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Abstract. This studywas conducted to develop a reservoirmodellingworkflow to reproduce the heterogeneousdistribution
of effective permeability that impacts on the performance of SAGD (Steam Assisted Gravity Drainage), the in-situ bitumen
recovery technique in theAthabascaOil Sands. Lithologic facies distribution is themain cause of the heterogeneity in bitumen
reservoirs in the study area. The target formation consists of sandwithmudstone facies in afluvial-to-estuary channel system,
where themudstone interruptsfluidflowand reduces effective permeability. In this study, the lithologic facies is classified into
three classes having different characteristics of effective permeability, depending on the shapes of mudstones. The reservoir
modelling workflow of this study consists of two main modules; facies modelling and permeability modelling. The facies
modelling provides an identification of the three lithologic facies, using a stochastic approach, which mainly control the
effective permeability. The permeabilitymodelling populatesmudstone volume fractionfirst, then transforms it into effective
permeability. A series offlow simulations applied tomini-models of the lithologic facies obtains the transformation functions
of the mudstone volume fraction into the effective permeability.

Seismic data contribute to the faciesmodelling via providing prior probability of facies, which is incorporated in the facies
models by geostatistical techniques. In particular, this study employs a probabilistic neural network utilisingmultiple seismic
attributes in facies prediction that improves the prior probability of facies. The result of using the improved prior probability
in facies modelling is compared to the conventional method using a single seismic attribute to demonstrate the improvement
in the faciesdiscrimination.UsingP-wavevelocity in combinationwithdensity in themultiple seismic attributes is the essence
of the improved facies discrimination. This paper also discusses sand matrix porosity that makes P-wave velocity differ
between the different facies in the study area,where the sandmatrix porosity is uniquely evaluated using log-derived porosity,
P-wave velocity and photographically-predicted mudstone volume.
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Introduction

The recent high price of oil has drawn worldwide attention to the
prospect of fuel from unconventional hydrocarbon resources,
including heavy oil in the north-eastern area of Alberta, Canada.
The bitumen reserves from the Athabasca Oil Sands, the largest
heavy oil deposit in the world, are estimated at 173 billion barrels
by the Alberta Energy and Utilities Board (2008). The main
challenge in producing the bitumen from the oil sands comes
from its extremely high viscosity or low mobility, requiring
non-conventional recovery technologies.

The Steam Assisted Gravity Drainage (SAGD) method is
an in-situ heavy oil recovery technique widely employed for
bitumen production of the Athabasca Oil Sands. A pair of
horizontal wells vertically separated by 5m is the typical
pattern of the SAGD configuration. The upper well injects
steam to increase the bitumen mobility and the lower well
produces the bitumen. The bitumen-production performance of
SAGD is subject to heterogeneity of effective permeability
(especially vertical permeability) in the reservoir. Reservoir
simulation for the forecast of SAGD production performance
requires appropriately reproduced heterogeneity of permeability

in grid models. Since the main cause of the heterogeneity is
lithology variation, lithology prediction is essential in the
permeability evaluation of the SAGD areas. The advantage of
using 3D seismic data in lithology prediction can be foundwhen a
3D facies trend exists, which motivates authors to find effective
facies discriminators from the seismic attributes.

Environment of deposition

The main reservoir of the Athabasca Oil Sands comprises the
Lower CretaceousMcMurray Formation, and the environment of
deposition in the study area is identified as a fluvial-estuary
channel system. The lower part of the formation is dominated
by cross-laminated sand with medium to coarse grain size in
common, and the sand sometimes contains mudstone clasts
resulting from cut-bank caving, whereas the upper part of the
formation consists of beds of very fine to fine-grained sand
separated by thin mudstone layers that represent mud drapes
on the point-bar surface, becoming more abundant upward
(Flach and Mossop, 1985).

