LBNL-41748ReprintAnalysis of Boiling ExperimentsUsing Inverse ModelingS. Finsterle1, C. Satik2, and M. Guerrero21Earth Sciences DivisionLawrence Berkeley National LaboratoryUniversity of CaliforniaBerkeley, CA 947202Stanford Geothermal ProgramStanford UniversityStanford, CA 94305Paper presented at theTOUGH Workshop �98Berkeley, CaliforniaMay 4—6, 1998and published in:K. Pruess (ed.), Proceedings of the TOUGH Workshop �98,Lawrence Berkeley National Laboratory Report LBNL-41995, pp.281—287May 1998This work was supported, in part, by the Assistant Secretary for Energy Efficiency and Renewable Energy, Office ofGeothermal Technologies, of the U.S. Department of Energy under contract No. DE-AC03-76SF00098.

DISCLAIMERThis document was prepared as an account of work sponsored by theUnited States Government. While this document is believed to containcorrect information, neither the United States Government nor anyagency thereof, nor The Regents of the University of California, norany of their employees, makes any warranty, express or implied, orassumes any legal responsibility for the accuracy, completeness, orusefulness of any information, apparatus, product, or process disclosed,or represents that its use would not infringe privately owned rights.Reference herein to any specific commercial product, process, or serviceby its trade name, trademark, manufacturer, or otherwise, does notnecessarily constitute or imply its endorsement, recommendation, orfavoring by the United States Government or any agency thereof, orThe Regents of the University of California. The views and opinions ofauthors expressed herein do not necessarily state or reflect those of theUnited States Government or any agency thereof, or The Regents of theUniversity of California.Ernest Orlando Lawrence Berkeley National Laboratoryis an equal opportunity employer.

- 1 -ANALYSIS OF BOILING EXPERIMENTS USING INVERSE MODELINGS. Finsterle1, C. Satik2, and M. Guerrero21Earth Sciences DivisionLawrence Berkeley National LaboratoryUniversity of CaliforniaBerkeley, CA 947202Stanford Geothermal ProgramStanford UniversityStanford, CA 94305ABSTRACTNumerical predictions of geothermal reservoirbehavior strongly depend on the assumedsteam-water relative permeabilities, which aredifficult and time-consuming to measure inthe laboratory. This paper describes the esti-mation of the parameters of the relative per-meability and capillary pressure functions byautomatically matching simulation results todata from a transient boiling experimentperformed on a Berea sandstone. A sensitivityanalysis reveals the strong dependence of theobserved system behavior on effects such asheat transfer from the heater to the core, aswell as heat losses through the insulation.Parameters of three conceptual models wereestimated by inverse modeling. Each calibra-tion yields consistent effective steam perme-abilities, but the shape of the liquid relativepermeability remains ambiguous.INTRODUCTIONThe experimental determination of relativepermeability and capillary pressure functionsfor nonisothermal, single-component, two-phase flow problems as encountered in geo-thermal reservoir engineering is verychallenging, mainly because of the need tomeasure saturation, matric potentials, and flowrates under high temperatures and pressures.Moreover, the standard concept of characteris-tic curves as saturation-dependent materialproperties may be inappropriate in suchsystems, because interfacial tension, wettingcharacteristics, and pore-level condensation-evaporation mechanisms are affected bytemperature changes. The need for steam-water relative permeability and capillarypressure functions in numerical simulations ofgeothermal reservoirs prompted several inves-tigators to analyze enthalpy data fromproduction wells [e.g., Grant, 1977; Horneand Ramey, 1978] or to conduct steam-injec-tion and boiling experiments in the laboratory[e.g., Ambusso et al., 1996; Satik, 1997]. Inthis paper, we describe the estimation of theparameters entering the relative permeabilityand capillary pressure functions, by automati-cally matching simulation results to data froma transient boiling experiment performed on aBerea sandstone. If we use inverse modelingfor parameter estimation, the functional formof the characteristic curves is part of theconceptual model, i.e., it cannot be directlyinferred from the data. However, bysubjecting competing conceptual models tothe estimation process, we can find the func-tion that best matches the observed data. If thematch was achieved without overparameteriza-tion, the most likely model is identified.We first discuss the inverse modeling approachimplemented in ITOUGH2 [Finsterle,1997a,b] and describe the boiling experiment.Next, we analyze the temperature, saturation,pressure, and heat flow data using inversemodeling with ITOUGH2.INVERSE MODELINGInverse modeling is a technique to derivemodel-related parameters from a variety ofobservations made on a hydrogeologic system,from small-scale laboratory experiments tofield tests to long-term geothermal reservoirresponses. In this section, we briefly summa-rize the various steps involved in the iterativeprocedure of automatic model calibration. Adetailed discussion of inverse modeling theorycan be found elsewhere (e.g., Carrera andNeuman [1986]).

