ITOUGH2: Solving TOUGH Inverse ProblemsStefan Finsterle and Karsten Pruesspaper presented at the TOUGH workshop ’95Earth Sciences DivisionLawrence Berkeley National LaboratoryBerkeley, CA 94720AbstractITOUGH2 is a program that provides inverse modeling capabilities for the TOUGH2 code.While the main purpose of ITOUGH2 is to estimate two-phase hydraulic properties bycalibrating a TOUGH2 model to laboratory or field data, the information obtained byevaluating parameter sensitivities can also be used to optimize the design of an experiment,and to analyze the uncertainty of model predictions. ITOUGH2 has been applied to a numberof laboratory and field experiments on different scales. Three examples are discussed in thispaper, demonstrating the code’s capability to support test design, data analysis, and modelpredictions for a variety of TOUGH problems.IntroductionSimulating multiphase fluid flow in porous or fractured media using TOUGH2 requiresspecifying a number of parameters that are difficult to determine. Parameters measured in thelaboratory may significantly differ from their model counterparts both conceptually andnumerically mainly because of scale effects. Calibration of a TOUGH2 model against a testresponse that is relevant to the ultimate application, is a strategy to obtain model-relatedformation parameters. These parameter estimates represent effective properties at the scale ofinterest, thus greatly improving the reliability of the subsequent model predictions.ITOUGH2 is a program that provides inverse modeling capabilities for the TOUGH2simulator. The core of the program contains an algorithm that examines the impact of modelparameters on the simulation results by repeatedly solving the flow problem using TOUGH2.The information about parameter sensitivities, combined with an efficient and robustoptimization technique and a detailed error analysis, makes ITOUGH2 a powerful tool notonly for parameter estimation, but also for the optimization of test designs and the analysis ofprediction uncertainties.ITOUGH2 solves the inverse problem by automatic model calibration based on the maximumlikelihood approach. All TOUGH2 input parameters including initial and boundaryconditions as well as geometrical features such as fracture spacing can be consideredunknown or uncertain. The parameters can be estimated based on any type of observationsfor which a corresponding TOUGH2 output is available. Furthermore, user-specifiedparameters and observations can be introduced. The user can select from a number ofdifferent objective functions and minimization algorithms. One of the key features ofITOUGH2 is its extensive error analysis which provides statistical information about finalresiduals, estimation uncertainties, and the ability to discriminate among model alternatives.The theoretical background as well as the usage of the hierarchically structured commandlanguage are documented in Finsterle [1993]. Three examples are discussed in this paper,

- 2 -demonstrating the capability of ITOUGH2 to support test design, data analysis, and modelpredictions.Test DesignDesign of a laboratory or field test can be optimized, so that the uncertainty of the estimatedparameters is as small as possible. The basic idea supported by ITOUGH2 is the following:•Conceive a test design, i.e. sequence of test events, type of data to be collected, locationof sensors, number and type of parameters to be identified, etc.•Generate synthetic data using TOUGH2. A random noise can be added to representmeasurement errors.•Solve the inverse problem for all unknown or uncertain parameters using ITOUGH2.•Analyze sensitivity matrix. Revise test design to improve sensitivity of data .•Analyze covariance matrix. Optimize test design to reduce parameter correlation andestimation uncertainty.•Examine impact of conceptual model on parameter estimates. Check whether the data areselective with respect to competing model alternatives.As an example, we simulated the response to a series of standard borehole tests, includingpulse withdrawal (PW) and pulse injection (PI) tests, a constant rate pumping (RW) -recovery (RWS) test, as well as injection of water (RI) and gas (GRI) at a constant rate,followed by shut-in recovery periods (RIS, GRIS). A synthetic inverse problem is firstsolved under the assumption that only data from test sequence 1 are available (Figure 1). Thecovariance matrix of 10 unknown parameters is calculated, and the standard deviations andcorrelation coefficients are analyzed. Table 1 demonstrates that performing test sequence 1alone is insufficient to identify a number of two-phase flow parameters. Adding testsequences 2 and 3 considerably improves the ability to determine parameter values byreducing both the estimation error and the correlations between the parameters. Details can befound in Finsterle [1995].Table 1:Reduction of estimation error and parameter correlation as a result of adding testsequences 2 and 3, van Genuchten modelvan Genuchten

