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Abstract 

 

Proposal of a Rapid Model Updating and Feedback Control Scheme for 

Polymer Flooding Processes 

 

 

Cesar A. Mantilla, M.S.E. 

The University of Texas at Austin, 2010 

 

Supervisor:  Sanjay Srinivasan 

 

The performance of Enhanced Oil Recovery (EOR) processes is adversely 

affected by the heterogeneous distribution of flow properties of the rock. The effects of 

heterogeneity are further highlighted when the mobility ratio between the displacing and 

the displaced fluids is unfavorable. Polymer flooding aims to mitigate this by controlling 

the mobility ratio resulting in an increase in the volumetric swept efficiency. However, 

the design of the polymer injection process has to take into account the uncertainty due to 

a limited knowledge of the heterogeneous properties of the reservoir. Numerical reservoir 

models equipped with the most updated, yet uncertain information about the reservoir 

should be employed to optimize the operational settings. Consequently, the optimal 

settings are uncertain and should be revised as the model is updated. In this report, a 

feedback-control scheme is proposed with a model updating step that conditions prior 

reservoir models to newly obtained dynamic data, and this followed by an optimization 

step that adjusts well control settings to maximize (or minimize) an objective function.  



 vi 

An illustration of the implementation of the proposed closed-loop scheme is 

presented through an example where the rate settings of a well affected by water coning 

are adjusted as the reservoir models are updated. The revised control settings yield an 

increase in the final value of the objective function. Finally, a fast analog of a polymer 

flooding displacement that traces the movement of random particles from injectors to 

producers following probability rules that reflect the physics of the actual displacement is 

presented. The algorithm was calibrated against the full-physics simulation results from 

UTCHEM, the compositional chemical flow simulator developed at The University of 

Texas at Austin. This algorithm can be used for a rapid estimation of basic responses 

such as breakthrough time or recovery factor and to provide a simplified characterization 

the reservoir heterogeneity. 

This report is presented to fulfill the requirements to obtain the degree of Master 

of Science in Engineering under fast track option. It summarizes the research proposal 

presented for my doctorate studies that are currently ongoing. 
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 Chapter 1: Introduction 

The operation strategy of any enhanced oil recovery (EOR) process has to 

consider the following factors: (1) uncertainty in the heterogeneity of the geologic 

properties due to data scarcity and incomplete description of the reservoir; (2) this 

uncertainty due to heterogeneity is translated to uncertainty in the estimation of the final 

recovery; (3) the data collected from wells carry information that can be used to update 

prior geologic models; and (4) controllable operational variables specific for chemical 

EOR processes such as injection rates, injection pressures, slug sizes, chemical 

concentration and production constraints can be adjusted to optimize the final recovery or 

meet economic objectives. Therefore, the search for optimal operational settings has to be 

performed considering uncertain predictions of reservoir performance due to the 

uncertainty in reservoir models.  

Many techniques are available to update both static (e.g. permeability and 

porosity) and dynamic (e.g. pressure, saturation and concentration) data in the form of 

time series of response variables at wells. Model updating is challenging because of the 

highly non-linear relationship between production responses and model parameters. 

Furthermore, the non-uniqueness of the solution, the great computational cost involved in 

reservoir simulation, and the need for obtaining geologically consistent models at the end 

makes it even more challenging. A major and perhaps nowadays the most popular type of 

model updating techniques is Ensemble Kalman Filter (EnKF). EnKF and its derivatives 

have become popular because it is easy and rapid to implement, and treats the reservoir 

simulator as a black box. However, the main shortcoming of EnKF is that the update is 

based on the covariance between the model parameters and the observed response. This 
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implies that the procedure is optimum for multi-Gaussian joint distributions, which is not 

always true for realistic models. Other shortcomings of EnKF are discussed later.  

Application of optimal control theory in open-loop mode for optimizing EOR 

processes [surfactant, (Porzucek, 1990), polymer (Ramirez, 1987), and CO2 (Mehos, 

1989)] in a simple, homogeneous porous medium have demonstrated that higher 

displacement efficiency can be achieved if well control settings are optimized. The 

optimization problem becomes challenging when geologic heterogeneity and associated 

uncertainty is considered. Closed-loop schemes couple model updating with an 

optimization algorithm to continuously adjust the control settings such that the objective 

function is maximized or minimized. The problem is then rendered computationally 

demanding because of the large number of simulation runs required to capture the 

gradients of the objective function with respect to the control variables with uncertain 

model parameters. This motivated the development of a fast proxy model of polymer 

flooding that permits rapid feedback control as the one presented in the preliminary 

results section. 

It is unavoidable to compare polymer flooding with water flooding. Although, 

closed-loop approaches that couple model updating and optimization algorithms have 

recently been applied (Naevdal et al. (2006), Sarma et al., (2006), Chen et al. (2008)) for 

water flooding, its extension to polymer flooding has to consider the more complex 

rheology of the polymer attenuates the effect of heterogeneity on the displacement 

process. Furthermore, in polymer flooding control variables such as slug size and 

polymer concentration are also important. 

The main objective of this report is to postulate a feedback control scheme for 

optimizing polymer flooding in a real time-setting as illustrated in Figure 1-1. This 



 3 

ultimate objective is preceded by a preliminary work where the performance of a well 

affected by water coning was improved using an optimization procedure.  
 

 

Figure 1-1 Reservoir Management in a Closed Loop Process (adapted from Jansen et al., 
2005) 

This report is organized in the subsequent five chapters as follows: in Chapter 2, a 

literature survey on model updating, polymer flooding, optimization and applications to 

EOR processes show the need for a feed-back control scheme for polymer flooding. In 

Chapter 3, the effect of heterogeneity on polymer flooding was evaluated through a 

review of previous studies and full physics simulation using UTCHEM (including a 

modified version). In Chapter 4, the implementation of the proposed feedback control 

scheme for the case of a well affected by water coning is presented. In Chapter 5, the 

development of a fast analog for polymer flooding is explained. The conclusions of this 

study and the proposed work of this research project are presented in Chapter 6. 
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Chapter 2:  Literature Review and Background 

2.1. MODEL UPDATING FOR CLOSED-LOOP RESERVOIR MANAGEMENT 

Model updating is the process of adjusting a set of variables in a prior model such 

that the updated or posterior model better reflects a set of observations. The need for 

updating reservoir models arises because of the limited availability of reservoir specific 

data that introduces uncertainty in the reservoir model, and this leads to uncertainty in the 

predicted response. In such situations, data assimilation or model updating can serve to 

reduce the uncertainty in predicted response. History matching is an updating process, 

where the prior reservoir model is adjusted so that the simulated production response 

better matches the production profile from the field. History matching techniques can be 

broadly classified into stochastic algorithms, gradient based methods, and Kalman Filter 

approaches. Within stochastic history matching techniques, probability perturbation 

methods (Caers, 2003 and Srinivasan, 2004) and gradual deformation (Hu et al., 2005) 

are widely used. Advocates of closed-loop control approaches consider stochastic 

algorithms inappropriate because in general they are computationally expensive and 

require numerous simulation runs to converge (Jansen et al., 2005 and Sarma et al., 

2006).  

Gradient-based algorithms for history matching have been employed since 1970’s 

(Chen et al., 1974). The objective function is usually expressed as the squared difference 

between the observed and the simulated data. Sensitivity coefficients are calculated either 

analytically or using adjoint models and relate the gradient of the objective function to 

variations in the reservoir variables. These gradients are employed to minimize the 

objective function. Some drawbacks of gradient-based methods are the need to set up the 

adjoint model, no guarantee of geological consistency, convergence to a local-minimum 



 5 

and high computational cost. Gradient-based algorithms are impractical for use in real-

time management schemes because the updated model should be consistent with geology 

and the feedback should be fast. 

The remaining of this section focuses on methods that could be employed in a 

closed-loop approach. 

2.1.1 Ensemble Kalman Filter 

Ensemble Kalman Filter (EnKF) is by far the most commonly used method for 

model updating in closed-loop approaches. EnKF and its predecessor, Extended Kalman 

Filter (EKF), have their roots in the well-known Kalman filter (1960) that estimates the 

state of a linear process with discrete data, such that the mean squared error is minimized. 

Since that time, the advances in computational capability have facilitated the application 

of Kalman filter to many engineering fields. It is worthwhile understanding the 

fundamentals of Kalman filter to draw conclusions about the applicability of EnKF to 

history matching using reservoir simulation models. Kalman filter estimates the discrete-

time state of a system governed by a linear stochastic Equation 2.1: 

1 1 1k k k k− − −= + +x Ax Bu w         (2.1) 

xk: state vector of the system at time k 

A: matrix that relates the state of the process at time k with the state at time k-1 

uk-1: control input at time k-1 

B: matrix that defines the response of the process to the control input u 

wk-1: uncorrelated process noise at time k-1 

The measurements are related to the state of the process also by a stochastic linear 

Equation 2.2, which is the transfer function between the process state variables (xk) and 

the observations (zk). 

k k k= +z Hx v          (2.2) 
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H: matrix that relates the measurements with the state of the process 

vk: uncorrelated measurement noise at time k 

The probability distributions of the errors (wk and vk) are assumed to be normal, 

uncorrelated, unbiased and defined by the matrices Q, R as: 

( )k kp( ) ~ N ,w 0 Q  

( )k kp( ) ~ N ,v 0 R  

In reservoir engineering the model is a reservoir simulator, the state variables are 

static geologic properties (e.g. permeability, porosity) and dynamic flow variables (e.g. 

pressure and saturation), the control variables are the operating conditions at the wells 

(e.g. injection or production pressure), and the measurements are the production or 

injection data monitored at the wells (e.g. phase production rates). Denoting the prior 

estimate of the state vector by  k
−

x , and the posterior estimate by  k
+

x , then the prior and 

posterior errors are 


kk k

−− = −e x x          (2.3) 


kk k

++ = −e x x          (2.4) 

Since the state estimate (  k
−

x ) is assumed to be normally distributed around the true 

state of the process (xk), the corresponding covariance matrices of the prior and posterior 

errors are 
T

x ,k k kE− − − =  C e e         (2.5) 
T

x ,k k kE+ + + =  C e e         (2.6) 

The updating equation is a linear equation that correlates the posterior estimate of 

the state with the prior estimate and the available measurements. The objective is to 

minimize the discrepancy between the model predicted and the actual measurements, or 

the residual term 
kk

−
−z Hx . 

