LBNL-39869UC-1240Application of Inverse Modeling to Geothermal Reservoir SimulationS. Finsterle1, K. Pruess1, D.P. Bullivant2, and M.J. O’Sullivan21 Earth Sciences DivisionLawrence Berkeley National LaboratoryUniversity of CaliforniaBerkeley, CA 947202 Department of Engineering ScienceUniversity of AucklandAuckland, New ZealandPaper presented at theTwenty-Second Workshop on Geothermal Reservoir EngineeringStanford University, Stanford, CaliforniaJanuary 27-29, 1997,and to be published in the ProceedingsJanuary 1997This 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 Laboratory is an equalopportunity employer.

- 1 -PROCEEDINGS, Twenty-Second Workshop on Geothermal Reservoir EngineeringStanford University, Stanford, California, January 27-29, 1997SGP-TR-155APPLICATION OF INVERSE MODELING TO GEOTHERMAL RESERVOIR SIMULATIONS. Finsterle1, K. Pruess1, D.P. Bullivant2, and M.J. O’Sullivan21 Lawrence Berkeley National Laboratory, Earth Sciences Division, Berkeley, CA 947202 Department of Engineering Science, University of Auckland, Auckland, New ZealandABSTRACTWe have developed inverse modeling capabilities forthe non-isothermal, multiphase, multicomponentnumerical simulator TOUGH2 to facilitate automatichistory matching and parameter estimation based ondata obtained during testing and exploitation ofgeothermal fields. The ITOUGH2 code allows one toestimate TOUGH2 input parameters based on anytype of observation for which a corresponding simula-tion output can be calculated. Furthermore, a detailedresidual and error analysis is performed, and the uncer-tainty of model predictions can be evaluated.Automatic history matching using ITOUGH2 isrobust and efficient so that model parameters affectinggeothermal field performance can reliably be estimatedbased on a variety of field measurements such aspressures, temperatures, flow rates, and enthalpies.The paper describes the methodology of inversemodeling and provides a detailed discussion of sampleproblems to demonstrate the application of themethod to data from geothermal reservoirs.

INTRODUCTIONDevelopment of a numerical model for predicting theperformance of a geothermal field requires severalsteps. First, the complex physical processes control-ling multiphase fluid flow and heat transport infractured-porous media have to be described.Furthermore, a site-specific model has to be built,i.e., the geometry of the reservoir, its hydrogeologicaland thermophysical properties, as well as initial andboundary conditions have to be determined. Afterparameter values have been assigned, predictive reser-voir simulation can be initiated. Parameter valuescan be obtained from laboratory measurements or bycalibrating the model against data collected duringwell testing or field exploitation. It is important torealize that the estimated parameters are both concep-tually and numerically related to the structure of themodel. The fact that parameters estimated by inversemodeling may not necessarily represent an intrinsicproperty of a reservoir but actually depend on themodel being used is often considered a drawback.However, the problem occurs regardless of the methodbeing used to determine parameter values, includingdirect measurements of rock properties on coresamples. By definition, inverse modeling providesthe parameter set best suited to reproduce the observedreservoir behavior. It can therefore be consideredadequate to produce reliable predictions provided thatthe simulations are based on a consistent conceptualmodel of the geothermal reservoir.In this paper we discuss the determination of model-related reservoir parameters by automatically calibrat-ing a numerical model against data obtained duringwell testing or exploitation of a geothermal field. Wefirst describe the modeling approach used to simulatefluid and heat flow in fractured-porous media. Theinverse problem is then formulated in the frameworkof maximum likelihood theory, followed by a briefdiscussion of the optimization algorithm. A sampleproblem is given to demonstrate the application ofthe method to (synthetic) field performance data, andpreliminary results are shown from an effort tocalibrate actual field data.

