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The sequential Gaussian simulation (SGS) algorithm is popular because of its remarkable
robustness; however, the flexibility offered by SGSis rarely used as much as it could be. The
Ul ti mat eSGSI M program was generalized from the latest FORTRAN 90 SGSI M program to
provide practitioners with access to some additional flexibility. Some of the special features of
Ul ti mat eSGSI Minclude: (1) simulation by rock type accounting for hard and soft boundaries
between rock types, one integer coded rock type can be set to “missing” and that rock type
“keyed out” and not simulated, (2) multiple variables are simulated simultaneously by either (i)
full cokriging, (ii) collocated cokriging with a Markov model, or (iii) after stepwise conditional
transformation, (3) the mean values of any or all of the different variables can be made locally
variable; the self-healing algorithm can be applied with this locally variable mean option (or
with the collocated cokriging option), (4) the three angles that define anisotropy can be made
locally variable to improve reproduction of large-scale curvilinear features, and (5) the
correlation coefficients in collocated cokriging can be made locally variable.

Sequential Gaussian Simulation

Alabert, 1987, devised sequential simulation under Journel’s supervision. Isaaks, 1990,
developed the Gaussian alternative also under Journel’s supervision. The first edition of GSLIB
(Deutsch and Journel, 1992) provided the public-domain code sgsi mthat was widely adopted as
a stand-alone program and within commercial software. The well established “recipe’ of
sequential Gaussian simulation:

1. Transform the data to Gaussian (normal) deviates: y(u)) = G(FA(z(u))). Where y(u;)
isthe Gaussian deviate at location u;, following a standard normal distribution G, and
Z(u) isthe original datavalue following distribution F.

2. Loop over al grid nodesin arandom order:
i. Search for nearby dataand all previously simulated values.
ii. Calculate the conditional meany and variance o’ by simple kriging.

iii. Draw a value from the non-standard normal conditional distribution N(y', c’)
by Monte Carlo simulation.

3. Back transform all simulated values: z(u) = F; Y(G(y(u))).

4. Repesat the entire procedure with a different random number seed (that changes both
the random path and the Monte Carlo simulation) for another realization.

The sequential aspect of this simulation algorithm amounts to a decomposition of the multivariate
distribution into a series of univariate conditional distributions. It is exact. In practice, not all
values within the range of correlation are used for kriging. This leads to a Markov-type
approximation that is not alimitation provided that sufficient conditioning data are retained.



Some common extensions to this core algorithm are cosimulation with multiple variables. The
collocated alternative is commonly used (Xu and others, 1992; Verly, 1993; Journel, 1999;
Shmaryan and Journel, 1999). A locally varying mean is also used to account for a secondary
variable (Deutsch and Journel, 1998). Locally varying directions of continuity (Deutsch and
Lewis, 1992; Xu, 1994) and locally varying correlation coefficients (Lyall and Deutsch, 2000)
have also been implemented. These features and others will be combined into a version of SGSI M
dubbed Ul ti mat eSGSI M The programming language is FORTRAN90 with dynamic memory
alocation. Source code is provided to facilitate integration into other software and to modify the
code even further. The old version of SGSI Mwill no longer be maintained.

Basics: Grid and Searching

Ul ti mat e SGSI Mworks with the standard grid node centered Cartesian grid that all other GSLIB
programs use; however, any or al of the coordinates could be the result of some geometric
transformation that accounts for stratigraphic/geological correlation.
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The Z-axis increases upwards. “Depth” could be considered the Z coordinate with all units
increasing downwards; however, the angles must be corrected and the output ordering must be
understood (effectively written from the top downwards).

