LBNL-41638Multiphase Inverse Modeling:An OverviewStefan FinsterleEarth Sciences DivisionLawrence Berkeley National LaboratoryUniversity of CaliforniaBerkeley, CA 94720Paper presented at theU.S. Department of Energy’s Geothermal Program Review XVIBerkeley, CaliforniaApril 1-2, 1998and to be published in the ProceedingsMarch 1998This work was supported, in part, by the Assistant Secretary for Energy Efficiency and Renewable Energy, Office ofGeothermal Technologies, of the U.S. Department of Energy under contract No. DE-AC03-76SF00098.

DISCLAIMERThis document was prepared as an account of work sponsored by theUnited States Government. While this document is believed to containcorrect information, neither the United States Government nor anyagency thereof, nor The Regents of the University of California, norany of their employees, makes any warranty, express or implied, orassumes any legal responsibility for the accuracy, completeness, orusefulness of any information, apparatus, product, or process disclosed,or represents that its use would not infringe privately owned rights.Reference herein to any specific commercial product, process, or serviceby its trade name, trademark, manufacturer, or otherwise, does notnecessarily constitute or imply its endorsement, recommendation, orfavoring by the United States Government or any agency thereof, orThe Regents of the University of California. The views and opinions ofauthors expressed herein do not necessarily state or reflect those of theUnited States Government or any agency thereof, or The Regents of theUniversity of California.Ernest Orlando Lawrence Berkeley National Laboratoryis an equal opportunity employer.

- 1 -MULTIPHASE INVERSE MODELING: AN OVERVIEWStefan FinsterleLawrence Berkeley National LaboratoryEarth Sciences Division, Mail Stop 90-1116Berkeley, CA 94720(510) 486-5205SAFinsterle@lbl.govABSTRACTInverse modeling is a technique to derivemodel-related parameters from a variety ofobservations made on hydrogeologic systems,from small-scale laboratory experiments tofield tests to long-term geothermal reservoirresponses. If properly chosen, these observa-tions contain information about the systembehavior that is relevant to the performance ofa geothermal field. Estimating model-relatedparameters and reducing their uncertainty isan important step in model development,because errors in the parameters constitute amajor source of prediction errors. This papercontains an overview of inverse modelingapplications using the ITOUGH2 code,demonstrating the possibilities and limitationsof a formalized approach to the parameterestimation problem.INTRODUCTIONNumerical modeling of nonisothermal multi-phase flow in fractured-porous media hasreached a level of sophistication that allowsone to accurately simulate coupled flow, trans-port, and heat exchange processes in a geo-thermal reservoir under a variety of naturaland production-induced conditions (Pruess etal., 1997). However, uncertainties in theparameters describing the hydrogeologicproperties of the geothermal reservoir oftenobliterate the theoretically high precision ofnumerical simulations. An even greater impacton the predicted system behavior is generatedby errors in the conceptual model, making theidentification of the relevant features andparameters the most important step in modeldevelopment.Data describing the geothermal reservoircharacteristics are usually obtained using avariety of methods, each of which producinginformation pertinent to a specific scale and aparticular process. In previous publications(Finsterle and Pruess, 1995; Finsterle et al.,1997) we have argued that hydrogeologicparameters should be determined based onproduction data (flow rates, enthalpies, andtemperatures) and using a model with astructure similar to that employed for thesubsequent predictions. Automatic historymatching of relevant test and production dataassures that model-related parameters areestimated, thus increasing the reliability of thepredictions.The project described in this paper aims atenhancing automatic history matching andoptimization techniques for analyzing prob-lems in geothermal reservoir engineering.Developing inverse modeling capabilities for anonisothermal multiphase reservoir simulatorprovides the means to reduce errors anduncertainties in the input parameters. The factthat parameter uncertainties constitute a majorsource of prediction uncertainty emphasizesthe importance of the parameter estimationprocess in general, and the assessment ofparameter sensitivities and estimation errors inparticular. We have developed inverse modeling capabili-ties for the TOUGH2 simulator (Pruess, 1991)for applications in nuclear waste isolation,environmental sciences, and geothermal engi-neering. The ITOUGH2 code (�InverseTOUGH2�) permits the estimation ofTOUGH2 input parameters based on any typeof observation for which a correspondingTOUGH2 output can be calculated (Finsterle,1997a). Furthermore, a detailed residual anderror analysis can be performed, and theuncertainty of model predictions can beevaluated using either a linear analysis orMonte Carlo simulations. The purpose of this paper is to provide anoverview of ITOUGH2 applications to avariety of multiphase flow problems on a widerange of scales and involving different proc-esses. The ability of inverse modeling toextract information from measured data willbe demonstrated, along with its limitations,which are usually a consequence of systematicerrors in either the model or the data.

