LBNL-43331PreprintEvaluation of Geothermal Well BehaviorUsing Inverse ModelingStefan Finsterle1, Grimur Bj�rnsson2, Karsten Pruess1, and Alfredo Battistelli31Lawrence Berkeley National Laboratory, Earth Sciences Division, Berkeley, California2Orkustofnun, Grensasvegur 9, 108 Reykjavik, Iceland3Aquater SpA, San Lorenzo in Campo (PS), ItalyPaper presented at theInternational Symposium onDynamics of Fluids in Fractured RocksConcepts and Recent AdvancesIn Honor of Paul A. Witherspoon�s 80th BirthdayFebruary 10—12, 1999Lawrence Berkeley National Laboratoryand to be published in theAGU MonographDynamics of Fluids in Fractured RockConcepts and Recent Advancesedited by B. FaybishenkoThis 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, or as-sumes any legal responsibility for the accuracy, completeness, or use-fulness of any information, apparatus, product, or process disclosed, orrepresents that its use would not infringe privately owned rights. Refer-ence herein to any specific commercial product, process, or service byits trade name, trademark, manufacturer, or otherwise, does not necessar-ily constitute or imply its endorsement, recommendation, or favoringby the United States Government or any agency thereof, or The Regentsof the University of California. The views and opinions of authors ex-pressed herein do not necessarily state or reflect those of the UnitedStates Government or any agency thereof, or The Regents of the Uni-versity of California.Ernest Orlando Lawrence Berkeley National Laboratoryis an equal opportunity employer.

1Evaluation of Geothermal Well BehaviorUsing Inverse ModelingStefan Finsterle1, Grimur Bj�rnsson2, Karsten Pruess1, and Alfredo Battistelli31Lawrence Berkeley National Laboratory, Earth Sciences Division, Berkeley, California2Orkustofnun, Grensasvegur 9, 108 Reykjavik, Iceland3Aquater SpA, San Lorenzo in Campo (PS), ItalyCharacterization of fractured geothermal reservoirs for numerical prediction of fluidand heat flow requires determination of a large number of hydrologic, thermal, andgeometric properties. For use in a computer model that is based on a simplified con-ceptual model, these properties must be capable of reflecting the complex multiphaseflow behavior in a fracture network, including fracture-matrix interaction. We discussthe potential of inverse modeling techniques to provide model-related input parametersbased on a joint inversion of field testing and actual production data from a geothermalreservoir. Using synthetically generated data, we demonstrate the need to simultane-ously analyze multiple data sets in a joint inversion. The impact of parameter correla-tions on the estimated values and their uncertainties is also discussed. Inverse modelingtechniques are then applied to data from the Krafla geothermal field, Iceland, in an at-tempt to estimate some critical reservoir parameters such as steam saturation after 20years of production from that two-phase system. We conclude that inverse modeling isa powerful tool not only to provide input parameters to a numerical model, but also toimprove the understanding of fractured geothermal systems. Its efficiency and the in-sight gained from the formalized error analysis allow an evaluation of alternative con-ceptual models, which remains the most crucial step in geothermal reservoir modeling.1. INTRODUCTIONWe have employed inverse modeling techniques tostudy and characterize multiphase flow in fracturedgeothermal reservoirs. Both field and syntheticallygenerated data have been analyzed to investigate thetheoretical possibilities and limitations of these tech-niques, as well as the usefulness of inverse modelingin actual geothermal-reservoir engineering problems.Flow of water, steam, gas, and heat in fracturedgeothermal reservoirs is strongly influenced by thegeometry and hydrological characteristics of the reser-voir fracture network. The response to production andinjection is affected by the coupling between fluidflow in the fractures and heat transfer from and to theadjacent matrix blocks. Extraction of hot fluids andinjection of cold water leads to vaporization and con-densation effects near the production and injectionwells, respectively. Furthermore, as a result of pres-sure and temperature declines during production ofhigh-salinity geothermal fluids, precipitation of solidsmay occur, reducing fracture and matrix porosity andthus the overall permeability of the reservoir. On theother hand, injection of fresh water may dissolvesolids. Changes in sodium chloride concentrationstherefore contain information about fluid flowthrough the fracture network, indicating potentialconnections between injection and production wells.This connectivity is crucial for both pressure supportresulting from injection, and unwanted thermal inter-ference. Temperature data obtained in production andobservation wells are affected not only by the hydro-logic characteristics but also by the thermal propertiesof the reservoir, which govern the conductive heatexchange between the matrix blocks and the fluidsflowing in the fractures. The size and shape of thematrix blocks also determine the effectiveness withwhich thermal energy can be extracted from the reser-voir rocks.Numerical modeling is a useful tool for the designand optimization of injection operations, which are ameans to sustain energy extraction from partiallydepleted geothermal reservoirs. The reliability ofsuch model predictions depends on the accuracy with