There are three angles that define anisotropy. The original X/Y/Z axes are associated to
Horizontal Minor (X), Horizontal Major (Y), and Vertical directions (Z). The search and
variogram radii are specified for hmax, hmin, and vert, which are essentially the Y/X/Z directions,
unless the angles are rotated. There are three angles that rotate the search ellipsoid or variogram
distance calculation to any arbitrary orientation. The first angle (angl) rotates the X/Y
coordinates around the Z-axis, clockwise is positive. The second angle (ang2) rotates the Y/Z
coordinates around the rotated X-axis; clockwise is negative. The third angle (ang3) rotates the
Z/X coordinates around the rotated Y-axis; clockwise is positive. Any or all of these three angles
can be made locally variablein Ul t i mat eSGSI M

The grid for Ul ti mat eSGSI M should be relatively fine compared to the ultimate block grid
required for calculations; an appropriate scale-up isrequired. For this reason, data are assigned to
grid nodes. All data outside the grid volume are not used for conditioning, but could be used to
construct the data distribution for normal scores transform. The search for previously simulated
grid nodes and original data assigned to grid nodes is the same: a spiral search using the
anisotropy of the search ellipsoid.



A multiple grid scheme is recommended where the grid nodes are simulated on successively finer
grids; searching and data are assigned at the finest grid regardless of the multiple grid search
level. The multiple grid search hel ps reproduce the large range variogram (Tran, 1996).

An octant search could be considered if the data fall along strings from drill holes or wells;
otherwise, the string effect or screening of kriging can sometimes be seen in the simulated models
showing too much variability away from the strings.

The data for simulation must come from the same rock type or an allowed rock type. A “logic
matrix” specifies the boundaries between data and rock types. A “hard” boundary is appropriate
in certain geological settings where there is no correlation across rock type boundaries. * Soft”
boundaries may be appropriate when there are gradational boundaries across rock types. Soft
boundaries may be one-way or two-way, that is, asamplein r can be used for a grid node in rock
typer’ but asampleinr’ does not have to be used in the simulation of a grid node in rock typer.
All allowable data of the same type (regardless of what rock type) are treated the same in kriging.
Note that the same data value may have different normal score transform val ues depending on the
rock type being estimated. Ul t i mat e SGSI Mkeeps track of this.

In cokriging, multiple data types can be used. Each type is searched separately leading to some
number of each different datatype. U ti nmat eSGSI Mallows one pre-existing secondary variable
coming from, say, seismic data. The user has the responsibility to reconcile multiple pre-existing
secondary variables into one with some type of regression or neural network.

The 0" variable is the pre-existing variable (if available). In presence of K variables there are
n.k=0,...K data available at each grid node: yi(uy), ji=1,...~i. The next step in
U tinmateSGSI M is to determine the mean and variance values of the conditional normal
distributions.

Basics: Transformation

The variables (secondary variable and all K variables) often require transformation to Gaussian or

normal score values. Conventional normal scores transformation requires each variable (in each

rock type) to be transformed to a Gaussian distribution. Consider K variables and R rock types:
Y, =G
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A polynomial approximation is used for the Gaussian distribution: G/G™*. The original variable
distributions {Fy,, k=1,.. K, r=1,...R} are specified by either the conditioning data or as reference
histograms from some other source. The values making up these distributions can be weighted.
Linear interpolation/extrapolation are used in the back transformation. The more esoteric power
law and hyperbolic options available in GSLIB are for the dangerous situation of few data (<20),
which is not recommended for Ul t i mat eSGSI M

A stepwise conditional transform can be applied to simplify cosimulation and to account for non-
linear, heteroscedastic, and constrained relationships (Leuangthong and Deutsch, 2001). This
transformation requires sufficient data (approximately 20 data per rock type) to accomplish the
transformation with a series of conditional transformations.



Yl.r' = G_l[F:Lr (Zl,r )]

Y2,r = G_:L[Fz,rl:l.r (Zz,r | z1,r )] r= 1” R (2)
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Note that the K variograms required in case of stepwise transformation are of the transformed
variables{Y,, k=1,...,K, r=1,...,R} and not the original variables.

