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Abstract 

The Ensemble Kalman Filter (EnKF) has been successfully applied to data 

assimilation in Steam Assisted Gravity Drainage (SAGD) processes, but 

applications of localization for the EnKF in SAGD processes have not been 

studied. Distance-based localization has been reported to be very efficient for 

assimilation of large amounts of independent data with a small ensemble in 

water flooding processes, but it is not applicable to SAGD processes, since in 

SAGD processes oil is produced mainly from the transition zone from steam 

chamber to cold oil instead of the regions around the producer. As the transition 

zone could be identified by saturation and temperature distribution, temperature-

based and saturation-based localization were proposed for automatic history 

matching of SAGD processes.  

The regions of the localization function were determined through covariance 

analysis by using a large ensemble with 1000 members. The covariance analysis 

indicated that the regions of cross correlations between oil production and state 

variables are much wider than the correlations between production data and 

model variables. To choose localization regions that are large enough to include 

the true regions of non-zero cross-covariance, the localization function were 

defined based on the regions of non-zero covariances of production data to state 

variables. Also, the non-zero covariances between production data and state 

variables are distributed in accordance with the steam chamber, which makes it 

easier to define a universal localization function for different state variables. 
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Based on the covariance analysis, the temperature and saturation range in which 

oil production is contributed by the regions was determined; beyond or below 

this range, the localization function reduces from one and at the critical or steam 

temperature and initial or residual saturation the localization function reduces to 

zero. The temperature-based and saturation-based localization functions were 

obtained through modifying the distance-based localization function (Gaspari 

and Cohn, 1999). Localization was applied to covariance of production data with 

permeability, saturation and temperature, as well as the covariance of production 

data with production data. 

A small ensemble (10 ensemble members) was employed in several case studies. 

Without localization, the variability in the ensemble collapsed very quickly and 

lost the ability to assimilate later data. The mean variance of model variables 

dropped dramatically by 95% and there was almost no variability in ensemble 

forests, while the prediction was far from the reference with data mismatch 

remaining at a high level. At least 50 ensemble members are needed to keep the 

qualities of matches and forests, which significantly increases the computation 

time. The EnKF with localization is able to avoid the collapse of ensemble 

variability with a small ensemble (10 members), which saves the computation 

time and gives better history-match and prediction results. To further investigate 

the effectiveness and robustness of the localization function, these were validated 

with a field case, and it showed positive results with the localized EnKF. 
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         Chapter 1 Introduction 

1.1 Background 

The Ensemble Kalman Filter (EnKF) has become one of the most popular 

history matching techniques in the petroleum industry in recent years. It was 

used in the areas of weather forecasting, oceanography and hydrology first and 

introduced to oil industry in 2001. Inspired by the promising results with the 

EnKF in history matching, more and more studies are being done with the EnKF 

technique.  

 According to Chitralekha et al. (2010), the EnKF was first introduced to be 

applied to the automatic history matching of SAGD processes. Figure 1.1 shows 

the history matching process with the EnKF technique. The standard EnKF 

consists of three processes for each time step: forecast based on current state 

variables (solving flow equations with current static and dynamic parameters), 

data assimilation (computation of Kalman gain), and updating of state variables. 

The evolution of dynamic variables is dictated by flow equations. 

To keep the consistency of the model variables and state variables, the confirmed 

EnKF and iterative EnKF were used in the history matching. To exclude the 

spurious correlations, localization is always recommended, and the ensemble 

size also could be decreased so that computation time could be saved in the 

history matching process.  
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Figure 1.1 EnKF workflow for history match problems (Seiler et al. 2009) 
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1.2 Problem Statement 

The EnKF has been successfully applied to data assimilation in SAGD processes, 

but applications of localization for the EnKF in the SAGD process have not been 

studied. Distance-based localization has been reported to be very efficient for 

assimilation of large amounts of independent data with a small ensemble, but it 

is not applicable to the SAGD process. That is because the regions of the steam 

chamber contribute to oil production instead of the regions around the producer. 

And the steam chamber develops laterally, not extending centered on the 

producer. Therefore, the localization function needs to be developed specifically 

for SAGD processes.  

1.3 Objective and Methodology 

To apply localization with the EnKF, the localization regions have to be 

determined first. These should be the regions that have true correlations with the 

production data. To determine the regions that have real correlations, 

covariances of model and state variables to production data in the SAGD process 

are analyzed in this work. The cross-covariances of production data to model and 

state variables are computed from a large ensemble with 1000 members. The 

porosity is regarded as a constant value of 0.35 and permeability is expressed 

with the ensemble. The 1000 realizations of permeability field are generated with 

the Sequential Gaussian Simulation (SGS). The cross-covariances of state 

variables and model variables to production data are analyzed to find the regions 

that have true correlations for the SAGD processes.  
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Based on the regions that have true correlations, the correlation function is 

defined. Dynamic data - temperature and oil saturation, is used as the 

localization scale in the localization function, and the temperature range and oil-

saturation range which has the largest correlations with production data are 

defined. The critical temperature is defined as the point at which the oil starts to 

become mobile.  The localization function is one for regions in the temperature 

and oil-saturation range, and decreases to zero when the temperature reaches the 

steam temperature or critical temperature, and oil saturation reaches the initial oil 

saturation or the oil saturation. To get the best history matching and prediction 

results, the localization function is applied to the Kalman gain and covariance 

matrices separately.  

1.4 Thesis Outline 

Chapter 2 summarizes the literature on the application of the EnKF to petroleum 

engineering, especially in the automatic history matching of SAGD processes. 

This chapter introduces the algorithm of the standard EnKF, the distance-based 

localization function and its application to petroleum engineering.  

Temperature-based localization with the EnKF is proposed in Chapter 3. The 

localization regions are defined based on covariance analysis with a big 

ensemble (1000 members). Temperature-based localization is applied to history 

matching of the SAGD processes with a small ensemble (10 members) and its 

performance is compared with that updated with the standard EnKF. To 
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investigate a universal localization function, sensitivity analysis is done with 

different steam temperatures.  

Chapter 4 summarizes saturation-based localization with the EnKF. Sensitivity 

analysis is done to investigate a universal localization function. The universal 

localization function is proposed with the saturation fraction as the localization 

scale. When it is applied to the history matching of the SAGD processes, the 

results are as good  as those with saturation as the localization scale. This chapter 

also compares the performance of the localized EnKF with temperature and 

saturation as the localization scale and the performance difference is analyzed in 

this chapter.  

To investigate the effectiveness and robustness of the localization function, a 

field case is employed in Chapter 5.  

Finally we draw conclusions and make recommendations for future work in 

Chapter 6. 
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Chapter 2 Literature Review 

2.1 SAGD Processes 

Steam-Assisted Gravity Drainage (SAGD) is the main thermal recovery method 

being used today to exact heavy oil and bitumen from oil sands. It is an advanced 

form of steam stimulation in which a pair of horizontal wells is drilled parallel 

into the reservoir.  The producer is drilled at the bottom of the reservoir and the 

injector is usually 5 meters above the producer. The distance between the well 

pairs could be 50 to 100 meters. The typical SAGD schematic configuration is 

presented in Figure 2.1. Steam is injected into the formation through the injector 

continuously and with steam spreading vertically and laterally, a steam chamber 

will be formed. At the edge of the steam chamber, at the intercept between cold 

oil and the steam chamber, oil flows by gravity into the producer and is produced 

out. Because of the low temperature outside the steam chamber and the high gas 

saturation in the center of the steam chamber, the oil in the center of steam 

chamber and outside steam chamber does not contribute to oil production for 

SAGD processes. Therefore, oil production is mainly from the transition zone 

from the steam chamber to cold oil.  

The current SAGD process consists of four operation stages (Cenovus, 2011): 

start-up, ramp-up, conventional SAGD and blow-down. The start-up stage of the 

SAGD process establishes the thermal and hydraulic communication between the 

injector and producer. Steam is circulated to get the communication between the 

injector and producer. Steam is injected from the tubing, releases the heat, 
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condenses into water and flows back to the surface from the annulus between the 

casing and the tubing. Once the bitumen is heated to 50-100 ᵒC, it is mobilized 

and the communication between the injector and producer is established 

successfully. After communication is established, steam is injected continuously 

at a constant pressure. During this period the zone of communication spreads 

along the well pair and the steam chamber develops vertically up to the top of the 

reservoir. The oil rate peaks at this moment and begins to decline while the 

steam injection rate reaches the maximum and levels off. After the ramp-up 

period, the steam has achieved the full height, and the steam chamber expands 

laterally. Blow-down production is applied after bitumen production with 

conventional SAGD declined to an uneconomic rate. 
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Figure 2.1 Schematic diagram of SAGD configuration (Courtesy of Japan 

Canada Oil Sands Limited) 

 

 

Figure 2.2 SAGD progressions (Courtesy of Cenovus, 2011) 
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2.2 Application of the EnKF on Automatic History Matching 

The EnKF has been widely used in the areas of weather forecasting, 

oceanography and hydrology (Aanonsen et al., 2009). In these applications, only 

dynamic data are updated. The EnKF was introduced to petroleum science 

recently by Lorentzen et al. (2001a). It was applied to flow variables, such as 

injection rates, down-hole pressure, choke pressure and outlet rates, to give a 

correct interpretation of the conditions in the well. Based on these interpretations, 

the future state of Underbalanced Drilling (UBD) or Low Head Drilling (LHD) 

systems can be predicted.  Since then the EnKF method has been attracting 

attention as a promising method for solving the history matching problem. It is 

frequently used for continuous updating of reservoir model variables and state 

variables. The first application of the EnKF in the petroleum industry was 

presented by Lorentzen et al. (2001b). A dynamic model for describing the two-

phase flow conditions was proposed, where the dynamic parameters were 

updated with the EnKF based on the measured data.  Motivated by the promising 

results obtained by Lorentzen et al. (2001b), the EnKF was used in near-well 

reservoir monitoring to update reservoir permeability near wells with synthetic 

examples (Navdal et al., 2002). Improved predictions were obtained when 

additional data were assimilated. Following these initial works, the complexity 

of the studies increased rapidly. In Navdal et al. (2005), the permeability was 

estimated on a 2D field-like synthetic example. A series of studies using the 

synthetic PUNQ-S3 model was started with Gu and Oliver (2005). It was a small 

reservoir engineering model, and both permeability and porosity were estimated. 
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The EnKF gave satisfactory history matching results with 40 models after 40 

assimilations. It demonstrated the efficiency with the EnKF compared with the 

traditional history matching methods. Skjervheim et al. (2007) incorporated the 

4D seismic data with production data in the assimilation with the EnKF applied 

to a synthetic case and a North Sea field case. The results demonstrated that 

better permeability estimation is obtained by adding seismic data to production 

data measurements, and the history matching results with the combined seismic 

data and production data are much better than those with only production data. 

This is the first published demonstration of the EnKF in a field case.  At the 

same time, Evensen et al. (2007) applied the EnKF to a North Sea reservoir 

model. The porosity and permeability of the reservoir model were updated with 

well-log measurements and production data assimilated together. It was shown 

that the EnKF is efficient in estimating in cases with a large number of poorly 

known parameters.  

Results from these studies showed that the EnKF is very efficient and robust. 

However, they all indicated that the estimate of the permeability field got worse 

at late times, which is often referred to as “filter divergence” (Wen et al., 2006). 

To relieve this divergence, Wen et al. (2006) proposed adding the confirming 

option of rerunning the reservoir simulation after updating using the most recent 

updated static variables from the last updated time step to produce the dynamic 

data so that the static and dynamic data are always kept consistent. Therefore, the 

dynamic data for each time step is always confirmed with the recent updated 

static parameters. A 2D synthetic example was used to illustrate the application 
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of the confirmed EnKF to update permeability models assimilating successively 

real-time multiphase production data. The results demonstrated many advantages 

of the confirmed EnKF methodology, for example, the material balance is 

ensured everywhere in the model and the production data can be better matched. 

Using the same idea, Gu and Oliver (2006) added an extra iteration step in the 

EnKF assimilation whenever the updated saturations were detected out of 

physical bound. The simulation was rerun from the previous time step to 

recompute the dynamic variables using the updated static variables. The 

difference between the new computation data and the observation was then used 

to update the state variables. The extra iteration step was repeated until the 

corrected saturation satisfied the physical bound or the iteration exceeded a 

maximum number.  

