LBL-37611UC-1240Automatic History Matching of Geothermal Field PerformanceStefan Finsterle and Karsten PruessEarth Sciences DivisionLawrence Berkeley National LaboratoryUniversity of CaliforniaBerkeley, CA 94720Paper presented at the17th New Zealand Geothermal WorkshopNovember 8-10, 1995Auckland, New ZealandAugust 1995This work was supported by the Assistant Secretary for Energy Efficiency and Renewable Energy, Geothermal Division, of theU.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, nor anyof their employees, makes any warranty, express or implied, or assumesany legal responsibility for the accuracy, completeness, or usefulness ofany information, apparatus, product, or process disclosed, or representsthat its use would not infringe privately owned rights. Reference hereinto any specific commercial product, process, or service by its trade name,trademark, manufacturer, or otherwise, does not necessarily constitute orimply its endorsement, recommendation, or favoring by the UnitedStates Government or any agency thereof, or The Regents of theUniversity of California. The views and opinions of authors expressedherein do not necessarily state or reflect those of the United StatesGovernment or any agency thereof, or The Regents of the University ofCalifornia.Ernest Orlando Lawrence Berkeley National Laboratory is an equalopportunity employer.

Automatic History Matching of Geothermal Field PerformanceS. Finsterle and K. PruessLawrence Berkeley National LaboratoryEarth Sciences DivisionUniversity of California, Berkeley, USASUMMARY - We have developed inverse modeling capabilities for the multiphase multicomponent numerical simulatorTOUGH2 to facilitate automatic history matching and parameter estimation based on data obtained during exploitation ofgeothermal fields. The ITOUGH2 code allows one to estimate TOUGH2 input parameters based on any type of observation forwhich a corresponding TOUGH2 output can be calculated. Furthermore, a detailed residual and error analysis is performed, andthe uncertainty of model predictions can be evaluated. This paper focuses on the solution of the inverse problem, i.e. thedetermination of model-related parameters by automatically calibrating a conceptual model of the geothermal system againstdata obtained during field operation. We first describe the modeling approach used to simulate fluid and heat flow in fractured-porous media. The inverse problem is then formulated, followed by a brief discussion of the optimization algorithm. Asample problem is given to demonstrate the application of the method to geothermal reservoir data.1 . INTRODUCTIONPredicting the performance of a geothermal field, as well asthe design and optimization of field operations, requiresreliable numerical modeling techniques. This includes adetailed description of the complex physical processescontrolling multiphase fluid flow and heat transport infractured-porous media. This first step will be referred to asmodel conceptualization. Furthermore, a site-specific modelhas to be developed, i.e. the geometry of the reservoir, itshydrogeological properties, as well as initial and boundaryconditions have to be determined. After parameter values areassigned in a subsequent calibration process, predictivereservoir simulation can be initiated. It is important torealize that the parameter estimates will always be related tothe structure of the model, both conceptually andnumerically.This paper focuses on the solution of the inverse problem,i.e. the determination of model-related reservoir parametersby automatically calibrating a conceptual model of thegeothermal field against data obtained during exploitation.We first describe the modeling approach used to simulatefluid and heat flow in fractured-porous media. The inverseproblem is then formulated in the framework of maximumlikelihood theory, followed by a brief discussion of theoptimization algorithm. A sample problem is given todemonstrate the application of the method to (synthetic) fieldperformance data.2 . MODELING APPROACH2 . 1 The Forward ProblemWe solve the forward problem, i.e. the simulation of fluidand heat flow in a geothermal field, with the TOUGH2 code(Pruess, 1991). Solving the forward problem in an efficientand stable manner is probably the most important step forautomatic parameter estimation. TOUGH2 is used here tosimulate nonisothermal flow of a single component (water)in two co-existent phases (liquid, vapor).The mass and energy balance equations for an arbitrarysubdomain Vn bounded by the surface Gn can be written inthe following form:ddt

�VnM˚dV˚˚= �GnF •n˚dG ˚˚+ �Vnq˚dV˚˚(1)The accumulation term M represents mass (m) or internalenergy (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 is internalenergy, C is specific heat, and T is temperature. Thesubscripts l, v, and R denote liquid, vapor, and rock,respectively. The mass flux is a sum over the fluxes in theliquid and vapor phase:Fm = �b=l,v˚-k˚˚krbmb

rb (�Pb - rb g)(4)where k denotes the permeability tensor, kr is relativepermeability, m is viscosity, Pb is the pressure in phase b,and g is acceleration of gravity. In Eq. 1, n is the outwardunit normal vector. The total heat flux containingconductive and convective components can be written

