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Abstract. In this paperwe describehe applicationof a parallelimplementatiorof theimplicit filtering algorithm
to acontrolproblemfrom hydrology We seekto controlthetemperaturatagroupof drinking waterwells by placing
barrierwells betweerthe drinking waterwells anda well thatinjectsheatedvaterfrom anindustrialsite.
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1. Intr oduction. The objective of this paperis to shov how the implicit filtering algorithm
[11,15] for noisy optimizationproblemscanbe appliedto optimizationproblemsin hydrology
We focuson a groundvatertemperatureontrol problem. This problemhassomeof the impor-
tantdifficulties,suchasnoncomwexity andnonsmoothnesshatonewould expectin moredifficult
casesbhut canuseflow andtransporimodelsandformulationsof the optimizationproblemthatare
sufficiently simpleto allow for a completedescriptionin a singlepaper More difficult problems,
with coupledflow andtransport,temperaturedlependentiensitiesand viscosities,threedimen-
sionalgeometriesand more comple flow andtransportequationswill be consideredn future
work.

In this paperwe solve the subsurceflow controlproblemwith a parallelimplementatiorj3]
of theimplicit filtering algorithm[10,11,15]. Implicit filtering is a samplingmethodfor optimiza-
tion of noisyfunctions.Theproblemhassimpleboundconstraintandfour optimizationvariables.
Theobjectie functionis noncowex, nonsmoothandhassererallocal minima. The optimization
landscapén Figurel.lis aplot of the objectve functionwith two of thevariablessetto zero.

We bggin in § 2 by briefly discussinghe groundvaterflow andtransporimodelsusedin this
work andby formulatingthe controlproblem.

In § 3 we review the implicit filtering algorithmandits implementatiorin parallel. Thenin
§ 4 wereportontheresultsof the optimizationandthe parallelperformance.

2. Groundwater Temperature Control. The problemwe considerin this paperwasgiven
to usby TGU (TechnologieberatunGrundwassemund Umwelt) GmbH,a consultingengineering
compairy for groundvater and water resources.We wish to control the temperaturen a setof
drinking waterwells. Thesiteshovn in Figure2.1is in therechageregionfor thesewells. There
is anindustrialzoneon theright of the shadedegion which injectsheatedwvaterin a singlewell,
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FiG. 1.1. OptimizationLandscape
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theinfiltration well. Germarlaw (the Wasserhaushaltsgesetajjuireshatanthropogenichanges
of groundvaterpropertiesbe minimized. In this regulationis the requirementhatdrinking water
be provided at the lowesttemperaturghatis possibleunderundisturbedconditions. We seekto
reducethe temperaturet the drinking waterwells by minimizing a quadraticfunction involving
pumpingratesat a setof barrier wells, which is an approximatemeasureof cost,anda linear
combinationof pumpingrateandtemperaturet a setof drinking waterwells.

Figure2.2 shownstherelative locationsof thewells. Theinjectionwell is the squareat thefar
right, thebarrierwellstheverticalrow in themiddle,andthedrinking waterwells arethearrayon
theleft.

Numericalexperimentsshawv that a steady-statsolutionis obtainedafter eightto ten years
of realtime. Becausef this we may usethe four steadystatepumpingratesascontrolvariables.
For the work reportedherewe negglect the vertical dimensionand the dependencef viscosity
anddensityon temperatureTheseassumptiongnableusto decouplehe equationdor flow and
temperatur@andto usea two-dimensionasimulatorfor each.Giventhecontrols,we cansolve for
theflow andusetheresultsfrom the flow codeto computethetemperaturelistribution.

To determingheflow we computethe piezometricheadh from

(2.1) % =V - (BKVh)+q
andappropriatenitial/boundaryconditions. In (2.1), S is the storagecoeficient, B(z, y) is the
thicknessof the aquifer K (z,y) is the hydraulicconductvity, andgq is a sourceterm. Fromthe

headwe computethe meanmacroscopi@orevelocity vectorvia

(2.2) v = —KVh,
€

wherese is the effective porosityof the porousmedium.
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FiG. 2.1. Map of theSite

FiG. 2.2. Well Locations
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After solvingthe flow equationwe modeltemperaturen a way thata solutetransportcode
canbeusedto solve therelevantequationg7].



Thewatertemperature satisfies
(2.3) —

wherethethermalretardatiorfactoris

(2.4) e
In (2.3), is the volumefraction of the aqueouphase, is the volumefraction of
thesolid phase, is the heatcapacityof the soil, and

is the heatcapacityof thefluid. For saturatediow,
Thethermaldispersiortensorns

(2.5) .

where istheKronecler , and and arelongitudinalandtrans\ersaldisper
sivity valuesthatare characteristiof the porousmedium. is a nonsmoothunctionof , and
henceof . Thisaccountdor thenonsmoothneg$atis clearlyvisiblein Figurel.1.

