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Abstract

Deciding Among Models:
A Decision-Theoretic View of Model Complexity

Jennifer Maile Mozano, M.S.E.
The University of Texas at Austin, 2010

Supervisor: J. Eric Bickel
Abstract:

This research examines the trade-off between the cost of adding

complexity to a model and the value added to the results within the context of decisionmaking. It seeks to determine how complex a model should be in order to fit it to the
purpose at hand. The report begins with a discussion on general modeling theory and
model complexity. It next considers the specific case of petroleum reservoir models and
the existing research that has compared modeling results with model complexity levels.
Finally, it presents original results applying Monte Carlo sampling to a drilling decision
scenario and to a one-dimensional reservoir model where a cylindrical oil field is
represented by different numbers of cells and the results compared.
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Chapter 1: Modeling and Model Complexity
THE PURPOSE OF MODELING
A model is a simplified representation of a real-world system. It is a tool used to
help the modeler to better understand the system, to make predictions about its behavior,
and to make decisions about how to best interact with it in real situations. Models can be
as simple as a sketch of a neighborhood map or as complex as a computer simulation
requiring a super-computer in order to run. Models can become more complex with a
wide variety of additions. Adding complexity requires resources of time and money, but
is usually expected to yield more accurate results. This research focuses on defining the
relationship between model complexity and the resulting value of the model. Within the
context of decision making, it seeks to define an optimal level of model complexity.
As Powell and Baker explain in ‘Management Science: The Art of Modeling
with Spreadsheets’, the primary purpose of building a model is to generated insight about
the system or problem being studied (Powel and Baker 2007, 2). They describe the real
benefit of modeling as the ability to make better decisions because of an improved
understanding of the situation.

Modeling provides a virtual space in which to explore

alternatives that would be far too costly or risky to implement in the real world. Further,
models can use a small amount of data to make estimates about larger populations in a
timelier and more cost-effective manner than collecting data from the entire population.
In ‘Principles of Applied Reservoir Simulation’ Fanchi explains the purpose of
modern reservoir management as optimizing “the interaction between data and decision
making” (Fanchi 2006, 1).

He describes reservoir flow modeling as the most
1

sophisticated method of achieving this optimization. Simulations can generate cash flow
predictions, estimate the total project life, compare different methods of recovery, or
maximize the total economic value of the project. Depending on the decision to be made,
these data predictions could provide invaluable guidance to the decision maker (DM).

DEGREES OF COMPLEXITY
There exist a myriad of ways to define and measure the complexity level of a
model. It could be measured by the number of parameters incorporated, or by the
accuracy and level of detail incorporated in those parameters. Alternatively, it might be
measured by the number of lines of code written into a computer program model or the
computational power required to run the model. The mathematical sophistication of the
formulas and the interacting relationships between different parameters could also be
used. On a subjective level, model complexity might be easy to measure, but set to a
particular scale, an accurate measure of complexity may require a combination of these
items, which is not necessarily an obvious deterministic value.
In their book ‘Modeling for Insight: A Master Class for Business Analysts’
Powell and Batt recognize the challenges of building an appropriately complex model.
They recommend first building a simple model and then slowly adding complexity in
gradual and careful steps. At each step, they recommend running the model in order to
generate insight into the problem at that level before adding another level of complexity.
They explain that “Good models are radical simplifications of reality” and that the
process of adding features to your model should last until it is good enough for the
purpose it is built for which is generally far before it becomes realistic (Powell and Batt
2

2008, 26).

This does not, they caution, mean that a good model is one that is

‘embarrassingly simple’. Rather, “competent modelers iterate their way to a good final
result through a process of intelligent trial and error” (Powell and Batt 2008, xx)
Studies have shown that increasing the level of complexity in a model can simply
increase the level of confidence felt in a model, without actually increasing the model’s
accuracy.

A well-known experiment from the 1970 compared performance and

confidence levels as more data was available to predict horse race outcomes (Slovic
1973). In the experiment, a number of expert handicappers (those who typically set the
betting ratios for the racetrack) were given a list of 88 possible data variables and asked
to select the five variables they felt were most important to predicting the outcome of a
race. These variables include items such as the number of first place wins each horse had
completed, the total weight the horse must carry, and the number of days the horse has
rested since its last race. Each expert was given the data for the variables he or she
selected and asked to predict the first place winner as well as estimate his or her level of
confidence in the prediction.

Next, the experts were allowed to choose five more

variables for a total of ten and asked to predict the race outcome and again rate their
confidence. This was repeated for 20 and 40 variables, then the actual horse race
outcome was observed.
As figure 1.1 shows, the experts’ average accuracy level remained almost
constant while their confidence levels increased by 19 percentage points. Measuring the
increase in information available to the experts as an increase in model complexity, we
note that in this case, increasing modeling complexity did not affect accuracy. Given the
increase in expert confidence, however, it appears that they would have been willing to
3

pay a price in order to gain the additional data. This poses the question of how often
people and organizations sacrifice resources to build an unnecessarily complex model.

Figure 1.1: Accuracy and Confidence in Horse Race Predictions (Slovic 1973)
In Douglass Lee’s paper, ‘Requiem for Large Scale Models’, he questions how
much modelers actually gain from their models as the level of complexity increases (Lee
1973). He notes that past a certain threshold increasing the complexity of an urban
planning model only leads to knowledge gained about building complex models, not
about urban planning or the policy decisions the model was built for. He postulates this
relationship as shown in figure 1.2.

4

Figure 1.2: Knowledge Gained from Increased Model Complexity (Slovic 1973)
MODELING ERRORS
An additional cost that warrants consideration when selecting an appropriate level
of model complexity is the increased probability of model errors as complexity increases.
Powell and Baker note that, even within simple spreadsheet models, errors are “rampant
and insidious” (Powell and Baker 2007, 6). They cite a study by Panko in which 91
percent of the 54 most recently tested spreadsheets contained errors (Panko 1998).
Despite the prevalence of spreadsheet errors, many users neglect to conduct even basic
reviews of their spreadsheets before trusting their results. A 2007 survey conducted as
part of the Tuck School of Business at Dartmouth College’s Spreadsheet Engineering
Research Project found that 17% of respondents simply never checked their spreadsheets
for errors and 32% of respondents only checked their spreadsheets sometimes (Tuck

5

School of Buisness 2006). Checking methods were much more likely to consist of a
‘common sense’ check than a thorough review of formulas.
Within the scope of this report, modeling error was an additional stochastic
parameter that was not incorporated when assessing the value of model output. It should,
however, be considered as an additional burden that comes along with building a more
complex model.