This study defines the three lithologic facies of the target
formation by features of mudstones in the background sand
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matrix; C1: sand without mudstone facies, C2: sand with
mudstone clast facies, and C3: sand with thin mudstone layer
facies. For the sakeof convenience, all the sands in these facies are
referred to as sand matrix in this study. The core photographs in
Figure 1 show typical examples of the three lithologic facies.
The sand matrix is bitumen-saturated and appears in a black
colour on the photographs, whereas the mudstones are water-
saturated and appear in light colours.

Both the mudstone clasts and the thin mudstone layers
adversely impact on the steam chamber growth in the SAGD
process by reducing the effective permeability, and consequently
decrease the bitumen-production performance. However, the
means by which permeability is reduced differs depending on
the type of mudstone, giving different characteristics in terms
of effective permeability to the three lithologic facies. Facies
identification is an essential task for permeability evaluation of
this reservoir modelling study.

Reservoir modelling workflow

The area of interest of this reservoir modelling study is the
bitumen production site where SAGD well pairs are located.
The target reservoir is at a depth of ~250 to 300m. The model
dimensions are 1400m� 500m� 50m in the x–y–z coordinate
system and the grid cell element size is 10m� 10m� 0.5m. In
the target area, 20 observation wells were drilled for complete
cores from all the reservoir intervals of the target formation, from
which core photographs like Figure 1 are available. 3D seismic
data cover the whole area of interest.

The reservoirmodellingworkflowconsists of two challenging
steps; one is a stochastic facies modelling step to identify
lithologic facies and the other is a permeability modelling step
to obtain effective permeability of each lithologic facies.

Facies modelling

Using seismic data in geostatistical facies modelling is one of the
useful options to address a large-scale trend in facies distribution.

The locally varying probability of each facies is estimated from
seismic data by analysing the collocated seismic attribute values.

Selection of the seismic attributes used for the facies modelling
is based on histogram analysis using log data. The three
histograms in Figure 2a show the frequency distributions of
density log responses for the C1, C2, and C3 facies,
respectively. The separation of the histograms indicates the
capability of density to discriminate the C1 (without mudstones)
from the other two facies (with mudstones). Meanwhile, the
absence of significant separation between the C2 and C3 facies
implies a difficulty in discriminating these two facies by density.
Figure 2b shows histograms of sonic log readings for the three
lithologic facies. Unlike density, P-wave velocity shows a
separation between the C2 and C3 facies, indicating a capability
of P-wave velocity for the discrimination between these two facies.

The histogram analysis suggests using the combination
of density and P-wave velocity to achieve discrimination
among the three lithologic facies, which cannot be
accomplished by using any single attribute. The accuracy of
facies discrimination is further enhanced by adding several
other seismic instantaneous attributes including instantaneous
frequency, instantaneous phase, amplitude-weighted cosine
phase, cosine of instantaneous phase and apparent polarity.
These are also selected by a histogram analysis in similar
manner to density and P-wave velocity. This study uses the
seismic-derived density and P-wave velocity from the multi-
attribute transforms of the seismic data (Hampson et al.,
2001). The seismic attributes for obtaining these two
continuous variables are selected by the stepwise regression
search proposed by Hampson et al. (2001). The predicted-
density is preferentially used in the seismic attributes for the
P-wave velocity prediction.

A probabilistic neural network (PNN) estimates the
probability density function P(X|Ci) of a test sample X being
in the i-th class Ci as follows:

PðXjCiÞ ¼ 1

N

XN
j¼1

KðX� XðjÞ
i Þ; ð1Þ

whereXi
(j) is the j-th training sample in the i-th class.K is a kernel

function that is a function of a distance between the test and
training samples in the n-dimensional attribute space where n is
the number of seismic attributes used in the facies discrimination.
This probability density function gives a probability of each
facies appearing at each grid location when seismic attribute
values at that location are provided.

