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Sensitivity Analysis of SAGD using Experimental Design and a Proxy 

Vahid Dehdari and Clayton V. Deutsch 

Oil Injecting hot steam into the reservoir is the most efficient method for producing heavy oil in the Alberta. For 
simulating this process, and predicting amount of produced and injected steam, STARS software which is very 
expensive can be used. Simulation running time is another concern for petroleum engineers. Just for simulating this 
mechanism in a well pair, running time is about 10 hours. As a result, running time of a full model is about one 
week. For this reason, in the department of mining and petroleum engineering, a proxy for fast and accurate 
simulating of this process has been developed. Running time using this proxy is less than 1 minute which is very 
fast. But correlation coefficient between simulator and proxy results should be reasonably high, otherwise finding 
an inaccurate result is not acceptable. Usually correlation coefficient of 0.9 or higher is great. This proxy can be 
used for realization ranking application. After Geostatistical modeling of realizations, they should be ranked based 
on the highest oil production and lowest steam injection for transferring uncertainty of reservoir to the simulation 
models. There are four different parameters in the proxy which are uncertain. All other parameters are fixed. These 
parameters are number of discretized cells in the horizontal direction (n), steam pressure (P), steam temperature 
(T) and Enthalpy multiplier (H). Two levels have been considered for each factor. 100 reservoir realizations have 
been generated for this sensitivity analysis. Then these realizations have been tested with simulator. After that, 
they have been tested by proxy using different level of parameters. For each case, realizations ranked based on 
their NPV values. Then ranking indices of proxy plotted against ranking results of simulator for finding correlation 
coefficient. Sensitivity of correlation coefficient by changing different factors measured for finding significant 
factors and regression models. 

Introduction 
Steam-assisted gravity drainage (SAGD) is an efficient method for producing heavy oil by steam-flooding. In this 
method, two horizontal wells should be drilled parallel to each other. Bottom well is production well and it should 
be drilled close to the bottom of reservoir. Top well is injection well and it should be drilled 5-10 meters above the 
production well. Length of each well is around 1 kilometer. Steam from top well should be injected to the reservoir 
to increase temperature of bitumen between wells and also above injector. This mechanism decrease bitumen 
viscosity and bitumen can be produced by gravity forces. Also process can be began by injecting steam into both of 
wells for 1-3 months in order to heated bitumen enough to start flowing to the lower wells, then injecting steam to 
the producers should be stopped and it should be injected only to the injector. During SAGD, cone shaped steam 
chamber moves to upwards during rising period and then will be moved horizontally during spreading period. Fig. 
1 shows development of steam chamber by injecting steam. 
In this method, amount of oil production depends highly on the efficiency of steam injection. Usually in these 
reservoirs there are shale barriers in different layers. If steam reaches to the shale layer, it cannot move upward 
any more. Also if there is a shale barrier between injector and producer, oil cannot be produced through 
producers. For this reason, location of producer and injector is very important in this process. Robust optimization 
should be done by considering uncertainty of static properties in the reservoir. Finding reservoir simulation model 
and trying different well trajectories for finding optimal value of oil production is not efficient. Due to the large 
computation time, it is almost impossible to find optimal location in a reasonable time. Even by considering 
uncertainty in the reservoir model, running time would be much more than using a single model. Finding a proxy 
model for fast modeling of SAGD process is a good option. In this paper, we used Butler theory for modeling SAGD 
process. Using this method, running time can be decreased significantly. Because running time of proxy is much 
less than flow simulation, considering uncertainty is possible and optimization can be done in a reasonable short 
time. 
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Data collection and implementation of the experiment 
In this project, we want to compare SAGD (steam assisted gravity drainage) simulation results of commercial 
simulator with results of proxy (program has been written by FORTRAN language which is much faster than 
commercial simulator, but results are not as accurate as simulator).  
Steam-assisted gravity drainage (SAGD) is an efficient method for producing heavy oil by steam-flooding. In this 
method, two horizontal wells should be drilled parallel to each other. Bottom well is production well and it should 
be drilled close to the bottom of reservoir. Top well is injection well and it should be drilled 5-10 meters above the 
production well. Steam from top well should be injected to the reservoir to increase temperature of bitumen 
between wells and also above injector. This mechanism decrease bitumen viscosity and bitumen can be produced 
by gravity forces. Fig. 1 shows development of steam chamber by injecting steam. 
In order to compare results, different Geostatistical realizations should be generated. In this project, we generated 
100 reservoir realizations completely randomly using Geostatistical methods. Then we run each realization with 
simulator and calculate oil and steam production based on the results of simulator. As a result, 100 NPV (net 
present value) can be obtained by considering both of oil and steam productions from these 100 realizations. 
Then, correlation coefficient between 100 NPV from simulator and 100 NPV from proxy can be obtained as 
response. But some parameters in proxy (number of cells, pressure, temperature and enthalpy) are uncertain and 
can be considered as factors with different levels. By changing these parameters, NPV values for proxy can be 
changed. As a result, correlation coefficient between simulator and proxy ranking indices will change (but 
simulator results will not change, because nothing is uncertain in the simulator runs). Generating realizations and 
assigning different realizations to different replicates were completely random. Figs 2-3 show input parameter file 
(just part of it) and output result of proxy for one of the replicates. 
After finding proxy and simulator results, realizations can be ranked based on the highest NPV (highest oil 
production and lowest steam injection). Then ranking indices can be plotted against each other for finding 
correlation coefficient. High correlation coefficient is desirable for ranking application. Fig. 4, shows result of one 
of the runs, but all other results are similar to each other and all of data are around a 45 degree line passed 
through the origin for ensuring high correlation coefficient. 
This experiment is said to be four-way layout. The objective of proposed experiment is to define main parameters 
of the proxy, select the most influential ones and obtain their appropriate values for desired behavior of the 
process.  
From described experiment assembly, number of grids, steam pressure, steam temperature and enthalpy 
multiplier are treated as crucial setting parameters, i.e. four quantitative factors with two levels each are examined 
in the experiment. The factors are summarized in the Table 1. The response is correlation coefficient between 
simulator and proxy results. 
 