- 2 -

updated parameter stopping criteria minimization algorithm best estimate error analysis uncertainty propagation analysis

maximum likelihood

measured system response

model calculated system response

prior information objective function

true system response

Figure 1. Inverse modeling flow chart show-ing main elements of automatic model cali-bration procedure.The flow chart shown in Figure 1 illustrates theprocess and main elements of inverse model-ing. The core of an inverse modeling code isan accurate, efficient, and robust simulationprogram such as TOUGH2 Pruess1991] tosolve the so-called forward problem. A prob-lem- and site-specific conceptual model has tobe developed, capable of simulating the flowand transport processes that govern theobserved system behavior. Note that any errorin the conceptual model leads to a bias in theparameter estimates, which is usually muchlarger than the uncertainty introduced byrandom measurement errors.Next, an objective function has to be selectedto obtain an aggregate measure of deviationbetween the observed and calculated systemresponse. The choice of the objective functioncan be based on maximum likelihood consid-erations, which for normally distributed meas-urement errors leads to the standard weightedleast-squares criterion:

S=r TC zz- 1r

(1)Here,

r

is the residual vector with elements

ri = zi * - zi(p )

, where

zi *

is an observation(e.g., pressure, temperature, flow rate, etc.) at given point in space and time, and

zi

is thecorresponding simulator prediction, whichdepends on the vector

p

of the unknownparameters to be estimated. The i-th diagonalelement of the covariance matrix

Czz

is thevariance representing the measurement errorof observation

. Note that alternativeobjective functions are available to reduce theimpact of outliers in the data or systematicmodeling errors [Finsterle and Najita [1997].The objective function

S

has to be minimizedin order to maximize the probability of repro-ducing the observed system state. Due tostrong nonlinearities in the functions

zi(p )

, aniterative procedure is required to minimize theobjective function

S

. A number of minimi-zation algorithms are available in ITOUGH2.They reduce the objective function by itera-tively updating the parameter vector

p

basedon the of

with respect to pjDetails a b o u t the minimization a l g o r i t h m s i m p l e m e n t e d in ITOUGH2 can be f o u n d i n Finsterle [1997a].Finally, under the assumption of normalityand linearity, a detailed error analysis of thefinal residuals and the estimated parameters isconducted. demonstrated in Finsterle andPruess [1995a,b], these analyses provide valu-able information about the estimation uncer-tainty, the adequacy of the model structure,the quality of the data, and the relative impor-tance of individual data points and parameters.Of special interest is the covariance matrix ofthe estimated parameter set, which is given by

Cpp=s02(JTCyy-1J)-1

(2)where

J

is the Jacobian matrix, updated at thesolution. Its elements are the coef-ficients of the calculated system response withrespect to the parameters:

Jij = - ¶ri¶pj = ¶yi¶pj

(3)In Equation (2),

s02

is the estimated error vari-ance, a goodness-of-fit measure given by

s02=rTCyy-1rM- N

(4)where

M

is the number of observations and

N

is the number of parameters.

- 3 -More than its efficiency, the formalized sensi-tivity, residual, and error analyses make inversemodeling superior to conventional trial-and-error model calibration.BOILING EXPERIMENTA vertical boiling experiment was performedat Stanford, taking advantage of the high-resolution X-ray computer tomography (CT)scanner, which measures porosity and steamsaturation during the course of the experi-ment. A schematic of the experimental setupis shown in Figure 2. A 43-cm-long Bereasandstone core of radius 2.54 cm was sealedwith epoxy and insulated with a ceramic fiberblanket. The core was saturated with waterbefore being heated from the bottom. At thetop, the core is open to atmospheric condi-tions. During the 7-day experiment, the heaterpower was increased stepwise, eventuallyreaching 10.4 Watts; boiling conditions werereached after about 5 days. Temperature,water pressure, and heat flux were measured at41 points along the core, using thermocouples,pressure transducers and heat flux sensors,respectively; four CT scans were run at t = 4, 5,and 7 days to measure steam saturation.The CT numbers depend on fluid density andthus temperature, which was evident during thefirst 5 days of heating. A simple linearcorrection was employed to avoid unreason-able steam saturation values in the first part ofthe experiment, when temperatures were belowthe boiling point. The differences between CT scan of the fully liquid-saturated core andthe dry core yielded a porosity estimate of0.22. A detailed description of the experimentis given in Satik [1997]. Table 1 summarizesthe assumed properties of the materials used inthe experiment.