2.3 The EnKF Methodology and Workflow 

The EnKF methodology consists of a forecast step (stepping forward in time) 

and an assimilation step, in which reservoir model variables and state variables 

are corrected to honor the observed production data. The following introduces 

the methodology.  

In our applications, the reservoir vector consists of all the reservoir variables 

which are uncertain and need to be specified by running the reservoir simulator. 

The state vector ,k jy consists of two parts: model variables m  (permeability, 

porosity, saturations, pressure, etc.) and theoretical production data d  (well 

production rate, water cut, bottom-hole pressure, etc.). 
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where the subject k denotes the time index when the observations are available; 

j  denotes the jth  ensemble member and counts from 1 to the number of 

ensemble number eN . 
,k jy include the following variables: 

, 1 1 1

1 1 1 1 2 ,

[ ,..., , ln ,..., ln ,ln ,...., ln ,

,...., , ,.... , ,...., , , ....]

k j n h hn v vn

T

n w wn g gn k j

y k k k k

p p S S S S d d

 

 ......................................(2.2) 

where n  is the number of grid blocks and 1 2,  d d  are the individual production 

datum in the data vector d .  

In previous history matching applications, the collection of variables to be 

estimated consists only of the static variables that do not change with time (e.g., 

porosity and permeability). Pressure and saturation are usually determined 

according to the static parameters by solving the reservoir flow equations by the 

simulator. However, this methodology includes the static and dynamic variables 

in the state vector. All of them, namely permeability, porosity, pressure and 

saturation, are updated within the Kalman filter at the same time to keep the 

consistency of the static and dynamic variables (Gu et al., 2007):  

, 1 1 1 1 1 2 ,[ ,..., , ln ,..., ln , ,.... , ,...., , , ....]T

k j n h hn w wn g gn k jy k k S S S S d d  ..(2.3) 

Burgers et al. (1998) pointed out that the observation data should be random 

variables for the EnKF analysis to be consistent. Therefore, random 

perturbations are added to the observation data to create an ensemble of 
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observations for the ensemble reservoir states. The observation vector can be 

expressed as 
, , jobs kd  and the observation vector can be written as: 

, , , ,obs k j obs k k jd d v  ............................................................................... (2.4) 

, jkv  is the perturbation vector added to the noisy data 
,obs kd  to form the 

observation vector for the jth  ensemble member.  
, jkv is Gaussian distribution 

with mean 0 and 
, ,[ ]k j D kE v C , which is the data covariance and is diagonal in 

this application because we assume the measurement errors are independent. 

After the reservoir vector and observation vector are obtained, the reservoir data 

could be updated based on the difference between the theoretical and observation 

data. The weighting matrix is called Kalman gain and is marked as ,e kK . 

, , , , , ,( )u p p

k j k j e k obs k j k k jy y K d H y   ....................................................... (2.5) 

1

, , , , , ,( )p T p T

e k y e k k k y e k k D kK C H H C H C   ........................................................... (2.6) 

,

p

k jy  is the previous state vector and the updated reservoir variables are placed 

in the state vector ,

u

k jy . kH is a matrix operator that relates the theoretical to 

observation production data. And it is a matrix with only 0  and 1 as its 

components. kH could be written as: 

0kH I  .............................................................................................................. (2.7) 
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0  is an 
, , ,( )d k y k d kN N N   matrix with all 0s  and I  is an

, ,d k d kN N identity 

matrix with all 1s. 
,d kN  is the number of observations and 

,y kN  is the number of 

variables in the state vector at time k . ,

p

k k jH y  extracts the theoretical 

production data from the state vector ,

p

k jy , and the difference between the 

simulated production data and the true production is , , ,

p

obs k j k k jd H y . 

In Equations 2.5 and 2.6, the superscript p  means the prior values which are 

output from the simulator before updating and u  means updated values after the 

assimilation step. The subscript e  denotes values that can be computed from the 

ensemble of the state vectors. 

, ,

p

y e kC  represents the covariance matrix of the model variables, state variables 

and production data at any time. It can be calculated from the ensemble using the 

standard statistical formula: 

, ,

1
( )( )

1

p pp p p T
k ky e k k k

e

C Y Y Y Y
N

  


...........................................................(2.8) 

p

kY means the ensemble of state vectors at time k  and is a matrix with 

dimension
,y k eN N . 

p

kY denotes the mean of the state variables calculated with 

all ensemble members and is a vector with dimension
,y kN .  

,1 ,2 ,( , ,........, )k k k k nY y y y ............................................................................(2.9) 
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2.4 Application of the EnKF on Automatic History Matching of 

SAGD Processes 

The EnKF has been applied to automatic history matching of SAGD processes 

recently. Chitralekha et al. (2010) applied the EnKF with a 3D heterogeneous 

reservoir model to automatic history matching of SAGD processes.  Thirty initial 

ensemble realizations were generated with a different variogram function with 

the true reference case. After 5 assimilations, it could reach a 90% fit between 

the predictions and the observed production data for all the ensembles, which 

demonstrates the efficiency of the EnKF algorithm for history matching of 

SAGD processes. Gul et al. (2011) applied the EnKF to automatic history 

matching of SAGD processes in the Alberta oil sands deposit. Different SAGD 

well patterns were studied in the work including the twin-well SAGD pattern, 

single-well SAGD pattern and multilateral-well SAGD pattern. Each pattern 

provided good results in terms of data assimilation and model parameter update 

after applying the EnKF-based history matching technique. The efficiency of the 

EnKF for history matching was demonstrated by use of several synthetically 

generated heterogeneous models for SAGD processes. Panwar et al. (2012) 

applied distributed temperature sensor (DTS) data with the EnKF on automatic 

history matching of SAGD processes. The real-time temperature measurements 

from DTS in conjunction with the production data were assimilated successfully 

in two synthetic case studies, single facies and two facies models, to conduct 

continuous shale barrier detection and automatic history matching of SAGD 

processes. The initial ensemble realizations were generated with the same 
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variogram as the true reference case. It was concluded that temperature data 

assimilation with the production data showed evident improvement in terms of 

the quality of the final history-matched models; the assimilations of more 

temperature data is desirable for the purpose of improved characterization. Gul et 

al. (2011) implemented constraints in the assimilation process with the EnKF on 

the SAGD processes to avoid state variables exceeding feasible bounds. To 

avoid the spurious values of permeability after each step of the EnKF, the 

permeability values were constrained with minimum and maximum limits based 

on the geological information. This technique significantly improved the history 

matching quality in terms of the permeability update, as well as in data 

assimilation of field measurements. Constraint on temperature was also applied 

in the assimilation process. The temperature was constrained with time and when 

only the time was changing, the temperature was updated. Azad and Chalaturnyk 

(2013) investigated geomechanical observations in continuous updating of 

thermal-recovery simulations such as CSS and SAGD using the EnKF technique 

with 2D reservoir models. The EnKF, combined with an iterative geomechanical 

coupled simulator, was chosen as the data assimilation algorithm to update the 

model continuously on the basis of geomechanical observations and production 

data. The results showed that considering geomechanical observations improves 

the history matching in SAGD and CSS processes.  
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2.5 Distance-based Localization with the EnKF 

When the ensemble size is small, the ensemble approximation to cross-

covariances of model and state variables to production data can indicate the 

presence of correlations that are not real. Although the spurious correlations 

could be eliminated by using a large ensemble, efficiency demands that the size 

of the ensemble should be reduced as much as possible. An effective approach to 

reduce the influence of spurious correlations is the application of localization for 

the EnKF, to multiply the ensemble-based estimate of the covariance element-

wise by a compactly supported matrix  to produce a localized covariance 

estimate 
,y yC C   (Aansonsen et al., 2009). The element-wise product is 

known as a Schur or Hadamard product. 

The application of localization was first used on atmospheric data assimilation. 

The first application of localization in the EnKF simply applied a distance cut-

off to the Kalman gain with a simplified atmospheric model using simulated 

radiosonde and satellite observations (Houtekamer and Mitchell, 1988). 

Therefore, only model variables within the critical distance were updated. It was 

concluded that the cut-off radius increases with the increase in the ensemble size. 

Houtekamer and Mitchell (2001) described an efficient implementation in the 

assimilation step that employed a distance-dependent localization of the 

covariances using a correlation function that filtered the small and noisy 

covariances associated with remote observations. They pointed out that this 

localization function is applicable on a small ensemble efficiently even with a 
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large number of data. And the updated model variables are relatively smooth 

compared with the cut-off radius localization or no localization at all. Hamill et 

al. (2001) discussed the usefulness of the distance-dependent reduction of 

background error covariances in an ensemble Kalman filter. The efficiency and 

benefits were demonstrated with different amounts of localization.  The 

localization is applied on covariances as the function below: 

1

, , , , , ,( ) ( )p T p T

e k y e k k k y e k k D kK C H H C H C 


    ..................................... (2.10) 

Since   is a covariance matrix and , ,

p

y e kC  is a covariance matrix then it can be 

proved that the , ,

p

y e kC  is also a covariance matrix (Horn, 1990). This product 

has the effect of filtering out the spurious correlations and noises. 

To achieve covariance localization with the Schur product, the localization 

function  is defined to be a correlation function with local support. Local 

support means that the function is non-zero in a small region and zero elsewhere 

(Petrie, 2008). The localization function   was chosen to use the fifth-order 

compactly supported correlation function of Gaspari and Cohn (1999) for   to 

eliminate spurious correlations. It has a broadening and smoothing effect.  It is 

defined such that  
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 (2.11) 

In this localization function, z is the Euclidean distance between either the grid 

points in physical space or the distance between a grid point and the observation 

location. A length scale c  is defined that beyond this the correlation reduces 

from 1.0 and at a distance of more than twice the length scale, the correlation 

reduces to zero (Petrie, 2008). 

In the petroleum engineering field, initial applications of the localization were 

used to deal with the rank deficiency for problems with large amounts of data. 

Dong et al. (2206) and Skjervheim et al. (2007) applied localization on the 

assimilation of seismic data. Dong et al. (2006) extracted variables from global 

state vectors corresponding to one gridlock to form local ensemble vectors for 

the same block, assimilated the seismic impedance datum at that place and 

adjusted variables belonging to the gridlock in the local state vectors. This 

ignored the spatial continuity while using localization on the assimilation with 

seismic data. Skjevheim (2007) applied localization on a large amount of seismic 

data, and the combination of production data and seismic data gave a 

significantly much better match. 

The other applications of localization are primarily for the reduction of effect 

caused by spurious correlations on the updates of variables. Devegowda et al. 
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(2007) proposed the covariance localization method which uses sensitivities that 

quantify the influence of model parameters on the observed data. The synthetic 

example and field case demonstrated the robustness of the method and its 

efficiency in reducing the overshooting of the reservoir parameters and the loss 

of geologic realism for strongly non-linear problems or non-Gaussian 

distributions with practically feasible ensemble sizes for field applications. To 

eliminate the collapse of variance during the data assimilation with the EnKF, 

Agbalaka and Oliver (2008) applied localization with a 3D facies model for 

continuous updating of facies location and boundaries. The distance-based 

localization was utilized and the correlation function used the fifth-order 

compact function of Gaspari and Cohn (1999). Updates were only applied to the 

Gaussian random fields for facies; they were not applied to the state variables in 

the assimilation step. It was concluded that the predictions with localization are 

much better than without localization. Chen and Oliver (2009) analyzed the 

cross-covariances with 1D and 2D water flooding cases to find the regions that 

have true correlations. A large ensemble size is needed to find the true forecast 

covariance between data and model and state variables. The localization regions 

could be defined based on the non-zero covariances, but it is hard to define a 

universal localization function at different times due to the flow dependency. 

Therefore different localization functions could be defined for different variables. 

The distance-based localization with fifth-order compact function of Gaspari and 

Cohn (1999) was used in the case studies. It has been shown that localization of 

updates to regions of non-zero sensitivity or regions of non-zero cross-
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covariance improves the performance of the EnKF when the ensemble size is 

small.  

