Direct and Inverse Modelingof Multiphase Flow SystemsStefan FinsterleEarth Sciences DivisionLawrence Berkeley National LaboratoryUniversity of CaliforniaBerkeley, CA 94720paper presented at the 1st GAMM-seminar onModelling and Computation in Environmental SciencesStuttgart, October 12/13, 1995This work was supported by the WIPP Project, Sandia National Laboratories, under Document No. 129847,and by the Director, Office of Energy Research, Office of Basic Energy Sciences, Engineering and GeosciencesDivision, and in part by the In Situ Remediation Technology Development Integrated Program, Office ofTechnology Development, Office of Environmental Restoration and Waste Management, U.S. Department ofEnergy, under contract 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 any agencythereof, nor The Regents of the University of California, nor any of theiremployees, makes any warranty, express or implied, or assumes any legalresponsibility for the accuracy, completeness, or usefulness of anyinformation, apparatus, product, or process disclosed, or represents that itsuse would not infringe privately owned rights. Reference herein to anyspecific 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 United StatesGovernment or any agency thereof, or The Regents of the University ofCalifornia. The views and opinions of authors expressed herein do notnecessarily state or reflect those of the United States Government or anyagency thereof, or The Regents of the University of California.Ernest Orlando Lawrence Berkeley National Laboratory is an equalopportunity employer.

Direct and Inverse Modeling of Multiphase Flow SystemsS. FinsterleLawrence Berkeley National LaboratoryUniversity of CaliforniaEarth Sciences Division, MS 50EBerkeley, CA, 94720(510) 486-5205SUMMARYA modeling study is presented which demonstrates how the combination of simulationand optimization techniques can be used to improve the design of a multi-componentremediation system. A series of computer codes has been developed at the Lawrence BerkeleyNational Laboratory to solve forward and inverse problems in groundwater hydrology.Simulations of non-isothermal, three-phase flow of volatile organic compounds in three-dimensional heterogeneous media were performed. Inverse modeling capabilities have beendeveloped which can be used for both automatic model calibration and optimization ofremediation schemes. In this study, we discuss a sequence of simulations to demonstrate thepotential use of numerical models to design and analyze cleanup of a contaminated aquifer.INTRODUCTIONIndustrial processes involving metallurgical operations frequently cause contaminationof soil and groundwater due to the release of solvents such as chlorinated hydrocarbons andother volatile organic compounds (VOCs). In the subsurface, these chemicals tend to remain asnonaqueous phase liquids (NAPL), and are transported under multiphase flow conditions dueto gravitational, viscous and capillary forces. Other physiochemical processes also taking placeinclude evaporation into the soil gas phase and dissolution into the groundwater. In the gaseousphase, VOCs are transported by multi-component diffusion in addition to density and pressuredriven advection. In the liquid phase, dissolved contaminants may cause density effects whichaffect advective transport. Simulation of contaminant behavior in the subsurface requiresaccounting for all these mechanisms. Accurate process description and robust implementationof multiphase flow in porous media including phase changes are essential for the modeling ofair sparging, steam flooding, and vapor extraction as some of the most effective remediationtechnologies such as air sparging, steam flooding, etc.