MODELING APPROACHFluid and heat flow in a geothermal field is simulatedusing the TOUGH2 code (Pruess, 1991). Solving theforward problem in an efficient and stable manner isthe most important step for automatic parameterestimation. TOUGH2 is used here to simulate non-isothermal flow of a single component (water) in twocoexisting phases (liquid, vapor). The mass andenergy balance equations for an arbitrary subdomainVn bounded by the surface Gn can be written in thefollowing form:ddt

�VnM˚dV˚˚= �GnF •n˚dG ˚˚+ �Vnq˚dV˚˚(1)The accumulation term M represents mass (m) orinternal energy (h) per unit reservoir volume:Mm = f (Sl rl + Sv rv)(2)Mh = f (Sl rl ul + Sv rv uv) + (1 - f) rR CR T(3)Here f is porosity, S is saturation, r is density, u isinternal energy, C is specific heat, and T is tempera-ture. The subscripts l, v, and R denote liquid, vapor,and rock, respectively. The mass flux is a sum overthe fluxes in the liquid and vapor phase:

- 2 -Fm = �b=l,v˚-k˚˚krbmb rb (�Pb - rb g)(4)where k denotes the permeability tensor, kr isrelative permeability, m is viscosity, Pb is thepressure in phase b, and g is acceleration of gravity.In Eq. 1, n is the inward unit normal vector. Thetotal heat flux containing conductive and convectivecomponents can be written as follows:Fh = -K�T + �b=l,v˚˚(hb Fb)(5)with K the thermal conductivity of the rock-fluidmixture, hb the specific enthalpy, which is a non-linear function of temperature, and Fb the mass fluxin phase b (see Eq. 4). Thermophysical properties ofliquid water and vapor are calculated using steam tableequations given by the International FormulationCommittee (IFC, 1967). The continuum equations(1) are discretized in space based on an integral finitedifference formulation (Narasimhan and Witherspoon,1976), and a multiple interacting continua (MINC;Pruess and Narasimhan, 1985) approach is used torepresent fractured-porous media. Time is discretizedfully implicitly as a first-order finite difference.Discretization results in a set of nonlinear coupledalgebraic equations which are solved simultaneouslyby means of Newton-Raphson iterations. A conju-gate gradient method is used to solve the linearequations arising at each iteration.

THE INVERSE PROBLEMThe determination of reservoir properties fromperformance data, such as pressures, temperatures, andflow rates, is referred to as the inverse problem. Theindirect approach to inverse modeling consists ofminimizing the differences between the observed andsimulated field responses, which are assembled in theresidual vector r with elementsri = yi* - yi(p)(6)Here yi* is an observation (e.g., pressure, tempera-ture, flow rate, etc.) at a given point in space andtime, and yi is the corresponding simulator predic-tion, which depends on the vector p of all unknownor uncertain model parameters, including initial andboundary conditions. If the error structure of theresiduals is assumed Gaussian and described by a co-variance matrix C, the objective function to be min-imized is simply the sum of the squared residualsweighted by the inverse of the prior covariancematrix:z(p) = rT C-1 r(7)In maximum likelihood theory, it can be shown thatminimizing z is equivalent to maximizing the proba-bility of reproducing the observed system state. Eq. 7corresponds to the generalized nonlinear least squaresestimator.Due to the strong nonlinearities of function yi(p), aniterative procedure is required to minimize the objec-tive function. The Levenberg-Marquardt modificationof the Gauss-Newton algorithm (Levenberg, 1944;Marquardt, 1963) has been found to be the mostrobust for our purposes. The basic idea of thismethod is to move in the parameter space along thesteepest descent direction far from the minimum,switching continuously to the Gauss-Newtonalgorithm as the minimum is approached. This isachieved by decreasing a scalar l, known as theLevenberg parameter, after a successful iteration, butincreasing it if an uphill step is taken. The followingsystem of equations is solved for Dp at an iterationlabeled k:(JkT C-1 Jk + lkDk) Dpk = -JkT C-1 rk(8)Here, J is the sensitivity matrix with elements Jij =-¶ri/¶pj=¶yi/¶pj. D denotes a matrix of order n (nbeing the number of parameters to be estimated) withelements equivalent to the diagonal elements ofmatrix (JkT C-1 Jk). The improved parameter set isfinally calculated:pk+1 = pk + Dpk(9)Under the assumption of normality and linearity, adetailed error analysis of the final residuals and theestimated parameters can be conducted (for details seeFinsterle and Pruess (1995)). For example, thecovariance matrix of the estimated parameter set isgiven by:Cpp = rT˚C-1˚rm ˚-˚n