While using a small ensemble in ensemble-based data assimilation methods, the 

variability will drop dramatically. The ensemble estimate of the uncertainty will 

be smaller than the actual uncertainty of the ensemble estimate (difference 

between the ensemble mean and the truth). Chen and Oliver (2010) applied 

covariance inflation together with localization to the Brugge field with a small 

ensemble and variability in the ensemble was maintained.   

2.6 Chapter Summary 

The EnKF has been widely used in the areas of weather forecasting, 

oceanography and hydrology and since being applied in petroleum engineering, 

it has become one of the most popular automatic history matching methods 

because of its efficiency in assimilating a large number of data at the same time. 

To overcome the nonlinearity between the static model parameters and the 

dynamic variables, the confirmed EnKF and iterative EnKF are applied in the 

assimilation process to keep the consistency of static and dynamic variables.  

The EnKF was introduced into the automatic history matching of SAGD 

processes in recent years. The standard EnKF was applied to the automatic 

history matching of SAGD processes successfully. To get better history 

matching results, constraints on permeability and temperature were added in the 

assimilation process. 
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A small ensemble is always expected in the history matching. But with a small 

ensemble, there will be spurious correlations, and the variance decreases 

dramatically. To eliminate the spurious correlations, localization was proposed in 

the EnKF algorithms. The distance-based localization function is the most 

popular in the application of localization on the EnKF. The localization could be 

applied to the Kalman gain or applied to the covariance matrices. The distance-

based localization is always validated with water-flooding cases. However, this 

localization method cannot be applied to SAGD processes, so in this work, the 

author proposed some different localization functions with different localization 

scales, especially for the EnKF applied to the SAGD processes.  
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Chapter 3 Temperature-based Localization with the 

EnKF on SAGD Processes 

The EnKF has been successfully applied to data assimilation in very large 

models, including those in reservoir simulation and weather prediction. In the 

application of the standard EnKF, when the ensemble size is small, the ensemble 

approximation to cross-covariance of model and state variables to production 

data could indicate false correlations and the spurious correlations may lead to 

the updating of regions that should not be updated. However, a small ensemble 

size is always expected to save computation time. To exclude the spurious 

correlations with a small ensemble size, localization of the EnKF is proposed in 

this chapter.  

The distance-based localization function has been proved efficient in 

assimilating large amounts of data with water flooding cases (Chen and Oliver, 

2010). The distance-based localization uses length between grid blocks and the 

grid blocks to the data point as the localization scale. The shorter the distance to 

the data point, the larger the localization function. When the distance to the data 

point is more than twice the length scale, the localization function falls to zero. 

Therefore, there is always a small area that has a non-zero localization function, 

and beyond this area, the localization function is zero, which means the regions 

outside this area are not updated in the assimilation process.  
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However, for SAGD processes, the distance-based localization is not applicable 

because the oil production is contributed by the transition zone from steam 

chamber to the cold oil instead of the zones around the producer. Therefore, a 

new localization function should be proposed specifically for SAGD processes, 

which is different from the distance-based localization function.  In this chapter, 

cross-covariance analysis is conducted to find the localization regions that have 

real correlations with the production data for SAGD processes. 

3.1 Cross-covariance Analysis 

To develop a new localization function, the localization regions have to be 

defined with covariance analysis.  A large ensemble with 1000 members is used 

in this section to investigate the regions that have true correlations with the 

production data. Because the models are relatively small, 1000 realizations are 

enough to analyze the covariance. The covariance of data to model and state 

variables approximated in this way represents the true variance of an ensemble 

with very small variability. The time dependency of the covariance is analyzed 

and it provides insights into the choice of the appropriate localization function 

for different data and variables. 

3.1.1 Initial ensemble generation 

The initial and reference logarithm permeability distribution is generated through 

the sequential Gaussian simulation (SGSIM) technique using Stanford 

Geological Modelling Software (SGeMS). It is assumed that there is an 

exponential variogram model with isotropic range 24 m in all directions and sill 
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0.04. All the realizations are generated with the same initial histogram with the 

mean logarithm permeability 3.2 and variance 0.04. The reference and initial 

cases have the same variogram model and the logarithm permeability histogram 

is shown in Figure 3.1 with mean of 3.2 and variance of 0.04. The permeability 

is distributed between 300 md and 6000 md. Figure 3.2 shows the 3D model of 

the reference permeability.  
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  Figure 3.1 Logarithm-permeability histogram of initial realizations 

 

  Figure 3.2 3D view of permeability distribution 
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The general reservoir properties are listed in Table 3.1. The reservoir is 128 m 

deep with a pay zone thickness of 20 m. Initial oil and water saturations in the 

pay zone are 0.87 and 0.13 respectively, and reservoir temperature is 10 °C. The 

average permeability of the reservoir is 2 Darcy in the horizontal direction and 

1.2 Darcy in the vertical direction. Porosity is a constant value of 0.35.    

The viscosity of the oil mixture as a function of temperature is shown in Figure 

3.3. Figure 3.4 presents the water-oil and gas-oil relative permeability curves 

adopted in this work. 
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Table 3. 1 Simulation parameters 

Property Value 

Rock Fluid Property 

Horizontal permeability 0.25~5.88 Darcy, log-normal distributed 

Vertical permeability 0.6 × horizontal permeability 

Porosity 0.35 

Initial reservoir pressure 550 kPa 

Initial oil saturation 0.87 

Initial water saturation 0.13 

Initial reservoir temperature 10ºC 

Oil viscosity at reservoir temperature (dead oil) 1,000,000 cp 

Model Parameters 

Model dimensions 2 50 20    

Length in X Y Z directions 800 100 20m m m    

Reservoir Depth (m) 128 

Thermal property 

Thermal conductivity of reservoir rock  1.5×10
5
 J /m-day-ºC 

Heat capacity of reservoir rock  1.617×10
6
 J/m

3
-ºC 

Thermal conductivity of oil 2.0×10
4
 J /m-day-ºC  

Heat capacity of oil Using table from CMG STARS 

Thermal conductivity of water 5.35×10
4
 J /m-day-ºC 

Heat capacity of water Using table from CMG STARS 

Thermal conductivity of over-/under-burden 1.728×10
5
 J /m-day-ºC 

Heat capacity of over-/under-burden 2.35×10
6
 J/m

3
-ºC 

Well constraints-Start-up 

Steam temperature/quality 215ºC / 0.9 

BHP at the annulus, MIN 2600 kPa 

BHP at the injector tubing, MAX 2930 kPa 

 Well constraints-SAGD 

Steam temperature/quality 215ºC / 0.9 

BHP at producer, MIN 2600 kPa 

BHP at injector, MAX 2930 kPa 

Steam trap control none 
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 Figure 3.3 Viscosity-temperature curve of oil mixture (Chen et al., 2007) 

 

(a) 

 

 

(b) 

Figure 3.4 Rock and fluid properties: (a) Water-oil and (b) Gas-oil relative 

permeability curves 
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A SAGD project generally includes a series of parallel well pairs spreading 

through the formation. The horizontal spacing between well pairs varies from 75 

m to 150 m in practice. In this study, with the assumption of symmetry between 

well pairs, we consider a confined formation unit with one well pair in the center 

and horizontal well spacing of 100 m. The well pair consists of two horizontal 

wells with lengths of 800 m. One well acts as the producer and the other as 

injector. The vertical well spacing should be between 4 m and 10 m. Therefore, 

the producer is placed 1.5 m above the formation bottom and 5 m below the 

injector. As the grid number on CMG STARS is limited, half of the one well pair 

is simulated. 

The production performance of the SAGD processes is evaluated using two 

production variables which are the monthly oil production rate (MOPR) and the 

monthly steam oil ratio (SOR). Thus the measurement vector in the EnKF 

algorithm consists of the combined MOPR and SOR for the entire field and is 

given by  

,

 

PR    

Monthly    th

obs k

k month

MO of entire field
d

SOR of entire field

 
  
 

.................................................. (3.1) 

Measurement noises of 1e-4 and 0.1 m
3
/d are assigned for SOR and MOPR 

respectively in the EnKF algorithm. As the GOR for SAGD production is much 

lower around 1m
3
/m

3
, gas saturation and GOR are not included in the state 

vector. In most of the SAGD field applications, the injection and production 

pressure are fixed, so the pressures are deducted from the state vector either. 
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Horizontal permeability is included in the state vector and vertical permeability 

is 0.6v hk k  . This case study focuses on the permeability updating and 

porosity is regarded as a constant value of 0.35. 

Therefore, for the case in this work, the ensemble members 
,k jy  consist of 

horizontal permeability, water saturation, oil saturation, temperature, monthly oil 

rate and monthly SOR. Thus, ,k jy  could be expressed as the following Eqn. 3.2: 

, 1 1 1 1 n 1 2 ,[ln ,..., ln , ,.... , ,...., ,T ,.....,T , , ....]T

k j h hn w wn o on k jy k k S S S S d d ……. (3.2) 

All the data used are noisy. The noise is assumed to be Gaussian distributed with 

mean 0. The standard deviations are: MOPR: 0.1m
3
/d; SOR: 0.0001.  

3.1.2 Covariance analysis 

In each case, we will look at the covariance of two types of data (MOPR and 

MSOR) with three types of model and state variables (permeability, saturation 

and temperature). We will typically describe the regions in which the correlation 

magnitude is greater than 0.01 as the regions of significant correlations. As Chen 

and Oliver (2010) referred to, it is not possible to define an exact threshold 

below which the correlation would be considered as insignificant and can be 

excluded from computing the updates since this threshold depends on the size of 

the ensemble. The larger the size of the ensemble, the higher is the ability to 

estimate weak correlations and the less is the need for localization. 

Figure 3.5 shows the correlations of oil production rate at the producer with 

model and state variables at an early time (259 days). Figure 3.5a shows that the 
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non-zero covariance between the oil production rate and common logarithm 

permeability is mainly distributed around the producer. Its regions of non-zero 

covariance are very limited compared with the regions of non-zero covariance 

between the oil production rate and state variables, such as saturation and 

temperature. Figures 3.5b and 3.5c indicate that the true covariance between the 

saturation and production data is highly localized in the neighborhood of the 

producer and injector. The regions of large correlations between production and 

saturation correspond to the location of the steam chamber (Figure 3.5d). With 

the continuous steam injection, the steam chamber extends to the top of the 

reservoir. Figure 3.6 presents the correlations of the oil production rate with 

model and state variables at an intermediate time (1263 days).  The non-zero 

covariance of the oil production rate and common logarithm permeability is 

mainly distributed between the injector and producer, as shown in Figure 6a, 

which indicates that the production data are sensitive to the permeability 

distribution between the injector and producer. The regions of large covariances 

between saturation and production data are distributed in accordance with the 

transition zone from the steam chamber to the cold oil, as shown in Figures 3.6b 

and 3.6c. 

 

 



33 

 

 (a)  (b)  

 (c)    (d)   

 

Figure 3.5 Covariance between oil production rate at producer with logarithm 

permeability, saturation and temperature at early time (259 days). (a) Oil rate to 

logarithm permeability, (b) Oil rate to oil saturation, (c) Oil rate to water 

saturation, (d) Oil rate to temperature 
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(a) (b)   

    (c)  (d)    

Figure 3.6 Covariance of oil production rate to permeability, saturation and 

temperature at an intermediate time (1263 days). (a) Oil rate to common 

logarithm permeability , (b) Oil rate to oil saturation , (c) Oil rate to water 

saturation, and (d) Oil rate to temperature 
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The covariance and temperature distribution is plotted in Figure 3.7. The 

covariance between oil rate and water saturation is presented. That is because the 

oil production rate is positively-correlated with the water saturation. The more 

water saturation there is in the grid block, the more oil is produced out from this 

grid block. The covariance between the oil production rate and water saturation 

indicates the regions that contribute to oil production. When the covariance of 

the oil production rate to water saturation and the grid temperature are plotted in 

one figure, this indicates the temperature range in which oil is flowing and the 

grids with positive covariance indicate the regions contributing to oil production. 

It is clear that the grids with positive covariance are always distributed in a 

temperature range. With the development of the steam chamber, more grids are 

heated, and more areas are distributed in this temperature range with positive 

cross-covariance. 

