LBNL-40040Rev. 2iTOUGH2User�s GuideStefan FinsterleEarth Sciences DivisionLawrence Berkeley National LaboratoryUniversity of CaliforniaBerkeley, CA 94720May 2000This work was supported, in part, by the Assistant Secretary for Energy Efficiency and Renewable Energy,Office of Geothermal Technologies, of the U.S. Department of Energy, under Contract No. DE-AC03-76SF00098, and by a grant from the Swiss National Cooperative for the Disposal of Radioactive Waste(Nagra), Wettingen, Switzerland.

_________________________________________________________________________iTOUGH2 USER�S GUIDEDISCLAIMERThis 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.

_________________________________________________________________________iTOUGH2 USER�S GUIDEiiiTABLE OF CONTENTSTABLE OF CONTENTS1.INTRODUCTION...........................................11.1About this manual........................................11.2Motivation and scope .....................................21.3General remarks about inverse modeling.........................31.4iTOUGH2 application modes ................................41.5Inverse modeling procedure .................................51.6Introductory example......................................91.7Typing conventions and definitions............................132.INVERSE MODELING THEORY................................152.1Introduction............................................152.2Parameters............................................162.3Observations...........................................192.4Residuals..............................................222.5The stochastic model......................................232.5.1Introduction......................................232.5.2Systematic and random errors..........................232.5.3Observation covariance matrix..........................272.6Objective function........................................302.6.1The norm as a measure of misfit.........................302.6.2Properties of the objective function.......................312.6.3Maximum likelihood.................................322.6.4Least squares.....................................322.6.5Robust estimators..................................342.7Minimization algorithms....................................382.7.1Classification.....................................382.7.2Gradient, Jacobian, and Hessian matrix....................402.7.3The Gauss-Newton method............................422.7.4The Levenberg-Marquardt method.......................442.7.5The Downhill Simplex method..........................462.7.6Simulated Annealing.................................482.7.7Grid search......................................502.7.8Stopping criteria ...................................502.7.9Step size limitation and parameter selection .................512.7.10Example ........................................542.8Sensitivity and error analysis................................552.8.1Introduction.....................................552.8.2Sensitivity analysis..................................552.8.3Estimated error variance and Fisher model test...............592.8.4Covariance matrix of estimated parameters..................61

_________________________________________________________________________iTOUGH2 USER�S GUIDEi v TABLE OF CONTENTS2.8.5Residual analysis...................................682.8.6Optimality and model identification criteria..................722.8.7Uncertainty propagation analysis........................743.iTOUGH2 OUTPUT DESCRIPTION..............................803.1Introduction............................................803.2Header...............................................803.3Printout of iTOUGH2 input.................................813.4Printout from minimization algorithm...........................863.5Printout from sensitivity analysis..............................883.6Printout from error analysis..................................923.7Printout from residual analysis...............................953.8Model test and optimality criteria..............................1003.9Summary output.........................................1013.10Version control..........................................1024.PROGRAM ARCHITECTURE..................................1054.1Program structure........................................1064.2Directory structure.......................................1074.3iTOUGH2 input and output files..............................1095.CODE INSTALLATION.......................................1115.1Getting started..........................................1115.2Dimensioning of major arrays................................1125.3Compiling and linking.....................................1136.UTILITIES................................................1146.1Installation of Unix shell script files............................1146.2Submitting an iTOUGH2 job (command itough2)................1156.3Submitting a TOUGH2 job (command tough2)...................1176.4Status checking of an iTOUGH2 job (command prista).............1176.5Terminating an iTOUGH2 job (command kit)....................1196.6Obtaining on-line help (command it2help)......................121ACKNOWLEDGMENT..........................................122REFERENCES................................................123INDEX.....................................................128

_________________________________________________________________________iTOUGH2 USER�S GUIDEvLIST OF FIGURESLIST OF FIGURESFigure 1.5.1Inverse modeling flow chart.............................5Figure 1.6.1Schematic of gas-pressure-pulse-decay apparatus..............9Figure 1.6.2Comparison between measure and calculated pressure transients withthe initial and final parameter sets.........................12Figure 1.6.3Residuals as a function of time, showing systematic overpredictionof pressures at late times for Experiments 2 and 3...............12Figure 2.5.2.1True, measured, and calculated system response, and definition ofresidual, measurement and modeling error...................24Figure 2.6.2.1Objective function in two-dimensional parameter space...........31Figure 2.6.5.1Loss function

ω

of five estimators as a function of theweighted residual....................................37Figure 2.7.3.1Objective function of a linearized least-squares problem as a functionof one parameter (top), and two parameters (bottom)............43Figure 2.7.4.1Steps proposed by the Levenberg-Marquardt method as a function ofthe Levenberg parameter

λ

.............................45Figure 2.7.5.1Possible outcomes for a step in the Downhill Simplex method(after Press et al. [1992]). The simplex for

n = 3

is a tetrahedron;(a) shows it at the beginning of a step. The simplex after a step can be(b) a reflection away from the high point,(c) a reflection and expansion away from the high point,(d) a contraction along one dimension from the high point, or(e) a contraction along all dimensions towards the low point.......47Figure 2.7.9.1Step-size limitation of a single parameter....................51Figure 2.7.9.2Global step-size limitation..............................52Figure 2.7.10.1Solution paths of (a) Gauss-Newton, (b) Levenberg-Marquardt,(c) Downhill Simplex, and (d) Simulated Annealing minimizationalgorithms in the two-dimensional parameter spaceporosity-log(permeability). The square, circle, and cross indicate,respectively, the starting point, endpoint, and global minimum.....54Figure 2.8.2.1Scaled sensitivity matrix and composite sensitivity measures.......58Figure 2.8.4.1Probability distribution of estimates in a two-dimensional parameterspace. Triangles represent solutions from 200 least-squares fits tohypothetical data sets. The square indicates the mean of all solutions.The solid ellipse is an approximation of the estimation uncertainty of asingle best-estimate parameter set, shown as a circle.............62Figure 2.8.4.2Visualization of estimation covariance matrix as an elliptical confidenceregion, indicating marginal and conditional standard deviations.....65Figure 2.8.4.3Original (a) and corrected (b) approximation of the confidence region.The ellipses approximate the contours of the objective function(dashed) at the minimum. The solid contour represents the actualconfidence region. The arrow indicates the solution path taken by theminimization algorithm................................65

_________________________________________________________________________iTOUGH2 USER�S GUIDEviLIST OF FIGURESFigure 2.8.7.1Comparison between FOSM and Monte Carlo uncertainty propagationanalyses..........................................79Figure 3.2.1iTOUGH2 header information...........................81Figure 3.3.1Parameters selected for estimation.........................82Figure 3.3.2Observations available for calibration.......................83Figure 3.3.3Summary of computational parameters and selected program options.85Figure 3.3.4Information about the computer system used..................85Figure 3.4.1Output from Levenberg-Marquardt minimization algorithm........87Figure 3.5.1Scaled sensitivity matrix...............................89Figure 3.5.2Summary of contributions of data sets to parameter sensitivity......90Figure 3.6.1Covariance matrix of estimated parameter set and direct correlationcoefficients........................................92Figure 3.6.2Standard deviations and correlation chart....................93Figure 3.6.3Eigenanalysis of estimation covariance matrix.................94Figure 3.7.1Residual analysis....................................96Figure 3.7.2Scatter plot of residuals................................97Figure 3.7.3Summary of residual analysis and iteration statistics.............98Figure 3.7.4Statistical moment analysis of residuals.....................99Figure 3.7.5Linear regression analysis of plot calculated versus observed.......99Figure 3.8.1Model test and optimality criteria..........................100Figure 3.9.1Summary of inverse modeling results......................101Figure 3.10.1Printout of array dimensions............................102Figure 3.10.2Version control statements..............................103Figure 4.1.1Simplified iTOUGH2 flow chart.........................105Figure 4.2.1iTOUGH2 directory structure...........................108Figure 6.2.1Usage and options of command itough2..................115Figure 6.4.1Screen dump from command prista.....................118Figure 6.5.1Screen dump from command kit........................120Figure 6.6.1Screen dump from command it2help showing command usage..121

_________________________________________________________________________iTOUGH2 USER�S GUIDEviiLIST OF TABLESLIST OF TABLESTable 1.5.1Inverse Modeling Procedure: Major Steps...................6Table 1.7.1Main Variables and Their Definitions......................13Table 2.5.2.1Systematic and Random Components Under Ideal Conditions.....25Table 2.5.2.2Systematic and Random Components Under Non-Ideal Conditions..25Table 2.6.5.1Estimator, Underlying Distribution, Loss Function, and

ψ

Function.36Table 2.7.3.1Gauss-Newton Minimization Algorithm....................42Table 2.7.4.1Levenberg-Marquardt Minimization Algorithm................45Table 2.7.6.1Minimization by Simulated Annealing......................49Table 2.8.3.1Fisher Model Test...................................59Table 2.8.7.1Monte Carlo Simulations..............................76Table 4.3.1List of iTOUGH2 Input and Output Files...................110Table 5.1.1Code Installation Procedure............................111Table 5.3.1Variable Definitions in Makefile..........................113Table 5.3.2Targets in Makefile..................................113Table 6.1.1Customizing Shell Variables in iTOUGH2 Script Files..........114Table 6.5.1Signals Sent by Command kit..........................119

_________________________________________________________________________iTOUGH2 USER�S GUIDE1INTRODUCTION1.INTRODUCTION1.1About This ManualiTOUGH2 is a program for parameter estimation, sensitivity analysis, and uncertaintypropagation analysis. It is based on the TOUGH2 simulator for nonisothermal multiphaseflow in porous and fractured media [Pruess, 1987, 1991a].The key to a successful application of iTOUGH2 is (1) a good understanding of multi-phase flow processes, (2) the ability to conceptualize the given flow and transport problemand to develop a corresponding TOUGH2 model, (3) detailed knowledge about the data usedfor calibration, (4) an understanding of parameter estimation theory and the correct interpre-tation of inverse modeling results, and (5) proficiency in using iTOUGH2 options. Thisreport primarily addresses Issue (4), through the introduction of inverse modeling conceptsfor applications in multiphase flow and transport simulations. While inverse modeling can bediscussed in the jargon of applied mathematics and mathematical statistics, this manual istailored to the needs of engineers and scientists who are interested in calibrating TOUGH2models against observed data. It describes the inverse modeling framework and provides thetheoretical background for the methodologies employed by iTOUGH2. Furthermore, itdiscusses the architecture of iTOUGH2 and contains instructions for code installation andexecution. This manual supplements the �iTOUGH2 Command Reference� [Finsterle,1999b], which explains the syntax of all iTOUGH2 commands (Issue 5), and the report�iTOUGH2 Sample Problems� [Finsterle, 1999c], which contains a collection of illustrativeiTOUGH2 applications. It is assumed that the reader is familiar with the workings ofTOUGH2 (Issue 2).The report is organized as follows. After an introductory discussion of inverse modelingissues (Chapter 1), each element involved in automatic model calibration is described in detailin Chapter 2. These elements include the parameter vector, the vector of observable vari-ables, the stochastic model, the objective function, the minimization algorithm, convergencecriteria, the residual and error analyses, and uncertainty propagation analysis. Each elementis discussed from a theoretical viewpoint, and reference to the corresponding iTOUGH2 inputand output will be made. A line-by-line discussion of a typical iTOUGH2 output file is givenin Chapter 3. Chapters 4 and 5 contain information about code architecture as well asinstructions for installing and running iTOUGH2.

_________________________________________________________________________iTOUGH2 USER�S GUIDE2INTRODUCTION1.2Motivation and ScopePredicting multiphase fluid and heat flow in the subsurface by means of numerical simu-lation involves the following steps:1.Developing a conceptual model of the system and creating a numerical model;2.Assigning values to the numerical model input parameters;3.Predicting the system state by running the simulator;4.Interpreting the results and assessing the uncertainty of the predictions.The first step is the most difficult and also most important task. The conceptual modeldeveloped for the system to be studied provides the basis for all subsequent steps. Errors inthe conceptual model usually have the largest impact on the model predictions. In multiphaseflow modeling, the second step (i.e., assigning parameter values) is likely to be tedious andchallenging because of the relatively large number of parameters that need to be specified.Moreover, the physical interpretation of these parameters is often ambiguous, and they aredifficult or even impossible to measure directly in the laboratory or the field.Parameters can be estimated by automatically calibrating the multiphase flow modelagainst measured data of the system response. Inferring model-related parameters fromobservations by means of a process model is termed inverse modeling. As elaborated inSection 1.4, iTOUGH2 supports parameter estimation, sensitivity analysis, and uncertaintypropagation analysis. It contributes to conceptual and numerical model development only inthe sense that alternative model designs can be tested against one another in their ability toexplain observed data. A failure to match certain data may point towards aspects of themodel that need to be refined.

_________________________________________________________________________iTOUGH2 USER�S GUIDE3INTRODUCTION1.3General Remarks About Inverse ModelingParameter estimation, history matching, model calibration, and inverse modeling areterms describing essentially the same technique with a slightly different objective in mind.The ultimate goal is to assess the best model and its parameters for predicting the behavior ofa dynamic flow system. The reliability of these predictions depends on the appropriatenessof the conceptual model and the model parameters. Note that it is the intended use of themodel that determines the required degree of model sophistication, as well as the level ofaccuracy with which the parameters are to be estimated. In this overall scheme, parameterestimation as supported by iTOUGH2 is only one, albeit important step in the process ofmodel development.Inverse modeling consists of estimating model parameters from measurements of thesystem response made at discrete points in space and time. Automatic model calibration canbe formulated as an optimization problem, which has to be solved in the presence of uncer-tainty because the available observations are incomplete and exhibit random measurementerrors. The parameters to be estimated are selected coefficients in the governing flow equa-tions. They may include hydrogeologic and thermophysical properties, initial and boundaryconditions, and parameterized aspects of the conceptual model. The interpretation of theseparameters depends on the model structure and the overall purpose of the specific model. Inthis sense, the parameters are strictly to be seen as model parameters (or model-relatedparameters) rather than parameters of the geologic formation (or aquifer parameters).Estimating parameter values from measurements relates the real multiphase flow system to itsidealized representation.Inverse modeling involves several interacting steps. Starting from a conceptual model ofthe physical system, the results of parameter estimation may indicate that the underlyingmodel structure has to be modified. This process of iteratively updating the conceptual modeland its parameters is sometimes referred to as model identification. iTOUGH2 focuses on themore narrow aspect of inverse modeling, namely parameter estimation by automatic modelcalibration. Nevertheless, the optimality criteria evaluated by iTOUGH2 make a valuablecontribution towards the solution of the model identification problem.

_________________________________________________________________________iTOUGH2 USER�S GUIDE4INTRODUCTION1.4iTOUGH2 Application ModesiTOUGH2 is a computer program that provides inverse modeling capabilities for theTOUGH2 code. TOUGH2 [Pruess, 1987, 1991a] is a numerical simulator for multidimen-sional, nonisothermal flows of multiphase, multicomponent fluids in porous and fracturedmedia. While the main purpose of iTOUGH2 is to estimate model-related parameters byautomatically calibrating TOUGH2 models to laboratory or field data, the informationobtained by evaluating the sensitivity of the calculated system response with respect to certaininput parameters can also be used to study the appropriateness of a proposed experimentaldesign and to analyze the uncertainty of model predictions.iTOUGH2 supports all three application modes, i.e., sensitivity analysis, parameterestimation, and uncertainty propagation analysis.(1)Sensitivity AnalysisThe sensitivity of TOUGH2 output variables with respect to TOUGH2 input parametersis numerically evaluated by iTOUGH2. The resulting Jacobian matrix is rescaled tomake the sensitivity coefficients comparable with each other. Summary sensitivitymeasures are calculated to identify the most sensitive parameters as well as the modeloutput most affected by the selected parameters. From an inverse perspective, thesevalues show the information content of individual data points, data sets, and observa-tion types. Furthermore, correlation coefficients between the parameters are calculated,which can be used to detect parameter combinations that lead to a similar or very differ-ent system behavior.(2)Parameter EstimationiTOUGH2 solves the inverse problem for determining TOUGH2 input parameters basedon any type of data for which a corresponding TOUGH2 output variable can be calcu-lated. Parameters are estimated by automatically matching the calculated to the observedsystem response. A number of different objective functions and minimization algo-rithms are available. An extensive residual and error analysis is performed.(3)Uncertainty Propagation AnalysisThe impact of parameter uncertainties on model predictions can be studied by means oflinear error propagation analysis or Monte Carlo simulations.All three application modes are of practical significance. The sensitivity analysis suppliesthe measures needed for optimizing the design of a laboratory experiment or field test.Parameter estimation by inverse modeling overcomes the labor-intensive tedium of trial-and-error model calibration. More important, the error analysis provides insight into the uncer-tainty of the estimated parameters, and reveals parameter correlations. Predictability can beimproved when relying on effective, model-related parameters estimated by inverse model-ing. The quality of these predictions can be assessed, taking into account the uncertainty ofthe input parameters.

_________________________________________________________________________iTOUGH2 USER�S GUIDE5INTRODUCTION1.5Inverse Modeling ProcedureiTOUGH2 estimates elements of a parameter vector

p

based on measured data of thesystem response, which are summarized in vector

z*

. The parameters are related to the databy minimizing a measure of misfit, the objective function

S

, which depends on the residualvector

r

and a weighting matrix

Czz− 1

. The uncertainty of the estimated parameters, i.e., thecovariance matrix

Cpp

, is also calculated, along with the uncertainty of the model predic-tions.An overview of the inverse modeling concept as implemented in iTOUGH2 is given inthis section, followed by a detailed discussion of each element. The major steps are visual-ized in the flow chart of Figure 1.5.1, and are summarized in Table 1.5.1._{truesystemresponse}

measured system response

objective function calculated system response minimization algorithm stopping criteria

best estimate

error analysis

uncertainty propagation analysis maximum likelihood updated parameter prior information

model

Figure 1.5.1. Inverse modeling flow chart.

iTOUGH2 USER�S GUIDEINTRODUCTIONTable 1.5.1. Inverse Modeling Procedure: Major StepsStepDescriptionIssue

Development of a numerical model, representing thehydrogeological system under test conditions.Model conceptualization

Selection of parameters to be estimated.Parameter selectionSelection of initial parameter values.Prior information/initial guessSelection of data; identification of points in space andtime for calibration.Calibration pointsAssignment of weights to each calibration point.Stochastic modelCalculation of system state.Forward simulationComparison of calculated and observed system state.Objective functionUpdating parameters in order to decrease theobjective function.Minimization algorithmIteration of Steps 6 through 8 until no furtherimprovement of the fit can be obtained.Convergence criteriaAnalysis of residuals and estimation uncertainties.Residual and error analyses

The key elements as listed in Table 1.5.1 can be described as follows:Inverse modeling starts with the formulation of the so-called forward or direct problemA model must be developed that is capable of simulating the general features of thesystem behavior under measurement conditions. This step involves the mathematicaland numerical description of the relevant physical processes, the definition of modelgeometry, the assignment of initial and boundary conditions, the discretization in spaceand time, the selection of zones over which the model parameters are believed to beconstant, etc. All the parameters that are not subject to the estimation process are thenfixed at their best known values. It is important to realize that the fixed parameters arepart of the model structure to which the solution of the inverse problem refers. Theforward problem is solved by the TOUGH2 simulator.The next step is to define a vector

p̃

of length

n

containing the parameters to beestimated by inverse modeling. Since the true parameters cannot be known, we replacethem with the corresponding model parameters

p

. If performing uncertainty propaga-tion analyses,

p

holds the parameters considered uncertain. The parameters must beTOUGH2 input˚parameters, and may include hydrogeologic characteristics, thermalproperties, initial and boundary conditions, as well as all aspects of the model that canbe parameterized. An element of

p

may represent a single TOUGH2 input parameter,multiple TOUGH2 input parameters, or a function of TOUGH2 input parameters.

iTOUGH2 USER�S GUIDEINTRODUCTIONFurthermore, the parameter may be subjected to a transformation (e.g., taking its loga-rithm) to make the inverse problem more linear or to change the distributional assump-tion about the parameter.An initial guess has to be assigned to each element of

p

. The vector holding the initialguesses is denoted

p0

. Note that

affects the initial sensitivity coefficients and theefficiency of the minimization algorithm. Multiple inversions with different initialguesses should be performed to detect potential local minima. While often identical, thevector of initial guesses,

, must be distinguished from the prior information vector,

p*

, which holds independently measured or estimated parameter values. Thesemeasured parameters can be used to constrain or regularize the inverse problem. Priorparameter information must be appropriately weighted (see discussion of matrix

Czz

below) to be accounted for in the inversion.Information about the model parameters is drawn from measurements of the systemstate. The availability of sufficient, sensitive data of high quality is the key requirementfor reliably estimating model parameters. The measured and calculated system responsemust correspond in terms of character, location, time, and scale. Model output andmeasured data are compared only at discrete points in space and time, the so-calledcalibration points. Vector

z̃

of length

m

holds the true, unknown, observable variablesat all measurement locations and all calibration times. The vector holding the datameasured at or interpolated to the calibration points is denoted by

z* z*T = [p1*,K , p n*,zn+1*,K ,zm*]

(1.5.1)The corresponding model output, which is a function of space, time, and the modelparameters

p

, are summarized in vector

z z(p)T=[p1,K , pn, z n+1, K ,zm]

(1.5.2)Note that if prior information about the parameters is available, then the first

n

elements

are the measured parameter values, i.e.,

zi* =pi *(i =1, K, n)

, and the estimate

p

is considered to be the corresponding model output.The differences between the measured and calculated system response at the calibrationpoints are summarized in the residual vector

r

of length

m

with elements

ri = zi *- zi i =1,K ,m

(1.5.3)The observation vector includes data that are of different type, magnitude, and accu-racy. This requires that each residual be appropriately weighted before an aggregatemeasure of misfit can be calculated. As will be discussed in Section 2.5.3, it is reason-able to use the inverse of the measurement covariance matrix as the weightingmatrix, i.e., the expected variability of the final residuals has to be assessed based onthe size of the measurement errors as well as the random modeling errors.

iTOUGH2 USER�S GUIDEINTRODUCTIONA TOUGH2 simulation is performed with the current parameter vector

p

to obtain theelements of vector

z( p )

. The simulation will be repeated with updated parameters asproposed by the minimization algorithm (see Steps 8 and 9).The calculated and measured system response is compared by calculating an aggregatemeasure of misfit, which is termed objective function,

S

. The objective function isusually some norm of the weighted residuals. If a distributional assumption about theresiduals is made, the objective function can be derived from maximum likelihoodconsiderations. The weighted least-squares objective function is the most widely usedmisfit criterion. iTOUGH2 offers additional objective functions to increase the robust-ness of an inversion. The objective function is discussed in detail in Section 2.6.The purpose of the minimization algorithm is to find the minimum of the objectivefunction by iteratively updating the model parameters. Since the model output

z(p)

depends on the parameters to be estimated, the fit can be improved by changing theelements of parameter vector

p

. Consequently, the search for the minimum takes placein the

n

-dimensional parameter space. A number of strategies exist to find parametercombinations that iteratively yield smaller values of the objective function; they will bediscussed in Section 2.7.Once no further decrease in the objective function can be achieved, the iterative mini-mization procedure is terminated. Convergence criteria used in iTOUGH2 are discussedin Section 2.7.8. Since the objective function is a global measure of the misfit betweenthe data and the corresponding model output, the parameter vector

pS

is considered the best-estimate parameter set.One of the key advantages of a formalized approach to parameter estimation is thepossibility to assess the goodness-of-fit, the estimation error, and the uncertainty of themodel predictions. Note that if the data are not properly reproduced by the model, i.e.,if the final residuals are large or exhibit systematic errors, the resulting parameter set islikely to be inadequate or highly biased. Furthermore, a good match does not implythat the estimates are reasonable. They may be highly uncertain due to high parametercorrelations. The residual, error, and uncertainty propagation analyses are discussed inSection 2.8.

iTOUGH2 USER�S GUIDEINTRODUCTION1.6Introductory ExampleThe process of parameter estimation by automatic model calibration is illustrated in thefollowing example, which is described in detail in Finsterle and Persoff [1997]. The exampleis also part of the collection of iTOUGH2 sample problems [Finsterle, 1999c; Problem 2].A laboratory experiment was designed to estimate hydrogeologic parameters of very tightrock samples. A schematic of the experimental apparatus is shown in Figure 1.6.1. A rocksample is dried and placed in a sample holder, which is attached to two relatively small gasreservoirs. To conduct a test, the upstream reservoir is rapidly pressurized using nitrogengas to a value about 300 kPa above the initial pressure of the system. Gas starts to flowthrough the sample, and the change of pressure with time is monitored in both reservoirs.

Figure 1.6.1. Schematic of gas-pressure-pulse-decay apparatus.The steps listed in Table 1.5.1 and discussed in general terms in the previous section arefollowed here for the specific example.As part of the model conceptualization, the relevant physical processes have to be iden-tified, mathematically described, and implemented into the numerical simulator. In thisexample, it is sufficient to consider single-phase gas flow. In porous media with verylow permeability and porosity, the mass flux

F

] of gas may be enhanced asa result of slip flow known as the Klinkenberg effect.

iTOUGH2 USER�S GUIDE10INTRODUCTION

F= - k 1+b p�Ł �ł rm � p

(1.6.1)Here,

k

is the absolute permeability [m2],

r

is the density [kg m-3],

m

is the dynamicviscosity [Pa s], and

p

is the gas pressure [Pa]. The term in parentheses accounts forenhanced gas slip flow, which occurs when the mean free path of the molecules is largerelative to the characteristic dimension of the pores. Slip flow is important at lowpressures and in small pores, when a significant fraction of molecular collisions is withthe pore wall rather than with other gas molecules. In Equation (1.6.1),

b

[Pa] is theKlinkenberg slip factor, which is a characteristic of both the geometry of the pore spaceand the thermophysical properties of the gas. It is directly proportional to the mean freepath of the molecules [Klinkenberg, 1941]. This flow equation and the appropriateequations-of-state enter the mass- and energy-balance equations solved by TOUGH2Furthermore, the gas reservoirs and the core are discretized as a one-dimensional flowproblem, and the initial pressure in the model is set to the first measured pressure value.The parameters to be estimated are the porosity

f

, the absolute permeability

k

[m2 ] , andtheKlinkenbergfactor

bk

and

b

are expected to vary over manyorders of magnitude, we will estimate the logarithm of these two parameters. Further-more, logarithmic transformation makes the inverse problem more linear, and preventsthe parameters from becoming negative. The parameter vector therefore is of length

n= 3

and has the elements

pT= [f ,log(k ),log(b )]

The initial parameter values are chosen to be

f =0. 015

,

log(k)= -19. 0

, and

log(b) = 7.0

, defining the elements of vector

p0

. These initial values are guesses thatare not weighted as prior information. In this example, the inversion does not dependon the initial parameter set.Observations available for model calibration are the pressure data in the upstream anddownstream gas reservoir. It is obvious from Equation (1.6.1) that the absolute perme-ability and the Klinkenberg factor are strongly correlated if the average pressure in thesample remains constant. Therefore, three experiments performed on the same core butat three different pressure levels are inverted jointly to allow for an independent estima-tion of

k

and

b

(more details can be found in Finsterle and Persoff [1997]). We select30 calibration points in time, logarithmically spaced between 100 and 68,600 seconds.Note that significantly more data points were measured through time, but calibrationwill occur only against interpolated pressures observed in the two reservoirs duringeach of the three experiments at 30 selected points in time. The total number of calibra-tion points is therefore

m=mexperiments �m reservoirs �mtimes = 3 ·2 ·30 =180

We assume that the measurement errors of the pressure data are uncorrelated and on theorder of

s zi = s z= 1000

Pa,

i=n + 1,K ,m

. The covariance matrix

Czz

is therefore a

m·m

matrix with

s z2

on the diagonal (with the exception of the first three diagonalelements, which are zero to avoid inclusion of prior information about the parameters)and zeroes elsewhere.

iTOUGH2 USER�S GUIDE11INTRODUCTIONThe experiment is simulated using the forward model TOUGH2. The initial pressuresin the upstream reservoirs of the three experiments are set to about 300 kPa above therespective initial pressures in the core. The dash-dotted lines in Figure 1.6.2 show thepressure in the upstream and downstream reservoirs through time as calculated with theinitial parameter set

p0

The difference between the model calculation and the data at the calibration points ismeasured by the objective function. The standard least-squares objective functionchosen here is the sum of the squared weighted residuals, leading to maximum-likeli-hood estimates if the residuals are normally distributed:

S= r T C zz- 1 r = ( z i * - z i)2s z i2i = 1m�

(1.6.2)The Levenberg-Marquardt minimization algorithm described in Section 2.7.4 is used topropose new parameter sets

pk

that iteratively reduce the value of the objective func-tion. The Levenberg-Marquardt algorithm requires evaluating the sensitivity of thecalculated pressures

zj

with respect to the parameters

pi

, providing the search directionin the

n

-dimensional parameter space.If a certain convergence criterion is met (here, the maximum number of unsuccessfuluphill steps was reached), go to Step 10, otherwise repeat Steps 6 through 8 with theupdated parameter vector

. The fit obtained after 7 iterations is shown in Figure1.6.2 (solid lines), matching the observed data (symbols) reasonably well.The error analysis reveals, however, that the standard mean error is larger than theexpected mean residual of 1000 Pa. The reason for the unsatisfactory match is asystematic error (a leak in the measuring apparatus and inappropriate initial conditions),which becomes apparent when examining the residual plot shown in Figure 1.6.3.Given this result, the estimated parameters are likely to be biased despite a relativelysmall estimation uncertainty. These difficulties are resolved by parameterization of thesystematic errors as discussed in Finsterle and Persoff [1997].The example illustrates the process and main elements of inverse modeling, which will bediscussed in detail in the following chapter. The example also demonstrates the importanceof a formalized approach and the error analysis, which identified weaknesses in the data andthe conceptual model.

iTOUGH2 USER�S GUIDE12INTRODUCTION

102 103 104 105

050100150^{2002500}

3000

xxxxxxxxxxxxxx x x xxxxxx x xxxx xx xxxxxxxxxxxxxxxxxxxx xxxxxxxxxxxxxxxxxxxxxxxxxx xx xx xx xxxxxxxxxxxxxxxxxxxxx x x

xxxxx x xxxxxxxxxxxxxxxxxxxxx xx xxxx x x xxxxxxx x x x xxx x x x xxx xxx x xx x x xxx xxx x xxx x x x xx xx x x x x x x xxxxxxxxxxxx x xxxxxx x x x xx x xxx xxx x xxxxxxxxxxxxx x x x xxx x xxx x xxxxxxxx x x xxx xxx x xxxx x x xxx xxxxxxxxxxxxxx x x xxx xxx x xxx x x x xxx x xx x x x x x xxx x xx x x x x xx xx x xx x x x xx x xx x x x x x xx x xx x x x x xxx xxx x xxx x x xxx xxx x xx x x x xx x x xxxxxxxxxxxx x x x x xxx xxx x xxx x x x xx x xx x x x x x xxx x xx x x x x xx xx x xx x x xx xx x xx x x x xx x xx x x x x xxx xxx x xxx x x x xxx x xxx x x x x x xx x x

Time[sec]

Presure[kPa]

DataxInitialGuesBestEstimate Experiment1

Experiment3 Experiment2Figure 1.6.2. Comparison between measure and calculated pressure transients with theinitial and final parameter sets.