(JT C-1 J)-1(10)where m is the total number of observations. As abyproduct of calculating the Jacobian matrix J, onecan qualitatively examine the contribution of eachdata point to the solution of the inverse problem aswell as the total parameter sensitivity.The inverse modeling formulation outlined above isimplemented in a computer program namedITOUGH2 (Finsterle, 1993).

SYNTHETIC EXAMPLEThe purpose of this section is to illustrate the use ofthe proposed methodology for the characterization ofgeothermal reservoirs. ITOUGH2 provides the flexi-bility to take advantage of any type of data usuallycollected during field exploitation. For the sake ofsimplicity and reproducibility, we will analyze asynthetic case. A preliminary application ofITOUGH2 to actual data is discussed in the nextsection.

- 3 -We consider a two-dimensional five-spot production-injection problem (see Fig. 1) previously studied byPruess (1991) and Pruess and Wu (1993). The prob-lem specifications correspond to conditions typicallyencountered in deeper zones of two-phase geothermalreservoirs. The medium is assumed to be fracturedwith embedded impermeable matrix blocks in theshape of cubes with side lengths of 50˚m. The per-meable volume fraction is 2˚% with a porosity of thefracture domain of 50˚%. Reservoir thickness is305˚m. Water with an enthalpy of 500˚kJ/kg isinjected at a rate of 30˚kg/s. Production rate is also30˚kg/s.

Production

Injection

PressureTemperature

Pressure

PressureFlow RatesTemperature

W1W2Fig. 1.Five-spot well pattern with grid for model-ing 1/8 symmetric domain. Observationpoints and type of data measured is alsoindicated.We assume that temperature and pressure measure-ments are taken in the injection (Inj) and productionwell (Pro) as well as in two abandoned wells (W1,W2; see Fig. 1). Furthermore, liquid and vapor flowrates are measured in the production well. Note thattemperature and pressure measurements are redundantas long as two-phase conditions prevail. TOUGH2 isrun in forward mode to generate synthetic data for fiveyears of field performance history, and random noiseis added to simulate measurement errors (see Table 1for standard deviations).Subsequently, the model is automatically calibratedagainst these observations in order to determine cer-tain input parameters considered unknown or uncer-tain. The parameters include the effective permeabil-ity of the fracture system, porosity, heat conductivity,specific heat of the rock grains, fracture spacing a(which is a parameter of the MINC preprocessor), andthe initial reservoir temperature Ti.The estimated parameter set is shown in Table 2.The covariance and correlation matrices are summa-rized in Table˚3, and some statistical measures aregiven in Table 4. The latter need some explanations.The second column of Table 4 contains the standarddeviation sp of the estimate which is the square rootof the corresponding diagonal element in Table 3.Table 1.Observations Used for Model CalibrationData TypeLocationStandard Dev.

PressureInj/Pro/W1/W22.00 bar

TemperaturePro/W1/W25.00 ßCLiquid flow ratePro1.60 kg/s (~5 %)Vapor flow ratePro0.08 kg/s (~5 %)

Table 2.True, Initial, and Estimated Parameter SetParameterTrueValueInitialGuessBestEstimate log (perm. [m2])-14.22-13.00-14.22 fracture porosity [-]0.500.300.56specific heat [J/kgßC]1000.00800.00971.00heat cond. [W/mßC]2.102.502.25fracture spacing [m]50.0020.0050.50temperature [ßC]300.00250.00300.10