2which the coupled processes described above are ac-counted for. In order to capture the salient features ofthe geothermal reservoir, an appropriate conceptualmodel must be developed, and accurate geometric,thermal, and hydrologic parameters must be deter-mined.Developing the conceptual model is the most im-portant and challenging task in geothermal reservoirmodeling. As discussed above, fractures play a domi-nant role in geothermal reservoirs, and their propertiesmust be assessed over a wide range of scales. Cou-pled flow of fluid and heat is affected by the aperturedistribution in individual fractures, the geometry anddensity of fractures on an intermediate scale, and thelarge-scale connectivity. Thus, the parameters andprocesses involved span many orders of magnitude ofthe spatial scale. It is currently impractical to simu-late and characterize such a multiscale system in asingle model. One approach is to estimate effectivefracture properties on the scale of interest. In otherwords, the parameters and processes represent someaverage behavior on a specific scale. In our case, thisscale is approximately the zone of influence of aproduction well or the distance between an injectionand production well. As will be discussed in Section4 of this paper, the estimated parameters must beinterpreted according to the scale on which they areestimated.Inverse modeling�automatic calibration of thenumerical model against field data�is a means toobtain model-related parameters that can be consideredoptimal for a given conceptual model. However, thelarge number of parameters needed to fully describecoupled nonisothermal multiphase flow in fractured-porous media often leads to an ill-posed inverse prob-lem, which is predisposed to yield nonunique andunstable solutions. It is therefore crucial to carefullyidentify and maximize the information content of thedata used for calibration, and to assess and minimizecorrelations among the parameters to be estimated.The iTOUGH2 code [Finsterle, 1999] provides in-verse modeling capabilities for the TOUGH2 familyof multiphase flow simulators [Pruess, 1991]. WithiTOUGH2, any TOUGH2 input parameter can beestimated based on any type of data for which a corre-sponding TOUGH2 output is calculated. Parameterestimation is supplemented by extensive residual anderror analyses. In this study, we make use of theEWASG module [Battistelli et al., 1997], whichdescribes three-phase (liquid, gas, and solid) mixturesof three components (water, sodium chloride, and anon-condensible gas). The dependence of brine den-sity, enthalpy, viscosity, gas solubility, and vaporpressure on salinity is taken into account. Precipita-tion and dissolution of salt are also included, withassociated porosity and permeability changes. Themethod of Multiple Interacting Continua (MINC)[Pruess and Narasimhan, 1982] is used to resolve thepressure, temperature, and saturation gradients be-tween the fractures and the matrix. The MINC con-cept is based on the notion that both the fractures andthe matrix can be treated as interconnected continuaand that changes in matrix conditions will be con-trolled by the distance from the fractures. Note thatin the MINC formulation, fracture spacing is simplyan input parameter to the mesh generator that pro-duces the computational grid.In the first part of this study, we perform syn-thetic inversions to investigate whether fracture prop-erties can accurately be identified and to determinewhat data are required to constrain fracture propertyestimates. We then apply inverse modeling conceptsto the analysis of field data from a single geothermalwell. Theoretical as well as practical aspects of field-scale modeling are addressed. Parameter estimates andtheir correlations are provided for key reservoir charac-teristics such as permeability, porosity, and steamsaturation after 20 years of production.The paper is organized as follows: A short sum-mary description of the inverse modeling concept isgiven in Section 2. In Section 3, we applyiTOUGH2/EWASG to synthetically generated produc-tion data from a hypothetical fractured geothermalreservoir with high salinity and CO2 as the non-condensible gas. Section 4 describes the analysis ofpressure and enthalpy data from a new well in theKrafla high-temperature geothermal field, Iceland. Asummary and concluding remarks are provided inSection 5.2. INVERSE MODELING CONCEPTIn standard simulation practice, site-specific pa-rameter values describing hydrogeological and ther-mophysical properties are entered into a numericalmodel along with appropriate initial and boundaryconditions. The model then predicts the future stateof the system (e.g., pressures, temperatures, concen-trations). This is referred to as forward modeling. Ininverse modeling, observations of the system at dis-crete points in space and time are used to estimatesite-specific model parameters. Estimation occurs byautomatic history matching of observed and computeddata. The core of inverse modeling is an accurate,

