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Abstract

Advances in computing power have made possible the combi-
nation of probabilistic methods with the conventional practice
of finite difference simulation. This paper presents and dem-
onstrates a methodology for probabilistic finite difference
simulation to determine and examine a range of potential pro-
duction rate profiles and ultimate recoveries by simulating
hundreds of scenarios.

Due to the high degree of uncertainty in the three case his-
tories discussed, finite difference simulation coupled with
probabilistic methods offered the best tool to predict produc-
tion profiles given a wide variety of assumptions about reser-
voir character and producing conditions. A Monte Carlo
simulation was run in each case to create several hundred pos-
sible combinations of the uncertain variables. These variables
became inputs to the same number of finite difference simula-
tions. The resulting forecasts were ranked and P10, P50 and
P90 values were determined depending on the needs of those
using the forecasts.

When probabilistic simulation is used to predict a range of
results, care should be taken when combining the forecasts to
properly honor their history-dependent nature. Discounting
techniques can be applied to the forecasts before ranking in
order to make them useful for economic decisions. In the one
case in which a comparison was made, it was also observed
that, depending on the skewness of the input distributions, the
median forecast was similar to the deterministic, “most likely”
forecast.
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Introduction

Monte Carlo analysis has been frequently applied in the pe-
troleum industry as it permits a quantitative analysis of the as-
sociated risks. In traditional Monte Carlo applications the cal-
culations are rather simple, such as a summation to obtain total
cost or multiplication to obtain oil-in-place. Distributions of
the calculated values are analyzed to ascertain the total and
combined uncertainty implied by the input values.

Advances in computing power have made it feasible to
extend Monte Carlo techniques to complex calculations such
as finite difference simulation. The coupling of these powerful
tools allows the modeler to quantify the uncertainty in the gen-
erated rate forecasts. In the three examples presented, the un-
certainty in the production forecast was particularly important
to the development decision, making them good candidates for
a probabilistic approach.

All three studies involved large uncertainties in reservoir
parameters due to limited information. A single simulation
forecast was not deemed adequate because it could not de-
scribe the associated uncertainty. In each case, an appropriate
finite difference model was created. Probability distributions
were developed for the major variables that controlled the
production profile and ultimate recovery, The most important
parameters controlling the production profile varied between
the cases. Among the variables considered were porosity,
water saturation, net thickness, gas-water contact, permeability
and areal extent.

Monte Carlo techniques were used to create several hun-
dred combinations of uncertain reservoir parameters. Each
combination was then simulated producing a unique produc-
tion profile. The resulting, simulation-based production fore-
casts can be interpreted for technical risk. Such characteriza-
tion of technical risk is becoming critically important to the in-
creasinlgly sophisticated strategies used in the petroleum in-
dustry.

Statement of Theory and Definitions

Traditional Monte Carlo applications address uncertainty of
data inputs to simple calculations such as oil-in-place. Finite
difference simulation, on the other hand, has been used to as-
sess uncertainty on a larger scale, such as that between quali-
tatively different reservoir characterizations. In combination,
the Monte Carlo techniques and finite difference simulation
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can be used to test both kinds of uncertainty. Naturally,
meaningful analysis requires that the drivers of the uncertainty
be adequately reflected in the construction of the Monte Carlo
simulation and the design of the finite difference model.

Discussion of Uncertainty. In general, there are three types
of uncertainty: data or input uncertainty, model uncertainty and
compound uncertainty. Data or input uncertainty refers to the
uncertainty associated with the values which are input to the
model. Model uncertainty refers both to the applicability and
the accuracy of the conceptual or mathematical model used.
Compound uncertainty describes the use of an uncertain result
in a second calculation or third calculation.

Data Uncertainty. Data uncertainty pertains to the range
of raw data values which can be assumed as input to a calcula-
tion. For example, when porosity varies throughout a field, the
distribution of porosity can become an input to a probabilistic
volumetric calculation. The distributions are usually based on
the data available. In the case where hard data is not available,
assumptions must be made to supply the necessary inputs to
the calculations.

