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Abstract

Net-to-gross (NTG) is the fraction of reservoir volume occupied by hydrocarbon-
bearing rocks. It is a global attribute and as such no replicate of it can be found over
the reservoir. An estimate of global NTG is obtained from wells, but this estimate
depends heavily on the location of the few wells available. If these wells were located
elsewhere the NTG estimate would have been different. Wells at reservoir appraisal
stage are few because they are expensive, and they tend to be preferentially located
in high pay zones. Consequently, any naive estimate of NTG from these wells is likely

to over-estimate the global NTG.

Since new wells cannot be drilled from the real reservoir to assess uncertainty,
synthetic wells are re-sampled from stochastic realizations of reservoir facies which
are conditioned to all available data. Stochastic realizations, however, require a prior
knowledge of the structural model and of a global NTG, which are both highly uncer-
tain at appraisal stage. Hence, we propose to consider alternative structural models,
and to randomize the global NTG value corresponding to each structural model. The
structural model is randomized by considering alternate geological interpretations
that fit all existing data. The global NTG associated with each particular geolog-
ical interpretation is randomized by considering a probability distribution of global
NTG value, which represents both the possible range of NTG values and the prior
probability of those NTG values. Such a distribution can be obtained by pooling
together NTG values of previously discovered reservoirs that are deemed analogous
to the newly discovered reservoir. This prior probability distribution is then updated
into a posterior probability distribution given the NTG estimate observed from the

actual reservoir data.



To perform this update, the prior NTG distribution is first discretized into M
classes. For each class a representative facies realization is simulated from each geo-
logical scenario. All such realizations must honor all available data. Synthetic data
sets are re-sampled from this realization by following the initial drilling strategy. The
NTG estimates computed from these synthetic data sets provide the likelihood of ob-
serving the initial NTG estimate in a simulated reservoir with that global NTG. Then
using Bayes rule, the prior probability of the global reservoir NTG being in any given
class m is updated given the observed NTG estimate. Repeating this procedure for
all prior global NTG classes provides the posterior probability distribution of global
NTG. This posterior global NTG distribution is a model of uncertainty specific to the
reservoir under study and to a particular geological scenario. Posterior distributions
corresponding to different geological scenarios can be combined into a single posterior,

but this calls for a prior probability of occurence of each scenario.

Tests on a synthetic reservoir reveal that both initial NTG estimate and prior
NTG distribution have a large impact on the posterior NTG distribution. A biased
NTG estimate would result in non-representative posterior uncertainty intervals. Due
to its exhaustive coverage, incorporating seismic data helps correct the bias due to
preferential well location. In addition, using a prior NTG distribution based on
relevant historical information helps obtaining more representative posterior NTG
uncertainty models. Posterior statistics also depend on the discretization of the prior
NTG distribution. An early sensitivity analysis should be performed to determine

the appropriate level of discretization.

Application of the workflow to an actual deep-water reservoir showed that the
impact of the geological scenario on the posterior NTG distribution is larger when
the facies geometries are very different. The range of the posterior distribution is
always smaller than that of the prior distribution. The shape of the prior distribution
impacts the posterior probability. With each additional well the posterior uncertainty
intervals shrink, indicating that more data reduces uncertainty. The case study also
revealed challenges encountered in practice, such as re-sampling from domains of
varying thickness and deducing facies proportions from a global NTG value in the

multiple facies case.

vi



The proposed workflow is demanding because it requires more decisions and mod-
eling effort than any of the existing approaches. But in return it provides more
informed models of NTG uncertainty reflecting a company’s geological expertise and
historical information. These valuable sources of information must be incorporated
when assessing NTG uncertainty, especially at appraisal stage when well data is sparse
and the stakes are high. There is no such thing as an objective or true model of un-
certainty since each model is necessarily a result of multiple subjective decisions that

go into building that model.
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Chapter 1

Global uncertainty assessment

1.1 Introduction

When a new hydrocarbon reservoir is discovered, many factors influence the decision
of whether to develop or abandon that reservoir. These factors include the Hydrocar-
bons in Place (HIP), the location of the reservoir (e.g. deep water or shallow water),
the type of hydrocarbon (e.g. oil or gas), the demand for that hydrocarbon, the
price of the hydrocarbon, etc. Many of these factors are determined by the existing
economic conditions, while others are a direct result of the geological setting. Due
to the high costs and risks associated with hydrocarbon exploration, it is not enough
that the exploration well confirms the presence of hydrocarbons. To justify the costs
of developing a newly discovered reservoir, it is crucial to know early on the spatial

and uncertainty distribution of HIP in the reservoir.

HIP or more specifically Oil in Place (OIP) is given by:
OIP =V « NTG %% S, (1.1)

where V' is the reservoir volume, NT'G is the net-to-gross ratio, ¢ is the average
porosity of the reservoir quality rock, and S, is the oil saturation. To obtain the
uncertainty about OIP, one must assess the uncertainty about each of these quantities

and combine them accounting for any dependence between them. Net-to-gross (NTG)

1



2 CHAPTER 1. GLOBAL UNCERTAINTY ASSESSMENT

is defined as the ratio of volume of pay rock to the gross reservoir volume. Pay rock,
also referred to as net pay, pay sand or pay zone, is defined as the local reservoir
interval that contains economically producible hydrocarbons. The overall interval in
which pay sections occur is the gross pay; the smaller portions of the gross pay that
meet local criteria for pay (such as minimum porosity, permeability and hydrocarbon

saturation) are net pay.

The first step in reserve computation is to define the gross reservoir volume. Then,
the fraction of this gross volume that is occupied by pay rocks is computed, followed
by the porosity, permeability and oil saturation of the pay rocks. Reservoir volume is
typically obtained from interpretation of 3D seismic data. Major faults and bounding
surfaces are identified by tracing amplitude peaks on sections of seismic amplitude.
This demarkation is prone to interpretation errors, which is a source of volume un-
certainty. The resolution of the seismic data is another issue; surface seismic surveys

have limited horizontal and vertical resolutions, both of which decrease with depth.

For reserve computation, discretization of the reservoir volume is an equally con-
sequential decision. Changing the horizontal and vertical grid resolution can affect
the reserve estimates. For instance, if the vertical grid size is larger then the ver-
tical well log resolution, then only an averaged facies value can be assigned to the
grid blocks that are colocated with the well log; this would result in different facies
proportions, hence different NTG estimate. For accurate reserve computation, it is
better to adopt a fine grid resolution, both horizontally and vertically. Grid resolu-
tion can be guided by the average size of the geological features being modeled. The
vertical resolution can also be taken from the smallest vertical resolution of available
vertical data, for instance well log data. At appraisal stage, the grid resolution is
only limited by the corresponding computation cost associated with simulation of fa-
cies and petrophysical properties, which is computationally less expensive than flow

simulation.

A major source of uncertainty in volume computation is related to uncertainty
in time-to-depth conversion (Sheriff and Geldart, 1995). In simple terms, seismic
amplitude is a response of acoustic waves reflected and refracted through the reservoir

rocks and fluids. Consequently, the seismic response is originally recorded in the time
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domain. Reservoir models are built in the depth domain. To convert seismic signals
from time to depth domain, many assumptions must be made about the types and
distribution of reservoir rocks and fluids, their acoustic properties such as density
and velocity, the nature of overburden, etc. Each of these parameters are highly
uncertain. Inaccurate modeling of these parameters leads to inaccurate time-to-depth
conversion. Great strides have been made in seismic data processing, however it still
remains largely deterministic. Some headway is being made in accounting for some

of these sources of uncertainty through a stochastic approach (Clapp, 2001, 2003).

Reservoir volume and NTG have the largest impact on reserve computations,
hence the corresponding uncertainties should be carefully assessed before proceeding
into elaborate porosity and saturation models. Volume uncertainty is directly related
to seismic processing and interpretation, which is beyond the scope of this research.
This research focuses on the second most consequential uncertainty, that related to

reservoir NTG.

Difference between local and global uncertainty assessment should be noted. Net-
to-gross is a global parameter, i.e. it has a single value over the entire reservoir.
Unlike a local parameter, it has no replicate. Geostatistical simulation techniques
aim at assessing the local uncertainty at any unsampled location in the reservoir, but
require global parameters such as the facies global proportions and variograms, which
are themselves uncertain. For instance, sequential indicator simulation (Goovaerts,
1997) of two rock types produces a set of simulated images of the spatial distribution
of these two rock types, that all globally honor a prior target proportion or NTG
value. The variations of NTG observed from one realization to another are just
ergodic fluctuations around this target, caused due to the finite size of simulation
field. Such ergodic fluctuations do not account for the uncertainty about the target
input for NTG. Characterization of local uncertainty is useful for well planning and
development. But at the appraisal stage the top priority is to determine if the reservoir

is worth the risk, given the uncertainty in OIP which includes that on NTG.
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1.2 Literature review

The global NTG of any reservoir is a single, but unknown value. The uncertainty
about this NTG value stems from our limited knowledge about it. In subsurface
resource exploitation, the direct data provide a very small window into the actual
field; these data tend to be sparse and they have a much smaller volume support than
the domain to be exploited. Due to this sparse sampling and support difference, the
global estimates derived from these data are unlikely to be accurate representations
of the true global value, unless the subsurface heterogeneity is extremely simple. Such
simple cases are exceptions rather than the rule as proven repeatedly by modern 3D
seismic imaging.

The objective of drilling wells during exploration stage is generally to confirm
presence or absense of oil-bearing reservoir rocks. Thus, such wells are often prefer-
entially drilled in the high pay zones, as determined from seismic data. The wells may
be clustered if they were drilled from the same offshore platform. This combination of
sparse and preferentially located data can result in an overly optimistic NTG estimate
biased towards higher values. It is critical to correct for the biased well estimate by
utilizing other data, such as seismic data which provides a quasi-exhaustive spatial

coverage.

A global parameter (a) like NTG by definition has no replicate. We have an
estimate (a*) of this global parameter from local data (d). The classical bootstrap
method proposed by Efron (1979) is well-known method for assessing uncertainty
about a global parameter estimate a*. It consists of drawing K independent synthetic
datasets D = di; k= 1,..., K by re-sampling with replacement from the set of actual
observed data dy. The same estimation algorithm is applied on the K synthetic sets
to obtain confidence intervals on the global parameter under study. The goal of this
technique is to assess the uncertainty on sample statistics given an alternative, but
equivalent, sample group from the same original data. This sampling is done with
replacement, hence removing any spatial correlation that may exist between the data.
Such procedure is not appropriate in earth sciences as the sequence of data along a

well is not random; it was produced by specific geologic events, hence the data are



1.2. LITERATURE REVIEW 3

spatially correlated.

The approach of Haas and Formery (2002) is also founded on the data indepen-
dence hypothesis. In the case of facies proportions, if the facies data are independently
drawn from the reservoir, they may be assumed to follow a multinomial distribution.
Let x be the vector of facies proportions and let n denote a vector of facies sam-
ples observed along the well(s). The distribution py(n) follows a multinomial law.
Haas and Formery (2002) show analytically that if the prior probability of the facies
proportions is uniform or Dirichlet, then the probability distribution of the unknown
facies proportions is also Dirichlet. The parameters of this distribution are obtained

by Bayes inversion as:

o Pe(0) X o)
fn( ) po(l’l)

where, fn(x) is the pdf of proportion vector x given n, fy(x) is the prior pdf of

(1.2)

proportion vector x, and py(n) is the prior pdf of the number vector n.

Biver et al. (2002) have applied this methodology to assess uncertainty about
global facies proportions in a field at the appraisal stage. They propose to account
for spatial dependency by declustering the data using a variogram model. However,
this is questionable because (1) such variogram model is necessarily arbitrary, (2) the
observed proportions do not follow a multinomial distribution if the data are spatially
correlated. As discussed earlier, independence hypotheses are not applicable in earth
sciences where data are spatially correlated. Ignoring spatial dependency and data
redundancy is likely to produce too narrow uncertainty ranges. Bitanov and Journel
(2004) have shown that both classical bootstrap and Dirichlet approach could indeed
lead to over-optimistic (narrow) confidence intervals. Also, both classical bootstrap
and the Dirichlet approaches assume that the data are unbiased, representative of
the global NTG value. The estimate of reservoir NTG obtained from wells clearly
depends on the location of these wells. If the wells were drilled elsewhere, the estimate
would have been different. Moreover, since appraisal stage wells tend to be sparse
and preferentially located the estimate from such wells is likely to over-estimate the
true global NTG value.
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To overcome the limitations of the classical bootstrap method Journel (1993) pro-
posed the spatial bootstrap method to assess global uncertainty. Instead of resampling
from the actual observed data, spatial bootstrap involves resampling alternate sets
of data from simulated fields. By resampling from a spatially correlated field, the
spatial dependency of the data is accounted for when building the uncertainty in-
tervals. Moreover, this method can integrate secondary information such as seismic
data during NTG estimation and field simulation stage. Figure 1.1 shows the general

workflow for spatial bootstrap.

Data: wells,

seismic, etc
Re-sample |
gen.e.rate synthetic wells |
conditional ||[[—————|
realizations L

Geological scenario: Distribution of

Variogram model, NTG estimates
training image, etc

Figure 1.1: NTG uncertainty assessment using spatial bootstrap.

Because it accounts for spatial correlation spatial bootstrap is an attractive method
for assessing global uncertainty. However, the uncertainty intervals obtained using
this method depend on the spatial correlation model and input global NTG values
used for generating the simulated facies realizations. These two input parameters are
highly uncertain at appraisal stage when well data is sparse. Norris et al. (1993) use
the NTG estimate from the appraisal stage wells as input global NTG for generating
multiple facies realizations. They resample synthetic wells from these realizations by
freezing the initial well pattern to obtain a distribution of NTG estimates. From
this distribution, they retain the ps, pso, and pgs NTG values to generate three fa-
cies realizations to be used for reserve computation. They claim that these three
stochastic models fully account for geological and sampling uncertainty. This claim is
far-fetched because of two reasons: 1) a single geological scenario (in their case a set
of indicator variograms) is used for generating the facies realizations, which may not

be appropriate given the high geological uncertainty at appraisal stage; 2) the well
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estimate might not be representative of the input global NTG value. Had they used a
different geological scenario and a different global NTG value for generating the facies
realizations, they would have obtained a different NTG distribution. Moreover, they
did not use seismic data either when estimating the input NTG or when simulating
the facies realizations. Bitanov and Journel (2004) have shown that seismic data can
help correct for the bias in well estimate due to preferential well location.

To overcome these limitations of spatial bootstrap, Caumon and Journel (2004)
propose to randomize both, the geological scenario and the prior global NTG value
corresponding to each scenario. Their workflow still builds on the spatial bootstrap
concept but accounts for additional uncertainty related to the geological scenario and

the corresponding global NTG. This workflow is described in the next section.

1.3 Workflow for NTG Uncertainty Assessment

As discussed earlier, spatial bootstrap results depend on the geological scenario and
the global NTG value used for simulating the realizations from which synthetic data
sets are sampled. At appraisal stage we have few direct observations from which
to determine a unique geological scenario. Caumon and Journel (2004) propose to
retain all reasonable geological interpretations that fit the available data. For any
given geological interpretation or scenario, they randomize the global NTG values
that this scenario can take.

The workflow initially proposed by Caumon and Journel (2004) and further de-
veloped by Maharaja (2006) is presented in Figure(1.2l This workflow can be divided

into five main stages which are described below.

1.3.1 Net-to-gross estimation

The first step in net-to-gross (NTG) uncertainty assessment is to obtain a NTG “best”
estimate using all available data. We denote the data as the random variable (RV)
vector D. The bold face indicates that data are multiple and vectorial, i.e. they

include well, seismic, and any other available numerical information. The actual data
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Figure 1.2: Workflow for global net-to-gross uncertainty assessment.
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d, obtained from the reservoir is one realization of this RV. Other realizations of the
data can be obtained by randomizing for example the data location. Since, the NTG
estimate depends on the data, it is also cast as a RV A*. It can be seen as a summary
of the data obtained by applying some estimation function ®. The estimate obtained
from the actual data dg is one realization of RV A* = af = ®(dy). Ideally, a model
of uncertainty about A should not be related to a particular estimator of A; i.e. we
should retain the entire data set dy and not just a summary of that data. However,
assessing the likelihood of a large vector of data dg is extremely difficult. Obtaining
exact replicates of facies along the original wells by resampling from facies realizations
requires a very large number of simulations; it is much easier to obtain replicates of

a summary of the original data event.

The estimate af is a function of both the data and the estimation algorithm
used for summarizing the data. One way of randomizing A* is to randomize the
well location. Another way of randomizing A* is by retaining a different estimation
algorithm, or by considering alternative well log interpretations and seismic data

processing.

NTG is defined as the ratio of volume of pay rock to total rock volume in the
reservoir. Direct observation about rock-type comes from cores. The sequence of
rocks along a core is divided into facies. Different facies have different proportions
of sand and mud. For example floodbasin facies is dominantly mud, while channel
facies is dominantly sand. Facies interpretation from sparse cores is necessarily sub-
jective; different geologists would come up with different facies divisions from the
same set of cores. This is because facies interpretation is always done with a partic-
ular depositional setting in mind. Facies stacking patterns for different depositional
environments have been documented. The difficulty is that cores only sample a very
small portion of the reservoir. Hence, even the best geologist may not be able to
deduce unequivocally a single geological setting from inspecting a few cores. This in-
terpretation uncertainty impacts the NTG uncertainty assessment. Moreover, parts
of the core may be missing and the exact depth of the cored interval may not be

known accurately.

It is uncommon to have cores from all wells at appraisal stage. Well-logs, which
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are an indirect measurement of some rock or petrophysical property, are more preva-
lent. Examples of well logs include gamma ray and spontaneous potential logs which
are indicators of shale content; sonic, neutron and density logs which are proxies
for porosity (Bassiouni, 1994). Where available, log response is calibrated using
core data. Along with interpretation error, well-log data may also contain mea-
surement errors due to tool malfunctioning, borehole conditions, etc. The uncer-
tainty from these sources is rarely quantified and the data are accepted as is. Re-
cently, Akamine and Caers (2007) have attempted to address the uncertainty in well

log data due to interpretation and measurement errors.

A net-to-gross estimate obtained by averaging sand observations at the wells alone
is bound to be non-representative of the global NTG value since the wells tend to
be preferentially located. A better, more representative NTG estimate may be ob-
tained by using seismic data which provide a quasi-exhaustive spatial coverage of the
reservoir. Like well logs, seismic data is also an indirect indicator of facies; hence, it
must be calibrated using facies observations at wells. Many different calibration tech-
niques have been proposed and used (Fournier and Derain, 1995; Goovaerts, 1997;
Caers and Ma, 2002; Strebelle et al., 2002). The major stumbling block for many
of these techniques is that they might not be robust in sparse data situation pre-
vailing in early reservoir assessment. A simpler, but more robust method, would
be more suitable for such situation. One such method is Bayes inversion as used
by Bitanov and Journel (2004).

In the Bayes inversion method, the colocated facies-impedance pairs are used to
compute the likelihood of observing impedance value s; given a facies category f;,
P(S =s; | F = f;). The facies proportions computed from wells are used as the prior
facies probability, P(F = f;). Since the well data is sparse, a smoothing function is
applied to these likelihoods. For each facies category, Bayes inversion is then applied
at each grid location, u, to compute the probability of observing that facies category
given the observed impedance value at that location (Equation 1.3). Here, n refers
to the number of facies; m is the number of classes used to discretize the impedance
distribution. In Equation/1.3} P(F = f;) is the proportion of facies i and it is obtained
from the wells. Hence, Equation can be interpreted as the update of well facies
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proportions using seismic data.

