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Seismic-guided estimation of log properties

Part 1: A data-driven interpretation methodology

By PHILIP S. SCHULTZ, SHUKI RONEN, MASAMZ HATTORI, CHIP CORBETT
Schlumberger (GeoQuest and Geco-Prakla)

Seismic data are routinely and effectively used to estimaterelationships between seismic data and rock properties, we
the structure of reservoir bodies but often play no role in thewill have to change our approach.

essential task of estimating the spatial distribution of reservoir Historically, we have identified relationships following a

or rock properties. Yet, for a long time, we have been usingline of reasoning like this,

attributes or other features of seismic data to gain useful clues

in the interpretation process. Since the 1960s, we have known theory— approximation—‘measuremersinterpretation.

that reflection amplitude is sensitive to the thickness of thin

beds. In the 1970s, bright spots were discovered to be useful We start with a theory, then make an approximation which
in forecasting the presence of gas sands. Then, in the 1980ads to a relationship between measurable seismic quantities
amplitude variation with offsefAVO) analysis was identi-  (attributes) and a rock property. The measurement is made on
fied as an even more refined indicator for gas sands or othdhe data, and leads to the interpretation. Seismic and log data
situations, giving rise to Poisson’s ratio contrasts. Other ex-are only passive players in looking for relationships between
amples exist, such as predicting porosity from calibratedattributes and rock properties. They may play a role only in
acoustic impedance values computed from seismic data. verifying that a derived relationship works in practice.

In these methods, there is an obvious rock physics basis While we know that all features of the seismic signals are
for anticipating the relationships that have been found. Fordirectly caused by rock physics phenomena, the relationships
example, dominant frequency resonance (tuning) effects arbetween rock properties and the more obscure seismic attri-
responsible for the relationship of amplitude to thin-bedbutes are not obvious. It is becoming increasingly difficult to
thickness; impedance contrasts caused by low-impedancederive attribute-property relationships directly from theory,
gas-saturated sands lead to bright spots; and velocity, densitgspecially those attributes which might easily be measurable
and Poisson'’s ratio contrasts give rise to AVO anomalies. Iron the data and which exhibit a reasonably high signal-to-
each of these cases, we can start with first principles of rockoise ratio. Yet, there are many seismic attributes that we can
physics and acoustic wave propagation and extract an approxompute, such as instantaneous frequency and reflection het-
imation to relate a seismic attribute to a rock physics propertyerogeneity, that have no obvious relation to rock properties.
(e.g., the Shuey approximation to the Zoeppritz equations fofs it possible to use them quantitatively in spite of the lack of
AVO, or Wyllie’s time average equation approximation for any obvious relationship to rock properties derivable from
porosity). theory?

Have all the relationships been found? There may soon be The answer seems to be yes. Specifically, in the presence
another discovery of a direct and clearly derivable approxi-of 3-D seismic data and logged wells, we have found that the
mation from theory which relates a measurable seismic attrisimultaneous analysis of seismic attributes with borehole data
bute to a rock property, but such discoveries are becomingften leads to better estimates of reservoir or rock property
more difficult to find. If we want additional quantitative distributions, compared to estimates generated only from well
data (where the seismic data are used only for geometry or
- - - structure). However, the relationships of seismic attributes to
In this three-part series, we discuss a new way that 3-Diog properties are usually not obvious, and furthermore, they
seismic data are being used in the interpretation process-toary from one region to another, and even from one layer to
help provide quantitative estimates of the spatial distribution gnother. Any analysis which combines seismic attributes and
of rock or reservoir properties, as measured from logs. Part|og properties in a quantitative way to predict property distri-

1 presents the methods by which 3-D seismic attributes cabutions must therefore include a method to identify statisti-
be usedforproperty estimation. Part 2 explains how artificial cally significant relationships among them.

neural networks can be used to calibrate seismic attributes |n this article, we present and discuss the way in which we
against properties. Finally, Part 3 will give the results of can quantitatively estimate the distribution of rock or reser-
controlled studies with field data in which the resulting voir properties using seismic attributes.