Basics: Kriging
Once the nearby data have been identified, simple kriging is the default type of kriging:
Vi (U) = inzkl/‘i,k O (Ui,k) (©)

The weights and kriging variance are calculated by the well-known kriging equations. Ordinary
kriging is an option under trend modeling. The sum of the weights is constrained to one to rely
less on the global mean of 0. The kriging variance is larger because of the requirement to
estimate the mean from the local data. The larger kriging variance also causes the global variance
of the simulated values to increase, which in turn causes the global histogram not to be
reproduced. The ad-hoc self-healing algorithm could be used to keep the variance under control
(Zanon, €t. al., 2002). Self-healing can also be used with the local mean option.

y*LVM,k(u)_ nk /1|L\k/M [ﬁyk( |k) i ) (4)

The non-stationary mean could be used for any subset of variables and rock types. The input
mean values are transformed in the same way as the input data for that variable and rock type.

In presence of multiple variables, there are four approaches to account for the secondary variable:

1. Independent: each variable is simulated independently, that is, equation 3 or 4 is
applied K times successively.

2. Collocated: each variable is simulated in turn using all previous collocated variables
as conditioning.

3. Sepwise: the variables are transformed in a stepwise conditional manner and then
back transformed in reverse order to preserve the correct correlation. The
transformed variables are essentially simulated independently.

4. Full Cokriging: alinear model of coregionalization is used to simulate the variables
with the specified correlation structure.

The collocated cokriging alternative may also require self-healing to correct for a too-large
variance. The variance values generated by kriging may be modified by the self healing
algorithm (see Zanon et. al. 2002 for details), which may result in the variogram not being
reproduced.

Full cokriging is probably theoretically the best approach, but it requires all of the variograms to
be fit with a licit positive definite linear model of coregionalization. Computer-aided fitting may
make this more practical than conventional wisdom tells us. The full cokriging estimator of

variable k' iswritten:
u)= Y S A ielui) 5)



The cokriging weights A}f’k are different for every variable k'; however, the left-hand side kriging

system is the same. Ul ti mat eSGSI Mtakes advantage of this and solves for all of the kriging
weights simultaneously using multiple weight and right hand side covariance vectors.

Collocated cokriging and full cokriging generate a K-dimensional mean vector m and a K-
dimensional standard deviation vector s. A vector of simulated values ycs must be drawn from
these non-standard Gaussian distributions that reproduces the correlation at lag h=0. This joint
simulation is done in two steps:

1. Simulate a vector of standard Gaussian values y with the correct correlation by LU
simulation:
y=Lew (6)

where L is the result of LU decomposition using the h=0 correlation matrix and w is a
vector of independent Gaussian deviates.

2. Convert the standard Gaussian values to non-standard deviates;
Yes=Yye*s+m (7

There are different ways to accomplish the joint drawing of non-standard Gaussian deviates,
however, this method is efficient many drawings from different non-standard distributions can be
achieved with a single LU decomposition. A proof that this is correct is contained in the
Appendix.

Parameters

The parameter file could be very large, which would make it difficult to use the program for
simple exercises. To make U ti mat eSGSI M easier to operate, the parameter file has been
divided into a number of required and optional blocks. The required input parameters include the
following blocks:

*  MAIN: number of realizations, random number seed, grid size, and output options.
»  SRCH: search anisotropy and radii, number of data, and other search parameters.
*  VARG: variogram definition for at least one variable and rock type.
The optional blocks:
» DATA: specification of conditioning datafile.
e TRAN: details of transformation including limits and reference distributions.
* TRND: specification of non-stationary parameters such as the mean and anisotropy.
e SECV: secondary variable datafile.
 ROCK: valid rock types, rock type model, and logic matrix.
e MULT: specification of how to treat multiple variables.

Ul ti mat eSGSI M reads through the parameter file three times to get the MAIN, SRCH, and
VARG parameters. Defaults are assigned for all optional blocks; then, it reads through for the
parameters in the optional blocks. Finally, the program may have to read the variograms again
depending on the number of rock types and variables. Very little is written to the screen, which
could optionally be afile. Most parameters are echoed to the debugging file.