We formulatethe optimizationproblemas

(2.6)

Here is the vector of steady-statgpumpingratesat the control wells, is the
temperaturatthedrinking waterwells, and

is avectorof therelative pumpingrates(in ) atthesewells. Thetruncationerrorin theflow
andtransportcodescontribute low-amplitudenoiseto

The boundconstraintsvereimposedto accountfor limits in the pumpingrates. Thesecon-
straintswere not active at the solution, and the optimizationwas essentiallyan unconstrained
problem.

3. Implicit Filtering. Implicit filtering [11,15] is a projectedquasi-N&vton iterationwhich
usesdifferencegradients reducingthe differenceincrementasthe optimizationprogressesThe
methodwasdesignedor problemswith objectve functionsthataresmallperturbation®f smooth
functions.Our paradigmis
(3.2)

where issmoothand is small. In practice is usuallynonsmootlandsometimesliscon-
tinuous.

Implicit filtering is a samplingmethod. This meansthat the optimizationis directedonly
by information on function values,with no gradientinformation. Implicit filtering differs from
classicasamplingmethodssuchasthe NeldekMead[17] or Hooke-Jeges[12] algorithmsin that
it is readilyimplementedn parallel[3,4,6] by simply performingthefunctionevaluationsneeded
for the differencegradientin parallel. The potentialfor quasi-Nevton acceleration5, 11,15]
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is a featurethat other parallelizablesamplingmethods,suchas the PDS method[8, 19,20] or
DIRECT[9, 13,14], cannotexploit. Theresultsreportedn this paperwereobtainedwith IFFCO,
aFORTRAN implementatiorof implicit filtering [3].

Supposeave seekto solve
(3.2)

where
(3.3)

Here, and aresequencesf realnumberssuchthat
(3.4)

Herewe denotethe th componenof thevector by to distinguishthe componenindex from
theiterationindex. We denoteby the projectiononto . For

if
(3.5) if
if
Implicit filtering asimplementedn IFFCO beginsby scaling to the unit cube( and
for all ). For , let denotethe finite differenceapproximationof

with stepsize thatusescentraldifferencesf all pointsof the centraldifferencestencilarein
and one-sidedifferencedn thosedirectionsin which one pointin the stencilis notin . The
restriction impliesthatat leasttwo pointswill bein the stencilin arny coordinatedirection
(the centerandat leastone of , Where is the unit vectorin thatdirection). The stencilis
usedbothto approximatehe gradientandto provide oneof theterminationcriteria. Let
bethedifferencestencilabout in with stepsize . We call thecondition

(3.6)

stencilfailure. In theunconstrainedasg2, 15] stencilfailureimpliesthat . A similar
resultalsoholdsin theboundconstraineadtase wherestencilfailureimpliesthat

We terminateéhequasi-Nevtoniterationfor agivenvalueof afterastencilfailurefor thisreason.

IFFCOoffersachoiceof SR1andBFGSquasi-N&ton updatesFor boundconstrainegbrob-
lemswe recommendhe SR1 update. We will formally describethe algorithm. We begin with
Algorithm fdquasi, whichis afinite differenceprojectedquasi-Nevton iterationfor (3.2).

Implicit filtering is a sequencef calls to fdquasi with the differenceincrementsor scales
reducedaftereachreturnfrom fdquasi.

Thereare several convergencetheoremdor implicit filtering [5,11,15]. We statea typical
resultfrom [15] for completeness.

THEOREM 3.1. Let satisfy(3.1)andlet be Lipsditz continuous Let , be
theimplicit filtering sequenceand . Assumehat fewer than badcktracksare
takenfor all but finitely many . Thenif
(3.7)



Algorithm 1 fdquasi

while and do
compute and
if (3.6) holdsthen
terminateandreportstencil failur e
endif
updatethemodelHessian if appropriatesolve
useabacktrackindine searchwith atmost backtracksto find a steplength
if backtrackdave beentakenthen
terminateandreportline search failur e
end if

endwhile
if reportiteration count failur e

Algorithm 2 imfilter
for do
f dquasi
endfor

thenanylimit pointof thesequence s acritical pointof

The implicit filtering methodhasmary parametersthe sequencef scalesthe termination
parameter , andthelimits and ontheinnerandouteriterations.We will discussour
settingsof thoseparametersn 4.

The mostsignificantopportunityfor parallelismis in the computatiorof , Whereall the
functionevaluationsfor areindependentOnecanalsoperformtheline searchfunc-
tion evaluationsin parallel.In  4.2we shov how the parallelismcanbe effectively exploited by
IFFCO.