- 2 -Fh = -K�T + �b=l,v˚˚(hb Fb)(5)with K the thermal conductivity of the rock-fluid mixtureand hb the specific enthalpy, which is a nonlinear functionof temperature. Thermophysical properties of liquid waterand vapor are calculated using steam table equations givenby the International Formulation Committee (IFC, 1967).The continuum equations (1) are discretized in space basedon an integral finite difference formulation (Narasimhan andWitherspoon, 1976), and a multiple interacting continua(MINC, Pruess and Narasimhan, 1982, 1985) approach isused to represent fractured-porous media. Time is discretizedfully implicitly as a first-order finite difference.Discretization results in a set of nonlinear coupled algebraicequations which are solved simultaneously by means ofNewton-Raphson iterations. A conjugate gradient algorithmis used to solve the linear equations arising at each iterationstep.2 . 2 The Inverse ProblemThe determination of reservoir properties from performancedata, such as pressures, temperatures, and flow rates, isreferred to as the inverse problem. The indirect approach toinverse modeling consists of minimizing the differencesbetween the observed and simulated field responses, whichare assembled in the residual vector r with elementsri = yi* - yi(p)(6)Here yi* is an observation (e.g. pressure, temperature, flowrate, etc.) at a given point in space and time, and yi is thecorresponding simulator prediction, which depends on vectorp of all unknown or uncertain model parameters, includinginitial and boundary conditions. If the error structure of theresiduals is assumed Gaussian and described by a covariancematrix C, the objective function to be minimized is simplythe sum of the squared residuals weighted by the inverse ofthe prior covariance matrix (Finsterle and Pruess, 1995):z(p) = rT C-1 r(7)In maximum likelihood theory, it can be shown thatminimizing z is equivalent to maximizing the probability ofreproducing the observed system state. Eq. 7 corresponds tothe generalized nonlinear least squares estimator.Due to the strong nonlinearities of multiphase flows, aniterative procedure is required to minimize the objectivefunction. The Levenberg-Marquardt modification of theGauss-Newton algorithm (Levenberg, 1944; Marquardt,1963) has been found to be the most robust for ourpurposes. The basic idea of this method is to move in theparameter space along the steepest descent direction far fromthe minimum, switching continuously to the Gauss-Newtonalgorithm as the minimum is approached. This is achievedby decreasing a scalar l, known as the Levenberg parameter,after a successful iteration, but increasing it if an uphill stepis taken. The following system of equations is solved forDp at an iteration labeled k:(JkT C-1 Jk + lkDk) Dpk = -JkT C-1 rk(8)Here, J is the sensitivity matrix with elements Jij = ¶yi/¶pj.D denotes a matrix of order n (n being the number ofparameters to be estimated) with elements equivalent to thediagonal elements of matrix (JkT C-1 Jk). The improvedparameter set is finally calculated:pk+1 = pk + Dpk(9)Under the assumption of normality and linearity, a detailederror analysis of the final residuals and the estimatedparameters can be conducted (for details see Finsterle andPruess (1995)). For example, the covariance matrix of theestimated parameter set is given by:Cp = 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, one canqualitatively examine the contribution of each data point tothe solution of the inverse problem as well as the totalparameter sensitivity (for details see Finsterle (1995)).The inverse modeling formulation outlined above isimplemented in a computer program named ITOUGH2(Finsterle, 1993). ITOUGH2 has been applied to a numberof laboratory and field data (Finsterle and Pruess, 1994).3 . APPLICATIONThe purpose of this section is to illustrate the use of theproposed methodology for the characterization of geothermalfields. ITOUGH2 provides the flexibility to take advantageof any type of data usually collected during fieldexploitation. For the sake of simplicity and reproducibility,we will analyze a synthetic case. Applications of ITOUGH2to geothermal field data are described in O’Sullivan andBullivant (1995) and White (1995).We consider a two-dimensional five-spot production-injection problem previously studied by Pruess (1991) andPruess and Wu (1993). Due to the symmetry of the largewell field five-spot configuration, only 1/8 of the basicpattern needs to be modeled (Fig. 1).The problem specifications correspond to conditionstypically encountered in deeper zones of hot two-phase flowreservoirs. The medium is assumed to be fractured withembedded impermeable matrix blocks in the shape of cubeswith side lengths of 50˚m. The permeable volume fractionis 2˚% with a porosity of the fracture domain of 50˚% . Reservoir thickness is 305˚m. Water with an enthalpy of500˚kJ/kg is injected at a rate of 30˚kg/s. Production rate isalso 30˚kg/s.

