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Summary

The Lon%Lake Oil Sands Project, a joint vemege Kexen Inc. (SNexen) & Opti Canada Inis.|@0atéd near Ft. McMurray
in NE Alberta, Canada. The Long Lake Prom:tgmmisc_e 70,000 bbls/d of raw bitumen viarthédsSisted Gravity
Drainage (SAGD) production technique from treey Mokmation.

Density is a key physical property in diffeydetateen sand and shale within the oil sagdviieMtirray Formation of NE
Alberta. Therefore, having a density volurnke ava@ifsa McMurray Formation oil sands peojectesyeuseful for planning,
well placement and evaluating production opénédignading 3-D séismic data with petropieasoaéments from wells using
neural networks significantly improved th egxmmon of density particularly in compénigwewous efforts to derive
density directly from seismic data (Dumitres20@8 and Gray et al., 2004).

About 38 wells with dipole sonic logs andrfiie\s#isnes (attributes of the pre- and postistarkdata) were used to
predict the density distribution within the WIEbtaredion throughout the Long Lake 3-D.

A statistical approach, provided by the Hampsbb=RERGE software, including multi-attriptieaitistic neural network
(PNN) analysis was used to derive the reldi@mstep attributes of the seismic data an cn\ipdaﬁg The established
relationship was used to estimate pseudo-dsreitgdoh seismic trace on the 3-D. The edeénmstgdolume shows good
correlation with the density logs not onlwésistnsed on training the network but alsegbrathtne wells.

Introduction

The Long Lake Project, covering approximatedrerQilsgeters, has been indep_endentl% esiimanéairt over 2 billion
barrels of bitumen in place. The Long LakevilrogecSteam Assisted Gravity Drainage ( [Dpieto recover bitumen.
First introduced in the 1970s, SAGD Is a prbwdrofridtumen extraction that is appliedity alirhew commercial scale in
situ oil sands developments. SAGD recoversthitwgkendrilling of horizontal well paiiggis into the upper well,
steam rising through the oil sands and_hemmqgtkre and, bitumen flowing with condensédatierrimto the lower well,
and then to the surtace (Long Lake Project, 2004).

The reservoir at Long Lake contains bitumeeessapdst and shales within the Cretaceous Nicviuatign at a depth of
180-250m. The Lower McMurray consists oloavfistaiatl systems tract of valleys incis@alietekarsted carbonate terrain.
Braided channel sands were deposited in thesewtildaterally discontinuous mudstones leaplugsia occurring as
overbank deposits and abandoned channel fillgpefiMdcMurray is a transgressive systemsisdicigcohestuarine channel
and point bar complexes in a shore-face envirtgimenal., 2001).

Depending on their size and configuration, mon-sésde bodies can impede steam chambandrwthdrainage within a
SAGD production process. Distinguishing beeweain aed non-reservoir using a conventimmalirgeipretation approach
has proved ambiguous. However, petrophxmlrmauetermmed that density is the keynaiscrimatween sand and
shale. Therefore deriving a density volumes ata is a useful and important objective.

The idea of using multiple seismic att_ribu@aeﬁ;_ctd% properties was proposed by SchuyliA224=) and Ronen et al.,
(1994?. There are several case histories neg re for prediction of well-log prmmlrtjemultl-lmear regression and
neural networks (Russell et al., 1997; Todqrb998;dHampson et al., 2001; Pramanik@t)al., 20

EMERGE integrates well log data and multipleiteizutes to derive an estimate of dengly ssisgaic trace. To achieve
an optimal estimation of density, pre- andckastistaic attributes, such as P-wave and Syedaecenreflectivities were
used. P-wave and S-wave impedance are liekedlttothdata via a physical model..

Method

For the Long Lake Progect, 3-D seismic data@chaiety 180 logged and cored wells are.aviiat8-D seismic was

acquired in 2002 and 2003 using the Vectoriais®ulligcomponent recording system. Subsigfaeel0m x 10m over a

?FZ squalrgz kilometer surface area. 38 welmlgitodic logs uniformly distributed overtthee3bBen used in the analysis
igure 1).

Previous approaches to direct density ext%iﬁld@sand inversion (e.g. Gidlow et al., b6, Ra00, Gray, 2003) have
been marginally successful due to the fac taenot be distinguished as a separate ftinbpre-stack seismic data
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reflectivity as external attribute volumes-fitribute and PNN techniques available in ENMiERIBiEON, three other seismic
volumes have been used as input for the PN theatygrated stack, P-wave impedance anihipedaree. The neural
network was used in an effort to account feranoelationships between logs and seisniistaéstirig the linear multi-
attribute method alone.
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Figure 1: Basemap with wells used for training the network

PNN analysis, has four steps: 1. perform &ibuiki-step-wise linear regression and iisrvalldatain neural networks to
establish the nonlinear relationships betwernagiibaoies and reservoir properties at vetislo8a apply trained neural
networks to the 3-D seismic data volume, & rgalittaton wells withheld from training.

The multi-attribute step-wise linear regredggis \&@na performed for 38 wells using fivaunpes yseismic impedances and
reflect!vltles% and a seven-point operatoth@Jsinging process in EMERGE and after cleeekioigtithe attributes selected
for training the network were the followingdehampaverage frequency, quadrature trace aadnfipedance reflectivity.
The same attributes were used in PNN analysis.

Results

The data used for estimating the density voliensityréogs, attributes of pre- and postistaitkdsgta, as well as inversions.
These attributes have been ranked on theo pitstiigt the density logs. The highest ithkingsaare then fed into a neural
network to generate estimates of the densitpubrtieg3-D volume. Thus density is predictedl avell locations and
between existing well control.
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Figure 2: Cross-plot of actual and predicted density using multi-attribute analysis. Data points from the analysis zone of all 38 wells. The
cross-plot shows a clear tendency to predict density values characteristic of sand and shale (2050 — 2250 kg/mc).
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The PNN analysis based on multi-attribute withlyeisr attributes shows high cross-cor@légpbetween actual and
predicted density for the 38 wells in the studyftareapplying the neural network to tHarﬁdDm_e_Predlcted density values
at each well location have been compared MMS (Figure 3). ltis clear that ttiegeetisity volume obtained from
PNN analysis provides meaningful informatite rray reservoir.
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Figure 3: Density results at one line from the 3-D. Inserted in color are the density logs. Only the second density log from the right has been
used for training. All the others tie this line within a 50 m projection distance.

Conclusions

The derived density results show strong conigitetitndensity logs, both at training viefidaoad for the rest of the wells

Eu gePstlr]g that density can be accurately estimatediral network analysis in the McMuway metewval over the Long
ake Project area.

In this area, our analysis has shown that hearkseovide a better image of subsurfacelidgitsityon than multi-attribute

analysis alone because the networks’ archéecteter capture the nonlinear relationship lseferee attributes and

density log and gives priority to well infortmatios.way, it can offer significant imprauetimergccuracy of the computed

density volume in comparison with current mefhextsegtraction of density from PP and/@x. PS AV

Utilizing the density volume computed witrehearilamalysis will minimize uncertainty im $atoinend shale identification

thereby contributing to optimal horizontalceriemia This will in turn have the ultimatef effectased production and

economic efficiency
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