andsnensul ER AL ra Temp ra ure res su re ENS OR Figure 2. Schematic of experimental setupfor boiling experiment.Table 1. Thermal Properties of MaterialsUsed in the Boiling ExperimentMaterialDensity[kg mHeat cond.Spec. heat[J kg KSandstone4.33 (4.93#

Heater2.89Heater insulator0.13(0.15Epoxy0.58Core insulator0.09 (0.12## Determined by inverse modeling, see below

MODEL DEVELOPMENTA two-dimensional, radial TOUGH2 modelwas developed for simulating the boilingexperiment. It consists of 51 layers along thecore axis, to discretize�from the bottom tothe top�the heater insulation, the heater, thecore, and the atmospheric boundary. In theradial direction, the model consists of 4 rings,the innermost representing the sandstone core,followed by two rings for the epoxy and theinsulation material, and finally the outerboundary blocks. Material properties, nodaldistances, and initial conditions for the heaterand insulation materials were selected such thatthey were impermeable to fluid flow, butpervious to conductive heat transfer. Thecapillary pressure functions of Brooks andCorey [1964] and van Genuchten [1980] weremodified (see Finsterle [1997a] for details) sothat a finite value is obtained when saturationis at or below residual liquid saturation, condi-tions achieved as a result of boiling.A number of forward simulations wereperformed to better understand the systembehavior before inverse runs were initiated.During the first five days of the experiment,the temperature condition in the core dependsexclusively on the heat source, the heat trans-fer from the heater to the core, and the thermalproperties of the sandstone as well as the insu-lation materials, which determine heat No hydrologic parameters affect the systembehavior as long as single-phase liquid condi-tions prevail. A analysis indicatesthat the heat loss from the heater as well asfrom the core to the environment have significant impact on the initial steam devel-opment. Once the boiling point has beenreached, the upward propagation of steam isinfluenced by the two-phase flow properties.Both steam and water relative permeabilitiesdetermine the pressure and temperatureconditions, the steam front propagation, andsaturation distribution within the core.Counterflow of liquid and steam by buoyancy

- 4 -and capillarity is an important mechanismtransporting water to the heater, affecting theinstance when single-phase steam conditionsare reached and temperatures start to risebeyond the boiling temperature.INVERSIONSWhile the objective of the inversions is toestimate parameters of the steam-water permeability and capillary pressure functions,the discussion above reveals that the systembehavior is strongly affected by a number ofadditional, uncertain or variable parameters,such as the absolute permeability, the thermalproperties, and the source terms. Since theseparameters are correlated to the parameters ofinterest, any errors in the fixed values will leadto errors in the estimated parameters. Thisproblem can only be solved (1) by obtainingaccurate and independent measurements ofthese parameters, or (2) by considering themto be unknown, and including them into theestimation process. We follow the latterapproach because it helps reduce estimationbias, allows examination of parameter correla-tions, and provides increased, more reasonableuncertainty estimates. Furthermore, if weselect the first approach, very accurate meas-urements of the thermal properties would berequired, in order for them to be sufficientlyknown so they can be fixed in the model. Therequirement for high measurement accuracyof the thermal parameters is a consequence ofheat losses�and thus the insulation materialproperties�strongly affecting the experiment. In order to reduce the correlation between thethermal properties and the two-phase flowparameters of interest, we perform the inver-sion in two steps. First, we estimate the thermalproperties from the data obtained during thefirst 5 days of heating, when the temperatureswere below the boiling point. In the secondinversion, we fix the thermal properties andestimate hydrogeologic parameters from theremainder of the data that exhibit two-phaseflow effects.The matches to the temperature and heat flowdata during the single-phase period are alized in Figures 3 and respectively. Thevertical distance of the symbol to the diagonalline represents the residual. The numbersindicate the sensor locations, where Sensor 1 isclosest to the heater, Sensor 2 is 3˚cm higher,etc. The random scattering of the pointsaround the diagonal line indicates that theaverage behavior is identified as intended byminimizing the least-squares objective func-tion (1). Note, however, that the matches tothe individual sensors are not optimal in theleast-squares sense. Specifically, the heat flowrates a systematic under- or overpredic-tion of the heat losses at different points alongthe core. Since this pattern is not reflected inthe temperature data, we suspect that the heatflux sensors exhibit systematic trends. Never-theless, we believe that by estimating the heatconductivity of the insulation material from available heat flow data, the average heat loss iswell captured. The estimates are shown inTable 1.

