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ABSTRACT

Flow event deposits in turbidite lobes are modeled with stochastic
surface-based simulation. This method honors the geometries and
compensational stacking of flow event deposits. Flow event deposit
geometries are based on a flexible lobe parameterization. Compen-
sational stacking is the tendency of flow event deposits to fill topo-
graphic lows and to smoothing of topographic relief. The surface-
based model may be conditioned to well data.

Models of reservoir properties such as porosity and perme-
ability are constrained by the resulting geometric models. This ap-
proach is applied in a geostatistical workflow to better integrate
available geologic information. The resulting models may improve
the accuracy of model reservoir response and account for the un-
certainty in the heterogeneity of turbidite lobes.

INTRODUCTION

The inaccessibility of the subsurface generally results in a high de-
gree of uncertainty. Stochastic models provide a measure of uncer-
tainty in reservoir response through the construction of multiple
realizations of lithofacies, porosity, and permeability. Stochastic
models are commonly cell based; the model is constructed on a by-
cell basis. These models are generally limited to the reproduction of
two-point statistics, the semivariogram, and do not reproduce com-
plicated spatial structures. The desire to construct more geologically
realistic stochastic models has led to research in object-based and
surface-based models. Object-based or Boolean techniques were pio-
neered by Haldorsen and Lake (1984), Haldorsen and Chang (1986),
and Stoyan et al. (1987). Surface-based techniques have been intro-
duced recently (Deutsch et al., 2001; Pyrcz and Deutsch, 2003).
With turbidite systems as important exploration targets, there
has been a rapid increase in exploration in both convergent and
passive margins in the last 20-30 yr (Stow and Mayall, 2000). There
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is a great deal of research into the internal and external geometries
and stacking patterns of architectural elements associated with tur-
bidites (Satur et al., 2000; Shanmugam, 2000; Stow and Johansson,
2000; Stow and Mayall, 2000; Johnson et al., 2001). A classification
scheme based on grain size and feeder system has been developed to
describe various architectural element associations (Reading and
Richards, 1994; Bouma, 2000). Ghosh and Lowe (1993) construct-
ed a hierarchy of process-based architectural elements, and Pickering
et al. (1995) presented a scheme focused on internal and external
geometry.

The Ghosh and Lowe (1993) scheme is applied in this paper.
Individual homogeneous components are identified as first-order
architectural elements. These may be individual components of the
Bouma sequence (T,_.) and other coarser components (Bouma,
1962). The second-order architectural elements are composed of a
single or collections of first-order elements that represent products
of individual flow events. Third- and fourth-order architectural
elements represent reservoir-scale features such as lobes or
channel-levee systems.

Small-Scale Geometries

Small-scale geometries are represented by first- and second-order
architectural elements (Ghosh and Lowe, 1993). These elements
have a thickness of less than 1 m (3.3 ft) to a few meters and are
generally below the resolvable limit of seismic data but may im-
pose significant control on the reservoir response (Slatt et al.,
1998; Satur et al., 2000). These elements are referred to as flow
event deposits in this paper.

The flow event deposits (1) are below the resolution of available
data in the interwell regions; (2) have geometries that may be
generalized with site information and analog information with the
aid of an understanding of the sedimentary processes; (3) com-
monly have compensational stacking patterns; and (4) may have a
significant impact on reservoir response.

Well tests, seismic data, and well logs commonly provide ex-
cellent structural and stratigraphic information but do not ade-
quately resolve these small-scale features in the interwell regions.
Analog outcrop studies may provide information about the char-
acter of these features. Turbidite lobe reservoir models should ac-
count for this information for improved geologic realism of the re-
sulting reservoir models.

Stow and Johansson (2000) noted that the small-scale geom-
etries commonly mimic the larger scale geometry. A lobe may be
filled by flow event deposits with lobe geometry and compensational
stacking.

Compensation cycles are defined as a main characteristic of
ancient lobes (Mutti and Normark, 1987; Mutti and Normark, 1991;
Galloway and Hobday, 1996; Stow et al., 1996) and are considered
virtually ubiquitous in distal lobes (Mutti and Sonnino, 1981).
These cycles are the result of preferential filling of topographic

Stochastic Surface-Based Modeling of Turbidite Lobes



1-10 km

1-10 km
Figure 1. The morphologies reproduced with the surface-
based model. The figure includes a single turbidite lobe filled
by flow event deposits with compensational stacking. This geo-
metric model may be applied to constrain reservoir-quality
trends and to position mud drapes along the surfaces. Trends in
flow events may include fining upward, distal, and toward the
peripheries.

lows. In vertical profile, compensational cycles are
identified as multiple thickening-upward sequences. A
schematic of the geometries reproduced in the surface-
based turbidite lobe model is shown in Figure 1.