3efficient, and robust simulation program that solvesthe so-called forward problem. It must be capable ofsimulating the flow and transport processes that gov-ern the observed system response. The system underconsideration requires a problem- and a site-specificconceptual model. The task of developing a represen-tative conceptual model is the most important part ofany simulation study. In inverse modeling in particu-lar, an error in the conceptual model will lead to abias in the estimated parameters, which is usuallymuch larger than the uncertainty introduced by ran-dom measurement errors [Finsterle and Najita, 1998].Next, an objective function has to be selected toobtain an aggregate measure of deviation between theobserved and calculated system response. The choiceof the objective function can be based on maximumlikelihood considerations, which for normally distrib-uted measurement errors leads to the standard weightedleast-squares criterion [Carrera and Neuman, 1986]:S=rTCzz-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 a given point in spaceand time, and zi is the corresponding simulator predic-tion, which depends on the vector p of the unknownparameters to be estimated. The i-th diagonal elementof the covariance matrix Czz-1 is the variance repre-senting the measurement error of observation zi. Thiselement is used to weigh data of different qualities andto scale data of different observation type, making theobjective function dimensionless.The objective function S has to be minimized inorder to maximize the probability of reproducing theobserved system state. Because of strong nonlineari-ties in the functions zi (p), an iterative procedure isrequired to minimize S. A number of minimizationalgorithms are available in iTOUGH2. They reducethe objective function by iteratively updating theparameter vector p based on the sensitivity of zi withrespect to pj. Details about the minimization algo-rithms implemented in iTOUGH2 can be found inFinsterle [1999]. The Levenberg-Marquardt method[Gill et al., 1981] yields good results for stronglynonlinear minimization problems.Finally, under the assumption of normality andlinearity, a detailed error analysis of the final residualsand the estimated parameters is conducted. Theseanalyses provide valuable information about the esti-mation uncertainty, the adequacy of the model struc-ture, the quality of the data, and the relative impor-tance of individual data points and parameters. Whiledetails can be found in Finsterle [1999], we note heresimply that the estimated error variance,s02=S/(m-n)(2)can be used as an aggregate measure-of-fit, where m isthe number of data used for calibration and n is thenumber of parameters being estimated. A linearapproximation of the estimation covariance matrix isgiven byCpp=s02(JTCzz-1J)-1(3)where J is the Jacobian or sensitivity matrix withelements Jij = -¶ri/¶pj = ¶zi/¶pj. The covariance ma-trix Cpp not only shows potentially high estimationuncertainties resulting from insufficient sensitivity ofthe observed data, but also reveals correlations amongthe parameters that may prevent an independent de-termination of certain properties of interest. In addi-tion to its efficiency, it is mainly the formalizedsensitivity, residual, and error analyses that makeinverse modeling preferable over the conventionaltrial-and-error model calibration.3. IDENTIFICATION OF FRACTUREPROPERTIESIn this section, we perform synthetic inversions toanalyze whether key properties of a fractured geother-mal reservoir can theoretically be identified, based ona combination of data sets produced by monitoring aproduction well.iTOUGH2/EWASG [Battistelli et al., 1997] wasused to simulate production from a hypothetical sin-gle-layer geothermal reservoir with high salinity andCO2 as the non-condensible gas. A MINC model wasdeveloped with nearly impermeable matrix blocks;fracture density was considered one of the unknownparameters to be estimated by inverse modeling.Because of salt precipitation near the production welland depletion of fluid reserves in the reservoir, theproduction of steam declines rapidly and almost ceaseswithin a relatively short time.