- 2 -The design of a cleanup operation for a contaminated aquifer poses problems of ahydrological, technical, environmental, and economic nature. Decisions have to be maderegarding aquifer testing for site characterization, the design of a containment system, the choiceof an appropriate remediation technology, which usually requires specifying an injection andpumping schedule, and the layout of a monitoring system. First, it is crucial to characterize therelevant hydrogeological features at a given site. Information about the system state undernatural or test conditions have to be collected to calibrate the numerical model. Secondly, aremediation technology is chosen, and cleanup operations are simulated to improve theunderstanding of the fate of the contaminants in the subsurface. A comparison betweenalternative approaches is performed to design and optimize the remediation strategy.Most of the tasks described above require solving some kind of optimization problem,i.e. the maximization or minimization of a performance measure. An incomplete list is given inTable˚1. The testing and data collection program can be optimized to obtain as muchinformation about the plume location and hydrogeologic properties of the aquifer as possible.The numerical model to be used for the subsequent studies has to be calibrated against theavailable data. Model calibration involves minimizing the difference between the observed andthe calculated system state. It is important to realize that the result of the subsequent modelingstudies as well as the conclusions drawn regarding the optimum remediation system designdepend on the accuracy with which the relevant features at the site are represented in thenumerical model. Once an appropriate remediation technology has been selected, operationaldetails such as the layout of the containment system, temperature and rate of air or steaminjection, the pumping schedule, etc. can be optimized to increase the effectiveness andefficiency of cleanup. This step requires the definition of a cost function which comprisesactual operational costs as well as hypothetical costs for residual contamination. It is obviousthat selection of the remediation technology and optimization of the operational parameters is aniterative process. The overall performance of the optimized remediation alternatives arecompared to determine the most appropriate strategy. Finally, the design of a monitoringsystem is improved by evaluating the amount of information that can be obtained from a limitednumber of sensors.Table 1Optimization Problems in Aquifer RemediationObjectiveTaskSimulation ProblemOptimization Problem data collection forplume mapping andsite characterizationtest design,data collectionsimulate plumespreading andhydraulic testsmaximize sensitivity ofdata with respect toparameters of interest site characterizationmodel calibrationsimulate system stateunder natural or testconditionsminimize differencebetween measured andcalculated system state effectiveness,efficiencytechnology selection,determination ofoperationalparameterssimulate cleanupoperationminimize cost functioncomprising actual andhypothetical costs controldesign of monitoringsystemsimulate migration ofresidual contaminationmaximize obtainableinformation

- 3 -The modeling study presented in this paper aims at demonstrating how the combinationof simulation and optimization techniques can be used to improve the design of a multi-component remediation system. Computer programs have been developed at the LawrenceBerkeley National Laboratory to solve forward and inverse problems in groundwaterhydrology. Simulations of non-isothermal, three-phase flow of volatile organic compounds inthree-dimensional heterogeneous porous media were performed. Inverse modeling capabilitieshave been developed which can be used for both automatic model calibration and optimizationof remediation schemes. We first discuss the modeling approach used to simulate multiphasecontaminant transport, before we provide some information about the optimization algorithms.A sequence of simulations of a hypothetical contaminated site demonstrates the potential use ofnumerical models to design and evaluate cleanup operations.MODELING MULTIPHASE CONTAMINANT TRANSPORTSophisticated numerical simulators have been developed at the Lawrence BerkeleyNational Laboratory to model multiphase, multi-component flow and transport in thesubsurface. The main computer code used in this study is T2VOC [1] for three-phase (gas,water, NAPL), non-isothermal flow of water, air, and a volatile organic compound (VOC) inthree-dimensional heterogeneous porous media. T2VOC is an extension of the TOUGH2general-purpose simulation program [2] which uses a general integral finite differenceformulation for mass and energy balance equations. The balance equations for three masscomponents k (k = w-water, a-air, c-chemical) and heat (k = h-heat) are written in integral formfor some flow region, Vn, having a surface area Gn, as follows:ddt

�VnMk˚dVn˚˚= �GnFk˚• ˚n˚d G n˚˚+ �Vnqk˚dVn˚˚ .(1)Here Mk is the amount of component k per unit porous medium volume, Fk is the total flux ofcomponent k into Vn, n is the inward unit normal vector on Gn, and qk is the generation rate perunit volume. The three fluid components air, water, and VOC may be present in differentproportions in any of the three phases gas, aqueous, and NAPL. Thus, the mass accumulationterms (k˚=˚w,˚a,˚c) contain a sum over the three phases b (b = g-gas, w-aqueous, n-NAPL):Mk = f �b˚Sb˚rb˚Xkb + dkc rb rw Xcw KD .(2)Here f is the porosity, Sb is the saturation occupied by phase b, rb is b-phase density, and Xkbis the mass fraction of component k in phase b. The organic chemical accumulation term(k˚=˚c, dkc˚=˚1) includes the effect of linear equilibrium adsorption onto the solid phase, whererb is the dry bulk density of the soil, and KD is the solid-aqueous distribution coefficient for the

