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Abstract Characterization of the rock permeability distribution in compartmentalized deep aquifers,
enhanced geothermal systems, and hydrocarbon reservoirs is important for predicting the flow and trans-
port behavior in these formations. Reliable prediction of the fluid flow and transport processes can, in turn,
lead to effective development of the subsurface energy and environmental resources. In deep formations
where thermal gradients are significant, the transient temperature data can provide valuable information
about the permeability distribution with depth and about the vertical fluid displacement. This paper exam-
ines the importance of temperature data in resolving the distribution of permeability with depth by jointly,
and individually, integrating the transient temperature and flow data. We demonstrate that when estimat-
ing permeability distributions in deep geothermal reservoirs, incorporating temperature data can increase
the resolution of the permeability distribution profile with depth. To illustrate the importance of tempera-
ture measurements, we adopt a coupled transient heat and fluid flow as a forward model to predict the
heat and fluid transport in a geothermal reservoir and develop an adjoint model for efficient computation
of the gradient information for model calibration. We perform a series of numerical experiments for integra-
tion of flow and pressure data alone, temperature data alone, and flow and pressure jointly with tempera-
ture data. In each case, we apply the maximum A-posteriori (MAP) method and the randomized maximum
likelihood (RML) method for inversion and uncertainty quantification. Analysis of the sensitivity of tempera-
ture and production data to heterogeneous permeability distributions reveals that the temperature of fluid,
even when measured at the surface, is sensitive to the permeability distribution in the vertical extent of the
reservoir. Hence, temperature measurements can be augmented with flow-related data to enhance the
resolution of the estimated permeability field with depth.

1. Introduction

Numerical simulation of flow and transport processes in porous media is widely used to predict the fluid
flow behavior in complex geologic formations. Accurate flow predictions hinge on reliable knowledge of
rock hydraulic properties such as permeability. Since direct measurement of rock hydraulic properties is
often not feasible, these properties are usually estimated from interpolation of scattered static data and
low-resolution seismic maps. Incorporation of reservoir dynamic response data into prior descriptions of res-
ervoir hydraulic properties is often carried out through inverse modeling. In groundwater model calibration,
it is common to use well flow rate and head measurements to estimate reservoir properties. However, the
sparsity of the available observations complicates the estimation of reservoir properties, especially when
the heterogeneity is taken into account [Woodbury and Rubin, 2000]. Research on improving model calibra-
tion and data acquisition systems along with the exponential growth in computing power in the past sev-
eral decades have resulted in development of sophisticated data acquisition and inversion techniques to
maximize the use of data for model calibration. An example is hydraulic tomography (HT), in which a set of
sequential cross-well hydraulic tests are performed, and the collected data are inverted to map the spatial
distribution of aquifer hydraulic properties [Yeh and Liu, 2000; Zhu and Yeh., 2005; Yeh and Zhu, 2007; Kuhl-
man et al., 2008].

In deep formations with measurable thermal gradient, in addition to hydraulic response data, temperature
measurements can be used to enhance the characterization of aquifer hydraulic properties [Hutchinson
et al., 2007; Arnold et al., 2010]. For example, in deep hydrocarbon reservoirs and enhanced geothermal sys-
tems, temperature variations with depth can be quite significant. Hence, the fluids produced from different
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layers of the reservoir have different temperatures (higher temperatures with depth). Thus, the flowing fluid
temperature is expected to carry information about the distribution of hydraulic properties with depth. In
addition, modern monitoring technologies such as distributed permanent downhole gauges are being
deployed for acquisition of accurate real-time measurements of fluid temperature and pressure. Downhole
fiber optic sensors offer relatively inexpensive continuous measurements of temperature at various depths
in the borehole and are used in oil and gas and geothermal reservoirs [Fryer et al., 2005; Nath et al., 2006;
Kragas et al., 2001]. The resulting continuous measurements of downhole pressure and temperature provide
important monitoring data for real-time characterization and development plans. Incorporation of tempera-
ture data in estimating aquifer permeability has been considered in the past [Woodbury et al., 1987; Wang
and Beck, 1989; Jiang and Woodbury, 2006; Rath et al., 2006; Woodbury, 2007]. Other model inputs such as
boundary heat and water fluxes can also be estimated with temperature and hydraulic head data [Wang
and Beck, 1989]. Recently, Woodbury [2007] reviewed the generalized inverse problem for groundwater and
heat flow. The previous studies are mainly based on steady state flow regimes and apply automatic differ-
entiation to obtain the sensitivity information for inversion using simplifying assumptions. In many cases,
for example, in heat production from geothermal systems, the transient flow is dominant and complex pref-
erential flow pathways in three dimensions may exist and require complex numerical simulation for model-
ing and analysis. Bravo et al. [2002] considered a steady-state flow and transient heat transport in a single-
layered model. The joint flow and temperature inversion problem in a heterogeneous three-dimensional
reservoir provide additional insight that may otherwise not be gained from studies based on homogeneous
and two-dimensional reservoirs.

