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Chapter 7

Object-Based Facies
Modeling

Object-based facies models are visvally attractive because the resulting facies
realizations mimic idcalized geometries interpreted in outcrops and modern
analogues. Such models show facies belonging to clean geological shapes with
realistic non-rectilinear continuity, which cannot be modeled with cell-based
approaches. This chapter g:ves some details of modeling facics with object-
based techniques.

Section 7.1 gives background on object-based techniques including an
overview of some geological shapes that could be considered. the relevant
data that object-based models must reproduce, and algorithms for object
placcment.

Section 7.2 presents the ccncepts of object-based modeling in the context
of stochastic shales. Object-based modeling zained wide popularity in the

conrext of modeling Auvial facies. Section 7.3 presents some details related
to medeling abandoned sand-filed fuvial sand channels and related margin
facias (levee and crevasse sands). Implementation details including the inte-
graticn of well and seismic data are discussed.

Section T 4 presents consicerations for other depositional sysroms. In par-
sicnlar, the application to deepwater depositional systems. Finally, Section
7.5 presents werk dow diazrams for some operations related to objccz-based
facies modeling.

7.1 Background

From a zocizgical cerspective, it 1S coavenient 10 view roscrvoirs from a
chrono-stratigraphic perspective. The sedimentary architecture 15 consideored

.otgnr of 3 hierarcnical clasmfzation scheme. The reservair facies are divided
rces, parasequorces, Sec sets, becs, and o on. i

—
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224 CHAPTER 7. OBJECT-BASED FACIES MODLLING

crozenoitios in a Auvial ~e'.'..ng re described by stratigraphic reservoir layers.

c;. annci ccmolexes, channels. levees, and crevassey through additionai smaller
scale fezrures. W consider modeling this generic hierarehy of hrrernzonciries
=y cuccezsiva coorcinate transformations and geometric objects 1=prc==:~.'.im
faciss sesociations. Porosity and permeability models are shen construcred
at :he appropriate scale using ccordinate systems aligned with dcpoqmon
CORTIRUILY.

Significant effort has deen focused on sedimentology and stratigraphy of
reservoir systems. It is not possible t0 provide a reascnable overview of such
studies here. Consider fuvial deposits as an example, The rccent book by
Miall [189] provides a well-iilustrated description of fuvial sedimentary facies,
basin analysis, and petroleum geology with more than 500 fignres and 1000
reierences. The literature describing fuvial deposits is rich and varied. The
history of quantitative computer moaels for fuvial systems i3 also extensive.
Allen's early qualitative work in the 1960s and 1970s {7) led to quantitazive
computer sirmulations [8). Leeder, at about the same time, was also building
quantitative models {172). Bridge published in this area with Leeder [30] and
also published computer code {20} that was updated recently [179).

Although not specifically designed for fluvial facies, object-based modeis
became popular in petroleum reservoir modeling in the mid-1980s due :o
the work of Haldorsen and others [117, 120, 226]). The unportance of Ruvial
reservoirs in the Nerwegian North Sea soon prompted the development of
these object-based metheds for fluvial facies (38, 45, §6, 113, 126, 203, 235!
The theory and implementation was refined over a number of years (101, 124.
134, 242, 250, 251, 253] with increasing practical application of these methods
to Norwegian North Sea reservoirs (28, 252). Such applications have set the
standard for other oil producing regions of fluvial depositional setting. Other
non-Norwegian oil companies also developed object-based modeling capability
[6. 161).

Ob:ect-based models are now created routinely in reservoir characteriza-

)

ricn, The three xey issues 10 be addressed in setting up an object-basea
model are the (1) geological shapes and their parametcer distributions, {2) al-
zerithm for object placement medification, and (3) relevant data to constrain
the resulting realizations.

We muat exercise a little caution in this chapter. This is not a rigorous
cresentation of geological coacepts for different depesitional systems. A prag-
matic approach is considered. Pragmatic from a geological, Aow medeling,
and ﬁ-egnm::sucal perspective. The idea of modeling reservoirs by genetic for-
ward modceling s attractive, but not considered here. Object-based modcis
are pseudo—ﬂenetic in the sense that ercsional rules (younger rocks on top)
and otacr geclozical pnnciples are used as much as possible.