The sequential indicator simulation (SIS) is implementedwith
incorporation of prior mean values (Deutsch and Journel, 1998)
to address a large-scale trend during facies modelling where the
PNN-derived probability of facies is used as the gridded indicator
prior mean. As shown in Figure 3, the realisations from this
stochastic simulation successfully reproduce the large-scale trend
in the lithologic facies distribution as well as generating the
small-scale heterogeneity. The C1 facies is dominant at the
lower part of the formation where the C2 facies sometimes
appear, while the C3 facies is dominant at the upper part of the
formation. Base shale is also depicted at the bottom of the
formation. This result is concordant with the geological setting
of the study area described in the above section. Comparisonwith
the realisations in Figure 4, which is a result of using a local
probability of facies obtained by conventionally calibrating the
seismic-derived density to the facies, demonstrates the improved
facies discrimination of the proposed method. The C3 facies
appearing in the lowerpart of the formation inFigure4 seems tobe
the result of mis-discrimination from the C2 facies, which is
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C2 C3

Fig. 1. Classification of lithologic facies. C1: sandwithoutmudstone facies,
C2: sand with mudstone clast facies, and C3: sand with thin mudstone layer
facies. In these core photographs, black colour represents bitumen-saturated
sand and light colours represent mudstones.
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indicated by the overlapping histograms of density in Figure 2a.
The vertical proportion curves (Figures 5 and 6) extracted from
the facies modelling realisations allow more quantitative
comparison. The proportion of the C3 facies at about a depth
of 30mfrom the topof the formation,which is almost zero, proves
a successful facies prediction using multiple seismic attributes

(Figure 5a). The increased proportion of the C3 facies at that
depth, up to ~10%, corresponds to the undesired appearances of
the C3 facies resulting from the poorer facies prediction using a
single density attribute (Figure 5b). The difference between the
two cases become more significant if the constraint of the well
data is limited. When no hard conditioning data is used in the
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Fig. 2. Histogram analysis of the attribute selection using (a) density and (b) sonic logs. Density discriminates C1 from the other two facies. P-wave velocity
discriminates between C2 and C3 facies.
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Fig. 3. Realisations of geostatistical facies modelling employing the sequential indicator simulation with
locally varying probability of facies. The facies probability was provided by the probabilistic neural network
utilisingmultiple seismic attributes for facies identification. The overall trend in the facies distribution is well
reproduced in the realisations.
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faciesprediction, theproportionof theC3 facies at the samedepth,
while still being almost zero when using multiple attributes
(Figure 6a), is further increased up to ~20% in case using a
single attribute (Figure 6b).

Permeability modelling

Another challenging issue in this reservoir modelling study is to
obtain appropriate representative permeability values of the
lithologic facies that contains the mudstone clasts or the thin
mudstone layers.Coreplugsof 1 inch indiameter anda few inches
in length are inappropriate for measuring a value for the facies
permeability that is representative over a larger scale (Figure 7).
Since the core plugs had been preferentially sampled from the

sand matrix, avoiding the inclusion of mudstones, the core
permeability measurements are biased towards sand matrix
permeability.

To determine the effective permeability of the mixed facies of
sand and mudstones, this study employs a single-phase steady-
stateflow simulation applied to themini-models (Deutsch, 1989).
This procedure consists of the following steps. First, the sand/
mudstone configuration in the mini-model is stochastically
simulated by employing an object modelling technique where
ellipsoidal objects corresponding to the mudstone clasts or the
thin mudstone layers are randomly distributed in the background
sand matrix. Then, either sand permeability or mudstone
permeability is assigned to each grid block of the mini-model