To integrate temperature and fluid flow measurements into reservoir models, coupled subsurface flow and
heat transport should be used as a forward model. In cases where the dynamic changes in an aquifer as
well as the heterogeneity in flow and thermal properties can be neglected, simplified steady state solutions
may be applicable. For example, Woodbury and Smith [1985] used a steady state model to investigate the
perturbations of the near surface thermal regimes as a result of groundwater flow in a basin. However, in
deep geothermal reservoirs that are under development, the dynamic changes are not negligible, and the
heterogeneity of the formation can have significant impact on the flow regime. In such cases, numerical
modeling of the transient coupled fluid flow and heat transport in porous media is more appropriate [e.g.,
Pruess et al., 1999].

Calibration of nonisothermal reservoir models from various observations has been investigated using sev-
eral methods, including maximum a posteriori (MAP) estimation, the Markov Chain Monte-Carlo (MCMC)
approach, and the ensemble Kalman filter (EnKF) [Woodbury and Smith, 1988; Rath et al., 2006; Kiryukhin
et al., 2008; K€uhn and Gessner, 2009; Mukhopadhyay, 2009; Vogt et al., 2012]. Very few of these studies con-
sider the heterogeneity of reservoir properties. Bayesian inversion theory is commonly used for parameter
estimation [Ulrych et al., 2001; Jiang and Woodbury, 2006; Painter et al., 2007], where the goal is to character-
ize the posterior probability density function (PDF) of the uncertain parameters by combining their prior
PDF with the observed data, through a likelihood function [Tarantola, 2005; Oliver et al., 2008]. Complete
characterization of the posterior PDF is only possible under very limiting assumptions (e.g., linear Gaussian
case) that are not met in real applications where large-scale nonlinear flow and transport models are used.
In such cases, probabilistic inversion methods aim to either estimate point statistics (e.g., mean, variance) of
the parameter posterior PDF, e.g., the MAP estimate, or approximate the posterior PDF by generating sev-
eral realizations from it, e.g., Randomized Maximum Likelihood (RML), EnKF, and MCMC methods [Kitadinis,
1995; Evensen, 1994; Oliver et al., 1996; Tarantola, 2005; Oliver et al., 2008, Vrugt et al., 2008, Franssen et al.,
2009]. A main advantage of the latter approach is that it provides a practical framework for uncertainty
quantification.

A particularly challenging aspect of describing reservoir properties is proper representation of input uncer-
tainty. Underestimation of uncertainty can result in biased and unreliable solutions and future predictions,
while overestimating the uncertainty can lead to under-constrained solutions that may provide less valua-
ble forecasts. In general, however, overestimation of uncertainty is preferable to its underestimation since
the latter can misguide future development and result in irreversible losses whereas the former often
underscores the need for additional constraining data [Jafarpour and Tarrahi, 2011]. The level and nature of
the uncertainty in describing reservoir properties can also affect the type and extent of parameterization
that is often used to regularize ill-posed inverse problems. For example, if reliable prior information is
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available, one would prefer to strongly constrain the parameterization and, hence, the solution of the
inverse problem to honor the prior information. However, placing too much emphasis on the prior informa-
tion introduces the significant risk of biasing the solution. On the other hand, when prior information is
unreliable or unavailable, one would have to depend on the available data to identify the spatial distribu-
tion of permeability in the reservoir [Jafarpour and McLaughlin, 2009].

In this paper, we study the impact of temperature data on characterization of reservoir permeability. Specifi-
cally, we condition uncertain permeability distributions on flow rate and temperature measurements sepa-
rately and jointly to quantify the role of temperature observations. In addition, we use a probabilistic
framework to investigate the sensitivity of the results to initial model and data error specifications. In non-
linear inverse problems, uncertainty quantification can be carried out using the Bayesian framework [Ginn
and Cushman, 1990; McLaughlin and Townley, 1996]. Here we apply the MAP estimation approach for joint
inversion of flow and temperature data and use the RML method for uncertainty quantification. The MAP
and RML estimation approaches involve the solution of an optimization problem. We solve the resulting
high-dimensional optimization problem using gradient-based methods. Gradient-based methods are only
efficient when the gradient of the optimization objective function with respect to the unknown parameters
is readily available. An efficient way to calculate the required gradients is by adopting the variational calcu-
lus approach, also known as the adjoint method. The adjoint method computes the gradients by adjoining
the flow equation constraints to the objective function using Lagrange multipliers [Neuman and Carrera,
1985; Giering and Kaminski, 1998; Oliver et al., 2008]. While efficient, the implementation of the adjoint
method requires access and modifications to the simulation source code. The adjoint method is becoming
increasingly popular in groundwater and reservoir model calibration. In this paper, we implement the
method for coupled fluid flow and heat transport to compute the gradients required for joint inversion of
flow and temperature observations.