Sequence 1 onlySequence 1 and 2Sequence 1, 2 and 3

Parameterscscsc

log (k [m2] )0.320.040.030.260.030.27 pi [bar]N/D0.010.640.190.210.50

Sgi [-]N/D0.030.030.120.020.14

AEP 1/a [bar]N/D0.020.520.140.260.27

PSDI n [-]N/D0.010.870.050.430.09

Slr [-]N/D0.020.160.060.100.10

Sgr [-]N/D0.020.010.060.010.07 f [-]N/D0.010.010.070.010.11 log (ctz [Pa-1])N/D0.290.190.090.190.09 pbh [bar]0.620.190.250.450.220.51

s:standard deviation from joint probability density functionc:ratio of conditional and joint standard deviation; low value indicates high correlationN/D:not determinable, i.e. standard deviation much larger than parameter value

- 3 -

50 60 70 80 90 100 110 120 130 2000

2500

3000

3500

4000

4500

5000

5500

Brooks-Corey van Genuchten

Time [h]

IntervalPresure[kPa]COMPSRPW1RWRWSPW2PIRIRISGRIGRIS

Pre-Test Sequence 1 Sequence 2 Sequence 3

Grant gas and liquid pressure

Figure 1:Fitting alternative models to data synthetically generated for test sequence 1

50 60 70 80 90 100 110 120 130 2000

2500

3000

3500

4000

4500

5000

5500

Brooks-Corey van Genuchten

Time [h]

IntervalPresure[kPa]COMPSRPW1RWRWSPW2PIRIRISGRIGRIS

Pre-Test Sequence 1 Sequence 2 Sequence 3

Grant gas and liquid pressure

Figure 2:Fitting alternative models to data generated for test sequences 1, 2, and 3

- 4 -Table 2:Estimated error variances using different characteristic curves; data are generatedusing the van Genuchten model, perturbed by a normally distributed noise withs0 = 50 kPa.Estimated Error Variance s02/s02

ModelSequence 1 onlySequence 1 and 2Sequence 1, 2 and 3 data (van Genuchten)1.001.001.00 van Genuchten0.920.991.06

Brooks-Corey0.892.814.39

Grant0.955.774.78 s02:estimated error variance = a posteriori error variance of residuals; if s02 /s02 is greater than F0.95=1.35 (italic), the model is unlikely to explain the data