- 3 -

Production

Injection

PressureTemperature

Pressure

PressureFlow RatesTemperature

W1W2Figure 1 - Five-spot well pattern with grid for modeling1/8 symmetric domain. Observation points and type of datameasured is also indicated.We assume that temperature and pressure measurements aretaken in the injection (Inj) and production well (Pro) as wellas in two abandoned wells (W1, W2; see Fig. 1).Furthermore, liquid and vapor flow rates are measured in theproduction well. Note that temperature and pressure mea-surements are redundant as long as two-phase conditionsprevail. TOUGH2 is run in forward mode to generate datafor five years of field performance history, and random noiseis added to simulate measurement errors (see Table 1 forstandard deviations).Subsequently, the TOUGH2 model is automatically cali-brated against these observations in order to determine cer-tain input parameters considered unknown or uncertain. Theparameters include the effective permeability of the fracturesystem, porosity, heat conductivity, specific heat of the rockgrains, fracture spacing a (which is a parameter of the MINCpreprocessor), and the initial reservoir temperature Ti.The estimated parameter set is shown in Table 2. The co-variance and correlation matrices are summarized in Table˚3,and some statistical measures are given in Table 4. Thelatter need some explanations. The second column of Table4 contains the standard deviation sp of the estimate which isthe square root of the corresponding diagonal element inTable 3.Table 1 - Observations Used for Model CalibrationData TypeLocationStandard Deviation

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 (permeability [m2])-14.22-13.00-14.22 fracture zone porosity [-]0.500.300.56specific heat [J/kgßC]1000.00800.00971.00heat conduct. [W/mßC]2.102.502.25fracture spacing [m]50.0020.0050.50temperature [ßC]300.00250.00300.10

Table 3 - Variance-Covariance Matrix (Main Diagonal andLower Triangle) and Correlation 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 Parameter SensitivityParameterStandardDeviationsp*/spParameterSensitivity log (permeability [m2])0.0020.883623.1 fracture zone porosity [-]0.050.9019.6specific heat [J/kgßC]29.100.0364.7heat conduct. [W/mßC]0.890.1850.5fracture spacing [m]9.400.03253.6temperature [ßC]0.100.941768.2

Note that this standard deviation refers to the jointprobability density function, i.e. it takes into account theuncertainty of the parameter itself and the influence fromcorrelated parameters. The conditional standard deviationssp*, on the other hand, reflect the uncertainty of an estimateprovided that all the other parameters are exactly known.Therefore, the ratio sp*/sp shown in the third column is ameasure of how independently a parameter can be estimated.A value close to one indicates an independent estimate,whereas small values can be interpreted as a loss of parame-ter identifiability due to its correlation to other uncertainparameters. Finally, we show the total parameter sensitivity(column 4) which is the sum of the absolute values of allsensitivity coefficients, weighted by the inverse of individualmeasurement errors and scaled by a reasonable parametervariation.First we note that permeability and reservoir temperature areaccurately identified. They are the most sensitive parametersand can be determined almost independently. The estimatesof fracture spacing, heat conductivity and specific heatexhibit relatively high standard deviations which is easilyexplained by the large correlation coefficients among thesethree parameters (see Table 3). Especially the fracturespacing and heat conductivity have a high positive

- 4 -correlation coefficient, i.e. a larger fracture spacing can bealmost completely compensated by an increase in heatconductivity. This statement is true for the type and amountof data available, i.e. the correlation between these twoparameters may be reduced by taking additional data.Finally, the fracture porosity can be relatively welldetermined despite its low overall sensitivity. This issimply due to the fact that fracture porosity is only weaklycorrelated to the other parameters, resulting in anindependent estimate.

250 275 300

Temperature

20 30 40 50 60

Fract.Spacing

2.0 2.5 3.0 3.5

HeatCond.

700 800 900 1000

1100

SpecificHeat

-14.5

-14.0

-13.5

-13.0

log(k)

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Iteration

100 1000

10000

100000

Obj.Func.