4

2 4 6 8 10

Time [a] 100

150

200

250

300

350

400

450

500

NaClConcentration[kg/m3]ReinjectionstartsReinjectionstarts

2 4 6 8 10

Time [a] 0

0.5

1

1.5

2

2.5

3

3.5

4

SteamProduction[kg/s]Reinjectionstarts

1600 1800 2000 2200 2400

X[m]

-400

-300

-200

-100

0

100

200

300

400

Y[m]

Saturation in Matrix Continuum

Saturation in Fracture Continuum

Production Well Injection Well

Injection Well

0.30 0.28 0.26 0.24 0.22 0.20 0.18 0.16 0.14 0.12 0.10 0.08 0.06 0.04 0.02 0.00

S_g

Figure 1. Simulated steam saturation distribution in matrix (upper left) and fracture (lower left) continua fiveyears after injection of cold water into the geothermal reservoir. Steam production (upper right) and sodium chlorideconcentration in the production well (lower right) as a function of time. Simultaneous inversion of these data can beused to calibrate the numerical model.After five years of exploitation, fresh water is in-jected through three wells located a few hundred me-ters from the production well. Figure 1 shows themodel domain, with saturation distribution in thematrix and fracture continua shown above and belowthe symmetry axis, respectively, five years after be-ginning of liquid injection. Injection of cold waterleads to a reduction of steam saturation in the imme-diate vicinity of the injection wells. Evaporation ofinjectate, however, increases the reservoir pressure,driving steam towards the production well, enhancingboth the flow rate and the total heat produced. Fur-thermore, salt that precipitated during boiling is redis-solved by the fresh water, potentially increasing thepermeability.Time series of simulated temperatures, steam pro-duction rates, flowing enthalpies, and NaCl concentra-tions at the production well are considered to be thedata available for calibration of the model. The sixparameters studied are fracture spacing af, fractureabsolute permeability kf, porosity ff, initial reservoirtemperature Ti, thermal conductivity l, and the expo-nent b that correlates permeability to porosity changeresulting from salt dissolution and precipitation as k’= kfb [Battistelli et al., 1997].Sensitivity coefficients are calculated to identifythe potential contribution of each of the observationtypes to the inverse problem at hand. Moreover, theuncertainty of the estimated parameters is evaluated,along with the correlation coefficients to detect de-pendencies among the parameters. Figure 2 showscontours of the objective function (1) in the parameterplane spanned by log(kf) and ff Parameter combina-tions that lead to an equally good fit to the data�asmeasured by the objective function�lie on continu-ous surfaces in the n-dimensional parameter space.They can also be considered to have the same prob-ability of being the true parameter set. The contour

5plot also reveals whether the solution to the inverseproblem is unique and well-posed or whether multipleminima exist or instabilities prevail. The topographyof S near the minimum reveals estimation uncertaintyand the correlation structure.