Table 3.Variance-Covariance Matrix (MainDiagonal and Lower Triangle) andCorrelation Matrix (Upper Triangle)log(k)fCRKaTi log(k)5E-60.210.17-0.25-0.21-0.18 f2E-52E-30.17-0.23-0.18-0.04CR0.010.238450.390.53-0.07K-5E-4-0.0110.150.790.980.29a-4E-3-0.0814.528.2789.220.19Ti-4E-5-2E-40.240.020.200.01

Table 4.Statistical Measures and ParameterSensitivityParameterStandardDeviationsp*/spParameterSens.

log (perm. [m2])0.0020.883623.1 fracture porosity [-]0.050.9019.6specific heat [J/kgßC]29.100.0364.7heat cond. [W/mßC]0.890.1850.5fracture spacing [m]9.400.03253.6temperature [ßC]0.100.941768.2

Note that the standard deviation shown in Table 4refers to the joint probability density function, i.e., ittakes into account the uncertainty of the parameteritself and the influence from correlated parameters.The conditional standard deviation sp*, on the other

- 4 -hand, reflects the uncertainty of an estimate providedthat all the other parameters are exactly known.Therefore, the ratio sp*/sp shown in the thirdcolumn of Table 4 is a measure of how independentlya parameter can be estimated. A value close to oneindicates an independent estimate, whereas smallvalues can be interpreted as a loss of parameter identi-fiability due to its correlation to other uncertainparameters. Finally, we show the total parametersensitivity (column 4) which is the sum of the abso-lute values of all sensitivity coefficients, weighted bythe inverse of individual measurement errors andscaled by a reasonable parameter variation.First we note that permeability and reservoir tempera-ture are accurately identified. They are the mostsensitive parameters and can be determined almostindependently. The estimates of fracture spacing, heatconductivity and specific heat exhibit relatively highstandard deviations which is easily explained by thelarge correlation coefficients among these threeparameters (see Table 3). Especially the fracture spac-ing and heat conductivity have a high positive correla-tion coefficient, i.e., a larger fracture spacing can bealmost completely compensated by an increase in heatconductivity. This statement is true for the type andamount of data available, i.e., the correlation betweenthese two parameters may be reduced by taking addi-tional data. Finally, the fracture porosity can be rela-tively well determined despite its low overall sensitiv-ity. This is simply due to the fact that fracture poros-ity is only weakly correlated to the other parameters,resulting in an independent estimate.The system response as observed in the injection,production and observation wells is shown in Fig. 2.The squares are the synthetically generated andperturbed data points used to calibrate the model. Thetriangles represent the future system response for thetrue parameter set (see Table 2, column 2). The solidlines are the pressures, temperatures, water and vaporflow rates simulated using the estimated parameter set(Table 2). For the first 5 years, the deviationsbetween the solid lines and the squares minimize Eq.7. Beyond 5 years, the solid lines are predictions,i.e., an extrapolation of the system response matchedduring the calibration period. The model predictionsare uncertain due to uncertainties in the estimatedparameters. The standard deviation of the calculatedsystem response, i.e., the uncertainty of the predictedtemperature in the production well at a certain pointin time, is the square root of the corresponding diago-nal element of matrix Czz which is calculated usingfirst-order error propagation analysis:Czz = J Cpp JT(11)Here, matrix J is the sensitivity matrix for thepredicted system response, and Cpp is the covariancematrix of the estimated parameters (Eq. 10). Theresulting 95% error bands on the model predictionsare shown as dash-dotted lines in Fig. 2. They haveto be considered optimistic because only the uncer-tainty of the six selected parameters is taken intoaccount. All the other parameters as well as themodel structure are assumed to be exactly known,which is only true for a synthetic case. However, itis interesting to note that the true system response(triangles) lies within the estimated error band despitethe fact that the parameter set used for the predictiondoes not exactly correspond to the true one (Table 2).The high accuracy of the model prediction can only beachieved by a combined inversion of all availabledata. It is obvious that the temperature decrease inobservation well W1 could not have been predicted byrelying only on temperature data during the calibra-tion phase. In fact, the contribution of temperaturemeasurements to the determination of the parameterset is minor. This is mainly due to the fact that atemperature change of 1˚ßC leads to a vapor pressurechange of about 1˚bar which can be more easilydetected given the assumed accuracy of pressuremeasurements.Table 5.Total Sensitivity of Observations, StandardDeviation of Residuals, and Contribution toObjective Function.ObservationSensitivityStd. Dev.COF