- 2 -ELEMENTS OF INVERSE MODELINGIn this section, we briefly summarize thevarious steps involved in the iterative proce-dure of automatic model calibration. Adetailed discussion of inverse modeling theorycan be found elsewhere (e.g., Carrera andNeuman, 1986). The flow chart shown in Figure 1 illustrates theprocess and main elements of inverse model-ing.

updated parameter

stopping criteria

minimization algorithm

best estimate

error analysis

uncertainty propagation analysis maximum likelihood measured system response model

calculated system response prior information

objective function true system response

Figure 1. Inverse modeling flow chartshowing main elements of automatic modelcalibration procedure.The core of an inverse modeling code is anaccurate, efficient, and robust simulationprogram that solves the so-called forwardproblem. It must be capable of simulating theflow and transport processes that govern theobserved system response. mentionedabove, we use TOUGH2 (Pruess, 1991) tomodel multiphase fluid and heat flow infractured-porous media. In addition toselecting the simulator, a problem- and site-specific conceptual model has to bedeveloped. Note that any error in theconceptual model leads to a bias in theparameter estimates, which is usually muchlarger than the uncertainty introduced byrandom measurement errors.Next, an objective function has to be selectedto obtain an aggregate measure of deviationbetween the observed and calculated systemresponse. The choice of the objective functioncan be based on maximum likelihood consid-erations, which for normally distributed meas-urement errors leads to the standard weightedleast squares criterion (Carrera and Neuman,1986):

S= r T C zz-1 r

(1)Here, r is the residual vector with elements

ri = zi *- zi(p)

, where

zi *

is an observation(e.g., pressure, temperature, flow rate, etc.) at given point in space and time, and

zi

is thecorresponding simulator prediction, whichdepends on the vector

p

of the unknownparameters to be estimated. The i-th diagonalelement of the covariance matrix

Czz

is thevariance representing the measurement errorof observation

. Note that alternativeobjective functions are available, which mayhave significant advantages over the traditionalleast-squares formulation (Finsterle and Najita,1997).The objective function

S

has to be minimizedin order to maximize the probability of repro-ducing the observed system state. Due tostrong nonlinearities in the functions

zi(p)

, aniterative procedure is required to minimize theobjective function

S

. A number of minimi-zation algorithms are available in ITOUGH2.They reduce the objective function by itera-tively updating the parameter vector

p

basedon the of

with respect to pjDetails a b o u t the minimization a l g o r i t h m s i m p l e m e n t e d in ITOUGH2 can be f o u n d i n F i n s t e r l e ( 1 9 9 7 a ) . Finally, u n d e r the assumption of n o r m a l i t y and linearity, a detailed e r r o r analysis of t h e final residuals and the estimated parameters isc o n d u c t e d . d e m o n s t r a t e d in Finsterle a n d Pruess (1995a,b), these analyses p r o v i d e valuable i n f o r m a t i o n a b o u t the e s t i m a t i o n uncertainty, the a d e q u a c y of the m o d e l structure, the quality of the data, and t h e relative i m p o r t a n c e of individual data p o i n t s and parameters. In addition to its efficiency, itis mainly the f o r m a l i z e d sensitivity, residual,and error analyses that make inverse m o d e l i n g p r e f e r a b l e over the conventional t r i a l - a n d - e r r o r m o d e l c a l i b r a t i o n .