The MAIN block of parameters:

1 -nunber of realizations to generate

1 -nunber of variables being sinulated
69069 -random nunber seed

50 0.5 1.0 - NX, XM, Xsi z

50 0.5 1.0 -ny,ym, ysiz

1 0.0 1.0 -nz,zm, zsi z

sgsi m out -file for simulation output

0 - output format: (O=reg, 1=coord, 2=bin)
0 - debugging level: 0,1,2,3

sgsi m dbg -file for debuggi ng out put

The number of variables to simulate must be specified up front. The other new parameter from
the original SGSI Mis the output format: option O is as before with multiple variables as multiple
columns, option 1 will also put the X/Y/Z coordinates in the output file, and option 2 will write
the values in binary (cycling fastest over the number of variables, then X, then Y, then Z, and
finally the realization number).

The SRCH block of parameters:

12 -nunber of sinul ated nodes to use

1 -multiple grid search (0=no, 1=yes)

0 3 -octant search (0=no, 1=yes), nunber
10.0 10.0 10.0 -maxi mum search radii (hnax, hmin, vert)
0.0 0.0 0.0 -angl es for search ellipsoid

There is no two-part search. The data are assigned to the closest grid node unless they fall
outside the grid in which case they are not used. The size of the covariance lookup table is
automatically calculated and allocated.

The VARG block of parameters:

1 -nunber of variogramns
0 1 1 -rock type, variable 1, variable 2
2 0.4 - nunber of structures, nugget effect
1 0.25 0.0 0.0 0.0 - type,variance, angl, ang2, ang3
50.0 50.0 50.0 - a_hmax, a_hmin, a_vert
1 0.35 0.0 0.0 0.0 - type, variance, angl, ang2, ang3
1000 1000 1000 - a_hmax, a_hmin, a_vert

The specification of a variogram is as before. There may be many variograms specified for
multiple variables and multiple rock types. The rock type, variable 1, and variable 2 specify the
specific variogram. The first variogram encountered is the default. The order of the variograms
does not matter.

These three blocks (MAIN/SRCH/VARG) are required. Of course, with only these three blocks
the simulated realizations must be unconditional and standard normal. The program searches for
these blocks first and then attempts to read the remaining

The DATA block of parametersisrequired for conditiona simulation:

cl uster. dat -file with data

1 2 0 0 O - colums for X VY, Z w,rock type
3 4 - colums for variables

-1.0 1. 0e21 - trinming limts

Each data point can have coordinates, declustering weight, rock type, and the variables being
simulated. The trimming limits are not for removing or cutting outliers; they are global and are
used to remove missing values. The declustering weight applies to al variables. If the data are
not equally sampled and a different declustering weight should apply; then, the user has to enter



that through the reference distribution option in the TRAN block. If required, the rock type will
come from the 3-D rock type model when the rock type is not contained in the data file.

The TRAN block of parameters specifies the transformation and back transformation:

1 -transformthe data (0=no, 1l=yes)
200 -nunber of quantiles to keep
-nunmber of min/max val ues
15.0 - variable, rock type, mn, max
15.0 - variable, rock type, nmn, max
15.0 - variable, rock type, nmin, max
-nunmber of reference distributions
vari abl e nunber, rock type nunber
01. dat - file with ref. distribution
colums for val ue and wei ght
vari abl e nunber, rock type nunber
02. dat - file with ref. distribution
colums for val ue and wei ght
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No parameters are needed from this block if the option is to not transform the data. Of course,
additional parameters can be left in the parameter file to recall the format in future runs. The tall
interpolation/extrapolation is always linear (the nscor e/backt r programs can be used as pre-
and post-processing for Ul t i mat eSGSI Mif a more elaborate option is required. The minimum
and maximum values are taken from the input data files unless specified. The user gives the
number of minimum and maximum values and then one line per entry with the variable number,
rock type number, minimum, and maximum. The distribution will be taken from the data unless
a reference distribution is specified. There must be data for every variable in every rock type if
the transformation option is turned on.