Petrophysical property distributions may be con-
strained by trends related to these small-scale features.
In addition, in mud-rich and mud-sand-rich systems,
stochastic mud drape models may be positioned along
the stochastic surfaces (similar to Li and White, 2003).
Associated features may result in geologic barriers and
baffles to flow and may have a significant impact on oil
and gas production.
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A stochastic surface-based simulation approach is
introduced for modeling the geometry of flow event de-
posits in turbidite lobes. This method honors the geom-
etries and compensational stacking between the flow
event deposits. These flow event deposit geometries are
based on a flexible lobe parameterization (Figures 2, 3).
Further discussion of the methods presented in this pa-
per and the required algorithms are provided in Pyrcz

(2004).

Large-Scale Geometries

The large-scale sand bodies in distal deepwater clastics
have been characterized as massive sand facies associa-
tions by Stow and Johansson (2000) and are classified
as third- and fourth-order architectural elements by
Ghosh and Lowe (1993). They include reservoir-scale
lobes (Stow and Johansson, 2000) and may be corre-
lated in well log and characterized by seismic survey.
These architectural elements are referred to as lobes
in this paper.

Discussion on Data

Without the data, there would be little difficulty in
reproducing the complicated geometries in a deposi-
tional setting. Quantitative dynamic stratigraphy models
based on initial and boundary conditions and on a con-
tinuum of relationships spanning well-established fun-
damental laws, first-order approximations, and empir-
ical relationships to poorly defined gross empirical
relationships are available (Cross and Harbaugh, 1990).
These models are able to reproduce many of the ge-
ometries and relationships observed in the rock record.

Figure 2. The flow event
geometry and associated param-
eters. Note that this geometry
is fit to a curvilinear axis of
flow and is modified by a sto-
chastic residual. These oper-
ations remove the unrealistic
regularity and result in a flex-
ible geometry with low to high
sinuosity and lobe, linguoidal
and ellipsoid morphologies.
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Figure 3. An example surface-based
simulation of flow event deposits with
lobe geometries. The surfaces are cut
to reveal the compensational stacking
pattern.

Although quantitative dynamic stratigraphy mod-
els are useful for refining conceptual models, their
chaotic nature renders them unable to integrate local
conditioning, such as from well logs and cores and seis-
mic survey. Solving for appropriate initial and bound-
ary conditions to honor site-specific conditioning is an
intractable inverse problem. Iterative pseudoinverse
modeling approaches are not feasible given the com-
putational requirements of quantitative dynamic stra-
tigraphy models. In addition, quantitative dynamic stra-
tigraphy models do not efficiently provide a measure of
uncertainty.

Geostatistical methods are able to reproduce vari-
ous levels of geometric complexity while allowing for
conditioning to a variety of site-specific data. Pixel-
based methods, such as sequential indicator simulation
and truncated Gaussian simulation, may be applied
to construct stochastic facies models that reproduce
spatial structures limited to the semivariogram (Ala-
bert and Massonnat, 1990). Multiple-point geostatis-
tics have been applied to reproduce curvilinear fea-
tures in deepwater settings (Strebelle and Payrazyan,
2002). The fluvial simulation (FLUVSIM) (Deutsch
and Tran, 2002) object-based fluvial model has been
modified to reproduce submarine channels with at-
tached lobes. However, these models may not integrate
geologic information with regard to flow event geom-
etries and stacking patterns. A surface-based turbi-
dite lobe algorithm is described and demonstrated in
a geostatistical workflow on an example outcrop. This
approach may be applied to lobes in mud-rich, mud-
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sand-rich, and sand-rich systems with single or mul-
tiple sources. The resulting geometric models may be
applied to constrain trends in reservoir quality.

METHODOLOGY

Reservoir-scale lobe geometry is established from avail-
able data. A measurement of uncertainty is assigned
based on data accuracy, so that this uncertainty may be
accounted for as simulated fluctuations in the reservoir
geometry. The lobe geometry defines the original ba-
thymetry and the reservoir extents.