4. Computational Results. Thecomputationseportedn this sectionweredoneontheBM
SP/2supercomputelocatedat the North CarolinaSupercompute€enterrunningIBM AIX 4.3.
This IBM SP/2consistsof 180 nodes,where eachnode consistsof four 375 MHz Pawer3-II
processorsEachnodehas2 GB of memory We usedtheIBM xIf 7.1 FORTRAN compilet

The parametersn the implicit filtering algorithmwere : , :

for ,and for . We usedthe SR1quasi-Nevton method
andimposeda limit of 50 function evaluationson the optimization. The scaleswere
for . We terminatedthe optimizationafter we expendedthe budgetof 50 function
evaluations.

The parallelismwas in the simultaneousevaluationsof the objectve function to form the
differencegradients We discretizedhe flow equationson a meshandusedMODFLOW
[16] to computethe piezometrichead. From the headwe extractedthe velocity vectorandused
MT3D [18], a transportsimulator to computethe temperaturealistribution on the mesh. See[1]
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for a morecompleteaccountof the model,the boundaryconditions,andthe underlyingphysical
assumptionsWe computedhesteady-stateolutionsusingaccurateéemporaintegrationoutto ten
years.For theflow simulation120time stepsof 30 daysaretaken. Thetransportintegrationwas
explicit, andwetook 150transporstepdor eachflow step. MODFLOW andMT3D communicate
via disk1/0O.

4.1. Effectivenessof the Control. In Figures4.1 and4.2 we plot contoursof temperature.
We normalizethe temperaturef the groundvaterto zeroandthe temperaturef the
waterfrom theinjectionwell to one. Theinjectionwell is locatedat the box on theright side of
the plume, the control wells at the vertical row of diamondsin the centerof the plume,andthe
drinking waterwells at the circlesto theleft of the controlwells. Thetemperaturef theinjected
wateris warmerthattheambientgroundvatertemperaturef . Thisleadsto anincrease
of atthedrinking waterwells for the uncontrolledflow, to high satisfytheregulations.

Thefiguresclearlyshaw thatthe optimizedpumpingratesreducethetemperaturatthedrink-
ing wells andthatthe size of the high temperaturgplumehasbeenreduded.The maximumtem-
peratureat the drinking waterwells is for the controlledflow, which is within regulatory
limits.

FiG. 4.1. Tempeature Distribution: Uncontolled Flow

4.2. Parallel Performance. Aswedescribecatarlierin 3, therearetwo opportunitiesor par
allelismin IFFCO,theevaluationof thegradientandtheline searchWe exploit thesepossibilities
in ourimplementatiorby usingthe PVM parallelprogrammindibrary.

The processoren eachnodeshare? gigabytesof memory(which did not affect our compu-
tations)anda local, temporarydirectory We usedthis temporarydirectoryfor the datafiles and
temporaryfiles we neededn our simulation. Sincefour processorsharedhe samelocal direc-
tory, we addeda uniquetaskidentificationnumber(TID) to eacheachtemporaryfile to prevent
thedifferentprocessorfrom writing to the samefile.

The PVM programminglibrary leadsto the use of the masterslave parallel programming
paradigm.n thecomputatioramastemprocessodid all thework in IFFCOexceptfor thefunction
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FiG. 4.2. Tempeature Distribution: Contmolled Flow
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Numberof Processors Run-time(in sec.) Speedup

1 5582.89 1.0000
2+1 2986.31 1.8695
4+1 1618.64 3.4491
8+1 1050.15 5.3163

TABLE 4.1

Paralell efiiciency

evaluations. The time neededo do this was much smallerthan the time neededo evaluatea

function. Therefore we usedthe masterto run IFFCO and usedboth the masterandthe slaves

to do the function evaluationsneededduring the evaluationof the gradientandthe line search.
We only neededo sendshortmessagebetweerthe masterandthe slaves,sothe communication
timeswerevery smallcomparedo the computationsThis meansve only neededo usethebasic
sendandreceve mechanismgrovidedby PVM.

ThePVM implementatioravailableonthelBM SP/2neededa dedicategrocessoto runthe
PVM sener. In Table4.1we shav thetimesneededo solve the problemwith differentnumbers
of processorsWe recordthe numberof processorsas,for example, to emphasizeéhatone
processowasneededsthePVM sener (acharacteristiof theIBM SP/2PVM). Thelastcolumn
of thetableshavs the speedugactor

where is thetime neededvith oneprocessoand is thetime neededvith processors.
Perfectspeedugor our configurationwould be

Notethatit doesnot make sensdor this problemto usemorethannine processorsAt most
eightprocessorsirerequiredfor evaluatingthe gradient,andoneis requiredasthe PVM sener.
Table4.1shovs goodparallelperformance.
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