- 3 -APPLICATIONSITOUGH2 has been applied to a number ofsynthetic and actual multiphase inverse prob-lems on different and with differentobjectives. Applications to geothermal engi-neering problems have been described inFinsterle and Pruess (1995b), White (1995),Finsterle and Pruess (1997), Finsterle et al.(1997), and Guerrero et al. (1998). An addi-tional of sample problems with a detaileddescription of the ITOUGH2 program optionscan be found in Finsterle (1997b). Table shows the four selected applications ofincreasing scale that will be discussed in theremainder of this paper.Table 1.Summary Description of SelectedITOUGH2 ApplicationsApplicationParametersObservations

Gas-pressure-pulse-decayexperimentPermeabilityPorosityKlinkenberg factorPressure inupstream anddownstream gasreservoir

VentilationexperimentPermeabilityvan Genuchten parametersWater potentialsPressuresEvaporation rateAtmosphericpressurefluctuationGas diffusivityPneumatic pressureCalibration ofgeothermalreservoir modelPermeabilityPorositySteam saturationvan Genuchten parametersPressureEnthalpy

In Application 1, permeability and porosity ofa very tight fine-grained graywacke core plugfrom the Geysers Coring Project aredetermined using the gas-pressure-pulse-decay(GPPD) method, in which a reservoir attachedto the dry sample is rapidly pressurized usingnitrogen gas (see Figure 2). Gas flowingthrough the sample, and the pressure changeover time is observed in both the upstream anddownstream reservoirs. Using nitrogen gas asopposed to water has the advantage of shorterduration due to the increased mobility ofthe fluid. Furthermore, the high compressibil-ity allows the determination of a relativelyindependent porosity estimate from thesteady-state pressure data. Knudsen diffusioneffects, however, lead to increased gas fluxesand thus require estimating a third parameter,the Klinkenberg gas slip factor along withabsolute permeability and porosity. Detailscan be found in Finsterle and Persoff (1997).

Figure 2.Gas-pressure-pulse-decayapparatus.Figure 3 shows the data (symbols), the simu-lated pressures with an initial of parameters(dash-dotted lines), and the match obtainedafter 5 ITOUGH2 iterations (solid lines).The almost perfect match shown in Figure may lead to the conclusion that the parameterswere estimated with a high degree of precision.However, the covariance matrix of theestimated parameters (Table 2) reveals that thevery strong negative correlation between thepermeability k and the Klinkenberg factor yields an estimation uncertainty of more thanan order of magnitude.

102 103 104 105

010203040500xxxxxxxxxxxxxxx x x xxxx x

xxxxxxxxxxxxxxxxxxxxxxxxx

xxxxxxxxxxxxxxxxxxxxxxxxxxxxxx xxxxxxxxxxxxxxxxxxxxxxxxxx xxxxxxxxxxxxTime[sec]

Presure[kPa]

Responsewithinitialparameterset DatapointsBestfit DownstreamreservoirUpstreamreservoir Figure 3.Inversion of data from a GPPDexperiment. Comparison between measuredand calculated pressure transient curves in theupstream and downstream gas reservoirs.

- 4 -Table 2.Estimation Covariance Matrix,Inversion of One GPPD Experimentlog(klog(bporosity log(k1.67-0.99-0.87 log(b-1.902.160.87porosity-5.79E-46.59E-42.64E-7

Diagonal contains variances, lower triangle is covari-ance matrix, upper triangle is correlation matrix.Table 3.Estimation Covariance Matrix,Simultaneous Inversion of Three GPPDExperiments.log(klog(bporosity log(k1.05E-4-0.52-0.12 log(b-1.07E-44.10E-4-0.02porosity-1.30E-6-3.62E-71.06E-6

Diagonal contains variances, lower triangle is covari-ance matrix, upper triangle is correlation matrix.The two highly correlated parameters can beeffectively decoupled by simultaneouslyinverting data from three experimentsperformed at three different pressure levels.Weakening the correlation coefficient from -0.99 to -0.52 allows for a more independentdetermination of all parameters, thus signifi-cantly reducing the estimation uncertainty asshown in Table 3. The match to all threeGPPD experiments is shown in Figure 4.

102 103 104 105

050100150^{20025003000}_{xxx}x_{xxx}xx_{xx}x_x_{x x x x}x_{xx} x_{xx xx xxxxxxxxxxxxxxxxxxxx xxxxxxxx} xxxxxxxxxxxxxxxxx xxxxxxxxxx xxxx x x xx xxxxxxxxxxxx x xx xxxxxxxxxx xx xx x xx x x x xx xx x xx x

