 0 and 1, the scale(step
size)h perapplicationof the gradientprojectionalgorithmis

definedas h=2'. Other variationsare possible,but this one
workedwell for this problem.The numberof stepreductions
m shouldbe large enoughto provide good resolutionof the

solution. For this probletm= 10 was used.

The maximum number aferateskmax andjmax aretunedto
allow the iterative schemesto proceedlong enough for
successfultermination without being so large as to use
excessiveomputationakffort. For this problem5 was used
for both.

Figure 6 shows the results using IFFCO. The parameter
plottedis the magnitudeof the first valve bounceexperience
by the mechanisnafter closingasa function of enginespeed.
Theinitial guesswasunusablen thatit completelyfailed to
predictthe instability in the systemat 9,200rpm. IFFCOwas
ableto obtaina very good solution, predictingthe instability
region with good precision. However, the adaptiverandom
search technique [14] is also capable of finding good



solutions, given enough time. Thus, one must look at
computational efficiency to assess the superior technique.
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Figure 6: Experimental Results, Initial Guess and IFFCO
Results

Figure 7 showsthe resultsof a comparisonbetweenlFFCO

and the adaptive random search (ARS) technique. Upper

boundsand lower boundsare the samefor both techniques
and z representghe distancebetweenthe upper and lower

bounds used for the initial guess; i.e.

X =l +(u —1)z (10)
For both methods, iteration was stopped when the cost

functionreachedhe samegoal. In all cases]FFCO obtained
solutions in 1/3 to 1/4 of the number of iterations as ARS.
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Figure 7: Cost Function Evaluations as a Function of
Initial Guess

Figure 8 showsa comparisonof cost function evaluations
obtainedafter 60 iterations.In all casesthe solutionobtained
by IFFCO is half the value obtained by ARS.
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Figure 8. Cost Function Value as a Function of Initial
Guessfor 60 Iterations

CONCLUSIONS

Implicit filtering appearsto be an efficient method for
parameter identification of high-speed, nonlinealve trains.
Reductions of computation effort as high as 75% were
realized over the adaptiverandom searchtechnique.Some
numerical experimentsare required, however,to adjustthe
tuning parameters to achieve optimal results.
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