The algorithm proceeds by generating stochastic
flow event deposits defined by stochastic bounding sur-
faces. These flow event deposits have geometries based
on parameter distributions from available site and ana-
log information. The calculation of the stochastic flow
events requires two steps. First, the geometry is gener-
ated, and then a stochastic residual is added. The geo-
metric construction considers factors such as (1) source
location, (2) bathymetry, (3) flow path, and (4) char-
acteristic geometry. The stochastic residual accounts
for fluctuations in the bounding surfaces and is con-
ditioned to well data.

The source location represents the entry location
of a flow event into the lobe, where a feeding channel
loses its confined character. The source is stochasti-
cally located along the proximal margin of the lobe
prior to each flow event. The source location is drawn
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from a probability distribution, with the probability
inversely proportional to the elevation of the margin,
and flow events are more likely to enter in the lowest
parts of the proximal margin of the lobe.

The bathymetry is initialized as the base of the
lobe. Subsequent flow events modify this bathymetry,
which affects the path of subsequent flow events. Flow
paths are set to follow the path of steepest gradient.
The length of the flow path is based on a stochastically
drawn flow event deposit size. See Figure 4 for a sche-
matic illustrating the construction of the geometry of
individual flow event deposits in a lobe.

Nominal amplitude and a semivariogram model
characterize the stochastic residual. The semivariogram
model defines the smoothness of this residual. The re-
sidual is simulated by a two-dimensional version of se-

Subsequent
Flow Events

Figure 4. The construction of
individual flow event deposits
in a lobe. An example lobe
geometry and bathymetry are
defined. Stochastic flow events
are generated, characterized by
flow path and flow geometry.
Flow events modify topography,
and topography influences the
position of subsequent flow
events.

Flow
Events

quential Gaussian simulation from the geostatistical li-
brary (Deutsch and Journel, 1998).

The sequential Gaussian simulation realization is
conditioned to neighboring well data, as demonstrated
in Figure 5. If the surface geometry contradicts data
outside a tolerance, then the geometry is rejected and
recalculated. The algorithm terminates when the con-
tainer is entirely filled.

Trends

Reservoir property trend models constrained to the
surface-based model of flow event deposits in a reservoir-
scale lobe are calculated. These trend models, with re-
spect to the flow events and lobes, are then incorporated
into the stochastic property models. Because these
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Figure 5. The addition of a stochastic residual to characterize fluctuations and to allow for conditioning to well data. For
demonstration purposes, two wells are shown with a single contact on each identified as a second-order surface. Note that the
stochastic surface honors the flow event deposit geometry, the well contacts, and the expected undulation.
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Figure 6. Anillustration of the coordinate system describing vertical, longitudinal, and transverse location in nested architectural elements
(left at lobe scale and right at flow event scale). The striped section represents primary flow axis at each scale. pV3, pT3, and pL3
represent the proportional coordinates in the lobe, and pV2, pT2, and pL2 represent the proportional coordinates in a flow event deposit.

trend models account for trends of a variety of hierar-
chies, they are subsequently denoted as hierarchical
trend models (Pyrcz, 2004). A hierarchical trend
model is calculated with the following steps. (1) The
trend model is quantified by functions at each scale
and in the principal directions relative to the flow axis:
vertical from the bottom to the top of architectural
elements, longitudinal from proximal to distal along the
primary axes, and transverse orthogonal from the pri-
mary axes to the termination of the architectural ele-
ments (Figure 6). (2) The local trend multipliers at
each location are calculated based on the relative lo-
cation and specified trend functions. (3) A composite
trend model is calculated by scaling the property aver-
age by the local trend multipliers (equation 1).

trend(u) = ¢ - V3(u) - V2(u) - L3(u) - L2(u)
T2(u) - T3(u) (1)

where u is a location vector, ¢ is the property average,
and V3(u), V2(u), L3(u), L2(u), T2(u), and T3(u) are
the local trend multipliers. This method of combining
the trend multipliers is based on the assumption of con-
ditional independence and may not be suitable for all
settings. For example, if the location u is at the top of a
flow event deposit, the multiplier V2(u) may be close
to 0.0 if mud drapes are present. This will have a dom-
inant impact on the resulting trend value at location u.
The final trend model is standardized to ensure that
the global mean is correct and the variance or level of
variability described by the trend model is appropriate
(see Isaaks and Srivastava, 1989; Deutsch, 2002, for dis-
cussion on the decomposition of trend and residual).
Large-scale conditioning from seismic and well test is
integrated by a posteriori correction of the areal and
vertical trend in the hierarchical trend model.
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CASE STUDY