- 4 -organic chemical [3]. The heat accumulation term (k˚=˚h) includes contributions from both thesolid and the fluid phases:Mh = (1 - f) rR CR T + f �b˚Sb˚rb˚u˚b ,(3)where rR is the soil grain density, CR is the heat capacity of the soil grains, T is thetemperature, and ub is the specific internal energy of phase b.Each phase flows in response to pressure and gravitational forces according to themultiphase version of Darcy’s law which includes the effects of relative permeability andcapillary pressure between the phases. The mass flux terms of component k (k = w, a, c)include a sum of contributions from the three phases b (b = g, w, n):Fk = �b˚˚Fkb .(4)For aqueous and NAPL phases (b = w, n) we have Fkb = Xkb Fb, where the phase fluxes Fb aregiven byFb = -k krb˚rbmb

()� Pb˚-˚rb˚g .(5)Here k is the absolute permeability, krb is the relative permeability of phase b, mb is the b-phasedynamic viscosity, Pb is the fluid pressure in phase b, and g is the gravitational accelerationvector. Mass flux in the gas phase includes advection and multicomponent diffusion:Fkg = -k Ł� ł�1 ˚ + ˚ b ˚˚Pg

krg˚rgmg

Xkg ()� P g˚-˚rg˚g + Jkg .(6)Here b is the Klinkenberg factor [4], which accounts for increased effective gas permeability atlow pressures, and Jkg is the diffusive mass flux of component k in the gas phase. Thediffusive flux is driven by a mass fraction gradient, �Xkg, and is a function of saturation,tortuosity, and the multicomponent molecular diffusion coefficient (for details see [1]).Aqueous and gas phase pressures are related byPw = Pg + Pcgw ,(7)where Pcgw < 0 is the gas-water capillary pressure. The NAPL phase pressure is related to thegas phase pressure byPn = Pg + Pcgn ,(8)

- 5 -where Pcgn < 0 is the gas-NAPL capillary pressure. Assuming the NAPL is the intermediatelywettable phase, the NAPL-water capillary pressure, Pcnw, is given byPcnw = Pcgw + Pcgn = Pw + Pn .(9)The heat flux includes both conduction and convectionFh = - K �T + �b˚h˚b˚Fb ,(10)where K is the overall porous medium thermal conductivity, hb is the b-phase specific enthalpy,and Fb is the total mass flux of phase b.Finally, the sink and source term in Eq. (1) includes external contributions, e.g. therelease of contaminant or the injection of steam as well as the production of a three-phase fluidmixture during forced vacuum extraction. In addition, a sink term may be included that permitsan approximate representation of biodegradation of VOCs (for details see [1]).Water properties in the liquid and vapor state are calculated using steam table equationsgiven by the International Formulation Committee [5]. Thermophysical properties of the NAPLphase such as saturated vapor pressure and viscosity are calculated as functions of temperature,while specific enthalpy and density are computed as functions of both temperature and pressure.Gas phase thermophysical properties including molecular diffusivities are considered to befunctions of temperature, pressure, and gas phase composition. A general equation of state isprovided to compute the necessary NAPL/VOC thermophysical and transport properties. Basedon semi-empirical corresponding states methods, the chemical parameters are calculated asfunctions of critical properties such as the critical temperature and critical pressure, which arereadily available for many substances (see for example [6]). This approach makes T2VOCapplicable to a variety of contamination problems involving different NAPLs that are eitherdenser or lighter as water, and that have different vapor pressures and solubilities.For numerical solution, the balance equations (1) are discretized in space based on anintegral finite difference formulation [7]. Time is discretized fully implicitly using first-orderbackward finite differences. Discretization results in a set of nonlinear coupled algebraic equa-tions which are solved simultaneously by means of Newton-Raphson iterations. A conjugategradient algorithm is used to solve the linear equations arising at each iteration step [8].OPTIMIZATION ALGORITHMAs discussed in the introduction, we use the simulation capabilities in combination withoptimization techniques to perform model calibration and to support the design of a remediation