As mentioned in Chapter 2, there are four stages for the development of SAD 

processes. Based on the definition of each stage, the temperature with maximum 

covariance, the critical temperature at which oil begins to become mobile, and 

maximum temperature in the reservoir field are recorded in Table 3.2. It is 

shown that the temperature with maximum covariance T mc rises from 75.5 ᵒC in 

the start-up period to 167 ᵒC in the spread period. When it reaches the spread 

period, T mc becomes steady, distributing around 160 ᵒC to 170 ᵒC. When the 

temperature of grid blocks reaches 35 ᵒC, oil begins to flow. The critical 

temperature Tc is defined with grid blocks which have the covariance 0.01. And 

the maximum temperature in the reservoir field rises with the development of the 
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steam chamber. When the steam chamber becomes mature, the maximum 

temperature Tmax reaches steam temperature 215 ᵒC. 
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     Figure 3. 7 Temperature distribution with covariance at 259 days and 1263 days 
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Table 3.2 The temperature for each stage of SAGD processes 

Period Time (days)         T mc(ᵒC) Tc (ᵒC)     Tmax (ᵒC) 

Start-up 

108 75.5 34 160.6 

167 100 31 175.5 

228 119 33 186.4 

259 131.5 36.4 208 

Steam-up 

351 133.1 27.4 218.1 

412 132.7 32.4 217.9 

473 139.5 32.4 216.9 

533 135.6 33.6 216.4 

594 142.5 32.8 216.2 

655 146 33.4 215.8 

717 141.6 35.3 215.3 

778 145 36.6 215.1 

Spread 

839 150.5 36.4 214.9 

898 147.7 40.7 214.8 

959 152.2 41 214.8 

1020 163.5 43.2 215.4 

1082 167.5 42.7 215.5 

1143 165.5 42.6 216.6 

1204 168.8 43.6 217 

1263 167 41.7 217.5 

1324 164.6 34.7 217.9 

1382 167.2 34.2 218.7 

1447 167.5 37.4 218.1 

1508 171.6 39.5 219.5 
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3.2 The EnKF Setup 

The measurements of MOPR and SOR at wells are available every 30 days, and 

they are directly read from the true data. The data used for assimilation are listed 

in Table 3.3. The data were assimilated every two months. 

As shown in the flow chart in Figure 3.8, to initiate the EnKF algorithms, the 

initial ensemble of the model parameter along with state parameters, such as 

saturations, pressures, temperature, PVT and rock fluid properties, have to be 

prepared. There are no production data in the initial time ( 0t  ). The initial 

ensemble is generated with the geostatistical method. Once the static variables 

are produced, they can be put into the reservoir simulator and the forecast step is 

to get the production data with the generated model parameters. If the state 

variables, such as saturation and pressure, are uncertain, they should also be 

generated with ensembles using the geostatistical method. 

The production data are used in the assimilation sequentially once they are 

available and the ensemble of model variables evolves as the same time as the 

assimilations. The quality of history matching depends on the correlation 

between the model variables and the production data. The more information 

there is about the production data carrying?, the more improvement will be 

applied to the ensembles. Also, during the assimilation process, the updated 

reservoir model parameters honor the most current production data. 

Theoretically, the history matching quality will be improved with more 

assimilation steps. 
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However, one potential problem arises by using the standard EnKF to simply 

update dynamic variables without the constraints of flow equations: the updated 

dynamic variables (pressure and saturations) may not be physically meaningful 

and may be inconsistent with the updated static variables (permeability and 

porosity) of the same time step. This is because of the fact that the Kalman 

updating is linear, whereas the flow equations are nonlinear. Because the static, 

dynamic and observed variables are strictly linked through the flow equations in 

the simulation system, it is desirable that the updated dynamic data be consistent 

with the solutions of flow equations to avoid errors. To achieve this, Wen et al. 

(2006) proposed an additional component to the EnKF, called a “confirming” 

option, to ensure that the updated dynamic and static variables are always 

consistent and the updated production data are always from the solutions of the 

flow equations based on the updated static and dynamic variables. 

The confirming option is also added in the assimilation process in this work, but 

the confirming step is not confirmed to the last time step. The confirming option 

always confirms from the initial time, as shown with the red line in the flow 

chart in Figure 3.8. 
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Table 3.3 Assimilation times and production data 

Time Index Time (days) 

Monthly Oil Production Rate 

(m
3
/d) MSOR 

1 108 10.55 11.18 

2 167 4.773 7.122 

3 228 5.072 5.261 

4 289 42.51 3.143 

5 351 26.78 3.413 

6 412 30.34 3.324 

7 473 25.77 3.416 

8 533 25.92 3.496 

9 594 25.13 3.564 

10 655 23.95 3.64 

11 778 24.64 3.741 

12 898 24.37 3.804 

13 1020 21.05 3.9 

14 1143 19.96 4.022 

15 1263 21.06 4.111 

16 1385 21.68 4.162 

17 1447 21.73 4.185 

18 1508 22.13 4.202 

19 1569 22.36 4.218 

20 1628 22.79 4.229 

21 1689 22.54 4.239 

22 1750 22.14 4.252 

23 1812 21.57 4.268 

24 1873 21.15 4.286 

25 1934 20.75 4.305 

26 1994 20.45 4.325 

27 2055 20.49 4.345 

28 2116 20.26 4.364 

29 2178 19.87 4.385 

30 2239 19.65 4.406 
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      Figure 3.8 The EnKF process with confirming option 
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In order to evaluate the overall quality of history matching, a normalized 

measure of fit is defined. It could be expressed in percentage scale. We defined 

the Data Mismatch Error ( DME ) value for the thj  realization in the history 

matched ensemble and thi  production variable. The average quality of thi  

realization can be defined by averaging the
iDME  over the j   production 

variables, i.e., 

1

, , ,

,

, ,

Nt
obs k i k i

i j

k t obs k i

d d
DME

d


    ......................................................................................... (3.10)                                                                                                                                      
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   ...................................................................................... (3.11)                                                                                                                                 

In equation 3.10, proN  is the number of production variables selected for history 

matching. A value of DME =0 should be regarded as a perfect match between the 

observed data and the updated data. The bigger the DME  value, the greater is the 

data mismatch. DME is expressed as a percentage, so that it shows the percentage 

of data mismatch. Therefore, it could be used as the scale to evaluate the overall 

measure of history match quality.  

The Root Mean Square Error (RMS) of the estimated porosity and common 

logarithm permeability can be calculated as  

2

1

1
( )

N
ture

i i

i

RMS x x
N 

    ...........................................................................  (3.12) 
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where 
ix can be the mean estimate of porosity or common logarithm 

permeability and  ture

ix  is the corresponding true value of the estimate. i  is the 

index of the grid block and N is the total number of the grid blocks. RMS 

measures the standard deviation of the estimate from the truth at each grid block 

in an average sense.  
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1 1
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   .................................................................. (3.13) 

k

Y is the mean variance of the Gaussian random field variables at time k . i  and 

j  are grid and ensemble indices respectively. And iY is the mean value of the 

Gaussian random field variables for the i th grid block. en  and gn  are the total 

number of the ensemble members and grid blocks respectively.  If the variance is 

too small before assimilations, it means the ensemble has no ability to assimilate 

more production data. 

Fifty realizations of logarithm permeability are used in the history matching in 

this section. The reference field is generated with the same variogram and 

histogram as the initial fields. Initial ensemble generation is a very important 

step in the EnKF workflow. The estimation of model variables and state 

variables is directly affected by the covariance structure in the initial ensemble 

models. The initial ensemble of logarithm permeability is a Gaussian distribution 

and is limited to the range of the reference distribution. The initial production 

curves (MOPR and MSOR) of the 50 realizations are listed in Figures 3.9 (a) and 
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3.9 (b). The red curve represents the reference curve which is assumed to be the 

production data of the true model. It is shown that the initial production curves 

are far from the reference curve. The initial oil production rate is distributed 

around 10 m
3
/d, while the reference oil production rate is about 20m

3
/d. The 

peak MSOR of the reference case is around 25 while the MSOR of initial cases 

is much higher than the reference case, which is distributed around 50 to 200. 

Even in the steady production stage, the MSOR of the initial cases is still larger 

than the reference case, remaining a high value about 10. 

It is assumed that the production data are available at the end of each month, and 

the assimilation is applied every two months. With the standard EnKF 

application to a small ensemble size (10 ensemble members), Figure 3.10 shows 

the production curves with updated model parameters after 23 assimilations. 

These 10 ensemble members are selected from the initial 50 realizations. All the 

production curves of the 10 ensemble members are very close to each other, and 

overlap, but compared with the reference curve, they are still far away from the 

reference curve.  
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(a) 

 

(b) 

Figure 3.9 Initial ensemble of production data forecasting with the initial 

permeability realizations with flow simulator. (a) Monthly oil production rate, (b) 

Monthly SOR 
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(a) 

 

(b) 

Figure 3.10  Updated ensemble of production data forecasting with the updated 

permeability after 23 assimilations. (a) Monthly oil production rate, (b) Monthly 

SOR 
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To slow down the ensemble variability drop, and improve the history matching 

quality, 50 ensemble members are employed in the history matching with the 

standard EnKF. When the ensemble size is increased, the history matching and 

prediction quality is much better than with 10 ensemble members, as shown in 

Figure 3.11.  

Figure 3.12 (a) lists the histogram of the DME value which is calculated based 

on the production data generated with the updated model variables after 23 

assimilations. The DME value of the 10 realizations is around 0.45, which could 

be regarded as a 45% mismatch of the production data, and the prediction data is 

a 30% mismatch. When the ensemble size is increased to 50, the DME value of 

history matching is around 13% and prediction is about 3%, as shown in Figure 

3.12 (b), which is much better that with 10 ensemble members.  

Mean variance is presented in Figure 3.13 (a). The fall speed of mean variance of 

logarithm permeability with 50 ensemble members is much lower than that with 

10 ensemble members. After 10 assimilations, the mean variance of the 10 

ensemble members drops close to zero, which means the ensemble loses the 

ability to assimilate later production data. As shown in Figure 3.13 (b), the RMS 

of logarithm permeability increases with more assimilation steps. That is because 

of the spurious correlations with a small ensemble size. The grid blocks outside 

the regions that have true correlations are also updated in the assimilation 

process, which leads to the model and state variables updated in regions that 

should not be updated. Therefore, the difference between the updated variables 
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and true value are further away. When the ensemble size is increased to 50, the 

spurious correlations are relieved, but the ensemble size 50 is not big enough to 

exclude all the false correlations. That is why the RMS with 50 ensemble 

members is lower than that with 10 ensemble members, but it still rises with 

more updating steps. 
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(a) 

 

(b) 

Figure 3.11 Updated ensemble of production data forecasting after 23 

assimilations with the standard EnKF. (a) Monthly oil production rate, (b) 

Monthly SOR 
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(a)        (b)    

 Figure 3.12 DME value with (a) 10 and (b) 50 realizations 
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(a) 

 

(b) 

Figure 3.13 Comparison of 10 ensemble and 50 ensemble members. (a) Mean 

variance of logarithm permeability, (b) Root mean square error of logarithm 

permeability 
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3.3 Localization for the EnKF with Temperature as Localization 

Scale 

In SAGD processes, temperature plays a very important role in oil production. If 

the oil sands reservoir is exploited with the thermal recovery method, because of 

the high viscosity, the oil  cannot flow until it has been heated to reach a certain 

temperature and the viscosity falls to that at which oil can become mobile. The 

temperature at which oil becomes mobile and begins to flow is defined as the 

critical temperature. As the results in the covariance section in section 3.1 show, 

the regions with the largest covariances in different periods of SAGD processes 

always have the temperature distributed in the range 130 ᵒC to 170 ᵒC. When the 

temperature is above or below this range, the covariance falls to zero at critical 

temperature and becomes negative when the temperature is close to steam 

temperature. Therefore, the localization function is defined as 1 for the regions 

with the temperature in the range which has the largest covariances, and falls to 0 

when the temperature reaches critical temperature or steam temperature. The 

localization function with temperature as the localization scale is shown in 

Equation 3.14.  
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where 1 2,T T is the temperature range which has the largest covariances. cT  is the 

critical temperature at which oil begins to flow. 1 2,a a  is the speed factor to 

decrease the localization function from 1 to 0 when the temperature reaches 

critical temperature and steam temperature.  