The synthetic data for each test design are inverted using three different characteristic curves(Brooks-Corey, van Genuchten, and Grant). The goodness-of-fit can be used to examine thecapability of the test design to discriminate among alternative conceptual models.It can be seen (Table 2, Figure 1) that each model explains the flow system equally well ifonly data from test sequence 1 are available. If data from sequences 2 and 3 are added(Figure 2), however, one of the models performs significantly better, and provides a basisfor rejecting the competing alternatives. In conclusion, the extended test design has thepotential of identifying a model that is more likely to represent field conditions.Model CalibrationThe main purpose of the ITOUGH2 code is to estimate model-related parameters byautomatically calibrating an appropriate TOUGH2 model to laboratory or field data. Theindirect approach to calibration provides great flexibility in choosing scale and layout of anexperiment that can be analyzed to determine two-phase hydraulic properties.Analysis of a ventilation test performed by Gimmi et al. [1992] at the Grimsel RockLaboratory is shown here. A TOUGH2 model that simulates evaporation at a ventilated driftsurface and propagation of a drying zone into the initially fully saturated rock matrix wascalibrated against transient water potential measurements at six different depths. Pressure datain two boreholes as well as estimates of evaporation rates at the drift surface were alsoconsidered. Absolute permeability and the parameters of van Genuchten’s characteristiccurves were determined. Figure 3 shows the comparison between observed and calculatedwater potentials. Minimization was started from different initial parameter sets. All inverseruns resulted in parameter sets that are almost identical, suggesting that the solution is uniquewithin the parameter space of interest.The predicted water potentials, plotted as solid lines in Figure 3, are close to the measuredvalues. The calculated flow rate of 0.31 mg m-2 s-1 compares very well to the observed valueof 0.3 mg m-2 s-1. The difference between measured and calculated gas pressures in the twoboreholes is less than 0.01MPa. This example shows that inverse modeling of the ventilationexperiment provides reliable estimates of model-related formation parameters affecting two-phase flow. It requires, however, a high model sophistication to simulate the physicalprocesses relevant to desaturation of a granitic rock matrix. The error analysis indicates that ifthe absolute permeability can be determined independently, the parameters of vanGenuchten’s characteristic curves are estimated with less uncertainty because of a morefavorable correlation structure. Details can be found in Finsterle and Pruess [1995].

- 5 -

0 10 20 30 40 50 60 70 80 -3.0

-2.5

-2.0

-1.5

-1.0

-0.5

-0.0

80 cm

40 cm

20 cm

5 cm

2 cm

10 cm

from drift

WaterPotential[MPa]

Time [day]

Calibration points

Distance

Measurements [Gimmi et al. 1992]

ITOUGH2 simulation

Figure 3:Comparison between calculated and measured water potentials during aventilation period of 80 days. Data from six tensiometers at different depths areavailable. Calibration points are linearly interpolated between actual data points.Data from Gimmi et al. [1992].Uncertainty Analysis for Model PredictionsModel predictions using TOUGH2 are uncertain due to the uncertainty associated with theinput parameters. ITOUGH2 provides two options to analyze prediction errors. The varianceof a model output can be calculated using standard First Order Second Moment error analysiswhich may take into account the correlations between the parameters. This method results innormally distributed prediction errors. It assumes, however, that the model is linear in theparameters, and that the probability density function of the input parameters is close toGaussian. The strong nonlinearities inherent in multiphase flow modeling may requireperforming Monte Carlo simulations. The probability density function of the prediction erroris then obtained by statistically analyzing a large number of TOUGH2 realizations.The difference between the two methods is demonstrated for a synthetic laboratory experi-ment, in which the outflow of water at the bottom of a column is measured during injectionof gas at a constant pressure from the top. The flow rate initially increases as a result ofincreasing total mobility. Once the gas has reached the outlet, the flow rate drops sharply dueto the reduced relative permeability and water content. Values for absolute permeability andthree parameters of the characteristic curves are sampled from a normal distribution, and 100Monte Carlo simulations are performed. The results indicate (Figure 4) that the predictionerrors are not symmetrical around the mean, i.e. that the linearity assumption is violated.Nevertheless, the simple First Order Second Moment error analysis provides a reasonableestimate of prediction uncertainties during the initial and final stages of the experiment.