6

Chapter 2: A Survey of Reservoir Modeling Accuracy
RESERVOIR MODELS
In the field of Petroleum Engineering, detailed and costly reservoir simulation
models are often built in order to make decisions about how and where to drill an oil field
as well as to predict the production rate and economic value of drilling the field. Limited
research has examined if the level of detail to which these reservoir models are built is
appropriate for the decisions that will be made based on their results.
A set of comparative studies by the Society of Petroleum Engineers (SPE)
examined the precision of various reservoir models by comparing the results of different
models built for test problems. These studies helped establish a bound on the level of
precision in typical simulation model results, but did not actually measure how accurate
the models are since the reservoirs modeled were fabricated test cases. Several of the
studies did compare results between models of varying complexity, which help to show
how changes in complexity might affect model results.
A limited number of papers have been published that do provide comparisons of
reservoir model predictions with actual field performance.

These studies provide

valuable data that can be used to directly connect the value of the results to the
complexity of the model used.

They cannot, however, definitively explain the

relationship, because the actual production value of a well is a stochastic outcome.
This chapter examines both types of publications as they are both relevant to the
comparison between results and complexity. A thorough survey of literature published
on this topic provides a basis for defining this opaque relationship.
7

SPE’S COMPARATIVE SOLUTION PROJECTS:
Between 1981 and 2001 members of the SPE published a series of ten papers
known as the Comparison Solution Projects (CSPs) with the goal of comparing different
reservoir simulators used across the industry. In each case, a fictitious reservoir problem
was created and a number of companies and organizations were invited to participate by
modeling the problem with their simulator(s) and sharing their results. Problems focused
on topics of interest to the industry including black-oil, compositional, dual porosity,
thermal or miscible simulations, horizontal wells, and gridding techniques. Participants
were chosen to include a varied cross section of organizations using different leading
solution techniques in the industry. None of the problems reflected actual field cases, and
therefore results could not be evaluated directly for accuracy, but they did allow thorough
comparisons of different simulators predictions.

Review of Each CSP
The first CSP, published in 1981, compared the results of seven simulators
applied to a three-dimensional black-oil reservoir (Odeh 1981). A standard reservoir grid
system and diagonal cross section were selected for the project, and each group was
provided with the same set of data, constraints, and grid system. The groups were asked
to run two cases – one simple case where the saturation pressure would remain constant
and one more complicated case where the saturation pressure would vary along with the
gas saturation. Each group reported their results which included plots of oil rate and
gas/oil ratio (GOR) against time, as well as data on pressures and gas saturation levels at
selected points within the grid.
8

The participants in this study included Amoco Production Co., Computer
Modeling Group of Calgary (CMG), Exxon Production Research Co., Intercomp
Resources Development and Engineering Inc., Mobil Research and Development Corp.,
Shell Development Co. and Scientific Software Corp. (SSC). Even with the same input
data, different simulators modeled the problems in different ways. For upstream mobility
weighting, Shell used two points while all the other models used only one point.

Here

CMG used a black oil simulator capable of modeling three-phase or two-phase systems.
Exxon used a general purpose reservoir simulator consisting of one equation for each grid
block. Intercomp used a black-oil model known as BETA II, also capable of modeling
two or three-phase flow.

The black-oil simulator used by SSC optimizes between

stability, truncation errors, and computer costs.
The study published a number of tables comparing the results of output from the
seven simulators and most of the predicted values are quite close together, with only
slight discrepancies. Figure 2.1 shows all six model predictions for the oil rate as it
changes with time for the case one problem. These close curves are representative of the
similarity in the other reported results and for the case two predictions.

9

Figure 2.1: Oil Rate vs. Time in Case 1 of CSP 1 (Odeh 1981)
The study neglects to provide any analysis or discussion comparing the results;
however given the different simulators used, the models appeared to produce surprisingly
close predictions. Plotted comparison curves such as figure 2.1 give a good visual
understanding of the many similarities and few differences generated. Unfortunately,
actual data values are not reported and therefore values must be estimated off the graphs
in order to make any statistical comparisons. Although many important elements are
missing in this first study, it does provide a starting point for improved measurement of
reservoir simulation precision for the future.

10

The first of the CSP’s generated considerable interest and enthusiasm within the
petroleum engineering community and led to the suggestion that the study be extended to
cover more complex and realistic simulation problems. This enthusiasm indicated a deep
industry need for greater understanding of simulations performance levels, especially in
comparison to other available simulators. Over the next 20 years nine additional CSPs
were conducted and published, evaluating a variety of common reservoir modeling
problems and comparing the results produced by various industry models.
The second CSP published in 1986 involved eleven companies, each modeling a
three-phase coning problem (Weinstein et al. 1986). This type of problem is described as
a particularly difficult situation to model due to wide variations in rates and in the
oil/water capillary transition zone since the oil and water have very close densities. This
particular coning problem originated from an existing field case, however it was
simplified for the comparison study and therefore the model results cannot be directly
compared to actual field results. The authors specifically request suggestions for how to
fairly compare the model predictions with ‘true’ values.
Along with results, this study includes a short discussion and comparison of the
curves generated by the eleven different models. The simulators used ranged from
general purpose models to a specialized black-oil coning model. Some were two-phase
models and others three-phase models; some were two-dimensional, some threedimensional, and one of them had a one-dimensional option; several were fully-implicit
while one of the models used an adaptive implicit method. Overall, the authors conclude
that the modeling results agreed “surprisingly well considering the diversity of
discretization and solution techniques used” (Weinstein et al. 1986, 345). The only major
11

discrepancy the authors discuss is the predicted pressure drawdown curve generated by
Gulf Research and Development Company’s model.

The curve showed pressure

drawdown nearly twice the pressure drawdown of the other models and the reviewers
theorize that this was due to using a point-centered grid instead of a block-centered
framework.
The third CSP published in 1987 involved nine companies modeling the problem
of gas cycling in a rich retrograde-gas-condensate reservoir (Kenyon and Behie 1987).
Pressure volume and temperature (PVT) data and a reservoir grid were selected and given
as inputs to participants. Also, participants were asked to match certain parameters such
as total volume in constant composition expansion.
Results from this study were much more varied than results from the first two
studies. In the first years of cycling (a process that involves compressing natural gas and
returning it into a reservoir in order to maintain pressure) the predicted oil rates vary, by
about 20 percent and, according to the authors, may be caused by physical property
errors. Cumulative production rates appear to vary by about 22 percent. The authors also
note that there was wide variation in the level of condensate precipitated at the well and
in its rate of evaporation. Near the production wells, the models predicted different levels
of liquid build-up. The authors explain this is not surprising due to the lack of flash data
on this low-pressure area and the fact that different k-value techniques were used. Other
results such as depletion of the gas condensate and swelling of the retrograde gas
condensate match very closely, in the author’s opinion, across all the studies.
Six organizations participated in the fourth CSP which focused on modeling
steam injection problems (Ramesh and Woo 1987). Three variations were given of a
12

steam injection problem:

a black-oil cyclic steam injection, a black-oil steam-

displacement in an inverted nine-spot pattern, and a compositional type also in an
inverted nine-spot pattern. The paper comments that while “good agreement between the
results from different simulators for the same problem does not ensure validity of any of
the results, a lack of agreement does give cause for concern” (Ramesh and Woo 1987,
1576).