There 15 the _ne\u.}b.e question of 2emantics and word choice. [ choose 10
use "sbrecs-based” modeling. Of course, these obiect-based models end up as
acclection of zeils out they arenct called ceil-based. The reference 1o abject-
Lacer s in the metnsd of creancn and not the format of the result. Scme

b=
d‘.u‘;.
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prefer “Boolean” medels, which has a connotation of greater statistical rigor.
Others prefcr "marked paunt process” connoting a statistical point process
‘or object centreids and then chject properties such as size, orientation. and
facies type are atinburced to the point process.

Geological Shepes

There is no inhcrent £mitation ro the chapes that can be modeled with object-
based techniques. The shapes can be specified Ly equations, a raster tem-
plate, or a combination of the two. The geological shapes can be modejed
hierarchically, that is, one object shape can be used at large scale and Lhen
difercnt shapes can be used for internal small-scale geclogical shapes. Some
oviden: shapes:

» Abandoned sand-fillea fluvial channels witkin a matrix of Aoodplain
chales and fine-grained sediments. The sinuous channel shapes are mod-
eled by a 1-D centerline and a variable cross section along the centerline.
Levee and crevasse objects can be attached to the channels. Shale plugs.
cemented concretians, shaie clasts, and other non-net facies can be po-
sitioned within the channels. Clustering of the channels into channe)
complexes or belts can be handled by large-scale objects or as part of

the object placement algorithm,

« Lower encrgy meandering fluvial systems can be modcled as sand lenses
within a non-net background. We sometimes consider modeling the
entire channel {ag above) and then assigning sand and shale within the
channel in some realistic manner.

» Other channelized depositional systems including deepwater and estu-
arine systems are often modeled by adapting fluvial channel modeling
techniques to system-specific considerations such as channe! size, width
to thickness ratios, and internal heterogeneities. The transition from
channels 1o other facies types can also be handled by some rule-based
scacme, thar is, a channel may evolve into a morc jobe-like geometry
at some distance into the modeling domain (as energy is lost and the
sediments disperse).

Chaannel-type systems are discussed in detadl in Section 7.2.

» Eclian dure shapes are obvious candidates for objec:-based modcling.
Althouzgh the 3-D geometry of such ebject is not trivial to definc analyr-
icaiiv, we can mike the necessary assumptions for nracrical modebing,

¢ Remnant shales may Se modeled as disk or ellipsoid objects within 2
maivix o0 sanc. This may be appropriate in high net-19-gross reservoics,

v
[

fzles may have a low proporuion they will sigmificantly

(¥

Alzhouzh osuch
afTec: tno vertical permeability, hence, henizontal well nroduciion and
cening.
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5.0 KRIGING

Ir the ~ase cf 3 singie seccncary variable (Y3), the simole cokriging csti-
matsr ol Ylulis written:

i nn
Yiogwl = 2 AaYlua)+ Y A Ful,) (5.13)

;=1 ar=1

where the As, s arc the weignts applied to the ny Y samvies and the A%,S
are the weights applied to the ny ¥ samples. Expression (5.15) is written as
simple cokriging for standardized variaodles, that is, the means of ¥ and Y,
are assumcd kncwn and zero.

Kriging requires a model for the ¥ covariance. Cokriging requires a
jeint model for the matrix of covariance functions including the Y covari-
ance Cy{h), the Y, covariance Cy2(h), the cross Y-¥; covariance Cyv,(h),
and the cross ¥3-Y covariance Cy,y(h).

When K different variables are considered, the covariance matrix requires
in. all generality K? covariance functions. Such inference becomes extremely
demanding in terms of data and the subsequent joint modeling is particularly
tecious {110]. This is the main reason why cokriging has not becn extensively
used in practice. Algerithms such as collocated cokriging and Markov models
(see hereafter) have been develcped to shortcut the tedious inference and
modeling process required by cokriging.