102 103 104 105

-25-20-15-10^{-5}

051015

Time[sec]

Residual[kPa]

Experiment1 Experiment2 Experiment3Figure 1.6.3. Residuals as a function of time, showing systematic overprediction ofpressures at late times for Experiments 2 and 3.

iTOUGH2 USER�S GUIDE1 3 INTRODUCTION1 . 7 Typing Conventions and Variable DefinitionsTable 1.7.1 summarizes the main variables. The typing conventions are as follows:Scalars are represented by plain characters, e.g.,

krl

Vectors are lower-case bold characters, e.g.,

p

Matrices are upper-case bold characters, e.g.,

J

,

Czz

Elements of vectors and matrices are indexed scalars, e.g.,

Jij

,

zi

Measured quantities are indicated with an asterisks (*), e.g.,

zi *

; the true (usuallyunknown) values are indicated by a tilde, e.g.,

z̃i

; the calculated or estimated variablesare shown as plain characters, e.g.,

; best estimates are indicated with a carat, e.g.,

p̂

Table 1.7.1. Main Variables and Their DefinitionsVariableDimensionDefinitionEquation a scalarscalarLevel of significance;

(1 - a )

is confidence levelPerturbation factor for calculating derivatives c ij scalarCovariance of estimated parameter(off-diagonal element of

Cpp

2.8.4.2

Gi

scalarRatio of conditional and marginal standard deviation2.8.4.4

Cppn· n

Covariance matrix of estimated parameters2.8.4.2

Czzm· m

A priori covariance matrix of measurement errors2.5.3.1

Ĉzẑm· m

A posteriori covariance matrix of predictions2.8.5.7

Hn· n

Hessian matrix2.7.2.7

Jm· n

Jacobian matrix with sensitivity coefficients2.7.2.4

K

scalarscalarMaximum number of iTOUGH2 iterationsNumber of observation types in an inversion

k

scalariTOUGH2 iteration index

l

scalarLevenberg parameter2.7.4.1

m

scalarNumber of calibration points2.3.3

n

scalarMarquardt parameter

n

scalarNumber of parameters

pn

Parameter vector

p*n

Prior information

iTOUGH2 USER�S GUIDE14INTRODUCTION

pkn

Parameter vector at iteration

k

2.7.1.1

p̂n

Best-estimate parameter set

rm

Residual2.4.1

rij

scalarCorrelation coefficient2.8.4.3

s i2

scalarA priori error variance (measurement error,diagonal element of

Czz

2.5.3.1

s pi2

scalarA posteriori error variance of estimated parameter(diagonal element of

Cpp

2.8.4.2

s 02

scalarDimensionless a priori error variance2.5.3.2

s02

scalarDimensionless posteriori or estimated error variance2.8.3.1

S

scalarObjective function2.6.4.4

Vzz- 1m· m

Weighting matrix2.5.3.2

wm

Normalized residual (a posteriori2.8.5.10

ym

Normalized residual (a prioriLocal reliability2.6.5.22.8.5.9

zm

Observable variables2.3.2

z*m

Measurement vector, includes prior information2.3.1

z̃m

True system response

ẑm

Predicted system response

iTOUGH2 USER�S GUIDE15THEORY2.INVERSE MODELING THEORY2.1IntroductionThe basic concept of estimating parameters by matching the model to observations datesback to Carl Friedrich Gauss, who introduced the method of least squares for the analysis ofastronomical and geodetic data during the last decade of the eighteenth century [Gauss1821]. Gauss made contributions to all aspects of parameter estimation, providing a detaileddiscussion of measurement errors, a probabilistic justification of the least-squares objectivefunction, advances in computational methods (Gaussian elimination), and an analysis ofestimation uncertainty. While the algorithms for identifying the minimum of the objectivefunction have been continually refined, the basic idea as well as the difficulties associatedwith solving the inverse problem remain essentially the same.The theory on inverse modeling is described in a variety of textbooks for appliedmathematics and mathematical statistics (see, for example, Beck and Arnold [1977], Bickeland Doksum [1977], Gill et al. [1981], Scales [1985], Larsen and Marx [1986], Van Huffeland Vandewalle [1991], Stengel [1994], Bj�rck [1996]). Many of these textbooks focus ona discussion of optimality conditions for specific types of functions and constraints. Ingroundwater and multiphase flow modeling, the model output is usually a highly nonlinear,complex function of the parameters, which are constrained by simple physical bounds. Atheoretical analysis of the objective function�s convexity is not feasible for numerically calcu-lated model output. Practical aspects of how to formulate the inverse problem, and how toidentify the minimum of the objective function, are of primary interest to the hydrogeologist.Good introductions from a general, practical perspective are given by Beck and Arnold[1977], Gill et al. [1981] and Scales [1985]. A concise description of certain aspects ofinverse modeling can also be found in Press et al. [1992].A large number of research papers and book articles discuss the concept of inversemodeling in the context of hydrogeology. They are summarized and reviewed by Neuman[1973], Yeh [1986], Kool et al. [1987], Carrera [1988], Ewing and Lin [1991], Sun [1994],and McLaughlin and Townley [1996]. The approach implemented in iTOUGH2 is bestdescribed in the classic series of papers by Carrera and Neuman [1986abc].This chapter is structured according to the outline given by Figure 1.5.1 and Table 1.5.1,and concludes with a discussion of selected inverse modeling issues. Theoretical considera-tions are complemented with examples specific to iTOUGH2, and references to relatediTOUGH2 commands as documented in the report �iTOUGH2 Command Reference�[Finsterle, 1999b] are made where appropriate. A description of the general commandsyntax is given in Section 3.2 of Finsterle [1999b].

iTOUGH2 USER�S GUIDE16THEORY2.2ParametersThe parameter vector

p

of length

n

contains the TOUGH2 input parameters (or functionsthereof) to be estimated by inverse modeling. These parameters may represent hydrogeologiccharacteristics, thermal properties, initial or boundary conditions, and all aspects of the modelthat can be parameterized. Note that for a heterogeneous aquifer with properties continuouslyvarying in space, the dimension of the parameter vector is theoretically infinite. In practice,however, the spatial variables as well as the continuous partial differential equations arediscretized (e.g., using an integrated finite difference formulation), with constant propertiesfor each gridblock. Furthermore, multiple gridblocks can be assigned to specific subregionsof the model domain, which are characterized by constant parameter values, further reducingthe number of parameters to be estimated. This process is referred to as zonation. Finally,heterogeneity can be described by geostatistical methods, in which the spatial variability ischaracterized by a relatively small number of geostatistical parameters (e.g., parameters of avariogram, values at pilot points, attractor parameters; for a review of geostatistically basedinverse methods, see Zimmerman et al. [1998]).The reduction of the number of parameters from infinity to a finite dimension

n

is calledparameterization [Yeh, 1986]. This definition includes the description of data points bymeans of a function and its coefficients. Physical processes such as leaks in an experimentalapparatus or time-varying boundary conditions can also be subjected to parameterization bydescribing them with a coefficient or a function, making these processes accessible for esti-mation.It is important to realize that the parameters of vector

p

are only a subset of the parame-ters specified in the TOUGH2 input file. Vector

p

contains only those parameters that will besubjected to the estimation process. All the other parameters specified in the TOUGH2 inputfile are fixed and become part of the conceptual model. Due to inherent correlations betweenthe fixed and the variable parameters, the best-estimate parameter set depends on the chosenvalues of the fixed parameters and the conceptual model in general, i.e., the parametersestimated by inverse modeling are always model-relatedIf one is performing uncertainty propagation analyses,

p

holds the parameters considereduncertain. A probability density function is assigned to these parameters, and the effect onthe uncertainty of the model predictions is then evaluated either by means of linear error prop-agation analysis or Monte Carlo simulations (see Section 2.8.7).An element of

p

may represent a single TOUGH2 input parameter, multiple TOUGH2input parameters, or a function of TOUGH2 input parameters (see examples below).Furthermore, the parameter may be transformed to reduce the nonlinearity of the inverseproblem, to eliminate constraints, or to reflect a certain distributional assumption about theparameter. The most frequently applied transformation is taking the logarithm of a parameter,which can make the inverse problem more linear (for a discussion, see Carrera and Neuman[1986c]), prevents the parameter from becoming negative, and reflects a log-normal distribu-

iTOUGH2 USER�S GUIDE17THEORYtion of the parameter�s uncertainty. Note that all statistical measures calculated by iTOUGH2refer to the transformed parameter rather than the parameter used in TOUGH2While the elements of vector

p

are the unknown parameters to be estimated by inversemodeling, there is often some independent prior information available about these parameters.Prior information such as measured parameter values can be included in the analysis to regu-larize the inverse problem and to constrain the estimates [Carrera and Neuman, 1986a;Chavent, 1991;Vasco et al., 1997; Neumaier, 1998]. Differences between measured parame-ter values and the corresponding estimates are treated in the same manner as the differencesbetween the observed and calculated system state. Consequently, the elements of the priorinformation vector

p*

are included in the observation vector

z*

(see Section 2.3), i.e., thefirst

n

elements of

are identical with the elements of

, and the first

n

elements ofvector

z

are identical with the estimates

p

. Prior information about a parameter is onlyconsidered if a finite standard deviation is specified for this parameter.The use of prior information as a means to regularize the inverse problem is convenient.However, it may also be misleading. The data used for calibration contain a finite amount ofinformation about the parameters to be estimated. If an ill-posed inverse problem is formu-lated using these data, it can be turned into a well-posed problem by regularization. Thismeans, however, that new information must be added, such as a smoothing criterion (see, forexample, Vasco et al [1997]), an arbitrary conditioning matrix (see, for example, Kuczeraand Mroczkowski [1998]) or prior parameter information (see, for example, Carrera andNeuman [1986a]). While each of these regularization approaches may lead to a solution ofthe inverse problem, they sometimes mask the fact that the original data do not containenough information for parameter estimation. Furthermore, the prior information value mustbe conceptually consistent with the value determined from the observations of the systemresponse to avoid biased estimation. For example, if the permeability measured on a labora-tory core is used as prior information in an inversion of a regional flow model, the differencein scale may compromise the solution. The use of prior information is only reasonable if it isan integral, well-understood part of the overall calibration strategy.An initial guess has to be assigned to each element of

p

. The vector holding the initialguesses is denoted

p0

. Note that the

affects the initial sensitivity coefficients and theefficiency of the minimization algorithm. Multiple inversions with different initial guessesshould be performed to detect potential local minima. While often identical, the vector ofinitial guesses,

, can be different from the prior information vector,

, which holdsindependently measured or estimated parameter values.Obtaining meaningful estimates of all the parameters in

p

is only possible if enough dataof good quality are available, and if the model output at the calibration points is sufficientlysensitive to changes in the parameters. Furthermore, the parameters must not be stronglycorrelated.

iTOUGH2 USER�S GUIDE18THEORYSUMMARY The parameter vector

p

holds a subset of TOUGH2 input parameters or functions thereof.These are the

n

unknown or uncertain parameters subjected to parameter estimation,sensitivity, or uncertainty propagation analysis. An initial guess has to be provided, which isthe starting point for the optimization, the base-case parameter set for sensitivity analysis, orthe mean for uncertainty propagation analysis. Prior information can be included if appro-priately weighted against the observations of the system state.EXAMPLESThe following examples describe individual elements of a hypothetical iTOUGH2parameter vector

p

of length

n= 10p1

Porosity of material domain LOAM1.

p2

Logarithm of the absolute permeability along the third (vertical) principal axis of allelements belonging to material domain SAND1.

p3

Logarithm of the second parameter of the default capillary pressure function (e.g.,representing the van Genuchten parameter

1/ a

ICP

p4

Initial gas saturation in all elements belonging to material domains LOAM1, LOAM2,and LOAM3.

p5

A factor multiplying the injection rates specified for sources SOU_1 through SOU10.

p6

An unknown offset of the pressure sensor at observation Set 3.

p7

Fracture spacing, which is a parameter of the MINC preprocessor.

p8

The time at which a spill occurred from element INJ99.

p9

The pressure in all (boundary) elements belonging to material domain BOUND.

p10

A user-specified parameter, which can be any combination of TOUGH2 variables.RELATED iTOUGH2 COMMANDSThe elements of parameter vector

p

are defined through a combination of iTOUGH2commands in block > PARAMETERSimple parameter transformations are performed using commands >>>> FACTOR>>>> LOGARITHM, or >>>> LOG(F)The initial guess and/or prior information values are taken directly from the TOUGH2input file; they can be overwritten by using commands >>>> GUESS >>>> PRIOR, and>>˚GUESSIn order to consider prior information, a standard deviation must be specified usingcommand >>>> DEVIATION (p) or a related command. Potential parameter variabilityfor sensitivity analyses is indicated with command >>>> VARIATION

iTOUGH2 USER�S GUIDE19THEORY2.3ObservationsThe observation vector

zm

contains the calibration points. Calibration pointsconsist of observable variables at discrete points in space and time, at which measured dataare available. While the true system response is continuous in space and time and would bedescribed by an infinite number of variables, measurements are sparse, limiting the amount ofinformation available for inverse modeling. Because the dimension of vector

z

is finite, it isnecessary to select a subset of the output variables and pick discrete points in space and timeas the points at which the measured and calculated system response will be compared (seeSection 2.4). The type of variable used for calibration is obviously given by the type ofmeasurements available, and the location of measurement stations usually determines thepoints in space at which calibration should occur. The selection of calibration points in time,however, is somewhat subjective and may also depend on the time-stepping algorithm of themodel or other factors. Note that calibration points do not have to coincide with the exactobservation time of actual data points. In iTOUGH2, linear interpolation is applied to obtain adata point at the selected calibration time. Spatial interpolation from observation points tomodel gridblocks, however, must be performed as part of data preprocessing outsideiTOUGH2It is important to realize that the spatial and temporal distribution of calibration points hasan impact on the inverse modeling results. For example, selecting logarithmically spacedcalibration times to match data from a transient test puts more weight on the early-time datarelative to the late-time data, possibly affecting the support scale and thus the nature of theparameter to be estimated. Similarly, a high data density in one area of the model emphasizesthe corresponding subsystem, potentially compromising the match to data from an adjacent,less densely sampled region.Complementary to the observed values at the calibration points (i.e., the actual, trans-formed, or interpolated data) are the simulation results. Simulation results are represented byTOUGH2 output variables (or functions thereof); they depend on the input parameters to beestimated.An observable variable qualifies as a calibration point only if it is sufficiently sensitive tochanges in the parameters to be estimated. The higher the absolute value of the sensitivitycoefficient

|¶z /¶p|

, the more information regarding the parameters of interest is contained inthe corresponding data point. High sensitivity is a necessary, albeit not sufficientrequirement for accurate parameter estimation (for a detailed discussion, see Finsterle andPersoff [1997], as well as Section 2.8.2).The vector of observable variables may also contain parameters. For example, if perme-ability was measured on cores in the laboratory, this information can be considered as anadditional data point, and treated along with the direct observations of the system response.Such measured parameter values are referred to as prior information

iTOUGH2 USER�S GUIDE20THEORYSUMMARYThe vector holding the data measured at or interpolated to the calibration points is denoted

z* z* T = [ p1 * , K , p n*,zn+1*,K ,z m*]

(2.3.1)

differs from the vector of the true system response

z̃

by the unknown measurementerrors (see discussion in Section 2.5.2). The corresponding model output, which is a func-tion of space, time, and the model parameters

p

, is summarized in vector

z z( p) T = [ p1,K , p n, z n+1 , K ,zm]

(2.3.2)If prior information about the parameters is available, the first

n

elements of

are themeasured parameter values, i.e.,

zi* = pi *(i = 1 ,K ,n )

, and the current estimate

p

is consid-ered to be the corresponding model output.EXAMPLESThe following examples describe individual elements of a hypothetical vation vector

z

and the corresponding measurement vector

. The example also illustratesthe structure of these vectors as stored in iTOUGH2, with the first

n

elements reserved forprior information, followed by all observations at time

T1

, then all observations at

T2

, etc. Ifno time windows are specified, the total length of vector

z

is given by

m=n +ndatasets �ntimes £ MAXM

(2.3.3)where

ndatasets £ MAXO

is the number of data sets (i.e., measurement sensors), and

ntimes £ MAXTIM

is the number of calibration times. The parameters

MAXM

,

MAXO

, and

MAXTIM

are the maximum array dimensions as specified in file maxsize.inc (see Section5.2). If time windows are specified, the number of elements in

z

is less than that ofEquation (2.3.3).

z1*

Independently measured porosity of material domain LOAM1, included as priorinformation.

z1

Porosity of material domain LOAM1, currently estimated based on informationcontained in

z*z2*

Measured pressure at Sensor

X1

and at time

T1z2

Calculated pressure at gridblock SEN 1 (representing Sensor

), at time

T1z3*

Measured TCE concentration in liquid phase at Sensor

X2

and at time

T1z3

Calculated TCE concentration in liquid phase at gridblock SEN 2 (representingSensor

), at time

T1z4*

Measured cumulative liquid flow rate into opening

X3

at time

iTOUGH2 USER�S GUIDE21THEORY

z4

Calculated change of total liquid mass in all gridblocks associated with materialdomain DRIFT (representing opening

X3

), at time

T1z3 i + n *

Same measurement types as before, at times

Ti+1z3 i + n

Same model output as before, at times

Ti+1

RELATED iTOUGH2 COMMANDSThe elements of observation vector

z

are defined through a combination of iTOUGH2commands in block >˚OBSERVATION. The second-level commands indicate the observa-tion type; the third-level commands define the location.The calibration times are specified using command >>˚TIMES. If a specific data setdoes not cover the entire simulation time, command >>>>˚WINDOW should be used.The measurement values are submitted using command >>>>˚DATA. One might wantto calibrate against the logarithm of the data rather than their values (command>>>>˚LOGARITHM). This data transformation may be useful to make nonsymmetricresidual distributions more symmetric, better complying with the distributional assumptionsunderlying maximum-likelihood estimation.

iTOUGH2 USER�S GUIDE22THEORY2.4ResidualsThe residual vector

r

of length

m

contains the differences between the measured andcalculated system response with elements

ri = z i *- zi i =1, K , m

(2.4.1)For example,

r2

is the difference between the measured and calculated pressure at time

T1

(see example in Section 2.3). A special type of residuals consists of the differences betweenthe measured parameters (prior information) and the estimated parameter values. Thesedifferences�appropriately weighted (see Section 2.5)�can be used to regularize the inverseproblem, making it more stable and well-posed [Carrera and Neuman, 1986a; Neumaier1998]. The residuals obtained with the best-estimate parameter set

p̂

at the end of an inver-sion are termed the final residuals.In inverse modeling, parameters are estimated by minimizing some measure of misfit, theobjective function (see Section 2.6), which is a function of the residuals. Since the residualsdetermine the misfit criterion, it is crucial that the measurements

z*

and the correspondingmodel output

z

represent the same physical entity. Any conceptual difference between themeasured value and its representation in the numerical model necessarily leads to a bias in theestimated parameters. There are many reasons for a potential inconsistency between themeasured and calculated values. For example, the support scale or averaging volume of acertain measurement may be significantly smaller than the size of the gridblock used in thenumerical model. Drawdown measurements in a pumping well can only be directlycompared with gridblock pressures if the well is fully discretized in the model. Downholepressures or fractional flows at the head of a geothermal well may be different from thevertically averaged values calculated in a two-dimensional model of the reservoir. Relativepressure measurements may be influenced by atmospheric pressure fluctuations. If theseeffects are not properly accounted for, the parameters are perturbed from their most likelyestimates in an attempt to partly compensate for the error.Consistency between the measured and simulated quantities must be assured. If the twovariables are conceptually different, appropriate compensation or correction can be madeeither in the numerical model (e.g., by discretizing the well or even the measuring device, orby accurate simulation of all factors that affect the measurements) or by preprocessing thedata accordingly (e.g., appropriate averaging, interpolation, compensation for temperatureeffects, removal of shifts and trends in the data). In many cases, both the model output andthe measurements must be adjusted to ensure consistency between the two.SUMMARYParameter estimation by inverse modeling is based on a comparison between measuredvalues and the corresponding model output. The residual is defined as the difference betweenthe measured and calculated system response at a given calibration point. Measured andcalculated variables must be consistent.

iTOUGH2 USER�S GUIDE23THEORY2.5The Stochastic Model2.5.1IntroductionInverse modeling can be formulated in the framework of mathematical statistics, whichmay provide a probabilistic justification for using a specific estimator (such as least squares).The maximum likelihood approach will be discussed in Section 2.6. From a more practicalpoint of view, the stochastic model as summarized in the observation covariance matrix

Czz

(see Section 2.5.3) simply provides the weighting factors to scale observations of differenttype, magnitude, and accuracy. Besides these practical considerations, one should realizethat inverse modeling makes the implicit statistical assumption that the final residuals

r(p̂)

(where

p̂

is the best-estimate parameter set) are error terms, i.e., they are random variablesfollowing a certain distribution. The stochastic model is therefore defined here as the a˚prioridescription of the distributional assumption about the residuals.The sources and nature of the error term will be discussed in Section 2.5.2; the observa-tion covariance matrix, the weighting matrix, and the a˚priori error variance are introduced inSection 2.5.3.2.5.2Systematic and random errorsThe residuals can be represented by a statistical model of the form

ri = zi *- zi(p̂ ) = emi + e di = ( b m + em)i + ( bd + ed ) i

(2.5.2.1)According to this equation, residual

i

is the sum of the error in the model,

emi =z̃i - zi(p̂)

and the error in the data,

edi = zi * - z̃ i

, where

z̃i

is the true value. Both modeling error anddata error have a systematic component

bi

and a random component

ei

Consider a data set that is drawn from a true, but unknown system response (see Figure2.5.2.1). The individual measurement error is defined as the difference between themeasured and the true value. The modeling error is defined as the difference between the trueand the calculated value. Since the true system response is unknown, neither the measure-ment error nor the modeling error is known�only the residual

r=ed+ em =( z* - ~z) - (z̃ - z(p̂) ) =z* - z(p̂)

(2.5.2.2)can be calculated. However, the errors may be described in statistical terms, implying thatthey are random following a certain distribution. Recall that estimating parameters by historymatching is based on the assumption that the calculated system response is as close to the truesystem response as possible, the latter being represented by a set of noisy data points. If thetrue values are identified, the residuals are by definition equal to the measurement errors. Inother words, the statistical characteristics of the residuals should be identical or at least similarto those of the measurement errors. This interpretation assumes that only random errors are

iTOUGH2 USER�S GUIDE24THEORYpresent, which can be described using statistical concepts. The impact of systematic errors asindicated in Equation (2.5.2.1) will be discussed next.

Figure 2.5.2.1. True, measured, and calculated system response, and definition of resid-ual,measurementandmodelingerror. It is very important to appreciate the difference between systematic and random compo-nents. Because it is usually not possible or relevant to identify whether a deviation betweenthesimulationresultandthedataisattributabletoanerrorinthedataoramodelingerror,wedisregard the source of an error and only distinguish between its systematic and randomcomponents.Thesystematicerrorintheresidualsisdenotedby

b” b^d +b^m

, and the randompart is termed

e ” ed + em

. Note that in most cases, systematic errors from an incompletemodel description outweigh the systematic measurement errors, i.e.,

bm >> bd

, whereasrandom modeling errors such as round-off errors or numerical oscillations are usually smallcompared with the random errors in the data, i.e.,

em<< ed

Systematic and random components and their relation to the functional and stochasticmodel, respectively, are illustrated for the ideal case (i.e., no systematic errors) in Table2.5.2.1, and for the nonideal case in Table 2.5.2.2.Under ideal conditions, systematic errors are absent, i.e.,

b=0

. As mentioned above,the systematic component of the observed system behavior is identical with the true systembehavior, which is presumably identified by accurate modeling of the physics of the flowproblem. The systematic component is then represented by the functional model, whichincludes the conceptual model and its application to the conditions under which the data havebeen collected. In the absence of systematic modeling or measurement errors, the true systemresponse is asymptotically identified, and the distribution of the final residuals is consistentwith that of the measurement errors as described by the stochastic model. Note that sinceonly one, finite set of noisy data is available for calibration, the estimated parameters remainuncertain. Nevertheless, this uncertainty can be estimated (see Section 2.7.4).

iTOUGH2 USER�S GUIDE25THEORYTable 2.5.2.1. Systematic and Random Components Under Ideal Conditionsdata

z*

true response

z̃

measurement error

ed

identified partsystematic componentsmoothconceptualfunctional modelTOUGH2 resultunidentified partrandom componentdistributionalstochastic model

Czz =s 02� Vzz

calibration point

z*

calculated response

z(p̂ )

residual

r(p̂)

Table 2.5.2.2. Systematic and Random Components Under Non-Ideal Conditionscalibrationpoint

z*

calculated response ||

z̃ + Xbf �b + Xef �e

true behavior + systematic errors+ random errorsresidual ||

Xbs �b+Xes�e

systematic error + random error X b

f Systematic error explained by functional model

Xbs = (1 - X bf )

Systematic error to be explained by statistical model

Xes

Random error to be explained by statistical model

Xef =( 1- Xes)

Random error explained by functional model

Table 2.5.2.2 shows the nonideal case. Systematic measurement errors, inconsistenciesbetween the observed and modeled variables (see discussion in Section 2.4), and modelingerrors almost always lead to a sizable systematic error component. In these cases, our hopeis that

Xbf

is small, pushing the systematic errors into the residuals, where they can be readilyidentified. Unfortunately, the size of

is not known. It depends on the nature of thesystematic error as compared to that of the observed system behavior. Large random errors(e.g., outliers) may also bias the inversion. Again, we hope that

is small and the outlierscan be identified in the residual analysis and eliminated. The Fisher model test (see Section2.8.3) is a global check to see whether the distribution of the final residuals is consistent withthe distributional assumption of the stochastic model, potentially identifying flaws in eitherthe stochastic or the functional model.

iTOUGH2 USER�S GUIDE26THEORYThe critical point to realize is that the observed system response is not separated into atrue component and an error component, but into a systematic part (modeled by the processsimulator TOUGH2), and a random part (described by the stochastic model). The functionalmodel will try to explain not only the (true) systematic component of the system behavior, butalso any systematic error in the data or the model; the remaining difference�the finalresidual�is considered a random component to be analyzed statistically. As a result, theestimated parameter set

p̂

may not be an unbiased estimate of the true parameter set

p̃

, andthe model prediction will not closely reproduce the true system behavior

z̃

. Furthermore, theassumption of randomness in the final residuals, which underlies the a˚posteriori erroranalysis, is violated, leading to problematic uncertainty estimates. A careful residual analysisas discussed in Section 2.8.5 may help identify systematic components in the final residualsas well as outliers that do not conform with the distributional assumption.We conclude that systematic errors must be removed from both the data and the model, sothat the final residuals only contain random components that can be described by the stochas-tic model. The calculated system response,

z(p̂ )

, is close to the true system behavior only if

Xbf

,

Xes

, and

b

are sufficiently small, making

a good estimate of the true parameter set.SUMMARYThe stochastic model describes the random component of the system response, which isnot identified by the functional model.

iTOUGH2 USER�S GUIDE27THEORY2.5.3Observation covariance matrixIn the previous section we saw that the unexplained parts of the system response cannotbe described individually, but must be treated by means of a stochastic model, assuming thatthe residuals are random and follow a certain distribution. Furthermore, the distribution ofthe final residuals is supposed to be consistent with the distribution of the measurementerrors, assuming that the true system response is correctly identified by the model.A reasonable assumption about the measurement errors is that they are uncorrelated,normally distributed random variables with zero mean. The a˚posteriori residual analysiswill have to show that this assumption is justified. The a˚priori distributional assumptionabout the residuals can therefore be summarized in a covariance matrix

Czz

. is an

m· m

diagonal matrix. The

j

th diagonal element is the variance that represents the measurementerror of observation

zj *

Czz= s z12 0 0 0 L 00 s zi2 0 0 L 00 0 s zn2 0 L 00 0 0 s z j2 L 0M M M M O M0 0 0 0 L s zm2ØºŒ øßœ

(2.5.3.1)The purposes and interpretations of the elements of

are manifold:They scale data of different quality, i.e., an accurate measurement obtains a higher weightin the inversion than a poor or highly uncertain measurement.They scale observations of different types. For example, flow rates and pressures havedifferent units and their values differ by many orders of magnitude. They need to bescaled appropriately to be comparable in a formalized parameter estimation procedure.They weigh the fitting error.

is the stochastic model for maximum-likelihood estimation for normally distributedresiduals.One should realize that only the ratios

s zi2 s zj2

are important for parameter estimation,i.e., the estimated parameter set

p̂

is not affected by a linear scaling of the covariance matrix.We can therefore introduce a factor

s 02

and write

Czz= s 02 �Vzz

(2.5.3.2)where

Vzz

is a positive definite matrix. The scalar

is termed the a˚priori error variance.It can be interpreted as the variance of a dimensionless error of size one. In iTOUGH2, a

iTOUGH2 USER�S GUIDE28THEORYdifferent scalar is internally used for each observation type, which allows iterative updating oftheir relative weights (see Section 2.8.3). However, since

s 02

can assume any positivevalue, it is convenient to set it to 1.0 and work with the actual covariance matrix

Czz

than

Vzz

. After an inversion, the a˚posteriori or estimated error variance

s02

is calculated. Ifthe assumption about the overall size of the measurement errors was correct, and if the truesystem behavior is correctly identified, then the ratio

s02 s 02

from 1.0 (for details about the Fisher model test, see Section 2.8.3).SUMMARYThe observation covariance matrix

contains the a˚priori assumption about the vari-ances of the final residuals. The elements of should be based on the assumed size of themeasurement errors. Matrix

Vzz- 1

will be used to weigh each residual during the inversion.The estimated error variance should be consistent with the a˚priori error variance

s 02

EXAMPLESThe accuracy of a certain pressure transducer may be given to be 5000 Pa. The square ofthis value could be directly used in

to reflect the assumed measurement error. However,there are likely to be other random components in the residuals, as a result, for example, ofunmodeled variabilities in the formation properties, which affect the measured pressures, butare not represented in the model. The standard deviation of the final residuals is thereforeexpected to be larger.The standard deviation assigned to an individual data point reflects its variability, assum-ing the same observations were repeated many times. In most cases, however, only onemeasurement is available for each calibration point, i.e., it is usually not possible to estimatethe standard deviation from a statistical analysis of a large number of measurements made atthat point. Instead of looking at the variability of many realizations at a single calibrationpoint, one is often forced to estimate the standard deviation based on the variability of onerealization (the measured data) at many calibration points. In practice, one draws a fitting linethrough the data points (similar to the one shown in Figure 2.5.2.1) and estimates thestandard deviation from the scattering of the data about this line. Keep in mind that thestandard deviation may depend on the magnitude of the observed value itself, in which case itshould be specified as a percentage of the measured value.Prior information as well as the weighting of certain data points (e.g., integratedmeasures or steady-state data points used in combination with transient data points) requirespecial considerations. The relative weight given to prior information or a single steady-statedata point depends on the number of calibration points assigned to other observations. It istherefore best to think of the purpose of

Czz-1

as a weighting matrix. If a single steady-statedata point should receive a weight comparable to that of, for example, one hundred transientdata points, then the standard deviation of the steady-state data point should be taken to be1% of the actual measurement uncertainty (see also Finsterle [1999c; Problem 5]).

iTOUGH2 USER�S GUIDE29THEORYRELATED iTOUGH2 COMMANDSThe diagonal elements of matrix

Czz

are specified using one of the following commandsin block >˚OBSERVATIONS>>>>˚DEVIATION, >>>>˚VARIANCE, >>>>˚WEIGHT, >>>> RELATIVE, and>>>>˚AUTO. The units of the standard deviations specified in iTOUGH2 must be identicalto those of the corresponding data set, i.e., the standard deviations are internally multipliedby the factor specified using command >>>>˚FACTOR˚(o), which converts the units ofthe data to standard TOUGH2 units. If calibration occurs against the logarithm of theobserved data (see command >>>>˚LOGARITHM (o)), the standard deviations must alsorefer to the logarithm.The first

n

diagonal elements are used to weigh prior information about the parameters,and are specified through one of the following commands in block >˚PARAMETERS:>>>>˚DEVIATION >>>>˚VARIANCE, or >>>>˚WEIGHT. If prior information shallnot be weighted in the inversion, command >>>>˚VARIATION should be used instead todescribe a typical parameter variation.Command >>>˚TAU allows iterative adjustment of the relative weights between obser-vations of different types by updating the internally generated a priori error variances (seeSection 2.8.3).

iTOUGH2 USER�S GUIDE30THEORY2.6Objective Function2.6.1The norm as a measure of misfitThe purpose of the objective function is to provide an integral measure of misfit betweenthe model and the data, i.e., a parameter set that reduces the value of the objective function isconsidered superior to those with higher values because it improves the fit according to thecriterion embedded in the objective function. The best-estimate parameter set is the one thatminimizes the objective function. It is the topology of the objective function near the mini-mum that determines the uncertainty of the estimates and the correlation structure. The objec-tive function may be convex or exhibit multiple local minima; it may be close to quadratic orhighly nonlinear in nature; it may be continuous, differentiable, and smooth, or discontinu-ous, not differentiable, and rough. All these properties affect the choice and efficiency of theminimization algorithm, and�more importantly�the quality of the solution, its stability, andthe degree to which the inverse problem is well posed.The objective function is also termed performance measure, penalty function, energyfunction, cost function, misfit criterion, etc.The question of how to identify the minimum of the objective function is addressed inSection 2.7, where various minimization algorithms will be discussed. Note that even if theglobal minimum of the objective function is identified, this does not necessarily mean that thefit is acceptable. This question is discussed in Section 2.8.There are many ways to measure the difference between the observed and calculatedsystem response. In the standard procedure of trial and error calibration, the simulationresults and data are plotted, and a rather subjective judgment is made as to how well themodel output matches the data. A more objective way is to calculate a norm of the residualvector:

rp= rii=1m� p�Ł� �ł� 1p

(2.6.1.1)The most commonly used norms are the

L1

-norm, the

L2

- or Euclidean norm, and the

L¥

-norm, corresponding to the

-estimator, the Least Squares estimator, and the Minmaxestimator, respectively. The choice of an appropriate objective function should be based onthe properties of the residuals themselves. The maximum likelihood approach discussed inSection 2.6.3 takes the distributional assumption about the measurement errors as a basis forchoosing the objective function. The central limit theorem leads to the assumption that theresiduals are normally distributed, making least squares�discussed in Section 2.6.4�areasonable choice. The normality assumption is also made to facilitate statistical analysis ofresults. Least squares is used almost exclusively in groundwater inverse modeling[McLaughlin and Townley, 1996] and many other fields. However, the distribution of theresiduals often deviates from being Gaussian. For example, the presence of outliers in the

iTOUGH2 USER�S GUIDE31THEORYdata or systematic modeling errors lead to non-symmetric distributions, which often exhibitstronger tails than those predicted by the normal distribution. For these cases, alternativeobjective functions may be more appropriate to avoid biased estimates. These so-calledrobust estimators are discussed in Section 2.6.52.6.2Properties of the objective functionThe objective function is a hypersurface in the

n

-dimensional parameter space. Theglobal minimum represents the best-estimate parameter set. Figure 2.6.2.1 is a visualizationof the objective function for

n= 2

. For a nonlinear model, the topography of the objectivefunction may exhibit a global minimum, multiple local minima, inflection points, stationarypoints, ridge lines, ledges, etc. However, since the standard objective function is a sum ofsquares (see Section 2.6.4), the objective function near the global minimum is close toparabolic with elliptical contour lines. The second-order methods for identifying the mini-mum (see Section 2.7) take advantage of this specific property of the objective function. Alinear model yields a parabolic objective function, the minimum of which is easy to identify.In the nonlinear case, the topography away from the minimum becomes intricate, making itdifficult for the optimization algorithm to iteratively proceed towards the minimum.Moreover, an ill-posed inverse problem leads to level plains, long narrow valleys, or ridgelines, at which the minimum is poorly defined, if at all. In fact, it is the topology of theobjective function that indicates whether an inverse problem is well-posed or ill-posed. Forexample, multiple parameter combinations with

S

values close to that obtained at the globalminimum indicate nonuniqueness. (The presence of local minima does not constitutenonuniqueness.) Furthermore, the estimation uncertainty is related to the convexity of theobjective function near the minimum. (This will be discussed in detail in Section 2.8.)Assuming a continuous objective function that is twice differentiable, the gradient is zero atthe minimum and the Hessian matrix is positive definite.