Again, this acknowledges the industry’s need for a true comparison of the

accuracy of different types of models.
One goal of this CSP problem was to evaluate how grid orientation effects steam
displacement problems. Models included fully implicit finite-difference models, a threephase thermal model, and three-dimensional generalized numerical simulation among
others.

Not all participants modeled all three variations of the problem, however

according to the authors, results for the companies that did participate agreed well.
Computing the range of the results from the graphs, however, shows a relatively high
average variation of 35 percent in peak oil rates. Average cumulative rates showed
significantly less variation at 15 percent about the mean. Figures 2.2 and 2.3 show oil
rate and cumulative oil predictions for the near-producer.

13

Figure 2.2: Case 2 Oil Rate for the Near Producer (Ramesh and Woo 1987)

Figure 2.3: Case 2 Cumulative Oil Production vs. Time for the Near Producer (Ramesh
and Woo 1987)
14

Computer steps and iterations were also reported for the different models as seen
in table 2.1. Required computing time, which can serve as an indicator of the level of
complexity of the model, varied for case two from as little as 45 seconds for the Chevron
model to 1.2 hours for the CMG model. Figures 2.4 and 2.5 show how peak oil rate and
cumulative predictions change with increased computing time. Arco’s model predicts
almost the same peak rate as Chevron, in 3.7% of the computing time. Cumulative oil
predictions fluctuate up and down as computing time increases. Certainly there are other
factors involved in model complexity than simply the computing time, and these
predictions cannot be compared against a true value, however these trends indicate that
increased model complexity may not necessarily increase model accuracy.
Problem 1
Problem 2
Problem 3
Company CPU Steps Iterations CPU Steps Iterations
CPU
Steps Iterations
Arco
59.3
414
1073 161.3
330
803
*
*
*
Chevron
20
132
568
45
60
357 103.3
54
316
CMG
1330
124
650 4298
89
409 13214
98
510
Mobil
49.7
382
1126
*
207
655
*
*
*
Elf
12.17
297
1081 68.4
289
864
*
*
*
SSI
22.18
93
364 47.18
44
234 114.58
46
274

Table 2.1: Computational Effort Comparison for CSP 4 (Ramesh and Woo 1987)
*Indicates results were not provided
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Figure 2.4: Case 2 Peak Oil Rate Predictions vs. Required Computing Time

Figure 2.5: Case 2 Cumulative Oil Predictions vs. Required Computing Time
16

The fifth CSP specifically examined the difference between results obtained from
a simple set of models and those obtained from the same set of simulators, with a more
complex modeling structure (Killough and Cossack 1987). Participants were asked to
model three miscible flood problems first using a fully compositional model, and then
using a four-component approximation model.

Besides searching for greater

understanding about miscible flood modeling, the authors attempt to examine if the more
complex modeling technique made enough difference in the result to justify using it over
the simplified technique. They note that “too often the decision of which model is used
comes from time, money, computer, or data availability or purely subjective reasons”
(Killough and Cossack 1987, 55).
The authors produce a detailed analysis of the model results and attempt to
include a thorough explanation for any differences.

They discovered that several

parameters which control the switch between immiscible and miscible conditions can
greatly influence the ability of the four-component models to match up with the fully
compositional models. Results for the cumulative oil production curves for scenario one
are presented in Figures 2.6, 2.7, and 2.8. For this scenario, results vary by much larger
amounts in the four-component models than in the fully compositional models.

17

Figure 2.6: Cumulative Oil Production vs. Time with Simple 4-Component Models for
Scenario 1 (Killough and Cossack 1987)

Figure 2.7: Cumulative Oil Production vs. Time with Fully Compositional Models for
Scenario 1 (Killough and Cossack 1987)
18

Figure 2.8. Cumulative Oil Production vs. Time Comparing Simple and Complex Models
for Scenario 1 (Killough and Cossack 1987)
A comparison of cumulative oil production curves for the other two scenarios
show more similarity between the four-component and fully-compositional model results
(figure 2.9).

In the second scenario, where the average reservoir pressure quickly

dropped below the initial saturation pressure, the set of curves produced by the four
component model displayed very close means (29.2 and 31.3 GSTB) as well as similar
result ranges (15% and 14% as percentages of the mean). In scenario three, where overinjection was used to keep the reservoir pressure near the minimum miscibility pressure,
means were similar for both sets of curves, however the range of results was much lower
in the four-component model. Based on variations in other results, the authors concluded
that the fully compositional model appeared to report more accurate results in the first
19

and third problems (where oil is present in the gaseous phase), while the four-component
simplification technique performed just as well as the fully compositional models in the
second problem. They were able to draw some specific conclusions about modeling
techniques for miscible flow problems and when it might be appropriate to use more
simplified or more complex models.

Figure 2.9. Range in Predictions as a Percentage of Mean Values Predicted by the 4Component and Fully Compositional Models from CSP 5
Computer times were also reported for these models and showed that, on average,
the fully compositional models required four times as much computing time as the
simplified four component models (figure 2.10). In scenario two and three, using a
simple four-component approximation may be far more advantageous than using a fully
compositional model. In scenarios one, the model chosen should depend on the trade-off
value between the savings of building a simpler model and the precision of building a
more complex model. This greater precision is assumed to mean greater accuracy, since
20

all the models predict close outcomes, however it cannot be verified that the more precise
results are in fact more accurate in the field.

Figure 2.10: Average Computational Time for the 4-Component and Fully Compositional
Models from CSP 5
The sixth CSP is also set-up to study a simplified modeling technique and a
complex modeling technique, however the results reported are not conducive to a direct
comparison (Firoozabadi and Thomas 1990).

Ten participants modeled a fractured

reservoir first with a single-block then as a more complicated cross-sectional problem
designed to simulate depletion, gas-injection and water-injection situations.