0 25 50 7 5 1 0 0 Me a s u re d Te m p e ra tu re [�C]

0255 07 51 0 0

ComputedTemperature[�C]

1 1 1 11111 1 1 11111^{1 1 1} 1^1^1^1 1^1 1^{11 1 1 1} 1^1 2 2 2 2222 2 2 22 222 2 2 2 222^2 2^2 2^2^2^2 2^{2 22}

3 3 3 33333 3 3 33 333^3 3^3 3^3 3^3^3 3^3 3^33^3^3 3^3 3

4 4 4 4444 4 4 44 444 4 4 4 44 44 4 4 4 44 44^4 4^{4 4}^4

55 55555 55 5555 5 5 55555 5 5 5555 5 5 555

66 666666 666666 6 6 66666 6 6 66666 6 6666

77 7777 777777 7 7 7777 7 7777 7 777

88 88888 888888 8 8 888888 88 888 888

99 99999 99999 999 9999999 9999999 999

+++++++ +++++++ +++++++++++ +++

---------------- ---------_{Figure 3. Measured versus calculated tem-peratures after calibration of single-phaseperiod.}

0 50 100 1 5 0 2 0 0

Me a s u re d H e a t F lu x [W /m 2]

0501 0 01 5 02 0 0

ComputedHeatFlux[W/m2]

1 111 1111 1 1111^11^1^{1 1 1}11111^11^11^1 1^1 1^1

2 22222222 2 2 222 2^2^2 2^22^2^22^2 2^2 2^22^22^2 2^2 2^22 3 3 33 3 333 3 3 33 33

333 3 3^3 3^33^33^3 3^33^33^3^3 3^3 3^3 3

444444444 4 4 444444^4 4^4 4^44^44^4 4^44^44^4^4 4^44^44 5 55555555 5 5 555555^5 5^55^5 5^55 5 5^55^55^5^5 5^55^55 6 66666666 6 6 666666^6 6^66^66^66^6 6 6666^6^6 666^66 77777 77 7 77777 7 7^7^777 7 7^77^777^7 7^7 777

888 88888 8888 8 8 88888 8 8 88^88^88^8 8^8 888

999 99 9 999 9 99999 9 9 9 99999 9 9 999999 9 9 9 9 99

+++ + ++ + + +

++++ ++++ ++ ++++++ ++ ++++++ + ++ + ++_{Figure 4. Measured versus calculated heatflow rates after calibration of single-phaseperiod.}

- 5 -Three different relative-permeability andcapillary-pressure models were calibratedagainst the available temperature, saturation,pressure, and heat-flow data from the boilingperiod. The first model consists of linear (LI)functions, the second is the Brooks-Corey(BC), and the third is the van Genuchten (VG)model as modified by Finsterle [1997a].The distribution of the residuals obtained withthe BC model is visualized in Figures 5 and 6;the a˚priori assumed measurement error andthe a˚posteriori standard deviations of the finalresiduals are given in Table along with thecontribution of each observation type to thefinal value of the objective function. Theassumed accuracy of the attainable match wasoverestimated, especially for the saturationdata, which may include a systematic meas-urement error. The estimated error variance