PG = £ Stu) =5y ) = o= Z 2 PRSI

where ¢ = 1,...,n and 7 = 1,...,m. By performing Bayes inversion at each grid
location for the n facies categories we get n facies probability cubes; the average of

these 3D maps is the updated proportion p; for each facies ¢ (Equation 1.4).
pi=Y P(F=fi(u)|S=su)) (1.4)

The seismic-derived estimate depends greatly on the quality of seismic data and
the quality of calibration data. Quality of seismic data refers to the ability of seismic
data to discriminate between the different reservoir facies. The seismic response is a
function of contrasts in density and velocity, both of which are controlled not only
by lithology, but also by diagenetic alteration, type of pore fluids, etc. For NTG
estimation purpose, the smaller the overlap between the different seismic likelihoods
P(S =s; | F = f;) the better the discrimination between facies; hence, better quality

seismic.

The overlap between the seismic likelihood distributions also depends on the cali-
bration data from which they are derived. If the calibration data is sparse and biased
towards one facies, then the resulting seismic likelihoods would also be biased toward
that facies. For example, if all the available wells are located in low impedance (high
pay) zones, then the calibration will be biased toward the high pay facies, because
the calibration data is dominated by such facies. In the worst case scenario (complete
overlap between likelihood histograms), the seismic-derived estimate will revert to
the well-derived proportions P(F = f;) (no update), see Equation 1.3

The NTG estimate also depends on the calibration algorithm used and the pa-
rameters of that algorithm. For example, in Bayes inversion, the resulting estimate
depends on the number of seismic classes, the procedure used for smoothing the like-
lihoods, etc. Note that the conceptual framework presented here does not call for any

specific algorithm to calibrate seismic and well data.
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1.3.2 Building geological scenarios

The uncertainty about the geological setting at appraisal stage is expressed through
the random variable G. The different geological scenarios g, with £ =1,..., K are
the realizations of this vectorial RV. As discussed in section [1.3.1] the uncertainty
about geological setting stems primarily from data sparsity. To account for this
uncertainty alternate, competing geological interpretations that fit the available data
should be considered until some could be eliminated by subsequently acquired data,
see panel A in Figure[1.2.

The level of details to be incorporated in initial geological models depends on the
company philosophy and amount of time available for building such models. Some
companies may prefer quick-and-dirty models for initial evaluation, while others may
insist on building models with already lamina-scale details. Either model is fine
as long as it is understood that these models will be used for sampling synthetic
data sets; hence, they must be conditioned to all relevant available data, including
dense seismic data. Global NTG is an average of sand over the entire reservoir, thus
models that capture the large-scale geological heterogeneity are sufficient for NTG
uncertainty assessment. More detailed models may be necessary at later stage for

well planning and recovery efforts, but most details are an overkill at appraisal stage.

Geostatistical simulation techniques are widely used for generating facies realiza-
tions. Each technique requires an input structural model which can be as simple
as a variogram (Goovaerts, 1997) or it can be a fully explicit multiple-point model
such as a training image (Remy et al., 2008). Geologists are more apt at express-
ing geological heterogeneity through images, consequently, they might find Tis to be
more intuitive than variograms. A training image (Ti) is a conceptual representa-
tion of types and spatial distributions of patterns deemed present in the sub-surface.
It need not have any local accuracy, hence it can be generated using unconditional
Boolean simulation (Lantuejoul, 2002). Local accuracy is achieved by the data con-
ditioning multiple-point simulation (mps) algorithms. Two such mps algorithms,
snesim (Strebelle, 2002), and filtersim (Zhang, 2006), are available in the Stanford
Geostatistical Modeling Software (SGeMS) (Remy et al., 2008).



1.3. WORKFLOW FOR NTG UNCERTAINTY ASSESSMENT 13

The virtual reservoirs from which synthetic wells are re-sampled are not the con-
ceptual models (variograms and Tis), but the conditional realizations generated using
these conceptual models. Thus, the simulation algorithm, the parameters of that algo-
rithm, and the conditioning data jointly define the geological scenario underlying the
simulated realizations actually used for resampling. The simulation domain (volume)

is also an important element of the geological scenario.

1.3.3 Prior net-to-gross distribution

Along with a structural model, prior global facies proportions are a required input
for geostatistical simulation of facies. Since these proportions are uncertain at ap-
praisal stage, they are treated as a random variable A. The true, but unknown, global
NTG value of the reservoir aq is a realization of this RV. A prior probability distri-
bution of global NTG represents the range of possible NTG values that a specific
geological scenario can take P(A = a|G = gx). Thus, each geological scenario has its
associated prior NTG distribution, see panel B in Figure Ideally, such a prior
distribution is obtained by pooling together NTG values observed from previously
discovered reservoirs or outcrops that are deemed analogous to that scenario. This
allows each company to capitalize on their past experience and geological expertise.
If no database is available to quantitatively obtain a prior distribution, then one
may retain different types of distributions based on the available information. For
instance, if the geologist has an idea about the range of the global NTG values, then
uniform, triangular, and Gaussian distributions can be retained. For the triangular
distribution, additional information is required to determine the mode; in that case

alternate triangular distributions with different modes may be retained.

By resampling synthetic data sets from virtual reservoirs, spatial bootstrap as-
sesses the uncertainty about the global NTG estimate aj for a given geological model
and global NTG value A = a,,. This uncertainty assessment takes the form of a prob-
ability distribution P(A* = a§|G = gk, A = a,,). As such, the global NTG value is an
input to the geostatistical algorithm, hence it should be included in the definition of

the geological scenario. However, for the convenience of notation, we keep these two
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RVs (G and A) separate.
By casting the global NTG as an RV, the problem of global uncertainty assessment

is recast as follows: what is the posterior probability of given global NTG value given
an observed estimate P(A = a,,|A* = af). This posterior probability can be obtained
using Bayes inversion rule. Spatial bootstrap provides the likelihood of observing an
estimate for a given global NTG value and geological scenario. Classical Bayesian
approaches assume a Gaussian data likelihood function to update the prior proba-
bility into the posterior probability (Biver et al., 1996). Although our methodology
also utilizes a Bayesian framework, no prior assumption is made about the type of

likelihood function; spatial bootstrap determines that data likelihood function.

1.3.4 Spatial bootstrap

Spatial bootstrap is an important component of the proposed workflow, see panel C
in Figure 1.2l It provides the likelihood of observing a NTG estimate for a given
geological scenario and global NTG value. Since one does not have the luxury of
drilling new wells from the actual reservoir due to economic constraints, synthetic
wells are re-sampled from virtual (simulated) representations of the reservoir. Spatial
bootstrap is more suitable to earth sciences data sets because data along a well and
between wells are spatially correlated. When resampling from a virtual field, this
correlation must be honored. This can be achieved by preserving the original drilling
strategy applied to a geological representation of that correlation.

The original well pattern can be honored in two ways: 1) by freezing the ex-
act inter-well geometry of the original well configuration and moving this config-
uration as a whole when re-sampling, or 2) by maintaining a minimum distance
between the synthetic wells so that no two wells are closer than the prescribed dis-
tance (Caumon et al., 2004). This second constraint does not prevent the wells from
being farther away from one another than in the original pattern. The decision of
which sampling strategy to mimick in any particular application depends on several
things. If the actual wells are known to be drilled in a specific pattern for a known

reason (for example to verify the extent of a lobe or determine channel directions),
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then this pattern should be honored. If it is not honored then the NTG estimates
from the synthetic wells may not have the same level of redundancy as the actual
wells, which will result in non-representative uncertainty intervals.

Recall that the goal of spatial bootstrap is to honor a particular structural and
redundancy model between and along the wells when building uncertainty intervals.
For the same structural model (geological scenario), different well configurations will
produce different uncertainty intervals. For instance, consider three wells that are
drilled in a curvilinear pattern to hit a channelized section of the reservoir. Because
of this channelized pattern these three wells are highly redundant, if the simulated
geological scenario does reflect channels. If this well configuration is not repeated
during re-sampling, then the synthetic wells will not reflect the redundancy of the
actual wells. Along with initial drilling strategy, it is also important to honor the
number of wells and number of samples per well when re-sampling from simulated
realizations.

Note: Spatial bootstrap, like any other statistical technique, is not suitable for
global uncertainty assessment when the range of the phenomenon is much larger than
the size of the simulation field. Ergodic fluctutations supersede spatial variability in

such cases, see Chiles and Delfiner (1999) for a discussion on ergodicity.

1.3.5 Update prior NTG distribution

Associated with each geological scenario, G = g, is a prior probability distribution
of global NTG P(A|G = g), see Figure 1.2, Panel A. That prior NTG distribution
is a continuous distribution. For computational reasons, that prior distribution is
discretized into M classes resulting in M realizations of the NTG, a,,,m=1,..., M,
see Figure Panel B. To update the prior probability of each class of global NTG

given the observed NTG estimate aj, the workflow proceeds as follows:

e From class m pick a representative global NTG value a,,. Using this global

NTG value simulate L facies realizations that honor all available reservoir data.

e Freezing the initial drilling strategy, sample N sets of synthetic wells from each
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of the L realizations by randomizing the well locations. Compute a distribution

of NTG estimates using these N * L estimates, aj, ..., ay .

e From this distribution retain the likelihood of observing the initial NTG esti-
mate af for the given class of true NTG and the given geological scenario,
PA*=a}y | A= an,G = gi), see Figure 1.2, Panel C. If af ¢ [a,..., ak ],
then this likelihood is zero, and the posterior probability of that class of global
NTG is also zero.

e Use Bayes rule update the prior probability that the global NTG is in class m

given the observed NTG estimate and geological scenario:

P(A* = a}|A = apn, G = i) * P(A = A,|G = gi)

P(A=a,|A" =a),,G = =
A=l = a0, &= 1) P(A* = ]G = )

(1.5)
The denominator P(A* = af | G = gi) is obtained by summing the numerator

product over all M classes:

M
P(A*=a5|G=g) =Y PA =aj| A=0,,G=g)xP(A=ay |G = g)
m=1

(1.6)

This procedure gives the posterior distribution of global NTG given the initial
NTG estimate for a given geological scenario, P(A = a,, | A* = af,G = gi), see
Figure (1.2, Panel D. If desired, the probability distribution for the global NTG given

only the initial NTG estimate, P(A = a,, | A* = aj), can be obtained using the total
probability rule:

K
PA=apn | A" =a}) =) PA=an | A =0a},G=g)*P(G=gx) (L7)

k=1
Equation 1.7 calls for the prior probability of a geological scenario P(G = gj), which
is a difficult and necessarily subjective task. A convenient alternative to using expert

knowledge is to assume each scenario to be equally likely, which might be reasonable

in sparse data situation.
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This workflow has been coded as a plug-in for the gOca<£ software. The plug-in
contains the different modules of the workflow, such as NTG estimation, geostatistical
simulation, and spatial bootstrap. The workflow is fully automated; the final posterior
NTG distribution and all intermediate results are output in a directory. Note that
the conceptual framework does not call for any specific algorithm for NTG estimation

or geostatistical simulation.

LCopyright (© 2006 Earth Decision



Chapter 2

Workflow testing on a synthetic

data set

The NTG uncertainty workflow in Figure (1.2 builds on spatial bootstrap. Hence, the
results of the workflow are dependent on the parameters of that spatial bootstrap,
namely the input geological concept and the global NTG value. It also depends
on the initial NTG estimate since the posterior probability of global NTG values is
conditional to this initial estimate; thus, the estimation algorithm and its parameters
are also important. To understand the impact of various workflow parameters on

NTG uncertainty models, we use the synthetic Stanford VI reservoir (Castro et al.,
2005).

Synthetic reservoirs are useful for such a global uncertainty study because the
true global NTG is known. We can retain different initial data sets (i.e. wells) to
study the impact of different initial data configurations and NTG estimates on the
posterior NTG uncertainty models. We can also evaluate the impact of different prior
NTG distributions as well as the importance of seismic data. Since the prior NTG
distribution is discretized into classes when performing the workflow, we also study

the impact of such discretization.

18
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2.1 The Stanford VI reservoir runs

Stanford VI is a prograding fluvial reservoir which is later deformed into an asym-
metric anticline. It is 3.75 km x 5.0 km Xx 200 m and contains 150 x 200 x 200
gridblocks of dimensions 25 m x 25 m x 1 m. It consists of three layers with differ-
ent geological settings and NTG (Table 2.1). A prograding delta in the bottom layer
transitions into meandering channels in the middle layer, which themselves transition
into low-sinuosity channels in the top layer (Figure 2.1). The top two layers consist
of four facies, namely channel sand, point bar sand, channel mud drapes, and flood-
basin clays. The bottom layer consists of only channel sands and floodbasin clays.
For demonstrating the workflow, only the top layer with low sinuosity channels is
retained. The gridblocks of this layer are upscaled to 50 m x 50 m x 2 m so that the
top layer has 75 x 100 x 40 gridblocks, which speeds up the computations without
compromising learning. For simplicity, channel sand and point bar sand are grouped
into a single “sand” facies (NTG=1) and the channel mud drapes and floodbasin
clays are combined into “non-sand” (NTG=0). Hence, the NTG in this case is the

proportion of sand facies.

Layer | Global NTG
top 0.27
middle 0.25
bottom 0.44
overall 0.34

Table 2.1: Global NTG of different layers of Stanford VI reservoir

Seismic data

Acoustic impedance for the Stanford VI reservoir is generated by forward modeling.
For details about the petrophysical properties of the various facies and seismic data
generation refer to Castro et al. (2005). The original acoustic impedance cube in the
depth domain is filtered to mimick realistic seismic quality (Figure2.2). This filtered

cube is used in the workflow for two different tasks: 1) for NTG estimation and 2)
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conditioning facies realizations. The time-to-depth conversion is an important source
of uncertainty in seismic data processing and it should be accounted for during the

geophysical inversion. For this study we ignore that source of uncertainty.

Geological scenario

The geological interpretation is done using the filtered acoustic impedance data.
Channels are seen in the horizon slices of seismic data (Figure[2.2); hence, the con-
ceptual geological model retained for the top layer of Stanford VI is also channelized
(Figure 2.3). The various channel parameters, such as width, sinuosity, orientation

are deduced from the seismic data, while channel thickness is obtained from wells.

Initial wells and NTG estimates

To mimick appraisal stage conditions, we retain three initial wells drilled in a pseudo-
linear pattern (Figure @) These wells are approximately 800 meters apart and
all three wells hit channelized area of the reservoir. Consequently, the NTG estimate
(proportion of sand) obtained from these wells is high at 0.61. Recall that the true
global NTG of the Top layer is only 0.27; hence, this is a severe over-estimation
of the global value. When seismic data is used for NTG estimation in addition
to the three wells, the initial estimate goes down to 0.49. Thus, seismic data is
somewhat correcting for the bias due to preferential well location. The magnitude
of this correction depends on the quality of seismic data and the calibration data
set. The three preferentially located wells have a high proportion of sand; hence, the
calibration is biased towards sand. The Bayes inversion technique described in Section
1.3.1 was used for calibrating the well and seismic data. The likelihoods of impedance
given sand and non-sand computed from the pairs of facies and impedance data at
wells are shown in Figure 2.5/ Since the well data is sparse, a smoothing function is
applied to these likelihoods.

We also retain another set of three wells which were drilled at random (Figure
2.4(b)). The NTG estimate from these three randomly located wells is 0.17, which
is lower than the true global NTG of top layer. After incorporating seismic data,
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the NTG estimate goes up to 0.26, which is quite close to the true value (0.27). In
this case, seismic data corrects the initial under-estimation. Figure [2.6 shows the
likelihoods of impedance given sand and non-sand computed from these wells.

The first set of three wells represent a more realistic drilling strategy; wells are
drilled strategically to discover and later to produce oil, never at random. The al-
ternate set of three wells is retained merely to study the impact of different NTG

estimates on posterior NTG distribution.

Prior NTG distributions

A prior NTG probability distribution represents the range of NTG values that a
specific geological scenario can take. Ideally, such a prior distribution should be
obtained from a database of analog reservoirs, which would vary from one company
to another and encapsulates each company exploration strategy. Because this is a
synthetic case we do not have such database. Suppose we suspect a bias associated to
a high initial NTG estimate, therefore we choose a prior NTG distribution with mean
lower than this NTG estimate. A triangular distribution with mode 0.35, minimum
0.20, and maximum 0.60 is retained (Figure 2.7). Table 2.2 gives selected summary
statistics. In spite of being wide, the prior [pjo, poo] interval does not include the true
global NTG wvalue of 0.27. The goal of the workflow is to update this prior NTG
distribution into a posterior NTG distribution given either NTG estimates of 0.49
and 0.26 observed from the data using the geological concept shown in Figure 2.3.

mean 0.38
median 0.37
minimum | 0.20
P1o 0.28
Pao 0.50
maximum | 0.60

Table 2.2: Summary statistics of prior NTG distribution used for Stanford VI study.

The entire workflow is carried-out twice, first with the three preferentially located
wells (Figure|2.4(a)), then using the randomly located three wells (Figure 2.4(b)). The
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prior NTG distribution is discretized into 10 classes. The median NTG value from
each class is retained and a facies realization honoring that NTG value and the well
and seimic data is simulated using the multiple-point simulation algorithm snesim
(Strebelle, 2002). The version of this algorithm available in the SGeMS (Remy et al.,
2008) software is used. From each such realization 500 sets of 3 synthetic wells
are drilled using the initial drilling strategy. The Bayesian calibration procedure
described in Section [1.3.1]is applied to each re-sampled well set; these estimates are
pooled together to obtain a distribution of NTG estimates. From this distribution,
the probability of the initial NTG estimate ag is read. Finally, using Bayes inversion
rule (Equation 1.5) the probability of the NTG value being in a given global NTG
class is computed. All workflow parameters, except for the wells, are the same for
both preferentially located and randomly located wells. The results of these runs and

other sensitivity studies are presented in the following section.

2.2 Results

2.2.1 Impact of the initial NTG estimate

Figure 2.8 gives the two posterior NTG distributions resulting from using the two
different initial estimates: 1) 0.49 which corresponds to three preferentially located
wells, and 2) 0.26 which corresponds to three randomly located wells. Table[2.3 gives

selected summary statistics of these posterior distributions.

As expected, the mean of the posterior NTG distribution corresponding to the
preferentially located wells (first posterior) is higher than that of the randomly located
wells (second posterior). The [p1g, poo] interval of the first posterior does not include
the true global NTG value (0.27) because of the severe over-estimation. Recall that
the prior [p1o, peo] interval [0.28,0.50] did not include that true global value. However,
starting from the same prior interval [0.28,0.50] the true value 0.27 is included in the
[P10, Poo] of the second posterior. Resampling with randomly located wells allows for

a larger interval of variability for NTG.
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Preferentially | Randomly
located wells | located wells
NTG estimate 0.49 0.26
mean 0.39 0.33
median 0.38 0.33
D1o 0.29 0.24
D9o 0.50 0.41
Poo — P10 0.21 0.17

Table 2.3: Summary statistics of posterior NTG distributions resulting from using
different sets of initial wells. True NTG = 0.27.

2.2.2 Impact of the prior NTG distribution

In the previous runs we used a triangular prior distribution for which the p;y value was
greater than the true value. This distribution can be called an optimistic prior. The
first set of wells are preferentially located in channels; hence, the initial NTG estimate
(0.49) from these wells and seismic data is much higher than the true global NTG
(0.27) of the top layer of Stanford VI. When the optimistic prior distribution is used
together with preferentially located wells, the resulting posterior [pig, pgo] interval
does not include the true global NTG value. Unfortunately, such compounding of
biases is not uncommon at appraisal stage.

This is why historical data is truly important. If we know from prior experience
that a channelized reservoir can have a much lower global NTG than what is ob-
served from the wells, particularly preferentially located wells, then we can choose a
prior that reflects this. This prior might not even include the observed biased NTG
estimate.