These

problems were chosen in order to study multiphase flow in fractured reservoirs as well as
modeling techniques for capillary and gravity forces. For this purpose, all the models
were limited to dual-porosity-type. Recovery curves, which show the cumulative oil
production as a percentage of the original oil-in-place, are only presented for the single
black case. Final recovery is predicted to vary between 37% and 40% in the scenario
21

where fracture capillary pressure is equal to zero and between 40% and 48% when it is
fixed at a constant pressure of 0.1 psi.
The authors claim most curves show similar trends, although the they note that the
difference in results generated vary significantly depending on whether or not the fracture
capillary pressure is equal to zero. They also note a substantial variation of fracture
saturation observed in the top layers at two years’ time which they believe to be due to
different formulations in the fracture exchange matrix.
The seventh CSP paper published in 1991 involved a study with 14 organizations
modeling a horizontal well in a reservoir with coning tendencies (Nghiem et al. 1991).
The problem selected horizontal well lengths of 900 ft and 2100 ft as well as constant
liquid (oil and water) recovery rates of 3000, 6000, and 9000 STB/day. Each models
predicted that the longer well would cause coning behavior to decrease. Overall the
authors assessed agreement of models to be good, although significant variations
occurred in the predictions for the 900 ft well length and for the cases where water
production rates fell between 600 and 900 STB/day. Participants used a variety of
methods for calculating infow into the well and productivity indices. Four of them used
grid refinement either Cartesian local, elliptical local, or finer Cartesian gridblocks.
Results include the number of time steps and iterations performed by each model
in each case and the cumulative oil production value in MSTB at 1500 days. Figures
2.11 and 2.12 depict how cumulative oil predictions change with more timesteps and
more iterations for case one (a) and one (b), where the well is 900 ft long and the
recovery rate is 3000 STB/day. If the models with greater computational needs produced
better results, these plots would show convergence towards a particular true solution.
22

This does not seem to be happening in case one or in cases two and three. Additionally,
we can observe that each case is more complex than the last and that the standard
deviation of the cumulative predictions steadily increases with each case (figure 2.13).

Figure 2.11: Cumulative Oil Predictions vs. Timesteps for Case 1 of CSP 7

Figure 2.12: Cumulative Oil Predictions vs. Iterations for Case 1 of CSP 7
23

Figure 2.13: Standard Deviation of Cumulative Oil Predictions for CSP 7
The eighth CSP presented in 1993 included five organizations and studied how
flexible gridding could allow significant reduction in grid size and detail without a
significant change in results (Quandalle 1993). The problem involved modeling oil
production as a result of gas injection into a four layer reservoir. Each participant was
asked to use their simulator first to model the problem using a Cartesian grid of 10x10x4
and second using a flexible grid with a reduced number of grid nodes. Participants used
an optimization process to minimize the number of grid nodes required in the flexible
grid runs while constrained to attain results for gas breakthrough time predicted and GOR
within ten percent of original grid model or a specified parameter. In the flexible grid
cases, all participants were able to reduce the number of nodes used by a factor of four or
more while maintaining the results.

Most relevant, the authors found a far larger

difference between the results obtained by different models than they did between the
24

results obtained by using the detailed grid and the optimized flexible grid, suggesting that
optimal gridding techniques can be used to simplify similar models by a factor of four
while still obtaining very similar results.
The ninth study conducted in 1995 involved nine participants modeling a blackoil dipping reservoir with high heterogeneity and a moderately sized model of 9000 cells
(Killough 1995). Twenty-five producers were spaced throughout the reservoir and a
single water injector was used. This was similar to the first two CSP problems which
examined black-oil simulation on different grid geometries. In this study, the focus was
on how a highly heterogeneous permeability field would complicate the modeling
process. Much of the input data came from an actual field case, however several of the
parameters were merely selected for the modeling exercise, so model predictions still
could not be compared with field results.
Many of the simulators used were fully-implicit and the authors note that at that
point fully-implicit models had become commonly used even for large problems, due to
technological advances. The results from one of the participants who used both a fullyimplicit simulation and a standard IMPES simulation which does not involve implicit
treatment of wells show that the IMPDES requires 20 times as many Newtonian
iterations and 80 times as many time steps as the Fully-Implicit case. Results of these
different runs with the same model showed that the selected time step size affected the
result given by the IMPES model by as much as ten percent due to time truncation error.
After observing such varied results within the same model, the authors expected
to see much greater diversities across different models. The total field production rates
were all within nine percent of the mean production rate and the field gas rates varied by
25

up to eleven percent of the mean. Water production rate showed significant variation (on
the order of 20 percent) probably due to relative permeabilities and capillary pressures.
Also, the production rate predicted for one particular well varied significantly apparently
due to the way participants treated the well indices.
The tenth, and final CSP, completed in 2001, compared upscaling techniques in
two different problems and involved nine participants (Christie and Blunt 2001). The
first case was a small gas-injection 2D problem consisting of 2000 cells chosen so that it
would be easy to compute the fine grid solution. Each participant solved the problem on
a 5 x 5 grid and then on an optimized grid with a maximum of 100 cells. The second
case involved the water flood of a large geostaticitcal 3D model consisting of 1.1 million
cells that would be quite difficult to compute using a fine grid.
Solutions using the fine grid in the simple first case were very similar across all
models as Figure 2.14 shows. Upscaling to a 5 x 5 grid produced very similar results for
most models, where single phase upscaling incorporated regression based pseudo relative
permeabilities. One model (Roxar) upscaled using only a single phase but the results
poorly matched the fine grid solution (See Figure 2.15).
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Figure 2.14: Cumulative Oil Rates Predicted with a Fine-Grid for Case 1 (Christie and
Blunt 2001)

Figure 2.15: Cumulative Oil Rates Predicted with an Upscaled 5x5 Grid for Case 1
(Christie and Blunt 2001)
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Results in the second problem showed a gradual decrease in the quality of the
results as the grid size increased. Since the fine grid solution was assumed to be most
accurate, it served as a base-case from which to evaluate the model results. No sudden
break-point appeared where the quality of the solution declined rapidly. This was not the
case with the number of layers used. A rapid decline was observed in result quality when
the number of layers was reduced to less than 13. Cumulative production curves for the
various grids are shown in Figure 2.16.