Data uncertainty can also arise from questions about the
accuracy or relevance of data. Of course, data can be inaccu-
rate due to the limited ability to measure data as in the inter-
pretation of pressure build-ups, or data can simply be wrong
due to measurement error.

Model Uncertainty. Model uncertainty describes the un-
certainty associated with how adequately any procedure, tech-
nique, algorithm or formula accurately represents the reality of
physical processes it is meant to describe. There are two types
of model uncertainty, one deals with the applicability of the
model, the other with the accuracy of the model.

Of course, different conceptual and mathematical models
exist to describe different types of situations, and the choice of
models has a significant impact on the final result. For exam-
ple, Darcy’s law is accurate and precise only for Darcy flow.
If it is not known whether flow is Darcy or turbulent, then ap-
plying Darcy’s law introduces model uncertainty, since the ap-
plicability of the model is in question. Often, the correct
choice of a model is not straightforward. Since a change in the
model used to describe the system can lead to a quantum
change in the result, model uncertainty can be the most im-
portant type of uncertainty.

Even when using an appropriate model, there may be un-
certainty associated with the accuracy of the model. Empirical
models, for example, suffer this limitation, since actual values
do not correlate perfectly to predicted values. When signifi-
cant, the error can be quantified statistically and used in un-
certainty analysis.

Model uncertainty offers a different challenge than data
uncertainty since it involves a quantum change in methodology
used to calculate an answer. Uncertainty analysis can describe
model uncertainty by reporting different ranges under different
models or assumptions. Model uncertainty can also be ad-
dressed by applying a likelihood to the occurrence of a certain
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model coupled with an uncertainty of the value implied by that
model. For example, there may be a 50/50 chance of a con-
cept being valid. This 50/50 probability can be modeled, as
well as the uncertainty of the result given each assumption.

Compound Uncertainty. Finally, compound uncertainty
results when an uncertain result is assumed to be exact and be-
comes input for another process. This, of course, is the natural
flow of data in engineering calculations, and it must be consid-
ered in designing the probabilistic analysis. Compound un-
certainty can generally be avoided by modeling the uncertainty
at the stage where it can best be described. In one case, for
example, the log analysis criteria are varied to determine the
range of uncertainty associated with net thickness. It is im-
portant to identify the key uncertainties and to adequately re-
flect those uncertainties in the next level of computation.

Distributions of Unknown Variables

The single most important step of Monte Carlo simulation is
defining the input distributions. Often, however, certain criti-
cal data is limited or simply not available, making design of
distributions somewhat abstract. In the absence of complete
data, distributions must be based on judgments made by the
estimator.

Data uncertainty and model uncertainty can often be de-
scribed based on available data. Used judiciously, statistics
can be a powerful tool. The estimator should exercise judg-
ment and look for bias, particularly when the sample popula-
tions are small. Additionally, statistics should generally be
applied at the same level at which they were measured. The
lack of data sometimes requires that statistics be applied in less
than ideal ways. For example, an estimator may be forced to
assume that the statistics of a distribution in one area applies to
another area.

Frequently, factual evidence does not exist to permit statis-
tical analysis, and the estimator must rely on his experience
and judgment to select a reasonable range of input values and
a representative distribution type. Many reservoir parameters
tend to distribute themselves in normal or log normal forms.
In practice, triangular distributions are often used to approxi-
mate these distributions or represent values for parameters
whose distribution type is unknown,

An estimator should understand the implications of the
distribution he selects. Triangular distributions, for example,
imply that it is impossible to attain a value equal to or beyond
the extremes of the distribution. Additionally, when distribu-
tions are not symmetrical, the distribution favors either a high
side or a low side value. The most likely value (mode) located
at the peak of the distribution will not be the same as the me-
dian (P50) value or the expected value (average) of the distri-
bution. In the absence of data and when the estimator does not
have a good sense about relative probability, a uniform distri-
bution may be a good option. However, the estimator may
limit the range to maintain reasonableness, not over-
emphasizing unlikely results.
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It has been pointed out that estimators tend to have more
confidence in their estimates than they should, i.e. they choose
uncertainty ranges that are too narrow. After constructing a
distribution, the estimator should test his selection for reason-
ableness.” * The estimator may confirm, for example, that
there is about a 1 in 3 chance of the actual values being
lower/higher than the P30 and P70 values of the distribution.
However, the estimator should also be careful not to overesti-
mate or to skew inadvertently the bulk of the distribution.