To understand the impact of prior NTG distribution we retain a second less op-
timistic triangular distribution with mode 0.30 and bounds 0.10 and 0.50 (Figure
2.9). The true global NTG value (0.27) is now included in the prior [p1g, poo] interval
[0.19,0.41]. The workflow is repeated with the three preferentially located wells and
this new prior NTG distribution; the corresponding posterior distribution is given in
Figure m For comparison, the posterior NTG distribution resulting from the
previous triangular distribution is repeated in Figure ’W(b) Table gives some
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summary statistics of these two posterior NTG distributions.

With triangular With triangular
prior [0.20,0.35,0.60] | prior [0.10,0.30,0.50]
mean 0.39 0.34
median 0.38 0.34
P1o 0.29 0.24
DP9o 0.50 0.42
Poo — P1o 0.21 0.18

Table 2.4: Summary statistics of posterior NTG distributions resulting from using
different prior NTG distributions. The initial NTG estimate in both case is 0.49.
True NTG = 0.27.

The new posterior [p1g, poo] interval [0.24,0.42] now contains the true global NTG
value 0.27, in spite of the initial over-estimation (0.49). This shows that by taking
advantage of an unbiased prior information about NTG, we can bail-out from an
initial severe over-estimation due to sparse, preferentially located wells. The new
posterior mean (0.34) is still higher than the actual global NTG value (0.27), but it is
lower than the posterior mean (0.39) obtained using the first prior NTG distribution.
The worflow is repeated for the second set of three randomly located wells with the
new prior distribution; the resulting posterior is shown in Figure 2.111 As expected,
in this case the posterior mean (0.28) is much closer to the true NTG value (0.27) of
top layer of Stanford VI.

2.2.3 Impact of the re-sampling strategy

The initial NTG estimate depends on the strategy for locating the wells. The un-
certainty about the initial NTG estimate depends on both the geological scenario
and the specific configuration of the initial wells. For example, consider the three
wells shown in Figure 2.4(a). These wells are drilled preferentially in a (curvi) linear
pattern aimed at hitting the N-S trending channels. To study the impact of this well
pattern on posterior NTG distribution the workflow is repeated twice, first by freezing

this well pattern when resampling and then by maintaining a minimum interdistance
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of 800 m between the three wells. The less optimistic triangular prior (Figure
with mode of 0.30 was retained for both runs. Figure [2.12 gives the two resulting

posterior distributions; Table[2.5| gives some summary statistics.

Fixed well Min. well
configuration | interdistance
mean 0.34 0.37
median 0.34 0.37
P10 0.24 0.29
Pao 0.42 0.44
Pao — P10 0.18 0.15

Table 2.5: Summary statistics of posterior NTG distributions resulting from using
different re-sampling strategies.

The posterior distribution resulting from fixed configuration (FC) re-sampling
is wider than that resulting from minimum interdistance (MD) re-sampling. In a
channelized reservoir with low global NTG (< 0.30), the likelihood of observing a high
NTG estimate of 0.49 is higher when the three wells are designed to find channels.
Thus, the posterior p;g value in the FC case is lower than in the MD case. The
posterior pgq is larger in the MD case because in channelized reservoir with very high
global NTG (> 0.45), a NTG estimate of 0.49 is less likely to be observed when the

three wells are designed to find channels.

2.2.4 Impact of seismic data

We saw that incorporating seismic data helps correct for the bias in the NTG estimate
obtained from wells. In case of the preferentially located wells the estimate was
lowered from 0.61 to 0.49. In the case of the randomly choosen three wells, the
initial NTG estimate went up from 0.17 to 0.26. Such correction is significant in both
cases, but it is more critical for the severe over-estimation case. To study the impact
of seismic data on posterior NTG distribution the workflow is run without using
seismic data with both well configurations of Figure 2.4, Figure [2.13|shows the two
corresponding posterior NTG distributions and Table gives summary statistics.
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Note that seismic data was not used for conditioning facies realizations in these runs.

The triangular prior with mode of 0.30 was retained for both runs. Compare these

distributions to the ones obtained using seismic (Figures 2.10(a) and 2.11(a)).

Preferentially | Randomly
located wells | located wells
NTG estimate 0.61 0.17
mean 0.41 0.24
median 0.42 0.23
P1o 0.36 0.16
P9o 0.46 0.33
Poo — P10 0.10 0.17

Table 2.6: Summary statistics of posterior NTG distributions resulting from using
different sets of initial wells without using seismic data.

The posterior [pig, poo] intervals corresponding to the three preferentially located
wells are even farther from the truth. The pjo (0.36) is much higher than the true
global NTG (0.27); the posterior mean (0.41) is also significantly higher. The posterior
statistics in the under-estimation case provided by the three random wells are not
so bad. From these results it appears that seismic data is extremely important at
appraisal stage, when the wells are few and preferentially located. Ignoring seismic
data during NTG estimation, as called by a classical bootstrap approach (Efron,

1979), is not recommended unless seismic is of very poor quality.

2.2.5 Impact of discretization on posterior statistics

Net-to-gross is a continuous variable, hence, its probability distribution is a continuous
distribution as well. For computational reasons, the prior distribution is discretized
into classes of NTG. Then, from each class, a representative NTG value is chosen to
generate facies realizations from which synthetic wells are resampled. The posterior
statistics are computed by interpolating between classes; hence, they depend on the
number of classes used for discretizing the initial prior distribution. To study the

impact of discretization on posterior statistics, we divide the less optimistic triangular
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prior with mode 0.30 into 10, 12, 15 and 20 classes respectively. Figure 2.14 shows
the four posteriors distributions corresponding to these four classes; Table 2.7 gives

their summary statistics.

’Nbclasses\ 10 \ 12 \ 15 \ 20 ‘

mean 0.34 | 0.33 | 0.36 | 0.37
median 0.34 | 0.33 | 0.37 | 0.38
D1o 0.24 | 0.24 | 0.27 | 0.29
Doo 042 | 0.42 | 0.45 | 0.45
Poo — P10 0.18 | 0.18 | 0.18 | 0.16

Table 2.7: Summary statistics of posterior NTG distributions resulting from using
different classes of NTG. Initial NTG estimate in all four cases is 0.49.

The statistics of the posteriors for 10 and 12 classes are quite similar. However,
for 15 and 20 prior classes, the posterior statistics change. The mean of the these
two posteriors are higher than the mean in the two previous cases. The posterior
(P10, Poo] interval widths are comparable, but the intervals are shifted to the right.
These differences are attributed to discretization errors. With greater number of
classes, the histogram is relatively smoother, i.e. there are no big jumps in posterior

probability from one class to another.

2.3 Chapter Summary

Stanford VI is an exhaustively known reservoir. Hence, it can be used to evaluate
the impact of various workflow parameters on the global NTG uncertainty. Like all
reservoirs in nature, Stanford VI has a unique global NTG value. The uncertainty
about that global NTG comes from our limited knowledge (data) about it. If the
wells are preferentially located we would likely over-estimate the global NTG. Using
seismic data helps correct such initial bias. In case of the three preferentially located
wells, the initial global NTG value was severely overestimated; seismic lowered the
estimate from 0.61 to 0.49, the true value being 0.27. In real practice, the actual
correction depends obviously on the quality of seismic data and the calibration data

set.
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By utilizing past experience we can obtain a prior NTG distribution that can pro-
vide unbiased representative prior uncertainty intervals. It is important to capitalize
on such unbiased source of information whenever available. It is also important to
freeze initial drilling strategy when re-sampling to mimick and reflect in the bootstrap
operation any in-built bias.

Not using seismic data for NTG uncertainty assessment at appraisal stage can
be dangerous. Because of its extensive coverage, seismic data not only helps correct
the bias in the initial NTG estimation, but also help impart local accuracy to facies
realizations. Thus, using seismic data is strongly recommended. The actual magni-
tude of correction clearly depends on the quality of seismic data and the available
calibration data.

Posterior statistics depend on the discretization of the prior NTG distribution.
There are no hard-and-fast rules for discretizing the prior NTG distribution. It is a
continuous distribution, which is discretized into classes for computational reasons;
more classes means more facies simulations. Ideally, it should be discretized into as
many classes as can be afforded given the time constraints. Once a decision is made

about number of classes, it should be frozen for all subsequent analyses.



2.3. CHAPTER SUMMARY 29

Figures

(a) Bottom Layer (b) Middle Layer (¢) Top Layer

Figure 2.1: Representive slices showing the channel styles in the three layers of Stan-
ford VI reservoir.

(a) Bottom Layer (b) Middle Layer (¢) Top Layer

Figure 2.2: Representive horizontal slices of acoustic impedance in the three layers of
Stanford VI reservoir.
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Figure 2.3: Conceptual geological scenario used for the top layer of Stanford VI.

(a) Preferentially located wells (b) Randomly choosen wells

Figure 2.4: Location of initial wells with a slice of acoustic impedance (vertical exag-
geration x3).
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Figure 2.8: Posterior NTG distributions resulting from two different sets of initial
wells.
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Figure 2.10: Posterior NTG distributions resulting from two different prior NTG
distributions with preferentially located wells (initial NTG estimate 0.49). True NTG
is 0.27.
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Figure 2.11: Posterior NTG distributions resulting from two different prior NTG
distributions with randomly located wells (initial NTG estimate 0.26). True NTG is
0.27.
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Figure 2.12: Posterior NTG distributions resulting from different re-sampling strate-

gies. Initial NTG estimate in both cases is 0.49. True NTG is 0.27.
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wells without using seismic data. Triangular prior [0.10, 0.30, 0.50] is used in both

cases.
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Chapter 3
Application to a turbidite reservoir

A large data set is available from a deep-water turbidite reservoir offshore West Coast
of Africa. The objective of this chapter is to apply the proposed NTG uncertainty
workflow to assess the uncertainty about the net-to-gross of this reservoir by mim-
icking appraisal stage conditions. Early stratigraphic interpretation is retained and
different depositional facies scenarios are considered. The structural setting is well-
known, hence the uncertainty about the geological scenario is related to types and dis-
tribution of facies. A prior NTG distribution is obtained from the company database
of analog reservoirs. Four appraisal stage wells and acoustic impedance data from a

3D seismic survey are retained for the uncertainty study.

First, the information available at appraisal stage is described. Next, we demon-
strate the importance of freezing sampling strategy in domains of both uniform and
non-uniform thickness. Finally, the results of the NTG uncertainty workflow are
presented. The impact of variable geological scenarios on the NTG uncertainty is
demonstrated. The impact of additional data is investigated by conducting the study
with one well and then repeating it each time a new well is added. With each ad-
ditional well the posterior NTG distribution becomes narrower, which implies that
additional data is reducing the uncertainty interval. The posterior NTG distribution
with the actual twenty-eight wells available, which provide a good coverage of the

reservoir, is compared with that from the four appraisal stage wells.

36
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3.1 Information available at appraisal stage

3.1.1 Geological scenarios

At the appraisal stage the uncertainty about the geological setting depends on several
factors. If the reservoir is located in a frontier basin the uncertainty tends to be much
higher as opposed to a mature basin where the geological setting is known with greater
confidence. In deep-water settings the quality of seismic data also plays a large role.
Well-imaged seismic data can significantly reduce the uncertainty about the structural
setting and, in exceptionally good cases, even the facies types and geometries can be
deduced from the seismic amplitude slices. Conversely, poorly imaged seismic data
can lead to higher uncertainty about, the reservoir boundaries and the facies types.

In the WCA reservoir the seismic data quality is sufficiently good to identify the
structural setting with a high degree of confidence. It was determined to be a slope
valley system from the very get-go. However, the actual internal complexity of this
slope valley was increasingly understood as the seismic data was better interpreted. It
was observed that the greater the number of mapped geobodies, the smaller the gross
reservoir volume, and consequently the smaller the OOIP. For this study we retain the
appraisal stage stratigraphic architecture shown in Figure 3.1. Figure @ shows a
schematic of the reservoir interpreted from the seismic data and Figure m shows
the actual reservoir grid. The number of grid blocks in x, y, and z vary spatially. This
reservoir volume is frozen (deemed known) and retained for this study.

The depositional facies filling the slope valley, however, cannot be easily inferred
from the seismic data. Since the structural setting is assumed known, the uncertainty
about geological setting boils down to the uncertainty about the type and distribu-
tion of the depositional facies. This facies uncertainty is expressed through different
training images (Ti). A Ti is a necessary input to multiple-point simulation (mps)
algorithms. It is a repository of types of structures deemed present in the reservoir.
It must depict not only the shapes and dimensions of all facies, but also how these
facies interact with one another. See Appendix /A for details about the program used
to generate the various training images for this case study.

Four depositional facies with varying NTG ratios are identified from core analysis.
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The NTG ratio within these facies are given in Table 3.1. Facies 1, which has the
lowest NTG, is the background shaly facies. Facies 4 is the main reservoir facies; it
is interpreted as channels with massive sand fill. The Tis can be divided into two
families depending on how facies 3 and 4 are characterized. In the first family of
scenarios, facies 2 with 47.3 percent NTG is characterized as poor quality channels,
and facies 3 with 63.0 percent NTG as intermediate quality channels (Figure(3.2). In
the second set of scenarios, facies 2 and facies 3 have been interpreted as poor and
intermediate quality debris flow deposits respectively (Figure3.3). The within-family
scenarios differ one from another with respect to channel widths, width-to-depth ratio,
and channel sinuosity. To study the impact of geological scenario, one representative
Ti is retained from each of these two families of Tis. Figure [3.4 shows these two
scenarios. In scenario 1 the high NTG channels (red) erode the intermediate NTG
channels (green), which in turn erode the low NTG channels (blue). Similarly, in
scenario 2 the high NTG channels (red) erode the intermediate NTG lobes (green),
which in turn erode the low NTG lobes (blue).

Note that these two Tis are only conceptual scenarios. During spatial bootstrap,
synthetic data sets are not resampled from these Tis. Instead, they are obtained from
stochastic reservoir models conditional to both well and seismic data and reflecting
each of these two Tis. The geological scenario depicted by a Ti is only one of the

parameters of the mps algorithm.

Facies number 1 2 3 4
NTG value (%) | 3.8 | 47.3 | 63.0 | 90.7

Table 3.1: Within-facies NTG values for the four facies in the WCA reservoir

3.1.2 Prior probability distribution for global net-to-gross

A prior probability distribution of global NTG for the WCA reservoir is obtained from
a database of analog reservoirs. This distribution is shown in Figure/3.5. The bounds
of this distribution, [0.06, 0.61], specify the minimum and maximum NTG values

expected to be found in a slope valley reservoir. In the Bayesian framework adopted
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in this workflow the bounds of the posterior (final) distribution cannot be greater
than those of the prior distribution, hence it is advisable to have a conservative (i.e.

wide) prior distribution, as is the case in Figure [3.5.

Note that the prior distribution is defined independently of the actual data of the
WCA reservoir. It is obtained by pooling together information from other reservoirs
that are deemed geologically analogous to the WCA reservoir; hence it is truly a prior
in the Bayesian sense. The goal of the workflow is to update this prior distribution
given the actual quantitative data from the WCA reservoir. The analog database
used to obtain this prior distribution classifies reservoirs at the system/structural
scale, not at the depositional facies scale. For the WCA reservoir since its structural
style is unambiguously determined to be slope valley, only one prior NTG distribution
is available for the different facies scenarios. Ideally, each of the alternative geological

scenarios retained should have a different prior NTG distribution.

Since the prior NTG distribution is independent from the local reservoir data, it
does not change as new data becomes available. However, if the uncertainty about
the geological scenario changes in light of new data, then a new prior distribution

may have to be considered.

3.1.3 Well and seismic data

In reality, the WCA reservoir has been in production for a few years and 28 wells are
available which provide a good coverage of the reservoir (Figure 3.6(a)). The wells
are marked with the order they were drilled, which makes it possible to study the
impact of additional data on NTG uncertainty. At the appraisal stage only four wells
were available, which we retain for this study (Figure 3.6(b)). Four different facies are
apparent from cores, but the interpretation of these facies varies from one geological
scenario to the other (see section 3.1.1). Each facies has a constant NTG value, the
same for all geological scenarios, see Table [3.1. Recall that NTG is proportion of

sand.

Seismic amplitude and four derived seismic attributes are available for this study.
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These attributes are acoustic impedance and Vshale values obtained from three dif-
ferent calibration techniques. To determine which attribute is the most informative
in terms of discriminating between facies, we compute the likelihood of observing a
particular seismic datum value given a facies value from colocated facies-seismic data
pairs along the wells. The smaller the overlap between the likelihood histograms of
different facies, the better the discrimination power. Amongst the seismic attributes
provided, acoustic impedance proved to be the best discriminator of facies; hence,
was retained for NTG estimation (Figure [3.7). Note that impedance discriminates
reasonably facies 1 from the others. However, the discrimination amongst facies 2,
3 and 4 is poor. The Vshale attribute does not discriminate well the facies as seen
from its seismic likelihoods (Figure [3.8).

3.2 NTG estimation

At reservoir appraisal stage wells are few and they tend to be preferentially located
in high pay zones. The four appraisal wells in the WCA reservoir are indeed prefer-
entially located in the Eastern part of the incised valley (Figure , hence the
NTG estimate retained from these four clustered wells might not be representative of
the global NTG of the reservoir. Seismic data, on the other hand, informs the entire
area. If seismic is informative and properly calibrated with the reservoir facies, then
an integrated well-seismic NTG estimate would provide a better (less biased) estimate
of to the global NTG value. Bayes inversion, as described in Section[1.3.1, is retained
to calibrate acoustic impedance with facies for this case study. The corresponding
impedance likelihood histograms are given in Figure 3.7.

If the calibration is properly done and the seismic data are informative, we expect
that these updated proportions would be more representative of the actual global
facies proportions in the reservoir than the well facies proportions. Table 3.2 gives
the original proportions of the four facies from wells and the updated proportions
after integrating acoustic impedance with the well facies data.

Notice that the proportion of facies 4, which is has highest NTG ratio has gone
down, while that of facies 1, which is the low NTG background facies has gone up.
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Facies number 1 2 3 4
Well propotions 0.63 | 0.10 | 0.06 | 0.21
Updated proportions | 0.66 | 0.09 | 0.06 | 0.18

Table 3.2: Facies proportions observed along the wells and after integrating well data
with acoustic impedance data.

This implies that the initial wells were preferentially located in higher pay zone.
Without the correction induced by seismic data the reservoir NTG might be over
estimated from the sole well data. Equation 3.1 is used to compute the reservoir
NTG by combining the updated facies proportions p; and the within-facies NTG

values n; given in Table 3.1 under the constraint that the proportions sum to one.
a* = z:(pZ X n;) ; with Zpi =1 (3.1)

The well NTG estimate and the updated NTG estimate after integrating acoustic
impedance (Al) data are given in Table (3.3

Data NTG estimate
4 wells 0.484
4 wells + Al 0.436

Table 3.3: NTG estimate from wells and estimate after integrating well and acoustic
impedance (AlI) data.

Consider the reverse situation when the global NTG value (i.e. the average sand
proportion) and the within-facies NTG values n; are fixed and we need to compute the
proportion of each facies. This computation is needed for the part of the workflow in
which facies realizations honoring a global target are to be simulated. The simulation
algorithm needs to know the average proportions of each facies separately. Recall
that the prior global NTG distribution only gives the average proportion of sand in
the reservoir, not the average proportion of each facies.

In a two facies case Equation 3.1 is sufficient to compute the facies proportions

because we have two unknowns (facies proportions) and two constraints (Equation
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3.1 and ) ,p; = 1). For more than two facies, however, we have more unknowns
than constraints. It is not possible to compute facies proportions unless additional
constraints are introduced to match the number of unknowns. In the WCA reservoir
there are four facies; hence, two additional constraints are necessary to solve for the
four unknown facies proportions.