Figure 2.16: Cumulative Oil Predicted by Models of Different Grid Sizes for Case 2
(Christie and Blunt 2001)
Summary Findings Based on the Ten CSPs
Tables 2.2 and 2.3 show a comparison of the precision levels of each model
reported in the ten CSPs for peak oil rate and cumulative oil predictions. In each case
where data was available the mean values as well as the total range of values as a
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percentage of mean are reported. Peak oil rates showed much greater variation than
cumulative production levels. The models used in the third CSP and tenth CSP gave the
most precise predictions of peak flow, varying within a range of about 20 percent of the
mean. The peak rates for many of the cases reported in the seventh CSP show variations
of more than 60 percent of the mean.
More of the studies provided comparison results for cumulative predictions and
these were generally much more precise than the peak oil rate predictions. Case three of
the fourth CSP showed a very low variation of only three percent about the mean while
the upsized grid model in the tenth CSP showed a large variation of 65 percent. On
average, across all cases reported for each CSP, the fourth, fifth, and seventh CSP all
performed within a range of 15 to 16 percent of the mean.
CSP
CSP 3

Case
Case 1
Case 2
Average

CSP 4

Case 2

CSP 7

CSP 10

Mean Rate (STB/D) Range (% of mean)
884
21%
923
18%
20%
163

35%

Case 1a
Case 1b
Case 2a
Case 2b
Case 3a
Case 3b
Case 4a
Case 4b
Average

1231
1620
1589
2300
1830
2659
1788
2543

32%
22%
59%
39%
65%
62%
68%
62%
51%

Upsized Grid

5388

19%

Table 2.2: Comparison of Peak Oil Rate Predictions for the CSPs
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CSP
CSP 3

Case
Case 1
Case 2
Average

Mean Production (MSTB)
Range (% of mean)
2350
23%
2444
20%
22%

CSP 4

Case 1
Case 2
Case 3
Average

20
164
222

13%
29%
3%
15%

CSP 5

Case 1 ‐ 4CP
Case 1 ‐ Full
Case 2 ‐ 4CP
Case 2 ‐ Full
Case 3 ‐ 4CP
Case 3 ‐ Full
Average

27375
29625
29220
31343
27940
30214

27%
4%
15%
14%
13%
23%
16%

CSP 7

Case 1a
Case 1b
Case 2a
Case 2b
Case 3a
Case 3b
Case 4a
Case 4b
Average

739
951
970
1225
1106
1355
715
856

12%
7%
17%
7%
21%
14%
31%
19%
16%

CSP 10

Fine Grid
5x5 Grid
Upsized
Grid
Average

42860
43575

4%
8%

677400

65%
26%

Table 2.3: Comparison of Cumulative Production Predictions for the CSPs
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Most of the models compared in the CSP papers are fairly complex models, even
if they are somewhat simplified for the test cases. Yet the model predictions varied by
at least 15 percent on most cumulative predictions and typically by 20 to 60 percent on
most peak oil rate predictions. Regardless of the actual field value, it is clear that the
results produced by many of the industry’s leading reservoir models (at least at the time
the studies were conducted) are predicting results which will vary considerably from
actual field observations.

COMPARISONS WITH ACTUAL FIELD DATA:
A number of studies have been published that do compare actual field results with
reservoir simulation predictions. In a 1993 publication Nansen Saleri observed that the
correlation between technology advances and forecast accuracy appeared weak (Saleri
1993). Explaining the stochastic nature of reservoir performance, he cautions that simply
observing an accurate forecast does not mean that the model was accurate just as a poor
forecast does not equate to an inaccurate model. He considers reservoir characterization
and scale-up to be the primary sources of forecast uncertainty that block improvements in
forecasting.
The 1993 study examines historical comparisons for two thoroughly studied fields
that are described as consistent with typical performance, but specifically chosen as
interesting examples and therefore not representative of a statistical sampling. The ATL
field had been on production for five years when it was modeled in 1987 to assist with
future field predictions and drilling decisions, allowing five years of history matching to
be incorporated into the model.
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Using actual production data recorded over the next four years, Saleri studied the
accuracy of the model compared to actual performance. Field-wide predictions were
shown to be reasonably consistent with production results (see figure 2.17). Individual
well forecasts, however, were quite poor, with 43% of the modeled wells predicted to
produce turning out to be ‘busts’. Saleri describes this as typical of individual well
predictions where unpredictable external factors which are unknown at the time of
modeling can significantly affect forecasts. For instance, in the ATL field, waterflood
startup began a year and a half after it was scheduled and modeled to begin. The
accuracy of the model therefore cannot be entirely fairly assessed by comparing the
model predictions to actual performance.

Figure 2.17: Actual and Predicted Oil Rate Curves for the ATL Field (Saleri 1993)
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Next, Saleri compared field records for the North Sea’s Ninian field to forecast
models from 1976 and 1985 (See Figure 2.18). Differences in cumulative production
were relatively minor varying between 5.5 and 15.5 percent while differences in injection
varied from 7.6 to 53 percent. Substantiating his claim that poor performance is not
unusual, Saleri cites the performance of a number of other well sites claiming that
variations between 10 and 40 percent are typical of fieldwide cumulative production
forecast accuracies, with even larger variations on specific well forecasts.

Figure 2.18: Actual and Predicted Oil Rate Curves for the Ninian Field (Saleri 1993)
While Saleri acknowledges that these error rates seem alarmingly high, he notes
that “the majority of reservoir engineering decisions require choices based solely on
comparative analysis (e.g. peripheral vs. pattern flood)” (Saleri 1993, 654) and therefore
the models are still quite valuable for deciding on management strategies to optimize well
33

production. He wonders if conventional approaches to modeling are flawed and also why
modeling studies so seldom meet deadlines.
In 1998 Saleri published a paper which not only compared field data with
predictions, but also specifically focused on the necessity of managing the technological
complexity of a model (Saleri 1998). Further, he discusses an approach to defining a
level of model complexity that will positively impact a business decision.

In the

methodology he describes, limitations such as time constraints and computing power as
well as geological uncertainties and potentially inaccurate data are all used to determine
the appropriate level of reservoir model complexity. He seeks to find a “pragmatic
balance between business objectives/timetables and problem complexification” (Saleri
1998, 5). He also stresses the need to determine how best to use the available computer
power.
Complexity is defined as the “degree of interconnection among various parts” and
complexification as the “process of adding incremental levels of complexity to a system”
(Saleri 1998, 5). Senge clarifies the difference between specifying individual inputs in
fine detail, which he calls ‘detail complexity,’ and the unpredictable outcomes from
interactions of individual components, which he labels as ‘dynamic complexity’ (Senge
1990). He considers understanding dynamic complexity rather than detail complexity to
be the key to making successful management decisions. Saleri notes the tendency for
models to be built with maximum attainable levels of detail complexity when modelers
should be asking if the greater complexity yields better answers to the relevant
management questions.
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Saleri suggests that an explosion of model size can often occur as detail
complexity is increased due to the interactions between elements. CPU time can rapidly
escalate so that the model is completely unable to run or so the runtime will be too long
to produce useful results. Additionally, he argues that there will invariably be some error
or uncertainty in the input elements, and therefore the model should be built with an
understanding of what level of error is acceptable in the output and what level of
complexity is appropriate.
Although the purpose of adding complexification to a system is to reach more
accurate results, Saleri cautions that reservoir models will not necessarily converge to a
more accurate output due to the increased uncertainties added along with increased
complexification. While a steady decline in error would be ‘utopian’, Saleri proposes
that models are more likely to exhibit either the convergent or even divergent behavior
shown in Figure 2.19 as complexification rises. Further, Saleri points out the irony that
adding new components, thus increasing the complexification of the system, also adds
uncertainty to the model.
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Figure 2.19: Model Performance as Complexification Increases (Saleri 1998)
A Saudi Aramco report cited by Saleri shows a case where adding complexity
caused model results to oscillate between predictions (Chun et al. 1996). Figures 2.20
and 2.21 show the resulting curves generated by three models built at three different
levels of complexity where “A” is the simplest model and “C” is the most complex
model. The curves produced by models A and C are almost identical, while the model of
middle complexity, B, shows a significant difference.
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Figure 2.20: Gas Production Predictions by Three Different Models (Chun et al. 1996)