The TRND block of parameters specifies the possibility of trends or non-stationarities:

-consi der ordinary kriging (0=no, 1=yes)
-consi der self healing (0=no, 1=yes)
-consi der LVM (0=no, 1=yes)
-nunber of locally varying neans
1 - rock type nunber, variable nunber
vnfl 01. dat - file with [ocal nean
colum for val ue
2 - rock type nunber, variable nunber
vnfl 02. dat - file with | ocal nean
colum for val ue
-local ly varying angles (0=no, 1l=yes)
| ocang. dat - file with local angles
100 - colums for three angles

OFr TFRPEFPTEFPNOOO

The default is simple kriging and no non-stationary parameters. If this block is present in the
parameter file, then it will be read for the possibility of locally varying (non-stationary)
parameters. Ordinary kriging should only be used when the data spacing is dense relative to the
variogram range; otherwise, the kriging variances are too high and the global histogram will not
be reproduced. Locally varying means can be used for some variables and some rock types. No
local mean values will be used if the option isturned off. Thereisan option for self-healing with
each local mean and rock type; this will prevent a too-large variance and lack of histogram
reproduction. Any or al of the three angles can be made locally variable. These angles will
override the variogram angles specified in the VARG block.

The SECV block of parameters specifies the existing secondary variables at the same grid
resolution as being simulated.

0 -consi der secondary data (0=no, 1=yes)
sgsi nD1. dat -file with secondary vari abl e



1 - colum for value
1 -transform secondary data (0=no, 1l=yes)

The default is no secondary data. |If thisblock is present in the parameter file, then it will be read
for the possibility of secondary data coming from remote sensing or some previous simulation.

The ROCK block of parameters specifies the rock type model as an optional input. The
parameters for this option are:

0 -use rock type nodel (0=no, 1l=yes)

3 -nunber of rock types to nodel

1 2 3 -the rock types to nodel

si si mout -file with rock types

1 col um nunber for rock type

1 -consider logic matrix (0=no, 1=yes)

1 1 0 sanple in rock type 1 (O=hard, 1l=soft)
1 1 0 sanple in rock type 2 (O=hard, 1l=soft)
0 0 1 sanple in rock type 3 (O=hard, 1l=soft)

The number of rock types to model and their integer numbers are required if a choice is made to
use rock types. The file with the rock types must also be present and at the same grid resolution
as that being simulated. All rock types not modeled will be left as missing values in the SGS
output; multiple rock types and missing values can be “keyed out.” There are no errors if rock
types are chosen that are not in the input file; however, there must be corresponding histogram
and variogram input for each variable and each rock type specified if the data are being
transformed.

The “logic matrix” is used to specify whether or not data from one rock type should intervenein
modeling another rock type. The default isfor no logic matrix to be considered (option 0) and all
rock types are modeled separately. Alternatively, the user can specify the rock types that can be
affected by a sample in each rock type. With R rock types, there must be R lines for the logic
matrix; one for a sample in each rock type. Each line refers to a sample in one rock type. A O
means that the sample cannot be used to estimate that particular rock type; a 1 means that it can
be used. Inthe example above, thereis a soft boundary between rock types 1 and 2 and rock type
3ismodeled by itself. Note that the boundaries can be soft in one direction. Consider:

1 - consider logic matrix (0=no, 1l=yes)

1 1 0 - sanple in rock type 1 (O=hard, 1=soft)
0 1 0 - sanple in rock type 2 (O=hard, 1=soft)
0 0 1 - sanple in rock type 3 (O=hard, 1=soft)

In this case, a sample in rock type 1 can be used for rock types 1 and 2, but a sample in rock type
2 can only be used in rock type 2.

The MULT block of parameters specifies the details of joint simulation of multiple variables.
The following input parameters are considered:

2 - 1=i ndependent, 2=col |l ocated, 3=stepw se, 4=full cokriging

10 -nunber of classes for stepw se

mul tivari at e. dat -file with transformation data

4 5 6 - colums for variables

0 - colum for weight

0.6 0.7 0.5 -correlation coefficients: 0 with 1,2,3,.
0.4 0.3 -correlation coefficients: 1 with 2,3,.

0.5 -correlation coefficients: 2 with 3,.