C1

C2

C3

Fig. 4. Realisations of the geostatistical facies modelling employing the sequential indicator simulation
with locally varying probability of facies. The facies probability was obtained from a single density
attribute calibrated to the lithology logs. Appearance of the C3 facies at the lower part of the formation
results from mis-discrimination from the C2 facies.
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Fig. 5. Vertical proportion curves extracted from the realisations in (a) Figure 3 and (b) Figure 4 presenting the well
reproduced overall trend of the predicted facies distribution. Lower proportion of the C3 facies at a depth of ~30m
from the top of the formation indicates a better facies prediction by using multiple seismic attributes (a) than using
a single attribute (b).
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according to the simulated lithology. Next, a single-phase
steady-state flow simulation is applied to the binary-type mini-
model to calculate effective permeability values of the C2 or the
C3 facies. The procedure is repeated several times for different
mudstone volume fractions to establish an empirical relationship
between permeability andmudstone volume fraction. The results
obtained are shown in Figure 8 by the solid lines marked with
triangles or circles corresponding to the C2 or C3 facies,
respectively. The open and filled marks denote the vertical and
horizontal permeabilities, respectively. Three typesof dashed line
are superimposed on the figure for reference, corresponding to
the arithmetic mean, geometric mean, and harmonic mean of
the end-member permeability values. In every case, the effective
permeability decreases from the sand matrix permeability

(7300mD from core measurements) with an increase of
mudstone volume fraction; however, the rate of decrease is not
same. The vertical permeability of the C3 facies drops with the
presence of a small mudstone volume fraction as quickly as the
harmonicmean, while the permeability of the C2 facies decreases
more slowly than the geometric mean. These curves provide the
effective permeability of the facies as a function of the mudstone
volume fraction, when mudstone clasts or thin mudstone layers
exist in the sand matrix.

The mudstone volume fraction is quantified on the core
photographs to identify the mudstone clasts and the thin
mudstone layers from the interstitial clays, which is difficult
to estimate with the conventional log prediction. Because
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Fig. 6. Vertical proportion curves extracted from the realisations of faciesmodellingwithout using hard conditioning
data, comparing (a) the case usingmultiple seismic attributes and (b) a case using a single attribute, in obtaining the soft
probability of facies. The difference between the two cases is more significant than that in Figure 5.
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Fig. 7. Scaling problem with sampling permeability using a core plug from
sand with mudstone clast facies. Core plugs preferentially sampled from the
sand matrix inappropriately represent the larger-scale permeability of sand/
mudstone mixed facies.
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obtained from the study using flow simulation applied to mini-models. The
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of the C2 or C3 facies, respectively. The three types of dashed line correspond
to the arithmetic mean, geometric mean, and harmonic mean of the end-
member permeabilities of sand and mudstones. These curves provide the
effective facies permeability when the mudstone clasts or the thin mudstone
layers exist in the sand matrix.
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mudstones exhibit light colours on the photographs while sand
matrix appears in a black colour (as seen in Figure 1), the
mudstone volume fraction can be provided by the number of
light-coloured pixels (representing mudstones) divided by the
total number of pixels within a particular window size.

A sequential Gaussian simulation with collocated cokriging
(Deutsch and Journel, 1998) is employed to populate the
mudstone volume fraction, where the photographically
predicted mudstone volume fractions are used as hard
conditioning data, instead of using the conventional log
predictions. The seismic-derived density volume is also used
as the secondary variable for collocated cokriging. The simulated
mudstone volume fraction is transformed into permeability by
using the transformation function obtained from themini-models.
The resulting permeability model will be evaluated through
history matching with the bitumen production performance,
which is a future task not covered in this paper.

Discussion

Themost critical process of this reservoirmodelling is populating
the facies.The success in the facies discrimination in this study is a
result of selecting seismic attributes including P-wave velocity
that allows identification of the C2 (sand with mudstone clast
facies) from the C3 (sand with thin mudstone layer facies). The
different P-wave velocities of the different lithologic facies are
caused by the sand matrix as explained below.

Sand matrix porosity

Figure 9 shows a cross-plot between the photographically
predicted mudstone volume fraction on the horizontal axis and
log-derived porosity on the vertical axis, which leads to an
interesting discussion on sand matrix porosity. Besides a
general trend between the increasing mudstone volume
fraction and the decreasing porosity as shown by the dotted
line, the porosity also fluctuates along the vertical axis
independently of the mudstone volume fraction. The cause of

the porosity fluctuation independent of the mudstone volume
fraction is presumed to be a porosity variation in the sand matrix.
This means that the vertical deviation of each sample point from
the upper bound (the dotted line in Figure 9) could be a measure
of the sand matrix porosity. The core data, which are the direct
measurements of the sand matrix porosity, support this
hypothesis.