The remainder of this paper is organized as follows. We first present the governing equations for coupled
simulation of fluid and heat flow and the related adjoint method for gradient calculation, followed by a brief
overview of the MAP and RML estimation methods. We then present the experimental setup and show the
results of applying the MAP and RML methods to characterization of heterogeneous reservoirs, before pre-
senting the conclusions.

2. Coupled Fluid and Heat Flow Equations

To implement the joint inversion of flow rate and temperature data, a coupled fluid and heat flow model is
needed (as a forward model) to relate the observations of produced fluid flow rates and temperatures to
uncertain input model parameters. Here we present the underlying equations of our forward model, fol-
lowed by the general Bayesian inversion framework.

2.1. Nonisothermal Flow Model
Coupled fluid and heat flow in porous media have been studied for many years, and a comprehensive
approach is presented by Bejan [2004]. Using the mass and energy conservation principles, the governing
equation of coupled fluid and heat flow in porous media can be derived as (see Appendix A for derivation
and notation)

qf cpf r
@T
@t

1 v!� rT

� �
5r � ðkrTÞ1qf 0~qcpf ðTs2TÞ1bf TU

@P
@t

1bf T v!� rP1
l
K
ð v!Þ2 (1)

In this paper, we use a finite difference numerical scheme to solve the above coupled fluid and heat flow
equation to predict the evolution of fluid flow and temperature in a geothermal reservoir. The time evolu-
tion of these state variables can be used to predict the flow rate and temperature response at observations
points as a function of input model parameters (e.g., reservoir permeability distribution). This relation consti-
tutes the forward model of our inversion framework. In the next section, using this forward model, we pres-
ent a general Bayesian inverse modeling framework for joint inversion of flow rate and temperature data to
study the role of fluid flow temperature in estimating reservoir permeability distribution. Our inverse model-
ing solution uses the gradient of fluid flow and temperature response information with respect to uncertain
parameters (e.g., permeability distribution). Adjoint models have become popular for their efficiency in
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computing the gradient information in complex dynamical systems. In Appendix B, we outline the deriva-
tion of the adjoint model that we implemented for calculating the gradient of the dynamic well response
data with respect to reservoir permeability for the coupled fluid and heat flow equations.

3. Bayesian Inverse Modeling Approach

In this section, we present a brief overview of the MAP and RML estimation methods. We assume a Gaussian
prior PDF for the parameters m and a Gaussian likelihood model to represent the measurements dobs. We
consider the measurement model g(m) as a nonlinear function of the parameters. The conditional PDF of
the unknown parameters can be expressed by invoking the Baye’s rule [Tarantola, 2005]

f mjdobsð Þ5f dobsjmð Þf mð Þ=f dobsð Þ (2)

Assuming a Gaussian prior PDF

f mð Þ5c1exp 2
1
2

m2mprior
� �T

C21
m m2mprior
� �� �

(3)

and likelihood function

f dobsjmð Þ5c2exp 2
1
2
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� �
(4)

and using simple algebraic manipulations, the posterior PDF can be reduced to [Tarantola, 2005]
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where a is a normalizing constant. In the above equations, m is a Nm-dimensional column vector with prior
mean mprior and covariance matrix Cm while d 5 g(m) is a Nd dimensional vector containing the simulated
observations and dobs and Cd are the mean and covariance of the observed quantities, respectively. For the
nonlinear measurement operator d 5 g(m), the posterior PDF in equation (2) takes a more complex non-
Gaussian form that, in general, cannot be represented analytically. Two general approaches are considered
in the literature for characterization of the resulting posterior PDF. The first approach aims to estimate
important point statistics of the posterior PDF, such as its mean and covariance, and hence provides incom-
plete, yet important, characterization of the conditional parameter distribution. The second class of meth-
ods focuses on approximating the posterior PDF by generating several conditional realizations (e.g., MCMC
and RML), that enable a systematic approach to uncertainty quantification for the flow and transport predic-
tions. We adopt the MAP and RML estimation methods and focus our attention on evaluating the impor-
tance of temperature data in enhancing the estimation of reservoir permeability distribution with depth.

3.1. Maximum A Posteriori Estimate
The MAP estimate mMAP is the model that maximizes the conditional PDF f mjdobsð Þ [Tarantola, 2005]

mMAP5 argmin
m

O mð Þ (6)

or equivalently minimizes (using Gaussian assumptions)

O mð Þ5 1
2

m2mprior
� �T

C21
m m2mprior
� �

1
1
2

g mð Þ2dobsð ÞT C21
d g mð Þ2dobsð Þ (7)

The above minimization can be implemented using the classical Gauss-Newton method/algorithm. By tak-
ing the derivative of the objective function in equation (7) with respect to m and rearranging, we get the
following iterations that at convergence yield a local solution [Tarantola, 2005]
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Here G is the sensitivity matrix with elements Gij5
@gi
@mj

. Once the MAP estimate mMAP is found, the posterior
covariance matrix Cm;MAP can be approximated through linearization about the MAP estimate as

Cm;MAP5Cm2CmGT
MAP GMAPCmGT

MAP1Cd
� �21

GMAPCm (9a)

or equivalently

Cm;MAP5 GT
MAPC21

d GMAP1C21
m

� �21
(9b)

where equation (9a) is computationally more efficient for high-dimensional models. The gradients required
for carrying out the iterations in equation (8) can be efficiently computed using the adjoint method [Oliver
et al., 2008]. Derivation of the adjoint equations for coupled fluid flow and heat transport equations is sum-
marized in Appendix B.