Multiple variables may be simulated independently (no correlation), with collocated cokriging,
after stepwise conditional transformation, or with full cokriging. The number of secondary
classes for stepwise conditional transformation appliesto all variables. The order of the variables



is from 1 to K as specified in the input conditioning data file. The number here is so that the
correlation

Testing Protocol for Ultimatesgsim

A recursive testing scheme has been setup for Ul ti mat eSGSI M program to ensure that it is
properly performing the different types of sequential Gaussian simulation. The GSLIB data is
being used to test the different algorithms. In some cases these files will need to be altered to
accommodate new simulating methods and/or new data will be used.

Thetest protocol has been designed to check the statistics for individual and multiple realizations.
The results from Ul t i mat eSGSI Mwill be compared to existing programs when available. For a
single realization a histogram and pixel plot are created to visually inspect the results and to look
at histogram reproduction. Then 51 redlizations are created and the mean and variance are
calculated at every location over all the realizations. Pixel plots and histograms are created for the
mean and variance. The mean map will help to remove the effects of ergodic fluctuations in the
process and at each location this should be close to the same value independent of the new and
old program for the same kriging type. The variance map shows the degree of ergodic fluctuation
at each location providing a sense of uncertainty. At locations of hard data the variance should be
zero if the program is reproducing the input data.

Variogram reproduction was calculated for ten of the multiple realizations to show how two point
statistics were being reproduced. If required a variogram could be created of the averaged mean
map that will be much smoother but this has not been used so far. A scatter plot of the average
mean and variance was also created to show the spread of variability for each mean value but this
does not provide any new information, it only presents it differently. The final test, so far, isa
scatter plot of the primary and secondary data for the single redlization to look at correlation
reproduction.

The parts of the Ul t i mat eSGSI Mtested so far are SK, OK, LVM, CCK, and full CK has been
started. The main parts left are stepwise, self-healing and kriging using different rock types.



Conclusion

This program fills a need for a flexible version of SGS that permits simultaneous simulation of
multiple variables by rock type with non-stationary means and directions. The design is more
modular than the original version. Dynamic memory allocation makes the program efficient for a
variety of grid sizes.

There are still features that could be included. The piecewise simulation of large grids that was
implemented by Julian Ortiz is one example.
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Appendix: Drawing from Multivariate Gaussian (From Oy L euangthong)

Consider n variables, for which simultaneous cokriging yields the parameters of each of the
conditional univariate distributions.

Yo, =Yi-si+m; (1)

with

n
Y, = Z Lij - wy,
k=1 (2)

where w, k=1,...,n isindependent, identically distributed (iid) asN(0,1), and Ly istheelementin
the i"™ row and k™ of the lower triangular matrix from the Cholesky decomposition of the
correlation matrix at h = 0, denoted simply asp.

p=| 1
fJYll e ]..[]

So Equation (1) becomes

n
Y., = (Z Ly, - THA:) $8; +m;
k=1 (3)

The mean of Yq is

n
E{Y:i} = E { (Z Li - w.ﬁ:) © 8+ "'ni}
k=1
n
= ;- (Z L. - E{u;rk}) +m;

k=1
= [] + m;

= my
The covariance between Y, and YCJ_ is

Cou{YeY.} = E{Y, Y }-E(¥,} E{v.}

n n
E {Y:,i. . Y:,j} = FE { [(2 L. - wk) -8+ my| [(Z Lj;- w,-) -sj + mj} }
k=1 =1

n n n

= si5j z Z LiyLj - E{wyw;j} +myjsi ) Ly - E{wy}
k=11=1 k=1

with

n
+mis;j »_ Lj - B{w} + mim;
=1 (4)
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Sincew, k=1,...,nisiid N(0,1), then E{w}= 0, /k and
E{wyw} = 1.0,if k=1

= (), otherwise

Equation (4) becomes

n

F {Y:-‘f : ch} = SiSj ’;1 Lig;Ljﬁ: + miym;

The covariance isthen
n
Cov{Ye, Y}J.} = 8iSj Z Ly Lji, + mimj — mym;

k=1
n

= SiSj Z Liﬁ:Ljis:
k=1

Recall from Cholesky Decomposition of the correlation matrix that the correlation between the i™
and j"" element is given by

n
Pij = Z LikLji
k=1

Therefore the covariance between Y, and Y is
Coo{Ve Yo} = sisjpij

which reproduces the covariance matrix at h=0, with 5 and s as the standard deviation of the it
and " variable provided by cokriging and Qi isthe correlation at h=0.
Recall of Cholesky Decomposition
Consider the following correlation matrix at h=0, denoted simply as p.
1.0 -+ pin
p=1 .