Pressure Inj.7891.99.7

Pressure Pro.15002.010.3Pressure W14262.212.5Pressure W23582.111.6Temp. Pro.6804.68.9Temp. W11075.412.2Temp. W21005.211.3Water flow rate871.610.5Vapor flow rate17350.113.0COF: Contribution to Objective Function [%]

Provided that the expected measurement errors (seeTable 1, column 3) are reasonable, the bulk of theinformation about the parameters of interest iscontained in the accurate vapor flow rate measure-ments and the pressure data in the production well.The contribution of a certain observation (e.g., flowrate data of a given accuracy taken over the entiremeasurement period) to the solution of the inverseproblem can be evaluated by adding all the absolutevalues of the corresponding sensitivity coefficients,weighted by the expected measurement error andscaled by the inverse of the parameter variation. Thisqualitative measure is summarized in Table 5, column2. Comparing total sensitivities of individual obser-vations, one can conclude that accurate measurementsof vapor flow rates and pressures and temperatures inthe injection and production wells would be sufficientto solve the inverse problem, i.e., data from the

- 5 -observation wells are less sensitive in ourexample.This kind of an analysis can be performedwithout actually collecting data, i.e., it can be used todesign and optimize monitoring systems. Details ofsuch a procedure are described in Finsterle and Pruess(1996).

0 5 10 15 40

60

80

100

120

Presure[bar]

Production

Injection Observation 1 Observation 2

0 5 10 15 240

260

280

300

320

Production

Temperature[oC]

Observation 2

Observation 1

0 5 10 15 0 1 2 3 4

Time [year]

FlowRate[kg/s]

Vapor Flow Rate

Prediction

Calibration

0 5 10 15 20 25 30 35 Liquid Flow Rate

Fig. 2.Synthetic example: Calibration and prediction of pressures, temperatures, water and vapor flow rates.Squares are synthetic data points used for calibration. Triangles represent the true system response.Simulation results based on the estimated parameter set are shown as solid lines. Error bands (dash-dottedlines) are calculated using linear error propagation analysis.

- 6 -The standard deviations of the final residual (Table 5,column 3) are on the order of the measurement errors,indicating that no significant systematic errors arepresent. Finally, the contribution of each observationtype to the final value of the objective function(Table 5, column 4) is evenly distributed among themeasurements, rendering the choice of the weightingfactors in matrix C-1 reasonable.Recall that this study uses synthetic data with knownerror structure, and that no systematic errors are madebecause the conceptual model is correct. In fieldapplications, the proper conceptual model and thestructure of the random errors are not exactly known.Note, however, that the relative weighting of datapoints can easily be adjusted and is partly automatedin ITOUGH2 following the suggestions by Carreraand Neuman (1986).While the problem of systematic errors is not directlyaddressed by inverse modeling, the automation of thecalibration step makes it possible to examine anumber of alternative conceptual models. Theextensive residual analysis performed by ITOUGH2provides a means to identify aspects of the model thatneed to be refined. Moreover, model identificationcriteria (Carrera and Neuman, 1986) are evaluatedwhich help select the model that most likelyrepresents field conditions.