Figure 2.21: Water Production Predictions by Three Different Models (Chun et al. 1996)
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Another Saudi Aramco report Saleri cites shows the results of two different
models (watercut and pressure performance curves) to be nearly identical despite the fact
that one model was built using 263 sets of imbibitions relative-permeability curves and
the other was built with just a single curve (Al-Khalawi and Sengul 1994). Ballin notes
that the typical fraction of data sampled from a reservoir field is so small that a model
will be inexact at any scale (Ballin et al. 1991). Additionally, changes to the field due to
oil recovery methods such as induced fractures and formation damage alter field
conditions from those originally anticipated and modeled.

Belliveau estimated an

average error in the prediction of individual well performance for horizontal wells of at
least 50 percent (Beliveau 1995).
Unfortunately, the level of complexification in a model is typically determined by
the competing interests of accuracy and time:

modelers “balance between their

instinctive pull towards complexification (in search of presumed accuracy) and the desire
to meet project deadlines” (Saleri 1998, 7). Advances in computer capabilities allow
teams to either run their models faster, run more complex models in the same amount of
time, or a combination.
Figures 2.22 through 2.24 compares results for an onshore field example where
six models of increasing complexity were built. Although the study does not report the
actual production of the CA field, it is interesting to compare that there is very little
difference between the most and least complex models: only about eleven percent. Also,
the results move up and down as the level of model complexity increases, rather than
showing a steady trend converging towards greater accuracy.
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Figure 2.22: Cumulative Oil Forecasts for CA Field 1 (Saleri 1998)

Figure 2.23: Plateau Period Forecasts for CA Field 1 (Saleri 1998)
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Figure 2.24: No. of Producers Forecast for CA Field 1 (Saleri 1998)
In

summary,

Saleri

explains

that

attaining

the appropriate level

of

complexification is essentially an optimization problem and merely building the most
complex model possible reflects a lack of engineering judgment. He does not merely
advocate simplicity for its own sake, but explains that the level of complexity used in a
model must be governed by the business decisions, timelines, and reservoir realities it is
being built for.
In another study, Christensen et al. compared model predictions with observed
recovery in a review of water-alternating-gas (WAG) injection field experience
(Christensen 2001). Figure 2.25 compares the increased recovery percentages for fields
were data was available about the prior modeling predictions. Each of these cases
showed a greater recovery percentage than was actually observed, where the average
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model over-estimated recovery by about seven percent. The range of over-estimates
varied from just under four percent to more than eighteen percent.

Figure 2.25: Increased Recovery from WAG Injection (Christensen 2001)
Results from the various field cases confirm that the levels of model precision (or
lack of precision) seen in the CSP studies are representative of reservoir simulation
accuracy. Cumulative production predictions were shown to have errors within about 10
to 20 percent, or in some cases, up to 40 percent which is similar to the typical ranges
seen for cumulative predictions in the CSPs. Individual well performance was shown to
have larger error rates of 40 percent, 50 percent, or more, just as the CSP models
suggested. Additionally, in the studies by Chun et al., Al-Khalawi and Sengul, and the
CA field-1 case by Salari, runs were made with models of different complexities, and no
direct improvement in accuracy appeared as a result of increasing complexity.
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Chapter 3: Simulating Models at Different Levels of Complexity
RESEARCH APPROACH
This original research attempts to explore a basis for measuring the additional
value added to a model result by increasing the effort put forth into building and running
the model. Also, it seeks to discover if a simplified model produces substantially inferior
results and ultimately to find a means of determining an optimal level of model
complexity for a given decision making problem. This type of problem poses significant
challenges because it is highly generalized and there is not one clear distinct way to
measure model complexity. Moreover, there is not a direct deterministic relationship
between increased complexity and accuracy of results that would apply to all cases. The
general nature of this problem and its applicability across multiple industries also
underscores the great value that this research could contribute to many fields.
This chapter describes two different simulation approaches to form a basis for
measuring the complexity–value relationship. The examples used in each approach are
seen through the lens of petroleum engineering decisions, but could easily be extended to
other areas. The first case examines a situation where a decision must be made based on
the results of either a simple or a complex model and compares the results. The second
case examines the different outputs created by a one-dimensional reservoir flow model as
the number of cells is increased or decreased. Results provide a starting point for
defining optimal model complexity from a decision theoretic viewpoint.
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DRILLING DECISION SCENARIO:
Consider the example where a drilling company must make a decision on whether
to drill a field or not. There is the risk of losing money if the drill turns out not to
produce but also financial gain if the well is profitable. The drilling decision tree is
shown in Figure 3.1 where the net value of drilling includes the total profit from the well
minus all costs associated with drilling. A reservoir model is built to assist with the
decision.

Figure 3.1: Decision Tree for the Decision to Drill or Not Drill a Field
The question of how much time, money, and general resources should be invested
into the model is very relevant. A large team of modelers could invest significant time
into gathering plenty of data and building a very detailed model, or a single modeler
could input data from one or two sample borings and produce a quick and simple model.
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Suppose that both options could be implemented simultaneously and the results
compared.

As a constraint, assume there is an approaching deadline to make the

decision. Before the deadline, the simple model can be built and run many times to
produce a distribution of estimates of the value of drilling, while there is only enough
time for the complex model to be built and run three times before the decision must be
made. Figure 3.2 plots one set of possible results produced by these two separate
modeling teams.

Figure 3.2: Possible Outcome of Results from Running the Simple and the Complex
Models Before a Deadline
The simple model is run a great many times to produce a normal distribution with
a mean estimate for the value of drilling at a five million dollar loss but a wide standard
deviation of ten million dollars. Here the results of the simple model indicate that there is
a chance the well could be profitable, but it is far more likely to be a loss and should
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therefore not be drilled. The complex model, on the other hand, returns three values very
close together, predicting a profit of about five million dollars and a very small standard
deviation between the points of only $0.8 million. Without more information, a normal
distribution might be assumed on the three points predicting that the actual well value
follows the distribution shown in Figure 3.3.