- 6 -system. The first task is referred to as inverse modeling, whereas optimization of a remediationdesign is a prevalent groundwater management problem. In both applications a performancemeasure is either minimized or maximized by adjusting certain input parameters or designvariables. For example, model calibration consists of reducing the differences between thesimulation results and the measurements, such as water potentials or temperatures, by adjustingthe model input parameters, such as the absolute permeability or thermal conductivity of theporous medium. A cleanup operation can be improved by minimizing, for example, theremediation time, which can be achieved by increasing pumping rates or steam temperature.Increasing pumping rates or steam temperature, however, leads to higher energy costs.Therefore, the objective function to be minimized should also reflect these costs in order toobtain an optimal remediation design.Solving an optimization problem occurs in two steps. First, a performance measure hasto be defined which is an arbitrary function of T2VOC output variables, and which depends oncertain T2VOC input parameters. This objective function contains contributions from differentsources which have to be appropriately weighted against each other. Secondly, a minimizationalgorithm is needed which is capable of updating T2VOC input parameters in order to reducethe value of the objective function. Note that the objective function is usually highly non-linear,and - in certain cases - even discontinuous. In the remainder of this section we present thegeneral form of the objective function and discuss the bases of the minimization algorithm.We first introduce the residual vector r which holds the differences between themeasured and calculated state variables in the case of model calibration, and the differencesbetween the desired and calculated costs in the case of design optimization:r = y* - y(p) .(11)In the case of model calibration, the vector y* contains the actual data. For test design, theelements of vector y* are synthetically generated data, and for management problems, theyrepresent target quantities such as zero costs or the maximum possible amount of contaminantremoved from the aquifer. Note that y(p) is a function of the input parameters which aresummarized in vector p. The elements of the parameter vector p are either hydrogeologicproperties, initial and boundary conditions, or pumping and injection rates. In general theresiduals have different units and may cover many orders of magnitudes. This requiresspecifying a weighting matrix of dimensions m·m, where m is the total number of residuals.In inverse modeling, the weighting matrix W can be considered to be the inverse of thecovariance matrix C holding measurement errors:W = C-1 .(12)If no correlations are present, the vector of the weighted residuals z contains elements of theformzi = ri*˚-˚rici

,(13)

- 7 -where ci is the square root of the i-th diagonal element of matrix C. The objective function tobe minimized can be defined as follows:Z = �i=1m˚r (z ˚i) .(14)In maximum likelihood theory, the function r reflects the negative logarithm of the probabilitydensity function of z. For normally distributed residuals, we obtainri = xi 2 (15)which yields the standard least squares estimator. The so-called L1-estimator is obtained byminimizing the sum of the absolute values of the weighted residuals, thusri = |xi| .(16)The choice of an appropriate estimator is somewhat arbitrary. For inverse modelingapplications, it is common to use least squares or one of the robust estimators described in [9].For management problems, i.e. if ri represents a cost function, the L1-estimator is mostfrequently applied.Next an algorithm has to be developed that minimizes the objective function Z. Notethat the functions y(p) are highly nonlinear which immediately renders the direct solution of theminimization problem infeasible. The iterative procedure involves computing a correctionvector Dpk such that the new parameter setpk+1 = pk + Dpk(17)leads to a reduced objective function, Zk+1 < Zk, at each iteration k. A number of minimizationalgorithms are available to solve non-linear least-squares problems as defined by Eqs. (14) and(15) [10]. One of the most general and most robust methods is the Levenberg-Marquardtmodification of the Gauss-Newton minimization algorithm [11, 12]. This procedure involvessolving the following system of equations:(JkT˚W Jk + l�Dk)�Dpk = - JkT W rk .(18)Here, J is the sensitivity matrix with elements Jij = ¶yi/¶pj. D denotes a matrix of order n (nbeing the number of parameters to be estimated) with elements equivalent to the diagonalelements of matrix (JkT W Jk). The basic idea of this method is to move in the parameter spacealong the steepest descent direction far from the minimum, and switching continuously to theGauss-Newton algorithm as the minimum is approached. This is achieved by decreasing thescalar l, known as the Levenberg parameter, if an iteration is successful and increasing it if theobjective function is increased. The minimum of the objective function, which may be only a