property maps give improved accuracy over traditional

wells-only mapping methods. D ata-driven interpretation methodology. Imagine an al-
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ternative line of reasoning which starts with the data and is
restricted to cases where both log and seismic data are avail- X A
able. Starting from the data, we accept that there may or may
not be relationships inherent between seismic and log data. 1.
they do exist,, there will be some function relating some 2
measurable quantities in the seismic data to other quantities .
measured or derived from log data. Because we are taking a
data-driven approach, any relationships will be, by definition,
data-dependent. So, in general, we must allow that they may
vary from one geologic basin to another, and even from one
layer to another in the same basin (or between reservoir zones Component
in the case of a production scenario). Wil

If any relationships exist, we aim to find them from the Tr:jectory
data because they may not be derivable from theory in any
straightforward way. One way to find potential relationships ) o
is with statistical tools. Using such tools, our data-driven Figure 1. Attributes computed from a 3-D seismic data

interpretation scenario might look something like this: volume are averaged vertically in a spatially varying time
zone corresponding to a geologic layer (for a thin layer,

the zone is usually best specified on the wavelet). The

Seismic date= attributes

Well data—log properties} —statistical relations+ attributes are averaged between the upper and lower
callbrat.lon—>.res1dual . surfaces of the time zone. The choice of the averaging zone
correction—interpretation can have a large influence on the attribute’s significance

in estimating a log property, and is a key interpretation

By “log properties”we mean rock or reservoir properties Step in its own right.
derived from log measurements. Let us categorize “attri-
butes” as the result of mathematical transformations on the
seismic data, prestack or poststack, but without assistance,
from any other type of data, such as well data. For example, :
log-calibrated seismic acoustic impedance sections are not -
attributes because logs were used in their computation. On
the other hand, complex trace attributes, such as instanta-
neous frequency or amplitude envelope computed from the
Hilbert transform, are considered seismic attributes for our
purposes.

We must categorize attributes carefully because of the
third step in the above process, where the log and seismic data -
are combined. If we are looking for statistical relations be- ™
tween the two data types, then we must keep them completely -
independent until that point; otherwise, any relationships we .
find will be suspect. Would you be surprised to find that a = ==
log-calibrated seismic impedance section shows good agree- .|| *
ment with log impedance curves used in the calibration?
Probably not. On the other hand, you would probably find it
significant that a seismic acoustic impedance section com-
puted without the assistance of borehole data correlates welfigure 2. A single-well display of various logs and a
with impedance profiles from logs. You might then have a lotseismic well trace extracted from an acoustic impedance
of confidence that the section will be a reliable predictor of volume (computed without log calibration). The seismic
impedance values away from the well, especially if we even-acoustic impedance trace shows a similarity to the log
tually calibrate the seismic impedance with log data. impedance and to the porosity curves, suggesting that it

In the above interpretation flow, the relationships inherentmay have some predictive value. Log curves are averaged
in the data drive the interpretation. A key step, therefore, isin a depth zone corresponding geologically to the averag-
to find which seismic attributes are related to which loging zone for the seismic attributes.
properties, how reliable those relationships are, and what
functional form that relationship takes.

surfaces. Our immediate objective is to extract representative
Finding statistical correlations in the data. Before we values of the attributes and log properties at each well that
look for statistical correlations between log and seismic datajntersects the layer, so that these quantities can be cross-
we must make sure that the quantities we are comparing fronplotted to look for relationships.
each data type are looking at the same geologic feature or The seismic attributes normally are averaged both areally
zone. In estimating spatial distributions of log properties, weand in a vertical sense around the well intersections. The
normally deal with a layer rather than a horizon. Accordingly, vertical averaging can be done in a layer defined by two
we normally want to average both attributes (Figure 1) andsurfaces (as in Figure 1). Alternatively, we can use a single
log properties (Figure 2) in a vertical zone defined by two surface and a time gate, such as 20 ms above and below the
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Figure 3. A crossplot of acoustic impedance from logs Figure 4. Log property porosity versus the seismic acous-
versus acoustic impedance from seismic for the Oslo geo- tic impedance. The trend of increasing porosity with de-
logic layer. Each well contributes one data point, giving  creasing acoustic impedance is expected from rock physics,

an attribute value and the log property value at each well and gives us confidence that the high statistical signifi-
location. Although the points do not exactly fall on the line  cance value seen here indicates a genuine relationship.

x =y, the plot shows a high enough significance (75.3

percent) that we have confidence in the seismic acoustic

impedance attribute as a good predictor of the actual Significance estimation and the quality matrix. At this
impedance. The well name is given next to each data point. point, we assume that attributes and log properties have been
averaged over a particular vertical zone defining a layer such
that each log property is represented by a single averaged
value for each well, and each seismic attribute is represented
%y a two-dimensional grid. At each well-layer intersection
point, we have a pair of values: the attribute and the property.