The colours of the triangles superimposed on Figure 9 denote
porosities of cored samples obtained from the sand matrix. Blue
triangles indicate higher porosity and red triangles indicate lower
porosity. The triangles located at further distances downward
from the upper bound tend to show lower core porosity in red
corresponding to lower porosity of the sand matrix.

Sand matrix porosity and depositional environment

The sand matrix porosity is also related to the depositional
environment of the lithologic facies. The same cross-plot as
Figure 9 is, this time, colour-coded by lithologic facies in
Figure 10, where the C2 samples (the sand with mudstone
clast facies: orange colour) are located near the upper bound
while the C3 (the sand with thin mudstone layer facies: yellow
green, green and brown colours) are located far from that
bound. This observation indicates that the C2 facies has a sand
matrix of higher porosity than the C3 facies, and coincides with
the flow energy associated with each facies in the depositional
environment.Themudstone clasts resulting fromcut-bankcaving
indicates higher flow energy, whereas the thin mudstone layers
representing mud drapes on the point-bar surface indicates lower
flow energy. Higher energy currentwashes out small-sized grains
and results in awell sorted andhigh-porosity sandmatrixof theC2
facies. Meanwhile, the small-sized grains and clay particles tend
to be retained in the C3 facies with lower energy and result in
poorly sorted low-porosity sand.

Sand matrix porosity and P-wave velocity

Another interesting discussion fromFigure 9 is that an increase in
the colour-codedP-wave velocity (sonic log responses) correlates
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well with an increase in the vertical deviation from the upper
bound: a decrease in the porosity of sand matrix. This correlation
suggests P-wave velocity as a good indicator of sand matrix
porosity.

Marion et al. (1992) had demonstrated in their laboratory
measurements that the increase in the interstitial clay volume
causes both a decrease in porosity and an increase in P-wave
velocity when the interstitial clay is filling in sand pores but not
replacing sand grains. Their results could explain the difference in
P-wave velocity between the C2 and C3 facies caused by the
difference in interstitial clay volume in the sand matrix. Smaller
interstitial clay volume results in the lower P-wave velocity of the
C2 facies and larger interstitial clay volume results in higher
P-wave velocity of the C3 facies.

Contrary to the interstitial clay of the sand matrix, P-wave
velocity is insensitive to the photographically-predicted
mudstone volume that is clearly seen in Figure 11. This fact
allows us to interpret that P-wave velocity is sensitive only to the
interstitial clay volume and is a good discriminator between the
C2 and C3 facies; however, further study is needed to understand
why P-wave velocity is independent of the photographically-
predicted mudstone volume fraction.

Conclusion

Lithologic facies identification is amain challengeof the reservoir
modellingwork in this study and includes discrimination between
the C2 (sand with mudstone clast facies) and the C3 (sand with
thin mudstone layer facies) facies having different characteristics
in effective permeability. This paper proposed a facies modelling
procedure enhancing the facies identificationbyutilisingmultiple
seismic attributes via a probabilistic neural network. The
improvement in the facies identification was demonstrated by
a comparison with the case using a single density attribute.

Adding P-wave velocity to the list of the seismic attributes
used in the procedure is a key to the improvement in facies
discrimination. Cross-plot analyses using porosity, P-wave
velocity and photographically predicted mudstone volume
fraction indicate a good correlation of P-wave velocity with
sand matrix porosity. The possible cause of the difference in
P-wave velocity between different facies is found in the
interstitial clay volume of the sand matrix. Although this
qualitative explanation is concordant with the depositional
environment of the target formation in terms of current flow
energy, further study is needed for a quantitative analysis.
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