  ( )k k kk

+ − −
= + −x x K z Hx          (2.7) 
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K is the so called Kalman Gain matrix, which is solved as a minimization 

problem. After substitution of Equation 2.7 in the definition of the posterior error 

(Equation 2.4) and using Equation 2.6, the Kalman Gain matrix is expressed as 

( ) 1T T
k x ,k x ,k

−− −= +K C H HC H R        (2.8) 

An alternate Bayesian derivation of the updating Equation 2.7 can be found in 

Maybeck (1979). The major advantage of the discrete Kalman filter is its ability to handle 

a large number of variables with few observations. Combination of Equations 2.1 and 2.2 

implies that the measurements at the current time step (zk) are linearly dependent on the 

state of the system at the previous time step (xk-1); in other words, it implies that the 

transfer function between the state of the system and the measurements is linear. This 

assumption of linear dependence is the major limitation of the traditional Kalman Filter. 

Extended Kalman filter (EKF) is applicable to non-linear, differentiable transfer 

functions. However, EKF had problems with highly non-linear systems, and the explicit 

knowledge of the covariance matrix in large systems is practically unfeasible. 

Evensen (1994) presented Ensemble Kalman Filter (EnKF) in which the state 

covariance matrix is computed more efficiently. EnKF starts with an ensemble of equi-

probable realizations of the state of the process and approximates the covariance 

matrix, x ,kC− , from the state variables of each realization. The state vectors of all 

realizations of the ensemble are collected in the state matrix Xk at time step k (Equation 

2.9). kX  is a matrix whose columns are the vector with the mean of the state variables, 

kx  as in Equation 2.10. 

1 2k k , k , k ,Ne| ...|=   X x x x         (2.9) 

k k k k| ...| =  X x x x         (2.10) 

 ( )( )
1

T
k kk k

x ,k

eN

− −
=

−

X X X X
C        (2.11) 
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The covariance between the state variables and the measurements is estimated 

from the ensemble statistics. Therefore, EnKF opened the possibility to use any complex 

transfer functions like numerical simulators. After Evensen’s work, EnKF has been 

applied extensively for data assimilation in atmospheric and oceanographic sciences 

(Aanonsen, et al. 2009). Similar to reservoir history matching, data assimilation problems 

in atmospheric and oceanographic sciences involve large number of uncertain state 

variables and a highly non-linear relationship between the state variables and the 

observations. In 2001, Lorentzen, et al. (2001) introduced EnKF to the petroleum 

industry where it was used to update a model of underbalance drilling dynamics using 

measurements commonly recorded in rig operations. Then, Nævdal (2003) presented the 

first application of EnKF for reservoir history matching, followed by many other works.  

The idea of incremental updating as new production data becomes available 

without repeating flow simulation from initial time to the current time is enticing and 

continues to motivate research, especially for closed-loop management applications. 

However, EnKF does not guarantee that the updated model will preserve the spatial 

correlation structure of the model and the state model, over the course of its evolution 

may start deviating significantly from the prior model. 

2.1.2 Other Methods Used for Closed-Loop Model Updating  

Sarma et al. (2005) used Bayesian inversion to minimize the mismatch between 

the observed and simulated data. The permeability field was parameterized using 

Karhunen-Loeve expansion such that the two-point statistics were honored. The 

permeability, which is the uncertain variable, was represented as  

( ) ( ) ( ) ( )
1

i i i
i

k z, k z f zθ λ ξ θ
∞

=

= +∑       (2.12) 
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Where z refers to the location vector, θ is a random event, ξi(θ) is a set 

uncorrelated random variables, λi and fi(z) are the eigenvalues and eigenfunctions of the 

covariance model equation. 

( ) ( ) ( )1 2 1 2
1

i i i
i

C z ,z f z f zλ
∞

=

=∑        (2.13) 

If the prior model is multi-Gaussian, the covariance matrix can be calculated 

analytically. The posterior probability of the random event θ is updated by solving a 

minimization problem where the objective function is the misfit between the simulated 

production data and the observed data. Nonetheless, the covariance-based field 

parameterization might be insufficient to characterize complex geological scenarios. 

Sarma et al. (2007) continued working with Karhunen-Loeve expansions to 

parameterize the permeability field, but in this work Kernel Principal Component 

Analysis was employed to honor multiple point statistics. Again the model updating 

problem is posed as a minimization problem and solved with a gradient–based method. In 

general, geologic consistency can also be included in the objective function using 

regularization (Firozajee et al. 2006), but the updated model would be restricted to the 

particular geostatistics included in the objective function. 

2.2 OPTIMIZATION OF ENHANCED OIL RECOVERY PROCESSES 

The efficiency of a polymer flooding process can be improved by implementing 

optimum operating conditions at the wells. Economic performance indexes like net 

present value (NPV) are usually chosen as cost function in enhanced oil recovery 

processes (Ramirez et al. (1986), Sarma et al. (2005) and Kraijevanger et al. (2007)). 

Vaskas (1996) developed a comprehensive chemical flooding economic model (CFEM) 

to evaluate the economics of chemical flooding processes. CFEM include chemical oil 

recovery, capital costs, operating costs, taxation rates, oil price, etc. Vaskas (1996) 
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recommended investment efficiency for evaluating and optimizing chemical flooding 

projects. Regardless of the explicit formula, any objective function with fixed final time 

related to the cumulative recovery will be convex because the original oil in place is 

finite. Thus, gradient-based methods for optimization are suitable for this problem. 

The search for optimal control settings starts from an initial guess of the well 

control settings, and continues guided by the gradient of the objective function towards 

the optimal control settings where the gradient is zero or the feasibility bounds are hit. 

The question is how to obtain that gradient in a complex mathematical model like a flow 

simulator, where the number of variables involved is huge. The following section reviews 

applications of optimization algorithms to enhanced oil recovery processes, classified 

according to the method employed to obtain the required gradient. 

2.2.1 Optimal Control Theory and Adjoint Models 

Optimal control theory is the classical approach for optimization problems where 

a performance index needs to be minimized as a function of a set of control variables 

implemented at discrete time intervals subject to equality and inequality constraints. In 

polymer flooding optimization, the performance index (J) can be an economic index such 

as the net present value (Equation 2.12a); the control variables (u) could be the 

production and injection controls at the wells such as injection and production rate and/or 

pressure, polymer concentration and slug size; and the constraints (Equation 2.12b) are 

the equations that the mathematical model should satisfy such as the continuity and 

pressure equations, and the operational limits of the wells or production facilities 

(Equation 2.12c). Usually the problem is formally presented as 

Minimize  

( ) ( ) ( )( ) ( )
0

1

NT inj n n inj n
w w o o w w,inj w w w o w w,inj

n
J q t q t q t dt q q q tω ω ω ω ω ω

=

= + + = + + ∆∑∫   (2.12a) 

Subject to 
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( )1n n n n, ,− =f x x u 0         (2.12b) 

n n n≤ ≤LB u UB          (2.12c) 

Where ωw, ωo and ωw
inj are weights assigned in the objective function to water production 

(qw), oil production (qo) and injection (qw,inj) rates respectively. These weights are 

function of the revenue and costs of each phase. N is the total number of time steps in 

which the process has been discretized, while n is the time step index. f is the set of flow 

equations that the reservoir simulator solves for. xn is the vector that contains the state 

variables that describe the system in the simulation, for example the pressure and 

saturation at all grid-blocks. The control vector (u) has lower (LB) and upper (UB) 

bounds to ensure that the solution is physically feasible. 

Implementation of the method of Lagrange multipliers and Karush–Kuhn–Tucker 

necessary conditions for optimality leads to a set of co-state or adjoint Equations 2.13 and 

2.14.  
11 1N N

TN
N N

J
−− −   ∂ ∂

= −    ∂ ∂   

fλ
x x

       (2.13) 

( )
11 1

1
n n n

T nTn
n n n

J
−− −

+   ∂ ∂ ∂
= − +   ∂ ∂ ∂   

f fλ λ
x x x

      (2.14) 

The superscript T denotes transpose. First, the Lagrange multipliers 

corresponding to the final time step (λTN) are solved using Equation 2.13 with the 

gradient of the objective function and the flow equations at the final state. Then, Equation 

2.14 is used sequentially to calculate the Lagrange multipliers corresponding to the 

previous time steps (λTn) using the gradient of the objective function and the flow 

equations along with the previously calculated Lagrange multiplier (λT(n+1)). A major 

drawback of this backward solution scheme is that it is required to store all the state 

variables for each time step calculated during the forward simulation. In addition, the 
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calculation of the partial derivatives (∂f/∂x) requires the explicit knowledge of the flow 

equation and its derivatives.  

In enhanced oil recovery, optimal control theory was first applied for optimization 

of surfactant (Porzucek, 1990), micellar/polymer (Fathi and Ramirez, 1986), and CO2 

flooding (Mehos, 1989), in relatively simple homogeneous porous media. For a 

micellar/polymer one-dimensional displacement, Fathi and Ramirez (1986) computed the 

gradient numerically, although it was a complex and time consuming process. Ramirez 

(1987) and Porzucek (1987) extended the optimization of micellar/polymer flooding to a 

2D homogeneous reservoir using streamline simulation. The computational procedure for 

the Jacobians was the same as in Fathi and Ramirez (1986). Since the permeability of the 

porous medium is assumed to be known, no model updating was necessary in the above 

studies. Sudaryanto and Yorstos (2001) combined optimal control theory with a “bang-

bang” injection policy for dynamic optimization of water flooding at laboratory scale.   