. " - If we have N wells that intersect the layer, then we have N
wavelet. The areal averaging can be done within some radius;t b irs th be displaved i |
of acceptance around the well intersection attri .ute-property pairs that can be displaye in a crossp ot.
In our examples, the attributes were a\}era ed in a zon Figure 3 shows a crossplot of the acoustic impedance
defined by two IZurfé\ces interpreted from logs ags the to an%omputed from logs in 15 wells against the acoustic imped-
bottom ofythe tarcet laver Fi?st o marke?s from mulg le nce computed from the seismic data without calibration
wells were ickedgThesyé riiarker,s Wgere then maoped in dg tr%‘rom the wells. All 15 wells intersect the layer of interest, and
using inter preted .seismic surfaces for shape coﬁ?rol Surfarz:eeaCh point in the plot represents one well. If both quantities
interg retedpin this fashion are consistent WiF:h the lo .markerslﬁI the plot measure the same thing, if our layer averaging was
P . e log done well, and if the noise level in the data is low, all these

but also reflect the structural features in the seismic. Becausé

the layers were thin, the averaging zone of the seismic attri-pOIntS should lie along a straight line, but not one passing

bute was extended several tens of milliseconds below th through the origin because of the lack of low frequencies in
; . . fhe seismic impedance. Although we can see that this is not
lower surface. Time-to-depth conversion of gridded surface

L P T . “®She case, the points do tend to fall along such a distribution,
is implicit in this procedure. Areal averaging was done using_. . fid hat thi ) > b .
250 m radius. giving us some confidence that this seismic attribute is to

Equally, the log values must be averaged in some fashioSCMe degree successful in representing the actual trend of

over a vertical interval defined by formation boundaries acoustic impedance in the layer.
X y 1ol : ; " How do we quantify the degree to which this scatter of
which themselves may need to be edited interactively in

displav similar to Fiqure 2. The loa markers for the top and oints represents a significant relationship between the attri-

play 9 : o9 - top bute and the property, bearing in mind that the relationship
bottom surface of the layer typically are used directly to may be nonlinear? We start with Kendall's tau indicetgy,
define .the zone of averaging. The algorithm used for IOgWhich measures the degree of monotonicity of a scatter of
averaging needs to be selected such that the averaged |

property gives a representative value for the entire layer undgg%ints. If there are N points in the scatter, there is a total of

consideration. Arithmetic and harmonic averaging are twoNT = N (N-1)/2 slopes between pairs of points. Kendetlp

horizon. If the layer is very thin, the wavelet length on the
seismic scale may be more than the layer thickness; in thi
case, vertical averaging of the attribute should still be done
but the zone will be controlled more by the length of the

such choices, and would often be chosen for porosity an(IjS defined as
permeability logs. i Np=Ny
We do not describe these editing and averaging steps in Tx= TN No) - (NN

any more detail except to point out that they are nontrivial

and are important interpretation steps in their own right.whereN, , Ny , N; , andNe are the numbers of positive,
Inappropriate choices for averaging zones can have a strongegative, zero, and infinite slopes between pairs of points. If
effect on the ability to detect functional relationships betweerall the slopes have the same sign, the scatter is monotonic and
log and seismic data. the absolute value af g is 1. If half the slopes are positive
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and half are negativt,, will be zero. The advantage of using
T g over other correlation measures is that it is a robust
indicator of both linear and nonlinear relations. Some other DEPTH
statistical indicators measure only how close a relation is to i i i
being linear.