When limited data is available, distributions should be de-
fined to include some probability at the values which are the
extremes of the data sets. This can mean assuming that a given
percentage, usually 5% or 10%, of the total population will fall
above/below the most extreme values encountered. The more
data points available, the less likely the actual distribution of

values will include many values outside the range encountered .

in the sample. If the extreme value of the data set is used as
the extreme of the distribution, then a conventional triangular
distribution should not be used. The endpoint values of a tri-
angular distribution have a zero probability. Alternatively, a
truncated triangular distribution as demonstrated in Figure 1
can be used. Truncated distributions are also useful in situa-
tions which do not allow values above or below a certain
point.

Process and Tools

In order to perform Monte Carlo-type finite difference simula-
tion, tools and procedures were developed to incorporate the
relevant types of uncertainty and to process the results. Simple
FORTRAN and spreadsheet-based programs can accomplish
these tasks. Software to perform the Monte Carlo and finite
difference simulations are readily available on the market.

The following list describes the generalized steps in the
process:

1. Identify the major uncertainties. The engincer must
define which variables have the most impact on the final result
and the source of the uncertainty in those values. This may in-
volve a limited number of simulation runs or analytical calcu-
lations.

2. Define the uncertainties. The uncertainties must be
quantified into probability distributions, including appropriate
correlations between variables.

3. Choose the number of Monte Carlo trials necessary
and create multiple realizations. Although thousands of tri-
als can be run, it is only necessary to simulate a few hundred
scenarios in order to adequately define the range of values
when the input distributions have been sampled using Latin
Hypercube Sampling (LHS). A Monte Carlo simulation must
be run to create the chosen number of combinations of vari-
ables.

4. Run the finite difference simulations. Using a pro-
gram which will automatically substitute the next combination
of parameters in the simulation input deck and rerun the simu-
lation, sequential simulations can be run in batch mode and the
rate forecasts for each well or combination of wells saved.
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5. Combine the results, if necessary. Depending on the
situation, the results of the simulations may be combined with
others in order to define a range of total forecasts for an entire
project. The process of combining multiple sets of probabilis-
tic forecasts should be tailored to the specific project. In many
instances, Monte Carlo techniques can also be applied here.

6. Statistically examine the final set of simulation out-
puts. In our work, we selected a sort criteria and determined
the P10, P50 and P90 profiles. The forecasts were ranked ac-
cording to a sort criteria related to the end use of the values.
For example, if the forecasts are used to determine the likeli-
hood of a given rate in a given year, then each year’s fore-
casted rates can be ranked separately. If the main issue is eco-
nomics of a project, then each forecast should be ranked re-
lated to economic return. Based on the resulting range of pre-
dictions, an informed decision can be made given the potential
rewards of a project and the decision-makers’ tolerance for
risk.

Data and Results

Case #1: Stacked Gas Sands. The first example of the Monte
Carlo simulation technique presented here involved a series of
stacked gas sands in an offshore location. Based on seismic
data, two wells plus a sidetrack had been drilled, establishing
the presence of 11 potentially productive zones. Many of the
zones were cored, and numerous RFT measurements were
taken. Among the 11 zones, there was significant uncertainty
in five parameters: net thickness, gas/water contact, porosity,
permeability and water saturation.

Net Thickness. Due to log analysis limitations, there were
significant uncertainties in the log-calculated net thickness
values. As the net pay cut-off criteria was the major driver in
the log analysis, it became the basis of a Monte Carlo analysis.
High side and low side net thicknesses were determined by
changing the two net pay cut-off criteria up and down by 20%.
The ratios of the resulting net pay thicknesses to the determi-
nistic value defined the endpoints of a triangular distribution of
net thickness ratios used in the Monte Carlo analysis.