3.2. Randomized Maximum Likelihood
In this paper, the motivation for using the RML method is twofold: first, it allows us to examine our conclu-
sion from the MAP estimation by initializing the inversion from different initial (heterogeneous) models,
which is important for gradient-based optimization of nonconvex problems; second, it provides a practical
approach for uncertainty quantification. A practical approach for uncertainty assessment is to generate mul-
tiple realizations of the conditional PDF of the parameters. This can be achieved by using rigorous sampling
methods such as the MCMC to generate conditional realizations. However, these methods are computation-
ally too demanding for practical applications, where large-scale nonlinear flow and transport models are
considered [Liu and Oliver, 2003]. The RML is proposed as an approximate method for sampling from the
posterior PDF [Kitadinis, 1995; Oliver et al., 1996]. When the data and model are related linearly, the RML can
be shown to correctly sample the posterior PDF [Oliver et al., 1996]. For nonlinear data and model relations
that are frequently encountered in practice, the method is considered an approximate conditional sampling
technique. Computational results indicate that even for weakly nonlinear problems, such as single-phase
flow, the RML sampling provides a reasonable characterization of the posterior PDF [Oliver et al., 1996; Liu
and Oliver, 2003]. The RML formulation for conditioning an unconditional realization on flow data leads to
minimizing the objective function

S mð Þ5 m2mu;i
� �T C21

m m2mu;i
� �

1 g mð Þ2du;i
� �T C21

d g mð Þ2du;i
� �

(10)

where mu;i is an unconditional realization of the model variable, du;i represents an instance of the perturbed
data vector with a Gaussian noise distribution, mc;i denotes the conditional realization that minimizes the
objective function in equation (10). To generate N conditional realizations using the RML approach, the
above optimization must be solved for N times each starting with a different instances of the unconditional
parameters mu;i and measurements du;i .

4. Experiment Setup

We consider a nonisothermal three-dimensional single phase flow system in a geothermal reservoir. The ini-
tial temperatures at the top and bottom layer of the reservoir are 100�C and 200�C, respectively. The geo-
thermal gradient is assumed to be constant within the reservoir. The configuration of the reservoir model
and the initial temperature distribution is given in Figure 1a. Water at room temperature (20�C) is injected
through a fully penetrated well (from the top to the bottom of the reservoir layers) and hot water is pro-
duced from the eight production wells symmetrically located on the edges of the domain. The observations
of injection pressure at surface and flow rate and temperature at the production wells are used for estima-
tion of the permeability map. The observations were generated by running the forward simulation with a
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reference permeability model after adding 2% (standard deviation) uncorrelated observation error to the
simulation results. The governing equations (Appendix A) are solved using a fully implicit finite difference
scheme to obtain the pressure and temperature at each grid cell. The gradients of the rate and temperature
observations with respect to permeability in each grid cell are computed using an adjoint model for the
coupled fluid flow and heat transport (see Appendix B). The prior parameter covariance matrix is obtained
from a variogram model. The information about the reservoir model and simulation parameters can be

Figure 1. (a) Field configuration and temperature gradient; (b) heterogeneous permeability distribution; (c) reservoir thermal conductivity distribution; (d) initial permeability field for the
MAP estimation; (e) sensitivity study of production rate at well indicated by red arrow in Figure 1a; and (f) sensitivity study of production temperature at well indicated by red arrow in
Figure 1a.
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found in Tables 1–3. Table 4 contains
the parameters used for geostatistical
simulation of the reference model and
the unconditional realizations for the
RML implementation.

To model distributed pressure measure-
ments, in some experiments we also
included pressure data from each simu-
lation layer of the formation at each
production well. The injector is rate-
controlled while each of the producers
operates with a constant pressure of
2900 psi (initial field pressure is 3000
psi). The fluid production rate at each
well is measured as the sum of the pro-
duction rate from different layers. The
observed production temperature is the
flow-rate-weighted mean of the pro-
duction temperature at each produc-
tion layer. The well index of the
production well is adopted from the
Peaceman’s model [Peaceman, 1978].
The liquid properties of water, including
density, heat capacity, and compressi-
bility that were used in these experi-
ments are listed in Table 3. The
logarithm of the true permeability and

heat conductivity maps is generated by drawing two samples from the sequential Gaussian simulation
based on the variogram parameters reported in Table 4. The Stanford Geostatistical Modeling Software
SGSIM was used to generate the true and prior realizations in this study, all using the same variogram
model [Remy et al., 2008].