We propose to freeze the ratio of facies proportions to get these additional con-
straints. This is a reasonable constraint in many depositional environments. Consider
the example of four common facies in a fluvial reservoir, namely channels, levees,
crevasse and floodbasin. By freezing the ratio of channel to levee and that of channel
to crevasse, we can eliminate two unknowns proportions (levee and crevasse), and
then solve for channel and floodbasin proportions using Equation [3.1. Once the pro-
portion of channel is known, the proportions of levee and crevasse can be obtained
from the ratios. These facies proportions ratio are uncertain parameters; they can
be read from a training image, analog outcrops and reservoirs or can be provided by
an expert geologist. This approach works best when facies proportions are tightly
related as in a fluvial case. In case of the WCA, we froze the ratio of proportions
of facies 2 to facies 4 and that of facies 3 to facies 4. These ratios for each scenario
were taken from the corresponding Ti. The proportion of the four facies in the two

scenarios are very similar, see Table

Facies # | 1 2 3 4
Til 0.51 | 0.10 | 0.09 | 0.30
Ti2 0.50 | 0.11 | 0.09 | 0.30

Table 3.4: Global facies proportions of Til and Ti2.

3.3 Sampling in uniformly thick domain

Spatial bootstrap is a technique of resampling synthetic data sets from conditional
stochastic realizations. It asks the question: what would be the NTG estimate if the

wells were drilled elsewhere in the reservoir. Since one does not have the luxury of
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drilling new wells from the actual reservoir due to economic constraints, synthetic
wells are sampled from virtual representations of the reservoir. Spatial bootstrap is
more suitable to earth sciences data sets than classical bootstrap because data along
a well and between wells are spatially correlated. When resampling from a virtual
field, this correlation must be honored. This can be achieved by preserving the
original drilling strategy, which includes the original well pattern (for instance drill
pairs of wells in low impedance zones). As discussed in Section[1.3.4, the original well
pattern can be honored in two ways: 1) by freezing the exact inter-well geometry of
the original well configuration and displacing this configuration when sampling, or 2)
by maintaining a minimum distance between the synthetic wells so that no two wells
are closer than the prescribed distance.

Three sampling strategies for spatial bootstrap histogram are considered here: 1)
fixed configuration, 2) minimum interdistance, and 3) random (i.e. no constraints
between wells).

In the fixed configuration bootstrap the inter-well geometry is fixed. That well
geometry is computed as follows: first, the (x,y) locations of all actual wells are noted.
For deviated wells all data (x,y,z) coordinates must be noted. A centroid of the well
configuration is calculated. Then, the relative distance of all other wells from that
centroid is stored in a well geometry vector. When sampling a new data set, fixed

configuration bootstrap proceeds as follows:

e Pick a vertical centroid location at random using the random number seed

e Drill all wells relative to the centroid using the well geometry vector

Any other sampling constraints such as specific region, specific well deviations,
vertical cut-off, etc, can be honored. If all specified constraints are not satisfied, then
a well will not be drilled at that location. If a synthetic data set contains fewer wells
than the original set, it is rejected.

The minimum interdistance constraint is less restrictive than the fixed configura-
tion constraint. When sampling, we only need to ensure that the minimum distance

between any two resampled wells is greater than or equal to the specified distance.
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This constraint may be more appropriate than the fixed configuration constraint when
the actual wells are not heavily clustered or their number is large. Minimum interdis-
tance constraint approaches random sampling when the minimum distance between
wells becomes very small.

Random sampling is devoid of any constraints, all well locations are permissible.
It may be used when no drilling strategy is apparent from the actual wells.

The importance of freezing well configuration was briefly demonstrated in Section
2.2.3. In this section we investigate further how different sampling strategies impact
the spatial bootstrap histograms. Re-sampling is allowed over the entire grid; there
are no restrictions due to region, vertical cutoffs, etc. Because the domain is of
constant thickness, all synthetic data sets with the same number of wells have the same
number of data points. Seismic data is not used in the present exercise. The following

parameters are varied: 1) geological scenario, and 2) original well configuration.

3.3.1 Different geological scenarios

The three geological scenarios considered are shown in Figure [3.9. These scenarios
were obtained as conditional stochastic realizations generated from the multiple-point
simulation (mps) algorithm snesim. For each scenario, we compare the spatial boot-
strap histograms obtained using the three different re-sampling techniques. Number
of re-samplings is fixed at 500 and the initial random number seed in all cases is
37591.

The reference field contains 78 x 59 x 116 grid blocks; block dimensions are 75
x 75 meter in X and Y directions and 2.5 meter in Z. Each scenario contains four
facies with different within-facies net-to-gross (NTG) values, see Table In every
scenario, the red facies (4) has the highest NTG, followed by the green (3) and blue
(2) facies. The white facies (1) is the low NTG, dominantly mud facies. In scenario 1

(Figure |3.9(a)) all the facies are channelized. In scenario 2 (Figure 3.9(b)), the high

NTG facies is channelized, and the intermediate NTG facies are lobes. In scenario 3
(Figure 3.9(c)), all facies are in form of lobes.

The three reference well locations are shown in Figure [3.10. The net-to-gross
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| Facies # | 1 ] 2 [ 3] 4]
NTG value (%) | 3.8 | 47.3 | 63.0 | 90.7
Scenario 1 0.51 | 0.10 | 0.09 | 0.30
Scenario 2 0.49 | 0.10 | 0.08 | 0.33
Scenario 3 0.51 | 0.10 | 0.08 | 0.31

Table 3.5: True global facies proportions of different scenarios used for the study.

estimate from these wells for the three scenarios and the corresponding reference
global NTG values are given in Table3.6. Note that the well NTG estimates are close
to the global NTG values. For the fixed configuration spatial bootstrap, the inter-well
geometry is computed from these three wells. For the minimum interdistance spatial
bootstrap, a minimum distance of 500 meter is maintained between the wells. As for

random sampling, it is free of all constraints.

Scenario # 1 2 3
3 Well NTG 0.39 | 0.39 | 0.41
True Global NTG | 0.40 | 0.42 | 0.40

Table 3.6: Net-to-gross estimates and global NTG for three different geological sce-
narios.

Results for Scenario 1

The spatial bootstrap histograms for the three sampling techniques for scenario 1 are
shown in Figure(3.11. Selected summary statistics are presented in Table 3.7.

The three histograms are very similar because the channel geometry does not
coincide with the triangular well geometry. The mean and median of all three his-
tograms identify the true global NTG value (0.40). The three [pig, peo] intervals are

all centered on the mean.

Results for Scenario 2

The spatial bootstrap histograms for the three sampling techniques for scenario 2 are

shown in Figure3.12. Selected summary statistics are given in Table 3.8.
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| Constraint | FC | MD | CR |

mean 0.40 | 0.40 | 0.40
median 0.40 | 0.40 | 0.40
P10 0.35 | 0.36 | 0.35
Poo 0.44 | 0.44 | 0.44
Poo — P10 0.09 | 0.08 | 0.09

Table 3.7: Summary statistics of the spatial bootstrap histograms for different sam-
pling techniques for scenario 1 (True NTG = 0.40). FC = fixed configuration; MD =
minimum interdistance; CR = completely random.

’ Constraint \ FC \ MD \ CR ‘

mean 0.41 | 0.41 | 041
median 0.41 | 0.41 | 0.41
P1o 0.37 | 0.36 | 0.37
Poo — P1o 0.08 | 0.10 | 0.09

Table 3.8: Summary statistics of the spatial bootstrap histograms for different sam-
pling techniques for scenario 2 (True NTG = 0.42). FC = fixed configuration; MD =
minimum interdistance; CR = completely random.

The three histograms are again very similar because the high NTG facies in this
scenario are also channelized. The mean and median of all three histograms are close
to the true global NTG value of scenario 2 (0.42). The three [p1o, poo| intervals are

centered on the mean.

Results for Scenario 3

The spatial bootstrap histograms for the three sampling techniques for scenario 3 are
shown in Figure 3.13. The summary statistics are given in Table3.9.

The three histograms are no longer similar. The [p1g, pgo] interval corresponding
to the fixed configuration strategy is significantly wider than the intervals of the
minimum interdistance and random sampling techniques. The minimum interdistance
and random sampling strategies produce similar uncertainty intervals. All histograms

are symmetric and centered on their respective means. The histogram means are



3.3. SAMPLING IN UNIFORMLY THICK DOMAIN 47

| Constraint | FC | MD | CR |

mean 0.40 | 0.39 | 0.39
median 0.40 | 0.39 | 0.39
Do 0.51 | 0.46 | 0.46
Poo — P10 0.2210.14 | 0.14

Table 3.9: Summary statistics of the spatial bootstrap histograms for different sam-
pling techniques for scenario 3 (True NTG = 0.40). FC = fixed configuration; MD =
minimum interdistance; CR = completely random.

reasonably close to the true global NTG of scenario 3 (0.40).

Discussion of impact of geological scenario

These experiments demonstrate that sampling strategy does impact the spatial boot-

strap histograms, but the magnitude of the impact is case-specific. For scenarios 1

and 2 (Figures 3.9(a) and |3.9(b)), the different sampling strategies produced similar
results because this particular three well configuration was not designed to detect
channelized features in these two scenarios. However, the sampling strategy proved
to be very important for the lobe scenario 3. Minimum interdistance and random
sampling provided narrower uncertainty intervals, see Table [3.9. The wider range of
estimates obtained with the fixed configuration sampling in scenario 3 is explained
as follows: the average size of the high NTG lobes is such that the likelihood of all
three wells either hitting or missing these lobes is high.

For all three scenarios we observe that the histograms resulting from minimum
interdistance and random sampling strategies are very similar. This is because the
minimum interdistance of 500 m, which corresponds to about seven grid blocks, is so
small (lax) that it is equivalent to random sampling. Instead, when wells are tightly
clustered, we should have considered a maximum interdistance constraint to honor the
high spatial correlation between the original wells. This fact is clearly demonstrated
in scenario 3, where freezing the original well configuration resulted in a much wider

uncertainty interval.
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Scenario 2 is a hybrid of scenarios 1 (all channels) and 3 (all lobes), because it
contains both channels and lobes. However, in terms of NTG estimation uncertainty
scenario 2 is closer to scenario 1 because of the common high NTG facies which
controls the global estimate. The intermediate quality facies in scenario 2 are lobes,
but these lobes are small and in small relative proportion compared to the channels;
hence they do not contribute much to the global NTG. Figure shows the Q-Q
plots of histograms corresponding to scenario 1 and 2 for the three different sampling
techniques. Contrast these Q-Q plots with the ones corresponding to scenario 1 and
3 (Figure[3.15). The Q-Q plots of scenario 2 versus scenario 3 (not given) are similar
to those given in Figure 3.15

3.3.2 Different well configurations

In case of the lobe scenario 3 we saw that freezing the well configuration has a large
impact on the spatial bootstrap histogram because the average size of the high NTG
lobes was wide enough to contain or exclude all three wells arranged in a triangular
configuration (Figure 3.10). To study the impact of different well configuration, we
compare the spatial bootstrap histograms resulting from the triangular three well
configuration of Figure[3.10 to those resulting from the linear three well configuration
of Figure [3.16l The three linear wells are actual appraisal stage wells from Kuito.
Only the lobe scenario 3 (Figure m is retained for this experiment as it is the
most revealing. The number of re-samplings is fixed at 500 and the initial random
number seed is set to 37591. We compare the spatial bootstrap histograms resulting
from these two different well configurations for the fixed configuration and minimum

interdistance re-sampling strategies.

Results for fixed configuration bootstrap

Figure 3.17 shows the spatial bootstrap histograms corresponding to the triangular
and linear three well configurations. Table 3.10 gives selected summary statistics.
The [p1o, poo] interval of the histogram corresponding to the triangular well con-

figuration is slightly wider than that of the linear configuration. The wider range is
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’ Configuration \ Triangular \ Linear ‘

mean 0.40 0.40
median 0.40 0.40
Poo — P10 0.22 0.19

Table 3.10: Summary statistics of the fixed configuration spatial bootstrap histograms
for triangular vs linear 3 well configuration in scenario 3 (Figure 3.9(c)).

explained by the fact that the likelihood that all three wells hit or miss a high NTG
lobe is higher in the triangular case because the well configuration is tighter. Both

histograms have similar mean and median values.

Results for minimum interdistance

Figure[3.18 shows the spatial bootstrap histograms corresponding to the two different
well configurations for the minimum interdistance constraint. The minimum distance
between any two wells in the triangular configuration is 500 meters. In the linear
configuration, the minimum distance is only 200 meters. Figure'3.18 shows the spatial
bootstrap histograms corresponding to the two different well configurations. Table

3.11 gives selected summary statistics.

| | Triangular (500 m) | Linear (200 m) |

mean 0.39 0.39
median 0.39 0.39
P1o 0.32 0.32
D90 0.46 0.47
Poo — P10 0.14 0.15

Table 3.11: Summary statistics of the minimum interdistance spatial bootstrap his-
tograms for triangular vs linear 3 well configuration in scenario 3 (Figure 3.9(c)).

The two histograms have similar mean and median values. The [p1g, poo] interval
of the histogram corresponding to the linear 3 wells configuration is comparable to

that of the triangular configuration. Even though the minimum interdistance in the
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triangular case (500 m) is greater than in the linear configuration case (200 m), that

difference carries little consequence.

Fixed configuration vs. minimum interdistance

Consider a new triangular 3-well configuration similar to the one shown in Figure
but now the minimum interdistance between any two wells is only 200 me-
ters. The minimum interdistance between the wells in the linear case remains at 200
meters. Since this minimum interdistance between the wells is the same for both
configurations, the resulting spatial bootstrap histograms are identical. However, the
bootstrap histogram for the fixed configuration case is very different (Figure 3.19),
since the two well configurations are very different - one is a triangular 3-well con-
figuration with narrowly spaced wells, the other is a linear configuration. Table [3.12|
gives the summary statistics of the histograms in the fixed configuration case. It is
not surprising that the histogram in the narrowly spaced triangular configuration is

the widest, followed by the wider 3-well triangular configuration and the linear 3-well

configuration.
Triangular | Triangular | Linear
(200 m) (500 m) | (200 m)
mean 0.40 0.40 0.40
median 0.40 0.40 0.40
P10 0.27 0.29 0.30
P90 — P10 0.25 0.22 0.19

Table 3.12: Summary statistics of the fixed configuration spatial bootstrap histograms
for the new triangular vs linear 3 well configuration in the lobe scenario 3 (Figure
3.9(c)).

Discussion of impact of initial well configuration

In this section we compared the spatial bootstrap histograms resulting from using

different well configurations. These tests were performed for the lobe scenario, with
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the average size of the high NTG lobes coinciding with some of the well interdistances.
The results demonstrate that a minimum interdistance constraint is not sufficient to
differentiate between such different well configurations (Figure 3.20(b)). For instance,
when the interdistance between wells was similar, the bootstrap histograms for the
triangular vs. linear configurations were identical. A maximum interdistance imposed
to the resampled wells should be considered. In the fixed configuration resampling
case, the impact of well configuration depends on the well geometry and the facies
geometries. But it is safe to advise freezing the original well configuration in presence

of sparse and clustered well geometry.

3.4 Sampling in non-uniformly thick domain

The importance of freezing any tightly clustered well configuration was demonstrated
for a uniformly thick domain. Deep-water reservoirs like the WCA reservoir tend to
have complex stratigraphic architecture with non-uniformly thick domains. When re-
sampling vertical wells in such non-uniformly thick domains, problems arise because
of the resulting unequal number of samples. Some locations in the domain may not
be suitable for sampling, and in thinner zones the original number of data points
may not be available. Figure depicts the average thickness map of the two
vertically overlapping slope valleys shown in Figure 3.1, Valley AB, which is bigger
and stratigraphically younger, is thickest in the East and thins out going West. Both
valleys also thin as they pinch out along the edges parallel to their long axes. The
appraisal stage four wells are located in the thicker Eastern part of valley AB, these
wells have a total of 274 data points. Wells located in the thinner parts of the valley
will yield fewer data points. NTG estimates from wells with fewer samples would
artifically widens the spatial bootstrap histograms. This is especially true in the
fixed configuration case because all four wells are closely clustered. To ensure reliable
statistical inference, we reject any re-sampled data set with fewer than 75% of the
original points. Such 75% tolerance is imposed because a strict 100% requirement
would be too restrictive and would not yield enough re-sampled data sets for proper

inference. Re-sampled data sets with fewer wells than original number of wells are
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also rejected.

Spatial bootstrap with the fixed configuration is performed in the slope valley
region using the four appraisal stage wells. Since these wells are deviated, they
were approximated using vertical wells that pass through the center of each deviated
wells (Figure [3.22). After 1000 iterations only 142 acceptable locations were found.
Figure shows the locations of the centroids of these 142 data sets. Recall that in
fixed configuration re-sampling the synthetic wells are drilled relative to the centroid
location. The centroids of Figure [3.23 show the area of the slope valley which is
actually re-sampled. Notice how all these synthetic data sets are all located in a
limited region of valley. Other areas of the valley were too thin to yield enough
data points when drilled with the well geometry shown in Figure|3.22. Compare the
sampled valley region in Figure 3.23/to that of Figure[3.24, which corresponds to the
minimum interdistance case. Indeed, the minimum interdistance constraint does not

force the wells to be tightly clustered, hence, more locations are acceptable.

To increase the possible number of drillable locations when re-sampling with fixed
well configuration, we allow the well configuration to be rotated about its centroid by
a random angle between [-30, 30] degrees. This increases the number of acceptable
locations for this well configuration (Figure 3.25), but the valley is still not evenly
sampled. When the well configuration is allowed to rotate from [0, 180] degrees
(full rotation), the sampled area of the valley increases (Figure 3.26). Such rotation
may not be appropriate in an anisotropic field because the spatial correlation hence
redundancy between the re-sampled wells will be different, but it is acceptable in an
isotropic case. When rotation is not an option, other approximations of the original

well configuration should be considered.

Notice how the centroids in Figure 3.26 are closely clustered. Since the sampling
domain and its discretization are limited, drilling 200 sets of four synthetic wells
would cause some locations to be sampled multiple times. Thus, instead of sampling
all 200 sets from a single realization, we generate two conditional realizations using
the same training image and jointly consider them as scenario 3. Then, we sample
100 sets of four wells from each realization and pool together their NTG estimates

to generate the spatial bootstrap distributions. Two such realizations are shown in
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Figure (Figure ; the global NTG of these two realizations pulled together is 0.42.

’ Constraint \ FC \ MD ‘

mean 0.44 | 0.42
median 0.43 | 0.42
D10 0.35 | 0.36
Pao — P10 0.17 | 0.13

Table 3.13: Summary statistics of the spatial bootstrap histograms for different sam-
pling techniques for scenario 3 (NTG = 0.42) in the slope valley region. FC = fixed
configuration; MD = minimum interdistance.

Figure gives the spatial bootstrap histograms for the fixed configuration with
full rotation and the minimum interdistance sampling. Figure 3.29/shows the sampled
region of valley corresponding to the two sampling strategies. Table [3.13] gives the
summary statistics of these histograms. The means of the two histograms are compa-
rable, however, the [p1o, poo] interval of the fixed configuration histogram is wider than
that of the minimum interdistance histogram. These results are consistent with the
ones obtained from sampling in a uniformly thick domain. The two [p10, pgo] intervals
of Table[3.13 are different, but not as different as in the uniformly thick domain case.
We attribute this to the various approximations that must be made when sampling

in non-uniform domains.

3.5 Posterior NTG distributions for the actual WCA

reservoir

In the previous sections we demonstrated the importance of freezing the original well
configuration for spatial bootstrap histograms in domains of both uniform and non-
uniform thickness. We also saw the impact of different geological scenarios on the
spatial bootstrap histograms. Understanding the impact of these parameters on the

spatial bootstrap distributions is key to understanding the results of the workflow.
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In this section we first document the impact of sampling strategy on the poste-
rior NTG distribution. Then we present the impact of geological scenario, of the
prior probability distribution of global NTG, of additional wells, and of seismic data.
Finally, for verification we compare the posterior probability distributions of global
NTG obtained from using all 28 wells to that obtained using only the 4 appraisal
stage wells. All these runs are performed in the slope valley region (non-uniformly

thick domain).