Figure 2.6.2.1. Objective function in two-dimensional parameter space.

iTOUGH2 USER�S GUIDE32THEORY2.6.3Maximum likelihoodLet

p

be the parameter vector of length

n

. More precisely,

p

is a hypothesis regardingthe values of the deterministic, albeit uncertain model parameters. As before,

z

is the obser-vation vector of length

m

. The probability density function (PDF),

F( z; p)

, is defined as theprobability (Pr) of observing the data

z*

if

p

were true:

F( z; p) = Pr z = z * p( )

. Note that

p

is unknown, nevertheless deterministic. If the observations are independent random vari-ables, the joint PDF is given by the product of the probabilities of the individual observations:

F( z; p ) = F ( z i;p)i = 1m�

(2.6.3.1)From a different perspective, this equation may be seen as describing the likelihood of

pzi *

is fixed. This is termed the likelihood function

F(z; p ) � L (p ; z *)

(2.6.3.2)For each parameter set

p

, the likelihood function

L(p;z*)

gives the probability ofobserving

. Thus we can think of

L(p;z* )

as a measure of how likely

p

is to haveproduced the observed data

. In other words, the likelihood function quantifies the degreeto which the data support a given hypothesis regarding the model parameters. The method ofmaximum likelihood consists of finding the parameter set that is most likely to have producedthe data.The maximum likelihood approach is discussed for the normal distribution in the follow-ing section, leading to the least squares estimator. Other estimators, such as the

L1

- orCauchy estimators presented in Section 2.6.5, may also be derived from maximum likelihoodconsiderations (see also Larsen and Marx [1986]).2.6.4Least squaresUnder certain circumstances it is reasonable to assume that the measurement errors

(z* -z̃ )

are normally distributed with mean

E[(z*- z̃ )] = 0

and covariance matrix

E[(z *- z̃ )(z * - z̃ )T ] = C zz

. This assumption is only valid if sufficient data points exist, inwhich case the maximum likelihood estimator becomes consistent and asymptotically effi-cient, leading to unbiased and normally distributed estimates. Deviations from these assump-tions are discussed in Section 2.6.5. The likelihood function for normally distributed errorscan be written in its multivariate form as

L(p;z *) = (2 p ) -m 2 C zz-12exp - 12 (z * - ~z)T C zz- 1(z * - z̃ )[ ]

(2.6.4.1)In order to determine the maximum of Equation (2.6.4.1), it is generally easier to mini-mize the negative log-likelihood or support criterion:

G=-2ln[L (p ; z *)]

(2.6.4.2)

iTOUGH2 USER�S GUIDE33THEORYThe log-likelihood criteria from independent data sets can simply be summed up to obtain thelog-likelihood of all the data used in an inversion. The negative log-likelihood function fornormally distributed errors is given by

G= m� ln ( 2 p ) +lnC zz + ( z * -z̃ )T Czz- 1( z*- z̃ )[ ]

(2.6.4.3)where the second term on the right-hand side could be expanded to include separate terms forthe error variance

s 02

and matrix

Vzz

, and the last term could be written as a sum of thecontributions from different, independent data sets, such as pressures, flow rates, priorinformation, etc. The first term is a constant.If the stochastic model�the covariance matrix

Czz

�is assumed to be known and fixed,minimizing Equation (2.6.4.3) is equivalent to minimizing the Gauss-Markov objective func-tion

S= (z * - z ( p ))T C zz- 1 ( z * - z ( p ) )

(2.6.4.4a)Note that the vector of the true system behavior,

z̃

, was replaced with the vector holding themodel results,

z(p )

, which depend on the parameter vector

p

. Since

(z *- z(p)) = r

, and

is a diagonal matrix, the objective function

S

is the sum of the squared residuals,weighted by the inverse of the prior variances

s i2S

= ri2s zi2

i= 1m�

(2.6.4.4b)SUMMARYIf the residuals are normally distributed, minimizing the weighted least squares objectivefunction leads to maximum likelihood estimates.

iTOUGH2 USER�S GUIDE34THEORY2.6.5Robust estimatorsUsing the definitions introduced in Section 2.5.2, the classical assumption underlyingleast-squares estimation can be described as follows: (1) the random errors

e

are indepen-dent, (2) they are normally distributed with mean zero and variance

s z2

, and (3) there are nosystematic errors, i.e.,

b= 0

. In many hydrogeologic applications, these assumptions areunlikely to be satisfied. The consequences of making inappropriate assumptions about theresiduals are discussed in this section, and the concept of robust estimation is introduced andcritically reviewed.There are two types of violations of the standard assumption. The first considers randomerrors that do not follow a Gaussian distribution. This might occur if the error distribution iscontaminated by a few large outliers. Since the number of data points used in an inversion isfinite, even a small number of deviate points causes the least-squares fit to be distorted, lead-ing to parameter estimates with low precision. A similar effect occurs if the error distributionis heavy-tailed, for example, if a Gaussian distribution is contaminated by a large number ofrelatively small outliers.The second type of violation occurs in the presence of systematic errors that usually leadto an asymmetric distribution of the residuals. If certain portions of the data exhibit asystematic error, the corresponding residuals are likely to become deviate points. If a certainsystematic error affects a single point used for calibration, it cannot be determined whetherthe large residual stems from a systematic error or is an outlier as a result of a randomprocess; such a distinction is also insignificant. If multiple calibration points are affected bythe same systematic error source, the corresponding residuals are strongly correlated and tendto have the same sign over a certain interval in space and time. The ensemble of residualscontaminated with systematic errors, however, can be viewed as one or several outlier points.The interpretation of systematic errors as equivalent, usually large outliers is the main reason-ing for subjecting them to robust estimation methods. But it is obvious that if the entire dataset or model is flawed, such errors cannot be mitigated by using robust estimators.Systematic errors may be local both in time and space. For example, inconsistent initialor boundary conditions often result in systematic deviations between the data and the modelprediction at early or late times during a transient experiment, leading to errors in a specifictime segment. Similarly, a data set from a sensor that is either defective or placed in a unitthat is poorly represented in the model leads to erroneous residuals at a specific point inspace, again corrupting the inversion. Note that these types of systematic errors may notappear as obvious outliers and are therefore difficult to identify.Before we introduce the robust estimators, we would like to emphasize that the maineffort in estimating parameters by inverse modeling should be placed on avoiding systematicerrors and minimizing random errors. The robust estimators presented here do not exemptthe experimentalist and/or modeler from a comprehensive test design, careful execution of theexperiment, accurate model development, and conscientious analysis of the inverse modelingresults. However, systematic errors in the conceptual model and non-Gaussian random

iTOUGH2 USER�S GUIDE35THEORYerrors in the data are inherent in inverse modeling, and the problems associated withsystematic errors seem to be accentuated rather than alleviated by the use of the standard least-squares estimator.An overview of robust statistical procedures with mathematically rigorous definitions oftheir underlying concepts can be found in Huber [1981, 1996]. Here, we follow a moreintuitive approach and introduce the robust estimators by discussing their common propertyof reducing the weight of deviate points.As a generalization of Equation (2.6.4.4), fitting a model to data for parameter estimationcan be formulated as a minimization problem of the form [Haining, 1990]minimize

S= w( yii=1m� ; p )

(2.6.5.1)Here,

w

is an arbitrary loss function, which is a function of the weighted residuals

yi = zi *- zi(p)s zi

(2.6.5.2)where

s zi

is the measurement error. At the minimum of

S

, the derivatives of the objectivefunction (2.6.5.1) with respect to the parameters

pj

vanish

1s zii=1m� y ¶yi¶pj = 0 j = 1,K ,n

(2.6.5.3)where the function

y

is defined as the derivative of the loss function,

y ”¶w /¶y

The choice of the arbitrary loss function

w

can be based on probabilistic considerations(as discussed in Section 2.6.3), with

w

being the negative logarithm of the probabilitydensity function. When adopting this viewpoint, the parameters

p=p̂

of a model

y(p)

minimize Equation (2.6.5.1) are the maximum-likelihood estimates for

p

. As outlined inSection 2.6.4 for normally distributed errors, the loss function can be directly derived fromthe Gaussian distribution to be

w(y) = (1 /2)y2

and

y (y)= y

. Note that the

y

functionserves as a weighting function in Equation (2.6.5.3). For example, least squares assignsgreater weights to increasingly deviant points, reflecting the assumption that outliers are veryunlikely according to the normal distribution. Consequently, if we suppose that the weightedresiduals follow a distribution with a longer tail, that is, with a somewhat larger probability ofencountering points removed from the central region, we should choose a

y

function thatyields decreasing relative weights for deviant points. It is expected that reducing the weightof outliers makes the estimator more robust.

iTOUGH2 USER�S GUIDE36THEORYMany functions with the desired properties have been proposed in the literature (seeAndrews et al. [1972], Press et al. [1992]). Some are maximum-likelihood estimators forknown error distributions, whereas others do not correspond to a standard probability densityfunction. Five estimators are implemented into iTOUGH2. They include (1) Least Squares(LS), (2) Least Absolute Residual (LAR) or

L1

-estimator, (3) the maximum-likelihoodestimator for measurement errors following a Cauchy distribution, (4) one of the robust esti-mators proposed by Huber, and (5) the Andrews estimator. Their functional forms�

c

is auser-specified parameter�are summarized in Table 2.6.5.1. The loss function

w( y)

of thefive estimators is shown in Figure 2.6.5.1.Note that for the Andrews estimator, observations with weighted residuals larger than

cp

are considered to be true outliers and are not counted at all in the estimation of the parameters.This property may lead to difficulties when using the Andrews estimator in a nonlinearoptimization problem where the initial guess

p0

is far away from the best estimate, in whichcase the initial residuals are too large. As a consequence, the gradient of the objective func-tion becomes unstable, making it difficult for the minimization algorithm to converge. It istherefore suggested to first perform a standard least-squares fit before switching to theAndrews estimator. The five estimators are compared in a study by Finsterle and Najita[1998].Table 2.6.5.1. Estimator, Underlying Distribution, Loss Function, and

y

FunctionEstimator,DistributionLoss Function

wy

Function w = 1

2 y 2 y =y

L1-estimator,Doubleexponential

w =| y|_{y =} 1 - 1{_{for}

y > 0

y < 0

Cauchy,Cauchy

w =log 1+ 1

2 y 2 ( ) y = y

1 + 1

2 y

2

Huber (quadratic-linear)

w =^y

2_2

c y - c

2_2 �

� �

� � for | y|£ c|_{y |} >cy = -cy_c�_� for y < - c| y |£ c_{y > c}

Andrews,

w =^1

-cos(y/ c )

2{ for|y |£c p|y| > c py =sin(y / c )0{ for |y | £ c p|y| >cp

No standard probability distribution available iTOUGH2 USER�S GUIDE37THEORY

-4-3-2-101234 01 2^{34}

LeastSquares

CauchyEstimator

AndrewsEstimator

HuberEstimator

L1-Estimator w(yi) yi=(zi*-zi)/s iFigure 2.6.5.1. Loss function

w

of five estimators as a function of the weighted residual.SUMMARYErrors in either the data or the numerical model used for the inversion usually exhibit anon-Gaussian distribution. While the standard error of the residuals is by definition smallestwhen using least squares, robust estimators are less affected by the presence of randomerrors following a heavy-tailed distribution or by systematic modeling errors, leading to moreconsistent and less biased estimates. The robust estimators only perform better for a specifictype of systematic errors, and the errors must be contained within a limited portion of thedata. Systematic errors and outliers should be eliminated whenever possible.RELATED iTOUGH2 COMMANDSThe following commands can be used to select the objective function:>>>˚LEAST-SQUARES (default), >>>˚ANDREWS, >>>˚CAUCHY>>>˚L1ESTIMATOR, and >>>˚QUADRATIC-LINEAR

iTOUGH2 USER�S GUIDE38THEORY2.7Minimization Algorithm2.7.1ClassificationThe purpose of the minimization algorithm is to find the minimum of the objective func-tion by iteratively updating the parameters of the model. The objective function is a globalmeasure of misfit between the data and the corresponding model output. Since the modeloutput

z( p )

depends on the parameters, the fit can be improved by changing the elements ofthe parameter vector

p

. The search for the minimum occurs in the

n

-dimensional parameterspace. A number of strategies were developed to find parameter combinations that reduce thevalue of the objective function. The available methods are often classified based on criteriasuch as the mathematical form of the constraints imposed, the method of regularization, thesolution method for obtaining orthogonal matrices, etc. [Jacoby et al., 1972; Gill et al.1981; Bj�rck, 1996]. We classify the methods according to whether they are based on asequence of forward simulations only, or whether they require calculation of the gradient orsecond-order derivatives. With the exception of Simulated Annealing, all methods describedbelow identify only a local minimum near the starting point.Non-Derivative MethodsIn these methods, the model is evaluated for different parametercombinations, mapping out the objective function in the

n

-dimensional parameter space.They are also referred to as Function Comparison Methods. Because no derivatives of theobjective function with respect to the parameters must be calculated, these methods are notrestricted to smooth models. However, they usually require many trial simulations and aretherefore inefficient. Examples of such direct search methods include:Trial and errorGrid searchDownhill SimplexSimulated AnnealingGenetic algorithmsGradient-Based MethodsThese methods require calculating the gradient of the objectivefunction with respect to the parameter vector. Updating the parameter vector in small stepsalong the search direction determined by the gradient is a robust, albeit inefficient, procedure.Various modifications of this basic scheme have been proposed. Their main difference lies inthe choice of an appropriate step length. Efficient ways of calculating the gradient have beendescribed in the literature [Carrera and Neuman, 1986b;Sun and Yeh, 1990;Vasco and Datta-Gupta1999]. Examples of gradient-based methods include:Steepest descentQuasi-Newton methodsConjugate gradient methodsMethod of Fletcher-ReevesMethod of BroydenMethod of Fletcher-Powell-Davidon

iTOUGH2 USER�S GUIDE39THEORYSecond Derivative MethodsThese methods are based on the Hessian matrix or variousapproximations thereof (quasi-linearization). They perform well for nearly linear least-squares problems. The computational cost for calculating the second derivatives is usuallycompensated by an efficient stepping in the parameter space. Examples of second-ordermethods include:Newton methodGauss-Newton methodLevenberg-MarquardtEach of these methods has its advantages and disadvantages. The choice of an appropri-ate method largely depends on the presumed properties of the objective function. The follow-ing algorithms are implemented into iTOUGH2Gauss-NewtonLevenberg-MarquardtDownhill SimplexSimulated AnnealingGrid SearchThe Levenberg-Marquardt minimization algorithm (see Section 2.7.3) was found toperform well for most iTOUGH2 applications. It is a modification of the Gauss-Newtonalgorithm for nonlinear least-squares optimization, which will be described first in Section2.7.2. The Downhill Simplex method (Section 2.7.4) does not require the calculation ofderivatives; its convergence rate, however, is usually slow. Simulated Annealing, describedin Section 2.7.5, has the advantage of being able to escape local minima, but requires manysolutions of the forward problem. Simply evaluating parameter combinations over the entirerange of possible values (Grid Search, see Section 2.7.6) provides the database for acomplete mapping of the objective function in the parameter space. However, this method iscomputationally prohibitive for most applications, and is used mostly for illustrative purposes(see, for example, Finsterle and Faybishenko [1999]). A comparison of all minimizationalgorithms can be found in Section 2.7.9 as well as Finsterle [1999c; Problem 4].All methods presented here are iterative, i.e., they start with an initial parameter set, andan update vector is calculated at each iteration. A step is successful if the new parameter set atiteration

(k+ 1)pk+1= pk +D pk

(2.7.1.1)leads to a reduction in the objective function, i.e.

Spk+1( ) < S p k( )

(2.7.1.2)algorithms discussed in Sections 2.7.3 through 2.7.6 differ in the way they calculate

Dpk

. We first introduce in Section 2.7.2 the gradient, Jacobian, and Hessian matrices asbasic elements of Newton�s method, before we discuss the Gauss-Newton and Levenberg-

iTOUGH2 USER�S GUIDE40THEORYMarquardt algorithms, which are both specific cases of the Newton method. The DownhillSimplex method and Simulated Annealing are described in Sections 2.7.5 and 2.7.6, respec-tively.2.7.2Gradient, Jacobian, and Hessian matrixThe Gauss-Newton and Levenberg-Marquardt algorithms belong to a class of methodsthat are based on a quadratic approximation of the objective function, in contrast to the linearassumption in steepest-descent methods. If first and second derivatives of

S

are available, aquadratic model of the objective function can be obtained from the first three terms of theTaylor-series expansion:

Sp k+ 1( ) » S pk( ) + g kT D p k + 12 D p kT H k Dpk

(2.7.2.1)The minimum of the right-hand side of (2.7.2.1) is achieved if

Dpk

minimizes the quadraticfunction

FDp( )= g kTDp + 12 Dp TH kD p

(2.7.2.2)Here,

gk

is the gradient vector and

Hk

is the Hessian matrix. For the least-squares objectivefunction (2.6.4.4) or approximations thereof, the gradient vector has elements

gj = 2 ris zi2 ¶r i¶pji=1m� j = 1, K , n

(2.7.2.3)Defining the Jacobian matrix as

J=- ¶r¶p = ¶z¶p = ¶z 1¶p1 L ¶z1¶p nM M¶z m¶p1 L ¶zm¶p nØºŒ øßœ

(2.7.2.4)the gradient vector at iteration

k

can be written as

gk= - 2JkTC zz- 1rk

(2.7.2.5)The Hessian

H

is an

n·n

matrix with the second partial derivatives of the objective func-tion. For least squares, the Hessian can be written as

Hk= 2 J kTCzz-1J k+ riGii = 1m�Ł� �ł�

(2.7.2.6)

iTOUGH2 USER�S GUIDE41THEORYwhere

Gi = � 2 ri s zi

is the Hessian of the weighted residuals. Denoting the sum in Equation(2.7.2.6) with

B

, it becomes obvious that the Hessian of a least-squares objective functionconsists of a special combination of first- and second-order information:

Hk = 2 J kT Czz- 1 J k + B( )

(2.7.2.7)Note that

B

is zero if the model is linear, and becomes significant only for highly nonlinearmodels and if the residuals are large, as is the case far away from the minimum and withnoisy data. Also note that the positive and negative residuals in

B

do not cancel one another,i.e., the Hessian is not necessarily a positive-definite matrix.At the minimum of Equation (2.7.2.2),

Dp k

satisfies the linear system

HkDp k = - g k

(2.7.2.8)Combining Equations (2.7.2.5), (2.7.2.7) and (2.7.2.8) yields Newton�s method:

Dpk = J kTC zz- 1 J k + B( )- 1 J kT Czz- 1 r k

(2.7.2.9)The various iterative solutions to the nonlinear least-squares problem are based on differ-ent approximations to the Hessian, as discussed in the following two sections.There are several methods for calculating the elements of the Jacobian matrix, i.e., thesensitivity coefficients, including (1) the Influence Coefficient or Perturbation Method, (2)the Sensitivity Equation or Direct Derivative Method, and (3) the Variational Method Yeh1986; Carrera, 1988]. In iTOUGH2, the Jacobian matrix (2.7.2.4) is evaluated numericallyusing the Perturbation Method with either forward or centered finite differences:

Jij = ¶zi¶pj » z i(p; pj +dp j) - z i(p )dp j

(2.7.2.10a)centered

Jij = ¶zi¶pj » z i(p;pj +dp j) - z i(p ; p j - dp j)2 dp j

(2.7.2.10b)Here,

dpj

is a small perturbation of parameter

j

, usually given as a fraction

a

of theparameter value,

dpj = a �p j

. Note that calculating a forward finite-difference approximationof the Jacobian requires

(n+ 1)

TOUGH2 simulations. Centered finite differences are moreaccurate, but require

(2n +1 )

forward runs. High accuracy is usually not required by theminimization algorithm, but may be desirable for the error analysis.RELATED iTOUGH2 COMMANDSThe evaluation of the Jacobian matrix is governed by the subcommands of command>>˚JACOBIAN

iTOUGH2 USER�S GUIDE42THEORY2.7.3The Gauss-Newton methodThe Gauss-Newton method is based on the premise that the first-order term

(J TC zz- 1 J)

ofthe Hessian dominates relative to the second-order term

B

. This assumption is justified forlinear and mildly nonlinear problems and for nonlinear problems near the solution, where theresiduals are expected to be small, i.e., when the objective function is sufficiently smallerthan the eigenvalues of

(J TC zz- 1 J )

In the Gauss-Newton method, the Hessian is approximated by setting

B

to zero, whichensures that matrix

H

in Equation (2.7.2.8) is positive definite. This is equivalent to approx-imating the actual objective function by a quadratic function as illustrated for one and twoparameters in Figure 2.7.3.1. The Gauss-Newton direction is given by

Dp k = J kT C zz-1J k( )- 1J kTC zz- 1r k

(2.7.3.1)which is the solution of the linear least-squares problem. For nonlinear models, the parame-ter vector is updated, and a new Gauss-Newton direction is calculated. The procedure issummarized in Table 2.7.3.1.Table 2.7.3.1. Gauss-Newton Minimization Algorithm Step 1:Initialization:

- Set iteration index

k= 0

- Define initial parameter set

pk=0 = p 0

(usually

p0= p*

). Step 2:Run simulation model with parameter vector

pk

Step 3:Evaluate

r(p k)

,

S(p k)

, and

J(p k)

Step 4:Calculate parameter update:

Dpk= J kTC zz- 1 J k( )- 1 JkTC zz- 1 r k

Step 5:Update parameter vector:

pk+1= pk + D p k

Step 6:Perform simulation and evaluate

S(pk+ 1)

Step 7:Evaluate convergence criteria (see Section 2.7.8).

If converged, go to Step 8, else set

k=k +1

Step 8:Minimization terminated. Proceed with residual and uncertainty analysis.

iTOUGH2 USER�S GUIDE43THEORY

Figure 2.7.3.1. Objective function of a linearized least-squares problem as a function ofone parameter (top), and two parameters (bottom).The Gauss-Newton method is efficient if the initial guess is close to the minimum and/orthe model is nearly linear, i.e., if

(JTCzz-1 J )

is a good approximation of the Hessian.However, if the model is highly nonlinear, the parameter update calculated by Equation(2.7.3.1) can be too large, leading to an inefficient or even unsuccessful step in which thevalue of the objective function is increased rather than decreased.RELATED iTOUGH2 COMMANDSThe Gauss-Newton algorithm is invoked by command >>>˚GAUSS-NEWTON. Thissets the Levenberg parameter (see Section 2.7.4) to zero and skips the control runs andupdating of the Levenberg parameter.

iTOUGH2 USER�S GUIDE44THEORY2.7.4The Levenberg-Marquardt methodFor strongly nonlinear models, if the parameter vector

pk

is far away from the optimumparameter set, the Hessian is not necessarily a positive-definite matrix, and the approximation

(J T C zz- 1J )

used by the Gauss-Newton method may not lead to an efficient or successful step.In the Levenberg-Marquardt method, the approximation to the Hessian is made positivedefinite by replacing

B

in Equation (2.7.2.7) with an

n· n

diagonal matrix

l k DkD

p k = J kTC zz- 1J k + l k Dk

( )- 1JkTC zz- 1r k

(2.7.4.1)The scalar

l

is the so-called Levenberg parameter [Levenberg, 1944], and the elements ofmatrix

Dk

are given by

Djj = ( J kTC zz- 1 J k ) jj

,

j= 1,K , n

. If

l k

is zero,

Dp k

is identical withthe Gauss-Newton step; as

l k fi ¥

, the approximation of the Hessian becomes diagonallydominant. Consequently, becomes parallel to the steepest-descent direction, and thestep length approaches zero. After each iteration, the Levenberg parameter is either increasedor decreased following a scheme proposed by Marquardt [1963] (see Table 2.7.4.1). Faraway from the minimum, i.e., during the first few iterations, a relatively large value of

ischosen, leading to small steps along the gradient of the objective function. Stepping alongthe steepest-descent direction is a robust strategy, ensuring that

S(pk+ 1) < S(p k )

for suffi-ciently large

l k

. However, the step length

Dpk 2

may be very small and minimizationbecomes inefficient. Therefore,

is decreased by a factor of

1/ n

after each successfulstep, where

n > 1

is the so-called Marquardt parameter. With decreasing ,

Dpk

approaches the Gauss-Newton step with its quadratic convergence rate. If an unsuccessfulstep is proposed, i.e., the objective function is increased,

is increased by

n

Figure 2.7.4.1 shows the contours of

(JkTCzz-1Jk)

, which is the quadratic approximation

at iteration

. The curved line connecting

p*

with the center of the ellipse indicates thepossible end points of Levenberg-Marquardt steps

Dpk(l )

as a function of

l

The Levenberg-Marquardt method can be viewed as a flexible combination of the robust-ness of a steepest-descent method and the efficiency of a second-order Gauss-Newtonmethod. While standard first-derivative methods require a strategy to estimate the length ofthe step to be taken along the gradient, the Levenberg-Marquardt algorithm takes this infor-mation from the curvature matrix

(JkTCzz-1 Jk )

, and uses it to increase the efficiency as theminimum is approached. The Marquardt scheme of adapting the search direction and steplength provides the flexibility needed for the minimization of objective functions with acomplex topography.RELATED iTOUGH2 COMMANDSThe Levenberg-Marquardt method is the default minimization algorithm in can be explicitly selected using command >>>˚LEVENBERG-MARQUARDT. The initialvalue of the Levenberg parameter (default:

l 0= 10- 3

) and the Marquardt parameter (default:

n =10

) are selected using commands >>>˚LEVENBERG and >>>˚MARQUARDT

iTOUGH2 USER�S GUIDE45THEORYTable 2.7.4.1. Levenberg-Marquardt Minimization Algorithm Step 1:Initialization:

- Set iteration index

k= 0

- Define initial Levenberg parameter (default:

l 0 = 10 - 3

). - Define Marquardt parameter (default:

n = 10

). - Define initial parameter set

pk =0 = p 0

Step 2:Run simulation model with parameter vector

pk

Step 3:Evaluate

r( p k )

,

S( p k )

, and

J( p k )

Step 4:Calculate parameter update:

Dp k= J kTC zz- 1 J k +l k D k( )- 1 J kT C zz- 1 r k

where

Dk

is an

n· n

matrix with elements

Djj = (JkTCzz- 1 J k ) jj

,

j= 1,K , n

Step 5:Update parameter vector:

pk+1 = p k + D p k

Step 6:Perform simulation and evaluate

S(pk+ 1)

Step 7:

S(p_{k+ 1}) < S ( p_k )

, multiply

l

by factor

1/ n

S (p k+ 1

) > S ( p

k ) , multiply

l

by factor

n

Step 8:Evaluate convergence criteria (see Section 2.7.8).

If converged, go to Step 9, else set

k=k +1

Step 9:Minimization terminated. Proceed with residual and uncertainty analysis.

Figure 2.7.4.1. Steps proposed by the Levenberg-Marquardt method as a function of theLevenberg parameter

l

iTOUGH2 USER�S GUIDE46THEORY2.7.5The Downhill Simplex methodThe Downhill Simplex method [Press et al., 1992] does not make any assumptions aboutthe topography of the objective function and does not require derivatives. It is a robust, albeitrather inefficient method.A simplex is a geometrical figure defined by

n+ 1

vertices in the

n

-dimensional parame-ter space. In iTOUGH2, the initial simplex consists of the initial guess

p0

defining the

n

additional points, each of which lies on one of the parameter axes at a distance

s p j

from the origin, where

is the prior standard deviation or expected variation ofparameter

j

. The Downhill Simplex method takes one of the following steps (see Figure2.7.5.1):Reflection The point of the simplex with the largest objective function is moved through theopposite face of the simplex.Reflection and Expansion If the reflected point is lower than the lowest point of the originalsimplex, the simplex is expanded in that direction.One-dimensional Contraction If the reflected point is higher than the second-highest point ofthe original simplex, the simplex is contracted in that direction to find an intermediate point.Overall Contraction If one-dimensional contraction is unsuccessful, an overall contractionaround the lowest point is performed.After convergence (see Section 2.7.8), iTOUGH2 evaluates the Jacobian matrix for thesubsequent error analysis.RELATED iTOUGH2 COMMANDSThe Downhill Simplex algorithm is invoked by using command >>>˚SIMPLEX. Thesize of the initial simplex is defined by commands >>>>˚DEVIATION (p) or>>>>˚VARIATION

iTOUGH2 USER�S GUIDE47THEORY

Figure 2.7.5.1. Possible outcomes for a step in the Downhill Simplex method (afterPress et al. [1992]). The simplex for

n=3

is a tetrahedron; (a) shows it at the beginning ofa step. The simplex after a step can be (b) a reflection away from the high point, (c) a reflec-tion and expansion away from the high point, (d) a contraction along one dimension from thehigh point, or (e) a contraction along all dimensions towards the low point.

iTOUGH2 USER�S GUIDE48THEORY2.7.6Simulated AnnealingSimulated Annealing [Metropolis et al., 1953] is a technique suitable for solving largeoptimization problems, where the objective function is likely to exhibit many local minima.Moreover, no derivatives are required, and the objective function may even be discontinuous.The basic idea behind the algorithm is an analogy with thermodynamics, specifically withthe way metals cool and anneal (see, for example, Press et al. [1992]). Simulated Annealingtakes random steps

Dp k , i

, which are based on the expected variability of the parameter. IniTOUGH2, the variability decreases during the optimization process. A new parameter set

pk, i = p k , j + D p k ,i

is accepted with probability

f k = e - DS t k

(2.7.6.1)where

DS = S ( p k, i )- S(p k , j )

and

t k

is a controlling parameter analog to the current tempera-ture during the cooling and annealing process; index

j

counts the number of successful stepsat a given temperature level

k

. The initial temperature

t 0

should be a fraction of the initialobjective function

S(p 0)

. If

DS

is negative, i.e., the objective function is decreased,Equation (2.7.6.1) yields a probability greater than one and the corresponding step

Dp

isalways accepted as a successful downhill move. An uphill move (

is positive) may alsobe accepted, albeit only with probability

f k

. This scheme of always taking a downhill stepand sometimes accepting an uphill step with a certain probability, which depends on thetemperature

tk

, has come to be known as the Metropolis algorithm. The so-called annealingschedule describes the reduction of the control parameter

. There are two different anneal-ing schedules available in iTOUGH2

tk= a kt0

(2.7.6.2a)

tk= t 0(1 - k / K )b

(2.7.6.2b)where

0<a <1

and

b >1

are constants, and

K

is the total number of iterations.Furthermore, the standard deviation of the random steps decreases as follows:

s Dpi( )k= K+10K +11( )k s Dp i( )0

(2.7.6.3)Here,

s Dp i( )0

is the standard deviation of the random parameter steps during the first itera-tion. Both the temperature

tk

and the average step size

start large and decrease duringthe course of the optimization. Thus, strongly varying parameter sets are tested early in theinversion, and uphill steps are more likely to be accepted, allowing the minimization algo-rithm to escape local minima. Later in the inversion, subtle changes in the parameter set aretested, and only successful downhill steps are likely to be accepted. The method ofSimulated Annealing is summarized in Table 2.7.6.1.

iTOUGH2 USER�S GUIDE49THEORYTable 2.7.6.1. Minimization by Simulated Annealing Step 1:Initialization:

- Set iteration index

k= 0

- Set trial index

i= 1

- Set counter of successful steps

j= 0

- Define total number of iterations

K

- Define maximum number of trials

imax

at each temperature (default:

imax =10 n

). - Define initial parameter set

pk =0 , j = 0 = p 0

- Define initial control parameter (temperature)

t 0

(default:

t 0 =0 .05 � S ( p 0 )

). Step 2:Generate random perturbation

Dp k,i

The probability density function of

Dp k,i

is either uniform or Gaussian.

The average step size decreases during the optimization (see Step 6).

Step 3:Perform simulation with

pk,i = p k , j + D p k, i

and evaluate

DS =S(p k, i ) - S ( p k , j )

Step 4:

DS < 0

, accept step, i.e., set

pk,j+1 = p k , j + D pk , i

D S > 0

, accept step with probability

f k = e-^{D S t k}

If step accepted, set

j= j + 1

Step 5:

i< i_{max}

and

j< j_{max}= i_{max}5

, set

i= i +1

and go to Step 2

Step 6:Reduce control parameter

tk

according to the annealing schedule (2.7.6.2);

Reduce average size of random steps (Equation 2.7.6.3);

Set

i = 0

; set

j= 0

; set

k=k +1

Step 7:

k< K

, go to Step 2.

Step 8:Minimization terminated. Proceed with residual analysis.

An advantage of Simulated Annealing is its ability to escape local minima. However, themethod is inefficient because of the randomness of the trials

Dpk,i

, which almost alwayspropose an uphill step, especially near the minimum or in narrow valleys of the objectivefunction. It is therefore suggested to use Simulated Annealing in combination with the otherminimization algorithms discussed above.RELATED iTOUGH2 COMMANDSSee subcommands of command >>> ANNEAL

iTOUGH2 USER�S GUIDE50THEORY2.7.7Grid SearchGrid search refers to the systematic evaluation of the objective function in the

n

dimensional parameter space. Parameter sets are either generated on a regular grid in theparameter space, or can be supplied by the user to examine certain regions using any searchpattern deemed reasonable.While inefficient and often prohibitive for large numbers of parameters, grid searchprovides the complete topography of the objective function, revealing the presence of localminima, nonuniqueness, instabilities, etc.RELATED iTOUGH2 COMMANDSSee command >>> GRID SEARCH2.7.8Stopping criteriaAll minimization algorithms presented in Sections 2.7.3 through 2.7.6 are iterativemethods, in which the minimum is approached by proposing new parameter sets that lead toreduced values of the objective function. Convergence or stopping criteria must be specifiedto decide whether the minimum is identified. Theoretically, the minimum is detected if allelements of the gradient vector

¶S ¶pk

are zero. In practice, however, one of the followingconvergence criteria is used to stop optimization:The number of iterations (steps),

k

, exceeds a specified number,

K

The number of forward runs exceeds a specified number;The number of unsuccessful uphill steps exceeds a specified number;The normalized step size is smaller than a specified tolerance;The norm of the gradient vector is smaller than a specified tolerance;The objective function is smaller than a specified tolerance.Only the Gauss-Newton and Levenberg-Marquardt algorithms can make use of the crite-ria related to the gradient. The objective function is usually substantially reduced during thefirst few steps. Limiting the number of iterations based on experience is thus a reasonablestopping strategy.An iTOUGH2 simulation may also stop due to an error or convergence failure in theforward run, interrupting the optimization process.RELATED iTOUGH2 COMMANDSSee subcommands of command >>˚CONVERGE/STOP

iTOUGH2 USER�S GUIDE51THEORY2.7.9Step size limitation and parameter selectionIt is sometimes useful to limit the size of the step

Dp k

taken during any one iteration.Large steps are usually proposed by the second-order methods whenever the sensitivity of aparameter is small and the parameter is strongly correlated to a parameter with high sensitiv-ity. Step-size limitation may also prevent the algorithm from moving too far beyond theregion in which the linearity assumption is justified.Several strategies for limiting the step size are implemented into iTOUGH2. They include:Limitation of the step size of an individual parameter;Limitation of the total step length;Limitation of the scaled total step length;Automatic parameter selection.Limitation of the step size of an individual parameter. A maximum step length can bespecified individually for each parameter. Figure 2.7.9.1 illustrates that reducing the stepsize of parameter

i

from

Dp'i

to

Dpi,max

also changes the direction of the step taken.Nevertheless, this approach was found to be superior to one that maintains the original searchdirection.

Figure 2.7.9.1. Step-size limitation of a single parameter.Limitation of the total step size. The size of the scaled or unscaled update vector

Dpk

canbe limited. The step length of the scaled (

fi = pi

, default) or unscaled (

fi =1

update vector is defined as follows:

Dp= Dp ifi�Ł �ł2i=1n�ØºŒ øßœ12

(2.7.9.1)

iTOUGH2 USER�S GUIDE52THEORYThis is a global step-size limitation as opposed to the one specified for individual parameters.The scaling is necessary if the concurrently estimated parameters vary considerably in size.Figure 2.7.9.2 illustrates that limiting the step size maintains the direction of the step taken inthe parameter space.