-15.0 -14.5 -14.0 -13.5 -13.0

log(Permeability [m_2]) 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8

FracturePorosity[%]

Steam Production

(a) -15.0 -14.5 -14.0 -13.5 -13.0

log(Permeability [m_2]) 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8

FracturePorosity[%]

Steam Production

Flowing Enthalpy

Temperature

Concentration

(b)Figure 2. Contours of the objective function in theparameter plane log(kf)—ff using (a) steam productiondata only, and (b) all available data. The plane inter-sects the true parameter set indicated by dashed lines.The projection of the solution path taken by theLevenberg-Marquardt minimization algorithm isshown by the heavy line in (b).Figure 2a shows the objective function obtainedwhen only steam production data are available for theinversion. While a unique global minimum can beidentified, it is rather flat and elongated, indicatinglarge estimation uncertainties and strong correlationsbetween the two parameters. If all available data areinverted simultaneously, a well-constrained minimumresults, which is accurately identified by the Leven-berg-Marquardt minimization algorithm. The projec-tion of the solution path is shown in Figure 2b. Amore detailed error analysis confirms that the jointinversion of all data greatly improves the identifiabil-ity of key hydrologic and thermal properties. Addingconcentration data to the inversion considerably re-duces the correlation among some of the parameters,allowing for a more independent and more stableestimation of reservoir properties. Other characteris-tics such as fracture spacing remain difficult to deter-mine because of their strong correlation with hydrau-lic and thermal parameters. For example, the amountof heat exchanged between the fluids in the fracturesand the matrix can be increased by either increasingthe heat conductivity or decreasing the fracture spac-ing. The two parameters are therefore strongly nega-tively correlated and cannot be determined independ-ently.In this section, we have discussed results from aninversion of synthetically generated production datafrom a geothermal field. We have demonstrated that ajoint inversion of all available data may allow theidentification of effective parameters describing cou-pled fluid and heat flow through a fractured reservoir. The true values may not be identified for parametersthat are strongly correlated. Nevertheless, modelpredictions based on the estimated parameter set areexpected to be reliable as long as the flow processesin the reservoir are not drastically changed.As previously mentioned, the adequacy of the con-ceptual model is a key requirement for successfulinverse modeling. Since the conceptual model isperfectly known in the synthetic example discussedabove, the conclusions may be too optimistic.Changing the model structure�for example, using asingle-porosity model to match data generated with aMINC model�would provide insight into the relativeimportance of the conceptual model and its parame-ters. An actual field example such as the one de-scribed in the following section also makes clear theimportance of the conceptual model development, andthus reveals both the strengths and limitations of theinverse modeling approach.

64. FIELD EXAMPLE4.1. MotivationThe Krafla geothermal field has been under exploi-tation for over 20 years [�rmannsson et al., 1987].Up to now, 32 deep wells have been drilled, providingsufficient steam to operate a 60 MWe power plant.Achieving this electrical generation rate turned out tobe troublesome and time-consuming. Volcanic activ-ity occurred in the Krafla area during the period 1975-1984 [Bj�rnsson, 1985]. Magmatic gases invadedpart of the wellfield, resulting in severe scaling andcorrosion problems in many wells. New areas wereselected for additional drilling, but well flow ratesturned out to be lower than expected. As a result ofthese difficulties, only one of the two 30 MWe tur-bines was operated between 1978 and 1997. From1996 to 1998, however, drilling of six new wellsprovided the additional steam necessary for operatingboth power units at full capacity.The purpose of this field study is to jointly ana-lyze well completion, warm-up period, and earlyproduction data in an attempt to characterize flow andsaturation conditions in the vicinity of Well KJ-31, anew well in the Krafla field. Moreover, we would liketo learn the capabilities and limitations of iTOUGH2in matching data that result from propagating phasefronts in two-phase fracture-dominated systems. Theestimated parameter values will be incorporated into a3D Krafla model currently under development[Bj�rnsson et al., 1998].4.2. The Krafla Geothermal FieldFigure 3 gives an overview of the present Kraflawellfield and some of the main geological features.The geology of the Krafla area is dominated by anactive central volcano, consisting of a caldera and a N-S trending fissure swarm. Normal fault zones of thesame direction serve as main permeability channels.Generally, fluid flow is from the NNE to the SSW.Some WNW-ESE striking faults and fractures havealso been identified as possible flow paths.The Krafla system can be divided into three sub-fields [�rmannsson et al., 1987]. The Leirbotnarreservoir is by far the largest one, divided into a shal-low liquid, 195—215�C zone at 200—1000 m depth,and a deep two-phase zone below 1200 m, wheretemperatures and pressures follow the boiling curve(300—350�C). East of Leirbotnar are the SouthernSlopes of Mt. Krafla. Here, near the Hveragil gullythe reservoir is characterized by boiling curve behav-ior from the surface to more than 2000 m depth. Temperatures are, however, reversed and much coolerin the deeper and eastern part of the Southern Slopes(below 1200—1400 m). Horizontal rhyolite intru-sions at 900—1200 m depth are widespread. The mainfeedzones in the wells are frequently associated withthis layer. The Southern Slopes are bounded to theeast by a vertical low-permeability barrier, but sharethe Hveragil fault/upflow zone with the Leirbotnarfield. Finally, there is the Hv�th�lar field to thesouth, at the caldera rim. It acts as an outflow zoneof the geothermal reservoir, presumably the hot fluidscoming from the north.The successful 1996-1998 expansion of the Kraflapower plant generated interest in additional develop-ment of the geothermal field. Simulations using thenew 3D reservoir model are currently underway tocharacterize and predict the present and future systemresponse to production [Bj�rnsson et al., 1998]. In-version techniques have not been applied to thismodel because of the large computer time require-ments. However, some subsets of the extensiveKrafla database may be suitable for inverse modeling,as presented here.