More recently, the development of smart wells technology motivated research on 

real-time reservoir management also known as closed-loop management. Brouwer et al. 

(2004), Sarma et al. (2005) and Sarma et. at. (2006) initiated a series of works in which 

optimal control theory was coupled with model updating algorithms to optimize the 

performance of waterflooding. The general procedure implemented by the three 

aforementioned references is common: first the simulator is run forward to the final time; 

during the run, the state variables (pressure and saturation) along with the two Jacobians 

of the simulation equation for each time step are stored; and finally the adjoint equations 

are solved backwards in time for the solution of the Lagrange multipliers; then, the 

Lagrange multipliers are used to calculate the gradient of the objective function with 

respect to the control variables (∂J/∂u); and finally iterate with a gradient based method 

reaching the optimal control settings where the gradient is equal to zero. 
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The purpose of the adjoint equations is to find the partial derivative of the 

objective function with respect to the control vector. To solve the adjoint equation it 

requires the calculation of the gradients ∂f/∂x and ∂f/∂u where x are the spatial reservoir 

variables and u are the control parameters. This is the main difficulty of the method 

because ∂f/∂x and ∂f/∂u should be extracted from the reservoir simulator at each time 

step and it requires the explicit knowledge of the flow equations (Lorentzen et al., 2006). 

Nevertheless, the advantage of optimal control theory with adjoint models is that only 

one forward simulation is required to find the gradient (∂J/∂u) at each iteration, thus the 

number of runs of the forward model is equal to the number of iterations. 

This method does not account for uncertainty in the description of the reservoir 

model. The optimal solution is sought for a given reservoir model, so the solution is 

guaranteed to be optimal only for that specific reservoir model. Van Essen, et al. (2006) 

raises the problem that the optimal solution found for a single reservoir model might not 

be realistically optimal if more than one reservoir model matches the production history. 

In order to account for uncertainty and to have a more robust solution, Van Essen 

proposed to reformulate the objective function such that the control vector optimizes the 

net present value of all the plausible reservoir models simultaneously. In a realistic 

situation where multiple reservoir models can match the production history, the optimal 

control is not simply the expected value of each optimal control vector because the 

transfer function is highly non-linear. The optimization of recovery-based objective 

functions on uncertain reservoir description remains unsolved and is subject of study in 

this research. 

2.2.2 Ensemble Based Optimization 

Chen et al. (2008), Chen and Oliver (2009), and Masroor et al. (2009) have 

implemented closed-loop systems for optimizing waterflooding using an ensemble-based 
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optimization approach. Ensemble Kalman Filter can be seen as a minimization method 

where the objective function is the mismatch of the realizations with respect to reference 

production data. This perspective of Ensemble Kalman Filter originated the so called 

ensemble based optimization methods. In these approaches, the objective function is the 

actual cost function such as the net present value or recovery efficiency, and the uncertain 

variable are cast into a control vector. This approach correlates each element of the 

control vector to the objective function using the experimental covariance from an 

ensemble of equi-probable realizations. The advantage of this method over adjoint 

models is that it does not require to have the flow equations at hand or to extract the 

Jacobian matrix from the simulator to calculate the gradient of the objective function. 

Instead, the numerical simulator is considered as a black-box transfer function that relates 

the control variables to the performance index. The method is then combined with an 

iterative gradient based algorithm such as steepest ascent (or descent) to search for the 

optimum control vector. The main disadvantage of this approach is its computational 

inefficiency: each time step after updating the model, the simulator is run to the final time 

to evaluate the objective function for each realization of the ensemble, and the process is 

repeated at each iteration of the gradient based algorithm. Additionally, the assumption of 

a Markov Chain process implies that the covariance between a control variable at time t 

and the objective function is independent of the control setting taken before t. In reality, it 

is the entire combination of control variables (u) at all times prior to the current time that 

impacts the resultant objective function. 

2.2.3 Response Surface Methods 

Response surface methods could be also considered as ensemble-based methods 

because both perturb the control variables to evaluate the variation on the objective 

function, and use the ensemble to compute the correlation between the objective function 
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and the control variables. In the case of response surfaces the relationship between the 

control variables and the objective function is calibrated in the form of a regression where 

the independent variable is the set of well controls. Response surfaces are thus a useful 

proxy for reservoir simulators (Friedmann et al. (2001) and Sangvaree (2008)). The 

response surface is created by running full simulations and evaluating the objective 

function corresponding to different samples from the control vector. Experimental Design 

(or often called Design of Experiments) is a common technique used to sample the space 

variable (Ramirez (2009), Prasanphanich (2009)). Experimental Design investigates the 

sensitivity of the response to the independent variables by taking combinations of two 

extreme (2k technique) values of the independent variables, or two extremes and one 

middle point (3k technique) in order to capture for non-linearity. The number of function 

evaluations is 2k or 3k respectively, where k is the number of independent variables. It is 

obvious that for large number of independent variables the methodology is impractical; 

hence, Experimental Design is useful when the independent variable is static, it does not 

change over time. 

In general, a relatively simple polynomial equation (J*=f(u)) is fitted to the 

response surface and used as a proxy model to correlate the design variables to the 

objective function. In this method, the gradient (∂J/∂u) is replaced by the gradient of the 

proxy model (∂J*/∂u), so that the search of the optimal settings is driven by the surrogate 

gradient. Although the search for the optimum is fast, the construction of the surface 

response is expensive; the number of simulation runs increases exponentially as the 

number of control variables increases. 

Anderson et al. (2006) performed a sensitivity analysis of the design of chemical 

flooding in a mixed-wet dolomite reservoir. The sensitivity of the net present value with 

respect to a set of design variables such as surfactant concentration, slug size, salinity, 
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mass of polymer, and a set of uncertain variables such as surfactant adsorption, polymer 

adsorption, and average permeability was examined. A set of curves of net present value 

versus each design variable was presented to show the impact of each variable. These 

curves could be used to find the optimal design variables. 

Yamali, et al. (2007) developed a proxy model using Experimental Design and 

response surfaces to control unwanted water production in gas reservoirs. The optimal 

control scheme was sought in the response surface using a hybrid optimization technique 

involving genetic algorithm to search for global optimum, and steepest ascent or descent 

method to search for local optimum. This combination of optimization methods saved 

computational time with less simulation runs. 

 Sangvaree (2008) used Experimental Design and response surface methodology 

to optimize the design of polymer and surfactant/polymer flooding. In Sangvaree’s work 

the control variables are not time dependent. Rather, the control variables were 5 design 

parameters related to the chemical formulation of the slug and a geologic variable that is 

the ratio of vertical to horizontal permeability. The objective function was the net present 

value. Although the reservoir model used was heterogeneous, the sensitivity to 

heterogeneity was not studied. 

Application of response surface methodology to time-dependent control variables 

in enhanced oil recovery has not been reported. Perhaps because the number of control 

variables directly depends on the number of discrete-time control steps and the number of 

wells. The computational required to sample the control space and construct a reliable 

response surface can be prohibitive. 

2.3 SUMMARY 

Regarding model updating techniques, Ensemble Kalman filter is the most 

common means for model updating used in recent implementations of closed-loop 
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frameworks for reservoir management. Although geologic consistency can be introduced 

through the initial ensemble, over the course of the updating process of EnKF, the spatial 

correlation in the posterior realizations can diverge from the geologic model initially 

established. Regarding optimization of enhanced oil recovery processes, despite the good 

foundations of optimal control theory, it is difficult to apply it for the problem of polymer 

flooding due to the complexity in the simulation equations and memory requirements. 

The computational cost of ensemble-based methods is the main shortcoming, among 

other fundamental assumptions that are violated. This research project will investigate the 

applicability of response surface methodology using the proxy model presented in 

Chapter 5 for a rapid feedback-control process. The next chapter studies the effect of 

reservoir heterogeneity on the performance of polymer flooding, specifically through 

polymer adsorption and shear rate effect.  
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Chapter 3:  Effect of Reservoir Heterogeneity on Polymer Flooding 

Reservoir heterogeneity plays an important role on the success of chemical 

enhanced oil recovery. Experimental data from Craig (1971) and field data from Clifford 

and Sorbie (1985) are examples of studies that have demonstrated the detrimental effects 

of reservoir heterogeneity on the performance of oil displacement processes. Polymer 

flooding is an option for mobility control when waterflooding is inefficient due to low 

displacement efficiency or excessive reservoir heterogeneity. Generally speaking, 

heterogeneity directly affects the performance of polymer flooding by causing the 

polymer to channel, and indirectly through adsorption and shear rate.  

Channeling is a condition occurring in immiscible displacements in which oil is 

bypassed because of erratic or uncontrolled displacing phase intrusion. Channeling is 

aggravated by reservoir heterogeneity because high permeability channels offer a low 

resistance path for the displacing phase as opposed to low permeability zones. The effect 

of channeling is illustrated in a horizontal layer-cake model with no cross-flow between 

layers (Dykstra-Parsons model). The position of the displacing front in each layer 

depends on the effective relative mobility ratio and the heterogeneity contrast (kiφj∆Sj/ 

kjφi∆Si). Lake (1989) presents a graphical solution for the two-layers case, which can be 

readily extended to a n-layers case. It is evident that as the heterogeneity contrast 

increases, breakthrough occurs earlier and the vertical sweep efficiency diminishes for a 

given injected volume. However, real life reservoirs are not layered and permit vertical 

communication, unless a sealing layer is present.  