Figure 3.3: Approximate Shape of a Normal Distribution Fit to the 3-Point Output of the
Complex Distribution
To measure a level of confidence in the model results, it is applicable to look at
the estimated value of perfect information (EVPI). Considering this to be a Two-Action
Linear Loss with Normal Priors (TALL-N) problem, the EVPI can be calculated using
the following equation (Schlaifer 1959, Bickel 2008):
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σ φ c − cΦ −c

μ ≥ ν

σ φ c + cΦ c

μ < ν

=

Where Φ = the standard normal cumulative probability function
φ = the standard normal probability density function
c = coefficient of divergence
μ = mean
σ = standard deviation
ν = payoff
Using this equation, we find that the EVPI in the simple case is approximately $2
million while the EVPI for the complex model is almost $0. EVPI indicates the top
threshold that a decision maker (DM) should be willing to pay for any additional
information. In this case, therefore, the simple model would recommend not drilling, but
suggests that it may be worth spending up to $2 million to gather more information about
the reservoir. The complex model, on the other hand, recommends drilling and shows
that it is not worth spending any additional money to gather further information.
Going forward with this policy, suppose the company drills and the actual well
turns out to be a $22 million loss. This clearly contradicts the normal distribution
assumed for the 3-points generated by the complex case (Figure 3.4). Assuming that the
more complex simulation correctly models the distribution, this situation could have
occurred if the true distribution were bimodal, as shown in Figure 3.5.
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Figure 3.4 Actual Well Value Realized After Drilling

Figure 3.5 Actual Underlying Distribution of the Complex Model
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A bimodal or multi-modal distribution would often result from more detailed
models and more accurate information. For instance the complex model may have
accurately predicted a one-third probability of the presence of a fault, which split the
distribution into two normal distributions, one profitable and one at a heavy loss. (Buede
2009). Obviously in the preceding scenario, the model happened to produce three data
points from the positive portion of the distribution when the actual field value turned out
to be negative. The question is: how often could this happen given the underlying
distribution?
Using Monte Carlo simulation many runs were performed to simulate the above
experiment. First several points were selected randomly from the bimodal distribution to
represent the stochastic output of the complex model. Using those points, the mean value
is calculated to determine if the model recommends drilling or not and an EVPI is
calculated to measure how confident the DM might feel about the decision, based on
these points.

Next, an additional point was randomly selected from the bimodal

distribution to represent the actual field value of drilling.
The experiment examined how our decisions and confidence change as we have
access to more or less output points from the complex model. Values were calculated for
one output point, two output points, etc. up to ten output points. As Figure 3.6 shows, the
more data output points the DM receives from the model, the less likely he is to
recommend drilling. In the 3-point scenario, the model recommends drilling around
thirty percent of the time. The simple model, which generates enough points to show the
entire curve never recommends drilling.
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Figure 3.6: Percentage of Time the Model Recommends Drilling
Although the complex model has a good chance of recommending drilling if only
a few points are used, it is unlikely that the points will agree so closely as to suggest
gathering more information would not be valuable. As figure 3.7 depicts, the average
EVPI given by the complex model with only two points exceeds $2 million, and as more
points are pulled, the EVPI increases. In the three-point case, the EVPI is greater than
$2.5 million, suggesting that the level of confidence described in the drilling scenario
above is unlikely.
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Figure 3.7: Average EVPI for each model
If the DM follows the model’s recommendation to drill or to not drill, it is
interesting to compare the total expected value of using each model. The expected value
consists of the average profit to be made from following the model’s recommendation
where credit is given for avoiding losses and penalized for unrealized profits. As Figure
3.8 shows, the expected value of the simple model is always greater than that of the
complex model, up to ten points.
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Figure 3.8: Expected Value of Following Each Model’s Recommendations
These findings are still based on just one particular bimodal distribution in which
the mean represents a loss. Simulations should also be performed on distributions in
which the mean would represent a profit, as well as varying the general type of
distribution generated from the complex model.

ONE DIMENSIONAL RESERVOIR MODEL
As the literature review in chapter two of this report indicates, petroleum reservoir
models are typically quite large and complex, making it difficult for any researcher not
already an expert in the field to experimentally capture the dynamics of the underlying
complexity-results relationship. Thankfully, Dr. Larry Lake of the University of Texas at
Austin’s Petroleum and Geosystems Engineering Department has graciously provided a
simplified single-dimensional reservoir flow model to use for this research. Given a set
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of input parameters, the model calculates peak flow rates and cumulative production for a
single well located in the center of a cylindrical oil reservoir. Eleven rectangular cells
approximate the reservoir as a set of eleven concentric cylindrical rings of equal width,
circling outward from the well.
While the model is designed for eleven cells, it can effectively model a reservoir
using any number of cells between one and eleven. To simplify the model into fewer
cells, the porosity used in the outer cells can by reduced to a negligible value and the
width of the inner cells increased to cover the entire field.
For this paper, a test case was created for an 80-acre cylindrical reservoir with
homogeneous values for porosity, permeability and viscosity. Different models were
built using a highly simplified single-cell simulation first, than using a more complex
two-cell simulation, and so on until the field was modeled using all eleven cells. Figure
3.9 depicts the oil rate curves generated by each model.
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Figure 3.9: Oil Production Rate Modeled with Different Numbers of Cells
In this homogeneous test case, the difference between rate curves is a reflection of
how well the model geometrically approximates the shape of the reservoir. The one-cell
model may be much easier to build and use, however it does not represent the dimensions
of the reservoir as well as the eleven-cell model. The greatest improvement in accuracy
is achieved when moving from the one-cell to the two-cell model. Successive increases
in the number of cells used (model complexity) show diminishing improvements.
It should be noted that model predictions for this 80-acre test case show the
reservoir draining in a matter of days, which is an unrealistically short time span for
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complete drainage of an oil field. Figure 3.10 compares the rate curves generated by
each model for a case where the compressibility and productivity index of the well were
modified so that the well would drain in a more realistic timeframe of ten years. Both
sets of curves indicate differences between models of different sizes, however these
differences are far more pronounced and therefore easier to study, in the scenario that
drains within days. Consequently, the following experiments were based on the original
case problem despite its quick drainage time.