By itself T x is not a significance estimator. With two
points,the absolute value 1fg is 1, but there is no signifi-
cance. Starting frort g, we want to quantify significance as =~ «|

31|00

@ SPINEL
® ANATASE

- . ® DIAMONRD AGATE o
the probability that these two variables are related, and we
convertt g to a probability using the error function.
The significance is estimated from the valurr gfand the o
number of points N in the scatter. We use 3 -3

°
@ PERIDGY emepaLD SAPPHIRE

Significance= erf (0.477TxY D)
expressed as a percent, fo>M. This gives, for example, 44 Cy o rore E
percent fort x = 0.5 with 5 points, and 84 percent ‘D =
0.2 with 100 points. In Figure 3, the significance of the
seismic acoustic impedance attribute to the impedance log
property is 75.3 percent.

_Allattribute-property pairs can be crossplotted, their sig- Figure 5. Crossplot for water saturation (from logs) against
nificance computed automatically, and the results summagepth (from seismic), where depth is considered as an
rized in a “quality matrix” table, as in Table 1. For the layer stribute. Since water saturation is often gravity-driven,
represented in the figure, called Oslo, four properties angye have confidence that the higher statistical significance

three attributes (including the structural depth to the top Ofhere is meaningful and will be useful for prediction.
the layer) are combined to form the matrix. At a glance, we

can see which attributes may be significant in predicting
which property values.
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Table 1. Quality matrix of attributes
and log properties for Oslo layer B e A @ADE. ——
Average
Acoustic interval Effective Water .08~ b = mrm el o o SELUGHT
impedance | velocity porosity saturation . oALEY
Avg acoustic |- .. 4
impedance | 7526 75.26 80.58 80.58 0,02} ~~j=mm o GPERIBOF — —rt- - GARRET
AVGV 83.63 83.63 85.01 91.51 ®ZRCON
Depth 86.30 86.30 87.51 | 89.66 00t T ebiiow SR
OSPINEL ! .SAPP.I-!JIEEL
The gquantification of significance enables us to evaluate o |- : o AGATEL
which attributes will be better than others at predicting some ?
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InstantaneousFrequency

property. Accordingly, we would like to call up crossplots of
attribute-property pairs that show relatively high significance
values. We can limit the selection to those pairs that appear
to be physically related. For example, in this case we lookedFigure 6. Instantaneous frequency attribute against the
at the acoustic impedance attribute to predict porosity (Figure’olume of clay log property for the Bravo layer, showing
4) because theory anticipates a relationship. The crosspla significant, but highly nonlinear relationship. This plot
shows a trend consistent with our expectation: increasingnay be showing the consequence of an increase in the
porosity corresponds to decreasing acoustic impedance. Weumber of thin shale layers causing an increase in the
looked also at the depth “attribute” to predict water saturationvolume of clay on the log data and, correspondingly,
(Figure 5), because we can easily imagine a mechanisngiving an increase in high frequency content in the seis-
underlying that relationship. mic. If this is indeed the underlying mechanism, there is
Finally, with a crossplot editor, we would like optionally no reason to expect this relationship to be linear.
to exclude some wells because, perhaps, the log values may
be questionable or the well may be in the wrong location in

the_ formation. '!'he next step is the determination of the Property(#v) = Function(attribute,(u,v),...attribute, (u,v))
calibration function.