3.5.1 Impact of sampling strategy

To show the impact of fixed configuration vs. the minimum interdistance sampling
strategies on the posterior NTG distribution, we retain the lobe scenario 3 and the
three closely clustered well configuration (Figure 3.30). The minimum interdistance
between wells is 500 m. All parameters, except the sampling strategy, are the same for
the two runs. The NTG estimate from the three original wells is 0.43. The posterior
NTG distributions corresponding to the two sampling strategies are given in Figure
3.31L Table[3.14/ gives selected summary statistics of the distributions.

| Constraint | FC | MD |

mean 0.35 | 0.37
median 0.34 | 0.36
P1o 0.24 | 0.30
Poo — P10 0.21 | 0.15

Table 3.14: Summary statistics of posterior NTG distributions resulting from using
different sampling techniques for scenario 3 in the slope valley region. FC = fixed
configuration; MD = minimum interdistance.

The posterior [p1g, pgo] interval corresponding to the fixed configuration (FC) sam-
pling is significantly wider than the one corresponding to minimum interdistance
(MD) sampling. Specifically, the pjp in the FC case is much smaller than in the
MD case. Indeed, when the clustered 3-well configuration is fixed, the probability
of all three wells hitting or missing a high NTG lobe is higher than in the MD case
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where the wells are not necessarily clustered. This result is consistent with the trend
seen in the spatial bootstrap histograms of Section The actual impact of well
configuration on the posterior NTG distribution depends on the type of patterns in
the geological scenario and the well spacing. Since the actual four appraisal stage
wells of the WCA reservoir are preferentially clustered, only the fixed configuration

constraint will be used for re-sampling in all subsequent workflow runs.

3.5.2 Impact of geological scenario

The goal of this section is to understand how the geological scenario affects the poste-
rior NTG distribution. In the case of the WCA reservoir the main source of geological
uncertainty is related to the type of depositional facies. As discussed in section 3.1.1]
we retain the two scenarios shown in Figure [3.4] as representative of two families of
scenarios. In addition, we retain a third hypothetical lobes scenario. Using the same
four appraisal stage wells, the NTG uncertainty workflow is carried out three times,
once for each scenario. All other parameters of the workflow were frozen; see Table
3.15 for details. The NTG values within each facies (Table [3.1) are held constant
throughout the study.

Wells 4 Well NTG 0.48
Seismic data Impedance Nb impedance classes | 15
Prior NTG distribution | from database | Nb NTG classes 10
Nb facies realizations 2 Nb of resamplings 150
per class per realization

Table 3.15: Key parameters of the NTG uncertainty workflow used to study the
impact of geological scenario uncertainty on posterior NTG distribution.

The prior probability distribution of global NTG (Figure 3.5) is discretized into
10 classes. For each such class of global NTG, the individual proportions of the four
WCA facies are computed using the methodology described in section [3.2. Table
3.16 gives the facies proportions found for the three Tis. For a more reliable likeli-
hood computation, we generate two realizations conditional to well and seismic data

for each class of global NTG. From each realization, approximately 150 sets of four
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synthetic wells are re-sampled. The soft probability cubes for conditioning facies real-
izations are derived from acoustic impedance as described in section[3.2. A different
set of probability cubes is generated for each class of global NTG so that the average
of these probability cubes is close to the global NTG value imposed to the simulated

realization.

Facies # 1 2 3 4
Channel scenario (Til) | 0.51 | 0.10 | 0.09 | 0.30
Channel + lobe (Ti2) | 0.50 | 0.11 | 0.00 | 0.30

Lobe scenario (Ti3) | 0.51 | 0.13 | 0.09 | 0.27

Table 3.16: Global facies proportions of Til, Ti2 and Ti3.

Construction of geological scenarios for different global NTG classes

As seen from previous sections, spatial bootstrap histograms depend heavily on the
geological scenarios from which re-sampling is done. Thus, it is important to be able to
reproduce, as faithfully as possible, the structures contained in the scenario. Different
simulation algorithms have different capabilities and limitations for generating facies
realizations; hence, it is important to carefully choose the simulation algorithm. For
example, Sequential Indicator Simulation (SIS) is a variogram-based algorithm, which
means it can only account for two-point statistics. It has excellent data conditioning
capabilities for both hard and soft data. However, curvilinear features like channels
cannot be simulated using SIS because such features require more than two-point
statistics.

For this study, we decided to use the multiple-point simulation (mps) algorithm
snesim (Strebelle, 2002; Remy et al., 2008), which is a well-known and a widely avail-
able program for simulating categorical variables. Unlike SIS the snesim algorithm
utilizes multiple-point statistics expressed through a training image (Ti).

The different facies deemed present in the WCA reservoir are conveniently ex-
pressed as Tis. However, no open source software was available for generating these
Tis. Hence, a new program called TiGenerator was written specifically for this pur-

pose. TiGenerator is a program for creating unconditional Boolean simulations. It is
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available as a plug-in for the open source geostatistical software SGeMS (Remy et al.,
2008). The algorithm and a description of its parameters are presented in Appendix
A.

The virtual reservoirs from which synthetic wells are sampled are not the Tis,
but the snesim conditional realizations generated using that Ti. Thus, the mps sim-
ulation algorithm, the parameters of that algorithm (which includes the Ti), and
the conditioning data jointly define the geological scenario underlying the simulated
realizations used for resampling.

The range of prior NTG distribution for WCA is quite large (0.06 to 0.61) (Figure
3.5). Using a single Ti with intermediate proportions (say 0.40) to generate facies
realizations for all prior global NTG classes would result in poor pattern reproduction.
When the proportion of facies in the Ti is very different from the target proportion to
be simulated, that inconsistency leads to poor pattern reproduction. In the snesim
algorithm, the larger the proportion(s) difference, the poorer the reproduction of Ti
patterns.

To reduce the amount of servosystem correction for target proportion correction,
we generate a different Ti for each class of global NTG using TiGenerator. Each
Ti contains the same geometric patterns that characterize a scenario, but the global
NTG of these Tis vary from one class to another. Figures 3.32,(3.35 and [3.38 show

Tis for scenarios 1 to 3 for selected global NTG classes.

A common misconception is that a Ti is the structural model for mps. In reality,
Ti is just one of the input parameters to the mps exercise. The actual structural model
used by snesim depends on the size and shape of template which is used for scanning

the Ti. The only way to check this input structural model is to generate uncondi-

tional realizations. Figures|[3.33](3.36, and [3.39 show the unconditional realizations
corresponding to the three geological scenarios, for selected global NTG classes. Table
3.17 gives the key snesim parameters used for generating these realizations.

As seen from Figure 3.36, scenario 2 Ti is by far the poorest reproduced by the
non-conditional realizations, because of the additional complexity brought by the
interaction of channel and lobe patterns. These two features exhibit very different

shapes and spatial continuity. A hierarchical simulation approach (Maharaja, 2005)
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Parameter Value
Max template nodes 81
Template anisotropy | 2:2:1
Min nb replicates 1
Nb multi-grids 4

Table 3.17: Key parameters of the snesim algorithm used for generating the three
geological scenarios.

in which facies are simulated sequentially instead of jointly would have improved
channel connectivity in such case. For example, first simulate the two lobe facies,
then simulate channels that erode both these lobes. In this study, for lack of time we

performed joint simulation of the four facies.

Figures 3.34, 3.37, and [3.40 give snesim conditional realizations for the corre-

sponding global NTG for the two scenarios. These realizations are conditional to
the four appraisal stage wells and the facies probability cubes derived from acoustic
impedance data. As seen from the realizations in Figures and 3.37, the channels
are not well reproduced, especially for the low NTG classes. Even though the Ti facies
proportions are close to the target simulation proportions, it is difficult to simulate
thin continuous channels. Unlike in object-based simulations, these images are built
one pixel at a time. This enables easy conditioning to different types of data, but
the connectivity of thin, curvilinear channels is not well reproduced. Notice that the
channels are already fragmented in the unconditional simulations of scenarios 1 and
2. The patterns present in these unconditional simulations are representative of how
the snesim algorithm performs for a given set of parameters, not of what is depicted
by the Ti.

Tables(3.18 and [3.19/present the individual facies proportions corresponding to the
10 global NTG classes for the WCA reservoir. These proportions were obtained using
the methodology described in section [3.2. The facies proportions for scenarios 1 and
2 are similar (Table[3.18), since the fixed ratios of proportions of facies in these two
scenarios are the same. The individual facies proportions for scenario 3 are slightly
different (Table(3.19).
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Global NTG 1 2 3 4
0.09 0.93 | 0.02 | 0.01 | 0.04
0.14 0.86 | 0.03 | 0.02 | 0.09
0.20 0.78 1 0.05 | 0.04 | 0.13
0.25 0.70 | 0.07 | 0.05 | 0.18
0.31 0.63 | 0.08 | 0.07 | 0.22
0.36 0.55 | 0.10 | 0.08 | 0.27
0.42 0.47 [ 0.12 | 0.09 | 0.32
0.47 0.40 | 0.13 | 0.11 | 0.36
0.53 0.32 ] 0.15 | 0.12 | 0.41
0.58 0.25 | 0.17 | 0.13 | 0.45

99

Table 3.18: Individual facies proportions for different global NTG values for scenarios

1 and 2.

Global NTG 1 2 3 4
0.09 0.93 | 0.02 | 0.01 | 0.04
0.14 0.85 1 0.04 | 0.03 | 0.08
0.20 0.77 1 0.06 | 0.04 | 0.13
0.25 0.70 | 0.08 | 0.06 | 0.16
0.31 0.62 | 0.10 | 0.07 | 0.21
0.36 0.53 | 0.12 | 0.08 | 0.26
0.42 0.46 | 0.14 | 0.10 | 0.30
0.47 0.39 | 0.16 | 0.11 | 0.34
0.53 0.30 [ 0.19 | 0.13 | 0.38
0.58 0.22 1 0.21|0.14 | 0.43

Table 3.19: Individual facies proportions for different global NTG values for scenario

3.

Posterior NTG distributions for different scenarios

The four appraisal stage wells are retained for all three scenarios.

An integrated

well and seismic NTG estimate of 0.436 is obtained using the estimation procedure

described in section [3.2. The posterior distributions conditional to this estimate

are given in Figure [3.41l The mean, median and [pg, p1p] intervals of these three

posteriors are summarized in Table[3.20.

The mean and median of the three posteriors are comparable.

However, the
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’ Scenario \ 1 \ 2 \ 3 ‘
mean 0.38 | 0.37 | 0.37
median | 0.38 | 0.36 | 0.38
P1o 0.32 | 0.27 | 0.26
Doo 0.44 | 0.45 | 0.46
Poo — P1o | 0.12 ] 0.18 | 0.20

Table 3.20: Summary statistics of the posterior NTG distributions obtained using
scenarios 1, 2 and 3.

width of the [pgo, p1o] interval changes with the scenario. This confirms the fact that
geological scenario matters. Hence, if a geological scenario is uncertain, which is
likely at appraisal stage, alternate scenarios that fit the data should be considered.
The [pgo, p10] interval corresponding to scenario 1 (all channels) is the narrowest.
The pio of both scenario 2 (channels and lobes) and scenario 3 (all lobes) is lower
than that of scenario 1. Lobes, as opposed to channels, increase the likelihood that
the four wells are either all contained inside or outside the lobes. In scenario 2 the
high NTG channel facies are thicker than in scenario 1 and the channels tend to be
more clustered. Moreover, the two intermediate NTG facies in scenario 2 are lobate.
Scenario 2 is a hybrid between scenarios 1 and 3, so it is reassuring that its posterior

statistics fall between those of the two more extreme scenarios.

Recall from Section [3.1.1 that originally there were four scenarios (Tis) in which
all reservoir facies are channelized (Figure 3.2). The channels in these channels,
however, have different widths and sinuosity. Til (Figure ]32—(MD was retained as a
representative scenario out of these four Tis to study geological scenario uncertainty.
Figure 3.42 gives the posterior NTG distributions corresponding to the three other
channelized scenarios (Figures 3.2(b) to 3.2(d)); Table gives the corresponding

posterior statistics. These posterior NTG distributions are more or less similar, which

implies that NTG uncertainty is governed by the major differences between scenarios,
for example, lobes vs. channels, not so much by subtle differences, such as small

variations in channel width and sinuosity from one scenario to another
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mean 0.37 | 0.38 | 0.39
median | 0.38 | 0.38 | 0.39
P1o 0.29 | 0.32 | 0.32
Pao 0.44 | 0.44 | 0.46
Poo — P10 0.15 | 0.12 | 0.14

Table 3.21: Summary statistics of the posterior NTG distributions corresponding to
different channelized scenarios shown in Figures 3.2(b) to 3.2(d).

3.5.3 Impact of prior NTG distribution

As mentioned in section [3.1.2] unfortunately only one prior probability distribution
for global NTG is available for the different facies scenarios because, in the analog
database system used for this study, the reservoirs are classified at the system scale
and not based on the depositional facies. Ideally, each geological scenario should
have a different prior distribution associated with it. Since, we do not have different
prior NTG distributions for the WCA reservoir, we retain for the lobe scenario 3
a triangular probability distribution between [0.25, 0.65] with a mode 0.50. The
distribution is discretized into 10 classes (Figure 3.43). Notice that this distribution
is much narrower than the distribution obtained from the analog database (Figure
3.5). Only scenario 3 is used for this run. Summary statistics of the two prior NTG
distributions and the corresponding posterior NTG distributions are give in Table
3.22.

Distribution | Prior from | Posterior from | Triangular | Posterior from
analogs analog prior prior triangular prior

mean 0.34 0.37 0.47 0.41

median 0.32 0.38 0.47 0.41

P1io 0.18 0.26 0.35 0.34

P9o 0.52 0.46 0.57 0.49

Poo — P10 0.34 0.20 0.22 0.15

Table 3.22: Summary statistics of two prior NTG distributions and their correspond-
ing posterior NTG distributions for scenario 3.

Figure 3.44 and Table compare the posteriors resulting from using the two
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different prior distributions. Note that the initial NTG estimate, 0.44, is the same in
both cases because the same set of four initial wells and acoustic impedance data are
retained. The mean of the posterior distribution resulting from the Triangular prior
is higher than that resulting from the analog prior, which is a consequence of the
difference observed in the two prior NTG distributions. In both cases, the posterior
[p10, Poo] intervals are smaller than the prior intervals, as expected. But, the posterior
[P10, Poo] interval corresponding to the Triangular prior is smaller than that of the
posterior resulting from the analog prior. This is also consistent with the [p1g, poo]
interval difference of the two prior distributions.

Consider now a uniform probability distribution over [0.25, 0.65] as a prior global
NTG distribution. This is an extreme distribution because it implies that each class
of NTG between its bounds is equally likely. The posterior NTG distribution corre-
sponding to this uniform prior NTG distribution is given in Figure Compare
it with the posterior resulting from the triangular distribution with the same bounds
(Figure [3.43). Table [3.23] summarizes the statistics of the uniform prior distribution
and the corresponding posterior distribution. The statistics of the triangular prior

distribution and its posterior are also given for comparison.

Distribution | Uniform | Posterior from | Triangular | Posterior from
prior uniform prior prior triangular prior

mean 0.45 0.38 0.47 0.41

median 0.45 0.39 0.47 0.41

D1o 0.29 0.31 0.35 0.34

D90 0.61 0.47 0.57 0.49

Poo — P10 0.32 0.16 0.22 0.15

Table 3.23: Summary statistics of uniform and triangular prior NTG distributions
and their corresponding posterior NTG distributions for scenario 3.

Both runs are done using exactly the same parameters and both prior distributions
have the same 10 global NTG classes (A = a,,;m = 1,...,10). Hence, the likelihood
of observing a NTG estimate af = 0.44 in any global NTG class given scenario gs,
P(A* = 0.44|A = a,,, G = g3), is the same in both cases. Thus, the difference in the
posterior probability of a given class of global NTG P(A = a,,|A* = 0.44,G = g¢3)
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comes entirely from the prior probability of that class P(A = a,,) (Equation [1.5).
Indeed, the prior probability for the first three global NTG classes from the uniform
prior is significantly higher than that from the triangular prior distribution. Hence,
the posterior probability of these classes is also higher for the posterior corresponding
to the uniform prior. The prior and posterior probabilities of each global NTG class
for the two cases are presented in Table [3.24.

Likelihood | Uniform | Uniform | Triangular | Triangular
A= ap | Plaglan) | Plam) | Plamlag) | Plam) P(am|ag)
0.27 0.061 0.1 0.039 0.004 0.0028
0.31 0.047 0.1 0.061 0.032 0.018
0.35 0.13 0.1 0.16 0.064 0.094
0.39 0.18 0.1 0.23 0.096 0.20
0.43 0.19 0.1 0.24 0.128 0.29
0.47 0.12 0.1 0.15 0.16 0.22
0.51 0.062 0.1 0.08 0.18 0.14
0.55 0.017 0.1 0.02 0.16 0.031
0.59 0.0 0.1 0.0 0.10 0.0
0.63 0.0 0.1 0.0 0.053 0.0

Table 3.24: Prior and posterior probabilities corresponding to different global NTG
values for uniform and triangular NTG distributions using scenario 3. Here aj = 0.44.

These experiments demonstrate the impact of the range and shape of the prior
NTG distribution on the posterior NTG distribution. The range of the posterior
distribution is always smaller than that of the prior distribution. The shape of the
prior distribution impacts the posterior probability P(A = a,|4A* = af,G = gx)
through Equation 1.5.

3.5.4 Impact of additional data

The impact of additional data on the posterior NTG distribution is studied using the
channel scenario 1. The goal is to see how the posterior NTG distribution changes
as additional well data become available. We repeat the entire workflow four times,

first using only well 1, then adding well 2, then well 3 and finally with all four
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appraisal stage wells. The only parameters that change from one run to another are
the number of wells and the corresponding initial NTG estimates. The same seismic
data is used in all four runs. Table[3.25/ summarizes the well NTG and the updated
NTG estimates after integration of acoustic impedance data. The resulting posterior
NTG distributions are shown in Figure [3.46; summary statistics are given in Table
3.25

Nb wells | Well NTG | Updated NTG | Posterior mean | Posterior [p10, poo]
I 0.36 0.35 0.33 [0.23, 0.44]
12 0.47 0.45 0.43 [0.36, 0.50]
1,2,3 0.47 0.43 0.38 [0.32, 0.45]
1,2,3.4 0.48 0.44 0.38 [0.32, 0.44]

Table 3.25: Well NTG and the corresponding updated NTG estimates for wells 1 to
4. The updated estimates are retained for the study.

The [p1o, peo] interval of the posterior distribution with the first well (Figure
3.46(a)) is much narrower than that of the prior NTG distribution [0.18,0.52] (Figure
3.5). The posterior distribution mean and the [pig, pgo] interval shifts to the right
when well 2 is introduced (Figure because the combined NTG estimate of
wells 1 and 2 is much higher than that of well 1. Also, the [p1o, poo] interval of the
posterior with two wells is narrower than that with well 1 only. This trend is also
observed when wells 3 and 4 are introduced. In all four cases the [pig, pgo] interval
is roughly centered over the corresponding posterior mean as expected. The initial
NTG estimates (Table[3.25) are included in all posterior [pig, peo] intervals. The mean
and the [p19, poo| intervals of the posterior distributions are strongly impacted by the
initial NTG estimate as demonstrated by this study. Hence, when estimating NTG
it is critical to carefully choose the estimation algorithm and consider all available
data and account for errors in data, data uncertainty and the redundancy between
different data.
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3.5.5 Impact of seismic data

The four initial wells are used to study the impact of seismic data on the posterior
NTG distribution. The workflow is run twice, once using acoustic impedance and
once without using it. Scenario 1 and the analog prior NTG distribution shown in
Figure (3.5 are used for both runs. Table[3.26/ gives the initial NTG estimate and the
posterior statistics resulting from the two runs. The resulting posterior distributions
are shown in Figure 3.47.

with seismic (Al) | without seismic
Well NTG 0.48 0.48
Initial estimate 0.44 0.48
Posterior mean 0.38 0.44
Posterior [p19, poo [0.32, 0.44] [0.38, 0.49]

Table 3.26: Posterior NTG distribution statistics for scenario 1 with and without
using acoustic impedance (Al) data.