Figure 2.7.9.2. G l o b a l s t e p - s i z e l i m i t a t i o n . Automatic parameter selection. If a parameter is not sensitive enough to be estimatedfrom the available data at a given iteration, it should be removed from the set of parametersbeing updated. Parameters that are (temporarily) removed from the parameter set remain attheir current value, which is equivalent to setting the maximum step size for these parametersThe parameter set is screened according to two selection criteria. Only the most sensitiveand/or most independent parameters are subjected to the optimization process. The sensitivitycriterion examines the potential of parameter

j

to reduce the objective function. It is definedas follows:

dj= DS

(2.7.9.2)Here,

DS

is the change of the objective function if the parameter is perturbed by a smallvalue. Normalizing to the maximum value

dmax= max(dj)

yields the selection criterion

wwj= dj

dmax 0< wj £ 1

(2.7.9.3)Those parameters with

w

larger than a predefined value

wmin

, i.e., the most sensitiveparameters, are selected. Parameters that are unable to significantly reduce the objectivefunction are (temporarily) excluded from the optimization process. As an option, the selec-tion criterion

wmin

can be relaxed with each iteration

k

iTOUGH2 USER�S GUIDE53THEORY

wmin , k =wmin� 1- kK( )

(2.7.9.4)Equation (2.7.9.4) reaches zero for the last iteration

K

, i.e., all parameters are selected forthe final step.The second selection criterion examines the ratio between the apparent conditional stan-dard deviation

¢s p

and the marginal standard deviation

s p

as a measure of overall parametercorrelation:

Gj = ¢s p js p j 0 < Gj £ 1

(2.7.9.5)The calculation of

s p

and

is described in Section 2.8.4. Those parameters with a ratiolarger than

Gmin

, i.e., the most independent parameters, are selected. Strongly correlatedparameters are (temporarily) excluded from the optimization process. As an option, theselection criterion

can be relaxed with each iteration

kGmin,k = Gmin � 1 - kK( )

(2.7.9.6)Equation (2.7.9.6) reaches zero for the last iteration

K

, i.e., all parameters are selected forthe final step. The standard deviations used in Equation (2.7.9.5) cannot be interpreted asactual estimation uncertainties because they are not evaluated at the minimum.Due to the nonlinearity of the inverse problem at hand, sensitivity coefficients andparameter correlations change during the optimization. Therefore, the selection criteria mustbe reevaluated from time to time, i.e., parameters may be deactivated and reactivated duringthe course of an inversion.Automatic parameter selection makes the inversion faster because fewer parameters mustbe perturbed for calculating the Jacobian matrix (the full Jacobian is only calculated every fewiterations when the selection criteria are reevaluated). The inversion is usually also morestable. Parameters that are not sensitive or highly correlated tend to be changed drasticallyduring an iTOUGH2 iteration, causing unnecessary numerical difficulties.RELATED iTOUGH2 COMMANDSSteps of individual parameters are limited using command >>>>˚STEP in the parame-ter definition block. Global step limitation is invoked using command >>>˚STEP in block> COMPUTATION, with the keyword UNSCALED indicating that scaling should be omit-ted. Command >>>˚SELECT implements automatic parameter selection, and its subcom-mands define the selection criteria.

iTOUGH2 USER�S GUIDE54THEORY2.7.10 ExampleFigure 2.7.10.1 shows the contours of the objective function�the byproduct of a gridsearch�and the solution paths for the four minimization algorithms described in Sections2.7.3 through 2.7.6. The inverse problem solved in the example is described in Finsterle[1999c; Problem 1]. The search area was confined to the region shown in the figure. Withthe exception of the Gauss-Newton algorithm, which is misguided by its linearity assump-tion, the global minimum is accurately identified by all algorithms. The Levenberg-Marquardt algorithm is the most efficient method for this problem. Notice that the strategyunderlying each method is clearly revealed by the solution path taken.

- 1 2 . 5 -12.25 -12 - 1 1 . 7 5 - 1 1 . 5

lo g (p e rm e a b ility [m 2])

0 .1

0 . 2

0 . 3

0 . 4

0 . 5

0 . 6

Porosity

X Gaus-Newton

- 1 2 . 5 -12.25 -12 - 1 1 . 7 5 - 1 1 . 5

lo g (p e rm e a b ility [m 2])

0 .1

0 .2

0 . 3

0 . 4

0.5

0 . 6

Porosity

X Levenberg-Marquardt (a)

- 1 2 . 5 -12.25 -12 - 1 1 . 7 5 - 1 1 . 5

lo g (p e rm e a b ility [m 2]) 0.1

0 . 2

0 .3

0 . 4

0 .5

0 . 6

Porosity

X DownhilSimplex

- 1 2 . 5 -12.25 -12 - 1 1 . 7 5 - 1 1 . 5

lo g (p e rm e a b ility [m 2]) 0.1

0 .2

0 .3

0 . 4

0.5

0 . 6

Porosity

X SimulatedAnealing

(c)Figure 2.7.10.1. Solution paths of (a) Gauss-Newton, (b) Levenberg-Marquardt, (c)Downhill Simplex, and (d) Simulated Annealing minimization algorithms in the two-dimen-sional parameter space porosity—log(permeability). The square, circle, and cross indicate,respectively, the starting point, endpoint, and global minimum.

iTOUGH2 USER�S GUIDE5 5 THEORY2 . 8 Sensitivity and Error Analysis2 . 8 . 1 IntroductionOne of the key advantages of a formalized approach to parameter estimation is thepossibility to perform an a posteriori error analysis. The sensitivity matrix evaluated at theminimum of the objective function contains much information regarding the impact of theparameters on the system behavior, and how valuable certain data were for the solution of theinverse problem at hand. The residual analysis provides some measure of the overall good-ness-of-fit, and identifies systematic errors, trends in the model, or outliers in the data.Next, we can determine the uncertainty of the estimated parameters. Note that a good matchdoes not necessarily mean that the estimates are reasonable. They may be highly uncertaindue to high parameter correlation, which is usually an indication of overparameterization.The covariance matrix of the estimated parameters can be further analyzed to obtain correla-tion coefficients and parameter combinations that lead to similar matches. Model identifica-tion criteria provide a measure to compare the performance of alternative models with adifferent model structure. Finally, the uncertainty of model predictions can be calculatedusing either linear error propagation analysis or Monte Carlo simulations.2 . 8 . 2 Sensitivity analysisThe sensitivity coefficients Equation (2.7.2.4) show the impact of a small parameterchange on the calculated system behavior at the calibration point. They can also be inter-preted as a measure of the relative contribution of the corresponding data point to the solutionof the inverse problem. As Equation (2.8.4.2) below reveals, the higher the absolute valueof the sensitivity coefficient, the lower the estimation uncertainty of the correspondingparameter. High sensitivity is, however, a necessary but not sufficient condition for mean-ingful parameter estimation (see Finsterle and Persoff [1997]).In order to make sensitivity coefficients comparable with one another, it is suggested toscale them by the a priori standard deviation of the observation,

s z

, and the expected parame-ter variation,

s p̃Jij = Jij s pjs zi = ¶zi¶p j �s pjs zi

(2.8.2.1)where

Jij

is an element of the Jacobian matrix, Equation (2.7.2.4). The scaling is necessarybecause the parameters concurrently estimated by inverse modeling may have different unitsand vary by orders of magnitude. The same is true for the different observation types usedfor calibration. Unlike

, the scaled sensitivity coefficients

J̃ij

are dimensionless.The scaling of the sensitivity coefficients allows one to directly compare the contributionof each data point to the estimation of each parameter, and to evaluate a number of composite

iTOUGH2 USER�S GUIDE56THEORYsensitivity measures. Equation (2.8.2.1) indicates that the more accurate a measurement is,the higher its contribution to the solution of the inverse problem. A data point is also consid-ered more valuable if the parameter to be estimated is expected or allowed to be uncertain.Four sums of absolute, scaled sensitivity coefficients are calculated in iTOUGH2. Thefirst sum consists of the absolute values of the elements within each row of the scaledJacobian matrix:

ai = J̃ijj=1n�

(2.8.2.2)The quantity

ai

is a relative measure of how important data point

i

is for the estimation of allparameters of interest. Comparing the

values enables identification of those data points inspace and time that are most valuable.By adding all the coefficients belonging to the same data set (e.g., a time series ofpressure measurements at a certain location), the contribution of this data set

k= 1,K , K £ m

to the estimation of parameter

j

can be quantified as follows:

bkj = J̃ij i˛ki=1m�

(2.8.2.3)The overall contribution of a certain data set to the solution of the inverse problem at handis given by

ck = J̃ij i˛ki= 1m� = ai i˛ki=1m� =j=1n� b kjj=1n�

(2.8.2.4)A comparison of

ck

values shows whether a certain data set was worth collecting, or whetherthe position of measurement points should be changed (in space and/or time), or whether theaccuracy of the corresponding sensor must be improved to make it a valuable source ofinformation, comparable with the contribution from other observations.Finally, building the sum of each column provides a relative measure of parameter sensi-tivity, taking all available observations into account:

dj = J̃iji=1m�

(2.8.2.5)A parameter with a high

dj

value is more likely to reach an estimation uncertainty of

s pj

than a parameter with a lower

value. Again, this neglects the impact of parameter correla-tions on the estimation uncertainty, which cannot be assessed by a simple sensitivity analy-

iTOUGH2 USER�S GUIDE57THEORYsis, but must be evaluated by actually inverting the data and calculating the estimation covari-ance matrix, Equation (2.8.4.2). If the sensitivity analysis is performed to assess the impactof a parameter on the model predictions, the parameter with the highest

dj

value is the mostimportant one, i.e., one should try to determine it as accurately as possible.The sensitivity measure

must be distinguished from

d j

(Equation 2.7.9.2), whichexamines the sensitivity of the objective function (not the model output) to a change of theparameter:

d j = D S

(2.8.2.6)Here,

DS

is the change of the objective function if the parameter is perturbed by a smallvalue. The objective function can be best reduced by updating parameters with a large

dj

The sensitivity coefficients, the scaled sensitivity coefficients, and the composite sensi-tivity measures�Equations (2.8.2.2) through (2.8.2.5)�are useful to design an experiment,to analyze inverse modeling results, and to study the impact of parameters on selected modelpredictions. The interpretation of these measures changes depending on the purpose of thesensitivity analysis. If evaluated prior to data collection, they help optimize the design of anexperiment by identifying the most appropriate observation types and the necessarymeasurement accuracy. Furthermore, measurement locations with large sensitivities data canbe selected as well as time windows that contain valuable data. Since the sensitivitycoefficients depend on the (unknown) parameter set itself, the analysis must be repeated withdifferent assumptions about the system properties. An example is described in Finsterle andFaybishenko [1999].The scaled sensitivity matrix and the various composite sensitivity measures�rows andcolumns labeled with �

�

�are shown in Figure 2.8.2.1.

iTOUGH2 USER�S GUIDE58THEORY

(a)Figure 2.8.2.1. (a) Scaled sensitivity matrix and (b) composite sensitivity measures.RELATED iTOUGH2 COMMANDSBy default, iTOUGH2 prints the dimensionless, scaled sensitivity matrix with elementsgiven by Equation (2.8.2.1) along with the composite sensitivity measures (2.8.2.2) through(2.8.2.6). In order to also print the (unscaled) sensitivity matrix, command>>>˚SENSITIVITY (o) must be used.

iTOUGH2 USER�S GUIDE59THEORY2.8.3Estimated error variance and Fisher Model TestThe a posteriori or estimated error variance represents the variance of the mean weightedresidual and is thus a measure of goodness-of-fit [Larsen and Marx, 1986]:

s02 = r T Czz-1 rm- n

(2.8.3.1)If the model does not match the data sufficiently well, i.e.,

s02

is too large, then theestimated parameters are meaningless, because the underlying model is erroneous. On theother hand, obtaining a good match does not guarantee that the inverse problem is solved in areasonable way; the results must be subjected to a critical residual analysis. The modelidentification criteria discussed in Section 2.8.6 therefore not only contain a goodness-of-fitmeasure such as the estimated error variance, but also additional terms to preventoverparameterization. A more detailed discussion of these points can be found in Finsterleand Persoff [1997].If the residuals are consistent with the distributional assumption about the measurementerror, which is expressed through covariance matrix

Czz

, then the estimated error varianceassumes a value close to one. The a posteriori error variance

can be considered anestimate of the a priori error variance

s 02

(see Equation 2.5.3.2) with a degree of freedom of

(m - n)

. It can be shown [Larsen and Marx, 1986] that the ratio

s02 s 02

follows an

F

distribution with the two degrees of freedom

f1= m - n

and

f2=¥

. We can thereforestatistically test whether the average match deviates significantly from the modeler�s expecta-tions.Table 2.8.3.1 shows the Fisher Model Test, in which the significance of a deviation from

s 02

is tested. If the estimated error variance is significantly larger than

, there is likely tobe an error in the functional model, or the assumption about the measurement errors were toooptimistic. The Fisher Model Test is only indicative of modeling errors if the stochasticmodel is well defined. Otherwise,

can only be considered a relative measure of goodness-of-fit. The second column in Table 2.8.3.1 is the value to be used for scaling the covariancematrix of the estimated parameters (see Section 2.8.4).Table 2.8.3.1. Fisher Model TestFisher Model TestError VarianceComment F

m-n, ¥ , 1 - a

< s

0

2

s

0

2 s 0 2_{Error in functional and/or stochastic model}

1 £s

0

2

s

0

2

£ F

m- n , ¥ ,1- a

2_{Model test passed}

s02s 02< 1s 02

Error in stochastic model

iTOUGH2 USER�S GUIDE60THEORYEquation (2.8.3.1) can also be used to iteratively adjust the relative contributions ofdifferent data types (pressures, temperatures, saturations, flow rates, prior information, etc.)to the objective function. The relative weight assigned to each observation type is given bythe ratio

l kl = t k t l

, where

t

is a scalar analog to

s 02

such that

Czz ,k = t k Vzz , k

(see alsoEquation 2.5.3.2). Here,

Czz ,k

�a submatrix of

Czz

�is the covariance matrix of all obser-vations of type

k

, and

Vzz ,k

is a positive-definite matrix. By default,

t k

is fixed at 1. Ifrelative weights are not well known,

l kl

can be updated in an iterative process, where

t k

isrecalculated every few iterations according to

t k = r kT C zz,k- 1 r k

mk - n

(2.8.3.2)This procedure is similar to that referred to as iterated re-weighted least squares [Haining1990]. The process assigns weights such that the relative contribution of each observationtype to the objective function approaches

1/ K

, where

K

is the number of observation typesused in the inversion. The Fisher Model Test becomes meaningless if

l

is updated duringthe inversion because the test will be fulfilled by definition.RELATED iTOUGH2 COMMANDSThe multiplication factor shown in the second column of Table 2.8.3.1 can either bespecified using commands >>>˚A PRIORI and >>>˚A POSTERIORI, or automaticallyselected by using command >>>˚FISHER. The confidence level is specified usingcommand >>>˚ALPHA. Command >>>˚TAU invokes the iterative reweighting of differ-ent observation types according to Equation (2.8.3.2).

iTOUGH2 USER�S GUIDE61THEORY2.8.4Covariance matrix of estimated parametersThe best-estimate parameter set

p̂

was determined by matching the model to a specificdata set. Because the data have a random component�the measurement errors (see Section2.5.2)�the actually observed data set can be considered to be one realization of a universe ofpotentially observed data sets. Consequently, the estimated parameter vector

representsonly one point of a probability distribution in the

n

-dimensional parameter space of allpossible parameter vectors determined by matching the hypothetical data sets. The goal is tofind an approximation of this probability distribution despite the fact that the true parametervector

p̃

is unknown, and that only one data set is available for inversion.The covariance matrix of the estimated parameters,

Cpp

, contains the standard errors oruncertainties of the estimates

, as well as the covariances, which describe the statisticalcorrelations between pairs of parameters.

is an approximation of the probability distri-bution of

p̂ - p̃

. Given a best-estimate parameter set

and the corresponding covariancematrix

, one can determine the confidence region around

, which should contain thetrue parameter set with a certain level of confidence.We first present the statistical concept that provides the basis of the interpretation ofestimation covariance matrices. This discussion uses a thought experiment with multiplerealizations of the data to arrive at the distribution of the parameter estimates, for whicharbitrary confidence regions can be derived using simple statistics. In the second part of thissection, we look at the more realistic situation, where there is only one data set available forparameter estimation, yielding only one best-estimate parameter set. Consequently, thecovariance matrix is in itself an estimate, which needs to be based on a linearity and normalityassumption, leading to ellipsoidal confidence regions. Note that the calculation of the confi-dence region is fundamentally different in the two cases, the first providing a theoreticaljustification for using the second. The interpretation of the covariance matrix

and itsrelation to a confidence region will be discussed in detail, followed by some thoughts aboutthe underlying linearity assumption.Figure 2.8.4.1 illustrates the situation for a case described in Finsterle and Najita [1998].200 synthetic data sets were generated with different random measurement errors. Thesedata sets were then inverted individually, yielding 200 estimates of porosity

f

and initial gassaturation

Sgi

. The individual estimates are shown as triangles in the two-dimensionalparameter space. The mean of the estimates

p

, shown as a square, is very close to the trueparameter set of

f =0 .35

and

Sgi = 0.30

. The covariance matrix of the cloud of triangles isvisualized as a dash-dotted ellipse with the center point at

p

. In practice, only one data set isavailable, yielding a single estimate

, shown as a circle. The solid ellipse with center at

represents the 95% confidence region around

, as inferred from

(see Equation(2.8.4.2) below). It is similar in size and orientation to that representing the probabilitydistribution of

p̂- p̃

, and it contains the true parameter set on the 95% confidence level.In Figure 2.8.4.1, the full probability distribution�the cloud of triangles�was assumedto be accurately represented by an elliptical confidence region, and an ellipse was drawn

iTOUGH2 USER�S GUIDE62THEORYaround the best estimate

p̂

. The choice of an elliptical confidence region is based on anormality and linearity assumption, which will be critically reviewed later in this section. Aquantitative relationship among the value of the objective function at the minimum,

Smin

, thecovariance matrix

Cpp

, and the confidence level can only be accurate if (1) the measurementerrors are normally distributed, and (2) the estimation uncertainty is small enough so that thenonlinear model can be replaced by a suitable linearized model within the confidence region.

0.28 0.300.320.340.360 . 3 8 0 . 4 0 0.42

Porosity

0.25

0.26

0.270.280.29

0.30

0 . 3 1

0 . 3 2

0.33

0.34

0.35

InitialSaturation

Figure 2.8.4.1. Probability distribution of estimates in a two-dimensional parameterspace. Triangles represent solutions from 200 least-squares fits to hypothetical data sets.The square indicates the mean of all solutions. The solid ellipse is an approximation of theestimation uncertainty of a single best-estimate parameter set, shown as a circle.We now discuss the case of estimating

Cpp

if only one data set is available for inversion.Under the assumption of normality and linearity, the

100(1- a )

% confidence region containsthose values

p

for which [Donaldson and Schnabel, 1987]

S(p)- S( ^p) £ s02� n� Fn,m - n , 1- a

(2.8.4.1)where

p̂

is the vector holding the optimum parameter set,

s02

is the estimated error variance,Equation (2.8.3.1), and

Fn,m- n, 1- a

is a quantile of the

F

-distribution. Here,

a

is the prob-ability that the hypothesis stated above is rejected even though it is true. In the general case,this confidence region is of arbitrary shape; it is reasonable, however, to bound it by thepoints of constant likelihood, i.e., a contour of the objective function for maximum likelihoodestimates. Near the minimum, where the linearity assumption holds, the confidence region isellipsoidal, which makes it inexpensive to construct and easy to report. For a maximum like-

iTOUGH2 USER�S GUIDE63THEORYlihood estimator, the covariance matrix of the estimated parameters is asymptotically given bythe inverse of the curvature or Fisher information matrix

(J TC zz- 1J)

, multiplied by the esti-mated error variance

s02Cpp = s 02 J T C zz- 1 J( )-1

(2.8.4.2)Equation (2.8.4.2) can be derived by inserting Equation (2.7.3.1) into the definition of acovariance matrix,

Cpp = E [ ( p - E [p] ) ( p-E[p])T]

, where

E[]

denotes the expected value.The interpretation of the covariance matrix

Cpp

provides the key criteria for evaluatinginverse modeling results. The diagonal elements of contain the variances of theestimated parameters,

s p2

. They are a measure of how uncertain the estimate is given theuncertainty of all the other, concurrently estimated parameters. Note that they are directlyproportional to the overall goodness-of-fit expressed by

s02

. The higher the quality of thedata and the better the fit, the more accurate the estimates. Furthermore, estimation uncer-tainty is inversely proportional to the absolute size of the sensitivity coefficients. The moresensitive the calculated system response at the calibration point, the more informationcontained in the data regarding the parameters of interest. Since the sensitivity coefficientscan be evaluated without actually collecting data, the design of an experiment can beoptimized a priori by looking for observation types as well as measurement points in spaceand time that yield large sensitivity coefficients.The off-diagonal elements of

are the covariances

cij

. Correlations among theparameters are a result of a conjoint impact of parameter changes on the system behavior.The correlation coefficient is given by

rij = cijs pi2 �s pj2( )12 - 1 £ rij £ 1

(2.8.4.3)Correlation coefficients assume values between -1 and 1; a value of zero indicates no statisti-cal correlation between parameter

i

and

j

; a value close to -1 or 1 indicates a strong correla-tion, i.e., the two parameters cannot be determined independently. For example, if twoparameters are negatively correlated, a similar system response is obtained by concurrentlyincreasing one and decreasing the other parameter. In an inversion involving three or moreparameters, the correlation coefficients are usually difficult to interpret from a physical pointof view because of indirect parameter dependencies. Two parameters may exhibit a statisticalcorrelation even though they are not physically related. The non-zero correlation coefficientis a result of the fact that both parameters are correlated to a third parameter. Such a case isdescribed in Finsterle [1999c; Problem 2].iTOUGH2 also prints a matrix of �direct� correlations between pairs of parameters. Directcorrelation coefficients are calculated by taking the

n·n

curvature matrix

(JTCzz-1 J)

, copyingthe intersections of the two rows and columns corresponding to the two parameters of interestinto a

2·2

matrix, inverting this matrix, and applying Equation (2.8.4.3). This procedure is

iTOUGH2 USER�S GUIDE64THEORYrepeated for all

n( n - 1)/2

parameter pairs. The resulting direct correlation coefficient matrixis easier to interpret on the basis of a physical understanding of the system, i.e., it indicates towhich degree a change in one parameter can be compensated by a change in the otherparameter.Even though certain pairs of parameters may exhibit preferential correlation structures,correlations are not intrinsic features of parameter combinations. They obviously depend onthe data available and also on the number of simultaneously estimated parameters, becauseindirect correlations may overwhelm the direct correlations.If correlations exist, the uncertainty of one parameter does affect the uncertainty of theother parameter. The diagonal elements of

Cpp

account for this fact. The standard deviationfrom the joint probability density function,

s p

, is also termed marginal standard deviation asit measures the uncertainty of a parameter without regard to the value of the other parameters.It must be distinguished from the conditional standard deviation,

s p'

, which measures theuncertainty of a parameter assuming that all the other parameters are either precisely known oruncorrelated. The conditional standard deviation of parameter

i

is the reciprocal of the

i

thdiagonal element of the scaled curvature matrix

F= s0- 2(J TC zz-1J )

. The conditional standarddeviation is always smaller than the marginal standard deviation (see Figure 2.8.4.2 below).Note that each joint confidence region can be interpreted as a conditional confidence region ofa higher-order parameter set, i.e., the uncertainty estimates are always optimistic because theyneglect the influence of all the parameters that are fixed despite being uncertain. The ratio

Gi = ¢s p is pi 0 < Gi £ 1

(2.8.4.4)can be interpreted as an overall measure of how independently parameter

i

can be estimated.Small values of

G

usually indicate that the uncertainty

s p

of a parameter could be reduced bylowering its correlation to other parameters. Test design should aim at obtaining high

G

values.Figure 2.8.4.2 illustrates the elliptical (or hyperellipsoidal if

n>2

) region that representsthe covariance matrix. It can be constructed from the eigenvalues and eigenvectors of

The length of the semiaxis are the square roots of the eigenvalues, and their orientations aregiven by the corresponding eigenvectors. Parameter combinations along the eigenvector withthe largest eigenvalue lead to a similar system response and are thus difficult to identify.Additional measures of the overall size of the ellipsoid are given in Section 2.8.6.The linearization approach assumes that the nonlinear model can be adequately approxi-mated by linear functions at the solution. Thus, the actual, nonellipsoidal confidence region(see Equation 2.8.4.1) can be approximated by a region consisting of those values

p

forwhich

(p- p̂ )TCpp-1 (p - ^p) £n �F n,m- n,1-a

(2.8.4.5)

iTOUGH2 USER�S GUIDE65THEORYThe approximation of the actual confidence region, which is the contour of the objectivefunction on level

S( p̂ ) + s 02nFn,m-n, 1-a

, by an ellipsoidal confidence region is visualized inFigure 2.8.4.3a. In this case, the linearization leads to a slight overprediction of the size ofthe confidence region along its longest axis. The probability that all parameters are within thestandard ellipsoid (i.e., the joint probability) is much less than 68.3% (the probability for asingle parameter); it gets smaller with increasing

n

and decreasing

m

Figure 2.8.4.2. Visualization of estimation covariance matrix as an elliptical confidenceregion, indicating marginal and conditional standard deviations.

0 . 2 5 0.30 0.35 0 . 4 0 0 . 4 5 0.50

Porosity 0.20_{0.22}

0 . 2 4

0 .2 6

0 . 2 8

0 .3 0

0 . 3 2

0 . 3 4

0 . 3 6

0 . 3 8

0 . 4 0

InitialSaturation

0 . 2 5 0.30 0.35 0 . 4 0 0 . 4 5 0.50

Porosity 0.20_{0.22}

0 .2 4

0 .2 6

0 . 2 80.30.32

0 .3 4

0 . 3 6

0 . 3 8

0.40

InitialSaturation

(a)Figure 2.8.4.3. Original (a) and corrected (b) approximation of the confidence region.The ellipses approximate the contours of the objective function (dashed) at the minimum.The solid contour represents the actual confidence region. The arrow indicates the solutionpath taken by the minimization algorithm.

iTOUGH2 USER�S GUIDE6 6 THEORYA

100 ( 1 - a )

% confidence interval for

p̃ i

contains those values

pi

for which

pi - p̂i £ s pi �tm- n ,1 -a / 2

(2.8.4.6)where

tm- n ,1 - a /2

is the quantile of the Student

t

-distribution. The confidence regions andconfidence intervals introduced here are only exact for normally distributed errors and linearmodels. If the errors are not normally distributed, the covariance matrix has no clear quanti-tative interpretation. Furthermore, if the model is nonlinear, the coverage of the confidenceregion by the ellipsoidal approximation may be poor. Reparameterization, such as logarith-mic transformation of some of the parameters, is a possibility to reduce nonlinearity effects.Carrera [1984] proposed a procedure that adjusts the size of the hyperellipsoid to accountfor nonlinearities, assuming that the orientation is accurately obtained from the linear erroranalysis. The result of the correction procedure is still a covariance matrix, i.e., it can beinterpreted in the usual manner and is easy to report. The method is based on a comparisonof the actual objective function with the results from the linear approximation at discretepoints in the parameter space. These test points

(p

are located at the end of the main axis ofthe hyperellipsoid, i.e. [Finsterle and Pruess, 1995]:

(pi– = p̂ – (n�F n,m- n, 1- a ) 1 / 2 a i ui i = 1 , L , n

(2.8.4.7)Here,

(pi –

are two test parameter sets on the

i

th axis, the direction of which is given by theeigenvector

ui

of covariance matrix

Cpp

. The distance from the optimal parameter set

p̂

isselected as a multiple of the corresponding eigenvalue

ai2

and the quantile of the

F

-distribu-tion. This means that the correction is tailored to approximate the confidence region on acertain confidence level

1- a

. The eigenvalues

, which determine the length of the semi-axes, are corrected as follows:

a'i2= ai2s02 A++ A-2�Ł �ł i

(2.8.4.8)with

A–i = n� Fn,m- n,1-aS((pi –)- S(p̂ )

(2.8.4.9)Finally, the new covariance matrix,

Cpp'

, is calculated from the original eigenvectors

andthe updated eigenvalues

a'i2Cpp' =U T D'U

(2.8.4.10)where

D'

is a diagonal matrix consisting of the corrected eigenvalues, and

U

is the modalmatrix, formed by the

n

eigenvectors as its columns. This correction procedure requires

2n

additional solutions of the direct problem and is thus relatively inexpensive. While the result-ing confidence region is ellipsoidal by definition, the differences between

S((pi+ )

and

S((pi-)

iTOUGH2 USER�S GUIDE67THEORYprovide�as a byproduct of the correction procedure�some insight into the asymmetry ofthe true confidence region. The corrected covariance matrix is rendered in Figure 2.8.4.3b.The endpoints of the semiaxes match the actual confidence region on the 95% confidencelevel reasonably well˚.RELATED iTOUGH2 COMMANDSThe covariance matrix of the estimated parameters, Equation (2.8.4.2), is evaluated bydefault. Command >>> LINEARITY checks the linearity assumption of the error analysisusing Equations (2.8.4.7) through (2.8.4.10).

iTOUGH2 USER�S GUIDE68THEORY2.8.5Residual analysisMinimizing the objective function leads to the best-estimate parameter set for a givenfunctional and stochastic model. However, this does not imply that the real system is prop-erly represented by the model. If the conceptual model fails to reproduce the salient featuresof the system, the calibrated model may not be able to match the observed data as expected,where the expectation regarding the attainable fit is reflected in the a priori covariance matrix

Czz

. A first and rather crude assessment of the match is the Fisher Model Test described inSection 2.8.3. However, a more detailed analysis is required to reveal potential trends in theresiduals, indicating that there is a systematic error in the model or the data. In general, aninspection and detailed analysis of the residuals are used in pointing towards aspects of themodel that need to be modified. In addition, large residuals (outliers) may be detected byvisual inspection, or by use of a more rigorous approach based on mathematical statistics.Note that if the statistics of the residuals significantly deviate from normal, the estimates arelikely to be biased, and the formal error analysis (which establishes quantitative relationshipsamong the objective function, the covariance matrix, and the confidence level) is not valid.A trend in the residuals is usually immediately identified by visual inspection of a scatterplot of the residuals, which is printed to the iTOUGH2 output file. A moment analysis isperformed on the residuals of each data set, each observation type, and all scaled residuals.First, the mean and variance are calculated:

r= 1M rii=1M�

(2.8.5.1)

VAR = 1M-1 r i - r( )2

i = 1M�

(2.8.5.2)Here,

ri

is the residual from a certain data set or certain observation type, respectively, and

M£ m

is the number of such residuals. The mean of the residuals is expected to be close tozero, and the variance should be consistent with that specified by the prior covariance matrix.A large positive (negative) mean indicates that data are systematically underpredicted(overpredicted) by the model. Notice that the variance (2.8.5.2) is not the variance of theresiduals themselves, but the variance of the residuals about the mean residual

r

. A largevariance either indicates that the data were noisier than expected, or that there is a trend in theresiduals. Taking the ratio of the mean (bias) and the standard deviation

SDEV

= VAR

ofthe residuals provides a measure of whether the bias is acceptable; the ratio

rSDEV

shouldbe close to zero.The third moment or skewness characterizes the degree of asymmetry of the distribution:

SKEW

=1M ri - rSDEV�Ł �ł3

i =1M�

(2.8.5.3)

iTOUGH2 USER�S GUIDE69THEORYA positive (negative) skewness signifies an asymmetric tail extending to more positive(negative) residuals.The fourth moment or kurtosis measures the peakedness or flatness of the distributionrelative to the Gaussian distribution:

KURT

= 1M r i - rSDEV�Ł �ł 4

i =1M�ØºŒ øßœ- 3

(2.8.5.4)where the -3 term makes the value zero for a normal distribution. A distribution with positive(negative) kurtosis is relatively peaked (flat).The mean and especially the higher moments are statistics that are not robust in the sensediscussed in Section 2.6.5. A more robust estimator of the center of the distribution is themedian, which is defined as the quantity for which larger and smaller values are equally

)r = r ( M +1 )/ 20.5 � r M/2 + rM/ 2 + 1� for ModdMeven

(2.8.5.5)An estimator of the width of the distribution around the median is given by the meanabsolute deviation

ADEV

= 1M r i - )r

i=1M�

(2.8.5.6)A large difference between the mean and the median or the standard deviation and the meanabsolute deviation is indicative of a robustness problem, i.e., the distribution is likely to beheavy-tailed and asymmetric, or the residuals contain outliers. The mean used in Equation(2.8.5.2) minimizes the variance, whereas the median used in Equation (2.8.5.6) minimizesthe mean absolute deviation.Note that the moment analysis is performed on the residuals themselves, i.e., not theresiduals weighted by the measurement error. This fact may affect the conclusions if largelydifferent standard deviations are assigned to data belonging to the same data set or sameobservation type. iTOUGH2 also performs a moment analysis on all weighted residuals.This analysis should yield a mean close to zero and a variance close to

s02

(see Equation2.8.3.1).A plot of the calculated versus the observed system response should show pointsdistributed closely around the diagonal line. In iTOUGH2, a linear regression analysis isconducted on the scatter plots, individually for each data set. An intercept of zero and a slope

iTOUGH2 USER�S GUIDE70THEORYof one are expected. Note that the linear regression analysis does not properly account fordifferences in measurement quality within a data set. Furthermore, the smaller values have ahigher influence on the intercept estimate, and small and large values determine the slopemore strongly than intermediate values. Consequently, the results of this analysis should beinterpreted with care. An example of the linear regression analysis is discussed in Finsterle[1999c; Problem 6].In order to further analyze the residuals, it is necessary to estimate the uncertainty of thecalculated system response. As will be discussed in Section 2.8.7, the covariance matrix ofthe model prediction is given by

Ĉzẑ = JC pp J T

(2.8.5.7)The square-root of the diagonal element of

Ĉzẑ

is the standard deviation of the model predic-tion. Note that the standard deviation of the calculated system response is always smallerthan that of the corresponding measurement (i.e.,

s ẑi < s z i

). This is because the modelprediction at a given point is inferred not only from the corresponding data point, but alsofrom all the other observations.The covariance matrix of the residuals is given by [Weisberg, 1980]

Crr = C zz - C ẑẑ

(2.8.5.8)The elements of

Crr

depend on the number and location (i.e., correlation) of the observationpoints and their sensitivities to the model parameters; they do not depend on the actuallymeasured value.Next, we calculate a measure termed local reliability or partial redundancy [IGP, 1990]:

yi = s ri2s zi2 = s z i2 - s ẑi2s zi2 = 1 - s ẑ is z i�Ł� �ł� 2

(2.8.5.9)The local reliability realizes values between zero and one. It is a measure of how much a datapoint is controlled by redundant observations. If

yi

is close to zero, even a large error in thecorresponding data point

zi *

cannot be detected. A

value close to one indicates a well-controlled observation. Adding more observation points in the vicinity of this measurementmay improve the accuracy, but does not improve the reliability of the inverse modelingsystem. In other words,

can also be considered a measure of the degree of redundancy.Observations with values smaller than about 0.25 are considered poorly controlled;values greater than 0.75 indicate a high degree of redundancy. For a given configuration, arelatively uncertain measurement is better controlled than an accurate measurement. Note that

iTOUGH2 USER�S GUIDE71THEORY

yi

can be evaluated a priori and can therefore be used to improve the design of an experi-The normalized or Studentized residual [Weisberg, 1980]

wi = r is ri

(2.8.5.10)is a normally distributed random variable with zero mean and a variance of one. Hence, thesize of a residual can be statistically tested to see whether it is acceptable or a potential outlier.If

wi > u1 - a

, where

u1- a

is the quantile of the standard normal distribution on the

1- a

confidence level, then the corresponding residual is likely to be an outlier and should bediscarded; the risk of discarding a correct data point is

a

. The assumption that thenormalized residuals follow a normal distribution is an approximation considered acceptable.This test is based on the assumption that multiple large errors do not cancel each another.Note that the

wi

-test checks each observation individually, whereas the Fisher Model Testdescribed in Section 2.8.3 is based on the ensemble of all measurements.The probable size of the error depends on the local reliability and is given by

gi = - riyi

(2.8.5.11)For a poorly controlled observation, the size of the actual error can be significantly largerthan the residual.The following two equations can be used to check the numerical accuracy of the residualanalysis [Weisberg, 1980]:

s ẑis zi�Ł� �ł� 2 = n

i=1m�

(2.8.5.12)

yi = m- ni=1m�

(2.8.5.13)Finally, the relative contribution of each data point, each data set, and each observationtype to the objective function may be used to identify errors in portions of the data or themodel. Since the objective function is built using the weighted residuals, an imbalance inthese contributions may also signify an error in the stochastic model.