Figure 3.10: Oil Production Rate for a Well that Drains in Years (Zoomed In)
Knowing that different-sized models produce different results, the next step is to
determine in which scenarios a simple model would be preferred and in which scenarios a
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complex model should be used. One realistic approach is to focus on the trade-off
between the number of iterations that can be run on a model relative to its complexity. A
simple model with few cells should run faster and require less time to build than a largercell version. A break-even point at which a simple model run with many iterations
produces results close to those produced by a more complex model run with fewer
iterations would provide a starting point for comparison.
Using Monte Carlo simulation, parameters for porosity, permeability, and
viscosity were varied logarithmically with a standard deviation equal to a percentage of
the mean values. The first case involved a standard deviation equal to 20 percent of the
mean values. Each model ran with a number of iterations equal to 5,000 divided by the
number of cells within the model. Following this breakdown, the one-cell model ran the
most number of times at 5,000 iterations and the eleven-cell model ran the least number
of times at 455 iterations. To compare results with a ‘true’ curve, the detailed eleven-cell
model also ran 5,000 times. The results are shown in Figure 3.11.
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Figure 3.11: Well Rate Comparison for Models Run at Different Iterations with σ = 20%
of the Mean Parameter Values
According to these results, the eleven-cell model with only 455 iterations is far
closer to the true value than most of the simpler cell models with more iterations. The
ten-cell model at 500 runs is actually slightly closer to the ‘true’ value, but this difference
is very minor. The one, two, and three-cell models all showed far greater deviations from
the true curve than the larger cell models.
For there to be any value to running additional iterations, there must be a
noticeable difference in the oil rate curves as more or less iterations are included. In the
next experiment, the input parameters were varied with a greater standard deviation, now
equal to 40% of the mean and the eleven-cell model was tested with far fewer runs.
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Results are shown in Figure 3.12 and most of the mid-size models have been omitted in
order to clearly compare and contrast the complex and simple models.

Figure 3.12: Well Rate Comparison for the Models Run at Different Iterations with σ =
40% of the Mean Parameter Values
With only one run, the eleven-cell model performed better than the one-cell
version at 5,000 runs and slightly better than the two-cell version at 2,500 runs. With
only ten runs, the eleven-cell curve is nearly the same as the curve produced with 5,000
iterations. The variation in porosity, permeability, and viscosity does not appear to have
a significant enough effect on the curves to make the eleven-cell version perform poorly
with limited iterations. Figure 3.13 isolates the 11-cell model at different iterations and
shows a very quick convergence to an ultimate solution. With only ten iterations, the
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model’s average prediction is almost identical to its average prediction curve with 5,000
iterations.

Figure 3.13: Well Rate Comparison for the 11-Cell Model at Different Iterations with σ =
40% of the Mean Parameter Values
Figures 3.14 and 3.15 show the convergence rates of the one and two-cell models
respectively. Both these models produce curves that are nearly identical at 100 iterations
and 5000 iterations. There does not appear to be much value in running any of the
models at more than 100 iterations, and any situation where the small-cell models could
potentially equate to the eleven-cell model will need to involve very few iterations of the
eleven-cell model. Figure 3.16 shows how these models compare with fewer iterations.
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Figure 3.14: Well Rate Comparison for the 1-Cell Model at Different Iterations with σ =
40% of the Mean Parameter Values

Figure 3.15: Well Rate Comparison for the 2-Cell Model at Different Iterations with σ =
40% of the Mean Parameter Values
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Figure 3.16: Well Rate Comparison for the Models with Fewer Iterations and with σ =
40% of the Mean Parameter Values
The curves compared in figure 3.16 suggest that the two-cell model at 100 runs
may produce results equivalent to the eleven-cell model at one-run.

At ten runs,

however, the eleven-cell model far outperforms the small-cell models at any number of
iterations. A further increase in the variability of input parameters may help the smallcell models do a better job of matching the eleven-cell model’s performance.
Figure 3.17 shows the resulting curves when the model input parameters have a
standard deviation equal to 80 percent of their mean values.

The one-cell model

continues to perform poorly compared to the eleven-cell model. The two-cell model,
however, outperforms the eleven-cell model with only one iteration and performs almost
as well as the eleven-cell model with ten iterations.
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Figure 3.17: Well Rate Comparison for the Models with σ = 80% of the Mean Parameter
Values
Subjective comparisons of the curves fail to provide a numerical measure of
model performance.

To directly compare how these models perform, consider the

timeframe that each model predicts the well to operate before dipping below a flow rate
of 10 cubic meters per day. These are shown in Table 3.1, listed in order of accuracy.
Model
'truth' (11‐cell)
11‐cell
2‐cell
11‐cell
1‐cell

# of
Iterations
5000
10
100
1
100

Time
(days)
13
9.5
9
8
25

Error
(days)
0
3.5
4
5
12

Table 3.1: Number of Days Predicted until the Rate Drops Below 10 m3 per day
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From these calculations, the two-cell model does perform better than the elevencell model with one iteration and almost as well as the eleven-cell model with ten
iterations. Depending on the resources required to build and run each model, and the
decision to be made, can determine separate situations in which the eleven-cell or the
two-cell model would be preferred.
As one final possibility, experiments were run for the models using a
heterogeneous reservoir. In this set-up, each individual cell varied logarithmically with
the same mean and standard deviation.

The models performed similarly to the

heterogeneous case and did not provide a superior point of comparison to the
homogeneous case.

CONCLUSION
The results of these simulations lead to several interesting conclusions. First, the
single-cell model appears to be too simplified, providing a substantially different
prediction from the two-cell model. This is most likely attributable to the geometric
approximations used to model the cylindrical reservoir. Differences in the results of the
two-cell and three-cell models are much less pronounced, and this pattern continues as
more cells are added. Although a single-cell model does not seem to perform very well
with any number of iterations, a lower-cell model such as the two or three-cell model
could have the capacity to outperform the eleven-cell version if the cost of running the
eleven-cell model is high enough to severely limit its number of iterations.

These

findings also show that, for this model, variations in the input parameters of porosity,
permeability, and viscosity do not have as pronounced an effect on the model results as
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the actual model structure (the number of cells used).

Even allowing the input

parameters to vary with a standard deviation as large as 80 percent of the mean did not
result in very large changes to the output. The number of cells used in the model
appeared far more important than the number of Monte Carlo iterations allowed.
Despite the control exerted on results by the number of cells used, this research
example did show a point at which the simple two-cell model could perform as well or
better than the eleven-cell model. The choice of which model to use here would depend
on the cost of resources required to build and run each model compared to the value of
each model’s results. In the context of decision making, the results of the simple model
may not even need to outperform the complex model. They may just need to be close
enough to make the correct decision. However, the balance point where these models of
different complexity can produce equally accurate results provides a starting point from
which to compare the relative value of choosing one model over another. Future research
should further develop this relationship.
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