In fact, in mobility-controlled recovery schemes, the effect of channeling is 

mitigated by inducing cross-flow between layers. Cross-flow from high to low 

permeability zones is an important displacement mechanism in polymer flooding (Sorbie, 



 19 

1991). Even for reservoirs with low vertical permeability, the polymer flood is dominated 

by cross-flow between layers of different permeability (Clifford and Sorbie, 1984). The 

difference in front propagation velocity in two adjacent layers leads to pressure gradients 

between layers. Already watered zones push water to adjacent unswept zones, creating an 

additional oil recovery. The transverse dispersion number (NTD) is a measure of cross-

flow, which is inversely proportional to the permeability contrast (Lake, 1981). Oil 

recovery tends to increase as the transverse dispersion number increases. According to 

Datta-Gupta et al. (1988), the oil recovery factor is constant for NTD less than 0.1 and it is 

linearly correlated to the logarithm of NTD for NTD>0.1. Patton et al. (1971) presented 

methods for calculating polymer flood recovery in both linear and five spot patterns. The 

recovery in a layered reservoir can be estimated by superposition of solutions for 

individual layers. The velocity heterogeneity during a polymer flooding process is 

directly influenced by the heterogeneity of the permeability field and it is this velocity 

heterogeneity that significantly influences the channeling and crossflow. 

Indirect effects of reservoir heterogeneity on polymer flooding performance like 

adsorption are usually overlooked because it is thought that channeling and cross-flow 

dominate. The remainder of this chapter presents a study on the effects of heterogeneity 

on polymer adsorption and shear rate. 

3.1 POLYMER RETENTION IN POROUS MEDIA 

The purpose of adding polymer molecules to the injection brine is to viscosify the 

displacing phase and control the mobility ratio at the displacement front. Hence, the 

transport of polymer molecules through porous media affects directly the local 

displacement efficiency. However, during the transport of the polymer molecules some 

molecules are retained in small pores and throats, resulting in a reduction of the polymer 
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concentration at the leading front. In fact, the extent of retention is one of the key factors 

in determining the economic viability of polymer flooding. 

According to Sorbie (1991) the main retention mechanisms are adsorption, 

mechanical entrapment and hydrodynamic adsorption. Adsorption is the result of van der 

Waals and Coulombic attractive forces between polymer molecules and the solid surface 

of the rock grains. Adsorbed molecules are irreversibly attached to the grain surface as 

illustrated in Figure 3-1; adsorption occurs under no flow conditions. On the other hand, 

mechanical entrapment is more a dynamic phenomenon that is the result of trapping 

polymer molecules with comparable size as the size of pore throats. For instance the 

length of a partially hydrolyzed acrylamide polymer (HPAM) molecule is about 10 µm. 

Once a first layer of coiled polymer molecules is attached to the grain surface, more 

polymer molecules contained in the flowing brine are entwined, similar to deep-bed 

adsorption. Large molecules are lodged in narrow channels as a result of mechanical 

entrapment. Several experimental works cited by Sorbie (1991) have confirmed this 

retention mechanism. 

 

 

Figure 3-1 Schematic of polymer retention mechanisms. Adapted from Sorbie (1991) 
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The third mechanism of retention is hydrodynamic retention. This mechanism is 

similar to mechanical entrapment, except that the trapped polymer molecules re-dissolved 

in the brine as flow ceases. Hydrodynamic retention is pictured as polymer particles 

trapped in stagnant flow at small pore channels, having local polymer concentration 

larger than the injected concentration as illustrated in Figure 3-1; when flow stops, 

polymer particles diffuse back into the brine. However, hydrodynamic retention is not a 

larger contributor to the levels observed in polymer flooding at field scale (Sorbie, 1991). 

3.2 POLYMER FLOW MODELING WITH THE UNIVERSITY OF TEXAS CHEMICAL 
FLOOD SIMULATOR (UTCHEM) 

3.2.1 Polymer Rheolgy in UTCHEM 

Polymers used in enhanced oil recovery are pseudoplastic, shear thinning fluids 

designed to behave with lower viscosity near the wellbore area to enhance injectivity, but 

with higher viscosity away from the wells where mobility control is critical. Dilute 

polymer solutions typically show Newtonian behavior at low velocity, which is followed 

by a regime of shear thinning behavior where viscosity decreases as the shear rate 

increases as shown in Figure 3-2.  

Meter’s equation is an empirical equation implemented in UTCHEM 

(UTCHEM’s Technical Documentation) to model the polymer viscosity as a function of 

shear rate.  
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Where γ1/2 is the shear rate at which polymer viscosity is the average of water viscosity 

(µw) and polymer viscosity under no shear rate (µp
0), and P∝ is an empirical exponent that 

fits the rheology curve. 
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Figure 3-2  Polymer viscosity as function of shear rate 

Strictly speaking shear rate is a tensor, but for practical reasons an equivalent 

shear rate for each phase (γea) is calculated using the bundle of capillary tubes model for 

multiphase flow (UTCHEM Technical Documentation) as 
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Effective shear rate depends on permeability directly through the denominator of 

Equation 3.2 and indirectly through the local phase velocity, which is function of 

permeability. 

3.2.2 Polymer Retention in UTCHEM 

Polymer retention depends on many factors such as polymer type, molecular 

weight, rock composition, brine salinity, flow rate, etc. (Lake (1989)). Although different 

authors have proposed models for retention (Canella et al. (1988), Sorbie (1991), Huh et 

al. (1990a)), we will focus our discussion on the retention model implemented in 

UTCHEM (UTCHEM 9.0 Technical Reference, 2000). Polymer retention is termed as 
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adsorption in UTCHEM. Polymer adsorption is represented by a Langmuir-type isotherm 

as in Equation 3.3: 
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         (3.3) 

The coefficient a depends on absolute permeability, salinity and some empirical 

coefficients (a41 and a42) as in Equation 3.4: 
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CSEP is the effective salinity of the brine and kref is the absolute permeability at which the 

adsorption measurements were made.  

3.2.3 Modified Polymer Retention Equation 

Most experimental studies on polymer adsorption till date have been conducted 

using single phase flow. The presence of a second phase (oil) can play a significant role 

in the level of polymer adsorption. Although the experimental evidence is limited (Green 

and Willhite (1998) and Huh, et al. (1990b)), according to Huh, et al. (1990a) polymer 

retention depends on effective permeability to the aqueous phase as reproduced in Figure 

3-3. Figures 5.22 and 5.24 in Green and Willhite (1998) also show the same trend for 

polymer retention as a function of brine effective permeability. The hypothesis is that in a 

water-wet rock at low water saturation, the aqueous phase resides preferentially in small 

pores where adsorption is more severe. There, the ratio of the number of molecules 

trapped to the aqueous phase volume becomes high, resulting in high level of retention. 

As water saturation increases, the aqueous phase saturates larger pores and becomes more 

movable, thus less polymer particles are attracted to the pore walls and the level of 

retention reduces. 

In order to incorporate the proposed dependence of polymer retention on effective 

permeability in the UTCHEM model, the formula for calculating the adsorption 
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coefficient was modified by making it dependent on the effective permeability of the 

aqueous phase rather than the absolute permeability, as in Equation 3.5: 
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Figure 3-3 Polymer retention as a function of aqueous phase effective permeability. 
Adapted from Huh, et al. (1990b). 

A series of polymer floods was simulated in UTCHEM with the modified 

adsorption equation to evaluate the dependence of polymer adsorption on effective 

permeability.  

Description of Base Case Simulation Model 

The reservoir model consists of a 40x40x1 horizontal grid with an injector well 

located at the left end and a producer well located at the right end. Table 3-1 shows the 

main reservoir properties and rheological parameters used in the simulations. The 
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rheologic parameters and adsorption coefficients for the polymer were taken from 

Dakhlia (1995), who simulated a polymer flood in the Chateaurenard field. The reservoir 

is assumed to be at a constant initial pressure of 1000 psi and the initial water saturation 

is assumed equal to the residual water saturation of 0.2. For each polymer flood 

simulation, polymer and oil were injected at a constant rate until steady-state. The total 

production and injection rates were set equal. 

Table 3-1– Main parameters entered in UTCHEM for base case 

Property Value 

Number of grid-blocks 40x40x1 

Grid block size 20x20x8 ft3 

Permeability 750 mD 

Porosity 0.1 

Kh/Kv ratio 10 

Total injection rate 150 ft3/day 

Maximum injection pressure 9251 psia 

Total production rate 100 ft3/day 

Minimum production pressure 14.7 psia 

 Polymer Parameters 

Injected polymer concentration 750 ppm 

Polymer adsorption coefficient AD41 0.6.  

Polymer adsorption coefficient AD42 0.  

Polymer adsorption coefficient B4D 300.  

Shear rate for half viscosity (γ1/2) 280 sec-1.  

Shear rate coefficient (γC) 130 day darcy1/2/ft-sec.  
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Table 3-2– Main parameters entered in UTCHEM for base case 

Exponent for shear rate dependence (P∝ ) 2.2.  

Inaccessible pore volume 0.15 

Parameter for polymer viscosity AP1 35.14 

Parameter for polymer viscosity AP2 1899 

Parameter for polymer viscosity AP3 0 

Simulation Results 

The simulated data plotted in Figure 3-4 qualitatively resembles the experimental 

data presented by Huh et al. (1990b) (Figure 3-3). Figure 3-4 shows that at very low brine 

saturation the amount of absorbed polymer increases as brine saturation increases. This is 

because at very low brine saturation the amount of polymer available for adsorption is 

limited by the amount of polymer contained in the small brine volume. Within this 

saturation range all polymer molecules are adsorbed by the rock surface. Beyond certain 

brine saturation threshold, the adsorbed concentration calculated by Equation 3.3 is less 

than the total polymer concentration in the porous volume, therefore part of the polymer 

molecules will be adsorbed, and the rest of them will remain in solution. The saturation 

corresponding to the inflection point in Figure 3-4 can be calculated by equating the two 

terms in the parenthesis of Equation 3.3, and solving for saturation using Equation 3.6.  

The concentration of polymer in the porous volume (Cp) is directly proportional to the 

water saturation (Sw). 