Analysis of variance 
The experiment is analyzed using a Four-way layout design with two levels on each factor. The four-way layout 
model considers the influence of the main factor effects, the two factor interaction effects and the three factor 
interaction effect.  
 
𝑦𝑖𝑗𝑘 = 𝜂 + 𝛼𝑖 + 𝛽𝑗 + 𝛾𝑘 + 𝛿𝑡 + (𝛼𝛽)𝑖𝑗 + (𝛼𝛾)𝑖𝑘 + (𝛼𝛿)𝑖𝑡 + (𝛽𝛾)𝑗𝑘 + (𝛽𝛿)𝑗𝑡 + (𝛾𝛿)𝑘𝑡 + (𝛼𝛽𝛾𝛿)𝑖𝑗𝑘𝑡

+ 𝜀𝑖𝑗𝑘𝑙  

𝑖 = 1,2    𝑗 = 1,2    𝑘 = 1,2    𝑡 = 1,2 
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2k factorial design 
In this project, analysis using a 2k factorial design is carried out. In this case, there are 4 factors and each of them 
has 2 levels. Different runs showed that effect of steam temperature on the correlation coefficient is negligible. 
We can prove it using analysis of variance and also 2k factorial design. Table 2 shows response for different factor-
level combinations using a 24 factorial design. In this case there are 4 factors each at 2 levels. 
Also Fig.5 shows different factors and their levels. All factors are quantitative factors. 
In order to derive mathematical model for correlation coefficient, the experiment is conducted with deemed the 
most influential 4 different factors each at 2 levels. The factors are number of cells (N), steam pressure (P), steam 
temperature and enthalpy multiplier (H).  
Since each factor has 2 levels and all factor combinations have corresponding measurements (no aliases of main 
effects), 2k full factorial design analysis is applied to the experiment. Recall that we are dealing with the nominal-
the-best problem with target value yt of correlation coefficient 0.85. Also we can treat this problem as a higher the 
better by maximizing location and minimizing dispersion. In other words there is need of minimization of quadratic 
loss function L(y, yt). So the two-step procedure is used to meet the target value with minimum dispersion. 
 