The localization function could be applied to the Kalman gain or covariance 

matrices. As mentioned in Chapter 2, many studies have been done to investigate 

the performance of localization to Kalman gain and covariance matrices. When 

they are applied to some water flooding cases, it is shown that direct localization 

to Kalman gain tends to introduce artifacts in the updates and causes an increase 

in variability when the size of the localization area is smaller than a single well 

pattern, and when the size of localization is large, localizing the covariances 

could cause artifacts (Chen and Oliver, 2010). (They)Chen and Oliver (2010)?? 

recommend that the localization function should be chosen based on the well 

patterns. When the localization area is large, localization to the Kalman gain is 

anticipated, while when localization regions are small, localization to 

covariances is a more robust choice. However, for SAGD processes, the well 

pattern is different with the water flooding cases. The well pair, injector and 

producer are close to each other being around 5 meters apart, while the well pairs 

are 75 m to 150 m away. And each well pair operates individually before the 

steam chambers of different well pairs interact. Therefore, the conclusions 
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obtained from water-flooding cases cannot be applied to SAGD processes 

directly. To investigate the localization method for the SAGD processes, the 

localization function is applied to the Kalman gain and covariance matrices 

separately in this chapter. 

3.3.1 Applying localization to Kalman gain with temperature as 

localization scale 

The localization function is applied to Kalman gain directly in this section. As 

shown in Figure 3.14, the monthly oil production rate and monthly SOR with 

updated model variables could be matched with the reference curve. Comparing 

the production curves generated with the updated model variables with the 

standard EnKF in last section, the matching quality is much better with the 

localized EnKF application. 

The DME  value is used to evaluate the history matching and prediction quality. 

As shown in Figure 3.15, the DME value of history matching is around 8%, 

which means the overall matching quality could reach 92%.  And the matching 

quality of prediction is around 98%. Compared with the DME value with the 

standard EnKF application in the last section, the history matching and 

prediction quality are much better, especially the prediction, as the DME  value 

of prediction with the standard EnKF application is around 30%, which is far 

away from the reference case.  
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(a) 

 

(b) 

Figure 3.14 Updated ensembles of production data forecasting with localization 

to Kalman gain with temperature as localization scale. (a) Monthly oil production 

rate, (b) Monthly SOR 
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Figure 3.15 DME value of the 10 realizations with localization applied to 

Kalman gain with temperature as localization scale 
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As presented in Figure 3.16, comparing the mean variance of logarithm 

permeability updated with the localized EnKF and that with the standard EnKF 

to 10 and 50 realizations, it is clear that the falling speed with the localized 

EnKF is much slower. After 23 assimilations, the mean variance dropped by 

25%, while the mean variance dropped by 95% with the standard EnKF applied 

to 10 ensemble members and 80% to 50 ensemble members.  

As shown in Figure 3.17, the RMS of the 10 ensemble members updated with 

the standard EnKF is the largest after 23 assimilations. With the ensemble size 

increased to 50, the RMS decreased, but was still much higher than that updated 

with the localized EnKF. That is because of the updating of regions which 

should not be updated. When the localization function is applied to the 

assimilation process, only the localization area is updated and most of the 

reservoir regions are not updated. The localization area is much smaller than the 

regions outside the localization area. Therefore, the RMS of 10 ensemble 

members updated with the localized EnKF remains as a constant value.   
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Figure 3.16 Mean variance of logarithm permeability updated with the localized 

EnKF and the standard EnKF for 10 ensemble and 50 ensemble members 

 

Figure 3.17 RMS of logarithm permeability updated with the localized EnKF 

and the standard EnKF for 10 ensemble and 50 ensemble members 
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3.3.2 Applying localization to covariance with temperature as 

localization scale 

In this section, the localization function is applied to covariance matrices and the 

production curves generated with the updated model variables after 23 

assimilations are shown in Figure 3.18. Production data of the 10 ensemble 

members are matched with the reference case. The matching and prediction 

quality is presented in Figure 3.19. It is shown that the average history matching 

is around a 90% fit and the quality of the prediction is about a 97% fit.  
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(a) 

 

(b) 

Figure 3.18 The production data forecasting of updated ensembles with 

localization to covariance matrices with temperature as localization scale. (a) 

Monthly oil production rate, (b) Monthly SOR 
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Figure 3.19 DME value of the 10 realizations with localization applied to 

covariance matrices with temperature as localization scale 
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3.3.3 Comparison of localization to Kalman gain and covariance 

matrices 

The localization function was applied to the Kalman gain and covariance 

matrices separately in the last sections. The results show that the updated 

production data matched the reference data and the history matching and 

prediction quality with the localized EnKF is much better than those with the 

standard EnKF application.  

For these two localization methods, the comparison of history matching and 

prediction quality is plotted in Figure 3.20. It is evident that the history matching 

and prediction quality with the localization applied to the Kalman gain is a bit 

better than that with localization applied to covariance matrices. But mean 

variance and root mean square error of logarithm permeability, as shown in 

Figures 3.21 and 3.22, are very close with these two localization methods, which 

means the range of the localization regions is similar with localization applied to 

the Kalman gain and covariance matrices.  
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(a)        (b)  

Figure 3.20 The DME  value of ten ensemble members updated with the localized 

EnKF with temperature as localization scale. (a) History matching, (b) Prediction 

 

Figure 3.21 Mean variance of logarithm permeability updated with the localized EnKF 

with temperature as localization scale 
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Figure 3.22 RMS of logarithm permeability updated with the localized EnKF 

with temperature as localization scale 
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3.4 Sensitivity Analysis on Steam Temperature 

The new localization function with temperature as the localization scale is 

proposed in this chapter and it is shown that the history matching and prediction 

quality is much better with the temperature-based localization than that with the 

standard EnKF when the ensemble size is small. But the data of the temperature 

are dynamic, whose distribution in the reservoir could be different when the 

steam temperature is changed. Temperature is not like distance, which never 

changes for any reservoir. Therefore, sensitivity analysis is done to investigate 

the temperature distribution with different steam temperatures. 

The steam temperature in the reservoir models is 215 ºC for covariance analysis 

in section 3.1. But if the steam temperature is not 215 ºC, the temperature range 

and the speed factor 1 2,a a   in the localization function may change. Therefore, 

different steam temperatures are analyzed in this section to investigate the 

general localization function which could be used in any SAGD application. 

3.4.1 Cross-covariance analysis with different steam temperatures 

It is known that the steam temperature is always around 200 ºC for SAGD 

reservoirs. The steam temperature is changed to 240 ºC and 190 ºC to check the 

temperature range of regions that have the largest covariances. As shown in 

Figure 3.23, when the steam temperature is changed, the temperature range that 

has the largest covariance is different. The temperature range is extended when 

the steam temperature is upgraded to 240 ºC, while with the steam temperature at 

190 ºC, the temperature range shrinks. Based on the temperature distribution 
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with covariance, Table 3.4 lists the grid temperature which has the largest 

covariance. Tmc means the temperature with the largest covariances, Tc is the 

critical temperature and Tmax is the maximum temperature in the reservoir field. It 

is shown that the temperature range is expanded to 130-200 ºC when the steam 

temperature is 240 ºC. When the steam temperature is 190 ºC, the regions with 

the temperature around 100 ºC have the largest covariances, but its number of 

grids is less compared with the number of grids that have temperature distributed 

between 130 ºC and 160 ºC. Therefore, the temperature range is defined as 130-

160 ºC. 
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(a) 

 

(b) 

Figure 3.23 Covariance with temperature at early time and intermediate time 

with different steam temperatures. (a) With steam temperature 240 ºC at 259 days 

and 1263 days, (b) with steam temperature 190 ºC at 473 days and 1263 days 
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Table 3.4 Temperature distribution with steam temperature 240 ºC and 190ºC 

  Steam temperature 240 ºC  Steam temperature 190 ºC 

Time 

(days) Tmc(ºC) Tc (ºC) Tmax (ºC) 

               

Tmc(ºC)     Tc (ºC) Tmax (ºC) 

259 139.4 34.1 226.1 66.2 29 143.5 

351 154.2 35.6 137.3 67.5 32.2 158.3 

412 149.3 34.8 237.2 100.3 33.6 172.6 

473 156.1 34.7 236.7 126.9 37.3 180.2 

533 161.1 35.4 236.2 156 35.3 184 

594 165.2 39 235.9 156 36.3 185 

655 170.4 37.2 235.9 104.8 39.8 185.3 

717 176.7 31.2 235.5 96.3 35.6 185.1 

778 173.8 35.8 235.6 106 32.8 185 

839 186.3 33.1 235.5 104 38.4 184.8 

898 191.2 41.2 235.7 110.7 35.3 184.6 

959 195.8 35.8 235.8 108.9 34.4 184.4 

1020 199.2 34.8 236.2 110.2 36 184.7 

1082 203.2 43.1 236.7 103.7 36.7 184.8 

1143 205.8 46.1 237.2 107 37.2 185.1 

1204 206 40.9 238.3 108.1 40.9 185.3 

1263 207 38.3 238.4 111 37.6 185.1 

1324 201.3 39.6 239.4 129.5 46.7 185.1 

1382 197.4 46.3 239.4 132.1 48 185.3 

1447 200 39.5 239.8 127.9 54.5 186.1 

1508 205.2 32.3 241.2 137.6 59.7 186.3 
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3.4.2 History matching and prediction with different steam 

temperatures 

From the covariance analysis for steam temperatures 240 ºC and 190 ºC in last 

section, the temperature ranges with the largest covariances are determined as 

130-200 ºC and 130-160 ºC respectively. And the speed factor in the localization 

function with different steam temperatures should be different. Accordingly, the 

parameters in the localization function for different steam temperatures is listed 

below. 
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Based on the localization function for models with steam temperature 240 ºC and 

190 ºC, these are applied to the history matching with 10 ensemble members. 

Figure 3.24 shows the history matching of monthly oil production and monthly 

SOR curves for ensemble members with steam temperature 240 ºC. And Figure 

3.25 presents the production curves for ensemble members with steam 

temperature 190 ºC. It is clear that the reference production data are matched. 

The history matching and prediction quality are shown in Figure 3.26. All DME  

values of the 10 ensemble members are below 10%, which means the history 

match and prediction are over a 90% fit and the localization function with the 

EnKF is applicable for cases with different steam temperatures. 
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(a) 

 

(b) 

Figure 3.24 Updated production data forecasting with temperature-based 

localization for ensemble members with steam temperature 240 ºC. (a) Monthly 

oil production rate, (b) Monthly SOR 
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(a) 

 

(b) 

Figure 3.25 Updated production data forecasting with temperature-based 

localization for ensemble members with steam temperature 190 ºC. (a) Monthly 

oil production rate, (b) Monthly SOR 
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(a)      (b)    

Figure 3.26 DME value of 10 ensemble members updated with the localized 

EnKF. (a) Ensemble members with steam temperature 240 ºC, (b) Ensemble 

members with steam temperature 190 ºC 
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To check the sensitivity of the oil production rate to the temperature range in the 

localization function, the temperature range is changed around  10 ºC; the results 

show that the history matching quality does not change much. Therefore, 2T could be 

determined based on steam temperature 2 35sT T  . The localization function for any 

reservoir could be expressed as follows: 
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3.5 Chapter Summary 

In this chapter the covariance of model and state variables to production data 

with a big ensemble size (1000 ensemble members) was analyzed. It showed that 

the regions of non-zero covariance between production data and model variables 

are mainly distributed between the injector and producer, and regions of 

covariance between production data and state variables distributed in accordance 

with the steam chamber are much bigger than those between the production data 

and model variables. Based on the non-zero covariance distribution with 

temperature in the reservoir field, the regions of largest covariance are always 
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distributed in a temperature range. Outside this range, the covariance gradually 

falls to zero.  