0

0

0 0

577 578 579 580 581

Northings (km)

441 442 443 444 445 Westings (km) 445 Westings (km)Well 31

500

500

400

500

500

600

600

700

Viti Krafla

Leirbotnar

Hvitholar

Southern Slopes

Powerplant

Hveragil

Well

Main recharge

Rhyolites

Barrier

Fracture zone

445 Westings (km)_{340˚ 65˚} Krafla^{Figure 3. Well locations,}

4.3. Well KJ-31 Data SourcesWell KJ-31 into the Southern in 1997 to a of 1450 m. from losses drilling; a major at 1050 two smaller m. Transmissivity on from a injection using a isothermal simulator. Total l/s an as 14 also in the Southern Slopes a mum loss of 50 l/s a transmissivity of 2.2

Bodvarsson et al., 1984]. This well has a a constant flow 10 kg/s of steam. While the enthalpy of KJ-31 to that of steam 10 of at 5—6 kg/s, or of the from the the that a 4.4. Conceptual Modelsmade as simple as possible to avoid tion of the problem. A horizontal, 100-m-thick at a 1000 m the by depth interval. A with a a porosity outer zone. This both the of Southern Slopes rhyolites.

with steam saturations of

Similar in simulation ies of systems , 1990; , 1999]. An important the warm-up data is a pressure pivot point of 68 at 1000 m definition, the point is a in a well all slope with at the pivot be at the Southern Slopes rhyolites. It is also to be the initial reservoir pressure prior to drilling well completion testing. To the plume by drilling invasion, a inflow of 20 kg/s of is the drilling 30, 1997, the beginning of the injection test on 8, 1997. Both estimates on circulation losses and well logs.against the the test, the points hot (Figures 5 6). injection flow is as a well condition. Rock density, atkg m, 1000 J 2.5 W , tively. Time is on 30, 1997, the 1050 m

Well KJ-31.

of thermal, input initial the rhyolites must be to the of to be by modeling, a set of versions using a

While the the well this in pies during the first 10 days of production. It obvious that storage of its from matrix to the fluids in the tial mechanisms that to be in ability key allowing 4.5. Inverse Modeling Resultsent which 5 33 m.