where there may be one or more attributes used to predict the

C alibration. We want to find some function, linear or porosity. (We usa,v for the two map dimensions because in
nonlinear, which will convert a set of differing seismic  Part 2 x,y will be used for input and output to the neural
attributes to the desired property. network.) For example,
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Porosity(u,v) = In any case, we need to test relationships in each data situa-
Function(acoustic impedance(u,v), heterogeneity(u,v)) . tion, as Table 2 demonstrates.
In some cases a linear function will be sought. An example Th's approach is in stark contrast 1o the way used to
of a linear calibration function is estimateVms, for examp.le, where we knpm/ priori that we .
are going to be scanning hyperbolas in the offset domain.
® (u,v)=co + ¢, Z (uV) +¢,H (V) However, in the case of attributes, there are many possible
transformations we can make on the data-some simple,
where porosity®, is expressed as a linear combination of some complex. The attribute in Table 2, labelled reflection
attribute grids for acoustic impedance (Z) and heterogeneitjneterogeneity (RH), was computed as a line integral along the
(H). The constant coefficients are found by solving a set ofcurve of the trace, measuring arc length in a time zone. It
equations in an overdetermined system where, in general, thrghows much better significance for volume of dolomite in the
number of equations equals the number of wells in the learnBravo layer than does instantaneous frequency, yet RH ap-
ing set. Linear calibration is adequate when a relation ispears to be useless for predicting any log property listed in
theoretically linear, or when the data suggest a linear relationthe table for the Charlie layer.
ship.
Nonlinear calibration is important when the relations are Nonlinear calibration with an artificial neural network.
more complex. Water saturation as a function of depth someWe now wish to determine the calibration function for a
times shows a jump at the depth of the water cut. Also, usingelationship showing a high significance and which appears
seismic attributes with no obvious relation to log propertiesto be nonlinear. Since nonlinear relationships are unknown
may cause us to consider a more general nonlinear calibratioand varied, instead of prescribing a particular nonlinear
function. For example, although instantaneous frequency is anodel to perform the calibration (e.g., a polynomial typically
straightforward attribute to compute, its relation to any spe-used in regression), we let an artificial neural netwomknjA
cific log property is obscure at best. It is possible to imaginelearn a nonlinear model using example datan@will be
geologic settings where instantaneous frequency is influ-discussed in greater detail in Part 2.)
enced by the shaliness, or volume of clay, if clay layers exist When the calibration curve has been computed, it estab-
in a stacked sequence. lishes a functional relationship to convert seismic attribute
Consider the crossplot in Figure 6, which is taken from thedata to rock properties, but we still need a residual error
same data set but in a different layer, called Bravo. Heregorrection step.
instantaneous frequency versus volume of clay shows a 7
percent significance, but the relationship, if it is real, is IR esidual correction. The calibration steps above amount
obviously highly nonlinear. While we might naturally be to a curve fit to the points in the crossplot (Figures 4-6). In
suspicious of such an apparent relationship, it is well worthour example, there are 15 wells, giving 15 points in the
investigating since shaliness is normally very difficult to crossplot. For linear relationships between a single attribute

estimate from seismic data. and a log property, there are two independent coefficients to
be determined (from the 15 data points). Because we expect

Table 2. Quality matrices for layers Bravo and Charlie that any relationjships we may discoyer in the crossplots Wi||

have an underlying rock physics basis, we normally try to fit
Bravo quality matrix a smooth curve through the points, even for nonlinear curves,
Vol. of Vol. of Vol. of Vol. of which in some way might reflect that underlying, but often
clay dolomite lime sand unspecified, physical relationship.

Reflection The natural consequence is that the cglibration curve does
heterogeneity | 1312 | 6661 | 2411 | 34.62 not normally pass through all the points in the learning set.
— ;I'here{r?re,f Whte_zn the ?ttgbgteihare conv${te?h to prg_p?rtées

rom the function implied by the curve fit, the predicte
frequency 7119 14.50 940 565 properties do not agree at the wells. There will bepa residual
Charlie quality matrix error at each well location.
Normally, we would like our predictions either to agree
V;',(;;f d\clatﬂ;n?tfe Vl?rl.):f \ghgf exactly at the wells or for their disagreement (residual error)
- to be constrained within some limit. Choosing a complex

Reflection 13.86 10.41 31.63 13.86 calibration curve that passes through all the points will match
heterogeneity i ' ' ' the well data exactly, but it will almost always lead to a highly
Instantaneous improbable functional relationship. So we prefer to use a

frequency 39.96 15.56 67.76 13.86 re:lsoidual correction scheme. P P

The correction is done first by gridding the residual errors
Table 2, quality matrices for layers Bravo and Charlie, from each well location. Then, the error grid is subtracted
shows how the attribute-property relationships can be nofrom the attribute-generated log property grid, which was
only subtle but also tenuous. The instantaneous frequencgomputed using the smooth calibration function. The result-
attribute in these two layers shows high significance for twoing grid gives the desired result, which is the estimate of the
differentmineral volumes while showing low significance for spatial distribution of a log property, consistent with the well
the other. Clearly, subtle relationships between attributes andata and computed from both log and seismic data.
log properties will tend to be more data dependent, and we When we require that the attribute-predicted log property
mustextractthis information from the data. Our ability to find estimates agree exactly at the wells, we choose the spatial
reliable relationships driven by theory will be very limited. interpolation (mapping scheme) so that the gridded residual
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errors match the actual errors at the well locations. When
these two grids are subtracted, the log property distributions:
show exact agreement at the wells.