𝐸[𝐿(𝑦, 𝑦𝑡)] = 𝑐. 𝑉𝐴𝑅(𝑦) + 𝑐. (𝐸[𝑦] − 𝑦𝑡)2                                                                                                      (1) 

where the constant c is determined by any considerations. 

Analysis for 2k full factorial design 
In this section experimental design analysis is constructed. Plots of main effects and factor interactions are drawn, 
and some preliminary results are obtained. 
To get extended ANOVA table the data from Table 3 is used. 
Based on the above table, factorial and interaction effects can be calculated easily. Also for finding significant 
effects, half normal plot can be used. In below, you can see box plot for different levels of each factor. In can also 
shows the main effect of each factor. It seems that steam temperature did not change significantly and by 
changing its level, it has constant response. 
In Fig. 6, the bounds of each box are 25% and 75% quantiles, the whiskers are the extremes, the line in the box is 
the median median. As you can see, in factor A, changing level has significant effect on changing the median. 
Probably this factor is a significant factor. Also Variation whitin box plots of two levels in factor D is not significant. 
As a results, probably this factor is not significant, but for better understanding of significant effects, half normal 
plot should be shown. Before showing half normal plots, in Fig.7 you can see interaction plots. 
It seems that except the interaction between AB and AC, other interactions are not significant and these 
interaction effects do not have significant effect on the model. In these cases, both of lines are parallel to each 
other and changing one factor does not have significant effect on changing other factor. But as we talked before, 
we can find all significant factors or interaction effects, based on statistic tests or half normal plot. For this reason, 
in the Fig. 8, you can see half normal plot for location effect. In half normal plot, the estimated effect of an 
unimportant factor will typically be on or close to a near-zero line, while the estimated effect of an important 
factor will typically be displaced well off the line. 
From this plot, we can find that factor A (number of cells), factor B (steam pressure), factor C (enthalpy) and also 
interaction effects AB and AC are significant. 
For making sure these effects are significant, ANOVA table can be found to see which factors can reject null 
hypothesis. Table 4 shows ANOVA table for regression model with above significant factors: 
As you can see all factors A, B, C, AB and AC are significant with α=0.05 because their probability is very small and 
null hypothesis has been rejected In null hypothesis, first we assume all factors are insignificant, then probability 
for this assumption should be computed and if it is a small value, we can say that null hypothesis has been rejected 
and factor is significant. 
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Assumption for the regression model that we used is based on the normality of residuals. For these reason, 
residual plot should be shown to check this assumption. We checked normality assumption before finding the 
regression models, because if they are not normal, we should transform them for making them normal. But in this 
case we showed results after doing analysis. Fig.9 shows plots of residual vs. different levels of each significant 
factor. 
If the model is correct and if the assumptions are satisfied, the residuals should be structureless. As you can see in 
this case, residuals are structureless. The plot also shows that there is more variability in the high level of factor A 
(number of cells), but for the factors B (steam pressure) and factor C (enthalpy) variability is more in the lower 
level. 
Also Fig.10 shows normal QQ plot for checking normality assumption. 
As you can see mid-data are close to 45 degree line and also distribution is S-shape and it means that normality 
assumptions are correct. 
After finding significant factors for both location and dispersion, we can find model for each of them by using 
regression model. Final equation in terms of coded factors are: 
 

𝑦� = 0.865 − 0.04𝑥𝐴𝑖 − 0.01𝑥𝐵𝑖 + 0.018𝑥𝐶𝑖 + 0.005𝑥𝐴𝑖𝐵𝑖 + 0.017𝑥𝐴𝑖𝐶𝑖 

Response surface methodology 
Factor D is not included into the response surface methodology, since it has been identified as insignificant for 
response location. For considering nonlinear effect and plotting response surfaces, 3 levels of factors A, B and C 
has been considered. This is 3k design and k is number of factors which is 3. The central composite design is used 
for analysis of the data, because it is one method of response surface methodology. Fig. 11 shows response surface 
of each 2 factors for finding the optimal level of each factor. 
 