Orher than tedious variogram or covariance inference, cokriging is the
same as kriging. The cokriging equivalents of OK and UK cxist where the
mean values are implicitly estimated from the neighborhood data. The reader
is referred to {34, 68, 110, 157, 195, 194, 259] for details.

Collocated Caokriging

A reduced form of cokriging consists of retaining only the collocated secondary
data yz{u) or rclocated data yz{u’) to the nearest node u being estimated
{63, 274]. This is not a problem if the distance [u — w'| is small with respect
to the voiume of influence of y2(u). The cokriging estimator is written:

m
Yoor(w) = 9 Am¥{ua,)+ AYi(u) (5.16)

&

The corresponding cokriging system requires knowledge of the Y covariance
Cy(h! and the V-Ya crass covariance Cyy;(h). The latter can be approxi-
mated Lhreezh the following model:

Cyy,(hi =0 Cgz{h), vh {5.17)

where £ = 000, 0 01 vy, (00, Cr(0), Cy, (0) are the variances of ¥
anc Vaoand 2y, 0) s the linear coefficient of corretation of collocated ¥—y2

of retaining only the colicrated secondary

g
4atam Joes ot ASact in mate Cclose-oy sgccndary dala are Tvoicalv
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very similaz in values), but it may affect the resulting cokrizing estimation

“ETEAte: Thal VATIGnce 1§ overssumated, sOmeLmes Sigmfcantly, T & kreins
&3Lmalion) CORLEXt tAis iS nct A Droblem, becalse Kffinz variances sre of

—

dtiiz use ' 3 simulation context, see Chaprer 8.2, where rhe krizing variznee
celires the spreac of tne conditicnal distribution from which simulated values
sre arawr. this mav e a problem. The coilocated cokrimnz vanance should

i

rken be reduced by a factor (assumed constant Yu) to be derermined by trial
arc error. -

5.2 Sequential Gaussian Simulation

There are many algorithms that can be devised to create stochasric simula-
uons: (1) matrix approaches (LU Decompasition), which are not extensively
used because of size restnctions (an V x N matrix must be solved where
V. the number of Jocations, cculd be in rhe millions for reservojr applica-
tions), (2) turning bands metheds where the variable is simulated on 1.0
lines and then combined into a 3-D model; not commonly used because of
aruiacts, (3) spectral methods using FFTs can be CPU fast, but heororing
conditioning data requires an expensive Xriging siep, (4} fractals. which are
not used extencively because of the restrictive assumption of self-similarity
ard {5) moving average methods, which are infrequently used due 1o CPUI
requirements. _

The commen approach adopted in recent times for reservoir modeling
applications is the sequential Gaussian simulation (SGS) approach {137]. This
methed is simple, dexible, and reasonably efficient. Let's review the theory
ungeriying $GS. Recall the simple kriging estimator:

n
Yiu) =9 Ag-Y(ug)
A=1
and :he corresponding simple kriging system:
n
Y AClus —ug}=Clu=-u,), ug =1, n

g=1

The covariance between the kriged estimate and one of the data values can
Se wrirten as:

CorlY{u), Y{ua)} = E{Y (1), ¥Y(u,))
< ‘
= £ LZAD'Y(%:J'Y(UH
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Figure 10.7: Exampie cross plot of actual probabilitics versus the predicted prob-
abilities. The closeness of the results to the 45 degree line attests ta the goodness
of rhie probabilities. These results axe for block cokrizing in all facies. We could
aiso logk at the resulis on a by-facics basis.

The main uses for the diagnostic tools presented here are: (1)} detect-
inz implementation errors, (2) quant:fying uncertainty, (3) comparing dif-
ferent simulation algorithms (for example, Gaussian-based algorithms versus
indicator-nased aigorithms versus simulated anncaling based algsrithms), and
(4) fine-tuning the parameters of any particular probabilistic model /for ex-
ample, the variogram model used). Theze tools srovide basic checks, that is.
neceszary out not cufiicient tests. They do not assess the multivariate prop-
ercies of the simulation. Care is needed to ensure thar fcatures that impact
the nltimate prediction and decisicn making, such as continuily of cxtreme
values, are adequately represented in the model. ’

X10.4 How I\/Iany Realizations?
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310 CIIAPTER 10. UNCERTAINTY MANAGEMENT

be drawn randomly; therefere. they each go into the distribution of unrzr-
rainty with equal propability The question of how many realizations :nust
he addressed.