When seismic data is not used the initial estimate is the same as the well estimate.
Integrating seismic data lowers the estimate which indicates that the four appraisal
stage wells are preferentially located. Comparing the posterior distribution in Figure
with that in Figure 3.47(b) we observe that the posterior [pig,peo] interval
widths are comparable in the two cases, however, the [pig,pgo] without seismic is
shifted to the right as the initial NTG estimate without seismic data is higher. Note
that in both cases the initial estimate is included in the posterior [pio, pgo] and this

interval is roughly centered around the posterior mean.

3.5.6 Comparison with dense well data

In real life we do not have the luxury of knowing the true global NTG of a reservoir.
In the case of the WCA reservoir, however, we do have at later times dense well
data that provides a good coverage of the WCA reservoir, see Figure for the
location of all 28 wells. The NTG estimate from these 28 wells and the integrated 28
well and seismic NTG estimate are given in Table along with the estimates from
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the four initial wells. Note that the acoustic impedance distribution was discretized
into 30 classes (instead of 15) for the 28 wells because we have more calibration data
than with only 4 wells. We notice that after integrating seismic data the 28 well
NTG estimate is only slightly lowered. This suggests that these 28 wells sample the
reservoir NTG reasonably well. Also, notice that the NTG estimate from the initial,
clustered, four wells (0.48) is not too far from the estimate using all 28 wells (0.43).

When sampling with 28 wells, it is impractical and unnecessary to fix the well
configuration when re-sampling since the wells are scattered all over the valley. Hence,
for re-sampling only a minimum interdistance of 100 meter was maintained between
the wells. Any re-sampled data set with fewer than 28 wells is rejected. However, the
rejection criterion based on the total number of re-sampled data points was relaxed
from 75% to 70% of original data points, because with 28 wells it was difficult to
obtain enough re-sampled data sets with the stricter 75% criterion. The channel

scenario 1 and the analog prior NTG distribution are retained for both runs.

4 initial wells | All 28 wells
Only well estimate 0.48 0.43
Well + Al estimate 0.44 0.41
Posterior mean 0.38 0.39
Posterior [p1g, poo] [0.32, 0.44] | [0.36, 0.41]

Table 3.27: Comparison of posterior NTG distribution statistics resulting from using
the 4 appraisal-stage wells vs. all 28 wells from the WCA reservoir.

Figure [3.48 and Table [3.27 compare the posterior distributions resulting from
using only the four initial wells and then using all 28 wells. The means of the two
posterior are similar. However, the posterior [pio, pgo] interval corresponding to the
28 wells case is significantly narrower compared to that with four initial wells. This is
consistent with the results in section|3.5.4/that additional data reduces the uncertainty
about NTG distribution. Indeed, with 28 wells, the global NTG is closely estimated;
the mean of the spatial bootstrap histogram for each class of global NTG is close
to the global NTG with small uncertainty (narrow [pio, peo] intervals). Figure [3.49]
shows the spatial bootstrap histograms corresponding to three global NTG classes
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- 0.36, 0.42, 0.47. Compare these three distributions to the ones corresponding to
the 4 appraisal stage wells (Figure 3.50). Because all the bootstrap distributions are
narrow in the 28 well case, the likelihood of observing an estimate of 0.41 is zero for
all global NTG classes, except the ones closest to 0.41. Consequently, the posterior

probability distribution in the 28 well case is also very narrow.

3.6 Chapter Summary

In this chapter, we presented different posterior NTG distributions resulting from
different decisions, such as, which geological scenarios should be retained, what are
the prior NTG distributions, which sampling strategy should be used, how to handle
re-sampling in a non-uniformly thick domain, whether or not to use seismic data, etc.
Each posterior distribution is a model of uncertainty for the global NTG of the WCA
reservoir. Each such model would be incomplete without a clear statement of all the
modeling decisions that went into the model building. The learnings from this case

study are summarized below.

e The impact of the geological scenario on the posterior NTG distribution is
larger when the facies geometries are very different. Generating a different Ti
for different global NTG values is better for pattern reproduction than using
a single Ti. In certain cases, a hierarchical simulation of facies may be better

than joint simulation of all Ti facies.

e The geological uncertainty is related to a specific well configuration; it is im-
portant to freeze well pattern when re-sampling, especially when the wells are
sparse and clustered. Ignoring spatial correlation between wells can lead to

inaccurate models of NTG uncertainty.

e In the Bayesian framework adopted in this workflow, the range of the posterior
distribution cannot be larger than that of the prior distribution; hence, the prior
distribution should be chosen carefully. The shape of the prior distribution
impacts the posterior probability. Ideally, different prior NTG distributions

should be used with different geological scenarios.



68

CHAPTER 3. APPLICATION TO A TURBIDITE RESERVOIR

In the WCA case study, as more wells were used the posterior uncertainty
intervals became narrower. This is because more wells provide a more precise
estimate of the global NTG. However, more wells does not necessarily always
means less uncertainty. If the additional well drastically changes the NTG
estimate or the geological scenario, then the posterior interval may be wider
than before.

As more wells become available, the number of geological scenarios g5 and their
prior probability P(G' = g¢x) may change. Some scenarios may become more
or less likely, and some may be eliminated altogether. Reassessment of the
geological scenarios and their prior probability of occurence was not addressed

in this case study.

The mean of the posterior distribution is heavily influenced by the initial NTG
estimate, hence care should be taken to remove any suspected bias from that
initial estimate. Integrating seismic data helps correct for any bias due to

preferential location of the appraisal-stage wells.

In the multiple facies case, additional constraints are required to estimate in-
dividual facies proportions corresponding to a global NTG value. We proposed
to freeze the ratio of proportions of facies, which can be taken from a Ti or

provided by an expert geologist.

When re-sampling from a domain of varying thickness, various approximations
have to be made to ensure enough replicates of the original data are available
for reliable statistics computation. In case of the WCA reservoir, we rotated
the original well configuration, re-sampled wells from multiple realizations, and

accepted synthetic data sets that had atleast 75% of the original data points.
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Figures

(a) Conceptual model

(b) Stratigraphic model

Figure 3.1: Appraisal stage stratigraphic interpretation of WCA reservoir (vertical
exaggeration X5).
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Figure 3.2: Training images from the first family of interpretations. Note the different
channel widths and sinuosity.
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Figure 3.3: Training images from the second family of interpretations. Note the
different channel widths and sinuosity.

(a) Til (b) Ti2

Figure 3.4: Two representative geological interpretations retained to study the impact
of geological scenario.
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Figure 3.5: Prior global net-to-gross probability distribution for the WCA reservoir
obtained from a database of analog reservoirs.

(a) All available wells (b) First four wells

Figure 3.6: Figure showing the location of all available wells and the four wells avail-
able at appraisal stage in the Slope Valley region (vertical exaggeration x3).
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Figure 3.7: Likelihood of observing impedance value (x axis) given a particular facies,
as obtained using Bayes inversion in the Slope Valley region. Impedance values have
been normalized between 0 and 1. Y axis gives the likelihood probability.
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Figure 3.8: Likelihood of observing VShale value (x axis) given a particular facies, as
obtained using Bayes inversion in the Slope Valley region.
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(a) Scenario 1 (b) Scenario 2

(¢) Scenario 3

Figure 3.9: Reference geological scenarios used for sensitivity analysis (vertical exag-
geration x5).

Figure 3.10: Locations of three initial wells (vertical exaggeration x5). Relative well
configuration vector is [(0,0), (-3,-7), (4,-9)].
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Figure 3.11: Spatial bootstrap histograms corresponding to the different sampling
strategies for the channels scenario 1.
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Figure 3.12: Spatial bootstrap histograms corresponding to the different sampling
strategies for channel and lobes scenario 2.
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Figure 3.13: Spatial bootstrap histograms corresponding to the different sampling
strategies for the lobes scenario 3.
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Figure 3.14: Q-Q plots of spatial bootstrap histograms of scenario 1 versus scenario
2 for different sampling strategies.
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Figure 3.15: Q-Q plots of spatial bootstrap histograms of scenario 1 versus scenario
3 for different sampling strategies.

Figure 3.16: Linear three well configuration (vertical exaggeration x5)
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Figure 3.17: Fixed configuration spatial bootstrap histograms corresponding to dif-
ferent initial well configurations for the lobe scenario 3.

1 — Number of Data 500 — Number of Data 500

T mean 0.39 — mean 0.39
0.300 — std. dev. 0.05 i std. dev. 0.06
coef. of var 0.14 i coef. of var 0.15
4 maximum 0.55 maximum 0.58
p90 0.46 1 p90 0.47
1 upper quartile 0.43 E upper quartile 0.43
B median 0.39 0.200_| median 0.39
> 0.200_] lower quartile 0.35 > lower quartile 0.35
2 p10 0.32 2 1 p10 0.32
L 1 minimum  0.23 L | minimum  0.22
=3 4 =3
o o 4
[ 4 [y
0.100_] 0.100_}
o000 { - — ¢ | ——— 0000 — 1 1§ 7
0.00 0.20 0.40 0.60 0.80 1.00 0.00 0.20 0.40 0.60 0.80 1.00
Estimate Estimate
(a) Triangular configuration (b) Linear configuration

Figure 3.18: Minimum interdistance spatial bootstrap histograms corresponding to
different initial well configurations for the lobe scenario 3.
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Figure 3.19: Fixed configuration spatial bootstrap histograms corresponding to the
new triangular configuration and the linear configurations.
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strap histograms for the lobe scenario 3.
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Figure 3.21: Map showing variable thickness of the slope valley region
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Figure 3.22: Four deviated appraisal stage wells (red) and their vertical approxima-
tions (black). Vertical exaggeration x5.
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Figure 3.23: Locations of centroids of 142 sets of synthetic wells drilled in the slope
valley region using fixed well configuration without rotation.

Figure 3.24: Map showing the area of slope valley sampled using minimum interdis-
tance constraint.
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Figure 3.25: Locations of centroids of 100 sets of synthetic wells drilled in the slope
valley region using fixed well configuration with limited rotation flexibility.
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Figure 3.26: Locations of centroids of 100 sets of synthetic wells drilled in the slope
valley region using fixed well configuration with full rotation flexibility.
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(a) Realization 1 (b) Realization 2

Figure 3.27: Two realizations of scenario 3 used for sampling synthetic data sets
(vertical exaggeration x5).
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Figure 3.28: Spatial bootstrap histograms corresponding to the different sampling
strategies for scenario 3.
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Figure 3.29: Location maps of synthetic wells drilled in the slope valley region for

different sampling strategies.

Figure 3.30: Training image for scenario 3 with three tightly clustered wells (vertical

exaggeration x5).
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Figure 3.31: Posterior NTG distributions corresponding to two different re-sampling
strategies for lobe scenario 3.
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(a) Global NTG 0.20 (b) Global NTG 0.25

(c) Global NTG 0.31 (d) Global NTG 0.36

(e) Global NTG 0.42 (f) Global NTG 0.47

Figure 3.32: Training images generated using TiGenerator for scenario 1 for different
global NTG values.
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(e) Global NTG 0.42 (f) Global NTG 0.47

Figure 3.33: Scenario 1 unconditional realizations generated using snesim for different
global NTG values (vertical exaggeration x5).
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(e) Global NTG 0.42 (f) Global NTG 0.47

Figure 3.34: Scenario 1 conditional realizations generated using snesim for different
global NTG values (vertical exaggeration x5).
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(a) Global NTG 0.20 (b) Global NTG 0.25

(c) Global NTG 0.31 (d) Global NTG 0.36

(e) Global NTG 0.42 (f) Global NTG 0.47

Figure 3.35: Training images generated using TiGenerator for scenario 2 for different
global NTG values.
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(e) Global NTG 0.42 (f) Global NTG 0.47

Figure 3.36: Scenario 2 unconditional realizations generated using snesim for different
global NTG values (vertical exaggeration x5).
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(e) Global NTG 0.42 (f) Global NTG 0.47

Figure 3.37: Scenario 2 conditional realizations generated using snesim for different
global NTG values (vertical exaggeration x5).
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(a) Global NTG 0.20 (b) Global NTG 0.25

(c) Global NTG 0.31 (d) Global NTG 0.36

(e) Global NTG 0.42 (f) Global NTG 0.47

Figure 3.38: Training images generated using TiGenerator for scenario 3 for different
global NTG values.
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(b) Global NTG 0.25

(d) Global NTG 0.36

(e) Global NTG 0.42 (f) Global NTG 0.47

Figure 3.39: Scenario 3 unconditional realizations generated using snesim for different
global NTG values (vertical exaggeration x5).
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(e) Global NTG 0.42 (f) Global NTG 0.47

Figure 3.40: Scenario 3 conditional realizations generated using snesim for different
global NTG values (vertical exaggeration x5).
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Figure 3.41: Posterior NTG distributions obtained using scenarios 1, 2 and 3 given a
NTG estimate of 0.436.



3.6. CHAPTER SUMMARY

Frequency

mean: 0.371
std. dev.:
minimum: 0.

P10: 0.289
median:
P90:
maximum:

0.056
0.060

0376
0610

T
0.060

T
0.198

Frequency

—
0.473

(a) Channel scenario 2

T
0.610

mean: 0.391
std. dev.:
minimum:

0.053
0.060

P10: 0.319

median:
P90:
maximum:

0.393
0.457
0.610

Frequency

mean: 0.381
std. dev.:
minimum:

P10: 0.320
median:
P90:
maximum:

0.047
0.060

0380
0610 1

—

99

T
0.060

T L
0.198 0.335 0.473

Value

(b) Channel scenario 3

T
0.060

T
0.198

T
0.473

(¢) Channel scenario 4

T
0.610

T
0.610
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Figure 3.43: Triangular prior probability distribution for global NTG.

Frequency

median:
P90:
maximum:

mean: 0.415

— std. dev.:

minimum:
P10:

0059
0.250
0415

0.490
0.650

f —T T
0.250 0.350 0.450 0.550
Value

(a) with triangular prior NTG distribution

T
0.650

Frequency

mean: 0.370
std. dev.:
minimum: 0.
P10: 0.261
median:
P90:
maximum:

0.077
0.060
0.376

0.460
0.610

A

T
0.060

—
0.198

T * T
0.335 0.473 0.610
Value

(b) with analog prior NTG distribution

Figure 3.44: Posteriors for scenario 3 resulting from two different prior distributions.



3.6. CHAPTER SUMMARY 101

mean: 0.415 mean:  0.380

— std. dev.: 0.059 std. dev.: 0.096

minimum:  0.250 minimum:  0.250

P10: 0.344 P10: 0.310

median: 0.415 median: 0.391

P90:  0.490 P90 0.471

maximum:  0.650 maximum:  0.650
oy oy
15 5
=} =}
g g
w w

0.250 "0.350 0.450 0550 0,650 0250 0.350 0.450 0,550 0,650

Vaue Value
(a) with triangular prior NTG distribution (b) with uniform prior NTG distribution

Figure 3.45: Posteriors for scenario 3 resulting from triangular and uniform prior
distributions.
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Figure 3.46: Impact of additional well data on posterior NTG distributions for sce-
nario 1.
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Figure 3.47: Impact of seismic data on posterior NTG distributions for scenario 1.
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Figure 3.48: Posterior NTG distributions resulting from using only four appraisal
stage wells and all 28 wells from the WCA reservoir.
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Figure 3.49: Spatial bootstrap histograms corresponding to different global NTG
values when using all 28 wells from the WCA reservoir.
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Figure 3.50: Spatial bootstrap histograms corresponding to different global NTG

values when using the 4 appraisal-stage wells from the WCA reservoir.



Chapter 4
Conclusions and Future Work

A general framework for global NTG uncertainty assessment has been proposed. It
accounts for three major sources of uncertainty, namely the geological scenario, the
prior global NTG, and the data. The methodology has been tested on a synthetic data
set then applied to an actual deep-water turbidite reservoir. In this final chapter, the
advantages and limitations of the workflow are considered. Next, the various decisions
required during the different stages of the workflow are discussed. Finally, avenues

for future work are presented.

4.1 Advantages and limitations of the workflow

The workflow proposed here for uncertainty assessment is demanding because it re-
quires more decisions and modeling effort than any of the previous approaches. Clas-
sical bootstrap does not call for any facies modeling, hence does not require any prior
decision about the geological scenario or facies proportions. The Dirichlet approach
requires that the prior probability of facies occurence takes the form of uniform or
Dirichlet distributions, and it does not call for geostatistical simulations of facies.
Spatial bootstrap requires geostatistical simulation, which calls for prior knowledge
of the geological scenario and corresponding facies proportions. It also requires deci-
sion of which sampling strategy to retain for bootstrap.

Classical bootstrap does not call for geological scenarios because it is not meant

106
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to be used for spatially correlated attributes. The Dirichlet model proposed by
Haas and Formery (2002) is an elegant analytical formulation but it does not hold
well in case of spatially correlated attributes, because the observed proportions do

not follow a multinomial distribution if the data are spatially correlated.

Instead of a single geological scenario like in spatial bootstrap, the workflow pro-
posed calls for multiple geological scenarios and the probability of occurence of each
scenario. Additionally, for each scenario, it requires a prior probability distribution
of global NTG values which is unlikely to be uniform or Dirichlet. Coming up with
multiple geological scenarios may seem like a difficult requisite at appraisal stage
where time is of essence. There is hardly enough time to interpret the data once, let
alone multiple times by multiple disagreeing experts. These interpretations and the
resulting geological models are required by the workflow, however, they do not have
to be very detailed. As seen in the WCA case study, NTG uncertainty is governed
by the major differences between scenarios, for example, lobes vs. channels, not by
subtle differences, such as variation in channel sinuosity from one scenario to another.
The advantage of using multiple scenarios is a better NTG uncertainty model that
spans a wider space of uncertainty than the one corresponding to multiple stochastic

realizations resulting from a single structural model like in spatial bootstrap.

The workflow incorporates past experience and company expertise through the
prior probability distribution for global NTG. Unlike the Dirichlet approach, this
prior probability model need not be a uniform or Dirichlet distribution. A prior NTG
distribution obtained by pooling together data from previously discovered reservoirs
allows a company to capitalize on historical information and prevents overly optimistic
NTG uncertainty intervals. The synthetic Stanford VI exercise showed that by using
a less optimistic prior distribution, a more relevant NTG uncertainty model was
obtained in spite of severe initial over-estimation. In practice, such over-estimation

is likely due to preferential location appraisal stage wells.

Amongst the methods available for global uncertainty assessment, the proposed
workflow is the most time-consuming and effort-intensive. In return what it provides
are more informed models of uncertainty, which reflect a company’s geological exper-

tise and historical information. This is valuable information, especially at appraisal
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stage when well data is sparse and the stakes are high. Through the case studies, we
have shown how to incorporate these diverse sources of information into final models

of uncertainty that can be used for financial risk analysis and decision-making.

4.2 Decisions involved in modeling uncertainty

Modeling uncertainty about an attribute requires decisions regarding 1) what are the
uncertain parameters 2) which of these uncertain parameters should be randomized
and 3) how can they be randomized.