Rather than defining a range of net thickness multipliers
based on an amorphous sense of uncertainty in the resulting
value, basing the range on the inputs to the calculation of net
thickness eliminated compound uncertainty and yielded a more
meaningful range of net thickness multipliers unique to each
zone. For example, in one zone, the net thickness multipliers
ranged from 0.47 to 3.00 while ancther zone varied only from
0.84 to 1.16.

Gas/Water Contact. The first well was drilled near the
crest of the structure and did not encounter any water zones.
The second well was drilled off structure, and though most of
the sands were present, many were wet. The presence of gas
in one well and water in the other made it possible to approxi-
mate the gas-water contact (GWC) directly from RFT data.
For zones with the contact between the wells, the uncertainty
in the GWC was the uncertainty in the pressures measured by
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RFT. Like the method used in net pay, this method quantifies
the uncertainty in the inputs to the calculations rather than the
uncertainty of the result.

For layers of limited areal extent which did not correlate
between the wells, a uniform distribution was chosen to repre-
sent a range of reasonable assumptions for GWC. In absolute
terms, the contact could be no higher than the lowest known
gas in the upstructure well, and it could be no lower than the
top of the correlation spot in the lower well. However, the
contact, and hence the areal extent, is not likely to occur over
the whole range of theoretical possibilities. The highest rea-
sonable contact was chosen to be one sand thickness below the
lowest known gas. The lowest reasonable contact was chosen
to be the same distance below the deterministic case contact as
the highest reasonable contact was above it. This algorithm
defined the possible range of contacts as approximately the
upper two-thirds of the displacement between the wells. This
distribution is consistent with geologic limitations, and it cap-
tures the downside possibility without exaggerating the upside.
A similar uniform distribution was used to define the contact
in the zones which tested gas in both wells.

Since the Monte Carlo results were to be used for internal
company decision-making and not public reserves reports,
standard US classifications of reserves did not constrain the
evaluation of potential gas-in-place. It would be possible,
however, to define the probabilities to align with the risks as-
sociated with a deterministic classification of reserves.

Porosity, Water Saturation and Permeability. Statistical
analysis was used to define the uncertainty in porosity and
water saturation values. Core analysis results were correlated
against log-based calculations in order to determine an empiri-
cal relationship between the two. The resulting correlations
supplied values of porosity and water saturation in zones with-
out direct measurements, and the scatter in the correlation was
the basis of the Monte Carlo analysis. Assuming the error
would form a normal distribution centered at zero, a distribu-
tion was defined using the standard deviation of the percent er-
ror in the correlation.

A similar analysis was attempted to quantify the uncer-
tainty in permeability. However, lab tests indicated that per-
meability was a strong function of overburden stress, casting
doubt on the core analysis run at low overburden stress. In-
stead of core data, permeability determined by pressure-
buildup analysis formed the basis of a non-linear, empirical
relationship to log readings. Although most predicted values
are close to measured values, the predicted permeability was
off by a factor as great as 3.

The small sample of data made it unreasonable to calculate an
average percent error. Instead, a triangular distribution of un-
certainty as shown in Figure 1 was used. If a conventional tri-
angular distribution had been used, then most of the cases
would have fallen above the most likely value. Rather than
exaggerate the upside in this manner, the distribution was cho-
sen so that fifty percent of cases will be high by up to a factor
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of 3, and fifty percent of cases will be low by a factor down to
one third.

Analysis and Conclusions. The number of trials necessary
to define P10 and P90 forecasts depends in part on how the
Monte Carlo simulation is run. If the simulation uses tradi-
tional sampling techniques to choose values for each trial, then
thousands of trials may be necessary to adequately define the
extremes of the outcome distribution. Latin Hypercube Sam-
pling (LHS) divides each input distribution into "bins" and
selects randomly in each bin before sampling from a bin a sec-
ond time. This methodology provides random sampling but
permits the outcome distribution to be adequately represented
using significantly fewer trials.*

The number of trials necessary depends upon the relation-
ships between the uncertain variables and the number of bins
used for LHS. In cases where P5 and P95 will be used for
analysis instead, more trials may be necessary. In this exam-
ple, LHS was used to create the combinations of parameters to
be used in each simulation, and examination of cross-plots of
variables confirmed that there was sufficient coverage of the
possible range of variables and combinations of variables.