Occasionally, a residual error is expected to occur, due
possibly to uncertainty or noise, in either or both data sets. In
such a case, we wish to retain some discrepancy between the
well measurements and our log property estimates at the welly
locations. There are several ways to retain this'discrepancy =«
One way is to map the error using kriging, where the nugget . ...
parameter is chosen to retain some level of discrepancygt "

o.0338

Subtracting this error correction grid then retains the desired -~
discrepancy. Another way is to include error bars in the Iog " s
values and to define agreement as touching any part of the

error bar.

The result of these two steps, calibration and residual
correction, gives estimates of the spatial distribution of a log
property within a layer. These estimates agree with the well
measurements (perhaps with some tolerance), but they also ==
retain both the trend and the detail of the seismic data between g
the wells.

Figure 7. A basemap view, showing the spatial distribu-
Example.We took the relationship between instantaneoustion of the volume fraction of clay, estimated for the Bravo
frequency and volume fraction of clay in Figure 6 as valid, layer. The method described in the text, seismic guided
and computed a nonlinear calibration function using artificial log property estimation, was employed to generate this
neural networks. Residual corrections were then appliedmap with instantaneous frequency as the guiding attri-
where we specified zero discrepancy at the well intersectionsbute. Colors represent contour levels. The 3-D seismic
This resulted in the map agreeing exactly with the log prop-grid orientation is seen as the bold line grid. The fine line
erty at the wells. Figures 7 and 8 show the results of thigrid indicates UTM coordinates. The 15 wells used in the
exercise, where the volume fraction of clay is mapped for theanalysis (see Figure 6) are seen here originating from the
Bravo layer and where the colors represent the contour level$ame platform in a marine environment. Well TDs are
Figure 7 shows the result of the seismic guided estimate, akdicated by red dots, while the open circles show where
described in the text, while Figure 8 gives the same map usinghe wells intersect the Bravo layer. Property values are
only the log data in the estimation procedure. posted at the intersections. The residual correction was
We can see a much greater level of detail in the seismi¢nade with the requirement of zero error between the map
guided estimates as compared to that generated from loggnd the control values.
only. Furthermore, we expect that the seismic guided estimate
gives a more accurate prediction. The estimated values be-
tween the wells for the logs-only map is specified just by a
mapping algorithm. The seismic guided estimate uses one of
more attributes with a high correlation to the log property
being estimated to incorporate seismic guidance between the
wells, followed by the residual error correction using a map-
ping algorithm such as that used in the wells-only survey. —
However reasonable it may be to expect a better resul

8,805

from the seismic guided estimate, the displays of Figures ..
and 8 show only that we have increased the spatial resolutions . ...
and that both maps agree at the well intersections. They d@-=*
not prove any advantage to seismic guided log property®& ...
estimation. In Part 3, we will present further examples and a s
controlled study which will show evidence that seismic

guided estimates can give significantly lower errors in pre-

dicting properties away from the wells, as compared with the

logs-only estimate.

BT

eTTI000

Confidence estimation.This method of attribute calibra-
tion and residual correction lets the interpreter, in principle,
generate property maps using seismic attributes with littleFigure 8. The same map as Figure 7, but using only log
significance, with no theoretical basis in rock physics, or withdata to generate the map of volume fraction of clay. The
erred values from incorrect horizon-well intersections. Forseismic data are used here to help define the surface over
this reason, a quantitative measure of confidence in oufhich to map the property, but not to assist in the estima-
estimate is a useful addition to the analysis. tion of the spatial distribution of the clay fraction. Both

maps agree at the well intersections, shown by the open

(Seismic-guided estimation continued on p. 315) circles and the posted values.