iTOUGH2 USER�S GUIDE72THEORY2.8.6Optimality and model identification criteriaThe previous sections dealt with statistical measures that assess the results of a singleinversion. In this section, a number of additional criteria are given, which allow comparisonof different inversions�for example, calibrating against different data sets, estimating differ-ent parameters, or using a different conceptual model. If competing models have been devel-oped and matched to the data, a criterion is needed to decide which of the alternatives ispreferable. A number of tests for model discrimination have been developed as described bySteinberg and Hunter [1984], Carrera and Neuman [1986a], and Russo [1988], Russo et al.[1991].One of the most widely used criteria is the estimated error variance as a measure ofgoodness-of-fit (see Section 2.8.3). The model that best matches the data is considered to bethe best. However, since the match can always be improved by adding more fitting parame-ters, the goodness-of-fit is an inappropriate basis for model selection because it almostalways leads to overparameterization. Overparameterization means that an improvement ofthe fit comes at the expense of a reduction in model reliability. Increasing the number ofparameters also increases the correlations among the parameters, which results in higherestimation uncertainties if the match is not significantly improved. Consequently, modelidentification and optimality criteria should include some aggregate measure of overallestimation uncertainty to guard against overparameterization.The first group of criteria includes quantities that measure the overall size of the estima-tion covariance matrix

Cpp

. A key objective of parameter estimation by inverse modeling isto reduce the uncertainty of a set of parameters considered important for the subsequentmodel prediction. Therefore, a measure of overall parameter uncertainty can serve as a crite-rion to compare the performance of competing test designs or alternative inversions. The in-version realizing the smallest value is considered superior. There are three scalar measures of

one might use as design evaluation or optimality criteria [Steinberg and Hunter, 1984]:

A- optimality =trace C pp( )

(2.8.6.1)

E- optimality= max eigenvalue Cpp( )

(2.8.6.2)

D- optimality =det C pp( )

(2.8.6.3)A-optimality consists of minimizing the trace of

, i.e., it minimizes the sum of allparameter uncertainties. E-optimality seeks minimization of the maximum eigenvalue of

. As discussed in Section 2.8.4, the maximum eigenvalue represents the largest axis ofthe hyper-ellipsoid, i.e., the length of the vector in the parameter space that is associated withthe largest estimation uncertainty. Taking the determinant of

yields the so-called Doptimality objective for design evaluation. The design with the smallest value minimizes thearea of the joint confidence region around the parameter estimates.

iTOUGH2 USER�S GUIDE73THEORYIf vector p contains parameters of different types and orders of magnitude, matrix

Cpp

should be appropriately scaled before evaluating the optimality criteria. The elements of thescaled covariance matrix are defined as follows:

c'ij = c ijpi �pj

(2.8.6.4)Recall that

is directly proportional to the overall goodness-of-fit expressed by

s02

or�inthe case of design calculations�the expectation thereof.Carrera and Neuman [1986a] have introduced the Akaike Information Criterion (AIC) and theKashyap criterion [Kashyap, 1982]. For normally distributed residuals, AIC can be writtenas:

AIC= (m - n ) s 02 +ln C zz + m � ln(2p ) + 2n

(2.8.6.5)where

•

indicates the determinant of the corresponding matrix. The AIC takes into accountboth goodness-of-fit and parsimony of the model. The first term is the objective function,the second and third terms measure the uncertainty of the data, and the last term penalizesoverparameterization. The Kashyap criterion is given by [Carrera, 1984]:

dk* =(m - n)s02 + ln C zz+m� ln(2 p) + n�ln m2p( ) + ln J TC zz- 1J

(2.8.6.6)with

dk *

proportional to the negative logarithm of the posterior probability that model

k

iscorrect, given the available data [Kashyap, 1982].All criteria discussed in this section are based on a linearity and normality assumption. Ifthis assumption is violated, the criteria should be applied with care. As a safeguard againstmisinterpretation, it is suggested to consider a model superior to its competitors only if thatmodel realizes significantly lower values for most or all criteria.

iTOUGH2 USER�S GUIDE74THEORY2.8.7Uncertainty propagation analysisModel predictions are inherently uncertain and may significantly deviate from the truesystem behavior. There are many reasons for the inconsistency between model predictionsand the actual or observed behavior. The main sources for modeling errors include:Inconsistencies and Errors in the Conceptual Model: As repeatedly mentioned in theprevious sections, the conceptual model is by far the most important element in numericalmodeling. Considerable effort should be spent on carefully developing the conceptual modelbecause errors in the model structure are difficult to identify and to correct, and they usuallyhave the greatest impact on the model predictions.Uncertainty in the Input ParametersAnother source of prediction errors is insufficientknowledge about the model parameters. Errors or uncertainties in the input parameters leadto errors or uncertainties in the model predictions. The purpose of inverse modeling is toestimate the best parameter set for a given model structure, and to reduce parameter uncer-tainty. There is a need to quantify the uncertainty in the model predictions as a result ofparameter uncertainty, which will be discussed in this section.Discretization Errors: The numerical solution of the governing equations has only finiteprecision and may suffer from discretization errors such as numerical dispersion or oscilla-tions. While care must be taken when choosing the numerical scheme to solve a specificproblem, errors from the numerical implementation of the model are usually smaller thanthose made by using wrong parameter values, which in turn are small compared with theerrors from using an inappropriate conceptual model.When assessing modeling errors, one should consider the fact that modeling involves anabstraction process, i.e., no exact solution is sought, but an approximation that is reasonableand capable of reproducing the salient features of the system to be studied.This section presents two methods to assess prediction uncertainties as a result ofparameter uncertainty:Linear uncertainty propagation analysis;Monte Carlo simulations.Linear or First-Order-Second-Moment (FOSM) uncertainty propagation analysis quanti-fies the uncertainty in model predictions by linearization. As the name indicates, FOSM isthe analysis of the mean and covariance of a random function (the model prediction) based onits first-order Taylor series expansion. The covariance of the input parameters is translatedinto the covariance of the system response. This presumes that the mean and covariance aresufficient to characterize the distribution of the dependent variables, i.e., the model results areassumed to be normally or log-normally distributed. This assumption is valid wheneverparameter uncertainties are sufficiently small, or when the model is linear and the distribution iTOUGH2 USER�S GUIDE75THEORYof the input parameters is normal. The validity of the normality and linearity assumptionmust be tested before applying FOSM.We first develop expressions for the mean and covariance matrix of the model prediction.Let

p̂

be the vector of length

n

holding the best-estimate values of the input parameters thatare considered uncertain. The uncertainty is described by the covariance matrix

Cppz

is a vector of length

m

containing the simulation results at certain points inspace and time. These model predictions are a nonlinear function of the parameter vector

p

Finally, let

J

be the

m· n

Jacobian matrix holding sensitivity coefficients

Jij = ¶zi(p̂ ) ¶pj

The model prediction

z( p )

can be approximated using first-order Taylor series expansionabout

as follows:

z(p )=1z(p̂) + J(p - p̂ )

(2.8.7.1)The mean is given by:

E[z( p )]=

1E[z(p̂ )]+ E [ J( p - p̂ ) ]= 1 E[z(p̂ )]z( p̂ )1 2 3 +E [ J ] � E [ ( p - p̂ ) ]01 24 34E

[z(p) ]=

1z(p̂)

(2.8.7.2)The first-order approximation of the expected values of the dependent variables is the vectorof the model prediction obtained using the mean parameters. The mean parameters areapproximated by the estimates

The covariance matrix of the simulated system response is derived using the followingdefinition, with

ẑ = z( ^p)Cov[z (p)]=

1E[{z - ẑ}{z - ^z} T]

(2.8.7.3)

Cov[z (p)]= 1 E[{ z( p )z(p̂ ) + J (p - p̂ ){ - E [ z ( p )]z(p̂ )1 2 3 }� { z (p )z (p̂ )+ J( p- p̂ ){ - E [z (p )]z (p̂ )1 2 3 }T ]=

1E[{J ( p - p̂ ) } { J ( p - p̂ )} T ]= 1 J{E[{ p - p̂ }{ p - p̂ } T ]Cov ( p̂ )1 2444 3444 JTCov

[z (p)]=

1JCppJ T ” C ^ẑz

(2.8.7.4)

iTOUGH2 USER�S GUIDE76THEORYEquation (2.8.7.4) was also used in Section 2.8.5. Here, it describes the prediction uncer-tainty for any set of uncertain input parameters, whereas in Section 2.8.5 it was used to eval-uate the uncertainty of the calculated system response during an inversion, as a result of theuncertainty of the best-estimate parameter set.Linear uncertainty analysis has the following advantages and disadvantages:AdvantagesThe uncertainties in the model predictions can be described in a compact way by means ofthe covariance matrix

Ĉzẑ

, i.e., results are easy to understand and convenient to report;Correlations among the parameters are taken into account;The output covariance matrix

contains correlations among model predictions;FOSM is computationally inexpensive, requiring

n+ 1

forward simulations.DisadvantagesThe uncertainty in the input parameters are expected to be accurately described by acovariance matrix

Cpp

If parameters are highly uncertain, the linearity assumption may be violated;FOSM assigns probabilities to physically unreasonable system responses, i.e., FOSMshould not be used to analyze extreme events in the tail of the distribution.An alternative to FOSM uncertainty propagation analysis is to perform Monte Carlo simu-lations. Monte Carlo (MC) requires repetitive solution of the simulation model, with theparameters randomly sampled from their suspected probability distributions. The outputfrom MC runs is then used to analyze the statistical properties of the resulting distribution,which represents the uncertainty of the model predictions. The procedure is summarized inTable 2.8.7.1.Table 2.8.7.1. Monte Carlo Simulations Step 1:Define probability distribution for all uncertain input parameters.

Step 2:Randomly sample parameter values from the defined distributions.

Step 3:Combine sampled parameter values randomly to obtain a parameter vector.

Step 4:Run simulation and store the results.

Step 5:Repeat Steps (2) through (4)

nMC

Step 6:Perform statistical analyses (histogram, moments) of ensemble of model output.

iTOUGH2 USER�S GUIDE77THEORYTo consider correlations among the parameters, the random combination of parameter valuesin Step 3 must be modified such the covariance function is correctly repoduced (see, forexample, Kitter¿d and Gottschalk [1997]).How many Monte Carlo runs should be performed? The number of Monte Carlo simulations

nMC

can be considered sufficient if:The selected probability density function of the input parameters is reasonably wellapproximated by the histogram of the randomly generated parameter values.The histogram of the model predictions allows for a statistical analysis. That meansthat a sufficient number of realizations (simulation results) should fall within each inter-val used to calculate probabilities. For example: The probability that the model predic-tion

zi

falls within the interval

[a , b ]

is approximated by:

G[a,b] = Pr ( a £ zi £ b ) » number of realizations in interval [ a , b ]total number of Monte Carlo simulations = n [ a , b ]nMC

Therefore, the minimum number of Monte Carlo simulations,

nMC,min

, should be largeenough so that

G[a ,b ]

remains constant, i.e., independent of

. This condition isfulfilled for relatively small values of

in the case of intervals around the mean,where

n[a ,b ]

is usually large due to the high probability density. However, if one isinterested in the tail of the distribution, then the number of Monte Carlo simulationsrequired is much higher.The minimum number of Monte Carlo simulations must be increased if the number ofuncertain parameter increases because more parameter combinations are possible.From experience, the number of Monte Carlo simulations can be as low as 50 and ashigh as 2000 or greater.Uncertainty propagation analysis by means of Monte Carlo simulations has the followingadvantages and disadvantages:AdvantagesAny distribution (uniform, normal, log-normal, exponential, any arbitrary histogram) canbe chosen to describe parameter uncertainty;No assumption is made about the distributional form of the model output, i.e., a fulldistribution of the predictions is obtained; Monte Carlo is termed a full distributionanalysisNonlinearities are inherently taken into account;Results from Monte Carlo simulations are always in the physically feasible range.

iTOUGH2 USER�S GUIDE78THEORYDisadvantagesResults from Monte Carlo simulations are difficult to report because they usually don�tfollow a normal distribution;Since the combination of parameter values in Step 3 (see Table 2.8.7.1) is random, nocorrelations between parameters are included;Monte Carlo simulations are computationally expensive.EXAMPLEA short example illustrates the differences between the linear FOSM uncertainty propaga-tion analysis and Monte Carlo simulations. As indicated above, for small standard deviationsof the input parameters, and for model output that can be well approximated by a linear func-tion of the parameters within the range of the error band, FOSM is a fast method to calculatea measure of prediction uncertainty that is easy to report. If the model is highly nonlinear,and the uncertainties of the input parameters are large, Monte Carlo simulations have to beperformed to examine many parameter combinations according to their probabilities. MonteCarlo simulations provide the full distribution of the model output at the selected points inspace and time. The Monte Carlo method is very flexible in handling non-Gaussian distribu-tions of both input parameters and output variables, but it is computationally expensive andthe results are difficult to report.Both approaches are compared using a synthetic laboratory experiment consisting of threeparts: (1) injection of water into a partially saturated sand column under constant pressure for300 seconds; (2) injection of gas for 150 seconds, followed by (3) a 150-second shut-inrecovery period. The experiment is described in Finsterle [1999c; Problem 1].The standard deviations of three uncorrelated input parameters�the logarithm of theabsolute permeability, porosity, and the initial gas saturation in the soil column�are assumedto be 0.1, 0.05, and 0.05, respectively. As a result of parameter uncertainty, the predictionof the pressure at the center of the column will also be uncertain.The results from both the FOSM and Monte Carlo uncertainty analyses are visualized inFigure 2.8.7.1. While the linear FOSM analysis gives a reasonable estimate of predictionuncertainty for most parts of the experiment, the Monte Carlo simulations reveal an asymme-try of the output distribution in the period where nonlinear effects prevail. Note that FOSManalysis assigns a certain probability to pressure responses that are below 1 bar, which isphysically not possible in this experiment. The Monte Carlo simulations naturally stay awayfrom this lower bound. The highest pressures were achieved with a parameter combinationof low permeability, high porosity, and low initial gas saturation.

iTOUGH2 USER�S GUIDE79THEORY

0102030405060

900100010101020

1030^{1040010500106001070}_{Time[sec]}

Presure[Pa] waterinjection gasinjectionrecovery

MonteCarlorealizations95%FOSMerorbandFigure 2.8.7.1. Comparison between FOSM and Monte Carlo uncertainty propagationanalyses.RELATED iTOUGH2 COMMANDSLinear error propagation analysis is invoked by command >>>˚FOSM, where thestandard deviations of the input parameters are provided either through the appropriatefourth-level commands in block >˚PARAMETER, or�if correlations among the parametersare to be specified�as a full covariance/correlation matrix (see keyword MATRIX). TheJacobian matrix can be calculated using either >>>˚FORWARD or >>> CENTERED finitedifferences.Monte Carlo simulations are invoked using command >>> MONTE CARLO and itskeywords. By default, the input parameters are sampled from a normal distribution in therange indicated by command >>>˚RANGE, with the initial parameter guess as the mean, andwith the standard deviation provided through the appropriate fourth-level commands in block>˚PARAMETER. Adding command >>>>˚LOGARITHM makes iTOUGH2 sample from alog-normal distribution, and command >>>>˚UNIFORM chooses a uniform distribution forthe corresponding input parameter. The total number of Monte Carlo simulations,

nMC

, isgiven through command >>>˚SIMULATIONS. A special plot file is created for convenientplotting of Monte Carlo runs; the corresponding file name contains the label �_mc�.

iTOUGH2 USER�S GUIDE80OUTPUT3.iTOUGH2 OUTPUT3.1IntroductionThe inverse modeling capabilities outlined in Section 2, which include sensitivity analy-sis, parameter estimation, and uncertainty propagation analysis, are implemented intoiTOUGH2. iTOUGH2 requires the user to supply a standard TOUGH2 input file, whichdescribes the forward problem, and an iTOUGH2 input file, which identifies the parametersto be estimated, the observations against which to calibrate the model, as well as variousprogram options. The report �iTOUGH2 Command Reference� [Finsterle, 1999b] as well asthe web site http://www-esd.lbl.gov/iTOUGH2 contain descriptions of alliTOUGH2 commands. Full iTOUGH2 applications are discussed in Finsterle [1999c].An iTOUGH2 run produces a standard TOUGH2 output file and a number of iTOUGH2output files. In this section, the main iTOUGH2 output file is described, mainly by makingreference to equations discussed in Section 2. The contents of an iTOUGH2 output filechange depending on the selected options. The one shown in this section is a typical outputfile produced by running an inversion for parameter estimation. The related inverse problemis described in Finsterle [1999c; Problem 3]. Line numbers have been added to the outputfile to facilitate easy referencing in the text. While an iTOUGH2 output file should be viewedand printed with a width of 132 columns, it was reformatted here to fit the width of the page.Omissions are indicated with �(...)�. Information not to be found in the output file butadded for clarification (e.g., column numbers, comments) is printed in italics. Also note thatthe contents of an iTOUGH2 output file are frequently modified as the code is improved.3.2HeaderFigure 3.2.1 shows the iTOUGH2 header information. It identifies the version of thecode with version number, date, and computer architecture for which the program wascompiled (Line 11). �Line 15 indicates the time when the run was started, followed by theiTOUGH2 and TOUGH2 input file names and the working directory. The temporary direc-tory is usually deleted at the end of a run, but may be saved using command option-no_delete (see Section 6.2). Note that additional input files may have been provided(e.g., TOUGH2 input files MESH, INCON, and GENER, or iTOUGH2 data files). Thenames of these files must be provided on the Unix command line (see Section 6.2), which isreproduced later in the output (see Figure 3.3.4, Line 136). The number of the equation-of-state (EOS) module is given along with a list of valid component and phase names. These arethe names to be used in conjunction with commands and keywords COMPONENT andPHASE, respectively. Lines 27 and 31 indicate that portions of the iTOUGH2 input file werecommented out using �/*� and �*/�. Line 29 indicates that Line 717 of the iTOUGH2 inputfile was ignored because of a �#� sign in the first column.

iTOUGH2 USER�S GUIDE81OUTPUT

1@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@ 2@@ 3@@@@@@@@@@@@@@@@@@@@@ 4@@@@@@@@@@@@ 5@@@@@@@@@@@@@@@@@ 6@@@@@@@@@@@@@@ 7@@@@@@@@@@@@@@@@@@@ 8@@ 9@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@@10 11iTOUGH2V4.0(JANUARY9,1999)FORSUNWORKSTATION,S.FINSTERLE12 COPYRIGHT1999,REGENTS,UNIVERSITYOFCALIFORNIA

13 14================================================================================15>>>>>>>>>>>>>3-Nov-9810:54<<<<<<<<<<<<<16================================================================================17iTOUGH2INPUTFILE:sam3p1i18TOUGH2INPUTFILE:sam319WORKINGDIRECTORY:/m/presto/u/finster/itough2/samples/sample320TEMPORARYDIRECTORY:/m/presto/u/finster/it2_2413521EQUATIONOFSTATEMODULENO.:1-Pureandtracedwaterinliquid,(...) 22COMPONENTS:WATERTRACERHEAT23PHASES:VAPORLIQUID24TOUGH2TITLE:sam3:Fivespotinjection/productionin(...) 25================================================================================26 27---Lines700to703skipped.28 29---Line717ignored.30 31---Lines722to731skipped.Figure 3.2.1. i T O U G H 2 h e a d e r i n f o r m a t i o n . 3.3Printout of iTOUGH2 InputThis section of the output file reiterates the information specified in the iTOUGH2 inputfile. The output follows the main structure of the iTOUGH2 input file, with three sectionsdescribing (1) the parameters to be estimated, (2) the observations used for calibration, and(3) the program options. In addition, some information is given regarding the computersystem used.Figure 3.3.1 shows the list of parameters to be estimated. The first column indicates theorder of the parameters as given in the iTOUGH2 input file. The second column contains aninternal parameter identifier. The annotation given in the third column is either specified bythe user (see command >>>>˚ANNOTATION) or internally generated. The parameter typeis shown in the fourth column, followed by a flag indicating whether the parameter value, itslogarithm, or a multiplication factor is estimated. Most parameters refer to a rock type. Ifmore than one rock type is given, the material name is followed by a �+� sign and the numberof additional rock types specified. The actual list of rock types is provided below (see Lines55—60). The prior parameter value is given in the seventh column. A �@� sign indicates thatthe initial guess is different from the prior information value. The initial guess is not reiteriTOUGH2 USER�S GUIDE82OUTPUTated here, but can be seen later as the first parameter set starting minimization (see Figure3.4.1, Line 160). The eighth column contains the standard deviations that weigh priorinformation, i.e., the square roots of the first

n

diagonal elements of covariance matrix

Czz

Equation (2.5.3.1). In this example, prior information is not weighted. Lower and upperbounds are indicated in Columns 9 and 10. The step size taken at each iteration during theminimization process can be limited for each parameter individually (see Section 2.7.9). Nosuch maximum step size is given for parameters No. 2 and 5. This does not mean, however,that their step sizes are not restricted by the global step-size criterion, Equation (2.7.9.1), ifsuch a criterion were specified. Finally, certain parameters are further categorized by one ormore indices, as indicated in the last column. For example, the parameter representing thelogarithm of the absolute permeability refers to one or multiple flow directions, indicated byone or multiple numbers between 1 and 3 in Column 12. 32

33=================================================================================34INPUT35=================================================================================36 37 38PARAMETERS39==========40 1 2 3 4 5 6 7 8 9 10 11 12

41---------------------------------------------------------------------------------42#IDANNOTATIONPARAMETERVLFROCKSPRIORSDEVL-BOUNDU-BOUNDM-STEPP43---------------------------------------------------------------------------------4412PERMEABILITYABS.PERM.LFRACT-.130E+2N/W-.18E+2-.12E+2.10E+134526POROSITYFRACTPOROSITYVFRACT.500E+0@N/W.50E-1.90E+0UNLIM146316SPECIFICHEATSPEC.HEATVFRACT+1.800E+3N/W.10E+3.90E+4.10E+3147415HEATCOND.HEATCOND.VFRACT+1.250E+1N/W.10E+1.50E+1.50E+014859FRACT.SPACINGMINCPAR.V-----.200E+2N/W.10E+2.50E+3UNLIM24967RESERVOIRTEMPINIT.COND.VDEFAU.250E+3N/W.20E+3.40E+3.40E+2150---------------------------------------------------------------------------------51@indicatesthatinitialguessisdifferentfrompriorinformation52---------------------------------------------------------------------------------53 54 55---------------------------------------------------------------------------------56#DEFINITIONOFMULTIPLEMATERIALS/SOURCES57---------------------------------------------------------------------------------583FRACT+1=FRACT+MATRX594FRACT+1=FRACT+MATRX60---------------------------------------------------------------------------------61Figure 3.3.1. Parameters selected for estimation; N/W means taht prior information is notFigure 3.3.2 shows the output that provides information about the calibration points atw h i c h t h e o b s e r v e d a n d c a l c u l a t e d s y s t e m r e s p o n s e i s c o m p a r e d . F i r s t c o m e s a l i s t o f calibration times as specified in block >>˚TIMES. These points are usually not identicalwith the actual times at which data were collected; these are the times at which model output isprovided for comparison against measured or interpolated data.

iTOUGH2 USER�S GUIDE83OUTPUT 62

63OBSERVATIONS 64============ 65 66TIMES[a] 67----------- 680.1000000E+000.2000000E+000.3000000E+000.4000000E+000.5000000E+00 690.6000000E+000.7000000E+000.8000000E+000.9000000E+000.1000000E+01 700.1100000E+010.1200000E+010.1300000E+010.1400000E+010.1500000E+01 710.1600000E+010.1700000E+010.1800000E+010.1900000E+010.2000000E+01 720.2100000E+010.2200000E+010.2300000E+010.2400000E+010.2500000E+01 730.2600000E+010.2700000E+010.2800000E+010.2900000E+010.3000000E+01 740.3100000E+010.3200000E+010.3300000E+010.3400000E+010.3500000E+01 750.3600000E+010.3700000E+010.3800000E+010.3900000E+010.4000000E+01 760.4100000E+010.4200000E+010.4300000E+010.4400000E+010.4500000E+01 770.4600000E+010.4700000E+010.4800000E+010.4900000E+010.5000000E+01 78 79 1 2 3 4 5 6 7 8 9 10 11

80--------------------------------------------------------------------------------- 81SETANNOTATIONTYPEELEM/CONNSDEVMIN/MAXTIMELVMSDATAPOINTSFACTORIOBS 82--------------------------------------------------------------------------------- 831P.INJECT.PRES.AA1.20E+6.10E+0.60E+1VDATA:60.10E+61 842P.PRODUCT.PRES.KA1.20E+6.10E+0.60E+1VDATA:60.10E+61 853P.OBS.1PRES.DB1.20E+6.10E+0.60E+1VDATA:60.10E+61 864P.OBS.2PRES.GC1.20E+6.10E+0.60E+1VDATA:60.10E+61 875T.PRODUCT.TEMP.KA1.50E+1.10E+0.60E+1VDATA:60.10E+1 886T.OBS.1TEMP.DB1.50E+1.10E+0.60E+1VDATA:60.10E+1 897T.OBS.2TEMP.GC1.50E+1.10E+0.60E+1VDATA:60.10E+1 908WATERPROD.Q-LIQ.JA1KA1.20E+0.10E+0.60E+1VDATA:60-.10E+1 919VAPORPROD.Q-VAP.JA1KA1.10E-1.10E+0.60E+1VDATA:60-.10E+1 92--------------------------------------------------------------------------------- 93 94 95------------------------------------------------- 96Numberofdatasets:9 97Numberofcalibrationtimes:50 98Numberofparameters:6 99Numberofparameterswithpriorinfo.:0 100NumberofPRESSURE:200 101NumberofFLOWRATE:100 102NumberofTEMPERATURE:150 103---- 104Totalnumberofobservations:450 105==== 106Degreeoffreedom:444 107------------------------------------------------- 108Figure 3.3.2. Observations available for calibration.Lines 83—91 list the data sets, with their user-specified annotations (Column 2), and theirdata type. The fourth column contains one or multiple gridblock names, identifying theelement or connection representing the location to which the data refer. The standard devia-tion shown in the fifth column is the square root of a constant variance that is assigned to alldiagonalelementsofmatrix

Czz

, referring to the corresponding data set. Note that constantmeasurement errors are specified using commands >>>>˚VARIANCE, >>>>DEVIATION>>>>˚WEIGHT and >>>>˚AUTO. If a measurement error is specified as afraction of the observed value, this will also be indicated in Column 5. Any diagonal element

iTOUGH2 USER�S GUIDE84OUTPUTof

Czz

can also be provided individually either through the data file (see command>>>>˚COLUMNS) or using command >> COVARIANCE. These latter two cases are,however, not reflected in Column 5. Columns 6 and 7 contain the minimum and maximumtime, respectively, at which data are available. These time limits are given either by the datathemselves, or when a time window is specified. They are affected by the time units speci-fied for each data set, and by command >>>> SHIFT TIME. Column 8 indicates whetherthe calculated value itself or its logarithm will be used for comparison to the data (seecommand >>>>˚LOGARITHM˚(o)). Furthermore, if multiple elements or connections areprovided, either the sum (see command >>>>˚SUM) or the mean (see command>>>>˚AVERAGE) of the variables calculated at these locations will be used for calibration.Column 9 shows the data definition. In most cases, the data are given as a time series, i.e., alist of times versus observed values. The number of data points read is indicated inColumn9. It is affected by command >>>> PICK. Column 10 shows the factor specifiedto convert the observed data to the standard units used in for further specification of an observation, identifying, for example, whether the observedpressure refers to the gas or capillary pressure.Lines 96—104 summarize the calibration points available. The total number of data setsgiven on Line 96 is usually identical with the number of points in space, i.e., each data setprovides a time series of observations at a certain location. As mentioned above, the totalnumber of calibration times solely refers to the number of times specified in the iTOUGH2input file, and may be different from the number of times at which data were collected. Thetotal number of parameters is reported here since they may serve as additional data points(prior information). Because no standard deviations are provided for the parameters, they arenot included as prior information. Here, the model will be calibrated simultaneously againstpressure, flow rate, and temperature measurements. The 150 temperature measurements, forexample, consist of data at 3 locations, each calibrated at 50 points in time. The degree offreedom (Line 106) is the difference between the total number of observations and thenumber of parameters to be estimated.Figure 3.3.3 shows a summary of the computational parameters and the selected programoptions. Line 136 contains the arguments submitted to the Unix script file named on Line135. It would indicate all the additional file names provided for a specific run; no such fileswere specified in this case. The information about the computer system (see Figure 3.3.4)varies depending on the system calls made from subroutines in file mdep$COMP.f, where$COMP is the name of a computer platform.

iTOUGH2 USER�S GUIDE85OUTPUT 109

110COMPUTATIONALPARAMETERS111========================112 113Application:Levenberg-Marquardt114MaximumnumberofiTOUGH2iterations:10115MaximumnumberofTOUGH2simulations:9999116Maximumnumberofuphillsteps:10117Maximumsizeofscaledparameterstep:0.10000E+01118InitialLevenbergparameter:0.10000E-01119Marquardtparameter:0.10000E+02120FinitedifferencequotientforJacobian:6forward->centered121Incrementfactorforcomputingderivatives:0.10000E-01122Varianceforerroranalysis:FisherModelTest123Formatofplotfile:Tecplot124ObjectiveFunction:Least-Squares125Automaticallyselectparameterif:126-relativesensitivityisgreaterthan:-0.05000127-independencemeasureisgreaterthan:0.00000128Revisitselectioncriteriaevery3iterations129Figure 3.3.3. Summary of computational parameters and selected program options. 130

131COMPUTERSYSTEM132===============133 134Machinetype:SUNWorkstation135UNIXscriptfilename:/m/presto/u/finster/bin/itough2136UNIXcommandlinearguments:sam3p1isam31137Hostname:presto.lbl.gov138Username:notavailable139Executable:(...)/itough2/itough2_1.(...) 140ComputerisasfastasaSUNULTRA1141 142 143---EndofiTOUGH2inputjob:736linesread,0.66CPU-secondsused144Figure 3.3.4. Information about the computer system used.

iTOUGH2 USER�S GUIDE86OUTPUT3.4Printout From Minimization AlgorithmThe next section of the output file contains printout from the minimization algorithm. Themessages depend on the minimization method chosen, the solution path taken, and theconstraints imposed. Figure 3.4.1 shows an example from the Levenberg-Marquardt mini-mization algorithm, with the parameters automatically being chosen using the sensitivitycriterion (see Equations (2.7.9.2) through (2.7.9.4), and Figure 3.3.3, Lines 125—128).The value of the objective function obtained with the initial parameter set is shown onLines 160—161. The 394th element of the residual vector yielded the maximum squaredweighted residual. This element is related to the injection pressure after 4.4 years, as can beseen from the list of residuals discussed below (see Figure 3.7.1). The parameters shown onLines 160—161 are identical to the prior information values previously reported (see Figure3.3.1, Lines 44—49). An exception is the second parameter, porosity, which was marked onLine 45 (see Figure 3.3.1) as a parameter with an initial guess different from its prior infor-mation value.Next, the gradient of the objective function, Equation (2.7.2.3), is calculated usingforward finite differences, Equation (2.7.2.10a). Automatic parameter selection was invoked(Lines 164—174). According to the sensitivity criterion (2.7.9.3), the initial reservoirtemperature is the only sensitive parameter worth updating; all the other parameters aretemporarily deactivated. The Levenberg-Marquardt algorithm proposes to increase the initialreservoir temperature by 62˚ßC. However, the user has limited the step to a maximum of40˚ßC, as previously noted (see Figure 3.3.1, Line 49). As a consequence of automaticparameter selection and step size limitation, only the sixth element of the parameter vector isupdated by 40, as indicated on Line 179. The new parameter set (Lines 180—181) leads to arather significant reduction of the objective function from the initial value shown on Line 160to the value given on Line 180. This concludes the first iteration. Similar output is generatedfor each additional iteration (not shown).Lines 256—273 show a sequence of unsuccessful attempts to reduce the objectivefunction. After each unsuccessful step, the Levenberg parameter is increased by a factor of10, which is the Marquardt parameter given on Line 119 of Figure 3.3.3. Increasing theLevenberg parameter effectively reduces the length of the step and changes its orientation (seeTable 2.7.4.1). After four unsuccessful steps, the objective function was finally reduced,completing the fifth iteration.Since the parameter selection criterion is relaxed with each iteration according to Equation(2.7.9.4), all parameters are updated for the last iteration as shown on Lines 370—380.Centered finite differences (Line 368) were used to more accurately calculate the Jacobianmatrix for the last few iterations and to provide a better basis for the subsequent error analysis(see also Figure 3.3.3, Line 120). A final step in the parameter space is performed, leadingto the best-estimate parameter set. This inversion was terminated by reaching the maximumnumber of iterations (Line 388), as specified by the user (see Figure 3.3.3, Line 114).

iTOUGH2 USER�S GUIDE87OUTPUT 145

146=================================================================================147OUTPUT148=================================================================================149 150 151LEVENBERG-MARQUARDTALGORITHM152 153I=NEWITERATIONJ=JACOBIANS=STEPU=UNSUCC.STEP154PS=PARAMETERSELECTIONPU=PARAMETERUPDATEB=BOUNDSM=MESSAGE155 156---------------------------------------------------------------------------------157ITERTOUGH2OBJFUNC.MAX.RES.EQU.PERMEABILITYPOROSITYFRACTSPECIFICHEAT158HEATCOND.FRACT.SPACINGRESERVOIRTEMP.159---------------------------------------------------------------------------------160>I010.14300E+060.104E+4394-0.130000E+020.250000E+000.800000E+031610.250000E+010.200000E+020.250000E+03162J1Gradient=0.92100E+04(forward)163--------------------------------------------------------------------164AutomaticParameterSelection165--------------------------------------------------------------------166ParameterRel.SensitivityIndependenceStatus167CriticalValue0.05000.0000168--------------------------------------------------------------------1691PERMEABILITY0.0212-0.7439deactivated1702POROSITYFRACT0.0000-0.9340deactivated1713SPECIFICHEAT0.0048-0.4608deactivated1724HEATCOND.0.0001-0.0848deactivated1735FRACT.SPACING0.0002-0.0785deactivated1746RESERVOIRTEMP.1.0000+0.9653active175--------------------------------------------------------------------176MSParam.No.6:RESER.TEMP.Step=0.616E+2exceedsmax.stepsize=0.400E+2177SStepsize=0.40E+2Scaledstepsize=0.16E+0Levenbergparameter=0.10E-1178PUParameterupdate:0.000000E+000.000000E+000.000000E+001790.000000E+000.000000E+000.400000E+02180>I190.38033E+050.764E+315-0.130000E+020.250000E+000.800000E+031810.250000E+010.200000E+020.290580E+03 ... (...)