,p p w wC C S=          (3.6) 

Cp,w is the concentration of polymer in the aqueous phase. The main implication is 

that the polymer bank will be shorter because at the front, where the brine saturation 

diminishes, all polymer molecules will be adsorbed. 
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Figure 3-4 Adsorbed polymer concentration as a function of aqueous phase effective 
permeability using the modified adsorption coefficient in UTCHEM 

Effect of Adsorption Equation Modification in a Heterogeneous Medium 

The effect of considering adsorption as a function of effective permeability in a 

highly heterogeneous medium was investigated. In this case, the permeability field was 

generated using sequential indicator simulation, sisim. The permeability map (Figure 3-5) 

exhibits high and low permeability streaks with long correlation length. The histogram of 

the permeability field shown in Figure 3-6 indicates three permeability ranges with high 

contrast. 
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Figure 3-5 Permeability, polymer concentration and difference in polymer concentration 
between original and modified UTCHEM. Difference map defined as 
polymer concentration from original minus modified. 

Figure 3-6. Histogram of permeability field 
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The polymer concentration maps in Figure 3-5 show that the polymer front moves 

preferentially through high permeability streaks. With the modified adsorption equation 

thus lesser concentration of polymer reaches the edges of the displacement front, 

especially at the interface between high and low permeability streaks. Consequently, the 

brine viscosity at the front edge is lower and the local displacement efficiency is reduced. 

In fact, the following events affect the overall displacement efficiency: a 

weakening of the aqueous phase viscosity causes the displacement efficiency to be 

reduced, then the saturation at the front edge is lower, this in turn causes higher polymer 

retention. The entire process may fail if polymer molecules are not propagated long 

distances in the reservoir. Reservoir heterogeneity is an important factor that can trigger 

these unfavorable conditions; therefore heterogeneity will play a more important role in 

the efficiency of the recovery process. 

3.3 EFFECT OF RESERVOIR HETEROGENEITY ON POLYMER ADSORPTION 

The variogram range, or correlation length, is commonly used as a measure of 

reservoir heterogeneity. Variogram models are characterized by the nugget effect, 

correlation length and sill. Long correlation length indicates that the property is 

continuous over a long distance in the specified direction, whereas short correlation 

length indicates high variability and discontinuity in the distribution of the property. To 

study the effect of heterogeneity on polymer adsorption, an ensemble of realizations of 

permeability field were generated using sisim. The variogram correlation length was 

systematically varied, and polymer adsorption was evaluated for each realization by 

simulating a polymer flood with UTCHEM with the modified adsorption equation. Note 

that the direction of the variogram is aligned with the main direction of flow.  
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The permeability map on the left of Figure 3-7 shows continuous high 

permeability streaks that allow preferential flow paths from the injection side to the 

producer side. Conversely, in short correlation length models the polymer front should 

pass through high and low permeability blocks that follow in quick succession, resulting 

in a more uniform swept area.  

Figure 3-7 Permeability (md) maps for short and long correlation length. 

Figure 3-8 shows the amount of polymer adsorbed at the final time. The blue 

areas have not been visited by the polymer front. By comparison of Figure 3-7 and Figure 

3-8, it can be seen that the highest adsorption occurred at low permeability barriers. In the 

case of short correlation length, adsorption blocks completely the passage of the polymer, 

resulting in poor progress of the polymer front through the reservoir. On the other hand, 

long permeability streaks offer a path for the polymer to reach the producer with lower 

level of adsorption because adsorption coefficient is inversely proportional the effective 

permeability. Since the brine saturation is high in the streaks, this implies higher relative 

permeability and consequently low polymer retention.  

In high permeability channels, at least locally (within the channels), less 

adsorption leads to higher recovery because the mobility ratio is more favorable. Figure 

3-9 compares the water cut curves for one realization with short correlation length to one 
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with long correlation length. As expected, flow through long high permeability channels 

resulted in earlier water breakthrough. Interestingly, the recovery factor after one pore 

volume injected for a short correlation length model is less than that for the long 

correlation length. Eventually though, the bulk oil bank makes its way to the producer 

and at that time, the short correlation length shows higher recovery than the long 

correlation length because the sweep is over a wider cross section of the reservoir. 

Figure 3-8 Map of adsorbed polymer concentration at the end of the polymer flood 
corresponding to a permeability model with long correlation length (left) 
and short correlation length (right). 

Figure 3-9 Recovery factor (left) and water cut (right) for reservoir models with short and 
long correlation length. 
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In order to verify this particular observation regarding polymer adsorption, the 

correlation length was systematically varied in sisim from short to long, and a set of 50 

realizations for each length were input for simulation with UTCHEM. The correlation 

length was normalized by the width of the reservoir model. The trend in Figure 3-10 

shows that the amount of polymer adsorbed decreases as the continuity in the 

permeability increases as indicated by larger correlation length. The variability of the 

adsorbed concentration increases as the correlation length increases. In terms of recovery 

factor, water flooding is inefficient in channeled reservoirs due to unfavorable mobility 

ratio, but this tendency is reversed in the case of polymer as continuous channels prevent 

adsorption thereby resulting in better mobility control and recovery as seen in Figure 3-

11. 

Figure 3-10 Polymer adsorption as a function of variogram correlation length. Adsorbed 
polymer taken as the average of 50 realizations. 
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The trend of recovery factor versus variogram correlation length for polymer 

flooding is opposite what is normally observed for water flooding as compared in Figure 

3-11. In water flooding, long correlation length leads to channeling, decreasing the 

displacement efficiency. In polymer flooding, as explained before, polymer adsorption is 

less in high permeability streaks; thereby, the recovery efficiency is higher. 

Figure 3-11 Recovery factor at 0.5 PV as a function of variogram correlation length 

The purpose of this case was to demonstrate that polymer retention is reduced in 

connected channels with high permeability allowing better displacement efficiency 

within those channels; thereby, contributing to an increased recovery of oil. This 

contribution is significant if the oil saturation in those channels is significant. However, 

polymer is usually injected after a water flood and the target oil is in the low permeable 

areas bypassed by the first front. In that case, adsorption/retention should be decreased by 

all means so that the trapped oil can be flushed out of the target areas.  
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3.4 EFFECT OF RESERVOIR HETEROGENEITY ON SHEAR RATE 

A series of simulations varying the variogram correlation length, similar to the 

previous cases demonstrating polymer adsorption/retention, were performed to 

investigate the effect of heterogeneity on effective shear rate. The base case is as 

described in Section 3.2.2., except that adsorption has been neglected in order to isolate 

the effect of shear rate on recovery by setting the coefficients a41 and a42 in Equation 3.5 

equal to zero. Figure 3-12 is a map of the local effective shear rate corresponding to the 

permeability maps shown in Figure 3-7. Close to the wells the shear rate is high due to 

high velocity. Away from the wells, variations in shear rate follow heterogeneity patterns. 

Also, shear rate is higher at high permeability locations. 

Figure 3-12 Polymer effective shear rate (sec-1) distribution for long (left) and short 
(right) variogram correlation length 

Since it is difficult calculate an overall equivalent shear rate for heterogeneous 

porous media, we made use of the indirect relationship between recovery factor and shear 

rate to infer a relationship between shear rate and variogram correlation length. First, a 

series of simulations was carried out including shear rate in the polymer rheologic model. 

Then, the same simulations were repeated but this time the shear rate effect was 
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neglected by setting a large value for γ1/2 (See Equation 3.1). It is evident from Figure 3-

13 shows that the shear rate effect reduces the recovery factor because the effective 

polymer viscosity is lowered at high shear rate locations (See Figure 3-2). But more 

importantly, it can be observed from Figure 3-13 that the effect of shear rate does not 

depend on the correlation length. In conclusion, there is a reduction in the recovery factor 

when the polymer behaves as shear thinning fluid, but this effect is practically the same 

in a medium with long or short correlation length.  

Figure 3-13 Recovery factor as a function of correlation length when polymer viscosity 
depends on shear rate and when it does not depend 

3.5 CONCLUSION 

Experimental evidence referred in this chapter suggests that polymer retention 

depends on effective permeability to brine. The polymer adsorption/retention model in 
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UTCHEM was modified to account for these observations. The effect of reservoir 

heterogeneity on polymer retention might be favorable, since continuous channels of high 

permeability prevent polymer retention, contributing to higher local displacement 

efficiency. However, that advantage vanishes if the target oil is located in low 

permeability zones for example after a tertiary scheme. In contrast to the case of 

adsorption, apparently reservoir heterogeneity does not significantly affect the effect of 

shear rate on polymer rheology, at least indirectly in terms of total recovery. 
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Chapter 4:  An application of Closed-Loop Feedback Control 

Model updating is a requisite when well operations are adjusted to maximize an 

economic objective function through a real-time feedback control. Despite extensive use 

of feedback or closed-loop control systems in chemical engineering, the use of feedback 

control schemes that couple model updating and optimization algorithms have been put 

forth only recently (Naevdal et al. (2006), Sarma et al., (2006), Chen et al. (2008)) for 

water flood optimization under uncertainty. The overview of a closed-loop scheme is 

depicted in Figure 1-1. The implementation of a closed-loop system for polymer 

enhanced oil recovery is challenging for the following reasons: (1) geologic models have 

to be rapidly updated in order to yield reliable predictions of future performance in a real-

time setting; (2) the updated model have to be geologically consistent; and (3) since 

application of optimal control theory requires many evaluations of a computationally 

expensive forward model, a proxy model is essential for rapid feedback control. As an 

introduction to the proposed framework, this chapter presents a closed-loop system for 

model updating and control to optimize the operation of a well affected by water coning. 

 4.1 MODEL UPDATING AND CONTROL OF A WELL AFFECTED BY WATER CONING 

The operation of a well affected by water coning was optimized using a closed-

loop scheme (Mantilla et al., 2008). Ensemble Kalman Filter was used to update an 

ensemble of prior reservoir models, and a proxy model based on water coning 

correlations was used to search for the optimal control settings. This work highlights the 

importance of reservoir model updating for establishing optimum control of well 

production and demonstrates the complete feedback loop. 