39668 343000 Eationd
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will still be largely absent. their electric log signatures. In fact, they how our data relate to the subsurface.
Turning now to the issue of multiples constitute one of the major categories ofHence | must thank John for raising the
in relation to stacking and deconvolu- low resistivity sands which are currently issues he did to help clarify our thinking
tion, a particularly simple means of receiving much attention. and ultimately our understanding.
study is at hand. We can use a vibratory When the thickness of zone Il is great | also must thank an astute reader
or coded source and acquire data with(10-12 000 ft at the Texas-Louisianawho, having great geologic expertise,
strong signal levels at offsets approach-border), synthetic fits are notoriously recognized some errors in the diagram-
ing zero. The subsequent correlative opbad and resistivity derived synthetics matic sketch of Figure 1 accompanying
eration to reconstruct impulsive wave- are only slightly better. At this time, the my “Conjecture concerning multiple re-
forms with perhaps some simple phaseunderlying principles of what is hap- flections.” The figure showed a local
correction does not involve a decon-pening here are not at all understood.area having a large influx of sediments
volution process. Again, | submit that For that very reason | limited the scopeso as to emphasize the lateral inhomo-
examining such data would once againof discussion accompanying the conjec-geneity of the sand development. In-
find most of the theoretically predicted ture. When we include this next level of deed, the sand is not even correctly po-
multiples to be absent. Obviously this geologic considerations, we must en-sitioned in relation to the slopes as it
approach incorporates no AVO or move-dorse John Denham’s closing sentencavould be in the real world. Also, for this
out stretch or other moveout effects. and repeat “I have to be amazed thatspecial case having such great sediment
Finally, the matter of fitting synthet- they (synthetics) ever fit!” flow, the word “regressive” should be
ics to seismic field data of any kind My message in terms of the conjec-substituted for “transgressive” in the
incorporates still other hazards. In thatture remains a clearly focussed one. Ndigure caption, and in the text the words
region of sand/shale sequences wherenatter what we do to seismic data in“locally regressive sea” should replace
the sands and shales “cross” in acoustidcerms of handling, processing, display, “transgressive sea.” The basic ideas and
impedance (which | term sand/shale re-etc. we should not lose sight of the un-concepts of the conjecture remain un-
flectivity zone 11), we find many sands derlying geologic information compo- changed, and | apologize to all for tak-
highly laminated with shale which are nents. Mechanical considerations of ouring too much license with the artwork.
quite erratic in their seismic character ascurrent seismic practice should notWe also thank the reader who wishes to
might be predicted from sonic and den-cause us to overlook serious defects irremain anonymous for these perceptive
sity logs. They are even anomalous inour conceptual and physical models ofobservationdE

(Seismic-guided estimation continued from p. 310) and residual correction steps. In this method, the two data sets
(i.e., the well measurements and the attributes) are input
Among the several ways to obtain confidence maps is theimultaneously into an estimator, which uses spatial autocor-
cross validation, or “leave one out” analysis. We check howrelations and cross correlations to make, in a single step, a
closely a measured value in a well is predicted when thdeast squares estimate of the desired property distribution,
calibration and residual correction are done excluding datavith an implicit linear calibration function (although cokrig-
from that well. This procedure is then repeated for all wellsing can accommodate nonlinear functions). As mentioned
in the learning set, and the result is mapped to give a distriabove, this method also delivers a confidence map.
bution of confidence or estimated error. This measure is Cokriging provides effective tools for handling cases
effective in evaluating where in the learning set do the attri-where the seismic data are in one or more 2-D lines, where
butes and property variables follow the general trend in theboth the attributes and the well measurements begin as scat-
data (as seen by the calibration analysis) and where they di@red (as opposed to gridded) data. It can handle situations
not. This type of confidence estimation focuses on the conwhere at some spatial locations there are no data values frorr
sistency of the well data with the attributes, and it tells useither data set.
around which wells the spatial predictions tend to be more With 3-D seismic data, however, the attributes are already
accurate. gridded and the two-step approach of calibration and residual
Other measures of confidence exist, such as that obtainecbrrections gives some advantages-the principal one being
from multivariate geostatistical methods. Here, the value othe ability to edit manually (or even to specify) a desired
the confidence normally decreases the farther one gets froralibration function, linear or nonlinear, with some rock
well control, giving an indication at any point on the map of physics relationship in mind.
confidence in the final estimate. This type of confidence
analysis results from using cokriging for the property estima-C oming attractions. Part 2 will seek to provide the reader,
tion steps. who has no prior knowledge of the subject, a rudimentary
understanding of artificial neural networks. Then we shall
G eostatistical alternatives. Seismic guided log property see, in some detail, hownAis can be used to obtain a best-fit
estimates can also be done using a geostatistical methaabnlinear calibration function for seismic attributes by
called cokriging, which gives an alternative to the calibration“learning” from a test data sd&
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