s02

˚=˚5.5, which is significantly greater thanone, reflects the fact that the match is not asgood as expected. Nevertheless, the contribu-tions of each observation type to the objectivefunction are relatively well balanced.Using the estimated error variance as a good-ness-of-fit criterion, none of the three modelsperforms significantly better than thecompeting alternatives, indicating that the datado not contain sufficient information for us todistinguish among different conceptualmodels. This result is unfortunate, because thethree models are believed to be sufficientlydifferent from one another, such that keyquestions regarding the nature of steam-waterrelative permeabilities could have beenanswered by a clear preference of a specificmodel. For example, while the BC and VGmodel exhibit strong phase interference, thelinear relative permeability functions suggestthat steam flow is not greatly affected by thepresence of liquid water. The BC and VGmodels also differ in regard to the presence orabsence of a finite gas entry pressure, leadingto a sharper or more diffuse saturation front.Table 2. Assumed Measurement Error,Standard Error of Final Residuals, and Contri-bution to Objective Function (COF)ObservationtypeMeasurementerrorStd. dev. ofresidualsCOF[%]Temperature [ßC]1.01.917.2

Pressure [kPa]1.01.412.7Saturation [%]1.00.933.7Heat flux [W/m10.027.736.4

0 25 50 7 5 1 0 0 125 150

Measured

0255 0^{7 5100125150}

Computed

Pressure [kPa]SteamSaturation[%]

Temperature[�C]_{Figure 5. Measured versus calculated tem-peratures, pressures and steam saturations.}

0 50 100 1 5 0 2 0 0 250 300

MeasuredHeatFlux[W/m2 ] 0 5 0 1 0 0

1 5 0

2 0 02 5 0

3 0 0

ComputedHeatFlux[W/m2]

1^11^1 111 1 1 111 1111 1111111 1 1 1 1 111 11 1 1111 11111111112 2 2222222 2 222 22 22 2 2222 222 2 2 2 22222 2 2 22 2 222 2 2 2 2222 2 2222223 333 3 333 3 3333333 3 33 33333 3 33333 3 33 33333 3 3 333333 3 3 3333344 444444 4 444444 444444 44 44444 44444444 4 44 4444 4 4 4444455555555 55 555555 5 5555 5 55 555 5 5555555 55 5555 5 5 5555566666666 6 666666 6 6 66666 66 66666 6 6 66 66666 6 66 6666 6 6 6666677 7 77777 7 7 7777 77 7777 7 777 77777 7 77 7777 7 7 7778 8 88 8 88888 8 888888 8 88888888 88 88888 88 888889 9 9999 9 99 9999 9 9 99999 9 99 999999 999999 9 9 99999++++++++ ++++++++ +++++++ +++++++++ +++++ ++ +++++ Figure 6. Measured versus calculated heatfluxes.The relative permeability functions as obtainedwith the best estimate parameter sets are shownin Figure 7. The linear functions estimated byinverse modeling are in good agreement withthe data obtained by Ambusso et al. [1996],who determined relative permeabilities byconcurrently injecting steam and water into Berea sandstone core. The VG steam permeability also coincides with the latter twofunctions. The BC function is somewhatlower, which is partly compensated for by 50% higher absolute permeability estimate. Inconclusion, the effective steam permeabilitiesas obtained with all three models are consistentand in agreement with the results of Ambussoet al. [1996]. The relative liquid permeability,however, is significantly lower in the BC andVG model as compared to LI and Ambussoet˚al. Since the observations made during the

- 6 -boiling experiment are more sensitive to steamthan to liquid relative permeability, inversemodeling makes the former consistent, andallows the latter to deviate according to therestrictions imposed by the individual models.Note that unlike the BC and VG model, thelinear steam and liquid relative permeabilityfunctions are independent from one another,allowing the water relative permeability to varymore easily, which eventually came to agreewith the data of Ambusso et al.