256MSParam.No.4:HEATCOND.Step=-0.119E+1exceedsmax.stepsize=-0.500E+0257SStepsize=0.64E+2Scaledstepsize=0.23E+0Levenbergparameter=0.10E-5258U1.unsuccessfulstep!F(k+1)/F(k)=0.101937E+01259MSParam.No.4:HEATCOND.Step=-0.119E+1exceedsmax.stepsize=-0.500E+0260SStepsize=0.64E+2Scaledstepsize=0.23E+0Levenbergparameter=0.10E-4261U2.unsuccessfulstep!F(k+1)/F(k)=0.101923E+01262MSParam.No.4:HEATCOND.Step=-0.118E+1exceedsmax.stepsize=-0.500E+0263SStepsize=0.63E+2Scaledstepsize=0.23E+0Levenbergparameter=0.10E-3264U3.unsuccessfulstep!F(k+1)/F(k)=0.101762E+01265MSParam.No.4:HEATCOND.Step=-0.113E+1exceedsmax.stepsize=-0.500E+0266SStepsize=0.61E+2Scaledstepsize=0.23E+0Levenbergparameter=0.10E-2267U4.unsuccessfulstep!F(k+1)/F(k)=0.100364E+01268MSParam.No.4:HEATCOND.Step=-0.784E+0exceedsmax.stepsize=-0.500E+0269SStepsize=0.50E+2Scaledstepsize=0.21E+0Levenbergparameter=0.10E-1270PUParameterupdate:0.804699E-020.133708E-010.503350E+02271-0.500000E+00-0.418822E-01-0.347546E+00272>I5310.12689E+040.105E+360-0.142207E+020.263371E+000.101722E+042730.240071E+010.396282E+020.299815E+03 ... (...)

Figure 3.4.1. Output from Levenberg-Marquardt minimization algorithm.

iTOUGH2 USER�S GUIDE88OUTPUT 368 J 10 Gradient = 0.33632E+03 (centered)

369--------------------------------------------------------------------370AutomaticParameterSelection371--------------------------------------------------------------------372ParameterRel.SensitivityIndependenceStatus373CriticalValue0.00000.0000374--------------------------------------------------------------------3751PERMEABILITY0.1437+0.9189active3762POROSITYFRACT0.0067+0.6146activated3773SPECIFICHEAT0.2968+0.1120active3784HEATCOND.0.1393+0.0816active3795FRACT.SPACING0.2299+0.1406active3806RESERVOIRTEMP.1.0000+0.8275active381--------------------------------------------------------------------382SStepsize=0.88E+2Scaledstepsize=0.76E+0Levenbergparameter=0.10E-2383PUParameterupdate:0.345031E-030.183997E+00-0.880571E+023840.968430E-01-0.332190E+010.294084E-01385>IBestfitparameterset:-0.142203E+020.447367E+000.948594E+033860.280089E+010.547089E+020.300218E+03387 388CMaximumnumberofiterationsreached.MITER=10-->Terminate!389Figure 3.4.1. (cont.) Output from Levenberg-Marquardt minimization algorithm.3.5Printout From Sensitivity AnalysisThe next section of the output file contains the scaled sensitivity matrix and the aggregatesensitivity measures discussed in Section 2.8.2. Figure 3.5.1 shows an excerpt from thescaled sensitivity matrix, with elements given by Equation (2.8.2.1). Each column refers to aparameter, and each row represents an observation, with prior information occupying the first

n

rows. Since prior information is not weighted, the corresponding sensitivity coefficientsare zero. The elements of the Jacobian matrix (Equation 2.7.2.4) are obtained by multiplyingthe scaled sensitivity coefficient with the standard deviation of the corresponding observation(see Figure 3.3.2, Lines 83—91, Column 5), and by dividing it by the expected parametervariation (see Figure 3.5.3, Column 3). Alternatively, command >>>˚SENSITIVITY canbe used to print the unscaled sensitivity matrix. The last column in Figure 3.5.1 contains thesum of the absolute values of the scaled sensitivity coefficients over all columns of a row,i.e., it is the aggregate sensitivity measure

ai

(Equation 2.8.2.2), indicating the potentialcontribution of each calibration point to the inverse problem.

iTOUGH2 USER�S GUIDE89OUTPUT 390

391SensitivityAnalysis392--------------------393 394ElementSijofthescaledsensitivitymatrixisthepartialderivativeofthe calculatedsystemresponseziwithrespecttoparameterpj,395scaledbyinversesoftherespectivestandarddeviations:396 397dz*sigma(p)398ij399S=---------------400ijdp*sigma(z)401ji402 403 404obervationtime 1 2 3-6

405PERMEABILITYPOROSITY(...)Total4061PERMEABILITY0.00000E+000.00000E+00(...)0.00000E+004072POROSITYFRACT0.00000E+000.00000E+00(...)0.00000E+004083SPECIFICHEAT0.00000E+000.00000E+00(...)0.00000E+004094HEATCOND.0.00000E+000.00000E+00(...)0.00000E+004105FRACT.SPACING0.00000E+000.00000E+00(...)0.00000E+004116RESERVOIRTEMP.0.00000E+000.00000E+00(...)0.00000E+004127P.INJECT0.1-0.86315E+01-0.71697E-01(...)0.14688E+024138P.INJECT0.2-0.88301E+01-0.50854E-01(...)0.14818E+024149P.INJECT0.3-0.89879E+01-0.39032E-01(...)0.14870E+0241510P.INJECT0.4-0.88552E+01-0.26367E-01(...)0.14947E+0241611P.INJECT0.5-0.89262E+01-0.29528E-01(...)0.15129E+0241712P.INJECT0.6-0.90259E+01-0.28070E-01(...)0.15303E+0241813P.INJECT0.7-0.91199E+01-0.25602E-01(...)0.15401E+0241914P.INJECT0.8-0.91994E+01-0.24324E-01(...)0.15478E+0242015P.INJECT0.9-0.92716E+01-0.23412E-01(...)0.15548E+02(...) 46257P.PRODUC0.10.20721E+02-0.10753E+00(...)0.26841E+0246358P.PRODUC0.20.20751E+02-0.52436E-02(...)0.26758E+0246459P.PRODUC0.30.21173E+020.22315E-01(...)0.27240E+0246560P.PRODUC0.40.26601E+020.20814E-01(...)0.38486E+0246661P.PRODUC0.50.21822E+02-0.28815E+00(...)0.34494E+0246762P.PRODUC0.60.18871E+020.24173E-01(...)0.25370E+0246863P.PRODUC0.70.19345E+020.11348E-01(...)0.25633E+0246964P.PRODUC0.80.19473E+02-0.21395E-02(...)0.25777E+0247065P.PRODUC0.90.19510E+02-0.51889E-02(...)0.25834E+02(...) 851446VAPORPRO4.00.22503E+020.47209E-01(...)0.27378E+02852447VAPORPRO4.10.22478E+020.50432E-01(...)0.27728E+02853448VAPORPRO4.20.22430E+020.55152E-01(...)0.28109E+02854449VAPORPRO4.30.22372E+020.60786E-01(...)0.28517E+02855450VAPORPRO4.40.22313E+020.66910E-01(...)0.28949E+02856451VAPORPRO4.50.22258E+020.73230E-01(...)0.29405E+02857452VAPORPRO4.60.22210E+020.79779E-01(...)0.29884E+02858453VAPORPRO4.70.22171E+020.86491E-01(...)0.30385E+02859454VAPORPRO4.80.22143E+020.93112E-01(...)0.30908E+02860455VAPORPRO4.90.22127E+020.99762E-01(...)0.31451E+02861456VAPORPRO5.00.22124E+020.10646E+00(...)0.27346E+02862Figure 3.5.1. S c a l e d s e n s i t i v i t y m a t r i x .

iTOUGH2 USER�S GUIDE90OUTPUT 1321

1322Contributionsofdatatosetsparametersensitivity1323---------------------------------------------------

1324

1325123451326P.INJECT.P.PRODUC.P.OBS.1P.OBS.2T.PRODUC.

13271PERMEABILITY0.48563E+30.11085E+40.12314E+30.54652E+20.50155E+3

13282POROSITYFRACT0.94417E+00.17972E+10.66888E+00.50871E+00.81130E+0

13293SPECIFICHEAT0.96928E+00.98518E+10.70927E+00.69971E+00.45125E+1

13304HEATCOND.0.54330E+00.83641E+10.52197E+00.51636E+00.38202E+1

13315FRACT.SPACING0.32530E+10.41695E+20.28610E+10.28355E+10.19021E+2

13326RESERVOIRTEMP.0.29654E+30.30371E+30.29800E+30.29815E+30.13708E+3

1333

133467891335T.OBS.1T.OBS.2WATERPRODVAPORPROD

13361PERMEABILITY0.69771E-10.22367E-10.60649E+20.12120E+4

13372POROSITYFRACT0.22391E+00.18904E-10.35593E+00.82275E+1

13383SPECIFICHEAT0.13286E+10.12533E-20.16705E+10.33329E+2

13394HEATCOND.0.10026E+10.11835E-20.15066E+10.30073E+2

13405FRACT.SPACING0.50529E+10.64648E-20.75294E+10.14998E+3

13416RESERVOIRTEMP0.98569E+20.99992E+20.14440E+20.28651E+3

1342

1343SumofSensitivityCoefficients1344-------------------------------

1345 1 2 3 4 5

1346-----------------------------------------------------------------------------1347PARAMETER/OBSERVATIONTOTALVARIATIONSENS.OUTPUTSENS.OBJ.F.

1348-----------------------------------------------------------------------------

1349PERMEABILITY:0.70926E+040.50000E+000.35463E+040.40542E+01

1350POROSITYFRACT:0.67783E+020.20000E+000.13557E+020.18943E+00

1351SPECIFICHEAT:0.10614E+010.50000E+020.53072E+020.83725E+01

1352HEATCOND.:0.23175E+030.20000E+000.46350E+020.39291E+01

1353FRACT.SPACING:0.23224E+020.10000E+020.23224E+030.64866E+01

1354RESERVOIRTEMP.:0.18330E+030.10000E+020.18330E+040.28209E+02

1355-----------------------------------------------------------------------------

1356P.INJECTION:0.78790E+03

1357P.PRODUCTION:0.14740E+04

1358P.OBS.1:0.42591E+03

1359P.OBS.2:0.35737E+03

1360T.PRODUCTION:0.66680E+03

1361T.OBS.1:0.10625E+03

1362T.OBS.2:0.10004E+03

1363WATERPROD.:0.86152E+02

1364VAPORPROD.:0.17201E+04

1365-----------------------------------------------------------------------------

1366

Figure 3.5.2. Summary of contributions of data sets to parameter sensitivity.Figure3.5.2containsthetablethatsummarizestherelativecontributionofeachdatasettoeach of the parameters, given by Equation (2.8.2.3). For example, vapor flow rates andpressures measured at the production well contain the most information for the determinationof absolute permeability, whereas temperature measurements in the two remote observationwellsdonotmakeacontributiontotheestimationofthisspecificparameter.The second table in Figure 3.5.2 contains the remaining aggregate sensitivity measures.Theoverallparametersensitivity

d_j

, Equation (2.8.2.5), is given in Column 4, Lines 1349—1354. It is the product of the sum of the absolute sensitivity coefficients scaled by the

iTOUGH2 USER�S GUIDE91OUTPUTmeasurement errors (Column˚2) and the expected parameter variation

s p j

, which is repro-duced in Column 3. The expected parameter variation

s p j

is specified either usingcommand >>>>˚DEVIATION (p), which also weighs prior information, or command>>>>˚VARIATION. If neither of these commands is given, the value given in Column 3 isset to 10% of the initial parameter guess. Note that the only purpose of command>>>>˚VARIATION is to provide

s p j

for the scaling of the sensitivity matrix (Figure3.5.1), and its aggregate measures (Figure 3.5.2);

s p j

does not affect the outcome of theinversion, unless it is also used to weigh prior information. Column 5 shows the sensitivityof the objective function with respect to each parameter, as given by Equation (2.8.2.6). Thelower part of Figure 3.5.2., Lines 1356—1364, lists measure

ck

, Equation (2.8.2.4). It is theoverall sensitivity of each data set. It shows, for example, that the vapor flow data are crucialfor the solution of the inverse problem, whereas the amount of water produced doesn�t seemto be sufficiently sensitive to the parameters of interest. If this sensitivity analysis wereperformed for test design, one could also conclude that the accuracy of the water productionmeasurements would have to be improved by an order of magnitude to be able to make asignificant contribution to the inverse problem at hand.If fewer than 6 parameters are estimated, the information shown in Figure 3.5.2 isdirectly appended to the output of the scaled sensitivity matrix in the format schematicallyshown in Figure 2.8.2.1b.

iTOUGH2 USER�S GUIDE92OUTPUT3.6Printout From Error AnalysisThis section of the iTOUGH2 output deals with the covariance matrix of the estimatedparameter set discussed in Section 2.8.4. Depending on the outcome of the Fisher ModelTest (see Table 2.8.3.1) or the user�s choice, the inverse of the curvature matrix is multipliedwith either the a priori error variance

s 02 = 1

or the a posteriori error variance

s02

, Equation(2.8.3.1). The factor used for the subsequent error analysis is first reported (see Figure3.6.1, Line 1372). Lines 1377—1383 constitute the covariance matrix

Cpp

, Equation(2.8.4.2). The diagonal elements are the variances

s p2

; the covariances are reproduced as thelower triangular matrix, whereas the upper triangular matrix shows the corresponding corre-lation coefficients, Equation (2.8.4.3). These correlation coefficients contain contributionsfrom indirect dependencies, which are difficult to interpret physically. The matrix of directcorrelations, revealing the dependence of pairs of parameters, is shown below, Lines 1388—1394. The calculation of the matrix of direct correlations is described in Section 2.8.4. 1367

1368 ===========================================================================

1369ERRORANALYSIS

1370===========================================================================

1371

1372 Error analysis is based on >>> a posteriori <<< variance: 0.1009964E+01

1373

1374

1375 Covariance(L+D)/Correlation(U) Matrix of Estimated Parameters

1376-------------------------------------------------------------

1377PERM.POROSITYSPECHEATHEATCONDSPACINGTEMP.

1378PERMEABILITY0.413E-5-0.2070.202-0.272-0.266-0.175

1379POROSITYFRACT-0.596E-40.200E-1-0.3620.5760.6570.221

1380SPECIFICHEAT0.201E-1-0.251E+10.241E+4-0.855-0.275-0.060

1381HEATCOND.-0.177E-30.261E-1-0.135E+20.103E+00.7240.125

1382FRACT.SPACING-0.989E-30.170E+0-0.247E+20.426E+00.336E+10.087

1383RESERVOIRTEMP.-0.398E-40.350E-2-0.328E+00.449E-20.179E-10.125E-1

1384

1385

1386 Matrix of Direct Correlations

1387-----------------------------

1388PERM.POROSITYSPECHEATHEATCONDSPACINGTEMP.

1389PERMEABILITY1.0000.1330.2400.225-0.255-0.245

1390POROSITYFRACT0.1331.000-0.529-0.5070.5980.418

1391SPECIFICHEAT0.240-0.5291.000-0.9930.9740.508

1392HEATCOND.0.225-0.507-0.9931.0000.9820.508

1393FRACT.SPACING-0.2550.5980.9740.9821.000-0.515

1394RESERVOIRTEMP.-0.2450.4180.5080.508-0.5151.000

1395

Figure 3.6.1. Covariance matrix of estimated parameter set and direct correlation coeffiiTOUGH2 USER�S GUIDE93OUTPUTLines 1400—1405 of Figure 3.6.2 contain a list with the parameter estimates and theirpriori, conditional, and marginal standard deviations. A value is given in Column 3 only ifprior information of a parameter is weighted using its a priori standard deviation. Theconditional standard deviation indicates the estimation uncertainty assuming that all the otherparameters are perfectly known. The marginal standard deviation given in Column 5 is thesquare-root of the diagonal element of

Cpp

. Column 6 holds

G

, the measure of overall pa-rameter correlation given by Equation (2.8.4.4); the higher its value, the more independentthe estimate. The parameters in this table and the following correlation chart are sorted ac-cording to this criterion. In this example, permeability is the most independent parameter,whereas heat conductivity is strongly correlated to all the other parameters. Column 7 can beinterpreted as a measure of how much has been learned about a specific parameter by per-forming the inversion. Since no prior information was given, i.e., nothing was assumed tobe known about any of the parameters, Column 7 contains only ones in this example. If theuncertainty of a parameter after the inversion is only slightly lower than the a priori standarddeviation, the information gain would have been minimal, resulting in a value close to zero.In the correlation chart, all parameters are connected to each other, where the vertical lineslinking two parameters indicate the correlation coefficient (Line 1411). Since the parametersare sorted according to their overall correlation

G

, the correlation chart displays a pyramid-like structure, with long horizontal lines extending from the most strongly correlated parame-ter at the bottom to shorter lines connecting the most independent parameter at the top. 1396

1397StandardDeviations1398-------------------

1 2 3 4 5 6 7

1399PARAMETERESTIMATEPRIORCONDITIONALMARGINALC/M1-J/P1400PERMEABILITY-0.1422E+2N/A0.1867E-20.2032E-20.9191.000

1401RESERVOIRTEMP.0.3001E+3N/A0.9280E-10.1121E+00.8271.000

1402POROSITYFRACT0.2633E+0N/A0.8702E-10.1415E+00.6151.000

1403FRACT.SPACING0.5745E+2N/A0.2577E+00.1833E+10.1411.000

1404SPECIFICHEAT0.1036E+4N/A0.5503E+10.4914E+20.1121.000

1405HEATCOND.0.2704E+1N/A0.2623E-10.3213E+00.0821.000

1406

1407 1408CorrelationChart1409-----------------

1410

1411-0.8-0.6-0.4-0.20.00.00.20.40.60.81412|-------|-------|-------|-------|PARAMETER|-------|-------|-------|-------|

1413

1414|--||-----|PERM.|------|1415||||1416|||----||TEMP.|-|-|--||

1417|||||||1418|--|--|-----||POROSITY|-|-|--||-------------|--|

1419||||||||1420||--------||SPACING|-|-|--|--------------|--|--|

1421|||||||1422 |-------------------|--|--------||SP.HEAT|---|--|||

1423|||||1424|----------------------|---------|HEATCOND|---|-----------------|-----|

1425

Figure 3.6.2. Standard deviations and correlation chart.

iTOUGH2 USER�S GUIDE94OUTPUTiTOUGH2 performs an eigenanalysis of the estimation covariance matrix. A performanceindex (Line 1429) of less than 1 indicates an accurate eigenanalysis. The condition number(Line 1430) is defined as the ratio of the largest and smallest eigenvalue. It determines thedominance of one eigenvalue over the others, also affecting the accuracy of the eigenanalysis.A large scaled condition number (Line 1431), which is the condition number based on theeigenvalues divided by the corresponding parameter estimates, indicates the presence of along valley in the objective function. The eigenvalues given on Line 1439 represent the actuallengths of the semiaxes of the hyper-ellipsoid. We prefer to analyze the scaled eigenvalues(Line 1447). The parameter associated with the largest scaled eigenvalue is usually the mostuncertain, and�if also strongly correlated�responsible for poor identifiability of allparameter combinations along the corresponding eigenvector, i.e., the respective column ofthe modal matrix shown on Lines 1455—1460. Note that the eigenvectors are normalized. 1426

1427EigenanalysisofCovarianceMatrix1428----------------------------------

1429Performanceindex:0.29851783E-01

1430Conditionnumber:0.69291990E+09

1431Scaledconditionnumber:0.69291990E+05

1432

1433 1434Eigenvalues1435-----------

1436

14371234561438PERM.POROSITYSPECHEATHEATCONDSPACINGTEMP.

14391Eigenvalue:0.3486E-50.9328E-20.2415E+40.6878E-30.3141E+10.1420E-1

1440

1441 1442ScaledEigenvalues1443------------------

1444

14451234561446PERM.POROSITYSPECHEATHEATCONDSPACINGTEMP.

14471Eigenvalue:0.1394E-40.2332E+00.9662E+00.1719E-10.3141E-10.1420E-3

1448

1449 1450Eigenvectors1451------------

1452

14531234561454PERM.POROSITYSPECHEATHEATCONDSPACINGTEMP.

14551PERMEABILITY0.9998E+00.1608E-20.8340E-50.1700E-1-0.2504E-3-0.2003E-2

14562POROSITYFRACT-0.2874E-20.8071E+0-0.1042E-20.1600E+00.4643E-10.5663E+0

14573SPECIFICHEAT-0.8171E-4-0.5880E-30.9999E+00.4587E-20.1078E-10.4976E-3

14584HEATCOND.-0.1611E-1-0.2143E+0-0.5591E-20.9719E+00.9213E-10.2316E-1

14595FRACT.SPACING0.1856E-2-0.1518E-1-0.1027E-1-0.9688E-10.9945E+0-0.3253E-1

14606RESERVOIRTEMP0.4937E-2-0.5498E+0-0.1359E-3-0.1412E+00.4763E-20.8232E+0

1461

1462Figure 3.6.3. Eigenanalysis of estimation covariance matrix.

iTOUGH2 USER�S GUIDE95OUTPUT3.7Printout From Residual AnalysisThe residual analysis has been discussed in Section 2.8.5. We first describe the columnsof the main table shown in Figure 3.7.1. The first column contains the index

i

,

i= 1,K , m

frequently used to refer to a certain calibration point (see, for example, Figures 3.4.1 and3.5.1 as well as specially requested output). The first

n

observations represent prior infor-mation (Lines 1477—1482). In this section of the iTOUGH2 output, the observations aregrouped by data set (i.e., not by time as in the actual residual vector), as can be seen inColumn 2, which labels the data set of the corresponding residual.The calibration time in user-specified units (default: seconds) is shown in Column 3.Columns 4 through 6 contain, respectively, the measured and calculated value and theirdifference, the residual, Equation (2.4.1). For the first

n

rows, Column 4 holds the priorinformation value, and Column 5 the best estimate. Note that the measured value (Column 4)may not be an actually recorded measurement, but a value interpolated between two datapoints. It may also be multiplied by the conversion factor shown in Figure 3.3.2,Column˚10. The computed value (Column 5) is the result from the TOUGH2 simulator; ashift and/or linear trend may have been applied if such parameters were estimated.Column 7 holds the weight

1/ s z

, i.e., the square-root of the reciprocal diagonal elementof matrix

Czz

. For measurement errors that are constant for each data set, the value is thereciprocal of the standard deviation given in Figure 3.3.2, Column 5. Column 8 contains theloss function

w

(see Table 2.6.5.1), i.e., the contribution of the calibration point to the finalobjective function. For least squares, this is the square of the weighted residual,

r2 s z2

.The standard deviation reported in Column 9 is the uncertainty of the simulation result,calculated using Equation (2.8.5.7). It is also the uncertainty of the model prediction whenperforming linear error propagation analysis (FOSM, see Section 2.8.7), i.e., the square-rootof the diagonal element of matrix

Ĉzẑ

, Equation (2.8.7.4). Column 10 holds the reliabilitymeasure

yi

, Equation (2.8.5.9). Local reliabilities less than 0.25 are marked with �*� (see,for example, Line 1887). Finally, the normalized residual, Equation (2.8.5.10), is given inColumn 11. Normalized residuals that exceed the quantile of the normal distribution on thechosen confidence level are marked with � (see, for example, Lines 1573 and 1887); theyshould be checked as potential outliers.The values in all columns (except time in Column 3) are given in standard TOUGH2units.

iTOUGH2 USER�S GUIDE96OUTPUT1463

1464 ==================================================================================

1465 RESIDUALANALYSIS

1466 ==================================================================================

1467

1468 RESIDUAL : Measured - computed

1469 OMEGA:Lossfunction(=squaredweightedresidualforleastsquares)

1470 STD.DEV.:Aposterioristandarddeviationofcomputedsystemresponse

1471 Yi:Localreliability.ObservationswithYi<0.25arepoorlycontrolled.

1472 Wi:Normalizedresidual.If|Wi|>u(0.99)=2.58obs.ispotentialoutlier.

1473

1 2 3 4 5 6 7 8 9 10 11

1474 ----------------------------------------------------------------------------------

1475 #OBSERV.TIME[a]MEASUREDCOMPUTEDRESIDUALWEIGHTOMEGASDEVYiWi

1476 ----------------------------------------------------------------------------------

1477 1PERMEABILITY-.130E+2-.142E+2.122E+1.10E-49.000E+0.203E-2

1478 2POROSITYFRACT.500E+0.263E+0.236E+0.10E-49.000E+0.141E+0

1479 3SPECIFICHEAT.800E+3.103E+4-.236E+3.10E-49.000E+0.491E+2

1480 4HEATCOND..250E+1.270E+1-.204E+0.10E-49.000E+0.321E+0

1481 5FRACT.SPACING.200E+2.574E+2-.374E+2.10E-49.000E+0.183E+1

1482 6RESERVOIRTEMP..250E+3.300E+3-.501E+2.10E-49.000E+0.112E+0

1483 7P.INJECT..10E+0.100E+8.100E+8-.769E+5.500E-5.147E+0.165E+5.99-0.39

1484 16P.INJECT..20E+0.102E+8.101E+8.127E+6.500E-5.407E+0.157E+5.990.64

1485 25P.INJECT..30E+0.101E+8.101E+8.809E+4.500E-5.163E-2.154E+5.990.04

1486 34P.INJECT..40E+0.100E+8.101E+8-.105E+6.500E-5.280E+0.154E+5.99-0.53

1487 43P.INJECT..50E+0.101E+8.101E+8-.483E+5.500E-5.585E-1.155E+5.99-0.24

(...)1533 8 P. PRODUC. .10E+0 .599E+7 .583E+7 .155E+6 .500E-5 .604E+0 .252E+5 .98 0.78

1534 17P.PRODUC..20E+0.582E+7.579E+7.311E+5.500E-5.242E-1.197E+5.990.16

1535 26P.PRODUC..30E+0.598E+7.570E+7.281E+6.500E-5.198E+1.208E+5.991.42

1536 35P.PRODUC..40E+0.582E+7.571E+7.103E+6.500E-5.267E+0.333E+5.970.52

1537 44P.PRODUC..50E+0.561E+7.598E+7-.369E+6.500E-5.341E+1.432E+5.95-1.89

(...)1573 368 P. PRODUC. .41E+1 .502E+7 .560E+7 -.579E+6 .500E-5 .840E+1 .226E+5 .99 -2.92*

(...)1887 51 VAP. PROD. .50E+0 -.214E+0 -.189E+0 -.255E-1 .100E+3 .649E+1 .945E-2 .11*-7.53*

(...)1928 420 VAP. PROD. .46E+1 -.210E+0 -.207E+0 -.264E-2 .100E+3 .701E-1 .134E-2 .98 -0.27

1929 429VAP.PROD..47E+1-.200E+0-.210E+0.972E-2.100E+3.946E+0.150E-2.980.98

1930 438VAP.PROD..48E+1-.223E+0-.213E+0-.102E-1.100E+3.105E+1.170E-2.97-1.04

1931 447VAP.PROD..49E+1-.215E+0-.216E+0.529E-3.100E+3.280E-2.193E-2.960.05

1932 456VAP.PROD..50E+1-.224E+0-.219E+0-.483E-2.100E+3.233E+0.217E-2.95-0.50

1933

Figure 3.7.1. R e s i d u a l a n a l y s i s . For each observation type, the residuals are visualized in a scatter plot of the residualversus the calculated value. In the example shown in Figure 3.7.2, pressure residuals aredepicted as digits, where the number refers to the number of the data set it belongs to (seeFigure 3.3.2, Column 2). The residuals are expected to be randomly distributed around thecenter line (Line 1649). Unwanted trends in the residuals indicating a systematic error areusually easy to detect. Similar residual plots are generated for the temperature and flow ratemeasurements (not shown).Noticethattheresidualplotdoesnotreflecttheweightassignedtoeachdatapoint.Thus,the residual plot may be misleading if the data sets or individual data points have beenassignedsignificantlydifferentmeasurementerrors.

iTOUGH2 USER�S GUIDE97OUTPUT 1934

1935 Residual Plots

1936 --------------

1937

1938 RESIDUAL -------------------------------------------------------------

1939 0.504E+06|3|

1940 0.452E+06||

1941 0.400E+06|43|

1942 0.349E+06|2|

1943 0.297E+06|233|

1944 0.246E+06|244331|

1945 0.194E+06|22244431|

1946 0.142E+06|222224331|

1947 0.909E+05|22222443111|

1948 0.393E+05|22222444311|

1949 -0.123E+05|-222-2-2-------------44-3-3-------11|

1950 -0.639E+05|222224433111|

1951 -0.115E+06|2224443111|

1952 -0.167E+06|22243111|

1953 -0.219E+06|43311|

1954 -0.270E+06|2224331|

1955 -0.322E+06|4431|

1956 -0.373E+06|24431|

1957 -0.425E+06|21|

1958 -0.477E+06|243|

1959 -0.528E+06|43|

1960 -0.580E+06|24|

1961 -------------------------------------------------------------

1962 0.537E+070.104E+08

1963 PRESSURE[Pa]

(...)Figure 3.7.2. Scatter plot of residuals.TheresidualanalysisissummarizedinatablereproducedinFigure3.7.3.Themaximumweighted residual (Lines 2026—2028, see also Figure 3.7.1, Line 1573) is the one with thelargest contribution to the objective function. However, it may not be a potential outlier, i.e.,its

w_i

value may be acceptably low as a result of high prediction uncertainty. In this exam-ple, the largest normalized residual (Lines 2030—2032) is associated with the vapor flowmeasurement shown in Figure 3.7.1, Line 1887, which is also the only poorly controlledmeasurement (Line 2029). Line 2033 shows the probable size of the maximum error(Equation 2.8.5.11) for residual No. 51.A total of 10 iterations, i.e., minimization steps, were performed in this example (Line2038), requiring 89 solutions of the forward problem (Line 2039). The two measurescontrolling numerical accuracy of the residual analysis, Equations (2.8.5.12) and (2.8.5.13),During the 10 iterations, the objective function was reduced from the value obtained withthe initial parameter set (Line 2050) to its final value shown on Line 2051; the relative contri-bution of residuals from individual data sets and observation types (see Figure 3.7.4) isreported as a percentage of the final objective function.

iTOUGH2 USER�S GUIDE98OUTPUT 2023

2024 Summary of Residual Analysis

2025 ----------------------------

2026 Maxweightedresidualatobservation:368

2027 Maxweightedresidual:-0.2899E+01

2028 Maxresidual:-0.5798E+06

2029 Numberofpoorlycontrolledobservations:1

2030 Numberoflargenormalizedresiduals:5

2031 Maxnormalizedresidualatobservation:51

2032 Maxnormalizedresidual:7.53

2033 Probablesizeofmaximumerror:0.2221E+00

2034

2035

2036 Iteration Statistics

2037 --------------------

2038 Numberofiterations:10

2039 NumberofTOUGH2calls:89

2040

2041

2042 Control Measures

2043 ----------------

2044 Trace(P*QLL):n=6:0.6000E+01

2045 Sum(Yi):m-n=444:0.4440E+03

2046

2047

2048 Objective Function C.O.F.

2049 ------------------

2050 Initialvalueofobjectivefunction:0.1430E+0631888.6%

2051 Minimumvalueofobjectivefunction:0.4484E+03100.0%

2052

Figure 3.7.3. Summary of residual analysis and iteration statistics.Figure 3.7.4 shows the moment analysis of the residuals, Equations (2.8.5.1) through(2.8.5.6). The first block (Lines 2068—2077) presents the analyses for each data set, wherasLine 2079 contains the moments of all weighted residuals. The second block, Lines 2086—2089 shows the same information for each observation type. Of special interest is Column 9,which shows the ratio of the bias�the mean of the residuals�and the standard deviation. Ifthis ratio significantly deviates from zero, the corresponding data set or observation type issystematically over- or underpredicted by the model, i.e., there is likely to be a systematicerror in either the data or the model. Column 10 shows the contribution of the data set orobservation type to the final objective function. Ideally, the contributions should reflect thenumber of points (see Column 2) in the data set in proportion to the total number of calibra-

m

Figure 3.7.5 shows the linear regression analysis of a scatter plot with the calculatedversus observed system response. The intercept and slope are expected to be close to zeroand one, respectively. For more details see the discussion in Finsterle [1999c; Problem 6].

iTOUGH2 USER�S GUIDE99OUTPUT 2053

2054 =======================================================================================

2055

2056 MEAN : Mean of residuals = bias

2057 MEDIAN:Medianofresiduals

2058 STD.DEV.:Rootmeansquareddeviationofresidualsfrombias

2059 AVE.DEV.:Meanabsolutedeviationofresidualsfrombias

2060 SKEWNESS:Degreeofasymmetryofresidualsaroundbias

2061 KURTOSIS:Relativepeakednessofdistribution

2062 B/S:Ratioofbiasandstandarddeviation

2063 C.O.F.:Relativecontributiontofinalobjectivefunction

2064 1 2 3 4 5 6 7 8 9 10

2065 =======================================================================================

2066 DATASETDATAPOINTSMEANMEDIANSDEVADEVSKEWKURTB/SC.O.F.

2067 ---------------------------------------------------------------------------------------

2068 PRIORINFORMATION60.0%

2069 P.INJECT.[Pa]50-.651E+4.904E+4.149E+6.120E+6-.370-.589.0446.0%

2070 P.PRODUCT.[Pa]50.282E+5.633E+5.193E+6.144E+6-.908.717.1461.3%

2071 P.OBS.1[Pa]50-.149E+5-.268E+5.217E+6.175E+6.320-.516.06912.9%

2072 P.OBS.2[Pa]50-.175E+4.234E+5.209E+6.162E+6-.510-.213.00811.9%

2073 T.PRODUCT.[C]50-.107E+1-.821E+0.451E+1.348E+1.263-.017.2379.4%

2074 T.OBS.1[C]50-.419E+0-.404E+0.536E+1.430E+1-.344-.509.07812.6%

2075 T.OBS.2[C]50.134E+1.172E+1.497E+1.403E+1-.003-.690.27011.6%

2076 WATERPROD.[kg/sec]50.125E-1.677E-2.200E+0.161E+0.306-.458.0631.9%

2077 VAPORPROD.[kg/sec]50-.480E-3.685E-3.113E-1.896E-2-.235-.426.04214.1%

2078 --------------------------------------------

2079 ALLRESIDUALS[-]456.119E-2.859E-2.993E+0.789E+0-.157-.120.001100%

2080 =======================================================================================

2081

2082

2083 =======================================================================================

2084 DATATYPEDATAPOINTSMEANMEDIANSDEVADEVSKEWKURTB/SC.O.F.

2085 ---------------------------------------------------------------------------------------

2086 PRIORINFORMATION60.0%

2087 PRESSURE[Pa]200.127E+4.169E+5.193E+6.153E+6-.324-.010.00741.3%

2088 FLOWRATE[kg/sec]100.601E-2.103E-2.141E+0.849E-1.5712.226.04325.0%

2089 TEMPERATURE[C]150-.483E-1-.325E+0.503E+1.403E+1-.049-.340.01033.6%

2090 =======================================================================================

2091

Figure 3.7.4. Statistical moment analysis of residuals. 2092

2093 Linear Regression Analysis Calculated Vs. Observed

2094 --------------------------------------------------

2095

2096 ======================================================================

2097 DATASETDATAPOINTSINTERCEPTSLOPER

2098 ----------------------------------------------------------------------

2099 P.INJECTION[Pa]500.794E+060.922E+000.375414

2100 P.PRODUCTION[Pa]50-0.437E+060.108E+010.741147

2101 P.OBS.1[Pa]50-0.358E+070.139E+010.266365

2102 P.OBS.2[Pa]50-0.260E+070.130E+010.257011

2103 T.PRODUCTION[C]500.207E+020.920E+000.410527

2104 T.OBS.1[C]500.217E+030.273E+000.066226

2105 T.OBS.2[C]50-0.180E+050.610E+020.031780

2106 WATERPROD.[kg/sec]50-0.203E+010.425E+000.063968

2107 VAPORPROD.[kg/sec]500.353E-020.102E+010.939064

2108 ======================================================================

2109

Figure 3.7.5. Linear regression analysis of plot calculated versus observed.

iTOUGH2 USER�S GUIDE100OUTPUT3.8Model Test and Optimality CriteriaThe outcome of the Fisher Model Test (see Table 2.8.3.1) is summarized in Lines 2113—2120. The root mean square error and estimated error variance, Equation (2.8.3.1), measurethe overall goodness-of-fit. If both the stochastic and functional models are correct, theestimated error variance should not deviate significantly from one, i.e., it should be smallerthan the critical value of the

F

-distribution shown on Line 2115. The quantile depends onthe degree of freedom and the confidence level. Depending on the outcome of the FisherModel Test or following the user�s choice (see discussion of Figure 3.3.3, Line 122), theerror analysis is based on either the a priori or a posteriori error variance. In this example,the a posteriori error variance was used as a result of the Fisher model test (see Line 2119).The quantile of the

t

-distribution given on Line 2120 can be used to construct confidenceintervals according to Equation (2.8.4.6).The optimality criteria, Equations (2.8.6.1) through (2.8.6.3), are given on Lines 2125—2127. The criteria are evaluated using either the actual, unscaled covariance matrix

Cpp

, orthe one scaled according to Equation (2.8.6.4). Line 2128 shows the log-likelihood crite-rion, Equation (2.6.4.2), followed by the model identification criteria after Akaike, Equation(2.8.6.5), and Kashyap, Equation (2.8.6.6). 2110

2111 Fisher Model Test

2112 -----------------

2113 Rootmeansquareerror:0.1005E+01

2114 Estimatederrorvariance:0.1010E+01

2115 CriticalvalueofF-distribution:0.1203E+01

2116 Degreeoffreedom:444(Nopriorinformation)

2117 Confidencelevel(1-alpha):99.0[%]

2118 Luckyyou:Modeltestsuccessful!

2119 Erroranalysisbasedon:aposteriorivariance=0.1009964E+01

2120 Quantileoft-distribution:0.2587E+01

2121

2122

2123 Optimality Criteria unscaled scaled

2124 -------------------

2125 D-optimality=det(Cpp):0.2412E-080.7358E-25

2126 A-optimality=trace(Cpp):0.2419E+040.3064E+00

2127 E-optimality=maxeigenvalue:0.2416E+040.9663E+00

2128 Log-likelihoodln(L):-0.3010E+04

2129 Akaike=-2ln(L)+2n:0.6031E+04

2130 Kashyap=-2ln(L)+n*ln(m/2Pi)+ln|F|:0.6059E+04

2131

Figure 3.8.1. Model test and optimality criteria.

iTOUGH2 USER�S GUIDE101OUTPUT3.9Summary OutputThe final block in the output file, reproduced in Figure 3.9.1, shows a summary of themajor inverse modeling results. The �+� in the first column of Line 2133 indicates that theFisher Model Test was successfully passed. In Lines 2136—2141, the parameters are identi-fied in Columns 1 through 4, followed by their initial guesses and best estimates. Thenumber of significant digits printed in Column˚6 depends on the parameter�s estimationuncertainty, which is reported in Column 8. The ratio of the conditional and marginalstandard deviation given in Column 9 is the measure of overall parameter correlation,Equation (2.8.4.4). Two aggregate sensitivities can be found in Columns 10 and 11. Thefirst is the total parameter sensitivity, Equation (2.8.2.5), and the second is the sensitivity ofthe objective function with respect to the parameter, Equation (2.8.2.6).Each iTOUGH2 run is logged in file itough2.log with the date of its completion and theCPU time used (Line 2144). The number of error and warning messages is given on Line2146. 2132 1 2 3 4 5 6 7 8 9 10 11

2133 +!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!