A synthetic case study was constructed approxi-
mately based on outcrop studies of lobe VII of the
Cengio turbidite system (Italy) of the Tertiary Pied-
mont basin (Cazzolo et al., 1985). Lobe VII is dom-
inated by compensational cycles that constrain the
distribution of lithofacies. Many other well-studied
modern and ancient examples contain significant com-
pensational cycles, including Mississippi middle Mio-
cene (M4) (De Vay et al., 2000), Gottero turbidite
system, Italy (Nilsen and Abbate, 1985), and Tanqua
Karoo subbasin, South Africa (Dudley et. al, 2000).
The Cengio turbidite system is comprised of eight
tabular lobes with thickness ranging between 5 and
25 m (16 and 82 ft). Lobe VII is roughly 20 m (66
ft) thick and extends for about 6 km (3.6 mi) and is
bounded on the west to north by a slope mudstone.

Subsequent flow event deposits may be separated
by mud drapes and have persistent internal lithofacies
trends. The mudstone facies are thinly bedded and are
not laterally persistent (Cazzolo et al., 1985). Even
with limited continuity, these shales may act as baffles
to fluid flow. The modeling of these compensational
cycles is an important step in assessing the impact on
the reservoir response to shale baffles and other re-
lated lithofacies trends.

The Data

The initial bathymetry is a fault-bounded, southwest-
northeast—trending submarine depression, and it is as-
sumed that seven vertical wells are available (Figure 7).
Seven wells were chosen as a reasonably high level
of conditioning in a typical deepwater reservoir study
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of this areal extent. Note that this is conservative
because this method performs faster with less con-
ditioning because fewer geometries are rejected. The
contacts of the flow events were positioned along the
wells with a similar density observed in the Cazzolo
et al. (1985) case study. Porosity and permeability
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along the wells were generated synthetically such
that porosity and permeability are correlated and
have spatial correlation. The porosity and permeabil-
ity data distributions are shown in Figure 8, and the
scatter plot of permeability and porosity is shown in
Figure 9.

Permeability Distribution
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Figure 8. The distribution of porosity and permeability from synthetic well logs.
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Figure 9. The scatterplots of well permeability and porosity before and after Gaussian transform. The permeability is in millidarcys,

and the porosity is in percent.

Geostatistical Workflow

The application of stochastic surface-based simulation
is demonstrated in a geostatistical workflow for the
modeling of petrophysical properties in lobe VII. A com-
mon geostatistical workflow is to model (1) reservoir
geometry, (2) lithofacies, and (3) petrophysical prop-
erties constrained by lithofacies. These models are con-
ditional to all available data and analog information
(Deutsch, 2002).

Model of Reservoir Geometry

Commonly, reservoir geometry is provided by seis-
mic information calibrated to well logs. Seismic reso-
lution is a function of the source frequency content,
rock sonic properties, and the depth of the trace. With
much of the three-dimensional architecture of the tur-
bidite lobes below seismic resolution, there is commonly
a significant level of uncertainty associated with re-
spect to the reservoir geometry. This uncertainty may
be carried through the stochastic workflow through
the use of multiple reservoir geometry realizations or
scenarios. These scenarios may be the result of simu-
lated surfaces conditioned to well contacts or based on
expert judgment of professional geologists. For each re-
alization or scenario of reservoir geometry, a realization
of facies and petrophysical properties may be calcu-
lated (M. J. Pyrcz, E. Gringarten, P. Frykman, and C. V.
Deutsch, 2004, unpublished work). For this case study,
only a single reservoir geometry was applied.
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Lithofacies Models

Lithofacies types identified by Cazzolo et al. (1985)
represent a range of reservoir quality from massive sand-
stone to mudstone. Significant trends in the facies exist,
including (1) higher fraction of sandier amalgamated
sandstones along the center axis, (2) fining to the distal,
and (3) capping of sandy flows with mud drapes. It
was decided not to explicitly model these lithofacies
but instead constrain porosity and permeability by
models that account for these lithofacies trends. Be-
cause the lithofacies represent a natural continuum from
high-porosity and high-permeability sandstone to low-
porosity and low-permeability mudstone, this substi-
tution is reasonable.

Petrophysical Properties

The petrophysical properties, porosity and perme-
ability, were modeled by the following steps: (1) cal-
culate surfaces representing stochastic flow events in
lobe VII; (2) construct a hierarchical trend model that
characterizes the observed trends in lithofacies con-
strained to the surface-based model; (3) simulate po-
rosity conditional to well log and hierarchical trend
model as a local variable mean model (Deutsch and
Journel, 1998); and (4) simulate permeability with
the porosity realization as secondary data for collo-
cated cokriging (Deutsch and Journel, 1998).