The productive life of a well completed over an active aquifer is strongly affected 

by water coning. The evolution of a water cone is driven by non-uniform drawdown 
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pressure near the wellbore. Recent development in technologies for in situ monitoring 

using pressure and temperature sensors open the possibility to detect water cone 

formation, and control the pressure gradients that cause water invasion.  Nevertheless, the 

application of this technology for the specific purpose of controlling water coning has not 

yet been reported. Muskat and Wyckoff (1935) presented an analytical solution for the 

critical flow rate of a well in a homogeneous and isotropic reservoir below which a stable 

water cone is formed. Traditionally, oil production rate is maintained below the critical 

water coning rate is order to prevent the initiation of a water cone. However, optimal 

solutions should balance early oil production while at the same time delaying water 

breakthrough.  The irreversibility of water coning and its adverse impact on economics 

motivates technology for early detection and control before water breakthrough.  

Despite the extensive work done on modeling water coning problems (Ansari and 

Johns (2006), Yang and Wattenbarger (1991), Sobocinski and Cornelius (1964)), most of 

the existing models are deterministic in the sense that reservoir properties (such as 

permeability) are assumed to be known.  However, in reality the knowledge of reservoir 

properties is limited, and uncertainty in model parameters causes deviations in the 

prediction of the onset of coning. Therefore, updating reservoir properties based on 

acquired dynamic data is of critical importance. Conventional history matching 

techniques may not be appropriate for this purpose since they are too slow for real-time 

data assimilation. Ensemble Kalman filter (EnKF) is a rapid tool for subsurface process 

identification and control. The fundamentals of Ensemble Kalman filter are discussed in 

Chapter 2.  
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4.2.1 Description of the System 

Since the flux variations in the far-field have a relatively insignificant influence 

on the characteristics of coning, a full reservoir model is not required to control this local 

phenomenon. In order to first demonstrate the modeling methodology and subsequently 

validate using a laboratory experiment, a sand-box model was simulated with CMG’s 

IMEX. The sand-box was divided into 50x100 gridblocks (0.5x1 cm2). The permeability 

values of the reference model were drawn from a log-normal distribution with 327 mD as 

mean as shown in Figure 4-1, and distributed using sequential Gaussian simulation 

(sgsim) forming layered horizontal streaks as shown in Figure 4-2.  

Figure 4-1 Histogram of Permeability of Reference Model 

Two injectors replenish water at constant pressure at the bottom of left side of the 

box; one oil injector is perforated in the top 4 grid-blocks of the right side. Injector wells 

maintain constant pressure at the far boundary. On the right side, a producer well 

perforated at the top interval withdraws fluids at a constant total rate. The producing flow 

rate is the control variable used to optimize the cost function. The initial saturation and 
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pressure distribution were calculated knowing the initial water-oil contact. The 

production data used to update the model are the producing bottom-hole pressure and 

water cut. 

Figure 4-2 Permeability map of reference model (md) 

The objective function to be maximized is expressed in Equation 4.1. For the 

purpose of this example, the weights assigned to oil and water rates were arbitrarily 

chosen in order to make the function convex within the operational range. A trivial 

solution would not demonstrate the benefit of the feedback control. 
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4.2.2 Model Updating Using Ensemble Kalman Filter 

An ensemble of 80 realizations of permeability maps was generated using 

sequential Gaussian simulation, using a log-normal distribution with 450 md as mean. 

The state variables are permeability (static), and pressure and water saturation (dynamic) 

at all locations. The observation or response variables are the pressure at the wellbore and 
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water cut. In order to avoid non-physical values of the updated variables, the logarithm of 

permeability was taken as state variable. 

Figure 4-3 shows that on average the permeability of the initial set of realizations 

is higher than the reference, but with similar variogram orientation and correlation length. 

The rate constraint for the producer at the first time step was calculated as explained later 

in Section 4.2.3. The well responses from the initial realizations were deviated from the 

observation for the reference model at the first time step. Ensemble Kalman Filter uses 

that deviation along with the covariance matrix to perturb each permeability realization 

such that the updated realization matches better the production data. However, when the 

production response is simulated on the updated realization, it is noted that the updated 

well responses still diverge from the reference. It is to be noted that this check is not 

routinely done in Ensemble Kalman Filter applications. For example, Figure 4-4 shows 

that the producing bottom-hole pressure of Realization #1 diverged greatly from the 

reference. But is the process is applied iteratively, after updating the model two more 

times, the updated bottomhole pressure is very close to the reference. The same is true for 

all other 80 realizations as shown in Figure 4-5. If the transfer function would be linear, 

according to Kalman Filter theory the updated state vector should yield a perfect match to 

the observations without iterations, but due the non-linear relationship between 

permeability and bottom-hole pressure in this case, it is necessary to iterate for 

minimizing the mismatch. This iterative solution for the application of Ensemble Kalman 

Filter for non-linear problems is similar to the scheme proposed by Li and Reynolds 

(2007). 
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Figure 4-3 Permeability map for realization # 1 before updating (time step 1, iteration 1) 

Figure 4-4 Bottomhole pressure for realization # 1 from zero to first time step (20 min.) 
Well response converged after 3 iterations 
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Figure 4-5 Bottomhole pressure at producer at time-step 1 for all realizations as a 
function of the iteration step of the Ensemble Kalman Filter 

The total simulation duration was 100 minutes. All realizations were updated 

every 20 minutes until their responses converged inside a tolerance window. Figure 4-6 

shows the permeability map of Realization # 1 after updating it for 5 time steps and 

iterating within each time step. The evolved permeability map looks much more like the 

reference than the initial one (Figure 4-3). The layered structure is still present on the 

final map. Similar results were observed for all other 80 realizations.  
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Figure 4-6 Permeability map for realization # 1 after updating 5 time steps and iterating 3 
times within each time step. 

The well responses predicted by the updated realization were closer to the 

reference as more data was assimilated. Figure 4-7 shows that the mismatch between the 

predicted bottom-hole pressure and the reference decreased as the number of time steps 

assimilated increased, indicating better predictability of the production performance. The 

reduction in the mismatch for the last two time steps was minimal because the prediction 

from the prior model was very close to the reference. This suggests that as more 

production data is incorporated the updating frequency should decrease. 

The statistics of the updated realization #1 also reflects convergence towards the 

reference as seen in Figure 4-8. The mean permeability of the updated realization # 1 

(345 mD) is closer to the reference (327 mD) than the initial (432 mD). The variance of 

the updated and the initial model are within the same range. 
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Figure 4-7 Mismatch in bottomhole pressure corresponding to prior and updated model 
for realization # 1 

Figure 4-8 Histogram of realization # 1 after updating 5 time steps 

The following comments can be made about Ensemble Kalman filter as a method 

to update reservoir models: 
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• The implementation of Ensemble Kalman filter is relatively simple. It makes 

use of stochastic algorithms already developed for the generation of the ensemble; 

it takes the reservoir simulator as black-box to obtain the covariance between 

observations and the state variables. The equations involved are quite simple. 

• Ensemble Kalman filter is a useful method for updating reservoir models in a 

closed-loop scheme since it only requires incremental runs of the reservoir 

simulator to update the state vector time-step by time-step. 

• One problem of EnKF is that the updated models may start drifting away from 

the prior geological model as the process is applied at each time step. Although in 

this example the final set of models exhibit the geostatistical description of the 

initial set, the updating process does not explicitly ensure any consistency with 

the prior model. Therefore, if major adjustments are made to the state variable to 

match the observed data there is a risk of having a final set of models that are 

inconsistent with the geology. The case could be worse if the geologic description 

is complex and based on training images and multiple point statistics. An 

investigation on this problem is presented by Oliver and Chen (2009) 

• In this example the state variables were normally distributed because the 

original log-normal distribution of permeability was transformed to normal by 

taking the logarithm. This transformation facilitated the application of EnKF. For 

non-Gaussian problems, EnKF does not produce a correct estimate of the 

posterior probability distribution (Aanonsen, et al. (2009)). As pointed out by 

Evensen and van Leewen (2004), initial distributions that are highly non-Gaussian 

like bimodal distributions should first be transformed into Gaussian distribution.  
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4.2.3 Optimization Using a Proxy Model 

The performance index formulated in Equation 4.1 is to be maximized. The control 

variable is the total producing rate, which is assumed to be constant until the end of the 

simulation (100 minutes). Strictly speaking the objective function depends on the entire 

permeability field and should be evaluated using full simulation runs. However, since 

each full evaluation is computationally expensive and any numerical minimization (or 

maximization) procedure requires several such function evaluations, a proxy model was 

employed for the feedback control procedure.  

The objective function was divided into pre and post-breakthrough periods as 

indicated in Equation 4.2. Before water breakthrough the total production rate is oil, so 

the contribution to the objective function is simply the cumulative oil produced up to that 

time multiplied by its weight. Since this occurs till breakthrough, knowledge of the 

breakthrough time is needed. After breakthrough, water production increases until 

reaching a plateau corresponding to quasi-steady state. For the second period, the 

evaluation of J requires the water cut as a function of time. 

( )( )
0

0 1 0 1 1 1
TBT NT

T T w
t t TBT

J . q t . q . q t t
= =

= ∆ + − ∆∑ ∑       (4.2) 

Farmen et al. (1999) presented a simple theory on water coning in a two-

dimensional porous medium based on the isopotential model of Muskat and Wyckof 

(1935). The water coning problem is modeled as a succession of unstable isopotential 

fields, where the well is a point sink. At the tip of the cone the pressure difference 

between the oil rim and the water zone drives the cone towards the well. The cone 

propagation velocity is proportional to that pressure difference as expressed in Equation 

4.3. 
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h is the dimensionless cone height from original water-oil contact, ΔP is the 

pressure difference from the tip of the cone to the wellbore, µ is the oil viscosity, k is the 

permeability, b is the distance from the well to original water-oil contact, Δρ is the water-

oil density difference, g is the gravity force and Pc is the capillary pressure. See Figure 4-

9 for illustration. 