APPLICATIONITOUGH2 has been successfully applied to a varietyof problems involving laboratory and field data (seee.g., Finsterle and Persoff, 1996; Finsterle andPruess, 1995; 1996). Applications of ITOUGH2 togeothermal field data are described in O’Sullivan andBullivant (1995), and White (1995).In this section we present preliminary results of aninversion of pressure and enthalpy data from ageothermal well, using a simple, one-dimensional,radial model with homogeneous rock properties. Thethickness of the reservoir is assumed to be 200 m; thefeed zone is at a depth of about 1600 m. Initial reser-voir temperature was measured to be 336 ßC.Note that the pressure and enthalpy data were obtainedat the wellhead whereas the simulation results refer todownhole conditions. While heat loss and enthalpychanges along the wellbore are not expected to belarge, the pressure drop is significant and a functionof flow rates and phase composition. A wellboresimulator would have to be connected to the reservoirsimulator to accurately model wellhead pressures. Inthis preliminary study, we assume the pressure dropto be independent of flow rate, and it will be treated asan unknown parameter to be simultaneously esti-mated with the reservoir properties.The parameters to be estimated are selected based on asensitivity analysis. Only the most sensitive parame-ters of relative low overall correlation are subjected tothe estimation process. They include the logarithmof the absolute permeability, porosity, initial vaporsaturation, residual liquid saturation, the vanGenuchten parameter n in the relative permeabilityfunction (Luckner et al., 1989), and a constant cwellrepresenting the pressure drop along the wellbore.Data from 85 days of production were used tocalibrate the model. The production rate during thisperiod varied around 4 kg/s. Data are again availableafter t=106 days, where production rate was increasedto about 10 kg/s. This latter period was not used forcalibration, but for testing the model predictions.Fig. 3 shows the prescribed production rate, theobserved and calculated enthalpies and pressures forthe initial parameter set as well as the best estimate,along with the 95 % error band. The correspondingparameter sets are given in Table 6.Comparison of the responses obtained with the initialand final parameter set demonstrates the sensitivity ofthe modeling results with respect to the relativelyminor updates needed to improve the match. Moreimportant, it reveals the difficulties of the currentmodel to simulate the relatively strong pressure dropbetween t=55 and t=70, without yielding too lowpressures once the production rate is increased. Recallthat wellbore effects are not modeled. While theenthalpies are matched reasonably well except at earlytimes, where fracture flow may be dominant, themodel fails to predict the enthalpy during the lastperiod of high production, where most of the producedfluid in the model consists of vapor.It should be realized that the conditions during thevalidation phase are quite different from the onesencountered while calibrating the model. Vaporsaturation near the well is increased, i.e., the relativepermeabilities are extrapolated beyond the calibratedrange. We mention in passing that the vanGenuchten model performs best compared to anumber of competing models. It is obvious thatsystematic errors have to be eliminated before theparameter set can be further assessed.Table 6.Initial, Best Estimate, and UncertaintyParameterInitialGuessBestEstimateStandardDeviation log (perm. [m2])-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

- 7 -

0 20 40 60 80 100 120 140 0 2 4 6 8 10 12

Time [day]

ProductionRate[kg/s]

Calibration Prediction

0 20 40 60 80 100 120 140

1200

1600

2000

2400

2800

FlowingEnthalpy[kJ/kg]

Time [day]

Initial

Data

0 20 40 60 80 100 120 140 0

20

40

60

80

100

Calibration

Time [day]

Initial

WelheadPresure[bar]

Fig. 3.Application case: Calibration and prediction of flowing enthalpy and wellhead pressure. The top panelshows the prescribed production rate. Squares are measured data used for calibration. Triangles are measureddata used for validation. The dash-dotted lines are the model results with the initial parameter set (see Table6). Simulation results based on the estimated parameter set are shown as solid lines. Error bands (dashedlines) are calculated using linear error propagation analysis.

- 8 -CONCLUDING REMARKSThe purpose of this study was to demonstrate theflexibility of an inverse modeling approach forautomatic history matching and the estimation ofmodel parameters by performing a joint inversion ofall available data. In addition to automatic modelcalibration, the ITOUGH2 code provides a number ofsemi-quantitative measures to study parametersensitivities, correlations between parameters andobservations, prediction uncertainties, total parametersensitivities, and the potential benefit from takingmeasurements of a certain kind and in a certainlocation. This information is useful for the designand optimization of reservoir delineation and monitor-ing programs.The advantage of inverse modeling procedures is thatthey overcome the time and labor-intensive tedium oftrial-and-error model calibration. Effective, model-related parameters are automatically determined on thescale of interest. This ensures that the reliability ofsubsequent predictions can be improved if they arebased on the same or a consistent conceptual model ofthe geothermal reservoir.In order to take full advantage of inverse modeling, itis imperative to minimize systematic errors in theconceptual model. We plan to incorporate a flowingwellbore pressure correction into ITOUGH2 to elimi-nate the bias introduced when using pressure data forcalibration.