With the covariance distribution, the critical temperature is determined with 

minimum non-zero covariance. And the temperature with maximum covariance 

shows the regions contributing most to oil production. With these two 

temperatures determined, the localization function with temperature as the 

localization scale is defined. Temperature-based localization with the EnKF was 

applied to SAGD processes with a small ensemble (10 members). The history 

matching and prediction results were compared with those updated with the 

standard EnKF. The mean variance of logarithm permeability drops very quickly 

by 95% and loses the ability to assimilate later production data with the standard 

EnKF, while the localized EnKF could avoid the variance collapse and give 

much better history matching and prediction results.  
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Chapter 4 Saturation-based Localization with the EnKF 

on SAGD Processes 

As discussed in Chapter 3, the distance-based localization function is not 

applicable to SAGD processes. The transition zone from the steam chamber to 

cold oil comprises the regions contributing to most of the oil production, and it 

has the largest covariance with the production data. The regions that have the 

largest cross-covariance always distribute within a temperature range. Therefore, 

a localization function with temperature as the localization scale was proposed in 

Chapter 3. With the same covariance-analysis method, the saturation-based 

localization is proposed in this chapter.  

4.1 Covariance Analysis 

The covariance analysis is conducted with a big ensemble (1000 members). To 

clearly investigate the covariance and saturation distribution, these are plotted in 

one figure, as shown in Figure 4.1. The regions that have positive covariance are 

distributed in the oil-saturation range 0.4~0.7. With the development of the 

steam chamber, more and more grids are distributed in this saturation range. 

Beyond this range, the covariance falls to negative.  
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Figure 4.1 Covariance and saturation distribution at 259 and 1263 days 
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4.2 Localization for the EnKF with saturation as localization 

scale 

As shown in the results of cross-covariance analysis in the last section, the 

largest covariance is always distributed in an oil-saturation range. Therefore, oil 

saturation is used as the localization scale in this section.  

The localization function with oil saturation as the localization scale is listed in 

equation 4.1. Just like the localization function with temperature as the 

localization scale, the oil-saturation range is defined in which the localization 

function is 1. Below or above this range, the localization function falls to 0 when 

oil saturation reaches the initial oil saturation or residual oil saturation. As the 

last section showed, the largest covariance is distributed between the saturation 

range 0.4~0.7, therefore, the speed factor 1 2,a a  is calculated based on the 

saturation range, initial saturation and residual saturation. The parameters in the 

localization function are listed below.  
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where 
oiS  is the initial oil saturation and 

orwS  is the residual oil saturation in the 

reservoir. 1 2,o oS S  are the saturation ranges that have the largest covariances with 

the production data. 

This localization function with saturation as the localization scale is applied to 

the Kalman gain and covariance matrices separately, and the history matching 

and prediction quality is compared with these two localization methods in this 

section. 

4.2.1 Applying localization to the Kalman gain with saturation as 

localization scale 

The localization function with saturation as the localization scale is applied to 

the Kalman gain in this section. The production curves generated with the 

updated model variables by the localized EnKF after 23 assimilations are 

presented in Figure 4.2. The reference data are matched overall, but it is clear 

that the early period (start-up period) which is marked with the loop, is not 

matched as well as the other periods.  

The DME value of the history match and prediction is plotted in Figure 4.3. The 

history match could reach a 92% fit and the prediction is around a 98% fit.  
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(a) 

 

(b) 

Figure 4.2 Updated production data forecasting with localization to the Kalman 

gain with saturation as localization scale. (a) Monthly oil production rate, (b) 

Monthly SOR 
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Figure 4.3 DME  value of the 10 realizations with localization applied to the 

Kalman gain with saturation as localization scale 
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4.2.2 Applying localization to the covariance with saturation as 

localization scale 

The localization function with saturation as the localization scale is applied to 

the covariance matrices in this section. Figure 4.4 shows the data match after 23 

assimilations. Compared with production curves generated with localization 

applied to the Kalman gain, the start-up period is matched. The matching quality 

is shown in Figure 4.5. The DME is around 6% for history matching and 2% for 

prediction, which means the it is a 94% fit for the history match and a 98% fit for 

the prediction. 
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(a) 

 

(b) 

Figure 4.4 Updated production data forecasting with localization to covariance 

matrices with saturation as localization scale. (a) Monthly oil production rate, (b) 

Monthly SOR 
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Figure 4.5 DME  value of the 10 realizations with localization applied to the 

covariance matrices with saturation as localization scale 
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4.2.3 Comparison of localization to Kalman gain and covariance 

While comparing the history match and prediction quality, Figure 4.6 shows 

clearly that the DME value of ensemble members updated with localization to 

covariance matrices is lower than that with localization to the Kalman gain for 

the history matching. That is because the start-up period with localization to the 

Kalman gain is not matched as well as that with localization to the covariance 

matrices. The overall DME  for prediction is close with localization to the 

Kalman gain and covariance.  

As presented in Figure 4.7, the RMS of logarithm permeability updated with 

localization to the Kalman gain and covariance matrices remains a constant value 

of 0.2. And the falling speed of mean variance is close, as shown in Figure 4.8. 

The RMS and mean variance of the 10 ensemble members updated with these 

two localization methods are close, which means the sizes of the localization 

regions are similar. 
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(a)    (b)  

Figure 4.6 The DME value of the 10 realizations with localization applied to the 

Kalman gain and covariance with saturation as localization scale. (a) History 

match, (b) Prediction 
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Figure 4.7 RMS of logarithm permeability updated with the localized EnKF with 

saturation as localization scale 

 

Figure 4.8 Mean variance of the logarithm permeability updated with the 

localized EnKF with saturation as localization scale 
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4.3 Sensitivity Analysis on Saturation 

Oil production rate is highly correlated with oil permeability in the reservoir. 

Absolute permeability is updated in the history matching process, but relative 

permeability is not updated in the assimilation process. When saturation is used 

as the localization scale, if the relative permeability is different, the saturation 

range in which oil is flowing could be different in the localization function. 

Therefore, a different relative permeability curve is applied in this section. 

The different relative permeability curves are shown in Figure 4.9. The connate 

water saturation and residual oil saturation are different from those used in the 

last section. The crossing points are different for the oil and water relative 

permeability curves. The ex-crossing point of the water-oil relative permeability 

curves used in the covariance analysis is 0.6Sw  , and for this case it is 

0.5Sw  . 
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(a) 

                  

(b) 

Figure 4.9 Rock and fluid properties. (a) Water-oil and (b) gas-oil relative 

permeability curves 
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4.3.1 Cross-covariance analysis on saturation 

The different relative permeability curves are input in the 1000 realizations. The 

saturation and covariance distribution is plotted in Figure 4.10. It is shown that 

the largest covariance is always distributed in a saturation range 0.5~0.75. With 

steam chamber development, more and more grids are distributed in this range. 

While comparing this saturation range with the oil-water relative permeability 

curve, it is clear that this range corresponds to the range where oil relative 

permeability is over water, before the crossing point. Similarly, the saturation 

range is 0.4~0.7 for the relative permeability curve used in the covariance 

analysis. 
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 Figure 4.10 Covariance and saturation distribution at 259 and 1263 days 
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4.3.2 History match and prediction 

With the covariance analysis in the last section, the saturation range is defined, 

and the localization function is defined as below: 
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The localization function is applied to covariance matrices and the production 

data are shown in Figure 4.11. The reference data are matched and the matching 

and prediction quality is presented in Figure 4.12. The average matching and 

prediction could reach a 90% fit.  
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(a) 

 

(b) 

Figure 4.11 Updated ensembles of production data forecasting with saturation as 

localization scale. (a) Monthly oil production rate, (b) Monthly SOR 
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Figure 4. 12 DME value of 10 ensemble members updated with saturation-

based localization 

 

 

 

 

 

 

 

 

 

 



95 

 

4.3.3 Universal localization function with saturation as localization 

scale 

As shown in the last section, when the relative permeability curves are different, 

the saturation range that has the largest covariance could also be different. 

Therefore, the localization function is different. To define a universal 

localization function with saturation as the localization scale, the oil saturation 

fraction is defined as below: 

o orw
of

oi orw

S S
S

S S





  .............................................................................................. (4.3) 

where, ofS  is the oil fraction in the grid block which could be produced out, oiS  

is the initial oil saturation and orwS  is the residual oil saturation. 

Figure 4.13 shows the oil fraction and covariance for both cases. It is clear that 

the largest covariance is distributed in an oil fraction range. Based on the 

saturation range in section 4.1 and the saturation range in this chapter with a 

different relative permeability curve, the oil fraction could be determined as 

40%~75%, so that the saturation range for both cases will be satisfied. 
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Figure 4.13 Covariance and oil saturation distribution at 1263 days with two 

different relative permeability curves  
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The localization function with oil fraction as the localization scale is listed below. 

When it is in the fraction range, the localization function is 1, and it falls to 0 

when the fraction reaches 0 or 1.  
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The localization function with oil fraction as the localization function is applied 

to history matching with 10 ensemble members. Figure 4.14 shows the 

production data match and prediction for the first case used in covariance 

analysis in section 4.1, and the history matching and prediction quality is 

presented in Figure 4.15. The fit for all the ensemble members is over 90%. 

Figure 4.16 shows the production data match and prediction for the other case 

with different relative permeability curves. The matching and prediction quality 

is also over 90%, as shown in Figure 4.17. Therefore, this universal localization 

function is applicable for different reservoirs. 
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(a) 

 

(b) 

Figure 4.14 The updated production data forecasting with oil fraction as 

localization scale for the case used in section 4.1. (a) Monthly oil production rate, 

(b) Monthly SOR 
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Figure 4.15 DME value of 10 ensemble members updated with oil fraction as 

localization scale for the case used in section 4.1 
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(a) 

 

(b) 

Figure 4.16 The updated production data forecasting with oil fraction as 

localization scale for the case with different relative permeability curves. (a) 

Monthly oil production rate, (b) Monthly SOR 
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Figure 4.17 DME value of 10 ensemble members for the case with different 

relative permeability curves updated with oil fraction as localization scale 
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4.4 Performance Comparison with Different Localization Scales 

In Chapter 3 and this chapter, temperature and saturation is used as the 

localization scale in the localization function, and with the localized EnKF, the 

production data is matched. The history match and prediction qualities are much 

better than those with the standard EnKF. When the temperature and saturation 

profile is extracted from simulation results, it is shown that they are distributed 

in accordance with a linear trend, as shown in Figure 4.18. When the temperature 

is low, not reaching the critical temperature, oil cannot flow. That is why some 

regions with initial oil saturation are at a lower temperature. Oil flows in regions 

which have a temperature higher than the critical temperature. With the 

development of the steam chamber, the oil saturation in regions inside the steam 

chamber falls and the temperature rises close to steam temperature.  
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 Figure 4.18 Temperature and oil saturation profile at 1263 days 
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The localization function could be applied to Kalman gain or covariance 

matrices.  Dynamic data, such as temperature and saturation, could be used as 

the localization scale. In this section, the history matching and prediction quality 

is compared with these two localization methods and localization scales.  

As presented in Figure 4.19 (a) and (b), when localization is applied to the 

Kalman gain directly, the history matching and prediction quality with 

temperature and saturation as the localization scale is much closer, but the start-

up period with temperature as the localization scale is better than that with 

saturation. When the localization function is applied to the covariance matrices, 

as shown in Figure 4.19 (c) and (d), the overall history-matching and prediction 

quality with saturation as the localization scale is better than that with 

temperature.  