xxxxxxxxxxxx x xxx x x x xxx xxx x xx x x x x xx x xxx x xxx x x x xx x xxx x xxxxxxxxxx x x xxx xxx x xxx x x x xxxx x xxx x x xxxxxxxxxxxx xxx x xxx x x x xxx xx x x xxx x x x xxx xxx x xxx x x x xxx xxx x xxx x x x xx x xxx x xxxxxx x x xxx xx x xxx x xx xxxxxxxxxxxxxx x xxx x x x xxx xxx x xxx x x x xxx xxx x xxx x x x xxx xxx x xxx x x x xxx xxx x xxx x x x xxx xxx x xxxx x x xx xxxxxxxxxxxxx x x x x xxx xxx x xxx x x xxxxxxxxxxxxxxx xxx x xxx x x x xxx xxx x xxx x x x xxx xxx x xxx x x x xxx xxx x xxx x x x xxx xxx x xxx x x x xxx xxx x xx xxx x xxxx x x xxx xxx x xxx x x x xxx xxx x xxx_{Time[sec]}

Presure[kPa]

DataxInitialGuesBestEstimate Experiment1

Experiment3Experiment2

Figure 4. Comparison between measured andcalculated pressure transient curves from threesimultaneously inverted GPPD experiments.This example shows the importance of formalized error analysis for a comprehensiveinterpretation of inverse modeling results.More details about correlations, the impact ofsystematic errors and their removal byparameterization, and the use of robustestimators can be found in Finsterle andPersoff (1997) and Finsterle and Najita(1997).Application 2 demonstrates the flexibility ofinverse modeling. A variety of different datafrom an unconventional experiment are usedfor the determination of two-phase hydraulicproperties. Figure 5 shows a schematic of a ventilationexperiment performed at the Grimsel RockLaboratory, Switzerland. In order to deter-mine the macropermeability of crystallinerocks, the total inflow of moisture into anisolated, ventilated drift section is measured ina cooling trap. Due to ventilation, the initiallysaturated granodiorite formation to dryout radially from the drift despite a strongwater pressure gradient. By measuring thewater potential using thermocouplepsychrometers (TP), the gas pressure in twoboreholes (see Figure 6), and the averageevaporation it was possible to determinethe absolute permeability as well as the two-phase flow parameters of the van Genuchtenmodel (Luckner et al., 1989). The exampledemonstrates that virtually any type ofsensitive data can be used in a joint inversionto estimate parameters that affect the observedsystem behavior. This flexibility of inversemodeling can be exploited to conceive newexperimental designs and to analyze a largervariety of observations obtained under naturaland testing conditions. The ventilationexperiment, the problem of nonuniqueness,and a nonlinear error analysis are discussed indetail in Finsterle and Pruess (1995).

Figure 5. Schematic of ventilation experiment,showing thermocouple psychrometer (TP) andborehole locations.

- 5 -

2.03.0 4.0 5.00.0_{.25}0.50_{0.751.00} 0.0_{.100.20}

0.30_{0.40}

RadialDistance[m]

GasSaturation[-]

GasPresure[MPa]

Initialpresure(single-phase)Finalpresure(two-phase)

DriftWalBOVE84.01BOVE84.018

ObservedboreholepresureGassaturation

Figure 6. Calculated gas saturation and pres-sure profiles after 80 days of ventilation. Themeasured borehole pressures are shown astriangles.Application No. 3 uses transient gas pressuredata on a regional scale to estimate gas dif-fusivity of a thick, heterogeneous, unsaturatedzone. Atmospheric pressure variations at theland surface are damped as they propagatethrough the formation. The pneumatic pres-sure signals observed at several levels in a deepborehole exhibit a specific time lag andreduction in amplitude depending upon gasdiffusivity. Figure 7 shows the pressure fluc-tuations at the land surface, and the compari-son between the measured and calculatedpneumatic signals. Analyzing pneumatic pres-sures by inverse modeling provides a means todetermine effective fracture network propertiesin the unsaturated zone on a large scale. Moredetails can be found in Finsterle (1997b).