ACKNOWLEDGMENTThis work was supported, in part, by the AssistantSecretary for Energy Efficiency and RenewableEnergy, Office of Geothermal Technologies, of theU.S. Department of Energy under Contract No. DE-AC03-76SF00098. We would like to thank E.Sonnenthal and M. Lippmann for thoughtful reviews.

REFERENCESCarrera, J. and S.P. Neuman (1986), "Estimation ofAquifer Parameters Under Transient and Steady StateConditions: 1. Maximum Likelihood MethodIncorporating Prior Information," Water Resour.Res., 22(2), 199-210.Finsterle, S. (1993), "ITOUGH2 User’s Guide,Version 2.2," Report LBNL-34581, LawrenceBerkeley National Laboratory, Berkeley, Calif.Finsterle, S. and K. Pruess (1995), "Solving theEstimation-Identification Problem in Two-PhaseFlow Modeling," Water Resour. Res., 31(4), 913-924.Finsterle, S. and K. Pruess (1996), "Design andAnalysis of a Welltest for Determining Two-PhaseHydraulic Properties," Report LBL-39620, LawrenceBerkeley National Laboratory, Berkeley, Calif.Finsterle, S., and P. Persoff (1996), "DeterminingPermeability of Tight Rock Samples Using InverseModeling," Report LBL-39296, Lawrence BerkeleyNational Laboratory, Berkeley, Calif.International Formulation Committee (1967), "AFormulation of the Thermodynamic Properties ofOrdinary Water Substance," IFC Secretariat,D�sseldorf, Germany.Levenberg, K. (1944), "A Method for the Solution ofCertain Nonlinear Problems in Least Squares," Q.Appl. Math., 2, 164-168.Luckner, L., M. T. van Genuchten, and D. Nielsen(1989), "A Consistent Set of Parametric Models forthe Two-Phase Flow of Immiscible Fluids in theSubsurface, Water Resour. Res., 25(10), 2187-2193.Marquardt, D.W. (1963), "An Algorithm for Least-Squares Estimation of Nonlinear Parameters," J. Soc.Ind. Appl. Math., 11(2), 431-441.Narasimhan, T.N. and P.A. Witherspoon (1976), "AnIntegrated Finite Difference Method for AnalyzingFluid Flow in Porous Media," Water Resour. Res.,12(1), 57-64.O’Sullivan, M.J. and D.P. Bullivant (1995), "InverseModelling of the Wairakei Geothermal Field UsingITOUGH2," paper presented at the 17th New ZealandGeothermal Workshop, Auckland, New Zealand.Pruess, K. and T.N. Narasimhan (1985), "A PracticalMethod for Modeling Fluid and Heat Flow inFractured Porous Media," Soc. Pet. Eng. J., 25(1),14-26.Pruess, K. (1991), "TOUGH2 - A General-PurposeNumerical Simulator for Multiphase Fluid and HeatFlow," Report LBL-29400, Lawrence BerkeleyNational Laboratory, Berkeley, Calif.Pruess, K. and Y.-S. Wu (1993), "A New Semi-Analytical Method for Numerical Simulation of Fluidand Heat Flow in Fractured Reservoirs," S P E Advanced Technology Series, Vol. 1, No. 2, 63-72,Richardson, Texas.White, S.P. (1995), "Inverse Modelling of theKawerau Geothermal Reservoir, NZ," Proceedings,17th New Zealand Geothermal Workshop, Auckland,New Zealand, 211-216.