We recommend that a single realization of surface-
based trend be coupled with a realization of porosity



and permeability to produce a single reservoir realiza-
tion, instead of a combination of matched trend and
property realizations. The former is a more computa-
tionally efficient method to sample the model space
of uncertainty and is applied in this case study (M. J.
Pyrcz, E. Gringarten, P. Frykman, and C. V. Deutsch,
2004, unpublished work).

This methodology honors the available well-log
porosity, permeability from log and core, the trend in
the porosity and permeability given by geologic infor-
mation on the transition in lithofacies, the geometry of
flow event deposits, the compensational interrelation-
ship of event deposits, and the relationship between
porosity and permeability. The associated steps are
demonstrated and discussed in detail.

Implementation of the methodology for gener-
ating stochastic flow event deposits for this specific
case study requires the assignment of flow event geo-
metric parameter distributions. The flow event geo-
metric parameter distributions should be determined
from well data and analog information. The size dis-
tributions should be consistent with the lobe geome-
try. If the distribution of flow event sizes is too small,
then the distal section of the lobe may not be filled.
In this case, the algorithm should be modified to allow
for flow events disconnected from the source location.

For this case study, the parameter distributions
were drawn from Gaussian and uniform distributions.

Porosity Trend Realization 1 AA'
Well 1 Well 3 Well 4 Well 7

The length of the flow event deposits L is drawn from
a Gaussian distribution with mean of 5000 m (16,000 ft)
and standard deviation of 1000 m (3300 ft). This pa-
rameter was set based on consistency with lobe VII.
The length to the position of maximum width [ is
drawn from a uniform distribution of 40-70% of L;
the maximum lobe width W is drawn from a uniform
distribution of 10-30% of L; and the width of the
source w is assigned as 40% of W. These areal geomet-
ric parameters result in a wide variety of lobe morphol-
ogies and reflect the uncertainty in their assignment
given the limited areal information available in the out-
crop study (Cazzolo et al., 1985). The width-to-height
ratio was selected to reproduce the nominal flow event
thickness of 1.0 m (3.3 ft) observed in the outcrop.

Two surface-based realizations were simulated,
based on the reservoir geometry and the distribution of
flow event parameters indicated above. The variogram of
the stochastic residual was selected with a long range,
and the amplitude was chosen as 0.5 m (1.6 ft). The
first and second realizations are comprised of 121 and
71 flow events, respectively, as shown in long sections
for two realizations (Figure 10). Each surface-based re-
alization honors the identified contacts along the wells.
Between the wells and at locations along the well with
missing information, the realizations may vary greatly
while honoring the flow event geometry and the com-
pensational stacking pattern.

Porosity Trend Realization 2 AA'
Well 1 Well 3 Well 4 Well 7

Porosity (%)
28

B

| 26

0 1km

Figure 10. Two realizations of stochastic surfaces and associated porosity (percent) hierarchical trend models. The stochastic
bounding surfaces of flow event deposits are shown as black lines. These surfaces are conditioned to contacts along the wells that are
shown as black dots. The trends described in Figure 11 are reproduced, and the trend model mean is corrected to the mean porosity

from the well logs.
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Figure 11. The porosity trends inferred from the lithofacies study of the Cengio turbidite system, Italy (Cazzolo et al., 1985). The
flow events deposits may have subtle grading and are commonly capped by fine-grained facies. Flow events and the lobes
demonstrate fining toward the distal and are coarsest along the primary axis of flow. pV2, pL2, pT2, pL3, and pT3 are the
proportional coordinates in vertical, longitudinal, and transverse directions for the flow event deposits and the lobe. V2, L2, T2,
L3, and T3 are associated the trend multiplier functions. No trend is identified in the vertical over the entire lobe.

The lithofacies trends were quantified as functions
describing the trend in porosity (Figure 11). Mud drapes
are represented by a sharp decrease in the porosity
trend near the top of the flow events along with fining
toward the peripheries as indicated in the longitudi-
nal and transverse trend functions. The resulting hierar-
chical trend models based on the two surface-based
simulations are shown in Figure 10, and a fence dia-
gram of the first trend model is shown in Figure 12.
The trend model integrates the complicated flow event
deposits geometries and stacking pattern, while cap-
turing trends such as fining distal, fining upward, and
fining to the peripheries.