When the mean variance of logarithm permeability with localization to the 

Kalman gain and covariance with temperature and saturation as the localization 

scale is plotted in one figure, as shown in Figure 4.20, it is evident that they are 

very close after 25 assimilations. And it is the same situation for the RMS, as 

presented in Figure 4.21. Therefore, the size of updating regions with 

localization to the Kalman gain and covariance with temperature and saturation 

as the localization scale is similar.  
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 (a)   (b)                  

            (c)     (d)     

Figure 4.19 DME value of the 10 realizations with the localized EnKF with 

temperature and saturation as localization scale. (a) History match with 

localization to the Kalman gain, (b) Prediction with localization to the Kalman 

gain, (c) History match with localization to the covariance 
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Figure 4.20 Mean variance of the logarithm permeability updated with the 

localized EnKF with temperature and saturation as localization scale 

 

        

Figure 4.21 RMS of logarithm permeability updated with the localized EnKF 

with temperature and saturation as localization scale 
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As with the history matching quality compared in this section, when the 

localization function is applied to the Kalman gain directly with saturation as the 

localization scale, the start-up period cannot be matched. With the results of 

cross-covariance analysis in the last section, the non-zero cross-covariance 

between model variables and production data is distributed between the injector 

and producer. Oil production rate is sensitive to permeability distribution 

between the injector and producer, and the oil production is mainly from areas 

between the injector and producer for the start-up period. Therefore, the updating 

of permeability between the injector and producer has a great effect on the oil 

production of the start-up period. Thus the localization function for grid blocks 

between the injector and producer is extracted and plotted in Figure 4.22. The 

temperature and saturation profile of grid blocks between injector and producer 

remains a constant value after about 16 months. With temperature as the 

localization scale, the localization function of grid blocks between the injector 

and producer falls from 1, and the grid block closer to injector falls earlier. After 

40 months, their localization function is around 0.2 to 0.5, which means the 

updating of areas between the injector and producer decreases with time.  But 

inversely, while using saturation as the localization scale, the localization 

function of grid blocks between the injector and producer increases from a small 

value to around 1 after about 6 months. And the localization function remains 1 

after that, which means the regions between the injector and producer are always 

updated to the maximum extent after 6 months.  
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At the early period of SAGD processes, the regions between the injector and 

producer are heated very fast from the initial reservoir temperature to steam 

temperature. With continuous steam injection, the temperature for the regions 

between the injector and producer tends to be steady and remains at a constant 

value which is close to the steam temperature. Based on the definition of the 

localization function with temperature as the localization scale, the localization 

function of regions between the injector and producer rises to 1 when the 

temperature reaches the temperature range and falls when the temperature is 

close to the steam temperature. According to the definition of the localization 

function with saturation as the localization scale, the saturation of these grid 

blocks between the injector and producer is the initial oil saturation, which leads 

to a low value of localization function. But when the oil between the injector and 

producer is produced out, oil from other grids flows by gravity to the regions 

between the injector and producer. Therefore, the oil saturation for grid blocks 

between the injector and producer remains a constant value, which is always 

inside the saturation range defined at which the localization function is 1, as 

shown in Figure 4.22 (d). This means that the permeability for the regions 

between the injector and producer is updated in each assimilation process, but 

the oil production is not from areas between the injector and producer except for 

the start-up period, which leads to updating of these regions that should not be 

updated after the oil in these areas is produced out. Therefore, the start-up period 

cannot be matched with saturation as the localization scale. 
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(a) 

              

                 (b) 
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          (c) 

                   

     (d) 

Figure 4.22 Temperature and saturation profile, localization functions of the grid 

blocks between injector and producer. (a) Temperature profile, (b) Saturation 

profile, (c) Localization function with temperature as localization scale, (d) 

Localization function with saturation as localization scale 
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4.5 Chapter Summary 

Based on the distance-dependent localization function, a new localization 

function is developed with saturation as the localization scale for the SAGD 

processes in this chapter. The saturation-based localization function was applied 

to the Kalman gain and covariance matrices separately to compare their 

performance. The sensitivity analysis was conducted to investigate the effect of 

different relative permeability curves on the saturation range in the localization 

function. It is shown that when the permeability curves are different, the 

saturation range with the largest covariance could be different. When the 

saturation fraction is used as the localization scale, a universal localization 

function can be defined. This universal localization function was validated with 

the cases which have different relative permeability curves. The history matching 

and prediction quality could be as good as that with saturation as the localization 

scale.  

To investigate the performance with different localization scales in the 

localization function, the history matching and prediction quality with 

temperature-based localization and saturation-based localization were compared 

and the difference in their performance was analyzed in this chapter.  
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Chapter 5 Field Case Study 

In the previous chapters localization with the EnKF technique was always 

validated with synthetic cases. To check the robustness of this technique, it is 

applied to a field case in this chapter.  

The SAGD technique has been applied to the Athabasca oil sand reservoir for 

many years. The properties of the Athabasca oil sand reservoir are analyzed, a 

pair of SAGD wells in the Athabasca oil sand reservoir being chosen in the field 

case study in this chapter. As shown in Figure 5.1, the reservoir properties of 

Athabasca are plotted with a histogram. It is clear that the Athabasca oil sand 

reservoir is very heterogeneous and the porosity and permeability is distributed 

in a wide range. The average porosity is 0.35 and most of the permeability is 

distributed around 4000 md. 
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                Figure 5.1 Athabasca oil reservoir properties (Larter et al., 2008)  
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5.1 Case study on MacKay River Oil Sand Reservoir  

The MacKay River oil sand reservoir was selected in this work. Suncor’s first 

SAGD facility, it started producing in September 2002. It is located 60km 

northwest of Fort McMurray, adjacent to the Suncor Dover (UTF/AOSTRA) 

project. The target reservoir is the McMurray formation at a depth of 80-135 m 

from the surface. The first steam was in September 2002, and the first production 

was in November 2002. According to the core analysis, there are mainly 6 facies 

types in this reservoir. They are: F1 (Sandstone) = 0-5% Volume of shale; F2 

(Sandy HIS*) = 5-15% Volume of shale; F3 (HIS*) = 15%-30% Volume of 

shale; F4 (Muddy HIS*) = 30-70% Volume of shale; F5 (Mudstone) = 70-100% 

Volume of shale; and F10 (Breccia) = variable, *HIS = inclined, interbedded, 

sand and shale.  

There are 11 pads in this project and a pair of SAGD wells is selected from this 

reservoir. The target well pair is located in the pad which has an average of 5%, 

2% and 15% for Facies 2, Facies 3-5 and Facies 10, respectively. The general 

average porosity for this pad is 33.8%. The permeability is between 1 and 5 

Darcies (2009 Athabasca Suncor MacKay River). The names of the target well 

pair are 00/02-05-093-12W4/0 and 04/02-05-093-12W4/0. 

From the well information in Accumap, the target wells are 128.3m deep and 

have a lateral length around 800m. The producing formation is McMurray. It had 

more than ten years’ production history from September 2002 to November 2012. 

Figure 5.2 shows the production history of daily oil rate, daily water rate and 
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daily gas rate. The peak daily oil rate was about 100 m
3
/d, and most of the time it 

was around 30 m
3
/d. As the performance for Pattern A is low, different 

initiatives like acid wash were applied. Also, because of facility repair and 

maintenance, there were non-production hours.  Therefore, there have been many 

peaks and fluctuations in the ten years’ production. 

To simplify the geological modelling process, two facies - clean sands and shale 

- are considered in geological models. To build the geological model, well 

logging and core flooding data are needed for the permeability and porosity 

distribution. As no such data were found in GeoScout for the target well, well 

data near the target wells were used. The nearby wells are AA/02-05-093-

12W4/00, AA/06-05-093-12W4/00 and AA/07-05-093-12W4/00, AA/10-05-

093-12W4/00, AA/01-05-093-12W4/00. The well information from GeoScout is 

listed in Table 8.1. 

With the five nearby wells as reference, the net pay is determined as 20m. From 

the nearby wells logging data, shale volume ranges from 7% to 24%. And based 

on the average shale volume in the Athabasca oil sand reservoir of 18%, shale 

volume for the target wells is determined as 18%. 

From the UFT geology summary of some important geological parameters 

applicable to the UFT site, the general reservoir parameters are listed in Table 

5.2. As the MacKay River oil sand reservoir is adjacent to the UFT project, the 

reservoir properties of MacKay River could refer to those of the UFT project. 

For clean sands facies, the average porosity is 35% and permeability ranges from 
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5 Darcy to 12 Darcy. It is also a shallow reservoir with depth from the surface of 

125 to 175 m. 
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Figure 5.1 Production history for target well (MacKay River Performance 

Presentation) 

Table 5.1 Nearby wells information from GeoScout 

Well NO. 

AA/02-05-

093-

12W4/00 

AA/06-05-

093-

12W4/00  

AA/07-05-

093-

12W4/00 

AA/10-05-

093-12W4/00 

AA/01-

05-093-

12W4/00 

log net 

pay (m) 24.6 19.5 22.5 21.3 26.7 

average φ 0.26 0.29 0.32 0.31 0.33 

Shale 

volume 24% 16% 7% 7% 9% 

water 

saturation 0.36 0.3 0.22 0.28 0.2 
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Table 5.2 General reservoir properties for UFT site 

Parameters Value 

Depth from surface 125 to 175m 

Net pay thickness 15 to 20m 

Sand porosity 35% 

Sand Permeability 5 to 12 Darcy 

Bitumen saturation 85% 

Bitumen viscosity (70°C) 5*10
6
 cp 

Weight % Bitumen 16 

API gravity 8° 
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Based on the general reservoir properties of the nearby UFT site and the typical 

reservoir properties of MacKay River Pad A, the geological model for the target 

well pair was built with SGeMS (Stanford University Geological Model 

Software). The facies model was built with Sequel Indicator Simulation (SIS) 

and the petrophysical model was generated with Sequel Gaussian Simulation 

(SGS). Porosity is regarded as a constant 0.35. Each permeability model was 

then merged into one facies realization using a “cookie cutter” approach 

(McLennan et al., 2003).  That is, the permeability variables are first simulated 

assuming the entire structure is one facies type for as many facies types as exist 

then mapped into the final porosity and permeability models using the facies 

realizations.  

The shale is characterized by extremely low vertical permeability, typically in 

the range of 10
-6

 to 10
-3

 mD (Chen et al., 2007). For laterally oriented thin shale, 

it is acceptable that the occurrence of shale in sand dramatically reduces the 

vertical and horizontal permeability. According to some research on the deposits 

of the McMurray oil sand reservoir, most of the shale is less than 1 m thick, 2 m 

at the most (EUB/AGD Geo-Note 2006-04). The McMurray Formation is 

notorious for having very complex sedimentary facies relationships that change 

laterally and vertically over very short distances (Wilson, 1985). As two facies 

are considered in this work, and based on the sand properties in the McMurray 

Formation, the logarithm permeability distribution is shown in Figure 8.3. 

Permeability of shale facies is considered as 1 md and it takes 18% in the whole 

reservoir. Considering the time used on simulation, half of the well pair is 
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modeled. The reservoir model contains 10 25 10   grid blocks with dimensions 

80 2 1 m m m  . Figure 5.6 shows one 3D geostatistical field. The background 

facies is clean sands, and shale barriers are distributed among clean sands.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 



121 

 

 

Figure 5.2 Logarithm permeability distributions 

 

Figure 5.3 Geostatistical field with two facies, shale and sand 
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 5.2 The Discrete Cosine Transform (DCT) 

As shown in the last section, with two facies considered in the reservoir model, 

the permeability distribution is not normal for the whole field. To apply the 

EnKF technique, the permeability needs to be transformed to be normal. Discrete 

Cosine Transform (DCT) is proposed in this section.  

Jafarpour and McLaughlin (2007) introduced the use of the discrete cosine 

transform (DCT) parameterization method to the problem of history match with 

the EnKF for non-Gaussian reservoir applications. DCT found its origin in signal 

and image processing and is the compression method used in JPEG image 

compression and MPEG video compression standards (Rao and Yip, 1990). DCT 

is a Fourier related transform that uses the orthonormal cosine basis functions for 

representing an image and the reservoir property distributions in petroleum 

engineering. The powerful compression property of DCT allows for retaining 

only a few basic functions relatively to all grid blocks. 

The non-Gaussian permeability field could be transformed to nearly Gaussian 

distributed DCT coefficient by discrete cosine transform (Wang et al., 2011). 

DCT-EnKF has been used to detect facies boundaries and proportions as the 

facies distributions are non-Gaussian (Nejadi et al., 2012). Panwar et al. (2012) 

applied DCT to facies models to transfer the non-Gaussian distribution into 

Gaussian distribution. The temperature data are combined in the EnKF for 

SAGD reservoir history matching.  
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The discrete 1D DCT ( )v k  of a signal ( )u n  of length N has the following form 

(Jain 1988): 
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where ( )k is defined as 
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The inverse DCT is 
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The discrete 2D DCT of a signal  ,k i j  of both length N  has the following 

definition: 
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The inverse of DCT coefficients are: 
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 5.3 History Matching Results Analysis 

The standard EnKF and the temperature-based EnKF are applied to the field case 

in this section. Fifty initial ensemble members are generated with geostatistical 

methods. The initial production curves are shown in Figure 5.5. It is clear that the 

initial production data are far from the real production data, especially those after 

40 months. And the overall SOR is below the true field data. 