To minimize the number of simulation runs necessary, a
prototype finite difference model was used to simulate 100,
400, and 1,000 combinations of variables. Comparison of the
resulting distribution of forecasts showed only a minor differ-
ence between the cases with 400 and 1,000 trials. Subsequent
comparison of the final set of 400 simulation runs to a set of
3,000 simulations runs confirmed that the 400 simulations
adequately captured the uncertainty in the forecasts. Figure 2
illustrates that comparison.

For each of the 11 zones, 400 finite difference simulations
were run based on the 400 combinations of variables produced
by the Monte Carlo simulation. The simulation model was a
two-phase, two-dimensional model with approximately 600
cells for each zone. A small FORTRAN driver program se-
quentially started the runs and saved the forecasts. The com-
putation time to run 400 simulations for each zone was ap-
proximately 13 hours, totaling about 150 hours to simulate all
the zones.

The result was 4,400 unique production forecasts repre-
senting 11 zones which would, in fact, produce simuitane-
ously. The forecasts had to be combined meaningfully to cre-
ate a forecast for the total field. Each zone was assumed to be
an independent event, i.e. there was no correlation between the
results for the different zones. A FORTRAN program ran-
domly sclected one of the 400 forecasts for each zone and
summed the forecasts for all zones.

Since there was some uncertainty as to whether the perme-
ability reduction exhibited in core analysis would in fact occur
in the field, a second set of simulations was run without per-
meability reduction due to increases in net overburden stress.
This analysis quantified the model uncertainty associated with
permeability reduction due to net stress effects.

Figure 3 illustrates the resulting P10, P50, P90 and deter-
ministic rates for each year from three of the eleven zones and
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for the combination of all zones in the permeability reduction
case. In zones A and C, the deterministic values were near the
center of the distributions for all the uncertain variables, and
the P50 rates agree very well with the deterministic forecast.
In zone B, however, the range of GWCs included a significant
probability that the contact would be deeper than was esti-
mated for the deterministic case. For this reason, the determi-
nistic forecast is closer to the P90 rates, and the probabilistic
analysis captures the upside potential.

The deterministic combination of forecasts exceeds the
P50 forecast in earlier years but falls below it in later years.
GWC assumptions in the deterministic case as described in
zone B above may account for this behavior. It should also be
noted that the P50 and deterministic may not be expected to be
exactly the same since they are different types of forecasts.
The P50 is a median, meaning that half of the forecasted rates
are greater and half are less than that value. The deterministic
forecast represents an opinion about the most likely, not the
median, outcome.

Figure 4 shows the distribution of forecasts over time for
all zones in the prospect combined. In early years, the distri-
bution depends on the number of wells that came on line, but
in later years, the distribution appears more normal, although
skewed. Later in the forecast, the distribution becomes bimo-
dal, apparently in response to the character of forecasts for
certain important reservoirs.

Case #2: Vent Gas Project. In this second example, the
owner of mineral rights in an area formerly mined for coal
proposed converting a vent from the abandoned mine into a
coalbed methane producer. Mcasurements of pressure and rate
had been made as gas was vented to the atmosphere over a two
month period. The large degree of uncertainty in critical res-
ervoir parameters and operating conditions made the project a
good candidate for probabilistic finite difference simulation.

Coal removal operations began at the mine around the turn
of the century and concentrated on the Top Hard seam.
Though the Top Hard is the largest seam, as many as 60 sepa-
rate coal seams had been identified within about 1,000 feet
above and below the Top Hard. Extensive removal of this
zone resulted in the destressing of the seams located immedi-
ately above and below the main workings. This destressing
caused both the non-coal rocks in between and the coal seams
themselves to expand, creating fissures and conduits for flow
into the tunnels of the main workings. Additionally, limited
mining operations branched into a few of the surrounding
seams. The proposed vent project is assumed to tap directly
into this combined system of mine workings and fissure-
connected coal seams.