5. Results and Discussion

5.1. MAP Estimation Results
Figure 1 summarizes the field setup and the reference model. The field configuration and well locations
are shown in Figure 1a. Figures 1b and 1c display the true log-permeability and heat conductivity maps,
respectively. Since thermal conductivity does not change significantly in real reservoirs and has a small
effect on the heat flow in convection-dominant problems, we focus on estimating the permeability field
and assume that the thermal conductivity map is known. The uniform permeability distribution in Figure 1d
is used as an initial model for the log-permeability distribution for obtaining the MAP estimates. The perme-
ability estimates when each measurement type is used individually are presented in Figure 2. The perme-

ability map that is estimated from the
production flow rate alone (first column)
shows homogeneity along the vertical
direction. That is, the observed flow rate
at the surface does not provide any reso-
lution about the permeability distribution
at different layers. The middle column in
Figure 2 shows the estimation result for
log-permeability from the distributed
pressure sensors data alone. The resulting
log-permeability shows a slight improve-
ment in the contrast between top and

Table 2. Experimental Setup

Properties Value

Number of injectors 8
Number of producers 1
Well index model Peaceman’s model [1978]
Total injection rate 66,000 BBL/d
Injection fluid temperature 20�C
Production well radius 0.583 feet
Production well BHP 2900 psi
Observation at the injection well Pressure
Observation at production wells Surface flow rate and temperature
Observation at deployed sensors Well flow temperature (each layer)

Table 1. General Simulation Parameters

Properties Value

Simulation time 1000 days
Observation interval 50 days
Reservoir dimension 1260.0 3 1260.0 3 660.0
Grid system 21 3 21 3 11
Cell dimension 60.0 3 60.0 3 60.0 feet
Initial pressure 2920 psi
Boundary conditions No flow boundary conditions
Production rate error 2%
Production temperature error 2%
Injection pressure error 2%
Temperature sensor error 2%
Gravity 9.8 m/s2

Table 3. Rock and Fluid Properties

Properties Value

Rock porosity 0.2
Rock heat capacity 0.84 3 103 J/K
Rock density 2.7 3 103 kg/m3

Fluid reference density 1 3 103 kg/m3

Fluid heat capacity 4.19 3 103 J/K
Fluid compressibility 3 3 1026 (1/psi)
Fluid thermal expansion coefficient 207 (1026/�C)
Pressure at fluid reference density 2800 psi
Temperature at fluid reference density 20�C
Fluid viscosity model Likhachev’s model [2003]
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bottom layers when compared to the
estimated map from the flow rate data
alone. However, when conditioned on
flow temperature (the third column), the
conditional permeability indicates clear
contrast and heterogeneity along the ver-
tical direction that are consistent with the
reference permeability model.

The second row in Figure 2 displays the
conditional standard deviation of the log-
permeability. The variance map clearly
shows that, after integration of flow rate
or pressure data, a significant level of
uncertainty about the log-permeability
distribution has remained, especially
away from the well locations. However,
after integrating the temperate data, the
standard deviation of the conditional
field is significantly reduced. The above

results show that the fluid temperature data are more sensitive to the permeability distribution across the
layers and, hence, are more capable of resolving the vertical distribution of reservoir permeability. When
measured at the surface, the flow rate data mainly convey information about the horizontal distribution of
the reservoir permeability and do not provide much vertical resolution. The temperature data, on the other
hand, show sensitivity to the permeability in each layer since the geothermal gradient results in lower tem-
peratures on the upper layers of the reservoir. As a result, if the permeability on the upper layer is higher,
the produced fluid will have a lower temperature. Consequently, observations of production temperature
can reveal information about the contribution of each layer to the produced water. The sensitivity analysis,
shown in Figures 1e and 1f, further demonstrates this point. From these plots, we observe that the sensitiv-
ity map of the production rate at the indicated production well has the same sign along the vertical direc-
tion, while the sensitivity map for the production temperature indicates opposite signs for the top and
bottom layers.

Figure 2. MAP estimation results for inversion with individual observations; (top) MAP permeability and (bottom) corresponding standard deviation are shown for inversion with (from
left to right) flow rate, downhole pressure sensors, and flow temperature at surface are shown, respectively.