Step one requires determining the main sources of uncertainty related to the at-
tribute under study. In the case of global NTG we identified three major sources of
uncertainty: the data, the geological scenario and the prior NTG of that scenario.
The data, or the NTG estimate obtained from the data, is the first source of un-
certainty. The various hard and soft data are themselves uncertain. For example,
cores and well logs are prone to interpretation and measurement uncertainty. Seismic
amplitude and derived attributes (for example acoustic impedance) are uncertain be-
cause of underlying uncertain velocity models. A NTG estimate obtained from these
data is a summary (potentially non-linear) of the data. Hence, it is sensitive to both
the data and the estimation algorithm retained. The estimation algorithm consists of
a calibration method to obtain facies probability from seismic attributes. Examples of
calibration algorithm are Bayes inversion, logistic regression, PCA-based techniques,
neural network based techniques, etc. As seen from the Stanford VI and WCA reser-
voir case studies, the initial NTG estimate has a large impact on the posterior NTG
distribution, hence it is very important to account for the uncertainty about this es-
timate. As required by step 1, we have identified the uncertain parameters involved
in NTG estimation. Next, we need to determine which of these parameters should be
randomized (i.e. considered uncertain), and finally how can they be randomized.

Figure 4.1 summarizes the workflow used for the WCA reservoir case study. The
top part shows that the initial estimate depends on the well data d, the seismic
attribute «, and the estimation algorithm ®. In the case of the WCA resevoir, four

wells with facies data, one seismic attribute - acoustic impedance, and one estimation
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Figure 4.1: Current workflow

algorithm - Bayes inversion, were used to obtain a single initial estimate aj. The
geological scenario G' was randomized. For each scenario g the global NTG A was
randomized. The prior probability distribution P(A|gx) is discretized, and for each
class of global NTG a facies realization is simulated to re-sample synthetic wells. This
re-sampling is done to assess the uncertainty about the initial estimate by randomizing
the well locations. But well location is only one aspect of NTG estimate uncertainty.
Suppose that we want to assess the uncertainty about the seismic attribute. Say we
have two acoustic impedance data sets a1 and ap obtained from two different velocity
models. Figurel4.2 shows how this additional randomization can be incorporated into

the proposed workflow.

Instead of one initial estimate af, we now have two initial estimates af; and ag,
corresponding to the seismic attributes a; and as respectively. The workflow must
be carried-out twice, once using aj; and then using aj,. The resulting posterior NTG
distributions are denoted P(A|af;) and P(A|a},). Recall that these two estimates
use the same well data d and estimation function ®, but different impedance data
sets. Hence, these posterior distributions can also be denoted as P(A|d, ®, ;) and

P(A|d, ®,a3). To combine these two posterior distributions into a single posterior
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distribution given the well data and estimation algorithm P(A|d, ®), we need the
prior probability of the two impedance data sets, P(a;) and P(ay):

P(A|d, ®) = P(A|d, ®, 1) x Plar) + P(Ald, ®, as) x P(a) (4.1)

This can easily be generalized to multiple acoustic impedance data set case:

P(Ald,®) =Y P(Ald, ®,0;) x P(ag) 5 i=1,....n (4.2)

Assigning a prior probability to an impedance data data is not a straightforward
task. One solution is to assign a probability based upon the confidence on the velocity
model. Another alternative is to assume the different impedance data sets to be
equally likely.

Now, suppose we want to randomize both the seismic attribute and the estimation

function. Assume that we have two seismic attributes o and as and two different
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estimation algorithms ®; and ®,. Figure shows the workflow corresponding to
this case. We now have four initial estimates, agj;;, {19, G591, and afyy. The subscript
0 indicates that it is the estimate from the actual data. The first subscript after zero
corresponds to the seismic attribute; the second one corresponds to the estimation
algorithm, which reflects the sequence of randomization shown in Figure [4.3. The
sequence, however, is not important. The estimation algorithm can be randomized
first, followed by the seismic attribute. The workflow must be carried out 4 times for

the 4 initial estimates, resulting in 4 corresponding posterior NTG distributions.
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Figure 4.3: Randomize seismic attribute o and estimation algorithm &

If the estimation algorithm is randomized first, as in Figure/4.3| then the posterior
NTG distributions resulting from estimates afj;; and aj;, are combined into a single

posterior given the well data and the first seismic attribute as follows:

P(A|d, 1) = P(Ald, ar, ®1) x P(®,) + P(Ald, oy, Bs) x P(By) (4.3)

Equation calls for the prior probability of estimation algorithms ®; and ;.
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It is not obvious how to assign a prior probability to an algorithm. Possible solutions
are to treat each algorithm as equally likely or to subjectively assign a probability
based on prior experience about the robustness of the algorithm under sparse data
conditions. Thus, in this case the probability represents our prior confidence on the
algorithm based on prior experience. Similarly, the posterior probability distribution
P(A|d, ay) can be obtained by combining the posterior distributions P(A|af,;) and
P(Alagy,). The two posterior distributions corresponding to the two different seismic
attributes can be combined into a single posterior distribution given well data through
Equation

The geological scenario is another major source of uncertainty as seen from the
WCA reservoir case study. When randomizing geological scenarios one has to decide
1) how many scenarios should be retained, 2) what level of detail should be contained
in the scenarios, 3) which simulation algorithm should be used. The answers to the
above questions will naturally vary from one case to another. But, we can draw some
lessons from the WCA case study. Originally, we had 8 different training images (Tis)
describing the facies variability in the WCA reservoir (Figures(3.2land[3.3). However,
these 8 Tis could be grouped into two categories, one where all facies were channelized
and the other in which some facies were channelized and others were in form of lobes.
We retained one Ti from the above two categories to study the impact of the scenario
on posterior NTG distribution (Figure [3.4). The results showed that the difference
between the two posterior distributions was larger when the two scenarios were very
different, such as channel vs. lobes, rather than high sinuosity vs. low sinuosity
channels. Thus, for WCA reservoir geological uncertainty, it was enough to retain
just 2 scenarios out of the 8 originally presented. Thus, the general advise is to
group scenarios that are similar and retain the ones that are very different for NTG

uncertainty assessment.

As for the level of details, the scenarios should only contain as much detail as is
relevant for NTG uncertainty assessment. A sensitivity study should be performed
to filter out details that do not have a large impact on NTG estimate and the corre-

ponding uncertainty distributions.

Questions 2 and 3 are linked. The level of detail required would determine which
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simulation algorithm should be used. We retained the multiple-point simulation (mps)
algorithm snesim for the WCA case study because the facies heterogeneity could be
conveniently expressed in form of training images. Whatever simulation algorithm is
retained, it should be able to condition to all available data (wells and seismic).

If we randomize everything at once, it will be very difficult to keep track of and
to interpret the results. Hence, one needs to decide which parameters should be ran-
domized and which can be frozen (fixed). A decision to randomize or fix a parameter,
whether it is due lack of time or means, should be justified and carefully documented
to aid proper interpretation of the results. Given that so many decisions go into
building these uncertainty models, we can safely claim that there is not such thing

as an objective model of uncertainty.

4.3 Recommendations for Future Work

The proposed NTG uncertainty workflow is a significant improvement over the previ-
ously used methods for global uncertainty assessment. Whether or not a new method

is widely used depends on several things:
1. Is the method easy to understand?
2. Is it easy to use?
3. How much time and effort does it require?
4. Does it provide a significant advantage over existing methods?

The pros and cons of the workflow were discussed in Section [ts main advan-
tages are also its disadvantages. It is both time consuming and effort intensive, but
in return it allows more informed decision-making based on uncertainty models that
capitalize on a company’s geological expertise and historical information. Whether
or not this workflow provides a significant advantage over other global uncertainty
assessment methods would require a few successful applications.

This thesis has been devoted to understanding, testing, and broadening this work-

flow. It has been taken apart piece-by-piece and the impact of its various parameters
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on the resulting NTG uncertainty models has been documented. The case studies
have hopefully explained how to apply it. Additionally, we have provided guidelines
about selecting and building geological scenarios, obtaining prior NTG distribution,
etc. We have suggested how to randomize certain parameters that were not ran-
domized in the case studies. Suggestions for future work to improve global NTG

uncertainty assessment are discussed below.

e Jointly randomize reservoir volume and facies

Any NTG uncertainty model obtained using this workflow is tied to the sam-
pling domain. The reservoir volume, however, was frozen throughout the NTG
uncertainty study. A joint randomization of volume and NTG uncertainty is a
top consideration for future work. As discussed in Chapter |1, reservoir volume
uncertainty is linked to uncertainty about seismic data processing and interpre-
tation. Time-to-depth conversion is one of the largest sources of uncertainty
about the seismic data because of the poorly understood velocity models re-
quired for this conversion. In spite of such uncertainty involved, seismic data
processing has been largely deterministic. Recently, (Clapp, 2001, 2003) has
stochatically generated multiple seismic images by considering alternate veloc-
ity models. To account for reservoir volume uncertainty in NTG uncertainty
assessment, we can retain different seismic images resulting from widely dif-
ferent velocity models. The reservoir volumes interpreted from these different
seismic images would provide top-level randomization for the workflow, since
the reservoir volume impacts all aspects of NTG computation and uncertainty

assessment.

e Randomize initial NTG estimate

As seen from the synthetic Stanford VI reservoir and the WCA reservoir case
studies, initial NTG estimate has a large impact on the posterior NTG distri-
bution. Instead of retaining a single initial NTG estimate from the appraisal
stage data, it might be better to retain multiple NTG estimates resulting from

using different seismic attributes and estimation algorithms. See Section for
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a discussion about how to randomize the NTG estimate and how to incorporate

this uncertainty into the posterior NTG distributions.

e Randomize hard data

Cores and well logs are often treated as “hard” data, but these data are nonethe-
less uncertain (Akamine and Caers, 2007). Well log uncertainty can be incorpo-
rated into the NTG estimation by applying different cut-offs or different inter-
pretations on the initial well logs. This results in different facies interpretations,
which in turn yields different initial NTG estimates and possibly different ge-
ological scenarios. Running the workflow with the different initial estimates
would yield different posterior NTG distributions, which reflect the well log

interpretation uncertainty.

e Volume approximations

Real reservoirs are not uniform boxes; they have pinch-outs, and layers with un-
equal thickness. Geostatistical simulation of facies and petrophysical properties
requires the stratigraphic grid to be transformed into a regular, cartesian grid,
where all cells are of equal size (Mallet, 2004). Currently, the impact of this
transformation on volumetric computation is ignored. Ways to deal with this

change of support from cartesian to stratigraphic grid should be investigated.

e Prior probability for geological scenarios

To combine posterior NTG distributions resulting from the different geological
scenarios, we need a prior probability for each scenario. This can be assigned
based on knowledge of geological setting of nearby reservoirs, but still it is
a subjective, expert task. If no prior information is available, each scenario
can be assumed to be equally likely; this is not an unreasonable assumption
at appraisal stage. Geological scenarios are inherently linked to the reservoir
data from which they are interpreted, hence uncertainty about a scenario is
also linked to the observed data. Computing likelihood of a geological sce-
nario based on observed data by process-based (Sun et al., 2002) or process-

mimicking (Pyrcz et al., 2005) models is an exciting avenue of research.
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e Utilize other types of data

In the WCA case study, we used well (cores and well logs) and seismic (acoustic
impedance) data for NTG estimation. Production and pressure data, if avail-
able at appraisal stage, can provide additional information about the connected

volume of reservoir-quality rocks and help improve NTG estimation.

Resampling with structural constraints

Appraisal stage wells may be drilled with different objectives, for instance, to
evaluate the extent of the reservoir, depth of the water-oil contact (WOC), etc.
The proposed workflow cannot be used to assess the uncertainty about reservoir
extent or depth of WOC contact. However, if the original drilling strategy
consists of drilling in structurally high zones of the reservoir, then resampling
can be restricted to those zones by flagging the nodes in the reservoir that are
above a certain depth, for instance. In case of multiple constraints, the subset of
flagged nodes that honor all constraints are retained. Care should be exercised
when imposing constraints; with too many constraints enough replicates may

not be available.

Resample deviated wells

The four appraisal stage wells in the WCA reservoir were slightly deviated, yet
we used vertical wells when re-sampling from facies realizations. Honoring a
deviated well geometry when re-sampling is critical in cases when such deviation

is strategically done to hit important reservoir zones/features.

Better reproduction of geological scenarios

The WCA reservoir case study has shown that geological scenario has a large
impact on posterior NTG uncertainty distributions. Multiple-point simulation
(mps) algorithms allow a more explicit definition of the structural model in
form of Tis; hence were used in the case studies. However, as seen from the
realizations of scenario 2 (channel and lobes) in the WCA reservoir, the pattern

reproduction can certainly be improved.
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e Computing multiple facies proportions from a global NTG value

In the multiple facies case, additional constraints are required to compute in-
dividual facies proportions from a single global NTG value. We proposed to
freeze relative facies proportions taken from a training image, prior experience
or expert decision, to provide additional constraints. These proportions are
uncertain, hence they should be randomized. For cases when it is not appro-
priate to freeze relative facies proportions, other methods for estimating facies

proportions need to be found.



Appendix A

TiGenerator: Object-based image

generator

A.1 Introduction

The two presently available multiple-point simulation (mps) algorithms snesim
(Strebelle, 2002) and filtersim (Zhang, 2006) require, as input structural model, a
training image (Ti) that is a numerical description of the perceived geological hetero-
geneity. This training image, is a conceptual representation of the type of structures
deemed present in the field /reservoir. A lack of open source, flexible, and easy-to-use
programs for generating Tis has been a major stumbling block for the users of mp
geostats. For instance, users of the open-source software SGeMS (Remy et al., 2008)
use its mp-simulation algorithms snesim and filtersim, but find the lack of software
to generate training images frustrating.

TiGenerator provides a single program to generate different parametric shapes us-
ing non-iterative, unconditional Boolean simulation. In addition, any non-parametric
shape can be simulated by specifying a rasterized template of that shape. TiGener-
ator is fast because it is unconditional, it is flexible because the pattern distribution
of a variety of depositional environments can be modeled using the available shapes
and constraints. The various object geometry parameters and orientation can be kept

constant or made to follow pre-defined probability distributions. Interaction between

118
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objects can be modeled by specifying erosion and overlap rules.

A.1.1 Review of some commonly used programs

A first requisite to using mp-simulation algorithm is a training image. Informa-
tion about facies geometry is descriptive and is typically available as 1D sedimen-
tary columns, 2D outcrop sketches in map and cross-sectional view, or 3D block
diagram pictures. Creating a 3D image by extrapolating from these 1D and 2D
sections is not a trivial task (Caers, 2006). Drawing 3D sedimentary bodies is
difficult and time-consuming because it can only be done on one 2D section at a
time, leaving open the issue of 3D interpolation. Therefore, sedimentological de-
posits are generally interpreted in terms of generation processes and/or descriptions
of geological bodies. The training images can then be obtained by runs of process-
based forward simulations (Tetzlaff and Harbaugh, 1989; Mackey and Bridge, 1992;
Bowman and Vail, 1999; Sun et al., 2002; Cojan et al., 2004; Pyrcz et al., 2005); or
unconditional object-based simulations (Haldorsen and Chang, 1986; Damsleth et al.,
1990; Jones and Larue, 1997; Shmaryan and Deutsch, 1999; Deutsch and Tran, 2002).
The problem is that many of these programs are limited to a specific depositional
system, can be very complex to use, and are proprietary or commercial (e.g. SBED
softwar&). Process-based techniques produce more geologically realistic images than
the object-based algorithms, sometimes with lamina-scale details. However, many
such details cannot be accounted by mps and are sometimes irrelevant because they
do not matter for flow simulation.

Whenever major petrophysical heterogeneity is controlled by geobodies, it is de-
sirable to use object-based simulation to generate Ti because, typically, such simu-
lation is easier to parametrize and implement than process-based models. For ex-
ample, in a fluvial system, the major petrophysical heterogeneity is related to the
geometry of channels, levees, crevasse splays and floodbasin. The program fluvsim
(Deutsch and Tran, 2002) is a hierarchical, object-based FORTRAN code for model-

ing such fluvial systems. Being an object-based approach it is difficult to condition to

L Copyright (© 2006 Geomodeling Technology Corp. All rights reserved.



120 APPENDIX A. TIGENERATOR: OBJECT-BASED IMAGE GENERATOR

dense well data and 3D seismic-based trend data. However, unconditional realizations
of fluvstim can be used for generating fluvial Tis, while the task of conditioning to
data is left to the mp-simulation algorithms.

The program ellipsim (Deutsch and Journel, 1998) is a FORTRAN code to gen-
erate families of ellipsoids, each with a fixed geometry. It has limited utility because
few geological structures can be modeled using only ellipsoids. More importantly, be-
cause these programs are separate, modeling interaction between the channel objects
of fluvsim and ellipsoid objects of ellipsim is limited to simple overlap of the images
generated.

TiGenerator provides an open source program that is general enough so that
different geological systems can be modeled. It utilizes the visualization capabilities
of SGeMS , and the resulting training images are in a format compatible with the
existing mp-simulation programs in SGeMS. It is written such that new shapes and

interaction rules can be easily added to expand its existing scope.

A.1.2 Role of training image in mp simulation

The role of a training image in mp simulation (mps) is often misunderstood, hence,
deserves clarification. A training image is a conceptual depiction of patterns and
structures that are deemed present in the field /reservoir being simulated. It is not an
analogue of the field or phenomenon being modeled. The following points highlight

the characteristics of a training image:

e [t should be stationary, i.e. it should not depict patterns or pattern clusters
that are specific to any sub-area. Indeed in mps, the Ti patterns are pooled
together and classified in bins or search trees, hence, their actual location in the
Ti is lost.

e [t should not have any local accuracy. The patterns taken from the Ti can be
reproduced anywhere over the simulation field as long as they honor the local
data.

e [t should not include any pattern deemed not relevant for mps.
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Note: A Ti is not the final structural model actually used by mps. Different
mps algorithms process the same Ti differently, hence, the only way to ascertain your
input structural model is to generate unconditional realizations using that Ti taken
along with a specific mps algorithm. These unconditional simulations represent the

implicit structural model that will be used by the data conditioning algorithm.

A.2 Training image generator in SGeMS

The structure of the program is outlined in Algorithm /1.

Algorithm 1 Training image generator
1: Initialize a list of geobodies and their input proportions
2: for Each geobody 7 in the list do
3:  Define a random path visiting each node of the grid
for Each node u along the path do
Draw geobody ¢
Update the proportion of geobody i
if Simulated proportion > target proportion of geobody i then
Break out of loop
end if
10: end for
11: end for
12: Repeat for another realization

Currently, four parametric shapes (objects) are available: sinusoid, ellipsoid, half-
ellipsoid and cuboid. The number of parametric shapes and mechanisms available to
model interaction is still limited. However, by varying the dimensions, orientation and
sinuosity of these objects and by specifying different interaction rules, many different
types of geological scenarios can be modeled. In addition, any non-parametric shape
can be input through a text file as a rasterized template. This last feature lends great
flexibility to the types of images that can be generated. The four parametric shapes

are described below:

Sinusoid In the horizontal plane a sinusoid is parametrized by an amplitude and
a wavelength (Figure A.1(a)). Its vertical cross-section is a lower half-ellipse,
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which is described by a width and a thickness (Figure A.1(b)). The sinusoid

object can be rotated only in the horizontal plane.

Ellipsoid The ellipsoid object is parameterized by a maximum, medium and mini-

mum axis (Figure A.2(a)). It can be rotated only in the horizontal plane.

Half-ellipsoid The vertical upper or lower section of a full ellipsoid. It can be

rotated only in the horizontal plane.

Cuboid A rectangular parallelepiped characterized by its XY, and Z dimensions
(Figure A.2(b)). It can be rotated in both the horizontal and vertical planes.