To compare the performance of the standard EnKF and the localization with the 

EnKF, these two techniques are applied to the same ensembles. The production 

data before 60 months are used for history matching and the others are for 

forecasting. As presented in Figure 5.6, when the standard EnKF is applied to 10 

ensemble members, the production data are farther away from the real reference 

data. If 50 ensemble members are used, the performance is better than that with 

10 ensemble members, as shown in Figure 5.7, and the production curves are 

closer to the field data, but most of the production data before 40 months are still 

not matched. The temperature-based localization with the EnKF is applied to 10 

ensemble members, as shown in Figure 5.8. The production data in 60 months are 

matched and the forecasting from 60 to 120 months is much better than that with 

50 ensemble members with the standard EnKF.  
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As mentioned in the last section, the real production data fluctuate because of 

shut-in in the production period. As the shut-in dates in each month are not listed 

in the well production history, the shut-in period is not considered in the 

forecasting. Therefore, the forecasting curves are all even without any 

fluctuations. To further compare the performance of the traditional EnKF and 

localization with the EnKF, the accumulative oil production and water injection 

rates are also compared. As shown in Figure 5.9, the initial cumulative 

production data are far away from the field data. With the traditional EnKF 

applied to 10 ensemble members, the cumulative production data converge but 

are not improved, as presented in Figure 5.10. While applying the standard EnKF 

to 50 ensemble members, as shown in Figure 5.11, the cumulative production 

curves are closer to the real production data, but the early period is not matched, 

which corresponds to the monthly production curves. With temperature-based 

localization with the EnKF applied to 10 ensemble members, the cumulative 

production data are matched, as showed in Figure 5.12. 

Mean variance of permeability is shown in Figure 5.13. While applying the 

standard EnKF to 10 ensemble members, the mean variance falls very quickly. 

After 10 assimilations, the variance drops over 90%, which means there is no 

variance for further assimilation with the later production data after 10 updates. 

When the standard EnKF is applied to 50 ensemble members, the falling speed of 

mean variance is slowed down, but it is much faster compared with the mean 

variance of ensemble members updated with the temperature-based localization 

with the EnKF. 
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(a) 

 

(b) 

Figure 5.4 Initial production data forecasting of 50 ensembles with the initial 

permeability realizations.  (a) Monthly oil production rate, (b) Monthly SOR 
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(a) 

 

(b) 

Figure 5.5 Production data forecasting of 10 ensembles generated with the 

updated permeability with the standard EnKF.  (a) Monthly oil production rate, (b) 

Monthly SOR 
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(a) 

 

(b) 

Figure 5.6 Production data forecasting of 50 ensembles generated with the 

updated permeability with the standard EnKF. (a) Monthly oil production rate, (b) 

Monthly SOR 
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(a)  

 

(b) 

Figure 5.7 Production data forecasting of 10 ensembles generated with the 

updated permeability with the localized EnKF. (a) Monthly oil production rate, (b) 

Monthly SOR 
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(a)  

 

(b)  

Figure 5.8 Initial production data forecasting of 50 ensembles with the initial 

permeability realizations. (a) Cumulative oil production rate, (b) Cumulative 

water injection rate 
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(a) 

 

(b) 

Figure 5.9 Production data forecasting of 10 ensembles generated with the 

updated permeability with the standard EnKF. (a) Cumulative oil production rate, 

(b) Cumulative water injection rate 
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(a) 

 

(b) 

Figure 5.10 Production data forecasting of 50 ensembles generated with the 

updated permeability with the standard EnKF. (a) Cumulative oil production rate, 

(b) Cumulative water injection rate 
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(a) 

 

(b) 

Figure 5.11 Production data forecasting of 10 ensembles generated with the 

updated permeability with the localized EnKF. (a) Cumulative oil production rate, 

(b) Cumulative water injection rate 
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Figure 5.12 Mean variance of permeability for ensemble members updated with 

the standard EnKF and localized EnKF 
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As the real reservoir structure is unknown, to compare the updating performance 

of the standard EnKF and the localized EnKF on the reservoir field, the updated 

permeability distribution is listed in Figure 5.14. After being updated with the 

standard EnKF to 10 ensemble members, the shale volume rises to 25%, and 

permeability is distributed in a large range, from 0 to 20 Darcy. After being 

updated with the standard EnKF to 50 ensemble members, the shale volume is 

around 10%, and permeability is mainly distributed around 5 Darcy. While 

applying the localized EnKF to 10 ensemble members, the permeability is 

distributed continuously from 0 to 6 Darcy. And permeability is mainly 

distributed around 4 Darcy. While comparing the average permeability of these 

three cases, they are all about 3500 md. According to the reservoir geological 

structure, the reservoir permeability distribution should be continuous, just like 

the updated permeability distribution with the localized EnKF. Also, with 

geological structure analysis in last section, all 6 facies types have a different 

percentage of shale volume and shale is mixed with other facies, which leads to 

facies permeability being different, but shale is not distributed as a single 

continuous facies in the reservoir. That’s why comparing with the initial 

permeability of clean sands and shale facies, the updated permeability is much 

lower than the permeability of clean sands and the shale percentage is around 2%, 

much less than the initial shale volume 18%. All the facies is continuous, which 

means the permeability distribution should also be continuous. Therefore, the 

permeability distribution updated with the localized EnKF is closer to the real 

reservoir structure. 
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(a) 
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(c) 

Figure 5.13 Histogram of permeability distribution. (a) Average permeability of 

10 ensemble members updated with the standard EnKF, (b) Average permeability 

of 50 ensemble members updated with the standard EnKF, (c) Average 

permeability of 10 ensemble members updated 
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5.4 Chapter Summary 

A field case study is done in this chapter with the real production data from 

Accumap. Fifty initial realizations are generated with geostatistical software 

based on the geological structure of the target reservoir. The standard EnKF 

technique and the localized EnKF are applied to the same ensemble members in 

this chapter. The history matching and prediction results updated with these two 

methods are compared and analyzed. As the real reservoir properties are 

unknown, the updated permeability distribution is presented in histograms and 

analyzed. The positive results prove the robustness of the temperature-based 

localization with the EnKF on SAGD processes. 
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Chapter 6 Conclusions and future work 

6.1 Conclusions 

1. The sensitivity analysis indicate that the regions of largest covariances 

between oil production and state variables are much wider than the covariances 

between production data and model variables. And the non-zero covariances 

between production data and state variables are distributed in accordance with the 

steam chamber, which makes it easier to define a universal localization function 

for different state variables.  

2. The distribution of temperature and oil saturation in SAGD processes is in 

accordance with the steam chamber and both of them could be used as the 

localization scale in the localization function. 

3. Without localization, the variability in the ensemble collapsed very quickly 

and lost the ability to assimilate later data. The mean variance of model variables 

dropped dramatically by 95% after 10 assimilations and there is almost no 

variability in ensemble forests, while the prediction is far from the reference with 

data mismatch remaining at a high level.  

4. To reach the same quality of history match and prediction with the localized 

EnKF to 10 ensemble members, at least 50 ensembles with the standard EnKF 

are needed, which significantly increases the computation time.  
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5. With temperature and saturation as the localization scale, production data 

could be matched with the localization function applied to Kalman gain and 

covariance, and the history matching and prediction quality is much better than 

that updated with the standard EnKF.  

6. The EnKF with localization is able to avoid the collapse of ensemble 

variability with a small ensemble (10 members), which saves computation time 

and gives better history match and prediction results. 

7. With temperature as the localization scale, the history matching and prediction 

quality is better with localization to Kalman gain than that with localization to 

covariance matrices. With oil-saturation as the localization scale, the history 

matching results with localization to covariances are better than those with 

localization to Kalman gain, and they both have good quality of prediction. 

8. The temperature range is different with different steam temperatures for the 

localization function. To apply the localization function with temperature as the 

localization scale to field cases, the temperature range could be determined based 

on steam temperature. 

9. When saturation is used as the localization scale, the saturation range in which 

regions have the largest correlations could be different with different relative 

permeability curves. To define a universal localization function for any reservoir 

with different relative permeability curves, a saturation fraction is proposed to be 

used as the localization scale, so that the localization function could be used in 

any simulation models in the history matching process.  
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10. The localization function was validated with a field case with real production 

data from Accumap. It showed positive history matching and prediction 

performance with a small ensemble member. And the updated permeability 

distribution is closer to the real reservoir geological structure, which proves the 

robustness of the localization function with the EnKF to SAGD processes. 

6.2 Recommendations 

1. One SAGD well pair is considered in this work, and the history matching 

period is around 5 years. Therefore, the well pairs’ interaction is not taken into 

account. But in the real SAGD application, there is steam interaction between 

well pairs after longer production time, so that the production performances of 

well pairs are not independent of each other. I recommend using a larger 

reservoir model in future work which has more well pairs and take the well pair 

interaction into consideration in the covariance analysis and localization function 

definition. 

2. The observation data such as temperature data from the observation wells, 

seismic data and geomechanical data could be added in the assimilation to 

improve the history matching and prediction quality.  

3. The relationship between the temperature and viscosity could be considered in 

the    localization function to improve the history matching efficiency. 
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4. The coefficients in the localization function could be optimized so that the 

localization could be more efficiently applied to the history matching of SAGD 

processes. 
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Appendix A Reservoir Simulation Model Details 

A.1 Grid size sensitivity analysis 

A sensitivity study on grid size was conducted to assess its effect on the 

simulation results and to determine the appropriate grid size that balances 

accuracy and computation time. As it is known that the displacement and thermal 

fronts in the vertical cross section are much sharper than those along the well 

direction in the SAGD process, grid dimensions in the x-z plane affect the 

numerical results more significantly; the sensitivity analysis is mainly focused on 

a three dimension homogeneous model with only clean sands and half of one 

well pair is simulated ( 50 800 20 m m m  ). The reservoir permeability is 4 

Darcy and porosity is 0.35. A series of numerical simulations is conducted with 

six grid systems which are listed below in Table A.1. The non-uniform grid is 

non-uniform in the x direction, with width varying from 1.5 m to 3 m. 
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Table A. 1 Grid dimensions of the six grid systems for the grid-size sensitivity 

analysis 

  Number of grid blocks 
Grid size (m) 

dx dz dy 

uniform 50 20 80   1 1 10 

uniform 34 20 80   1.5 1 10 

uniform 34 13 80   1.5 1.5 10 

uniform 31 20 80   1.6 1 10 

uniform 25 10 80   2 2 10 

non-uniform 24 20 80   1~3 1 10 
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Figure A.1a shows the daily oil production for each grid configuration type. The 

six grid types have similar trends, but with different results, especially for the 

non-uniform and the 2 2 m m  grid types. The grid size type 1.5 1.5 m m  has a 

little higher production rate after four years’ production and fluctuated more 

around 2011. For the other three types, the results are almost identical. From the 

simulation results of grid size types 1.5 1.5 m m  and 2 2 m m , the vertical 

grid size has a great impact on the accuracy of the simulation results.  The 

increase of oil rate with a coarser grid is likely attributed by the development of 

the steam chamber size, especially in the vertical direction. It is also observed 

that the discrepancy in the oil rate due to the grid size becomes smaller as the 

grid size decreases, indicating convergence of the numerical solution. 

The cumulative oil production illustrated in Figure A.1b exhibits a similar trend 

except for the non-uniform grid type and the coarsest type ( 2 2 m m ). The non-

uniform grid type shows almost identical results at the first three years, but 

becomes discrepant after that. This is mainly because the steam chamber 

expands laterally to a bigger grid size after three years which results in the 

inaccurate calculation.  

Considering the computation time and grid number limitation, the grid size type 

2 1 m m is selected in simulation works for the history match. 
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(a) 

 

(b) 

Figure A.1 Grid size sensitivity analysis. (a) Daily oil rate, (b) Cumulative oil 

rate 
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