Table 4. Geostatistical Simulation Parameters

Properties Value

Kriging type Ordinary Kriging
Max conditioning data 12
Search ellipsoid ranges 21 3 21 3 6
Search ellipsoid angles 0 3 0 3 0
Variogram model Spherical
Nugget effect 0
Logarithm permeability contribution (Sill) 1 ln2 (mD)
Thermal conductivity contribution (Sill) 0.09 W2/(m�K)2

Logarithm permeability mean 1 ln (mD)
Thermal conductivity mean 3 W/(m�K)2

Table 5. Performance of MAP Permeability Estimation

Rate P Sensor Temp Rate, P Sensor

RMSE 3434 2994 2159 2311
Rate,
Temp

Rate, Temp,
P Sensor

Rate, Temp,
T Sensor

Rate, Temp,
P, T Sensor

RMSE 1898 1422 1230 1000
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Figures 3 and 4 show the inversion results for joint integration of flow rate, pressure, and temperature data.
The first column of Figure 3 shows the estimation results for joint inversion of flow rate and pressure sen-
sors, while the second column displays the estimation results for flow rate and temperature measurements.
Comparison between the two cases reveals that, while the combination of flow and pressure data shows
improvement over the results from inversion with flow rate or pressure data separately, the permeability
contrast across the top and bottom layers is not captured. However, when flow rate and temperature data
are used together (second column), the estimated log-permeability map shows a clear contrast between
the permeability at the top and bottom layers, exhibiting a variability that is consistent with the reference
model. Hence, conditioning the permeability estimation to temperature data in addition to flow rate and
pressure measurements improves the resolution of the permeability map in the vertical direction. The esti-
mated variance maps also convey important information about the information content in each data type.
When only flow rate data are integrated, a significant portion of the variance, especially the variability with
depth, remains in the solution. As the information content of the data increases with depth (by adding the
temperature data) so does the resolution of the estimated maps and hence the conditional variance. Exam-
ining the sensitivity maps in Figures 1e and 1f leads to similar conclusions. The performance of the MAP
permeability estimation is summarized in Table 5.

The scatter plots of the estimated and true log-permeability are shown in Figure 5. Figures 5a and 5b
show the scatter plots for experiments with flow rate and temperature data separately, while Figure 5c dis-
plays the same plot for joint inversion of flow rate and temperature. In these figures, the blue (lighter in
gray scale) circles show the value of the initial (constant) log-permeability, while the red (darker in gray
scale) circles display the estimated log-permeability in each case, which is closer to the ideal case (the line
with unit slope). The performance of each method is quantified using a root-mean-squared error measure
that is summarized in Table 4. These results demonstrate the significance of temperature data in improv-
ing the estimation quality. The data prediction performance for produced water in Well 1 is presented in
Figure 6 and shows an improved data match after model calibration.

5.2. RML for Uncertainty Quantification
Here we use the RML model calibration method to generate multiple conditional models. We first generate
N 5 100 unconditional log-permeability realizations mu;i using the prior variogram/covariance model. The
parameters used for geostatistical simulation of the prior realizations are reported in Table 4. We also gener-
ate N 5 100 instances of the data vector du;i by adding a Gaussian noise with a specified variance to the

Figure 3. MAP estimation results for joint inversion of (left) flow rate with pressure sensors, (middle) flow rate with flow temperature at the surface, and (right) combined flow rate, flow
temperature, and pressure sensors. The top and bottom rows show the MAP estimate and the corresponding posterior variance, respectively.
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observed data. In general, the number of samples N is limited by the available computational resources
and should increase with increasing size and complexity of the problem. Each pair of the resulting realiza-
tions ðmu;i;du;iÞ is used to form the RML objective function in equation (10). For each pair, we minimize the
resulting objective function using a gradient-based algorithm, where the gradients are computed efficiently
with an adjoint model (see Appendix B).

The RML estimation results are summarized in Figures 7 and 8. The results are shown after condition-
ing on flow rate and temperature data. Similar to the MAP estimates, the RML results identify the main
high and low permeability trends in the field. Figures 7a and 7b display six randomly selected

Figure 4. MAP estimation results for joint inversion of (left) combined flow rate, flow temperature, and temperature sensors, and (right) combined flow rate, flow temperature, pressure
sensors, and temperature sensors. The top and bottom rows show the MAP estimate and the corresponding posterior variance, respectively.

Figure 5. Scatter plot of the initial and MAP permeability estimate against the true permeability; (a)–(c) the scatter plots for different observation types as labeled. The conditional esti-
mates are shown with red (dark in gray scale) circles while the unconditional estimates are displayed with blue (light in gray scale) circles. The straight line with unit slope that passes
through the origin represents the ideal case.
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unconditional and conditional log-permeability realizations, respectively. It is evident from these plots
that each of the calibrated realizations captures the overall permeability trend and, in particular, can
identify the contrast between the permeability in the top and bottom layers of the model. Given the
local nature of the gradient-based optimization solutions, some of the conditional realizations may be
trapped in a local solution. In such cases, a rejection sampling approach can be used to discard the
solutions with unacceptable data matches. In our examples, we did not observe large mismatches in
our experiments. Finally, Figure 8 shows the scatter plots for three sample log-permeability estimates
[Nowak, 2010]. The scatter plots in the first row correspond to permeability conditioning with both
flow rate and temperature data while the results shown in the second row display the same scatter
plots when flow temperature data are not used for conditioning. The results show that conditioning
the models on temperature data (in addition to flow rate measurements) brings the scatter plots closer
to the straight line with unit slope (ideal case), indicating an improvement in the estimated log-
permeability distribution.