Signidicant CPL time is requircd to process realizations through a fow
simulator, which is the most commeon performance calculater. Oftc;, a smnal)
numbzer of realizations are considered for this reason alone. The [ollowinz
discussion on the required number of realizations is for those cases that we
con consider more realizations for 2 better assessment of uncertainty.

The required number of realizations depends on the (1) aspect of uncer-
tainty or the “statistic” being quantified, and (2) the precision with which
the uncertainty assessment is requircd. Few realizations may be required to
assess an average statistic such as the average porosity. A large aumser of
realizations are required, however, to assess the 1% and 99% percentiles of
the oil in place distribution.

A quantitative basis must be established to determine the required number
realizations. The reporting nrocedures of environmental standards and polit-
ical opinion polls will help us define the basis for the results of geostatistical
analysis. Consider a poll to answer the question “Have recent price increases
for energy caused any financial hardship for you or your househoid?" The
answer would be reported as percentages of yes and no responses, [or exam-
ple. 36% yes and 44% no. Responsible polling agencies would add a caveat to
convey the uncertainty in this result. They may report the number of respen-
dants or, more likely, they would apply basic statistics to more complétely

communicate uncertainty in the response, for example:

The true percentage is within 3% of this reported result. (56% yes)
1S times out of 20.

These two additional numbers are used to summarize uncertainty in the re-
pcried result. The leit side of Figure 10.8 shows a schemartic example of the
yncertainty in the statistic of 56%. If more people were polled {analogous 10

more realizations being generated) the uncertainty would be less, see right
side of Figure 10.8. This notion of “uncertainty in reported statistics” will

be extended to quantify the uncertainty in our resuits for a fixed number of

realizations.
The reported statistics from geostatistical analysis are parricular quantiles

of some respoase variable (for example, oil in place), say, the F{p) = 0.1. 0.5
and 0.9 quantiies. As introduced above, two tolerancc parameters are alsc
required: (1) a tolerance for the quantiles, say A = =0.01, and (2} the
minicaum probability of being within probability Ag, say tr = 0.8 or 30%.

4 sypical case would be to require the Pig, Pig. and Psg of recovery facrar
within 2%, 30% of the time. A more stringent requirament wouid be rhe P

1d

and Pyq of net present value within 0.1%, 95% of the time {(Af0.001 and
e = 0030

Thus, two parameters arc nsed: (1) Af, which is rhe deviation in umis
i symulative predabilizy, rom the reporied quanule, and {2} {p, whinn €
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90%

Figure 10.8: Uncertainty in a reported statistic of 565 The left side figure corre-
sponds o the example in the text where the truz vaiue ig reperted to be within 3%

entiles of of this number 138 times out of 20 (90% of tae time). The right side figure shows
reduced uncertainty if a larger number of samales were zaken {more realizations

d number avalakle) for upcertainty reparting.

Nz soii:-

tatistical

increascs the fraction of times the true vaiue will fall within = of the reported statistic.

d?" The In this context, we can derive the required number of realizaticns L to meet

or Exam.- a certain specified standard, that is, a specified Ap and ¢f. Alternatively,

caveat 1o the parameters Ap and tr can be established for a given £, that is, it is

f respor- possizle to calculare the uncertainty of our results due to a small number of

mp.eteiy realizations.

The number of realizations L to meet specified A and tr can be cal-
culated. The sampling distributions for the cdf values tend to normal dis-
es) tributions. This is not surprising since the cdf value is the sum of a large
number of values (the indicator transform at the correct threshald) that are
independent (the realizations are random) and identically distributed. The
cencral limit theorem tells us that the sampling distribution in this case tends
toward 2 normal distribution as the number increases. The nymber we are
considering (L) is large for the central limit theorem; therefore, it is expected
that the distribution will be normal. This has besn verided numerically.