- 6 -

10 20 30 40 50 60 70 80 90 100 0

5

10

15

20

25

30

35

40

_ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _

_ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _

_

_ _ _ _ _ _ _ _ _ _ _

_

_

_ _ _ _ _ _ _

_

_

_ _ _ _ _ _

_ _ _ _ _ _ _

_ _ _ _ _ _ _ _

_ _ _ _ _ _ _ _

_

_ _ _

_

_ _ _ _ _ _ _ _ _ _ _

_

_

_ _ _

_ _

_

_

_ _

_

_ _

_

_ _

_

_ _

_

_ _ _ _ _ _

_

_

_

_ _ _

_

_

_

_ _ _ _ _ _ _ _

_

_ _ _ _ _ _ _

_

_ _ _ _ _ _ _

_ _ _ _

_ _

_

_ _ _ _

_

_ _ _ _

_

_ _ _ _ _

_ _

_

_ _

_ _ _ _ _ _

_

_

_

_ _ _

_

_

_ _

_

_ _

_

_

_ _

_

_

_

_

_

_

_

_

_ _

_ _ _ _ _ _

_ _ _

_

_

_

_

_ _ _ _

_ _

_ _

_

_

_

_ _

_

_

_ _ _

_

_ _ _ _ _ _ _

_

_ _ _ _ _ _

_

_ _ _ _ _

_

_

_

_ _ _

_

_ _ _ _ _ _ _ _ _

_

_

_

_ _ _ _ _ _ _ _

_

_

_ _

_

_

_ _ _ _

_ _

_

_

_ _ _

_

_ _ _ _ _

_

_

_

_ _

_ _ _ _ _ _ _ _ _ _ _ _ _

_

_ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _

_

_ _

_

_ _ _

_ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _

Time [min]

FlowRate[mg/s]

Mean flow rate

95% confidence band

Monte Carlo simulations

Figure 4:Uncertainty of model prediction for synthetic laboratory experiment. The resultsof 100 Monte Carlo simulations represent the probability density function of themodel output. The uncertainty is fairly well reproduced by a First Order SecondMoment error analysis.Concluding RemarksInverse modeling provides an appealing technique to obtain model-related TOUGH2parameters by calibrating the numerical model against sensitive observations of the systemstate. The combination of sophisticated process description (TOUGH2) and a flexible androbust inverse approach with detailed error analysis (ITOUGH2) yields a powerful tool fortest analysis under two-phase flow conditions. The design of an experiment can be optimizedprior to testing in order to improve the subsequent estimation of parameter values. Finally,the impact of parameter uncertainties on model predictions can be studied using ITOUGH2.AcknowledgmentThis work was carried out under U.S. Department of Energy Contract No. DE-AC03-76SF00098 for the Director, Office of Civilian Radioactive Waste Management, Office of ExternalRelations, and was administered by the Nevada Operations Office, U.S. Department of Energy, in cooperationwith the Swiss National Cooperative for the Disposal of Radioactive Waste (Nagra).ReferencesFinsterle, S., ITOUGH2 User’s Guide Version 2.2, Lawrence Berkeley Laboratory ReportLBL-34581, Berkeley, CA, August 1993.Finsterle, S., Test Design for Determining Two-Phase Hydraulic Properties at theWellenberg Site, Lawrence Berkeley Laboratory Report, Berkeley, CA, February 1995.Finsterle, S., and K. Pruess, Solving the Estimation-Identification Problem in Two-PhaseFlow Modeling, paper accepted for publication in Water Resources Research, 1995.Gimmi, T., H. Wydler, T. Baer, H. Abplanalp, H. Fl�hler, Near field desaturationexperiment at the Grimsel Test Site (FLG), Nagra Internal Report, Wettingen,Switzerland, 1992.

- 7 -DISCLAIMERThis document was prepared as an account of work sponsored bythe United States Government. While this document is believedto contain correct information, neither the United StatesGovernment nor any agency thereof, nor The Regents of theUniversity of California, nor any of their employees, makes anywarranty, express or implied, or assumes any legal responsibilityfor the accuracy, completeness, or usefulness of any information,apparatus, product, or process disclosed, or represents that its usewould not infringe privately owned rights. Reference herein toany specific commercial product, process, or service by its tradename, trademark, manufacturer, or otherwise, does notnecessarily constitute or imply its endorsement,recommendation, or favoring by the United States Governmentor any agency thereof, or The Regents of the University ofCalifornia. The views and opinions of authors expressed hereindo not necessarily state or reflect those of the United StatesGovernment or any agency thereof, or The Regents of theUniversity of California.Ernest Orlando Lawrence Berkeley National Laboratory is anequal opportunity employer.