6. Conclusion

We studied the role of temperature data in estimating permeability heterogeneity in geologic formations
that exhibit a measurable vertical thermal gradient. We developed a coupled heat and fluid flow model by
taking into account advection, thermal conduction, thermal expansion, and viscosity dissipation effects
and used the finite difference method to numerically solve these equations to predict fluid flow and heat

Figure 6. (left) Flow rate and (right) temperature data matches for the MAP estimation using different observations in a sample well shown in Figure 1a. For each data type (temperature
and flow rate), the data match is not acceptable when the related data are not used for calibration.

Figure 7. (a) Sample unconditional and (b) conditional realizations of the log-permeability field using the RML estimation approach. The estimated log-permeability realizations tend to
preserve the heterogeneity of the reference model.
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transport response of the formation under a given heat production scenario. We also derived the numeri-
cal adjoint model for the coupled heat and fluid flow equations to efficiently compute the gradients of the
well response quantities with respect to the permeability distribution. We evaluated the effect of tempera-
ture data on estimating the permeability distribution using two estimation methods: the MAP and RML
methods. While the MAP estimate provides the most likely values of the posterior distribution, the RML
estimation method is initialized with multiple unconditional realizations of the permeability map and gen-
erates updated (conditional) realizations, which is useful for identifying multiple local solutions and for
quantifying the solution uncertainty. These methods were used to integrate, individually and in combina-
tion, three different data types, i.e., water production rate, water production temperature at the surface,
and measured pressure at each layer from distributed sensors that are deployed in the well. The estimation
results suggest that, while the production rate data convey information on permeability heterogeneity
mainly along the horizontal direction, production temperature, even when it is only measured at the sur-
face, reveals complementary permeability information along the vertical direction. This is attributed to the
temperature data content, which in this case combines the information about the vertical temperature
gradient in the formation with the flow contribution from each layer. Since the flow contribution at each
layer is governed by the respective permeability in that layer, the temperature measurements contain
information about the permeability distribution at different layers, which can be used to resolve the per-
meability contrast in the vertical extent of the formation. Our results show that the temperature data can
play a significant role in characterization of the permeability distribution across the depth of the formation
in deep hydrocarbon reservoirs, dipped reservoirs, and geothermal resources that exhibit significant tem-
perature gradient.

Figure 8. Scatter plots for sample realizations of the RML permeability estimates: the first row shows sample scatter plots for realizations conditioned on production rate and tempera-
ture while the second row displays the same results after conditioning only on production rate. In each case, the unconditional estimates are shown with blue circles (darker circle in
gray scale) and conditional estimates are shown with red circles (darker circles in gray scale). The ideal case is the straight line that passes through the origin and has a unit slope.
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Appendix A: Governing Equations for Coupled Fluid Flow and Heat Transport in
Porous Media

The governing equations for coupled fluid and heat flow in porous media are derived from a combination
of mass conservation and energy conservation equations with Darcy’s law. The mass conservation equation
can be written as

Dq
Dt

1qr � v!5q0~q (A1)

where q is the density of the fluid in reservoir condition while q0 is the density of fluid at standard condi-
tion, v!5ûi1v̂j1wk̂ is the velocity of fluid; u, v, and w are the velocity components in î , ĵ , and k̂ directions.
~q is the volume of injected (1) or produced (2) fluid at standard condition in unit reservoir volume and
unit time and D

Dt 5 @
@t 1u @

x 1v @
y 1w @

z denotes material derivative. The energy conservation equation can be
expressed as [Bejan, 2004]

q
De
Dt

1eq0~q5r � krTð Þ1esq0~q1P
~qq0

qs
2Pr � v!1lU (A2)

where T and P are the fluid temperature and pressure, respectively; k and l are the fluid thermal conductiv-
ity and viscosity, respectively; lU is viscous dissipation term and U is a function of the spatial derivative of

velocity and in two-dimension is expressed as U52 @u
@x

� �2
1 @u

@y


 �2
� �

1 @u
@y 1 @v

@x


 �2
; e is specific internal heat of

the fluid at reservoir condition; and es is the specific internal heat of the fluid at source and sink conditions.

For a system of mass m, the internal energy change can be expressed as

DU5ðDeÞm5ðes2eÞm52PDV1cpðTs2TÞm52P
m
qs

2
m
q

� �
1cpðTs2TÞm (A3)

where DU, De, and DV are the changes in internal energy, specific internal heat, and volume of the fluid,
respectively; Ts and T are the temperatures of the fluid going into and out of the system, respectively; and
cp is the constant pressure heat capacity of the liquid. From equation (A3), we get

es2e52
P
qs

1
P
q

1cp Ts2Tð Þ (A4)

leading to the energy conservation equation

qDe
Dt

5r � ðkrTÞ1 q0~qP
q

1q0~qcpðTs2TÞ2Pr � ~v1lU (A5)