15251530153515401545150

85868789_{9 09 1}

Time[h]

BoundaryconditionatlandsurfaceSensorD,98maslSensorK,1216masl

PneumaticPresure[kPa]

SensorN,1258masl_{Figure 7. Match of pneumatic pressures atthree elevations in a deep borehole. Theapplied boundary pressure fluctuations at theland surface (1371 masl) are also shown.The final application presents preliminaryresults of an inversion of pressure andenthalpy data from a geothermal well, using simple, one-dimensional, radial model withhomogeneous rock properties. The thicknessof the reservoir is assumed to be 200 m; thefeed zone is at a depth of about 1600 m.Initial reservoir temperature was measured tobe 336 ßC. Note that the pressure and enthalpy data wereobtained at the wellhead, whereas the simula-tion results refer to downhole conditions.While heat loss and enthalpy changes alongthe wellbore are not expected to be large, thepressure drop, a function of flow rates andphase composition, is significant. Here, weassume that the pressure drop is independentof flow rate; it will be treated as an unknownparameter to be estimated simultaneously withthe reservoir properties.The parameters to be estimated are selectedbased on a analysis. Only the mostsensitive parameters of relative low overallcorrelation are subjected to the estimationprocess. They include the logarithm of theabsolute permeability, porosity, initial vaporsaturation, residual liquid saturation, the vanGenuchten parameter n in the relative perme-ability function (Luckner et al., 1989), and constant cwell representing the pressure dropalong the wellbore.Data from 85 days of production were used tocalibrate the model. The production rateduring this period varied around 4 kg/s. Dataare again available after t=106 days, whenproduction rate was increased to about 10 kg/s.This latter period was not used for calibrationbut for testing the model predictions. Figure 8shows the prescribed production theobserved and calculated enthalpies andpressures for the initial parameter set as well asthe best estimate, along with the 95% errorband. The corresponding parameter sets aregiven in Table 4.Comparison of the responses obtained with theinitial and final parameter set demonstrates thesensitivity of the modeling results with respectto the relatively minor updates needed toimprove the match. More important, it revealsthe difficulties of the current model to simu-late the relatively strong pressure drop betweent=55 and t=70 days, without resulting inexcessively low pressures once the productionrate is increased. Recall that wellbore effectsare not modeled. While the enthalpies arematched reasonably well (except at early times,}

- 6 -when fracture flow may be dominant), themodel fails to predict the enthalpy during theperiod of high production, when most ofthe produced fluid in the model consists ofvapor. Table 4Initial Guess, Best Estimate, andEstimation UncertaintyParameterInitialGuessBestStandardDeviation log (perm. [m])-14.50-14.480.01 porosity [-]0.020.050.01initial vapor sat. [-]0.020.010.01res. liq. sat. [-]0.200.180.04vG parameter n [-]3.002.450.08cwell [bar]40.0045.401.14

02040608010120140 0 2 4 6_8 10 12

Time[day]

ProductionRate[kg/s]

Calibration Prediction

02040608010120140 120 160 20 240 280

FlowingEnthalpy[kJ/kg]

Time[day]

Initial

Data

02040608010120140 0 20 40 60 80 10

Calibration

Time[day]

Initial

WelheadPresure[bar]

Figure 8. Calibration and prediction offlowing enthalpy and wellhead pressure. Thetop panel shows the prescribed productionrate. Squares are measured data used forcalibration. Triangles are measured data usedfor validation. The dash-dotted lines are themodel results with the initial parameter set (seeTable 4). Simulation results based on theestimated parameter are shown as solidlines. Error bands (dashed lines) are calcu-lated using linear uncertainty propagationanalysis.It should be realized that the conditions duringthe validation phase are quite different fromthe ones encountered while calibrating themodel. Vapor saturation near the well isincreased, i.e., the relative permeabilities areextrapolated beyond the calibrated range. It isobvious that the systematic errors in thesimplified model must be eliminated beforethe parameter set can be further assessed.CONCLUDING REMARKSThe purpose of this paper was to demonstratethe power and flexibility of an inverse model-ing approach for automatic history matching.Four selected ITOUGH2 applications ondifferent have been discussed. It wasshown that model-related parameters can beestimated by performing a joint inversion of variety of data collected under testing condi-tions or during production. The advantages ofinverse modeling procedures are that theyovercome the time and labor-intensive tediumof trial-and-error model calibration. Moreimportantly, the formalized approach allowsone to obtain objective measures of estimationuncertainty, parameter correlation, and overallgoodness-of-fit. Forward and inverse modeling improve ourunderstanding of the basic multiphase flowprocesses and allow us to study the impact ofparameters on model predictions. Thereliability of model predictions in complicatednonisothermal multiphase flow systemsstrongly depends on the accuracy with whichthe input parameters can be determined.Inverse modeling aims at assessing andreducing the estimation uncertainties. Thesuccess of inverse modeling, however, dependson our ability to develop a model that is inprinciple capable of reproducing the observedsystem state. This crucial and difficult step ofmodel conceptualization is the limiting factorin both forward and inverse modeling, becauseany error in the conceptual model leads tosystematic prediction errors and biasedparameter estimates.The ITOUGH2 code used in these studies iscontinually revised and updated to account fornewly incorporated physical processes, and toimprove the robustness and effectiveness ofthe optimization algorithm.ITOUGH2 is planned to be released throughDOE�s Energy Science and Technology Soft-ware Center in the summer of 1998. More