Conclusions 

• The number of cells, steam pressure and enthalpy were the most significant of all the factors. 
• Significant interaction effects are between the number of cells and pressure and also the number of cells 

and enthalpy. 
• Maximum correlation coefficient can be found by selecting number of cells and steam pressure at lower 

level, and enthalpy at higher level. Using this combination, correlation coefficient of about 0.9 can be 
obtained. 

• The model assumptions are validated by checking the residuals. 
• From residual plots we can find that there is more variability in + level of number of cells and - level of 

pressure and enthalpy. 
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Table 1: Parameter settings 

Treatment effect Level 1 Level 2 
Number of discretized cells (n) 7 15 
Steam pressure (kpa) 3000 4000 
Steam temperature (c) 150 200 
Enthalpy multiplier (H) 0.97 1.05 
Response 
Correlation coefficient between simulator and proxy results 

 
 

Table 2: Response for different factor-level combinations 
n Pressure (P) Enthalpy (H) Temperature (T) Correlation coefficient 

5 

3000 
0.97 

150 0.894 
200 0.894 

1.05 
150 0.894 
200 0.893 

4000 
0.97 

150 0.877 
200 0.877 

1.05 
150 0.88 
200 0.878 

15 

3000 
0.97 

150 0.832 
200 0.828 

1.05 
150 0.866 
200 0.865 

4000 
0.97 

150 0.823 
200 0.825 

1.05 
150 0.861 
200 0.859 

 
 

Table 3: Design matrix and response data with sample variance 

Run 
Factor levels Responses (z) 

N P H T Mean y 
1 - - - - 0.894 
2 - - - + 0.894 
3 - - + - 0.894 
4 - - + + 0.893 
5 - + - - 0.877 
6 - + - + 0.877 
7 - + + - 0.88 
8 - + + + 0.878 
9 + - - - 0.832 

10 + - - + 0.828 
11 + - + - 0.866 
12 + - + + 0.865 
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13 + + - - 0.823 
14 + + - + 0.825 
15 + + + - 0.861 
16 + + + + 0.859 

 

 
Table 4: ANOVA table for significant location effects 

  Estimate Std. Error t value Pr(>|t|) 
(Intercept) 0.865375 0.0003423 2527.922 < 2e-16 

A -0.0205 0.0003423 -59.884 6.72E-12 
B -0.005375 0.0003423 -15.701 2.70E-07 
C 0.009125 0.0003423 26.656 4.22E-09 

A:B 0.0025 0.0003423 7.303 8.36E-05 
A:C 0.00875 0.0003423 25.56 5.88E-09 
B:C 0.000375 0.0003423 1.095 0.305 

A:B:C -0.00025 0.0003423 -0.73 0.486 
 

 
 

 
 

Figure 1: Development of steam chamber by injecting steam in SAGD process (source: www.treehugger.com) 
 



Paper 402, CCG Annual Report 14, 2012 (© 2012) 

 402-7 

 
Figure 2: Proxy input parameter files 

 

 
Figure 3: Output results of proxy 

 

 
Figure 4: Rank correlation between simulator and proxy result 
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Figure 5: Data configuration for 24 designs 

 

  
(a) Factor A (Number of cells) (b) Factor B (Steam pressure) 

  
(c) Factor C (Enthalpy) (d) Factor D (Steam temperature) 

 
Figure 6: Box plot for different levels of each factor 
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(a) Interaction between n and p (b) Interaction between n and H 

  
(c) Interaction between n and T (d) Interaction between P and H 

  
(e) Interaction between P and T (f) Interaction between H and T 

 
Figure 7: Interaction effects between different factors 
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Figure 8: Half normal plot for location 

 

  

 
 

Figure 9: Residual vs. different levels of each significant factor 
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Figure 10: QQ plot for checking normality assumptions 
 

 

 
(a) Number of cells vs. Pressure 
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(b) Number of cells vs. Enthalpy 

 
(c) Pressure vs. Enthalpy 

 
Figure 11: Response surface of different factors 
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