0.2 0.3 0.4 0.5 0.6

Porosity

Figure 2 - Optimization path in parameter space (solidlines). The true values are indicated as dash-dotted lines.Figure 2 depicts the solution path in the parameter space,i.e. the updated parameter set after each Levenberg-Marquardtiteration. The two most sensitive parameters (log(k) andinitial reservoir temperature) quickly converge to the truevalues (dash-dotted line), reducing the value of the objectivefunction (Eq. 7) by more than two orders of magnitudewithin four iterations. Fracture spacing is increased from itsinitial value of 20˚m toward the true value of 50˚m, forcingthe less sensitive parameters to actually go away from theirtrue values according to the correlation rules prevailing atthat time. They later recover after the main parameters havestabilized. However, this fine-tuning only leads to minorreductions of the objective function. Fracture zone porosityas the least sensitive parameter does not seem to converge tothe true value.The solid lines are the pressures, temperatures, water andvapor flow rates simulated using the estimated parameter set(Table 2, column 4). 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. anextrapolation of the system response matched during thecalibration period. The model predictions are uncertain dueto uncertainties in the estimated parameters. The standarddeviation of the calculated system response, i.e. theuncertainty of the predicted temperature in the productionwell at a certain point in time, is the square root of thecorresponding diagonal element of matrix Cz which iscalculated using first-order error propagation analysis:Cz = J Cp JT(11)Here, matrix J is the sensitivity matrix for the predictedsystem response, and Cp is the covariance matrix of theestimated parameters (Eq. 10). The resulting error bands onthe model predictions are shown as dash-dotted lines inFigure 3. They have to be considered optimistic becauseonly the six parameters analyzed in this study are considereduncertain. All the other parameters as well as the modelstructure are assumed to be exactly known, which of courseis only true for a synthetic case. However, it is interestingto note that the true system response (triangles) lies withinthe estimated error band despite the fact that the parameterset used for the prediction does not exactly correspond to thetrue one.The high accuracy of the model prediction can only beachieved by a combined inversion of all available data. It isobvious that the temperature decrease in observation wellW1 could not have been predicted by relying only ontemperature data during the calibration phase. In fact, thecontribution of temperature measurements to thedetermination of the parameter set is minor. This is mainlydue to the fact that a temperature change of 1˚ßC leads to avapor pressure change of about 1˚bar which can be easierdetected given the accuracy of pressure measurements. Asmentioned earlier, temperature and pressure are notindependent in a single-component two-phase flow system.

- 5 -

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

Figure 3 - Calibration and prediction of pressures, temperatures, water and vapor flow rates. Squares are synthetic data pointsused for calibration. Triangles represent the true system response. Simulation results based on the estimated parameter set areshown as solid lines. Error bands (dash-dotted lines) are calculated using linear error propagation analysis.

- 6 -This is reflected by correlation coefficients close to one,calculated from matrix Cz.Provided that the expected measurement errors (see Table 1,column 3) are reasonable, the bulk of the information aboutthe parameters of interest is contained in the accurate vaporflow rate measurements and the pressure data in theproduction well. The contribution of a certain observation(e.g. flow rate data of a given accuracy taken over the entiremeasurement period) to the solution of the inverse problemcan be evaluated by adding up all the absolute values of thecorresponding sensitivity coefficients, weighted by theexpected measurement error and scaled by the inverse of theparameter variation. This qualitative measure is summarizedin Table 5, column 2. Comparing total sensitivities ofindividual observations, one can conclude that accuratemeasurements of vapor flow rates and pressures andtemperatures in the injection and production wells would besufficient to solve the inverse problem, i.e., data from theobservation wells are less sensitive in our example. Notethat this kind of an analysis can be performed withoutactually taking the data, i.e. it can be used to design andoptimize monitoring systems. Details of such a procedureare described in Finsterle (1995).The system response as observed in the injection, productionand observation wells is shown in Figure 3. The squares arethe synthetically generated and perturbed data points used tocalibrate the model. The triangles represent the futuresystem response for the true parameter set (see Table 2,column 2).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 are present.Finally, the contribution of each observation type to thefinal value of the objective function (Table 5, column 4) isevenly distributed among the measurements, confirming thechoice of the weighting factors in matrix C-1.Recall that this study was made using synthetic data withknown error structure, and that no systematic errors are madesince the conceptual model is correct. In field applications,the proper conceptual model and the structure of the randomerrors are not exactly known. Note, however, that therelative weighting of data points can easily be adjusted and ispartly automated in ITOUGH2 following the suggestions byCarrera and Neuman (1986). While the problem ofsystematic errors is not directly addressed by inversemodeling, the automation of the calibration step makes itpossible to examine a number of alternative conceptualmodels. The extensive residual analysis performed byITOUGH2 provides a means to identify aspects of the modelthat need to be refined. Moreover, model identificationcriteria (Carrera and Neuman, 1986) are evaluated which helpselect the model that most likely represents field conditions.Successful application of ITOUGH2 to a variety oflaboratory and field data has been demonstrated (Finsterle andPruess, 1994, 1995).Table 5 - Total Sensitivity of Observations, StandardDeviation of Residuals, and Contribution to ObjectiveFunction.ObservationSensitivityStd. Dev.COF