The mean and variance of the sampling distribution for a cdf value (say,
the drst quantile of interest F = 0.1) can be determined theoretically. The
sampled caf vaiue £* is the average of an indicatcr valye:

n o the re-
i ol the
DgIlE 15

cge Tighe

NI ) L
are alse Fr = 7 Zi(ul)
2 the (=:

S where the indicarer function is 1 vandom drawing «; is less shan or equal to
i@ vaiue I oand O otherwise. The mean or expeeted vaiue of 7 is the tric
unceriving c2f vaiue, thatis, £, The vanance of £° is calcuiared as:
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This aualyiical result for the uncertainty of a cdf/quantile has been verified
by numerical results. The simplicity of these resuits makes it stiaighiicrward
1o calculate the tg statistic for specified L, Ap. and I values.

(L. Ap F) = Prob{F* 2 (F-ar)lL} = Prob{F" < (F+2asiL)
Arp -G -Ar
VE(l-F)/L VF(1=-F)JL
Ap

FO=F)/L -1 (10.6)

Therc arc numcrous G{y) functions available, for ¢xample. the geum and
ginv functions in GSLIB. This is an important result. The precision for a
given number of realizations can be directly calculated. We can invere this
relationship to get an equation that gives us the number of realizations L o
achieve a certain precision specification:

F(l-F) aiz:

(10.7) e
(zertezmmm)

The number of realizations for a specified precision can be caleulated directly.

Figure 10.9 shows curves of { £ versus the number of realizations L for Ap
=0.1,0.2,0.3,0.4, and 0.5. These five curves were also calculated numerically
and the results match. These curves relate to the 0.5 quantile. These relations .

Probabibily (0 e Within Toletancis

L=

tell us “how many realizations are needed for a specified precision” and “how cla
good are probability values for a given number of realizations?” tis:

lar:
Practical Results: How Many Realizations? ane

The analytical result presented above should be used if there is a requirement

for quantitative measures of uncertainty. This may lead te an unrealistically 1
large number of realizaticns. In general, a staged approach should be consid-
ered. 2
» Enumerale the geological scenarics to be considered and generate a sin- ::;
gle geostatistical realization of all variables for each scenario. Validate ot
that each realization honors the input data within acreptable staris- a0
tical Juctuation. Calculate the response variables (oil in place. dow i~
performance, and so on) with each realization.
« Cenerate five realizations for all imporrant scenarios. Important sce- ,"a
narios have a large prebability of occurrence or response variables thar ir:
arc unusually low or high. The expert probabiiitics assigrned o each 2
ccenario and the response variable from the Jrst realizaticn must be o

uced to male this judgement. Calculate the response variahics with
these realizations.
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o
[

llustration of how required number
of realizations changes with

lolerance parameters AF and ¢

Probiahility tu be Within Tiderance

i ’ T T T
100 600 200
Numpber of Realizaticns

1600

Figure 10.9: Hlustration of how the t parameter 13 related to the number of re-
alizations for &, = 0.1, 0.2, 0.3, 0.4, and 0.5. The precision of the uncertainty
assessment increases as morc realizations are considered.

¢ Consider more realizations for those scenarios where the Erst five ran-
dom realizations are quite different from each other. The res

ponse vari-
ables could be calculated on ail of these additional realizati

ons.

Calculating the response variables of interest can involve Munning a fAow sim-
ulator at significant CPY and professional cost, The gereration of geostatis-
tical realizations is relatively quick. This leads to the idea of generating a
large number of realizations, ranking them by some fast-to-calculate statistic,
and then processing a limited number through the ful] Aow simulator.

_)(,10.5 Ranking Realizations

Each geostatistical realization reproduces the input data equadly well and is
egually probable given the seenario or random function mode! under consirer-
ation. Nevertheless, the realizations may be ranked according to some criteria
or measure not used as data. For example. the volume of hydrocarbon-flicd
pore space connected the well locations can be used to rank a large
of zeostatistical realizations.

There is no unique ranking index when there are muitipie Jow responce
ariables and no rarking menasure is perfect. Nevercheiess. the value of rank.
ing realizations will e a reduction in the number of realizations that must
be processed 10 afrive 2t the same level of uncertainzy.