- 8 -local one, is detected iteratively by solving Eq. (18) for Dpk. The parameter set is then updatedaccording to Eq. (17). Under the assumption of normality and linearity, a detailed erroranalysis of the final residuals and the estimated parameters can be conducted (for details see[13]).Note that the Levenberg-Marquardt algorithm is also general enough to solvemanagement problems usually formulated in terms of the L1-estimator, i.e. using Eqs. (14) and(16). However, there are two shortcomings that may prevent one from using the Levenberg-Marquardt method for arbitrary cost functions. First, in the presence of multiple local minima itcannot be assured that the optimum solution is detected. While this difficulty can be alleviated,the uncertainty in the definition of the cost function and the qualitative nature of the designprocess in general does not make it absolutely necessary to identify the global minimum. Thesecond problem, however, precludes the use of the Levenberg-Marquardt algorithm for certaintypes of cost functions. The calculation of matrix J requires that the functions y(p) arecontinuous. In remediation technology, the cost functions are often discontinuous or evendiscrete. For example, installation costs depend on the number of wells being drilled, makingthe total cost a discontinuous function if the number of wells is subjected to the optimizationprocess. In these cases, a minimization method is required that does not rely on the calculationof derivatives. The method of simulated annealing is able to handle discontinuous objectivefunctions that exhibit many local minima. The term simulated annealing is used by analogy tothermodynamics, specifically with the way metals slowly cool and anneal. The analogy andalgorithm is described in [14]. The basic idea is to take a random step Dp which is alwaysaccepted if it leads to a reduction of the objective function. Furthermore, an uphill move issometimes accepted with a certain, decreasing probability enabling the algorithm to escape fromlocal minima. There is no need to calculate derivatives which makes simulated annealingapplicable to several types of objective functions (discrete, discontinuous, or continuous). Themain drawback of simulated annealing is its inefficiency, a result of the randomness of step Dpwhich almost always proposes an uphill move.The minimization algorithms discussed in this section have been implemented in acomputer program named ITOUGH2 [1]. ITOUGH2 performs automatic model calibration forthe TOUGH2 family of codes [2], including T2VOC [1]. Furthermore, ITOUGH2 supportssensitivity analysis, the design of experiments, and provides uncertainties for model predictionsusing linear error propagation analysis or Monte Carlo simulations. It can also be used to solvegroundwater management problems such as the design of a cleanup operation [15]. In theremainder of this paper we demonstrate that the combination of sophisticated process simulationand efficient and robust optimization techniques is a powerful tool to study subsurface flow andtransport problems.MODELING STUDYThe illustrative sample problem discussed in this modeling study deals with contaminantmigration from a dense solvent trichloroethylene (TCE) spill into the unsaturated zone of a

- 9 -highly heterogeneous soil, followed by a remediation operation using air sparging and soilvapor extraction. The effect of subsurface barriers on cleanup efficiency is also studied.We consider a shallow heterogeneous deposit containing both a saturated and aunsaturated zone. The water table is at depth of 12 m and exhibits a head gradient of about0.03. The model domain has dimensions of 30 m · 30 m · 20 m in the x, y, and z directions,respectively, and is discretized in 15 · 15 · 20 = 4500 grid blocks. A spatially correlatedpermeability field is generated using simulated annealing techniques. A log-normal permeabilitydistribution is assumed with a geometric mean of 10-10 m2 and a standard deviation of oneorder of magnitude. During the annealing process, the permeability field is rearranged in arandom manner, and the difference between the resulting variogram and a prescribed variogramis minimized using the algorithm described in the previous section. We prescribed a sphericalvariogram with a correlation length of 20 m in the horizontal direction. No vertical correlationis considered. The generated permeabilities were then ordered into 9 groups, covering valuesfrom 10-12 to 10-8 m2. Porosities are in the range from 0.27 to 0.43, and are assumed to varyin proportion to the logarithm of permeability. The capillary pressure was scaled in inverseproportion to the logarithm of permeability [16]. The permeability distribution is shown inFigure 1.