Based on the available data, a numerical finite difference
simulation model was developed to simultaneously character-
ize the interaction between 1) the flow of gas through the tun-
nel workings, 2) the desorbtion of gas from the remaining un-
mined coal, 3) the flow of gas from the surrounding seams
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through fissures into the main tunnel workings, and 4) the pro-
ductivity of the vent against a range of producing pressures.

The finite difference model was history matched to the ex-
tsting measured data. The match quality was excellent, but the
range of flowing pressures used in the match was limited to the
variation in atmospheric pressure. Rate predictions against
pressures lower than about 14 psia represented an extrapola-
tion from the existing data. The limited duration of the test
also made the history match insensitive to certain parameters
important to long term production.

Relying on the history-tuned model, future gas rates were
forecast for a variety of reservoir parameters and producing
conditions. Probability distributions were established for ef-
fective drainage area, net coal thickness, effectiveness of the
connecting fissures, and flowing pressure. In order to select
the important parameters for the Monte Carlo simulation and
to define the distributions of some of the parameters, simula-
tions were run varying one parameter at a time. For example,
areal permeability of the surrounding coal seams was found
not to have a material impact on the future rates.

Drainage area was estimated to be very large based on the
extensive mine workings, but the lack of information about the
connectivity of the mine shafts caused uncertainty in the drain-
age area assumed. The range of flowing pressures was se-
lected based on discussions with the project’s designer and the
type of compression technology envisioned. Flowing pres-
sures were assumed constant over the life of the project,

Although important to the ultimate productivity of the well,
the effectiveness of the stress-induced fissures to transmit gas
from the surrounding coal seams into the main tunnel workings
was unknown. The final distribution was based on simulation
testing of the sensitivity to vertical connectivity. This analysis
showed that vertical connectivity needed to vary over two or-
ders of magnitude, from 0.01 to 1.0 millidarcies, in order to
capture the effects of this variable.

Actual data was available from shaft logs to define the net
thickness distribution. Detailed summaries of the logs were
created and clean coal thickness was calculated for coal seams
within 200 meters (about 650 feet) above and below the Top
Hard workings. Published data from other mines estimate that
coals this remote from the main workings can contribute gas
into the main tunnels.

Our analysis of the uncertainty in this project did not di-
rectly address one issue of model uncertainty. Since the mine
workings are not completely sealed from the surface, a risk
exists that too low flowing pressures might cause air to be
sucked into the mine, thereby contaminating the produced gas
with high levels of nitrogen and oxygen. However, because of
the large volume of gas-in-place and the modest assumptions
for future flowing pressures, we have assumed that the pro-
duced composition will not change materially over time.

Like in the previous example, a finite difference simulator
calculated forecasts of gas production rate for several hundred
random combinations of variables chosen from the input dis-
tributions described above. For each year, the P10, P50 and
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P90 were chosen based on the distribution of predicted rates
for that year. Forecasted gas rates and cumulative gas pro-
duced for the P10, P50, and P90 cases are depicted in Figure
6 and Figure 7.

In this example, there was less data to form a basis for the
uncertainty distributions, so the distributions had to be based
on subjective judgment. The example also demonstrates how
probabilistic finite difference simulation can be used to bound
forecasts after history-matching has helped to define some of
the variables and/or their likely ranges.

Case #3: Coalbed Methane Project. The third example also
addresses a coalbed methane project. In this case, it was pro-
posed to use conventional vertical wells to develop unmined
coalseams in an area with active mining operations. There had
been no production in the area, but a large amount of data was
available from nearly 200 core holes used to evaluate the coal
resources for mining purposes. In this case, a single well finite
difference model was chosen to simulate various combinations
of ten variable parameters.