2134 PARAMETERV/L/FROCKSPARINITIALESTIMATESTANDARDDEVIATIONSSENSITIVITY

2135 PRIORMARGINALC/MOUTPUTOF

2136 PERMEABILITYLOG10FRACT1-.13E+2-.14221E+2N/A0.203E-20.9193546.34.05

2137 POROSITYVALUEFRACT1.25E+0.26E+0N/A0.142E+00.61513.60.18

2138 SPEC.HEATVALUEFRACT+11.80E+3.104E+4N/A0.491E+20.11253.18.37

2139 HEATCOND.VALUEFRACT+11.25E+1.27E+1N/A0.321E+00.08246.43.92

2140 SPACINGVALUE-----1.20E+2.575E+2N/A0.183E+10.141232.26.48

2141 TEMPERATUREVALUEDEFAU1.25E+3.30019E+3N/A0.112E+00.8272133.08.21

2142 !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!

2143

2144 -- 12124th iTOUGH2 simulation job completed: 3-Nov-98 11:13 - CPU time = 972.2 sec

2145

2146 -- 0 error(s) and 0 warning(s) detected

Figure 3.9.1. Summary of inverse modeling results.

iTOUGH2 USER�S GUIDE102OUTPUT3.10Version ControlVersion control information is always written to the iTOUGH2 message and TOUGH2output file (unless option NOVER is set), and is appended to the iTOUGH2 output file ifcommand >>>˚VERSION is used. The dimensions of major arrays as specified in theFORTRAN include file maxsize.inc is reproduced first (Figure 3.10.1), followed by the listof version control statements shown in Figure 3.10.2. The list of subroutines touched duringan iTOUGH2 run varies depending on the application.

=======================================================================================

ARRAY DIMENSIONS (SEE FILE maxsize.inc)

---------------------------------------------------------------------------------------

MAXEL = 4000 Maximum number of elements

MAXCON = 8000 Maximum number of connections

MAXK = 2 Maximum number of components

MAXEQ = 3 Maximum number of equations

MAXPH = 2 Maximum number of phases

MAXB = 8 Maximum number of phase-dependent secondary variables

MAXSS = 50 Maximum number of sinks/sources

MAVTAB = 20 Maximum average number of table entries per sink/source

MAXROC = 50 Maximum number of rock types

MAXTSP = 5 Maximum number of specified time steps, divided by eight

MAXLAY = 10 Maximum number of reservoir layers for wells on deliverability

MXRPCP = 7 Maximum number of parameters for rel. perm. and cap. pres. functions

MXPCTB = 30 Maximum number of points in table for ECM capillary pressure

MXTBC = 10 Maximum number of elements with time vs. boundary condition

MXTBCT = 10 Maximum number of time vs. pressure data

MAXTIM = 500 Maximum number of calibration times

MAXN = 20 Maximum number of parameters to be estimated

MAXO = 100 Maximum number of datasets

MAXM = 2000 Maximum number of calibration points

MAXPD = 1000 Maximum number of paired data

MAXR = 25 Maximum number of elements or indices of each parameter or observation

MAXBRK = 20 Maximum number of points in time at which SAVE file is written

MAXEBRK = 20 Maximum number of elements with new initial conditions after restart

MAXCOEFF = 5 Maximum number of coefficients for data modeling functions

MAXMCS = 100 Maximum number of Monte Carlo simulations

MAXCURVE = 100 Maximum number of curves to be plotted

MAXXGR = 3 Dimension of third index of array XGUESSR

MTYPE = 17 Number of observation types

MPFMT = 6 Number of plot file formats

MAXPV = 4 Maximum number of primary variables

Figure 3.10.1. Printout of array dimensions.

iTOUGH2 USER�S GUIDE103OUTPUT ---------------------------------------------------------------------------------------

PROGRAM VERSON DATE COMMENT

--------------------------------------------------------------------------------------- iTOUGH2 Current version iTOUGH2 V4.0 (January 19, 1999) iTOUGH 1.0 1 AUGUST 1992 iTOUGH User’s Guide, Version 1.0, Report NIB 92-99 iTOUGH2 2.2 1 FEBRUARY 1994 iTOUGH2 User’s Guide, Version 2.2, Report LBL-34581 iTOUGH2 3.0 12 JULY 1996 YMP Software qualification, Report LBNL-39489 iTOUGH2 3.1 1 APRIL 1997 iTOUGH2 Command Reference, V3.1, Report LBNL-40041 iTOUGH2 3.2 30 JUNE 1998 YMP Software qualification, Report LBNL-42002 iTOUGH2 3.3 1 OCTOBER 1998 Parallelization using PVM, Report LBNL-42261 iTOUGH2 4.0 19 JANUARY 1999 Report LBNL-40040

WHATCOM 1.0 10 AUGUST 1993 #35: Q: WHAT COMPUTER IS USED? A: SUN

CALLSIG 1.0 5 DECEMBER 1995 #112: SIGNAL HANDLER

CPUSEC 1.0 10 AUGUST 1993 #--: RETURNS CPU-TIME (VERSION SUN)

OPENFILE 2.5 4 JUNE 1996 #31: OPENS MOST OF THE FILES

LENOS 1.0 1 MARCH 1992 #28: RETURNS LENGTH OF LINE

PREC 1.0 1 AUGUST 1992 #86: CALCULATE MACHINE DEPENDENT CONSTANTS

ITHEADER 3.2 27 MAY 1998 #29: PRINTS iTOUGH2 HEADER

DAYTIM 1.0 10 AUGUST 1993 #32: RETURNS DATE AND TIME (VERSION SUN)

THEADER 3.2 27 MAY 1998 #30: PRINTS TOUGH2 HEADER

INPUT 4.0 19 JANUARY 1999 READ ALL DATA PROVIDED THROUGH FILE *INPUT*, + IFS

MESHM 1.0 24 MAY 1990 EXECUTIVE ROUTINE FOR INTERNAL MESH GENERATION

MINC 1.0 22 JANUARY 1990 "SECONDARY" FRACTURED-POROUS MEDIUM MESH

PART 1.0 22 JANUARY 1990 READ SPECIFICATIONS OF MINC-PARTITIONING

GEOM 1.0 1 MAY 1991 CALCULATE GEOMETRY PARAMETERS OF SECONDARY MESH

PROX 1.0 22 JANUARY 1990 CALCULATE PROXIMITY FUNCTIONS

INVER 1.0 22 JANUARY 1990 INVERT A MONOTONIC FUNCTION

MINCME 1.0 14 FEBRUARY 1990 PROCESS PRIMARY MESH, WRITE SECONDARY MESH ON *MINC*

CHECKMAX 4.0 19 JANUARY 1999 #41: CHECK KEY DIMENSIONS

FLOPP 1.0 11 APRIL 1991 CALCULATE NUMBER OF SIGNIFICANT DIGITS

RFILE 4.0 19 JANUARY 1999 INITIALIZE DATA FROM FILES *MESH*, *GENER*, *INCON*

ITINPUT 1.0 1 AUGUST 1992 # 2: READS COMMANDS OF COMMAND LEVEL 1

READCOMM 2.5 14 JUNE 1996 #24: READS A COMMAND

FINDKEY 1.1 4 AUGUST 1993 #25: READS A KEYWORD

LTU 1.0 1 AUGUST 1992 #26: CONVERTS LOWER TO UPPER CASE

INPARAME 3.2 20 JUNE 1998 # 3: READS PARAMETERS TO BE ESTIMATED

INPAR 3.1 17 MARCH 1997 # 4: READS PARAMETER VALUES, WEIGHTS, ETC.

INELEM 3.1 3 APRIL 1997 #23: READS GRID BLOCK NAME AFTER A COLON

NEXTWORD 2.5 9 FEBRUARY 1996 #27: EXTRACTS NEXT WORD ON A LINE

INWBP 3.1 17 MARCH 1997 #11: READS WEIGHT, BOUNDS, ANNOTATION, AND INDICES

READREAL 1.0 1 AUGUST 1992 #22: READS A REAL AFTER A COLON

READINT 1.0 1 AUGUST 1992 #21: READS AN INTEGER AFTER A COLON

INOBSERV 3.3 17 JULY 1998 #12: READS TYPE OF OBSERVATION

INTIMES 3.1 29 APRIL 1997 #13: READS TIMES AT WHICH OBSERVATIONS ARE AVAILABLE

INOBS 3.3 17 JULY 1998 #15: READS OBSERVATION INFOS

INOBSDAT 2.5 13 JANUARY 1996 #17: READS ALL OBSERVED DATA

INPAIRED 3.1 2 APRIL 1997 #19: READS PAIRED DATA SET

INWEIGHT 3.2 7 OCTOBER 1997 #20: READS WEIGHTS

INCOMPUT 1.0 1 AUGUST 1992 #16: READS VARIOUS COMPUTATIONAL PARAMETERS

INPRINT 4.0 19 JANUARY 1999 #80: READS OUTPUT OPTIONS

INTOLER 3.3 14 AUGUST 1998 #83: READS TOLERANCE/STOPPING CRITERIA

INJACOB 1.0 1 AUGUST 1992 #84: READS PARAMETERS FOR COMPUTING JACOBIAN

INOPTION 3.3 30 SEPTEMBER 1998 #85: READS PROGRAM OPTIONS

INSELECT 2.5 5 JANUARY 1996 #14: READ OPTIONS FOR PARAMETER SELECTION

GETINDEX 3.3 17 JULY 1998 #45: GETS INDEX OF ELEMENTS, CONNECTIONS, SOURCES

INIGUESS 4.0 19 JANUARY 1999 #38: INITIAL GUESS OF PARAMETERS (XGUESS)

GETNMAT 2.1 21 SEPTEMBER 1993 #44: IDENTIFIES MATERIAL NUMBER

IXLBXUB 2.1 21 SEPTEMBER 1993 #43: INITIALIZES ARRAY XLB AND XUB

SETWSCAL 4.0 19 JANUARY 1999 #39: INITIALIZES ARRAY WSCALE

Figure 3.10.2. Version control statements.

iTOUGH2 USER�S GUIDE104OUTPUT OBSMEAN 1.0 1 AUGUST 1992 #40: CALCULATES MEAN OF OBSERVATIONS

SETXSCAL 1.0 1 AUGUST 1992 #42: INITIALIZES ARRAY XSCALE

IN_OUT 3.2 20 JUNE 1998 #35: PRINTS A SUMMARY OF INPUT DATA

TIMEWIND 2.5 30 NOVEMBER 1995 #53: SETS TIME WINDOW

PRSTATUS 3.1 20 FEBRUARY 1997 #91: PRINTS STATUS MESSAGES

ERRORMSG 2.5 21 MARCH 1996 #34: PRINTS ERROR MESSAGES

LEVMAR 2.5 26 MARCH 1996 #99: LEVENBERG-MARQUARDT OPTIMIZATION ALGORITHM

FCNLEV 3.3 30 JULY 1 1998 #50: RETURNS WEIGHTED RESIDUAL VECTOR

UPDATE 3.3 7 JULY 1998 #37: UPDATES PARAMETERS

PRIORINF 2.1 21 SEPTEMBER 1993 #48: PRIOR INFORMATION

OBSERVAT 3.2 17 JULY 1998 #62: COMPARES MEASURED AND CALCULATED QUANTITIES

GETMESH 3.2 20 JUNE 1998 #47: READS FILE MESH, MINC, GENER, AND INCON

GETINCON 4.0 19 JANUARY 1999 #46: READS FILE INCON

INITTOUG 2.5 18 APRIL 1996 #54: INITIALIZES TOUGH2 RUN (REPLACES CYCIT)

EOS 1.0 15 AUGUST 1990 *EOS1* THERMOPHYSICAL PROPERTIES MODULE FOR WATER

SAT 1.0 22 JANUARY 1990 STEAM TABLE EQUATION: SAT. PRES. = F(TEMPERATURE)

RELP 4.0 19 JANUARY 1999 RELATIVE PERMEABILITIES

TSAT 1.0 14 MARCH 1991 SATURATION TEMPERATURE AS FUNCTION OF PRESSURE

PCAP 3.2 1 JUNE 1998 CAPILLARY PRESSURE

COWAT 1.0 22 JANUARY 1990 LIQUID WATER DENSITY AND INT. ENERGY

SUPST 1.0 29 JANUARY 1990 VAPOR DENSITY AND INTERNAL ENERGY

VIS 1.0 22 JANUARY 1990 VISCOSITY OF LIQUID WATER AND VAPOR

INDATA 4.0 19 JANUARY 1999 PROVIDE PRINTOUT OF MOST INPUT DATA

BALLA 3.3 17 JULY 1998 SUMMARY BALANCES FOR VOLUME, MASS, AND ENERGY

CALLTOUG 3.1 2 APRIL 1997 #55: CALLS TOUGH2 FOR ONE TIME STEP

TSTEP 3.1 27 MARCH 1997 ADJUST TIME STEPS TO COINCIDE WITH TARGET TIMES

MULTI 4.0 19 JANUARY 1999 ASSEMBLE ALL ACCUMULATION AND FLOW TERMS

QU 1.02 18 FEBRUARY 1993 ASSEMBLE ALL SOURCE AND SINK TERMS

"RIGOROUS" STEP RATE CAPABILITY FOR MOP(12) = 2

LINEQ 0.91CG31 JANUARY 1994 INTERFACE FOR LINEAR EQUATION SOLVERS

CAN CALL MA28 OR A PACKAGE OF CONJ. GRADIENT SOLVERS

MC19A HARWELL SUBROUTINE FOR SCALING MATRIX

VISW 1.0 22 JANUARY 1990 VISCOSITY OF LIQUID WATER

CONVER 2.5 13 JUNE 1996 UPDATE PRIMARY VARIABLES AFTER CONVERGENCE

OUT 1.0 15 AUGUST 1990 PRINT RESULTS FOR ELEMENTS, CONNECTIONS, SINKS

OBSERVED 2.4 4 AUGUST 1996 #78: RETURNS OBSERVED DATA AS A FUNCTION OF TIME

OBJFUN 4.0 29 JANUARY 1999 #49: COMPUTE OBJECTIVE FUNCTION

WRITEPAR 1.0 17 JUNE 1996 #56: WRITE BEST FIT PARAMETER SET AND BLOCK ROCKS

PLOTFILE 4.0 19 JANUARY 1999 #58: WRITES PLOTFILE IN PLOPO-FORMAT

RANDOM 1.0 1 AUGUST 1992 #71: RANDOM NUMBER GENERATOR

JAC 4.0 19 JANUARY 1999 #51: CALCULATES FINITE DIFFERENCE JACOBIAN

MLLAMBDA 2.2 14 FEBRUARY 1994 #67: ESTIMATES NEW LAMBDAS

VISS 1.0 22 JANUARY 1990 VISCOSITY OF VAPOR AS FUNCTION OF TEMPERATURE

TERMINAT 3.3 28 OCTOBER 1998 61: PERFORM ERROR ANALYSIS AND TERMINATE iTOUGH2

WRIFI 4.0 19 JANUARY 1999 WRITE PRIMARY VARIABLES ON FILE *SAVE*

QFISHER 3.3 22 OCTOBER 1998 QUANTILE OF F-DISTRIBUTION

FISHER 1.0 22 OCTOBER 1998 F-DISTRIBUTION

BETAI 1.0 22 OCTOBER 1998 INCOMPLETE BETA FUNCTION

GAMMLN 1.0 22 OCTOBER 1998 GAMMA FUNCTION

BETACF 1.0 22 OCTOBER 1998 CONTINUED FRACTION EVALUATION

EIGEN 3.2 14 AUGUST 1997 #59: PERFORMS EIGENANALYSIS

LOGLIKE 2.1 29 SEPTEMBER 1993 #68: COMPUTE LOG-LIKELIHOOD

QNORMAL 2.5 13 JANUARY 1996 #87: RETURNS QUANTILE OF NORMAL DISTRIBUTION

MOMENT 3.3 28 OCTOBER 1998 #90: MOMENTS OF DISTRIBUTION

SORT 3.1 17 APRIL 1997 #113: SORTS ARRAY

MOMENT 3.1 17 APRIL 1997 #75: LINEAR REGRESSION ANALYSIS

QSTUDENT 1.0 22 OCTOBER 1998 QUANTILE OF STUDENT T-DISTRIBUTION

STUDENT 1.0 22 OCTOBER 1998 STUDENT T-DISTRIBUTION

PLOTIF 1.0 15 FEBRUARY 1993 #96: PLOT INTERFACE

REFORMAT 1.1 15 APRIL 1993 #97: REFORMATS PLOT FILES

QUOTES 1.0 15 FEBRUARY 1993 #98: RETURNS TEXT BETWEEN QUOTES

Figure 3.10.2. (cont.) V e r s i o n c o n t r o l s t a t e m e n t s .

iTOUGH2 USER�S GUIDE105ARCHITECTURE4.PROGRAM ARCHITECTURE4.1Program StructureiTOUGH2 is written in a modular form. Figure 4.1.1 shows the program architecture in asimplified flow chart. The program first reads the TOUGH2 input deck, which defines theforward problem. The required TOUGH2 input may vary depending on the module used. Inthe iTOUGH2 input file, the user defines the parameters to be estimated, provides the data andthe associated measurement errors, and selects program options such as the objectivefunction, the minimization algorithm, the output format, and convergence criteria.Optimization is then initiated, iteratively updating parameter vector

p

and calling TOUGH2for the calculation of the system response,

z

. Some of the forward calculations may beperformed in parallel using PVM [Finsterle, 1998b]. The optimization routines of iTOUGH2communicate with the TOUGH2 simulator through selected COMMON blocks shared by bothmodules. This program architecture allows one to update both the forward and the inversepart of the code more or less independently.

Figure 4.1.1. S i m p l i f i e d i T O U G H 2 flow chart.

iTOUGH2 USER�S GUIDE106ARCHITECTUREThe architecture of iTOUGH2 allows for safe and convenient maintenance of the program.The code was developed based on the following principles:Each subroutine contains an IMPLICIT NONE statement, i.e., each constant andvariable used in iTOUGH2 is explicitly declared.All COMMON blocks holding major arrays are defined in FOTRAN include files,ensuring that modifications are made consistently throughout the code.Array dimensions are given by constants, which are defined using PARAMETER state-ments in FORTRAN include file maxsize.inc (see Section 5.1). This allows forconvenient redimensioning of arrays and ensures consistency of array sizes.Variables of different types are stored in separate COMMON blocks for efficient align-Compilation is supported by a Makefile. The dependencies specified in the makefileensure that all files affected by a change are recompiled and properly linked.Checks are made within iTOUGH2 to ensure that a given array is sufficiently large toaccommodate the problem to be solved. If an array index is greater than the size of thearray, an error message is issued indicating the constant that must be increased.For traceability, array dimensions used for a specific run as well as version control state-ments are reported in output files (see Section 3.10).Subroutines and functions containing machine-dependent system calls are isolated (seefiles mdep$COMP.f, where $COMP is the name of a computer platform).iTOUGH2 was tested on different platforms to enhance portability.The use of non-ANSI FORTRAN extensions is minimized.

iTOUGH2 USER�S GUIDE107ARCHITECTURE5.2Directory StructureIt is recommended that the installation of iTOUGH2 on Unix machines be performedaccording to the instructions in this section. However, different file structures can be chosen,requiring minor modifications of the utility script files (see Section 6).The iTOUGH2 source files and executables are expected to be stored in the iTOUGH2home directory $HOME/itough2 or $HOME/itough2v$VERS, where $HOME is the user�shome directory name. If iTOUGH2 is installed in $HOME/itough2v$VERS, where $VERSis a version identifier, the -v option (see Section 6.2) must be used at run time to indicatewhich version should be selected. If option -v is not given on the command line, theexecutable installed in directory $HOME/itough2 is used.The source code is comprised of files with extensions .f and .inc. The FORTRANinclude files contain the COMMON blocks and constants for dimensioning of major arrays(see Section 5.2). The executable is named itough2_$EOS.$HOST, where $EOS identifiesthe equation-of-state module, and $HOST is the name of the Unix host.iTOUGH2 is executed using a Unix shell script file itough2 (see Section 6.2), expected tobe stored in a subdirectory $HOME/bin, which should be added to the Unix command searchpath. iTOUGH2 input files can be stored in any directory. For each iTOUGH2 run, the shellscript creates a temporary directory with the unique name $HOME/it2_$PID, where $PID the process identifier. All input files are copied from the arbitrary working directory to thistemporary directory, before iTOUGH2 is started. After termination of the run, the mostimportant output files are copied back to the working directory. The temporary directory isthen removed, unless command option -no_delete is set (see Section 6.2). Duringexecution, command prista can be invoked to check the status file in the temporarydirectory (see Section 6.4). Furthermore, command kit allows a user to send signals toiTOUGH2 applications to gracefully terminate the run (see Section 6.5). Finally, commandit2help searches file $HOME/itough2/it2help.txt and displays manual pages ofiTOUGH2 commands (see Section 6.6). The recommended directory structure is visualizedin Figure 4.2.1. Directory names are

underlined, file names are printed in b o l d , andenvironment and shell variables to be set by the user are in italics

iTOUGH2 USER�S GUIDE108ARCHITECTURE

Figure 4.2.1. iTOUGH2 directory structure.

iTOUGH2 USER�S GUIDE109ARCHITECTURE4.3iTOUGH2 Input and Output FilesTable 4.3.1 shows the names and contents of iTOUGH2 input and output files. Input filenames are arbitrary, and are specified at the time an iTOUGH2 job is submitted (see Section6.2). The output file names are by default a combination of the TOUGH2 and iTOUGH2input file names and a predefined three-character extension. Some of the output file namescan be changed upon job submission.The Unix shell script itough2 (see Section 6.2) writes a file itough2.fil with the names ofthe working directory, temporary directory, TOUGH2 input file, iTOUGH2 input file, as wellas the arguments submitted to the shell script. This information allows iTOUGH2 to accessthe appropriate input files.The user must provide at least two input files to run iTOUGH2. The first one is aTOUGH2 input file in standard TOUGH2 format as described in Pruess [1987, 1991a,1991b], Finsterle et al. [1994], Falta et al. [1995], Moridis and Pruess [1995], Battistelli etal. [1997], Finsterle [1998a], and Finsterle [1999b; Appendix A], as well as other publica-tions pertaining to particular TOUGH2 modules and code enhancements. This input filedefines the conceptual model, i.e., the forward problem, which must run successfully notonly for the initial parameter set, but also for a wider range of parameter combinations thatmay potentially arise during the iTOUGH2 run.The second input file is the iTOUGH2 input file, in which the user specifies the parame-ters to be estimated, the observations used for calibration, and various program options. Thebasic concepts of the iTOUGH2 input language and a detailed description of each iTOUGH2command are given in Finsterle [1998b, 1999bc].Additional TOUGH2 input files may be given with information about the mesh, sinks andsources, and initial conditions. Furthermore, initial parameter guesses and calibration datacan be provided either in the iTOUGH2 input file or on separate data files, with their namesspecified in the iTOUGH2 input file. All these additional input files are optional and dependon the TOUGH2 and iTOUGH2 options invoked.iTOUGH2 creates a number of output files. In addition to the standard TOUGH2 outputfiles, iTOUGH2 generates a main output file with information about the minimizationprocess, the sensitivity coefficients, the residuals, the estimated parameters and their uncer-tainties; an example is described in Section 3. Furthermore, separate output files are gener-ated upon request with the best estimate parameter set and corresponding block, the covariance matrix of the calculated system response, the observed data and themodeling result for plotting purposes, and a plot file with the relative permeability and capil-lary pressure curves. The message file, which contains Unix standard error and standardoutput information along with version control statements, should be consulted wheneverexecution problems persist.

iTOUGH2 USER�S GUIDE110ARCHITECTURETable 4.3.1. List of iTOUGH2 Input and Output FilesFilenames

GenericExampleFile ContentInput Files

itough2.filNames of working directory and input files

dir_fileStandardTOUGH2 input file (forward problem)testi.inpiTOUGH2 input file (inverse problem)dat_filepressure.datMeasured datapar_filetesti.parInitial parameter guessescoarse.mesElements and connections (TOUGH2 file MESH$dir_file.iniequi.iniInitial condition information (TOUGH2 file INCON$dir_file.gensinks.genSinks and sources (TOUGH2 file GENEROutput Files

itough2.verVersion control statements

statusCurrent status (updated after each forward run)fort.99File used for debugging$dir_file.outtest.outStandardTOUGH2 output file$dir_file.savtest.savPrimary variables for restarting (TOUGH2 file SAVE$dir_file.mestest.mesMesh information (TOUGH2 file MESH$dir_file.mintest.minMesh information after MINC preprocessing$dir_file.initest.iniInitial conditions written from block INCON in dir_file$dir_file.lintest.linMessages on linear equation solution$dir_file.tabtest.tabData from semi-analytical heat exchange calculation$inv_file.outtesti.outMain iTOUGH2 output file$inv_file.tectesti.tec@%Plot file showing match$inv_file.errtesti.errSummary error mesages$inv_file.msgtesti.msg@+iTOUGH2 message file$inv_file.partesti.parBest estimate parameter set and ROCKS block$inv_file_ch. t e c testi_ch.tecRelative permeability and capillary pressure curves$inv_file.covtesti.covCovariance matrix of calculated system responseThese files are mandatory; all other input files are optional and depend on various program options.See pertaining user�s guide, source code, and Appendix A of report �iTOUGH2 Command Reference.�These files are automatically returned to the working directory.The extension depends on the chosen plotformat (see command >>> FORMAT).Contents appended to file inv_file.out and/or inv_file.msg after completion of run.If using script file tough2, the message file name is t2.msg.

iTOUGH2 USER�S GUIDE111INSTALLATION5.CODE INSTALLATION5.1Getting StartedThis section describes the installation of iTOUGH2 on a Unix workstation, assuming thatthe source code, shell script files, and sample problem input files are distributed as acompressed archive file it2_tar.Z. The installation procedure may vary if iTOUGH2 isdistributed differently, or if it is not installed in the directory structure shown in Figure 4.2.1.Additional instructions can be found on file read.me and in the header of the Makefile and theUnix shell script files itough2 tough2pristakit, and it2help. Installation and execution ofiTOUGH2 on a PC is different; see instructions in file read.meTable 5.1.1. Code Installation Procedure

Step 1:Create the iTOUGH2 home directory:

cd; mkdir itough2

If multiple iTOUGH2versionsmustbeaccessible,theyshouldbeinstalledin

separatedirectories itough2v$VERS,where$VERSisaversion identifiertobeusedwiththe -v optionatruntime:cd; mkdir itough2v$VERS

Step 2:Move the iTOUGH2 distribution file(s) to the iTOUGH2 home directory.

Step3:GototheiTOUGH2 home directory and extract all files from the distribution.

If iTOUGH2 is distributed as a compressed tar file it2_tar.Z, thefollowing

command sequence establishes the directory structure shown in Figure 4.2.1:uncompress it2_tar.Z; tar xvf it2_tar

Step 4:Customize iTOUGH2, as necessary:

Set the maximum problem size in file maxsize.inc (see Section 5.2).

Set default format of plot file (see file it2main.f, BLOCK DATA IT

variable IPLOTFMT).

Addcodetofileit2user.f to provide user-specified parameters,

observations, boundary conditions, and data definitions.

Provide machine-dependent system calls if ported to a new platform not supported by iTOUGH2 (see files mdep$COMP.f, where $COMP is the

nameofacomputerplatform).

Step5:Edit Makefile and compile iTOUGH2 (see Section 5.3).

Step6:InstallandcustomizeUnixshellscriptfiles(seeSection6).

Step7:Testinstallationbyrunningsampleproblems[Finsterle, 1999c].

iTOUGH2 USER�S GUIDE112INSTALLATION5.2Dimensioning of Major ArraysProblems solved by iTOUGH2 vary considerably in size, depending on the number ofgridblocks and connections, the number of equations solved per gridblock, the number ofparameters estimated, the number of observations available, etc. It is important to be able toadjust the dimensions of major arrays to make the code fit on a specific computer with limitedmemory. Because iTOUGH2 is written in FORTRAN77, no dynamic memory allocation ispossible, i.e., arrays are redimensioned by changing their size in the source code, followedby recompilation.The user must set the appropriate constants in file maxsize.inc. The constants of greatestimpact on memory requirement are MAXEL, MAXCON, MAXN, and MAXM. The numberof mass components, phases, and balance equations per gridblock is given by MAXK,MAXPH, and MAXEQ, respectively. Note that they must be set to the maximum numberrequired by the chosen equation-of-state module, regardless of the values given in TOUGH2block MULTI. For example, if EOS7 is used [Pruess, 1991b], MAXK must be set to 3 andMAXEQ to 4, even though the model may be run in isothermal mode with no air involved,i.e., with NK=2 and NEQ=2. If an array is improperly dimensioned, iTOUGH2 issues acorresponding error message.5.3Compiling and LinkingA Makefile is provided for convenient compilation of iTOUGH2 on Unix workstationsFile Makefile must be edited to indicate the desired equation-of-state (EOS) module and toprovide the name of the FORTRAN compiler as well as various compiler options, which arespecific to the computer platform. Table 5.3.1 shows some of the Makefile variables thatmust be set by the user. Compiler options are provided for most Unix platforms and the PCcompilers by Lahey¤ and Compaq¤ Visual Fortran (formerly DIGITAL Visual Fortran). Itis expected that iTOUGH2 can be compiled using other compilers with minor modifications(see file read.me for additional information). If the Makefile is used, the appropriate optionscan be selected by deleting the pound sign (#) in the first column, and by commenting out theportions of the Makefile that do not apply.Depending on the compiler used, a linking error may occur if a subroutine is specifiedmore than once, as is the case for eos9.f˚and eos10.f. In these instances, the user mustensure that the subroutine encountered first in the list of source files (see variables OBJxxx inTable 5.3.1) is linked to iTOUGH2, i.e., the subroutine in the second file must be renamed.For example, there are two versions of subroutine MULTI, one in file eos9.f, another in filet2f.f. If setting EOS=9, the subroutine has to be renamed (e.g., to MULTIx) in file t2f.fTable 5.3.2 shows the different targets defined in the Makefile. For example, in order tomake a standard iTOUGH2 executable for the equation-of-state module defined throughvariable EOS, one must simply type make. For example, iTOUGH2-PVM [Finsterle1998b] is created by typing make pvm iTOUGH2 USER�S GUIDE113INSTALLATIONTable 5.3.1. Variable Definitions in MakefileVariableDescriptionExamples

EOSEquation-of-state moduleidentifier5 to compile and link eos5.f(see files eos$EOS.f

COMName of computer platformibm, sun, dec, sgi, hp, c r a y , etc.FORCompiler namef77 f90COOCompiler options-c -O3 (see manual pages of compiler $FOR)Linking options+U77 (see manual pages of compiler $FOR)EXSExtension of source filesFOREXOExtension of object filesOBJEXEExtension of executable$hostname, EXELPVMLocation of PVM librarysee Finsterle [1998b]OBJSTDList of files forstandard iTOUGH2it2mainit2inputit2xxxxit2usermdep$COMeos$EOSt2cg1t2fmeshmma28, ifsdummy#, gslibdum, pvmdummyIn order to invoke IFS [Doughty, 1995] and PVM [Finsterle, 1998b] capabilities,ifsdummy and/or pvmdummy, which contain subroutine stubs, must be replaced by ifs or p v m , respectively(seevariables OBJIFS and OBJPVM in Makefile).