To express the equation in terms of enthalpy, the thermodynamics definition of specific enthalpy

h5e1
1
q

P (A6)

is combined with the material derivative to get

Dh
Dt

5
De
Dt

1
1
q

DP
Dt

2
P
q2

Dq
Dt

(A7)

Substituting De
Dt in equation (A5) yields
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qDh
Dt

5r � krTð Þ1q0~qcp Ts2Tð Þ1 DP
Dt

1lU (A8)

From thermodynamics, we also have

dh5cpdT1
1
q

12bTð ÞdP (A9)

where b is the coefficient of thermal expansion. For an incompressible fluid b 5 0 and for an ideal gas
bT 5 1. The temperature formulation of the energy conservation equation is therefore written as

qcp
DT
Dt

5r � ðkrTÞ1q0~qcpðTs2TÞ1bT
DP
Dt

1lU (A10)

Finally, Darcy’s Law expresses the velocity as a function of pressure gradient

v!52
K
l
ðrP2q g!Þ (A11)

where K is permeability, q is density of fluid and g! is the downward gravity acceleration.

The energy conservation equation for the porous media is obtained by averaging the energy conservation
equation for solid and fluid parts. For the solid part we have

qscps
DT
Dt

5r � ðksrTÞ1bsT
DP
Dt

(A12)

where for incompressible solid phase we have bsT DP
Dt 50. After combining the energy equations for solid

and fluid parts and incorporating Darcy’s Law, we get

qf cpf r
@T
@t

1 v!� rT

� �
5r � krTð Þ1qf 0~qcpf Ts2Tð Þ1bf TU

@P
@t

1bf T v!� rP1
l
K

v!
� �2

(A13)

where r5
Uqf cpf 1 12Uqs cpsð Þ

qf cpf
. The overall thermal conductivity can be expressed as k5Ukf 1 12Uð Þks� in

which kf is the fluid thermal conductivity while ks is the solid thermal conductivity. Note, however, that this
is only valid in one dimension [Bejan, 2004]. In general, the overall thermal conductivity k can be decided by
an extension of the Somerton model [Somerton et al., 1973] or it can be estimated experimentally.

Appendix B: Sensitivity Analysis and Adjoint Method

Sensitivity analysis provides information about the contribution of observed data to estimation of the reser-
voir properties. The sensitivity matrix G represents the change in observed data as a result of small pertur-
bations to the unknown reservoir properties. We scale the sensitivity coefficients by the standard deviation
of the observation rd, and the parameter standard deviation rm [Finsterle, 1999].

~G ij5Gij
rm

rd
(B1)

We use scaled sensitivity coefficients to compare the contribution of various observed data to characteriza-
tion of reservoir permeability distribution. In addition, we form composite sensitivities to quantify the contri-
bution by groups of observations or parameters. One composite sensitivity measure is obtained by
summing up the absolute values of the elements in a certain row of the scaled Jacobian matrix

ai5
Xn

j51

j~Gijj (B2)

This composite sensitivity ai is a measure of the contribution of observation i to the characterization of the
reservoir permeability map. The contribution of a group of observations to estimation of a single unknown
parameter j can be evaluated as
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bkj5
Xm

i51

j~Gijji2k (B3)

Local search methods for identifying the solution to the optimization problems in equations (3) and (4)
require efficient computation of the gradient of the objective function with respect to the unknown param-
eters, i.e., Gij. For realistic nonlinear flow and transport problems, these sensitivities can be efficiently com-
puted using the adjoint method, by combining the calculus of variation with the partial differential
equations that govern the flow and transport [e.g., Oliver et al., 2008]. While adjoint formulation is becoming
a standard module in reservoir simulators, for modeling more sophisticated coupled processes such as fluid
and heat flow, adjoint implementations are not readily available. In this work, we derive the gradients from
the adjoint method for a couple fluid and heat flow model. To compute the derivative of the observations g
5g x mð Þð Þ with respect to model parameter m, we use the adjoint method to solve the following constraint
optimization problem

min g5g x mð Þð Þ s:t: fn xn11; xn;m
� �

50 (B4)

where x mð Þ is the state vector and the superscript n denotes the current time step. We obtain an adjoint
objective function J by adjoining the constraint equations to the function objective function g

J5g1
XL

n50

kn11� �T
fn11 (B5)

where kn115 kn11
1 ; kn11

2 ; . . . ; kn11
Ne

h iT
are the Lagrange multipliers and fn11 represents the compact

form of the coupled fluid and heat flow equations. After taking the total derivative of equation (B5) and
rearranging, the gradients can be obtained by solving the following system of equations

dJ
dm

5rmg1
XL

n51

rm fnð ÞT
h i

knð Þ (B6)

kL1150 (B7)

rxn fnð ÞT
h i

kn52 rxn fn11� �T
h i

kn112rxn g (B8)

Note that the adjoint equation, (B8) is solved backward in time starting from the terminal condition given
by equation (B7).
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