Figure 4-9 Illustration of parameters in Equation 4.3 for water coning correlation 

Water breakthrough occurs when the tip of the cone arrives to the well, i.e. h is 

equal to 1. For the present application, capillary pressure was neglected and a constant of 

proportionality (C) between velocity (∂h/∂t) and pressure drop (∆P) was calibrated by 

with the reservoir simulator (Equation 4.4).  
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Then, Equation 4.4 was integrated to estimate the breakthrough time as shown in 

Equation 4.5. 
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The breakthrough time is function of the control variable (qT) and the updated 

state variable (k) which is taken as the average permeability of the model. All other terms 

in Equation 4.5 are known. As the permeability field is updated the prediction of the 

breakthrough time is updated as well. 

A correlation for the evolution of the water cut after breakthrough was sought for 

the evaluation of the objective function in the second period. Bournazel and Jeanson 

(1971) proposed a correlation for the evolution of the water cut after breakthrough for 

water coning problems. During the post-breakthrough period water cut increases until it 

reaches a plateau at steady state as shown in Figure 4-10.  

Figure 4-10 Correlation of Fwo evolution vs reduced time [adapted from Bournazel and 
Jeansen (1971)] 

In summary, Bournazel and Jeansen (1971) correlation calculates the water cut 

after breakthrough in three steps. First, the limiting fractional flow (Flim) is calculated 

numerically from Equation 4.6. Then, the dimensionless, normalized time ( DT ) is 
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calculated from Equation 4.7. Finally, the water cut corresponding to that normalized 

time is calculated using Equation 4.8. 
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Equations 4.6 to 4.8 follow the nomenclature presented by Bournazel and Jeansen 

(1971). Flim is the stabilized water-oil ratio after reaching steady state, γw and γo are shape 

parameters for oil and water, ho and hw are the height of oil and water zones respectively, 

∆ρ is the density difference between water and oil, M is the mobility ratio, ZD is a 

reduced height of the cone proposed by Sobocinski and Cornelius (1965) and tD is the 

dimensionless breakthrough time. As can be seen from Equations 4.6 to 4.8, the evolution 

of the fractional flow depends on a state variable of the Ensemble Kalman Filter system 

(permeability) and the control variable (qT). Similar to the pre-breakthrough period, at 

every time step the average permeability of the models is updated, the prediction of the 

water-cut evolution is reevaluated using this correlation.  

These approximate calculations of breakthrough time and water cut facilitated the 

calculation of the cost function without using the reservoir simulator. Figure 4-11 

compares the objective function curve generated using the water-coning correlations and 

IMEX’s simulations. Although the actual values of the objective function differ from the 

proxy, the rates corresponding to the maximum are close. The proxy model was used to 

construct a response surface on which one axis is the average permeability, the second 

axis is the control variable as shown in Figure 4-11. The optimal control setting is found 

by stepping through this surface using golden search, a gradient based optimization 

routine. 
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Figure 4-11 Objective function as a function of the flow rate using numerical simulator 
and correlations for breakthrough time and water cut.  

Figure 4-12 Response surface obtained using the proxy model and used for optimization 
of objective function (J) 
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Figure 4-13 shows the adjustment of the production rate each time step after the 

average permeability of the ensemble was updated. The sequence of flow rate is also 

indicated in Figure 4-11. The initial rate was calculated based on the average 

permeability of the initial ensemble. In the subsequent time steps the flow rate was 

recalculated and corrected towards the true optimal rate. The rate correction at the last 

time step was minimal because the average permeability of the updated model did not 

change much. Minor perturbations to the permeability in the region close to the 

perforations were enough to match the observed bottom-hole pressure. The average 

permeability was updated most after the first two time steps. 

Figure 4-13 Control setting (total producing rate) is adjusted as the estimation of the 
average permeability is updated 
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The purpose of this example was to demonstrate the feasibility and benefit of the 

closed-loop system presented in Chapter 1. The example highlights the use of a proxy for 

the flow model to obtain fast predictions of optimum flow rates. It must be emphasized 

that the particular method for model updating need not be Ensemble Kalman Filter. 

Furthermore, the proxy model need not be based on correlations, it is only required to be 

fast to evaluate and relatively accurate to estimate the objective function. 
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Chapter 5:  Proxy Model for Polymer Flooding 

As was seen in the previous chapter, a well formulated proxy model representing the 

physics of the forward process is invaluable for developing a feed back control scheme in 

order to maximize economic rate of return. In this chapter, the development of such a fast 

transfer function analog to provide an approximate evaluation of a polymer flooding 

process is presented. Proxy models are often used for assisted history matching and 

production optimization. The presented algorithm can also be used for fast screening of 

reservoir models that retain the salient flow characteristics measured at the wells. In 

addition, upon successful calibration this proxy model can be used within the 

optimization module for a fast evaluation of the objective function given a control setting. 

The algorithm mimics the displacement of oil and water particles by polymer particles 

that move from injectors to producers. 

5.1 POLYMER FLOODING REPRESENTED BY PROPAGATION OF RANDOM 
PARTICLES 

Random walker is a stochastic algorithm extensively employed to describe flow 

processes and the associated uncertainties. Random walkers have been used to simulate 

mass transfer in hydrology (Hassan and Mohamed, 2003), analyze dispersion in porous 

media (John, 2008) and assess uncertainty in water flood performance (Leung, 2004). 

Random walkers provide a probabilistic description of the trajectory of a particle that 

takes successive random steps. We use a particle tracking method to simulate the 

propagation of polymer and water particles in a 3D oil reservoir. 

The main assumptions of this proxy model are: (1) the fluids in place are 

incompressible, no accumulation terms; (2) at any time the mass that enters the reservoir 

is equal to the mass that leaves it, in other words the rate constraints on the injectors are 
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balanced by the rate constraints at the producers; (3) polymer and water particles are 

transported only by convection, diffusion is neglected; (4) the particle tracking points are 

collocated at the centers of the grid-blocks used in a full reservoir simulation; (5) the 

initial water saturation is uniform and equal to the residual water saturation; and (6) the 

magnitude and direction of the total flux vectors is constant over periods where the well 

constraints remain unchanged. 

As a consequence of the above assumptions the following limitations arise: (1) 

compressible fluids cannot be considered, gas saturation is zero at all times; (2) the 

control variable space is restricted to total producing or injecting rates at all wells, no 

pressure control is considered; and (3) an additional constraint is that the sum of the 

injection rates should be equal to the sum of the production rates. Although adsorption 

prevents transporting polymer particles efficiently to the front and affects the local 

displacement efficiency, it is neglected for simplicity.  

The main steps of the algorithm are: 

• Simulate a tracer test on the reservoir model of interest to capture the 

flux vectors crossing all gridblocks faces.  

• Locate sources of particles at injector locations and sinks at producers. 

• Propagate particles from sources to sinks according to the velocity 

vectors until a determined number of pore volumes are injected. 

This particle tracking method allows estimating recovery factor, breakthrough 

time and the distribution of the travel times of a large number of particles. 

5.1.1 Application of Fractional Flow Theory to Proxy Model 

Fractional flow theory for polymer flooding is employed by the proxy model to 

determine the water and polymer saturation at the fronts. Pope (1980) and Lake (1989) 

provide a comprehensive discussion of the application of Buckley-Leveret theory for 
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displacement of polymer. Polymer transport differs from water transport due to the effect 

of inaccessible pore volume and retention. 

As discussed in Chapter 3, polymer retention slows down the velocity of polymer 

particles as in Equation 5.1, which calculates the dimensionless velocity of the polymer 

shock front (v∆C4) as a function of porosity (φ), rock density (ρs), adsorbed concentration 

(w4s). D4 is defined as the retardation factor in Lake (1989). 
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The second factor that affects polymer velocity is the inaccessible pore volume. 

Due to the big size of polymer molecules, small pores with comparable radius to a 

polymer molecule are not accessible to polymer; hence the residence time of polymer 

molecules is less and they travel faster. According to Lake (1989), the final expression 

for polymer velocity is 
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Where φe is the effective porosity available for the polymer defined as the ratio of the 

total porosity and the inaccessible pore volume (φIPV). 
IPV
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=          (5.3) 

Two shock fronts and one spreading front are formed as a result of the different 

velocities of water, polymer and oil. The polymer model and relative permeability curves 

from the retention study presented in Chapter 3 were used to generate the fractional flow 

curves and saturation profile shown in Figure 5-1 and Figure 5-2. As will be explained in 

the next section our interest is only on the saturation of the aqueous phase at the water 

front and the polymer front since the random particles are associated with the aqueous 

phase.  
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Figure 5-1 Fractional flow curves for water and polymer  

Figure 5-2 Water saturation profile at 0.1 pore volumes injected 
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5.1.2 Formulation of the Proxy Model 

The initial distribution of oil and water particles is disrupted by the injection of 

polymer particles. Polymer, water and oil particles are displaced by the convective 

velocity. When a polymer particle enters a control volume it displaces first the water 

present to residual water saturation because its mobility is higher than oil mobility. Once 

polymer particles have occupied the space originally occupied by water, the subsequent 

polymer particles that enter the control volume displace movable oil particles until the 

maximum saturation of polymer is reached. Some residual oil particles remain as residual 

oil saturation. 

Each simulation grid-block is taken as a control volume. Each block is assumed to 

have space for 10 particles in total. Initially the model contains only water and oil 

particles distributed according to the initial water saturation, for example if the initial 

water saturation is 0.2, then it would contain 2 water particles and 8 oil particles. The 

maximum number of particles of a particular phase that a control volume can contain is 

determined by the front saturations derived from fractional flow theory. For example, if 

the water saturation at the front (Swf) is 0.4, then it can contain maximum 4 water 

particles. Similarly, the maximum number of polymer particles is determined from the 

polymer saturation at the front (Spf) from fractional flow theory. 

The travel of a particle starts at a source and ends at a sink. The first location of a 

polymer particle is at a source location. When the first polymer particle enters a 

gridblock, one water particle has to leave and find a site in the adjacent location. If the 

number of water particles in the adjacent location is already at maximum, the arriving 

water particle occupies a position there and pushes out one particle already in place. This 

displacement continues as a chain until no further movement is needed, i.e. all particles 

have been accommodated. When the maximum number of polymer particles has been 
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accommodated at a site and a new polymer particle arrives, one particle has to leave to 

the adjacent location displacing either another polymer or a water particle. The travel of 

water or polymer particles ends when they reach a sink. At that moment the particle 

disappears, so that there is always room for new arriving particles. 