After a review of the available data, the development area
was divided into three qualitatively different areas for the pur-
pose of defining uncertainties and forecasts. Because the core
holes which had been drilled had been intended to gather data
for coal mining instead of gas production, there were still large
uncertainties associated with many parameters. For each area,
ten important and uncertain variables were identified and de-
fined. They included ash content, gas saturation, reservoir
pressure, number of coal seams, thickness of coal seams, per-
meability, porosity, net stress dependent permeability, and
completion efficiency. In cases where good data was available
from core hole data, statistics were used to define the prob-
ability distributions of the parameters. Where little or no fac-
tual data existed, distributions were based on our experience
and judgment.

Ash Content, Number of Seams and Seam Thickness.
The data collected from core holes contained a good deal of
data related to ash content, number of seams and seam thick-
ness. For these parameters, distributions were fit to the avail-
able data. The analysis showed that a log normal distribution
best characterized the distribution of ash content. The number
of total seams present was chosen as a triangular distribution.
Not enough data was available to fit a more sophisticated dis-
tribution type since a relatively small number of the core holes
penetrated all zones.

The core hole data showed two distinct distributions for net
thickness. In both cases, a log normal distribution fit the sam-
ple data. However, a minimum net pay thickness of 0.3 me-
ters, approximately 1 ft, was chosen. Consequently, the distri-
bution reflects a truncation at 0.3 m as shown in Figure 8.

Permeability, Porosity, Completion Efficiency, and Gas
Saturation. The core hole data did not include any informa-
tion about the permeability or porosity of the coals. Triangular
distributions for these parameters were assumed based on our
experience in coalbed methane reservoirs. Under the assump-
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tion that the wells would be stimulated during completion, a
range of hydraulic fracture half-lengths was assumed to repre-
sent the completion efficiency.

Gas saturation was based on a combination of available
data and judgment. Gas saturation describes in situ gas con-
tent as a fraction of the theoretical maximum. Despite the pos-
sibility that the coals would be fully saturated with methane
when drilled, available data led us to believe that there was a
significant probability that the coals would be discovered in an
undersaturated state. Three different saturation distributions
were defined to describe the three regions, but the same meth-
odology was used in each case.

A single probability was used to define whether or not the
coal would be fully saturated. For each trial in which the coal
was determined to be undersaturated, a second distribution
predicted the degree of undersaturation. For example, Region
I was considered to have only a fifty percent chance of being
fully saturated, based on the available data. One distribution
captured this eitherfor probability. A second distribution
shaped as a triangle was used to define the degree of under-
saturation. The minimum and most likely undersaturation was
chosen to be zero with the probability declining to a maximum
undersaturation of 20%.

Reservoir Pressure and Net Stress Dependent Permeabil-
ity. Uniform distributions were defined for the possible range
of reservoir pressure and overburden net stress. For each re-
gion, the initial reservoir pressure distribution included a range
of pressures based on a normal pressure gradient and geologic-
structure.

Overburden net stress may have an impact on coal cleat
permeability over the large vertical interval where coal seams
are found. Because the area has not been developed, it is not
known whether these coal seams would exhibit permeability
net stress effects. However, coals in other basins have docu-
mented net stress relationships. The probabilistic simulation
included the possible effect of net stress by defining a uniform
distribution for a "net stress factor,” ranging from zero to 1.0.
The net stress factor was defined so that permeability was not
a function of overburden net stress if the randomly selected net
stress factor equals zero. However, if a net stress factor of 1.0
was randomly selected, then the permeability was 100% a
function of overburden net stress. The adaptation of a net
stress factor made it possible to describe a uniform distribution
including all possibilities. The uniform distribution aptly de-
scribed the situation since they are best suited to situations of
large uncertainty with absolute limits to the range.

Combine the Results. Given these distributions, Monte
Carlo simulations using Latin Hypercube Sampling created
hundreds of combinations of parameters for each of the three
regions. A single well simulator was used to predict the pro-
duction for each combination of variables. As in the stacked
gas sands project, a second set of simulations was run for each
area to consider fundamental differences in assumptions. In
this case, the second set of runs helped to defined the effects of
doubling the well spacing.
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Rate forecasts for this project had to be combined in a dif-
ferent way than in the stacked gas sands project. The three re-
gions were treated as separate and independent development
decisions and were not combined to create a total forecast.
However, the simulations forecasted rates for individual wells
rather than for an entire region, raising the issue of how to cre-
ate forecasts for each region as a whole.