2.5.07.510.012.5

-7.5-5.0-2.5

2.5.07.510.012.5

30m

30m

20m log (k [m_2])

-9.0

-9.2

-9.4

-9.6

-9.8

-10.0

-10.2

-10.4

-10.6

-10.8

-11.0

Fig. 1Permeability distributionThe first part of the simulation aims at developing a gravity-capillary equilibrium in asaturated-unsaturated flow system that exhibits a pressure gradient in the saturated zone. Anatmospheric boundary condition is applied at the surface, and a single-phase liquid Dirichletboundary condition with a hydrostatic pressure distribution is specified at the lower part of thetwo opposite faces of the model. The depth to the water table is fixed at -12 m at the back face,and at -13 m at the front face. The left and right vertical faces as well as the bottom are modeledas no flow boundaries. After reaching steady-state flow conditions, the simulation continues by

- 10 -spilling a total of 6000 kg of TCE at the center of the model domain, 2 m below ground surface,for a period of 2 weeks.The next part of the simulation allows for free redistribution of TCE over a 6 weekperiod under the combined action of gravitational, capillary and pressure forces. The NAPLphase slowly slumps downward and also spreads due to capillary forces, leading to somewhatreduced NAPL contents compared to the situation immediately after the spill. Part of the NAPLplume evaporates, and contaminated soil gas of higher density flows downwards until it reachesthe water table where it spreads horizontally. This density effect prevents the contaminant frombeing discharged naturally to the atmosphere. High aqueous TCE contents are observed nearthe water table, and the contaminated groundwater flows downstream and deeper into thesaturated zone due to increased water density. Figure 2 shows the NAPL content (the productof NAPL saturation and porosity), TCE content in the gas phase (the product of VOCconcentration in the gas phase [kg/m3], gas saturation, and porosity), and the TCE content inthe aqueous phase (the product of TCE concentration in the aqueous phase [kg/m3], watersaturation, and porosity) after the redistribution period. Note that the concentration of TCE inone phase is related to the concentration in another phase due to an assumption of local chemicalequilibria. TCE vapors spreading into the system lead to a contamination of the pore water dueto the solubility of the chemical in water. At this point in time, a preliminary cleanup operationis designed consisting of air sparging in combination with soil vapor extraction. In addition,four vertical cutoff walls are emplaced to contain the contaminant plume.In the next step of the process, a cost function is defined which includes pumping costsfor the air sparging and soil vapor extraction system, energy costs for the heating system, andtreatment costs for the contaminated fluid produced at the pumping well. Note that all thesecosts depend on the flow and transport behavior in the subsurface which determines the timerequired to reach cleanup standards. Simulated pressures and concentrations at the injection andproduction well also affect the cost function. Minimization of the cost function is accomplishedby determining three operational input parameters, namely the injection rate and temperature ofthe air sparging system, and the pumping rate at the extraction well. The results of theoptimization process are summarized in Table 2. Increasing both the injection and extractionrate leads to a shorter cleanup time which reduces overall costs, despite the fact that the specificpumping and energy costs are higher. In this example, injecting air at high temperatures is noteffective enough to compensate for the increased energy costs. Consequently, ITOUGH2proposes to use air at ambient temperatures. Overall the proposed design is about twice asefficient as the original design.Table 2Set of proposed operational parameters determined by minimizing the cost functionParameterOriginal DesignOptimized Design

Injection rate [kg/s]Injection temperature [ßC]Extraction rate [kg/s]0.0190.000.010.0340.000.04

Cost function ["$"]1090.00550.00

- 11 -

NAPL content

0.020

0.018

0.016

0.014

0.012

0.010

0.008

0.006

0.004

0.002

0.000

gaseous VOC

0.100

0.090

0.080

0.070

0.060

0.050

0.040

0.030

0.020

0.010

0.000

aqueous VOC

0.060

0.055

0.050

0.045

0.040

0.035

0.030

0.025

0.020

0.015

0.010

0.005

0.000

Fig. 3NAPL content (top), vaporized VOC content (center), and dissolved VOC content (bottom) afterredistribution