0 0.2 0.4 0 . 6 0 . 8 1

LiquidSaturation

0^{0 . 20.40 . 6}

0 . 8

1

RelativePermeability

krlAmbussokrsAmbusokrlL I_k rsLI_k rlVGk_{r s V G}krl_{B Ck rs}BC_{Figure 7. Relative permeability functionsestimated by inverse modeling. Independentdata obtained by Ambusso et al. [1996] areshown as symbols.One might argue that the inverse problem asformulated here, with 6 parameters estimatedfor each model, is ill-posed due to over-parameterization. This is certainly true giventhe apparent nonuniqueness of the solution.The situation can be improved only if inde-pendent estimates for some of the keyparameters can be obtained. The difficultiesencountered here are also a result of the over-all test design, in which two-phase flow condi-tions are initiated not by steam injection, butby boiling. This scheme makes the heatsource the main driving force, which becomesdependent on the thermal properties of thecore and the laboratory equipment, possiblyintroducing additional uncertainties. While theexperiment provided interesting insights intothe boiling process in porous media [Satik1997], a quantitative analysis of the data forthe determination of steam-water permeability proved difficult and ambiguous.CONCLUDING REMARKSTemperature, steam saturation, pressure, andheat flux data from a vertical boiling experi-ment were used to estimate thermal andhydrogeologic properties of a Berea sandstonecore. Since heating was the only driving forcein this experiment, the development of a two-phase flow field was strongly coupled to thetemperature conditions in the core. Conse-quently, the thermal properties, not only of thesandstone, but also of the insulation material,became a major factor in understanding thesystem behavior. From an inverse perspective,the high sensitivity of the insulation and heaterproperties, as well as the strong correlation ofthese properties to the parameters of interest,make it difficult to obtain accurate estimates.All three conceptual models used for calibra-tion yield similar matches to the data, i.e., noconclusive statement about the appropriateform of the relative permeability functions canbe made. However, all three models produceconsistent effective permeabilities for thesteam phase, which is a major factor governingthe propagation of the boiling front. The comprehensive analysis of all availabledata from a nonisothermal multiphase flowexperiment provided insight into the couplingof processes and the correlation of parameters.This information is useful for the design offuture experiments.ACKNOWLEDGMENTThis work was supported, in part, by theAssistant Secretary for Energy Efficiency andRenewable Energy, Office of GeothermalTechnologies, of the U.S. Department ofEnergy under Contract No. DE-AC03-76SF00098. We would like to thankC.˚Oldenburg and E.˚Sonnenthal for thought-ful reviews.REFERENCESAmbusso, W. J., C. Satik and R. N. Horne, � A Study of Relative Permeability for Steam-Water Flow in Porous Media,� Proceedings21st Stanford Workshop on GeothermalReservoir Engineering. Stanford, Calif., 305-311, 1996.}

- 7 -Brooks, R. H. and A. T. Corey, �HydraulicProperties of Porous Media,� Hydrol. Pap., 31-27, Colorado State Univ., Fort Collins, 1964.Carrera, J. and S. P. Neuman, �Estimation ofAquifer Parameters Under Transient andSteady-State Conditions, Maximum Likeli-hood Method Incorporating Prior Informa-tion,� Water Resour. Res. 22(2), 199-210,1986.S., �ITOUGH2 Command Refer-ence, Version 3.1,� Report LBNL-40041,Lawrence Berkeley National Laboratory,Berkeley, Calif., 1997a.S., �ITOUGH2 Sample Problems,�Report LBNL-40042, Lawrence BerkeleyNational Laboratory, Berkeley, Calif., 1997b.Finsterle, S. and J. Najita, Robust Estimation ofHydrogeologic Model ParametersReportLBNL-40684, Lawrence Berkeley NationalLaboratory, Berkeley, Calif., (submitted toWater Resour. Res.), 1997.S. and K. Pruess, �Solving theEstimation-Identification Problem in Two-Phase Flow Modeling,� Water Resour. Res.31(4), 913-924, 1995a.S. and K. Pruess, �AutomaticHistory Matching of Geothermal FieldPerformance,� Proceedings, 17th NewZealand Geothermal Workshop, p. 193-198,Auckland, New Zealand, November 8-10,1995b.Grant, M. A., �Permeability Reduction Factorsat Wairakei,� Proceedings, ASME/AIChE HeatTransfer Conference, Salt Lake City, Utah,paper 77-HT-52, 15-17, August, 1997.Horne, R. N. and H. J. Ramey, �Steam/WaterRelative Permeabilities From ProductionData,� GRC Trans. (2), 291, 1978.Pruess, K., �TOUGH2�A General-PurposeNumerical Simulator for Multiphase Fluid andHeat Flow,� Report LBL-29400, LawrenceBerkeley Laboratory, Berkeley, Calif., 1991.Satik, C., �A Study of Boiling in PorousMedia,� Proceedings, 19th New ZealandGeothermal Workshop, Auckland, NewZealand, 205-209, 1997.van Genuchten, M. Th., �A Closed-FormEquation for Predicting the HydraulicConductivity of Unsaturated Soils,� Soil Sci.Soc. Am. J., 44(5), 892-898, 1980.