, the fracture porosity

, the mean , the , ity , the reservoir steam saturation prior to testing , the constant injection, the the pivot point in the Southern Slopes olites the at

Figure 4 shows the pivot point its uncertainty. A slight calibration error in the sure tool may shift the pivot point by tens meters, making it to the of the as an to be estimated. Also notice the the pivot point at 1050-m This may that the overlying, rhyolites to the well. Figure 4 also shows gamma log, which the tent of the formation. Count 30 units rhyolites justify the 100-m voir thickness in our matrix porosity of the to be insensitive thus constant at 10% and 1 mD, respectively.A of the shown in Figure best, the at to the by a shut-in of

0

0

0

0

800 900 1000

1100 Depth (m)

50 60 70 80

Pressure (bars)

Pivot

point

Nov. 17

Oct. 24 Oct. 14

Feedzone

at 1050 m

Pressure tool

at 780 m

a) b)

ΔP

Fracture

Casing

Confining bed

Well

KJ-31

Rhyolites

0 40 80 γ rad. (API)

c)

Figure 4. the the (b), the gamma log of Well KJ-31 (c).

0102030

Discharge (kg/s)

50 75 100 125 Time (days)

500 1000 1500 2000 2500

Enthalpy (kJ/kg)

Measured 5 m 10 m

15 m

22 m

33 m

0 50 100 150 Injection (kg/s)

50556065

Pressure (bars-a)

7.7 7.8 7.9

Time (days)

Figure Well KJ-31. of

Figure 6 shows histories Well KJ-31.

the Note flow the stantially. We this by fying a to the their weight in the Only a mild the well by which, assuming 40 to 50 bars. This is than in the by sonic the loss also be a result of clogging the resulting from the drilling.

may the in the vicinity of the well thus limiting

0 50 100 150 200 250

Temperature (C)

0 25 50 75 100 125 Time (days)

Measured 5 m 10 m 15 m 22 m 33 m

Warm-up

556065707580

Pressure (bars-a)

Pivot point pressure

Step rate injection

Figure Well KJ-31.

histories at 1000-m As stated in the introduction, one of the is to estimate the steam in the Southern Slopes rhyolites 20 10 of liquid mobility greatly the enthalpy of the as a parameter to be test estimates steam ration , whereas all the to consistent values. the sum of the mates to be one in all i.e., saturation is saturation with the of the well is at saturation on drilling invasion). This that neither nor can be estimated as will be discussed in detail in the next section. strong two sults from the that shortly the initial of fluids, Well KJ-31 steam, consistent with all the wells immobile almost small amounts of steam start saturation in a matrix system is to be high, sum of saturation It be that saturation in the interior of blocks be Its small not the composition of Fixing the at 22 m, formed an inversion with initial guesses for

Sof 50 20%, Figure 7 match 1 shows the initial guesses, the best estimates, their estimates consistent with results from the injection test.

interest the shift of -16.8 bars, that the of the rhyolites is only about 170 m below the gauge, at a of 950 m. This the conclusion from the that a 1050 m of Well KJ-31 the Southern rhyolites, which as a constant

0102030

Discharge (kg/s)

50 75 100 125

Time (days)

500 1000 1500 2000 2500 Enthalpy (kJ/kg)

Measured

Simulated

0 50 100 150

Injection (kg/s)

50556065

Pressure (bars-a)

7.7 7.8 7.9 Time (days)

Figure Well KJ-31. (top)

(bottom) using

Table 1. Initial Guess Estimate , m , m , % , % , % , m, bars , %4.6. Sensitivity and Error Analysissome of the by estimation matrix using (3). strong shift, the be ter identifiability is mainly a result of by both enthalpy information about only be from long-term the about only one ter, it is usually highly with ters and exhibits a larger estimation positive the the shift. It that an be partly applying a shift to the It is important to that the analysis at a single point in the i.e., the best estimate set. of strong nonlinearities in the multiphase flow tions, the if any of function throughout the of sensitivities As an example, function in a tion the saturation . of Figure 8 show the only enthalpy (top), (bottom). The strong correlation between the is combinations along in the + > all match to many to immobile thus an system the minimum of the function is Similarly, a minimum is only saturation is not sensitive all, i.e., the injection not on the tion, the enthalpy information about the saturation must be obtained to constrain the solution.saturation seems a system given that to from which the the in the system in a two-phase environment. This general behavior isby observations.