These trend models may be applied as local vari-
able mean models for sequential Gaussian simulation

(Deutsch and Journel, 1998) of porosity conditioned
to well log. Sequential Gaussian simulation requires
the modeling of semivariograms of the Gaussian trans-
form of the data. The experimental semivariograms
were calculated in the plane of the flow events (near
horizontal) and orthogonal to the flow events (near
vertical). The semivariograms were modeled by a
spherical and a Gaussian nested structure (Figure 13).
Two realizations of porosity were calculated, each
paired with a local variable mean model (Figure 10).
These realizations reproduce the porosity condition-
ing from well log, the porosity distribution, and the
porosity trends constrained to the stochastic surfaces
(Figures 14, 15). At the sampled locations along the wells,
the porosity realizations are the same, but away from

Figure 12. A fence diagram of the first realization of the porosity hierarchical trend model (30 x vertical exaggeration). Color scale

is the same as in Figure 10.
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Figure 13. Horizontal and vertical semivariograms of the Gaussian transform of the porosity data.

the wells, the realizations may be quite different, while
honoring the local variable trend model and stationary
semivariogram.

The permeability distributions inferred from log
and core available at the wells are shown in Figure 8.
The correlation coefficient between the Gaussian trans-
form of porosity and permeability may be inferred
from the available conditioning (Figure 9) and from
analog information. The experimental permeability
semivariograms were calculated in the plane of the
flow events (near horizontal) and orthogonal to the flow
events (near vertical) (Figure 16).

Two realizations of permeability were simulated
with the associated porosity realizations applied as
collocated secondary data in a collocated cokriging
context (Deutsch and Journel, 1998) (Figures 17, 18).

Porosity Realization 1 AA'
Well 1 Well 3 Well 4 Well 7

These realizations of reservoir petrophysical prop-
erties may be applied for reservoir development plan-
ning. These models may be subjected to flow simula-
tion or other transfer functions. For example, ¢h maps
may be calculated for each realization (Figure 19).

LIMITATIONS

Limitations exist with respect to the proposed surface-
based technique:

e Adequate horizontal discretization is required. If
the gradient in the bathymetry is high and the hor-
izontal discretization is coarse, then sharp edges
result at the peripheries of the flow events. In the

Porosity Realization 2 AA'
Well 1 Well 3 Well 4 Well 7

Porosity (%)
28

27
26
25

24

0 1km

Figure 14. Two realizations of porosity constrained to the surface-based hierarchical trend model and conditioned to well logs.
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Figure 15. A fence diagram of the first porosity realization of the porosity hierarchical trend model (30 x vertical exaggeration).
Color scale is the same as in Figure 14.
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Figure 16. Horizontal and vertical semivariograms of the Gaussian transform of the permeability data.

Permeability Realization 1 AA' Permeability Realization 2 AA'
Permeability
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1000
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Figure 17. Two realizations of permeability correlated to the paired porosity realizations and conditioned to well logs (in millidarcys).
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Figure 18. Fence diagram of the first permeability realization (30x vertical exaggeration). Color scale is the same as in

Figure 17.

case study with a maximum gradient of about 1°, a
100 x 100 grid was applied without edge artifacts.

¢ As the level of conditioning increases or the flow
event size increases, it is more difficult to match con-
ditioning. This results in more rejected flow event
geometries and, therefore, greater computational ef-
fort to calculate realizations. In this example, only
about 20% of geometries were rejected, and less
than 10 min was required for each realization.

CONCLUSIONS
A surface-based simulation algorithm is proposed that

reproduces the geometries and compensational stack-
ing patterns of flow event deposits in reservoir-scale

Porosity x h Realization 1

Porosity x h Realization 2

turbidite lobes. The input parameters include original
bathymetry, reservoir-scale lobe geometry, and geomet-
ric parameter distributions of the flow event deposits.
The flow events respond to bathymetry by preferen-
tially filling topographic lows and avoiding topographic
highs.

This algorithm is demonstrated in a geostatistical
workflow for the construction of stochastic turbidite
lobe models that honor the available conditioning data,
reproduce trends in petrophysical properties because
of compensational cycles, and reproduce the relation-
ship between porosity and permeability as character-
ized by the linear correlation coefficient. Multiple real-
izations of geometric and resulting trend models may
be calculated to account for the uncertainty inherent
to these small-scale features. These trend models are
integrated in stochastic models to construct realistic

Figure 19. ¢h maps
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turbidite reservoir lobe models that reproduce impor-
tant geologic information and account for uncertainty
with multiple realizations.
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