Table 5.3.2. Targets in M a k e f i l e TargetExecutable/ActionComment makeCreates standard iTOUGH2tough2_$EOS.$EXERename# subroutine MULTI in file t2f.fif EOS=9.RELP, and PCAP in file t2f.f EOS=10.

make pvmUses OBJPVM and linksiTOUGH2 to PVM libraryParallel execution of forward runs onworkstation cluster [Finsterle, 1998b].make ifsUses OBJIFS and links IFSsubroutines to iTOUGH2Includes subroutines for generatingheterogeneous fields based on IteratedFunction Systems [Doughty, 1995].make pcf77make pcf90Creates iTOUGH2 on PCSupports Lahey¤ compiler f77l3.Supports Lahey¤ compiler lf90.make tarmake zipCreates archive file itough2.tarCreates archive file itough2.zipCreates tar or zip file with iTOUGH2source code and sample problems.Renaming is only necessary if compiler/linker does not accept multiply defined subroutines.

iTOUGH2 USER�S GUIDE114UTILITIES6.UTILITIES6.1Installation of Unix Shell Script FilesThe iTOUGH2 distribution includes five Unix shell script files: itough2, tough2, pristakit, and it2help. While iTOUGH2 can be run by typing the name of the executable, use of theUnix script files discussed in this section adds convenience and increases safety. A Unixscriptfileisacommandfilethatcontainsashellprogram,and�ifproperlyinstalled�canbeinvoked like any other Unix command, i.e., simply by typing the file name (e.g., the scriptfile kit is invoked by typing kit). The five script files discussed here make use of theBourne shell (/bin/sh); they can be executed from any shell.The five Unix shell script files are assumed to be installed in a directory $HOME/binwhere $HOME is the user’s login directory. The directory must be part of the search pathwhere the shell looks for commands. It is suggested to add the following line to file .cshrcset path=($path ~/bin)All script files must be executable; if not, type:cd ~/bin; chmod a+x itough2 tough2 prista kit it2helpIf the directory structure is different from that shown in Figure 4.2.1, the user mustredefine some of the shell variables according to Table 6.1.1. The default values assume thatiTOUGH2 is installed as described in Section 4.2. Script file kit requires identifying asuitable option for Unix command ps, which varies with the Unix flavor. If typing�ps˚$ps_opt� during the execution of an iTOUGH2 run, the command output mustcontain the process ID and the string �itough2_�. Depending on the selected optionps_opt, the process ID appears in either the first or the second column (ipid = 1 or 2).Command line awk ‘{print $ipid}‘ near the end of file kit must be adjusted accord-ingly (for more details see header of file kit).Table 6.1.1. Customizing Shell Variables in iTOUGH2 Script FilesScript FileShell VariableDefaultDescription itough2prog_dir$HOME/itough2iTOUGH2 home directory

tmp_dir$HOMEMain temporary directorytough2script_dir$HOME/binDirectory of itough2 script filepristatmp_dir$HOMEMain temporary directoryps_optuxOption for UNIX command psit2helphelp_dir$HOME/itough2Directory of file it2help.txt

iTOUGH2 USER�S GUIDE115UTILITIES6.2Submitting an iTOUGH2 Job (Command itough2Shell script file itough2 should be used to submit an i T O U G H 2 job on a Unix worksta-tion. The command usage, reproduced in Figure 6.2.1, can be displayed by typingitough2 without any arguments.

=============================================================================== iTOUGH2 --- iTOUGH2 --- iTOUGH2 --- iTOUGH2 --- iTOUGH2 --- iTOUGH2 --- iTOUGH2

Script file : /m/presto/u/finster/bin/itough2

Syntax

------ itough2 [Options] InverseFile ForwardFile EOS &

InverseFile : iTOUGH2 input file

ForwardFile : TOUGH2 input file

EOS : EOS module identifier

Options

-------

-no_delete : temporary directory /m/presto/u/finster/it2_29321 is not deleted

-m file : copies $file to temporary directory as input file MESH

-i file : copies $file to temporary directory as input file INCON

-g file : copies $file to temporary directory as input file GENER

-fi file : copies $file to temporary directory

-ito file : names iTOUGH2 output $file instead of $InverseFile.out

-to file : names TOUGH2 output $file instead of $ForwardFile.out

-save file : names output file SAVE $file instead of $ForwardFile.sav

-mesh : returns output file MESH to working directory as $ForwardFile.mes

-lin : returns output file LINEQ to working directory as $ForwardFile.lin

-plo : returns output file PLOPO to working directory as $InverseFile.plo

-cov : returns covariance file to working directory as $InverseFile.cov

-fo file : returns $file from temporary directory to working directory

-v vers : uses version in directory ~/itough2v$vers

-pvm : runs iTOUGH2 in parallel under PVM

Examples

-------- itough2 sample1i sample1 3 & itough2 -mesh dummi meshm.inp 1 & itough2 -i equil.inc -m coarse.mes inverse.inp t2voc.inp 10 & itough2 -pvm -no_delete pvmtesti test 9ecm &

Figure 6.2.1. Usage and options of command i t o u g h 2 Thegeneralcommandsyntaxis:itough2 [options] InverseFile ForwardFile EOS &Command itough2 is followed by at least three arguments in the following order: (1) thename of the iTOUGH2 input file, (2) the name of the TOUGH2 input file, and (3) an indicator iTOUGH2 USER�S GUIDE116UTILITIESof the EOS module being used (usually a number). Additional options discussed below mayprecede the three mandatory arguments. iTOUGH2 should always be run in the background(i.e., add �&� at the end of the command line) to allow usage of commands prista andkit. Example:command TOUGH2inputfile background

fl

itough2 samplei.inp sample.inp 3 &

› ›

iTOUGH2 input file Number of EOS moduleSubmitting this command line has the following effect. A temporary directory is creatednamed $(tmp_dir)/it2_$$, where $(tmp_dir) is the directory specified by shell variabletmp_dir (see Table 6.1.1), and $$ is a unique process ID number. The specified inputfiles are copied from the working directory to the temporary directory. iTOUGH2 is startedwhere the name of the executable depends on the EOS module requested. In this example,EOS3 is used. After completion of the run, the main output files are copied from the tempo-rary to the working directory, and the temporary directory is deleted unless flag-no_delete is specified or the program was terminated with an error signal.Some iTOUGH2 runs may require additional input files containing mesh information,initial conditions, sinks and sources, or other special data. These files must be explicitlyspecified using flags -m-i -g, and -fi, respectively, followed by the appropriate filename. (All data and input files explicitely specified in the iTOUGH2 input file do not need tobe given on the command line.) For example, if the TOUGH2 blocks ELEME and CONNEare provided on a separate file named coarse.mes, the command reads:itough2 -m coarse.mes -v 3.2 samplei.inp sample.inp 3 &By default, only the main output files are returned to the working directory, before thetemporary directory is deleted. If additional files should be preserved, such as the mesh filesMESH and MINC, the linear equation file LINEQ, the PLOPO plot file, or the covariance fileof the calculated system response, the flags -mesh, -lin, -plo, and -cov must beset, respectively. Finally, the default names of the iTOUGH2 output file, the TOUGH2output file, and the TOUGH2 SAVE file can be changed using options -ito, -to, and-save, respectively, followed by the desired file name. Example:itough2 -i test.sav -save test.sav2 -mesh testi test 10 &In this example, initial conditions are not provided through the TOUGH2 input file testbut are read from file test.sav, which apparently is the SAVE file from a previous run. Inorder not to overwrite this file, the default file name for the current SAVE file is changed totest.sav2. The M E S H file generated by this run is returned to the working directory withname test.mes. This is an inversion using the T2VOC simulator [Falta et al., 1995]; its EOSnumber is 10.

iTOUGH2 USER�S GUIDE117UTILITIES6.3Submitting a TOUGH2 Job (Command tough2iTOUGH2 can also be used to run standard TOUGH2 simulations. There are severala d v a n t a g e s o f u s i n g iTOUGH2 for forward runs: (1) only one version of the simulationprogram has to be installed and maintained; (2) the exact same code is used for solving boththe forward and inverse problem, reducing the risk of introducing errors when modifying theprograms; (3) additional program features are available (see Finsterle [1999b; Appendix A]);and (4) a forward run can be observed and terminated using commands prista and kitrespectively.The general command syntax is:tough2 [options] ForwardFile EOS &Command tough2 is followed by two arguments in the following order: (1) the nameof the TOUGH2 input file, and (2) an indicator of the EOS module being used (usually awhole number). Additional options may precede the mandatory arguments. They are thesame as those for command itough2 (see Section 6.2).Command tough2 calls shell script file itough2 with a dummy iTOUGH2 input fileinvdir, which is expected to be present in directory $(prog_dir) (see Table 6.1.1). There isonly minimal overhead associated with reading the dummy input file and writing additionaloutput. The name of the message file created by command tough2 is always t2.msg6.4Status Checking of an iTOUGH2 Job (Command pristaThe progress of an iTOUGH2 can be observed using command p r i s t a , w h i c h accessesfilestatus in the temporary directory. File statusisupdatedaftereachforwardsimu-lation, and contains iteration statistics, information about the current parameter set, and thedevelopmentoftheobjectivefunction.If more than one iTOUGH2 simulations are running at the same time, the user is firstprompted to select which run shall be checked (see Figure 6.4.1). Then, the contents of filestatus are displayed. The current parameter set is printed along with the latest and totalupdate. The sensitivity measure

d =¶S

(Equation 2.8.2.6) shows the change of the objec-tive function if the parameter is perturbed by a small amount. Lastly, information about theobjective function is given, with its current value, the update due to the perturbation of theparameter indicated by the arrow <---, and the total improvement with respect to the initialvalue printed in the last column.

iTOUGH2 USER�S GUIDE118UTILITIES your_prompt> prista

ID STIME DIRECTORY ARGUMENTS

1 --> 09:29 it2_87631 -tough2 test 9

2 --> 09:31 it2_87633 sam2p1i sam2 3

3 --> 09:32 it2_87639 -fi atmos.dat sam5i sam5 3

Enter ID: 2

==================================================================

S T A T U S O F i T O U G H 2 S I M U L A T I O N

Date : 23-Nov-98 09:33 iTOUGH2 file : sam2p1i

TOUGH2 file : sam2

Working directory : /m/presto/u/finster/itough2/samples/sample2

Temporary directory : /m/presto/u/finster/it2_29625

UNIX command line arguments : sam2p1i sam2 3

Comment : No fit improvement. Jacobian (forward).

Iterations completed : 1 Iterations to go 7

TOUGH2 runs completed (+/-): 8/ 0 Unsuccessful steps 0

TOUGH2 runs to go (approx.) : 43 Log(Levenberg) -3

CPU time used [sec] : 41.63 for last step 5.48

Parameter Current Last Update Total Update Sens. Active

1. ABS. K GEYS1+8 : -.1939E+02 -.3917E+00 -.3917E+00 937.787

2. KLINK GEYS1+8 : .6543E+01 -.4569E+00 -.4569E+00 871.680

3. POROSITY GEYS1+: .1080E-01 -.4311E-02 -.4311E-02 24.210 <---

TOUGH2 run No. : 8 8 - 5 5 - 1 Initial

Obj. Function : .6016E+05 .2421E+02 -.2572E+06 .3174E+06

Do you want to read an output file?

1 --> sam2.out

2 --> sam2p1i.out

* --> another file

Enter file No. plus v(i) or t(ail): 2

Figure 6.4.1.Screen dump from command pristaThe user has then the opportunity to look at some of the output files using either the ditor or Unix command tail. If the file number is given, command tail is invoked,displaying the last 10 lines of the chosen output file. The tail command continues todisplay lines as they are added to the output file until stopped by pressing the Ctrl-C keysequence. In order to user the vi-editor, the file number has to be followed by the characterv. Note that the file should not be modified since it is continuously updated by iTOUGH2C o m m a n d prista allows a user also to inspect a TOUGH2 simulation. If deemednecessary,theruncanbegracefullyterminatedusingcommand kit (see Section 6.5).

iTOUGH2 USER�S GUIDE119UTILITIES6.5Terminating an iTOUGH2 Job (Command kitAn iTOUGH2 run can be interrupted and in particular gracefully terminated usingcommand kit, which sends a signal to the process running iTOUGH2. A signal handler isinstalled (see file mdep$COMP.f) to trigger the desired action. Command kit is usuallyused after checking the status of an iTOUGH2 run using command prista (see Section6.4). The signal numbers and their effects are described in Table 6.5.1.Table 6.5.1. Signals Sent by Command kitSignalEffect

Exit shell script (no action taken).

Terminates iTOUGH2immediately,butgracefully.Terminates iTOUGH2 after completion of the current forward run. The Jacobianmatrix used for the error analysis may contain columns that are from the previousevaluation. The corresponding parameter sensitivities are printed in brackets []in the iTOUGH2 output file.Terminates iTOUGH2 after completion of the next time step. The system state iswritten to the TOUGH2 output file (even if a negative value is specified for variableKDATA; see Finsterle [1999b; Appendix A2]). This option is useful especially forlong TOUGH2 runs. A run can be terminated at any time and later restarted usingTerminates iTOUGH2 after completion of next iTOUGH2 iteration.TOUGH2 output is generated after completion of the next time step; the runThe output buffers are flushed% so the full content of the output file can be seenduring the run using command pristaAn iTOUGH2 run is stopped without terminating it (sends signal STOP).An iTOUGH2 run previously stopped using Signal 7 is continued (sends signalCONTKills run immediately and abruptly (sends signal KILL).10A previously submitted Signal 2, 3, or 4 is canceled.Not necessary if output is not buffered.Does not work on Sun workstations using Solaris.

Figure 6.5.1 shows a screen dump from command kit. If multiple i T O U G H 2 inver-sions are running at the same time, they are listed and numbered. The information displayeddepends on the option of Unix command ps (see ps_opt in Table 6.1.1).

iTOUGH2 USER�S GUIDE120UTILITIES your_prompt> kit

# USER PID %CPU %MEM SZ RSS TTY STAT STIME TIME COMMAND

1 --> finster 13181 49.8 3.0 876 1668 pts/0 R 15:45:56 31:56 itough2_1.itelos

2 --> finster 13997 76.8 3.0 872 1664 pts/0 R 14:25:55 110:47 itough2_3.itelos

Select iTOUGH2 run by number : 2

0: exit

1: terminate immediately

2: terminate after completion of TOUGH2 run

3: terminate after completion of TOUGH2 time step

4: terminate after completion of iTOUGH2 iteration

5: print output now

6: flush output buffers

7: sleep

8: wake up

9: kill run

10: cancel previous signal

Choose signal: 6

Signal 6 sent to process 13997

Figure 6.5.1.Screen dump from command kitThe command kit sometimes fails to recognize a Unix process as an iTOUGH2 run.Inthesecases,iTOUGH2 can be killed manually using command:kill -SIGNAL PIDwhere SIGNAL is the signal number of Table 6.5.1, and PID is the process ID of theiTOUGH2 executable with the command name $prog_dir/itough2_$EOS.$HOSTDo not kill the shell script itough2 or tough2. If either of these script commands iskilled, the actual iTOUGH2 simulation in fact keep running but fails to return the output filesfrom the temporary to the working directory after its completion. Moreover, the temporarydirectory is not removed, making it reappear whenever command prista is used. Inorder to remove left behind temporary directories, type:rm -r ~/it2_* iTOUGH2 USER�S GUIDE121UTILITIES6.6Obtaining On-line Help (Command it2helpThe content of Finsterle [1999b; Section 4] can be accessed on-line at the web sitehttp://www-esd.lbl.gov/iTOUGH2, by clicking on �Command Index�.Alternatively, command it2help can be used, followed by the command name and,optionally, the command level. Type it2help to display the command usage (see Figure6.6.1). There are three special commands. In order to display the complete iTOUGH2command index (see Finsterle [1999b; Appendix B]), type:it2help indexThe following command displays iTOUGH2 update information:it2help updateThe following command displays the iTOUGH2 log book $prog_dir/itough2.logit2help logbookThe manual pages are stored on file it2help.txt. The content of this file is continuallyupdated to include added features of later versions of iTOUGH2 ===================================================================

IT2HELP --- IT2HELP --- IT2HELP --- IT2HELP --- IT2HELP --- IT2HELP

===================================================================

Displays iTOUGH2 manual pages on-line.

command = iTOUGH2 command command_level = integer indicating command level (1, 2, 3, or 4)

Prints manual pages of command ITERATION on all command levels.

Prints manual page of third-level command >>> ITERATION.

Prints the iTOUGH2 command index.

Prints version update information.

Figure 6.6.1. Screen dump from command it2help showing command usage.

iTOUGH2 USER�S GUIDE122ACKNOWLEDGMENTACKNOWLEDGMENTiTOUGH2 (up to Version 1.1) was developed at the Laboratory of Hydraulics,Hydrology, and Glaciology (VAW) of the Swiss Federal Institute of Technology (ETH),Z�rich, Switzerland, in collaboration with the Swiss National Cooperative for the Disposal ofRadioactive Waste (Nagra), Wettingen, Switzerland. Subsequent versions were supported,in part, by a grant from the Swiss National Cooperative for the Disposal of RadioactiveWaste (Nagra), Wettingen, Switzerland, and by the Assistant Secretary for Energy Efficiencyand Renewable Energy, Office of Geothermal Technologies, of the U.S. Department ofEnergy, under Contract No. DE-AC03-76SF00098.Many thanks are due to Chris Doughty, Curt Oldenburg, and Grimur Bj�rnsson, whocarefully reviewed the manuscript and made many valuable suggestions for improvement.Daniel Hawkes� services as a technical editor are gratefully acknowledged.

iTOUGH2 SAMPLE PROBLEMS123REFERENCESREFERENCESAndrews, D. F., P. J. Bickel, F. R. Hampel, P. J. Huber, W. H. Rogers, and J. W. Tukey,Robust Estimates of Location: Survey and Advances, Princeton University Press,Princeton, NJ, 1972.Battistelli, A., C. Calore, and K. Pruess, The simulator TOUGH2/EWASG for modelinggeothermal reservoirs with brines and a non-condensible gas, Geothermics, 26(4),437—464, 1997.Beck, J. V., and K. J. Arnold, Parameter Estimation in Engineering and Science, JohnWiley, New York, New York, 1977.Bickel, P. J., and K. A. Doksum, Matchematical Statistics, Holden-Day, Inc., Oakland,California, 1977.Bj�rck, A., Numerical Methods for Least Squares Problems, Society of Industrial andApplied Mathematics, Philadelphia, PA, 1996.Carrera, J., Estimation of aquifer parameters under transient and steady-state conditions,Ph.D. dissertation, Dep. of Hydrol. and Water Resour., Univ. of Ariz., Tucson, 1984.Carrera, J., State of the art of the inverse problem applied to the flow and solute transportequations, in: Custodio, E., A. Gurgui, and J. P. Lobo Ferreira (eds.), GroundwaterFlow and Quality Modeling, NATO ASI Series C: Mathematical and Physical Sciences,Vol. 224, 549—583, Kluwer, Norwell, Mass., 1988.Carrera, J., and S. P. Neuman, Estimation of aquifer parameters under transient and steadystate conditions: 1. Maximum likelihood method incorporating prior information, WaterResour. Res., 22(2), 199—210, 1986a.Carrera, J., and S. P. Neuman, Estimation of aquifer parameters under transient and steadystate conditions: 2. Uniqueness, stability, and solution algorithms, 22(2), 211—227, 1986b.Carrera, J., and S. P. Neuman, Estimation of aquifer parameters under transient and steadystate conditions: 3. Application to synthetic and field data, Water Resour. Res., 22(2),228—242, 1986c.Chavent, G., On the theory and practice of non-linear least-squares, Adv. Water Resources14(2), 55—63, 1991.

iTOUGH2 SAMPLE PROBLEMS124REFERENCESDatta-Gupta, A., S. Yoon, I. Barman, and D. W. Vasco, Streamline-based production-dataintegration into high-resolution reservoir models, SPE 52981, J. of Petr. Tech., 1272—76, 1998Donaldson, J. R., and R. B. Schnabel, Computational experiences with confidence regionsand confidence intervals for nonlinear least squares, Technometrics, 29(1), 67—82,1987.Doughty, C., Estimation of Hydrologic Properties of Heterogeneous Geologic Media with anInverse Method Based on Iterated Function Systems, Ph.D. Thesis, Dept. of MaterialSci. and Mineral Eng., University of California, Report LBL-38136, LawrenceBerkeley Laboratory, Berkeley, Calif., 1995.Ewing, R. E., and T. Lin, A class of parameter estimation techniques for fluid flow inporous media, Adv. Water Resources, 14(2), 89—97, 1991.Falta, R. W., K. Pruess, S. Finsterle, and A. Battistelli, T2VOC User’s Guide, ReportLBL-36400, Lawrence Berkeley Laboratory, Berkeley, Calif., 1995.Finsterle, S., iTOUGH2 V3.2 Verification and Validation Report, Report LBNL-42002,Lawrence Berkeley National Laboratory, Berkeley, Calif., 1998a.Finsterle, S., Parallelization of iTOUGH2 Using PVM, Report LBNL-42261, LawrenceBerkeley National Laboratory, Berkeley, Calif., 1998b.Finsterle, S., iTOUGH2 User�s Guide, Report LBNL-40040, Lawrence Berkeley NationalLaboratory, Berkeley, Calif., 1999a.Finsterle, S., iTOUGH2 Command Reference, Report LBNL-40041 (Updated reprint),Lawrence Berkeley National Laboratory, Berkeley, Calif., 1999b.Finsterle, S., iTOUGH2 Sample Problems, Report LBNL-40042 (Updated reprint),Lawrence Berkeley National Laboratory, Berkeley, Calif., 1999c.Finsterle, S., G. J. Moridis, and K. Pruess, A TOUGH2 Equation-of-State Module for theSimulation of Two-Phase Flow of Air, Water, and a Miscible Gelling Liquid, ReportLBL-36086, Lawrence Berkeley National Laboratory, Berkeley, Calif., 1994.Finsterle, S., and K. Pruess, Solving the estimation-identification problem in two-phaseflow modeling, Water Resour. Res., 31 (4), 913—924, 1995.Finsterle, S., and P. Persoff, Determining permeability of tight rock samples using inversemodeling, Water Resour. Res., 33(8), 1803—1811, 1997.

iTOUGH2 SAMPLE PROBLEMS125REFERENCESFinsterle, S., and J. Najita, Robust estimation of hydrogeologic model parameters, WaterResour. Res., 34(11), 2939—2947, 1998.Finsterle, S., and B. Faybishenko, Inverse modeling of a radial multistep outflow experi-ment for determining unsaturated hydraulic properties, Adv. Water Resour., 22(5),431—444, 1999.Gauss, C. F., Theoria Combinationis Observationum Erroribus Minimis Obnoxiae, parsprior, 1821, translated by G. W. Stewart, Theory of the Combination of ObservationsLeast Subject to Errors, Society of Industrial and Applied Mathematics, Philadelphia,PA, 1995.Gill, P. E., W. Murray, and M. H. Wright, Practical Optimization, Academic Press, Inc.,London, 1981.Haining, R., Spatial Data Analysis in the Social and Environmental Sciences, CambridgeUniversity Press, Cambridge, 1990.Huber, P. J., Robust Statistical Procedures, Society of Industrial and Applied Mathematics,Second Edition, Philadelphia, 1996.Huber, P. J., Robust Statistics, Wiley, New York, New York, 1981.IGP, Zuverl�ssigkeit in der Vermessung, Bericht Nr. 169, Institut f�r Geod�sie undPhotogrammetrie, Eidgen�ssische Technische Hochschule, Z�rich, Switzerland, 1990.Jacoby, S. L. S., J. S. Kowalik, and J. T. Pizzo, Iterative Methods for NonlinearOptimization Problems, Prentice-Hall Inc., Englewood Cliffs, New Jersey, 1972.Kashyap, R. L., Optimal choice of AR and MA parts in autoregressive moving averageIEEE Trans Pattern Anal. Mach. Intel.(2), 99—104, 1982.Kitter¿d, N.-O., and L. Gottschalk, Simulation of normal distributed smooth fields byKarhunen-Lo�ve expansion in combination with kriging, Stochastic Hydrology andHydraulics, 11, 459—482, 1997.Klinkenberg, L. J., The permeability of porous media to liquids and gases, API Drill. andProd. Prac., 200—213, 1941.Kool, J. B., J. C. Parker, and M. T. van Genuchten, Parameter estimation for unsaturatedflow and transport models�a review, Journal of Hydrol., 91, 255—293, 1987.Kuczera, G., and M. Mroczkowski, Assessment of hydrologic parameter uncertainty and theworth of multiresponse data, Water Resour. Res., 34(6), 1481—1489, 1998.

iTOUGH2 SAMPLE PROBLEMS126REFERENCESLarsen, R. J., and M. L. Marx, An Introduction to Mathematical Statistics and ItsApplications, Prentice-Hall Inc., Englewood Cliffs, New Jersey, 1986.Levenberg, K., A method for the solution of certain nonlinear problems in least squaresQuart. Appl. Math., 2, 164—168, 1944.Marquardt, D.W., An algorithm for least squares estimation of nonlinear parameters, SIAMJ. Appl. Math., 11, 431—441, 1963.McLaughlin, D., and L. R. Townley, A reassessment of the groundwater inverse problem,Water Resour. Res., 32(5), 1131—1161, 1996.Metropolis, N., A. Rosenbluth, M. Rosenbluth, A. Teller, and E. Teller, J. Chem. Phys.21, 1087—1092, 1953.Moridis, G. J., and K. Pruess, Flow and Tranport Simulations Using T2CG1, a Package ofConjugate Gradient Solvers for the TOUGH2 Family of Codes, Report LBL-36235,Lawrence Berkeley Laboratory, Berkeley, Calif., April 1995.Neumaier, A., Solving ill-conditioned and singular linear systems: A tutorial on regulariza-tion, SIAM Rev., 40(3), 636-666, 1998.Neuman, S. P., Calibration of distributed parameter groundwater flow models viewed as amultiple objective decision process under uncertainty, Water Resour. Res., 9(4), 1006—1021, 1973.Press, W. H., S. A. Teukolsky, W. T. Vetterling, and B. P. Flannery, Numerical Recipes inFORTRAN, the Art of Scientific Computing, 2nd ed., Cambridge University Press,Cambridge, 1992.Pruess, K., TOUGH User’s Guide, Report NUREG/CR-4645, Nuclear RegulatoryCommission (also Report LBL-20700, Lawrence Berkeley Laboratory, Berkeley,Calif.), 1987.Pruess, K., TOUGH2�A General-Purpose Numerical Simulator for Multiphase Fluid andHeat Flow, Report LBL-29400, Lawrence Berkeley Laboratory, Berkeley, Calif.,1991a.Pruess, K., EOS7, An Equation-of-State Module for the TOUGH2 Simulator for Two-PhaseFlow of Saline Water and Air, Report LBL-31114, Lawrence Berkeley Laboratory,Berkeley, Calif., 1991b.Russo, D., Determining soil hydraulic properties by parameter estimation: On the selection ofa model for the hydraulic properties, Water Resour. Res.24(3), 453-459, 1988.

iTOUGH2 SAMPLE PROBLEMS127REFERENCESRusso, D., E. Bresler, U. Shani, and J. C. Parker, Analyses of infiltration events in relationto determining soil hydraulic properties by inverse problem methodology, WaterResour. Res., 27(6), 1361-1373, 1991.Steinberg, D. M., and W. G. Hunter, Experimental design: Review and comment,Technometrics, 28, 71-97, 1984.Stengel, R. F., Optimal Control and Estimation, Dover Publications, Inc., Mineola, NewYork, 1994.Sun, N.-Z., Inverse Problems in Groundwater Modeling, Kluwer Acad., Norwell, Mass.,1994.Sun, N.-Z., and W. W.-G. Yeh, Coupled inverse problems in groundwater modeling, 1,Sensitivity analysis and parameter identification, Water Resour. Res. 26, 2507—2525,1990.Van Huffel, S., and J. Vandewalle, The Total Least Squares Problem, ComputationalAspects and Analysis, Society of Industrial and Applied Mathematics, Philadelphia,PA, 1991.Vasco, D. W., A. Datta-Gupta, and J. C. S. Long, Resolution and uncertainty in hydrologiccharacterization, Water Resour. Res., 33(3), 379—397, 1997.Vasco, D. W., and A. Datta-Gupta, Asymptotic solutions for solute transport: A formalismfor tracer tomography, Water Resour. Res., 35(1), 1—16, 1999.Weisberg, S., Applied Linear Regression, John Wiley & Sons, New York, 1980.Yeh, W. W-G., Review of parameter identification procedures in groundwater hydrology:The inverse problem, Water Resour. Res., 22(2), 95—108, 1986.Zimmerman, D. A., G. de Marsily, C. A. Gotway, M. G. Marietta, C. L. Axness, R. L.Beauheim, R. L. Bras, J. Carrera, G. Dagan, P. B. Davies, D. P. Gallegos, A. Galli,G. G�mez-Hern�ndez, P. Grindrod, A. L. Gutjahr, P. K. Kitanidis, A. M. Lavenue,D. McLaughlin, S. P. Neuman, B. S. RamaRao, C. Ravenne, and Y. Rubin, Acomparison of seven geostatistically based inverse approaches to estimate transmissivi-ties for modeling advective transport by groundwater flow, 1373—1413, 1998.

iTOUGH2 USER�S GUIDE128INDEXINDEXAkaike, 73, 100Andrews estimator, 36annealing schedule, 48annotation, 8A-optimality, 38, 72a priori, 23, 27, 92, 100a posteriori, 28, 59, 92, 100bias, 35, 38, 57calibration point, 7, 10, 19, 82, 84Cauchy, 36central limit theorem, 30confidence region, 61, 65, 72consistency, 22, 27contraction, 46correlation, 56, 61, 63, 72, 93cost function, 30covariance matrixobservation, 27, 32, 83, 95parameter, 5, 61, 63, 72, 92, 100prediction, 70, 75, 95curvature matrix, 63, 64design, 4, 63, 73, 91D-optimality, 72eigenanalysis, 64, 72, 94ellipsoid, 61, 64E-optimality, 72EOS, 80, 107, 112, 113, 115—117errordiscretization, 74measurement, 7, 10, 23, 27, 83, 95modeling, 7, 23, 74propagation, 4random, 24, 34systematic, 11, 24, 34, 68, 98expansion, 46F-distribution, 59, 62, 100finite differences, 16, 41, 86Fisher information matrix, 63Fisher Model Test, 59, 92, 100forward run, 41, 50, 110, 113, 117FOSM, 74gas-pressure-pulse-decay, 9Gauss, 15Gauss-Markov, 33Gauss-Newton method, 40, 42goodness-of-fit, 59, 63, 72, 100gradient, 40grid search, 50, 54Hessian matrix, 31, 40Huber estimator, 36IFS, 105, 113include file, 106, 107inconsistency, 25initialcondition, 6guess, 7, 10, 17, 81, 101invdir, 117inverse problemill-posed, 17, 31well-posed, 30iTOUGH2, 4, 80, 105itough2, 107, 109, 114, 115it2_tar, 111it2help, 114, 121Jacobian matrix, 4, 39—41, 46, 53, 55,75, 79, 86, 88, 119 iTOUGH2 USER�S GUIDE129INDEXKashyap, 73, 100kit, 107, 114, 119Klinkenberg, 9kurtosis, 69least absolute residual, 36least squares, 8, 11, 15, 32Lahey¤, 112, 113Levenberg-Marquardt, 40, 44Levenberg parameter, 44, 86likelihood function, 32, 62, 100loss function, 35, 95m, 19Makefile, 106, 111, 112Marquardt parameter, 44, 86maximum likelihood, 8, 30, 32, 62maxsize.inc, 102, 106, 111, 112median, 69minimumglobal, 30, 31local, 7, 30, 48, 50minimization algorithm, 8, 38, 86modal matrix, 66, 94modelalternative, 2, 72calibration, 3conceptual, 2, 3, 6, 9, 16, 68, 74, 109forward, 6, 109functional, 24, 59inverse, 2, 5output, 7stochastic, 6, 23model-related, 3, 16moment analysis, 68Monte Carlo, 4, 76n, 16Newton method, 41noise (see random error)nonuniqueness, 31norm, 30objective function, 8, 30, 54, 86, 97observationtype, 7, 19, 60, 97vector, 7, 20optimality criteria, 72, 100outlier, 25, 30, 34, 68, 71, 95overparameterization, 55, 72parameterestimation, 4fixed, 6, 16input, 6, 16selection, 52, 86transformation, 6, 10, 16parameterization, 16parsimony, 73path, 114PC, 111, 112perturbation method, 41prior information, 6, 7, 10, 17, 19,28, 81, 88, 93, 95prista, 107, 114, 117probability density function, 32, 61PVM, 105, 112, 113quantile, 62, 66, 71, 95, 100random variable, 27redundancy, 70reflexion, 46regression analysis, 69, 98regularization, 7, 17reliability, 70 iTOUGH2 USER�S GUIDE130INDEXresidual, 22, 23analysis, 68, 95normalized, 71, 95, 97plot, 96robust estimator, 34scalingobservations, 27scatter plot, 68, 96sensitivityanalysis, 4, 55, 88coefficient, 41, 55, 63criterion, 52, 86matrix, 58, 88measures, 56, 88, 90, 101, 117simplex, 46Simulated Annealing, 48skewness, 68standard deviationconditional, 64, 93, 101marginal, 64, 93, 101steepest descent, 38, 44step size, 51, 82, 86stopping criteria, 50t-distribution, 100temperature, 48TOUGH2, 4, 105, 109tough2, 110, 114, 117uncertaintyprediction, 5propagation, 4, 16, 74Unix shell script, 84, 107, 109, 111,version, 80, 102, 107, 109, 111vertex, 46weight, 5—7, 23, 27, 95window, 84World Wide Web, 80xvf, 111you (lucky), 100zonation, 16