Unlike the first example, the forecasts which should be
combined were not independent of each other. Many of the
uncertain parameters would be highly correlated between
wells. Random individual well forecasts should not be com-
bined to create a total forecast for each region. Instead, each
single well forecast was grossed up to describe the forecast for
the region by multiplying the forecast by the number of wells
to be drilled in the region.

Of course, there should have been some correlation be-
tween the forecasts of "independent” zones in the stacked gas
sands project, and there should have been some variability
among the "completely dependent” forecasts for each well in
each region in the coalbed methane project. However, a meth-
odology to incorporate the proper dependencies while permit-
ting the proper independencies appears to require many more
simulations than used for these cases.

Including the correlations between zones or wells in the
Monte Carlo simulation of parameters was relatively simple,
once the correlations were defined. For the combination of the
resulting finite difference simulations to be meaningful, the fi-
nite difference simulations must be combined in the same way
in which the inputs were generated. Although a few hundred
combinations of parameters may be sufficient to describe the
uncertainties in a single finite difference simulation, many
more may be necessary to capture the distribution of total
forecasts if that total is to accurately reflect the inter-
dependencies between events.

Determine P10, P50, P90 Forecasts. In previous exam-
ples, the forecasted rates for each year were sorted and the
P10, P50, and P90 values were identified from each year’s
distribution. This type of analysis produces the probability of
a rate greater than a given value in a given year independent of
the rate in any other year. Since the rates in a forecast are de-
pendent on those of previous years, it is not proper to con-
glomerate the P10 or P90 rate for cach year into a P10 or P90
forecast. If the forecasts never crossed, then the P10 forecast
would be the same as the P10 rates for each year using many
sort criteria. In these examples, it appears that there is little
difference between the results of the two methods, although
differences increased in the later years of the forecasts.

The gas production profiles were sorted on a discounted
ultimate recovery basis for the purpose of selecting the P10,
PS0 and P90 probabilistic profiles. Assuming similar cost and
capital requirements, discounting gas volumes approximates a
sort based on net present value. Once the forecasts are ranked,
the forecasts can be chosen at appropriate percentiles.

Since the selected probabilistic curve can look quite differ-
ent when compared to its neighboring profiles, the final re-
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ported profiles were based on arithmetic averages of the sur-
rounding curves. For example, the final P50 curve is the
arithmetic average of the actual PS5O curve and the six sur-
rounding curves (i.e., curves PSO minus 3 through P50 plus 3).
Figures 9 through 11 show the P10, P50 and P90 gross gas
profiles for Regions 1, 2, and 3. The probabilistic water pro-
files were determined by averaging the companion water pro-
files associated with the gas profiles identified in the selection
process. In all three regions, the predicted ultimate recovery
formed a normal distribution. Figure 12 is a probability graph
of ultimate recovery for Region 2 demonstrating this observa-
tion. The forecasts for each region became input to full eco-
nomic analyses.

On the basis of this study, the developer decided that the
downside potential of two of the three regions was too great.
The developer planned a pilot drilling program in the third re-
gion, expecting that the new wells might reduce the risk in that
area and in the other two.

Conclusions

I. Monte Carlo techniques used with finite difference
simulations can quantify the uncertainty in forecasts of pro-
duction,

2. Selection of the P10, P50, P90 results should be based
on the final use of the forecasts.

3. In the case for which a comparison was made, the re-
lationship between the P50 forecast and the deterministic fore-
cast seemed to depend on the relationship between the deter-
ministic inputs and the range of possible values used in the
probabilistic analysis.
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Nomenclature
P10 = 90th percentile, i.e. 10% of the population exceeds
this value
P50 = 50th percentile, i.e. the median of the population
P90 = 10th percentile, i.e. 90% of the population exceeds
this value
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Figure 5—Histograms of total field forecasts for every other year.
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