- 7 -information can be obtained at the followingweb site:http://www-esd.lbl.gov/ITOUGH2ACKNOWLEDGMENTThis work was supported, in part, by theAssistant Secretary for Energy Efficiency andRenewable Energy, Office of GeothermalTechnologies, of the U.S. Department ofEnergy under Contract No. DE-AC03-76SF00098. We would like to thank K. Pruessand G. Moridis for thoughtful reviews.REFERENCESCarrera, J. and S. P. Neuman, �Estimation ofAquifer Parameters Under Transient andSteady-State Conditions, Maximum Likeli-hood Method Incorporating Prior Informa-tion,� Water Resour. Res. 22(2), 199-210,1986.Guerrero, M. C. Satik, S. and R.Horne, �Inferring Relative Permeability FromDynamic Boiling Experiments,� Proceedings23rd Workshop on Geothermal ReservoirEngineering, Stanford University, Stanford,Calif., January 26-28, 1998.S., �ITOUGH2 Command Refer-ence, Version 3.1,� Report LBNL-40041,Lawrence Berkeley National Laboratory,Berkeley, Calif., 1997a.S., �ITOUGH2 Sample Problems,�Report LBNL-40042, Lawrence BerkeleyNational Laboratory, Berkeley, Calif., 1997b.S. and J. Najita, �Robust Estimationof Hydrogeologic Model Parameters,� ReportLBNL-40684, Lawrence Berkeley NationalLaboratory, Berkeley, Calif., (submitted toWater Resour. Res.), 1997.S. and P. Persoff, �DeterminingPermeability of Tight Rock Samples UsingInverse Modeling,� Water Resour. Res.33(8),1803-1811, 1997.S. and K. Pruess, �Solving theEstimation-Identification Problem in Two-Phase Flow Modeling,� Water Resour. Res.31(4), 913-924, 1995a.S. and K. Pruess, �AutomaticHistory Matching of Geothermal FieldPerformance,� Proceedings, 17th NewZealand Geothermal Workshop, p. 193-198,Auckland, New Zealand, November 8-10,1995b.S. and K. Pruess, �Development ofInverse Modeling Techniques for GeothermalApplications,� Proceedings, DOE GeothermalProgram Review XV, p. 2-47 - 2-54, SanFrancisco, Calif., March 24-26, 1997.Finsterle, S., K. Pruess, D. P. Bullivant and M.J. O’Sullivan, �Application of InverseModeling to Geothermal Reservoir Simula-tion,� Proceedings, 22nd Workshop onGeothermal Reservoir Engineering, StanfordUniversity, Stanford, Calif., p. 309-316January 27-29, 1997.Luckner, M. T. van Genuchten, and D.Nielsen, �A Consistent Set of ParametricModels for the Two-Phase Flow of ImmiscibleFluids in the Subsurface,� Water Resour. Res.,25(10), 2187-2193, 1989.Pruess, K., �TOUGH2-A General-PurposeNumerical Simulator for Multiphase Fluid andHeat Flow,� Report LBL-29400, LawrenceBerkeley National Laboratory, Berkeley, Calif,1991.Pruess, K., C. Oldenburg, G. Moridis and S.�Water Injection into Vapor- andLiquid-Dominated Reservoirs: Modeling ofHeat Transfer and Transport,�Proceedings, DOE Geothermal ProgramReview XV, p. 2-55 - 2-62, San Francisco,Calif., March 24-26, 1997.White, S. P., �Inverse Modelling of theKawerau Geothermal Reservoir, NZ,�Proceedings, 17th New Zealand GeothermalWorkshop, p. 211-216, Auckland, NewZealand, November 8-10, 1995.