A flow test is simulated (using UTCHEM) for a short time to read the flux 

vectors. The reservoir is fully saturated with water. Injectors and producers are 

constrained such that the total injection rate is equal to the production rate. The fluxes 

crossing all faces between gridblocks are read and stored. In this algorithm all particle 

movements are the outcome of a random process, where the probability of jumping to the 

next location is proportional to the velocity vector pointing towards it. For example, 

Equation 5.4 shows that the probability that a particle at the next time step occupies a 

location (ut+1) given the current location (ut) is proportional to the flux through the face 

normalized by the maximum flux pointing outwards of the current gridblock. Negative 

fluxes yield zero probability. 

( ) ( ){ } 1 21 1 i / , j ,kt t

max

Pr u i , j,k | u i, j ,k ++ = + = =
v

v



      (5.4) 

The total number of polymer particles injected (NPtotal) is calculated from the 

number of pore volumes of polymer (Qinj) that will be injected, the total sites available in 

each grid-block (NTb) and the total number of grid-blocks as shown in Equation 5.5: 

Total inj bNP Q NT NX NY NZ= × × × ×       (5.5) 

The recovery factor is evaluated at any time by material balance. The phase 

saturations are approximated by the number of particles of each type divided by the total 

sites available per grid-block. Thus, the algorithm provides an estimate of the saturation 

distribution at any time. The breakthrough time is estimated from the dimensionless time 

at which the first water or polymer particle arrives at a sink.  
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5.2 APPLICATION OF THE PROXY MODEL TO SIMULATE POLYMER FLOODING IN 
A 2D HETEROGENEOUS RESERVOIR 

A polymer flooding process in a 2D heterogeneous reservoir was simulated using 

the presented proxy model and compared to a full simulation from UTCHEM. The 

reservoir model is a 100x100 grid with a permeability field characterized by short, 

sinusoidal channels of high permeability (1000 mD) contrasted over a low permeability 

(5 mD) background as shown in Figure 5-3. The facies distribution was generated using 

snesim, a geostatistical algorithm capable of reproducing curvilinear geological shapes 

that honor multiple-point statistics from a given training image. The well locations are 

conditioned to be in a high permeable channel. Polymer is injected from left to right as 

indicated in Figure 5-3. 

Figure 5-3 Facie indicator map for reference 2D reservoir 

In the proxy model polymer particles push water particles forming a water bank 

ahead of the polymer bank as. In that way, the water front is always ahead of the polymer 

front, and the saturation of water particle behind the water front is zero. Polymer and 

water particles follow high permeability channels as the highest velocity occurs through 

channels until they reach a sink. The saturation map obtained from UTCHEM shows the 

Producer
Injector

Producer
Injector
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same pattern as the map from the proxy model as shown in Figure 5-4. Figure 5-5 shows 

good agreement between the recovery factor curve from the proxy and the one obtained 

from UTCHEM.  In the saturation map obtained by the proxy model the saturation front 

is sharp, while in UTCHEM the front is dissipated by numerical dispersion, crossflow, 

etc. Figure 5-6 shows a clear distinction between the arrival of the water front and the 

polymer front. The simulation from UTCHEM does not show such sharp transition. 

 

Figure 5-4 Top left, water saturation map from proxy model. Top right, polymer 
saturation map from proxy model. Bottom left, aqueous phase (water plus 
polymer) saturation map from proxy model. Bottom right, aqueous phase 
saturation from UTCHEM. All saturation maps correspond 0.1 pore 
volumes injected. 
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Figure 5-5 Recovery curves obtained with the proxy model and UTCHEM 

Figure 5-6 Water cut curves obtained with proxy model and UTCHEM 
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The distribution of the normalized number of steps taken by a particle is plotted in 

Figure 5-7. The total number of steps is normalized by the distance between wells, so that 

the tortuosity of the path of a particle from the source to the sink can be assessed. In 

streamline simulations, a wide distribution of the time of flight means that the streamlines 

covered a large portion of the reservoir, therefore high recovery is expected. In this proxy 

model, a high variance of the distribution of normalized number of steps taken by the 

particles to move from the source to the sink indicates that the areal coverage is higher. In 

summary, the movement of the particles is expected to be correlated to the recovery and 

connectivity between wells. 

Figure 5-7 Histogram of number of steps taken by each particle normalized by the 
distance between wells 

For comparison, the reservoir model shown in Figure 5-8, which has long high 

permeability streaks processed through the proxy model. The saturation map presented in 

Figure 5-8 shows that water and polymer particles have a straight trajectory from the 

injector to the producer. Consequently, the distribution of the number of steps taken 

(Figure 5-9) is much narrower than the case presented before. The mean of the 
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distribution is close 1, which implies that most of the particles do not deviate 

significantly from the straight line path.  

Figure 5-8 Permeability (left) and saturation (right) map for a reservoir model with long 
high permeability streaks 

Figure 5-9 Histogram of number of steps taken by each particle normalized by the 
distance between wells for reservoir model shown in Figure 5-8 

In order to test the correlation between the recovery factor estimate with the proxy 

model and the one calculated with UTCHEM, fifty reservoir models that share the same 

permeability at the well locations, but with different geostatistical description of 

heterogeneity were processed through this proxy model. Figure 5-10 shows that the 

 

 



 65 

correlation coefficient between the recovery factor from the proxy and UTCHEM is 

0.7129, which is an acceptable value. 

R² = 0.7129
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Figure 5-10 Comparison of recovery factor calculated using UTCHEM and estimated 
using the proxy model 

Future applications of this proxy model could be for: (1) characterization of well 

connectivity of multiple reservoir models in terms of the distribution of the arrival times, 

(2) classification or ranking of geologic scenarios, and (3) it can also be used as a fast 

surrogate for a full reservoir simulation to evaluate a recovery-based objective function. 
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Chapter 6: Conclusions and Future Work 

6.1 CONCLUSIONS 

This report discussed the feasibility of a closed-loop approach for real-time 

optimization of enhanced oil recovery with polymers under uncertainty. A method that 

couples rapid model updating with production optimization through proxy models has 

been proposed for improved management of polymer flooding. The following 

conclusions can be drawn from the present study: 

• Applications of optimal control theory to polymer flooding and closed-loop 

approaches for water flooding optimization found in the literature suggest that the 

performance of a polymer EOR process can be improved if prior reservoir 

models are updated as more production data becomes available, and the control 

settings on the wells are optimized after the model update. A practical framework 

for such an integrated feedback control scheme for polymer flooding has not 

been put forward yet. 

• In order to match the experimental data in the literature, a modification to the 

current polymer retention model in UTCHEM was implemented. The 

modification accounts for the dependence of adsorption coefficient on the 

effective permeability to the brine rather than the absolute permeability. Higher 

adsorption levels were simulated with the proposed retention model, resulting in 

lower recovery efficiency. 

• Adsorption of polymer at the interface between high-permeability and low-

permeability geobodies reduces the amount of polymer transported to low 

permeability zones. Since it is more difficult to transport polymer in low 

permeability channels, the viscosity of the aqueous phase is weakened, resulting 
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in local displacement efficiency lower than the efficiency in continuous high 

permeability channels. This effect is magnified with the modified retention 

model. 

• In the proposed methodology both model updating and optimization 

procedures have to be fast in order to be implemented in real-time setting. 

Ensemble Kalman Filter is an attractive option for rapid updating of reservoir 

models as demonstrated through the water coning example presented in Chapter 

4. However, the inability of EnKF to work with highly non-Gaussian prior 

distributions and progressive deterioration in spatial correlation between the state 

variables makes it necessary to look for other alternatives for model 

selection/updating. For the optimization procedure, the evaluation of the 

objective function can be expedited by employing a representative proxy model 

as a surrogate of full reservoir simulation. This is demonstrated in the water 

coning example. 

• As another example of a proxy model, the displacement of in-situ fluids (oil 

and water) in a polymer EOR process can be mimicked by the random movement 

of particles guided by a velocity field representative of the heterogeneous 

reservoir model. A random walker algorithm was tailored to the problem of 

polymer flooding by adapting concepts of fractional flow theory like the 

formation of water and polymer shock fronts. This proxy model will be used to 

scan multiple, heterogeneous reservoir models and obtain a fast estimate of 

recovery within the model updating framework. The main function of the proxy 

model is to save computational effort in the model updating and optimization 

procedure in order to have a prompt feedback control. 

 



 68 

6.2 FUTURE WORK 

At this point this research project envisions the following future developments: 

• The first key component of this project is a procedure to update or select 

reservoir models from a prior set such that the posterior set yield a better match 

of the observed production data and give more accurate production forecasts. 

This research project aims to develop a model selection methodology capable to 

accommodate multiple geologic scenarios. The proxy model can be used to 

extract statistical characteristics of well connectivity from a prior set of 

realizations that covers multiple geologic scenarios. The prior set of reservoir 

models can be classified and grouped according to mathematical differences 

between the outcomes of the proxy model. A posterior, more probable set of 

reservoir models can be selected after using the observed production data for 

probability updating. 

• The second component is the optimization module. In that respect, the future 

work is directed towards the development of proxy models in the form of 

response surfaces. Further refinements of the current random walker algorithm 

will include estimation of an economic objective function sensitive to well 

controls such as injection and production rates.  The goal is to construct a 

response surface from the random walker that resembles the one constructed 

using UTCHEM. The goal would be develop a response surface using the proxy 

model that exhibits a similar topology to the one obtained using a full physics 

simulator such as UTCHEM. 

• The final step is to integrate the model updating and optimization modules. 

Once a set reservoir models that match the production history well have been 

selected, the optimization procedure searches for the optimal set of controls on 
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each model. Then, the expected value of the optimal control settings is 

implemented at the wells. It is expected that the objective function will be 

maximized. 
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