from their that the saturation with flow tions is must be as an ing flow through the rhyolites in

(Southern Slopes). As soon as steam in the network, the flow paths limiting mobility to a small range of total saturation. The of the supports this conclusion

, 1998].5. SUMMARY AND CONCLUSIONSthat niques, which allow a joint analysis of multiple sets, can with joint inversions lies in the that the of the estimates and thus improving the reliability synthetic sions in Section 3 show the sets.

among a their values. Results from synthetic may be too optimistic, they not

0 0

0

0

020406080100

Initial steam saturation (%)

0204060

Residual liquid saturation

020406080100

Initial steam saturation (%)

0204060

Residual liquid saturation

020406080100

Initial steam saturation (%)

0204060

Residual liquid saturation

Figure 8. Histograms of the function the parameter plane - S using (top) enthalpy (bottom) enthalpy

+ S = 1. with application of inverse modeling to an attempt to better the teristics of Well KJ-31 in the Krafla Iceland. A joint multiphase flow analysis of to sent flow as well as change mechanisms using a to a distance of 22 m from the well.

inversions the mates from the analysis of the injection test. only a mild suggesting that well output may be by the tures the well, which might by from drilling injection tests their thus still as a measure of future well output.

also that steam saturation not be with a high of it is strongly to the saturation. The inversion suggests, however, that sum of the two estimated values is to one is to against enthalpy of steam almost the be given the of the a spondingly low initial steam saturation is tive they to the Simulating complex, multiphase flow phenomena a using a newly or As a result, the may significantly they best the impact of flow on of the on the interest. This optimal of the the is a significant to it is important to be of this it limits the applicability of the set to that similar

Estimating matching past a of how of . This work was supported, in by the Assistant Secretary for Energy Efficiency

Renewable Energy, of Geothermal of the U.S. Department of Energy, Contract DE-AC03-76SF00098, by the Research Division Orkustofnun, Iceland.

authors wish to thank at Orkustofnun, for valuable discussion on Well KJ-31, Landsvirkjun, National Company, for their permission to lish the well data.

information from project reports written in Icelandic; they cited in the reference list to the limited familiar with Icelandic.

like to thank O�Sullivan, M. Lippmann, C. Oldenburg

S.varsson for careful reviews of the manuscript. Several the illustrations were made using the public-domain GMTpackage [Wessel and Smith, 1995].

H., �. Steingr�msson, Exploration the , 37, Battistelli, A., C. K. Pruess, simulator with brines a gas,

Vol. 26, No. 437-464, 1997.Bj�rnsson, A., of rifting in Iceland, , 90, 151-162, 1985.Bj�rnsson, G., of shallow steam in the Svartsengi on University, Calif., 27, 1999.Bj�rnsson, G., G. S. Bodvarsson, and O. Status of the Development of the Numerical Modelof the , Report Reykjavik, Bodvarsson, G. S., S. M. Benson, O. Sigurdsson, Stef�nsson E. T. El�asson,

1. Analysis of well Resour. ., (11), Bodvarsson, G. S., S. Bj�rnsson, A. Gunnarsson, Gunnlaugsson, O. Sigurdsson, V. Stefansson, B. Steingrimsson, The Nesjavellir geothermal a

, (3), 228, 1990.S. P. Neuman, Estimation of transient conditions, 1, Maximum prior information, , (4), 913-924, 1986.Finsterle, S., iTOUGH2 National Report 40040, Berkeley, Calif., 1999.Finsterle, S., J. Najita, Robust estimation , (11), 2939-2947, 1998.Gill, P. E., W. Murray, M. H. Wright, , Press, Inc.,

Simulator Multiphase Fluid Report Berkeley, Calif., 1991.Pruess, K. T. N. T. N., On the of from reservoirs, J. Geophys. Res., Wessel, P., and W. H. F. Smith, version of Mapping Tool EOS American Geophysical Union, 1995.