Amplitude

. Width .
| |
Wavelength
(a) Horizontal view (b) Vertical cross-section

Figure A.1: Horizontal and vertical views of a sinusoid.

Each object geometry and orientation parameter can be made to independently
follow three types of distributions: Dirac, uniform or triangular. The user interface

for these distributions is shown in Figure |A.3!

Constant value or Dirac distribution Completely defined by the single parame-
ter [Mean]; it is used to input constant parameters (Figure A.3(a)).

Uniform distribution A uniform distribution is parameterized with [Min] and [Max],
the lower and the upper bounds of the distribution (Figure A.3(b)).
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‘% Y g8

(a) Ellipsoid (b) Cuboid

Figure A.2: Ellipsoid and Cuboid objects.

Triangular distribution A triangular distribution is parameterized with [Min], [Mode]

and [Max], the lower bound, the mode and the upper bound of the distribution

(Figure A.3(c)).

Uniform distribution parameters
Constart distibution parameters Min M

Mean

(a) Constant distribution (b) Uniform distribution

Triangular distribution parameters
Min Made Mz

(¢) Triangular distribution

Figure A.3: User interface to specify the distribution of object geometry and orien-
tation.

A.2.1 Object interaction

A training image must depict not only each object, but also how these objects spatially

relate with each other. Geological events cause objects to overlap and erode one
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another. In TiGenerator these spatial relationships between objects are modeled by

user-specified erosion and overlap rules.

Erosion rules: Erosion rules must be specified between a geobody and all geobodies
that are simulated prior to it. A geobody can either erode (code 1) or be eroded by
(code 0) the previously simulated geobodies. All geobodies erode the background
facies by default.

Overlap rules: Overlap rules help constrain the fraction of volumetric overlap be-
tween two geobodies. The overlap is controlled by two parameters, minimum overlap
and maximum overlap, which are bounded by [0, 1]. For each geobody, the user must
specify an overlap rule with all previous geobodies. If the volumetric overlap between
two geobodies is to be the same, then minimum and maximum overlap should be set

equal.

To illustrate some end member overlap cases consider the example of a three
facies training image - background, ellipsoid and cuboid - simulated in that order.
Prior to any geobody simulation all grid nodes are set to background facies. The
ellipsoid object is simulated first. No erosion or overlap rules need to be specified
for the ellipsoid object because it is simulated first. The cuboid objects, which are
simulated next (second), erode the ellipsoids. Consider the following four cases of
overlap between the cuboid and ellipsoid objects: if, for the cuboid object, min overlap
and max overlap are both set to 0, then the two geobodies will not be in contact
(Figure A.4(a)). On the other hand, if min and max overlap are both set to 1, then
cuboids will be completely contained within the ellipsoids (Figure A.4(b)). Setting
min overlap to 0.01 will ensure that cuboids are attached to ellipsoids (Figure A.4(c)).
If no specific overlap relationship exists between the two geobodies then set min

overlap to 0 and max overlap to 1, which results in a random overlap (Figure A.4(d)).

Warning: It is the user’s responsibility to ensure consistency between the different
overlap rules. If one or more geobodies cannot be simulated due to inconsistent
overlap criteria, then the simulation can be stopped by clicking Abort on the progress
bar.
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T

) No overlap (min=0, max=0) b) Complete overlap (min=1, max=1)
(c¢) Attachment (min=0.01, max=1) (d) Random overlap (min=0, max=1)

Figure A.4: Examples of interaction between ellipsoid and cuboid objects using dif-
ferent values of minimum and maximum overlap values. The values specified are for
the cuboid object.
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A.2.2 Description of input parameters

The TiGenerator algorithm is activated from Utilities | TiGenerator in the algorithm

panel. The main TiGenerator interface is given in Figure A.6(a), and the parame-

ters are described below. The text inside [ | is the corresponding keyword in the

TiGenerator parameter file.

1.

2.

Simulation Grid Name [ti_grid]: The name the simulation grid.

Property Name Prefix [ti prop name|: Prefix for the simulation output. The

suffix __real# is added for each realization.

. Nb of realizations [nb_realizations|: Number of simulations to generate.

. Seed [seed rand]: Seed for the random number generator (should be a large odd

integer).

. Nb of geobodies |nb_geobodies|: Number of different geobody types to be sim-

ulated. Minimum value of this parameter is set to 1 (at least one geobody
must be simulated). Total number of facies in the Ti is equal to the number of

geobodies plus the background facies (index 0).

. Geobody information: Information about a geobody is collected using a geo-

body selector [geobodySelector]. For each geobody the following input is re-
quired: geobody type [gbType], geobody parameters, proportion [gbProp], and
interaction rules with all previously simulated geobodies. Note that the geo-
bodies are simulated in the order in which they are specified. Select one geobody
type from the drop-down menu and click on the adjacent push button to in-
voke the corresponding geobody dialog. The geobody parameters can either
be set as constant or specified as a uniform or triangular distribution (Figure
'A.3). All dimensions should be specified in number of cells. Rotation for all
geobodies, except the cuboid, is limited to the horizontal plane (Figure A.5(a)).
The cuboid object can be rotated in both the horizontal (azimuth) and vertical
(dip) planes (Figure|A.5). The types of geobodies available in TiGenerator and

a description of their parameters are as follows
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Sinusoid The dimensions of the sinusoid object are determined by three param-
eters: length [sinLen], width [sinwid] and thickness [sinThk]. The horizontal
sinuosity is specified by an amplitude [sinAmp] and a wavelength [sinwvl].
Horizontal orientation of the sinusoid [sinRot] is specified as clockwise ro-

tation in degrees from North (y axis).

Ellipsoid The geometry of the ellipsoid object is determined by three radii:
Max radius [ellipMaxr], Med radius [ellipMedr], and Min radius [ellipMinr].
Ellipsoid orientation [ellipRot] is specified as clockwise rotation in degrees

from North (y axis).

Half-ellipsoid The half-ellipsoid object can be either a lower half ellipsoid
[1hellip] or an upper half ellipsoid [uhellip]. Its geometry is determined by
three radii: Max radius |[hellipMaxr], Med radius [hellipMedr], and Min ra-
dius |[nel1lipMinr]. Half-ellipsoid orientation [hellipRot] is specified as clock-

wise rotation in degrees from North (y axis).

Cuboid The cuboid object has three parameters: length [cubLen], width [cubwid]
and height [cubHgt]. Cuboid orientation is specified through two angles:
[cubRotStrike] is clockwise azimuth rotation in degrees from North (y axis),

and [cubRotDip] is dip rotation in degrees from the horizontal plane.

User-defined User-defined shape refers to any rasterized shape provided by
the user through a text file [filename]. The file should contain three columns
and as many lines as number of points in the raster. Each line contains,
separated by spaces, the i, j, and k coordinates of a point in the raster
relative to a center location (0, 0, 0). The shape need not be symmet-
ric. Orientation [udefRot] is specified as clockwise rotation in degrees from
North (y axis). The user-defined shape can be scaled by providing scaling
factors in x, y, and z directions [udefScal]; these factors should be greater

than zero.

For any given geobody, the interaction with previous geobodies must be speci-
fied by invoking the Interaction dialog shown in Figure A.6(b). Three type of

interaction rules are required.
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(a) Azimuth (b) Dip

Figure A.5: Rotation convention for the different geobodies.

7. Erosion rules with previous geobodies: The erosion rules are specified as a
space-separated string of Os and 1s. If the current geobody erodes a previous
geobody, then the erosion value is 1 otherwise it is 0. For the first geobody this

field should be left blank as there are no previously simulated geobodies.

8. Overlap with previous geobodies: The overlap rules control the fraction of
volumetric overlap between two geobodies. It is specified as a pair of minimum
[min] and maximum [max] overlap values, which are between [0, 1]. For the first
geobody these fields should be left blank as there are no previously simulated

geobodies. See Section |A.2.1 for more information about overlap rules.

9. No overlap with self: The minimum and maximum overlap rules are for model-
ing overlap with previous geobodies. If no overlap is desired between geobodies

of the same type (i.e. same index), then this box should be checked.

A.3 Examples of training images generated using

TiGenerator

Some example training images and their corresponding parameters are presented in
this section. The simulation grids in Figures and A.8 each contain 100 x 100 x
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¢! Geobody Interaction Dialog

Erogion rules with previous geobodies

Simulation Grid Name | (7)
sim_grid (1 ) v
Eronerty Name Fioix Cwverap rules with previfg)geobndies
ch_ (2) Minimum overlap
Nb of realizations 3 o
= (3) — Mapdmum overap
Seed 92513 (4) 2
Nb of Geobodies 1 (5) =
Index Geobody Type (6) Proportion [] Mo ovedap with seff (9)
1 ®sinused [ 02 I oK ] [ Caneel ] [ Help
(a) Main interface (b) Object interaction dialog

Figure A.6: User interface for the TiGenerator.

30 grid blocks.
Figure A.7(a) shows a channelized training image. Channels are modeled using the

sinuosoid objects and all their parameters are kept constant. The horizontal channels
are oriented at 15 degrees from North and are cut by fractures which are striking
North and dipping at 45 degrees. Fractures are modeled using elongated cuboids
and they erode the channels. The input channel proportion is 0.10; the simulated
proportion in Figure m‘ is 0.09. Note that input geobody proportions may not

be honored exactly due to erosion by other objects and discretization round-ups.

Figure depicts a three facies Ti with background, channels and crevasse
splays simulated in that order. The channels are modeled using sinusoids, which are
oriented at 15 degrees from North and all their parameters are kept constant. Crevasse
splays are modeled by small ellipsoid objects which are oriented at 15 degrees. The
crevasse splays are forced to be attached to the channels by specifying a minimum
overlap of 0.01. To prevent excess overlap between the channels and the crevasse
splays, their maximum overlap is set to 0.02. The simulated proportion of channels is
smaller than the input proportion partly due to the erosion by crevasse splays. With
some practice, the user should be able to factor-in the impact of such erosion and

overlap on his input proportions. The parameters used for generating the training
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(a) Channels cut by fractures (b) Channels with crevasse-like attach-
ment

Figure A.7: Examples of parametric shapes generated using the TiGenerator.

images in Figure/A.7 are given in Section |A.5 (Figures/A.11 to/A.16 ).

Figure ]m shows a training image generated using a user-defined template
(FigureA.9). The file used for specifying this template is given in Section This
feature adds great versatility to the type of shapes that can be generated with the
TiGenerator. All object interaction rules described in Section|/A.2.1 are also applicable
to the user-defined shapes. For example, Figure m‘ shows the non-parametric
crevasse splays attached to channels. The user-defined shapes can be scaled as well
as rotated (Figure[A.10). Figure m shows the user-specified crevasse striking
at 45 degrees and stretched twice its original size (Figure . Note that some
shapes may not maintain their original characteristics when rotated and scaled due
to the discrete domain. In such cases it is better to provide a rotated or scaled raster
as input shape. The parameters used for generating the training images in Figure
'A.8 are given in the Section |A.5 (Figures/A.12,[A.17, and 'A.18]).
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(b) Channels with crevasse-like attach-

ment

(a) User-defined shape

Figure A.8: Examples of training images containing both parametric and user-defined

shapes.

SR

Figure A.9: Rasterized template of crevasse splays used in Figure|A.8. The shaded
node is the center (0,0,0); all other nodes are specified with respect to this center

location. See Section!A.5 for the location of all nodes.
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(a) Original raster  (b) 90° rotation (c) 45° rotation; 0.5
scaling

Figure A.10: Rotation and scaling of user-defined shapes.
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A.4 Adding new shapes and object interaction fea-

tures

This section is intended for developers who would like to expand the existing capabil-
ities of TiGenerator by adding new parametric shapes or object interaction features.
The basic structure of the program is outlined and implementation of interaction rules

is explained. Modifications required to the user interface is described briefly.

A.4.1 Adding new shapes

TiGenerator is designed using the object-oriented paradigm to take advantage of
the inheritance mechanism of C++. The program lends itself particularly well to
an object-oriented design. Each parametric shape in TiGenerator is a self-contained
class, which is derived from an abstract base class called Geobody. Each class con-
tains all information about a particular shape, including its interaction with other
geobodies. The Geobody class contains an empty constructor, a destructor, and four

additional functions:

o draw
e get_geobody_index
e get_rasterized_vol

e reset_rasterized_vol

To add a new parametric shape to TiGenerator, derive a new sub-class from the
Geobody class for that shape. The constructor of the new class should initialize all
the parameters relevant to the shape. For instance, the geometry parameters of the
Cuboid class are different from those of the Ellipsoid class; hence, their constructors
have different input parameters. In addition to implementing a constructor and a de-
structor, override the aforementioned four functions of the Geobody class. Additional
helper functions may be added as necessary. Refer to the source code of currently

available objects in the TiGenerator project as an example.
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The structure of the main program was outlined in Algorithm 1/ (see SectionA.2).
Each SGeMS plug-in contains an initialize and an execute function. All algorithm
parameters are read from the graphical user interface and initialized in the initialize
function. The main loop of the algorithm is implemented in the execute function
of TiGenerator.cpp file in the TiGenerator project. Because of the object-oriented
design, no change is required in the execute function when a new object or interaction
feature is introduced. However, new function(s) to initialize the parameters of the
new object must be implemented in the initialize function in the TiGenerator.cpp
file.

A.4.2 Modifying the user interface

The name of the newly defined object must be added to the geobodySelector widget
(Figure so that the users can access it. This custom-made Qt widget was
designed specifically for use with TiGenerator. It can be accessed in TiWidgets
project, which is separate from the TiGenerator project. A new Qt dialog must be
written for the new object for input of parameters. This dialog should pop-up when
the new object is selected. New accessor functions need to be implemented in the
ti_qt Accessors.cpp file to access and set the value of the parameters on the new dialog.

Refer to any exisiting object dialog in the TiWidgets project as an example.

A.4.3 Implementing new object interaction rules

Currently, two types of interaction rules are available for the different geobodies:
erosion rules and overlap rules. The erosion rules class is fairly simple; it stores the
vector of erosion rules. Similarly, the overlap rules class stores the vectors of minimum
and maximum overlap rules.

For each geobody, these classes are initalized from the values specified by the
user and then passed to the geobody constructor. The task of enforcing the rules
is delegated to the geobody. For instance, to enforce the overlap rules at a given
location, before drawing itself, a geobody will check if the minimum and maximum

overlap criteria with all previously simulated geobodies are satisfied or not. To add a
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new geobody interaction rule, create a new class for that rule. Modify the Interaction
Dialog in the TiWidgets project to input the parameters for the new interaction
rules. Write new function(s) to initialize an object of this class and then pass it
to the corresponding geobody constructor. Then modify the draw function of each

geobody class so that the new interaction rule is honored while drawing that geobody.
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A.5 Parameter files

Raster template corresponding to the user-defined shape shown in Figure|A.9.

SO WWwWWwWWwWWwWwWwNDND NN NN, O O
(@)
(@)
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Parameter files corresponding to the examples in Figures|A.7 and A.8

Simulation Grid Name:
sim_grid [v]
Property Name Prefoc

ch_frac45_

Nb of redlizations 1 2]
Seed 52513 @
Nb of Geobodies 2 @
Index Geobody Type Proportion

1 ®[snusoid  [w] [ ][00
2 & cubod (vl ]lem

Figure A.11: Main interface parameters for the channel and fractures Ti shown in

Figure A.7(a).

4% Sinusoid Dialog 4 Sinusoid Dialog B
La}'nut. Eimensions |
Length | Orientation (0.0=Morth, 30.0=East)
[Constant ] | [Constart (]
Constant distibition parameters Congtant distrbution parameters
|
Tean 1:55 Mean |15
| |
Width Amplitude
Constant :‘_VJ [ Comstart .i _YJ
Constant distribution parameters Constant digtrbution parameters
Mean |7 Mean |7
[ Thickness | Wavelength
| [Constant ] | [Constart ]
Constant distribution parameters Constant distrbution parameters
Mean |5 | | Mean [0
[ ok [ ey ][ cancel [ ok J[ #ey [ caes |
(a) Sinusoid dimensions (b) Sinusoid horizontal layout

Figure A.12: Parameters for the sinusoid object in Figures and Interaction
rules are left blank for the sinusoid object because it is simulated first in all examples.
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&/ Cuboid Dialog 4e/ Cuboid Dialog
| Dimersicrs
Cubaid dimensions {nb of cslis)
Length
Constart [~ Sopsiant ne]
Constant distibLtion parameiers Constartt distribution parameters
o Mean |D
Mean [20
Width Dip (0.0=Horizontal, $0.0=Vertical)
, ) = 5
Constant ¥ oo [=]
Constart distributi eters
Constant distibution parameters il i
Iv! 45
Wean [1 Meay 48
Height
[Corstar: 7]
Constant distibution paramsters
Mean [1
[ ok J[ e ][ cancs | ok J[ et J[ camcet |

(a) Cuboid dimensions (b) Cuboid orientation

Figure A.13: Parameters for the cuboid object shown in Figure A.7(a).

%]

Erpsion rules with previous geobodies -
3

Ovedap nules with previous geobodies
Minimum overdap

Mastimuin overtap
[

[ Mo ovedap with sef

[ 0K ] l Cancel ] [ Help l

Figure A.14: Interaction rules for the cuboid object shown in the channel and fracture

Ti of Figure A.7(a).

Simulation Grid Name
sim_grid ]
Property Name Prefoc

ch_ellip_attach_
Nb of realizations 3 [
Seed 52513 [
Nb of Geobodies 2 [
Index: Geobody Type Proportion

1 H[Sinusoid s (L]0

O EI

Figure A.15: Main interface parameters for the channel and ellipsoid Ti shown in

Figure A.7(b).
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4 Ellipsoid Dialog

Orientation 0.0=Notth, 50.0=East)

Constart 2
Constart distribution parameters
Mean [[15

Elipsaid dimensions (b of cels)

Max radius
Congtant |v]
Constant distribution parameters
Mean |5

Med radius

Constant (]
Constant distribution parameters

Mean |3

Min radius

Constant [w]
Constant distribution paramsters
Mean [2

ée/ Geobody Interaction Dialog [B[X]

Erosion rules with previous gsobodies

n

Overlap rules with previous geabodies
Minimum overap

0.01

Maximum overiap

0.02

[ Mo overizp with ssf

[ox J[ s J[ e |

(a) Dimensions (b) Interaction rules

Figure A.16: Parameters for the ellipsoid object shown in Figure A.7(b).

%/ User Defined Object Di... | 2 |6

Orientation (0.0=Marth. 80.0=East)

Simulation Grid Name
sim_grd [i] Constant [v]
Property Name Prefic

Constant distribution parameters

crevasse
= Mean |0
Nb of realizations 1 =
Seed 52712 o Sealingfactors [ 111
Nb of Geobodies 1 & File containing rasterized object
Index Geobody Type Proportion

Flles/examples/raster_asymmetric.dat | D

1 | User_defined [w|[. ][0 ( oK ] [

Carcel |

(a) Main interface (b)
shape

User-defined

Figure A.17: Main interface and parameters for the user-defined shape Ti shown in

Figure A.8(a).
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Simulation Grid Name
am_aid e % Geobody Interaction Dialog
Property Name Prefoc Erosion rules with previous geobodies
ch_crev_ 1
Nb of realizations 1 ] Qverlap rules with previous geobodies
Seed 92512 3 Mirimum overiap
Nb of Geabodies 2 & 0.01
Index  Geobody Type Proportion Mapdmum overdap
005
1 H[sinusoid ][]0
[ No overlap with seff
2 B User_defined [w|[. ] 001 [ o ] [ Cancel ] l Help ]
(a) Main interface (b) User-defined shape in-

teraction rules

Figure A.18: Main interface and interaction rules for the user-defined shape shown in
Figure|A.8(b). All other parameters for the user-defined shape in this Ti are similar

to those given in Figure A.17(b).
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