- 12 -CONCLUDING REMARKSA series of computer codes has been developed to support the design of a multi-component cleanup system. Accurate simulation capabilities for flow and transport ofcontaminants under multiphase flow conditions are crucial for predicting the fate of thecontaminant for a given remediation scenario. Inverse modeling techniques provide an essentialtool for site characterization by determining model-related input parameters for the numericalsimulator. The same optimization algorithms can also be used to study alternative cleanupoperations by minimizing a cost function that reflects the efficiency of the proposed design. Theresults of such a simulation-optimization study can be used as a basis for the evaluation andoptimization of an integrated remediation technology.ACKNOWLEDGMENTThis work was supported by the WIPP Project, Sandia National Laboratories, underDocument No. 129847, and by the Director, Office of Energy Research, Office of Basic EnergySciences, Engineering and Geosciences Division, and in part by the In Situ RemediationTechnology Development Integrated Program, Office of Technology Development, Office ofEnvironmental Restoration and Waste Management, U.S. Department of Energy, under contractDE-AC03-76SF00098.REFERENCES[1]Falta, R.W., K. Pruess, S. Finsterle, and A. Battistelli, T2VOC User’s Guide, ReportNo. LBL-36400, Lawrence Berkeley National Laboratory, Berkeley, Calif., March 1995.[2]Pruess, K., TOUGH2 - A General Purpose Numerical Simulator for Multiphase Fluidand Heat Flow, Report No. LBL-29400, Lawrence Berkeley National Laboratory,Berkeley, Calif., May 1991.[3]Freeze, R.A. and J.A. Cherry, Groundwater, Prentice-Hall, Englewood Cliffs, N.J.,1979.[4]Klinkenberg, L.J., The Permeability of Porous Media to Liquids and Gases, in APIDrilling and Production Practice, 200-213, 1941.[5]International Formulation Committee, A Formulation of the Thermodynamic Properties ofOrdinary Water Substance, IFC Secretariat, D�sseldorf, Germany, 1967.

- 13 -[6]Reid, R.C., J.M. Prausnitz, and B.E. Poling, The Properties of Gases and Liquids,McGraw-Hill, New York, 1987.[7]Narasimhan, T.N. and P.A. Witherspoon, An Integrated Finite Difference Method forAnalyzing Fluid Flow in Porous Media, Water Resour. Res., 12(1), 57-64, 1976.[8]Moridis, G.J., and K. Pruess, T2CG1: A Package of Preconditioned Conjugate GradientSolvers for the TOUGH2 Family of Codes, Report LBL-36235, Lawrence BerkeleyNational Laboratory, Berkeley, Calif., 1995.[9]Finsterle, S., ITOUGH2 User’s Guide, Report No. LBL-34582, Lawrence BerkeleyNational Laboratory, Berkeley, Calif., August 1993.[10]Scales, L.E., Introduction to Non-Linear Optimization, Springer, New York, 1985.[11]Levenberg, K., A Method for the Solution of Certain Nonlinear Problems in LeastSquares, Q. Appl. Math., 2, 164-168, 1944.[12]Marquardt, D.W., An Algorithm for Least-Squares Estimation of Nonlinear Parameters,J. Soc. Ind. Appl. Math., 11(2), 431-441, 1963.[13]Finsterle, S., and K. Pruess, Solving the Estimation-Identification Problem in Two-PhaseFlow Modeling, Water Resour. Res., 31(4), 913-924, April 1995.[14]Press, W.H., S.A. Teukolsky, W.T. Vetterling, B.P. Flannery, Numerical Recipes inFORTRAN: The Art of Scientific Computing, Second Edition, Cambridge UniversityPress, 1992.[15]Finsterle, S., and K. Pruess, Optimizing Multiphase Aquifer Remediation UsingITOUGH2, Report No. LBL-36088, Lawrence Berkeley National Laboratory, Berkeley,Calif., June 1994.[16]Leverett, M.C., Capillary Behavior in Porous Solids, Trans. Soc. Pet. Eng. AIME, 142,152-169, 1941.