A go0d ranking staueric carrectly identifies low and high realizations.
Before deseribing & number of ranxing meagures, consider some cases where
Tanging 15 probiematic or unnecessary:

number
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414 CHAPTER 10. UNCERTAINTY MANAGEMENT

1. when each realization leads to nearly the same answer;

2. when the aspect of uncertainty being assessed is easy to calculate, for
example, she uncertainty ia oil-in-place may be simply assessed by cai-
culating the pore volume of all realizations;

3. when there are many independent reservoir responses of interest, that
is, it is impossible to conceive of a ranking index that wouid lead to a
unique reliable ranking.

There arc times, however, when significant professional or CPU time is re-
quired to evaluate cach realization and the number of realizations cousidered
must be limited. In these situations, it is worthwhile to consider ranking the
realizations to limit the number of fine-scale simulations and yet to obtain an
idea of uncertainty in the flow response.

Most simple ranking measures require each cell in all geostatistical real-
izations to be assigned a net indicator. This indicator is one if the cell is
reservoir quality and zero otherwise. Reservoir quality is achieved in certain
facies by porosity and permeability simultaneously above specified thresholds.
The net-to-gross ratio for each realization can be easily calculated and used
as a simple ranking measure. Another simple ranking measure is the total oil
volume, that is, the product of the net-to-gross indicator, the oil saturation,
and the pore volume. This accounts for porosity and saturation variations.

Flow performance depends on the connectivity of the reservoir-quality
rock; there are many measurcs of connectivity that may be quickly calculated
without running a full simulator (18, 65, 23). A first measure of connectiv-
ity is available by determining the sets of net geological modeling cells that
are connected in 3-D space. There are fast algorithms to scan through 3-D
binary net/non-net realizations aggregating those reservoir-quality cells that
are connected net cells. The result will be a 3-D specification of the num-
ber N, of geo-abjccts or connected objects each with an associated velume
Vieoj1d = 1+ Nyeo. Figure 10.10 shows the gec-objects for three SIS facies
realizations.

The geo-objects of a set of realizations can be used in a number of ways
to rank the realizations:

o The fraction of ceils within the first, say, 5, gec-objects could be used
as a ranking measure. A realization is more “connected” when this
fraction is large.

» The connected hydrocarbon volume within some radius of the produc-
tion wells could be considered if the well locations are known. This
ranking measure accounts for local information about connectivity.

¢ The connected volume between “pairs” of injection and production well
pairs could be used i the well pair locaticns are known.
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Figure 10.10: Slices through threc facies modaly. The black region on each real-
ization is the largest geo-object. Smaller geo-objects are shaded in gray.

An alternative use of geo-objects is for the selection of wel] locations. An opti-
mization scheme could be devised to select the well locations that maximizes
the geo-object volume within some drainage radius.

Geo-objects measure static connectivity, that is, they do not account for

through 3-D tortuesity, permeability, attic oil, and the interaction between multiple pro-
lity cclls that ducing well locations. There are some mare sophisticated alternatives that
of the num-

1ated volume
rec 518 facies

noer of ways
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" when this

' the produc-
nown. This
nectivity.

rducticn well

mezsure dynamic connectivity and, yet, are still simpier than running the full
flow simulator. There are random walk algorithms that measure “dynamic”
continuity between injecting and producing locations. These methods often
call for a solution to the pressure field (single phase flow) given assumed
well rates. Particles arc then tracked through the media and the distribu-
tion of “times” or “lengths” between injecting and producing wells provides
a measure of connectivity that could be used for ranking.

There are other relatively simple and fast flow models including (1) tracer
simulation, (2) simulation based on a network of 1.D strearniines, and (3)a
water Hood simulation in lieuw of a mare complex miscible or compositional-
type simulation. The time of 5% watercut is likely a good measure for the
breakthrough of other miscible components in a more complex process.

Another ranking approach is to use the correct physics or fow eqiiations
but wirh the geclogical models scalcd to such a coarse resolution that the
comnputer sime is acceptable. The coarseness of the underlying grid will com-
promise rhe direct usefulness of the results. Nevertheless, she relative ranking
of the results may be used to rank the underlying geological realizations.
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