Pressure Inj.7891.99.7

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

4 . CONCLUDING REMARKSThe purpose of this study was to demonstrate the flexibilityof an inverse modeling approach for automatic historymatching and the estimation of simulation model parametersby performing a joint inversion of all available data. Inaddition to automatic model calibration, the ITOUGH2 codeprovides a number of semi-quantitative measures to studyparameter sensitivities, correlations between parameters andobservations, prediction uncertainties, total parametersensitivities, potential benefits from taking measurements ofa certain kind and in a certain location. This information isuseful for the design and optimization of reservoirdelineation and monitoring programs.The advantage of inverse modeling procedures is that theyovercome the time and labor intensive tedium of trial-and-error model calibration. Effective, model-related parametersare automatically determined on the scale of interest. Thisensures that the reliability of subsequent predictions can begreatly improved if they are based on the same or a similarconceptual model of the geothermal reservoir. Matchingdata obtained during exploitation of a geothermal field andpredicting the future reservoir performance is an excellentexample of this philosophy.5 . ACKNOWLEDGMENTThis work was supported by the Assistant Secretary forEnergy Efficiency and Renewable Energy, GeothermalDivision, of the U.S. Department of Energy under contractNo. DE-AC03-76SF00098. We would like to thank CurtOldenburg and Marcelo Lippmann for thoughtful reviews.6 . REFERENCESCarrera, J. and S.P. Neuman (1986). Estimation of AquiferParameters Under Transient and Steady State Conditions: 1.Maximum Likelihood Method Incorporating PriorInformation, Water Resour. Res., 22(2), 199-210.

- 7 -Finsterle, S. (1993). ITOUGH2 User’s Guide, Version 2.2,Report LBL-34581, Lawrence Berkeley National Laboratory,Berkeley, Calif.Finsterle, S. (1995). Design of a Welltest for DeterminingTwo-Phase Hydraulic Properties. Report LBL-37448,Lawrence Berkeley National Laboratory, Berkeley, Calif.Finsterle, S. and K. Pruess (1994). Estimating Two-PhaseHydraulic Properties by Inverse Modeling, Proceedings. ofthe Fifth International Conference on High Level Radio-active Waste Management, 2160-2167, Las Vegas, Nevada.Finsterle, S. and K. Pruess (1995). Solving the Estimation-Identification Problem in Two-Phase Flow Modeling, WaterResour. Res., 31(4), 913-924.International Formulation Committee (1967). AFormulation of the Thermodynamic Properties of OrdinaryWater Substance, IFC Secretariat, D�sseldorf, Germany.Levenberg, K. (1944). A Method for the Solution of CertainNonlinear Problems in Least Squares, Q. Appl. Math., 2,164-168.Marquardt, D.W. (1963). An Algorithm for Least-SquaresEstimation of Nonlinear Parameters, J. Soc. Ind. Appl.Math., 11(2), 431-441Narasimhan, T.N. and P.A. Witherspoon (1976). AnIntegrated Finite Difference Method for Analyzing FluidFlow 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, Nov. 8-10.Pruess, K. and T.N. Narasimhan (1982). On Fluid Reservesand the Production of Superheated Steam from FracturedVapor-Dominated Geothermal Reservoirs, J. Geophys. Res.,87, (B11), 9329-9339.Pruess, K. and T.N. Narasimhan (1985). A Practical Methodfor Modeling Fluid and Heat Flow in Fractured PorousMedia. Soc. Pet. Eng. J., 25(1), 14-26.Pruess, K. (1991). TOUGH2 - A General-PurposeNumerical Simulator for Multiphase Fluid and Heat Flow.Report LBL-29400, Lawrence Berkeley National Laboratory,Berkeley, Calif.Pruess, K. and Y.-S. Wu (1993). A New Semi-AnalyticalMethod for Numerical Simulation of Fluid and Heat Flow inFractured Reservoirs, SPE Advanced Technology Series,Vol. 1, No. 2, 63-72, Richardson, Texas.White, S.P. (1995). Inverse Modelling at Kawerau, paperpresented at the 17th New Zealand Geothermal Workshop,Auckland, New Zealand, Nov. 8-10.