Cholesky decomposition yields the following lower triangular matrix, L (the upper triangular
matrix is simply the transpose of the lower triangular matrix, U=L":

l11 0o - 0

L=
fn—1n1 -0
znl Tttt er

that is, for n=3, L becomes:

12



Iy, 0 0
L= l?l JQQ 0
[31 32 33

To determine the initial correlation matrix based on the lower matrix, all that is required is to
multiply the lower and the upper triangular matrices together:

p=LU
p=LL'

Correspondingly, thei™ and j"™ element of this correlation matrix is obtained by

n
pij = Z Likljk
k=1

13



Par aneters for

U tinmteSGSI M

R O I

START OF MAIN:
1

1

69069

i
coo

sgsi m dbg

START OF SRCH
12

1

0 3

10.0 10.0 10.0

0.0 0.0 0.0

START OF VARG

1

1 1 1

2 0.10

1 0.25 0.0 0.

5.0 5.

1 0.65 0.0 0.
25.0 25.

2 1 1

2 0. 90

1 0.05 0.0 0.

5.0 5.

1 0.05 0.0 0.
25.0 25.

START OF DATA:

cl uster. dat

1 2 0 0 6

3 4 5

-1.0 1. 0e21

START OF TRAN:

1

200

3

1 10.0 15.0

2 1 0.0 300.0

1 30.0 15.0

0

1 1

cluster. dat

3 0

1 2

dat a02. dat

1 0

[eNoNeoNe)

[eNoNeoNe)

continued on next page...

ouo
cooo

ouo
cooo

-nunber of realizations to generate
-nunber of variables being sinulated
-random nunber seed

- NX, XM, Xsi z

-ny,ym, ysiz

-nz,zm, zsi z

-file for simulation output

- output format: (0O=reg, 1=coord, 2=bin)
- debugging level: 0,1,2,3

-file for debuggi ng out put

-nunber of data to use per variable
-multiple grid search (0=no, 1=yes)
-octant search (0=no, 1=yes), nunber
-maxi mum search radii (hmax, hmn, vert)
-angles for search ellipsoid

-nunber of variograns

-rock type, variable 1, variable 2

- nunber of structures, nugget effect
- type, variance, angl, ang2, ang3

- a_hmax, a_hmin, a_vert

- type, variance, angl, ang2, ang3

- a_hmax, a_hmin, a_vert

-rock type, variable 1, variable 2

- nunber of structures, nugget effect
- type,variance, angl, ang2, ang3

- a_hmax, a_hmin, a_vert

- type, variance, angl, ang2, ang3

- a_hmax, a_hmin, a_vert

-file with data

- colums for XY, Z w,rock type
- colums for variables

- trinming limts

-transformthe data (0=no, 1=yes)

-nunber of quantiles to keep (default=200)
-nunber of m n/max val ues

- rock type, variable, nmn, max

- rock type, variable, nmin, max

- rock type, variable, nmn, max

-nunber of reference distributions

- rock type number, variable nunber
- file with ref. distribution

- colums for value and wei ght

- rock type nunber, variable nunber
- file with ref. distribution

- colums for val ue and wei ght
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START OF TRND:

1
vnf| 01. dat

2
vnf | 02. dat

P —~—OFr T FRrF T EFLPNOOO

START OF SECV.

0
sgsi nD1. dat
1
1

START OF ROCK
0
2
21 22

rki ng/ rock. out

orror<

oOr
oo

START OF MULT:

2 - 1=i ndependent,

10
mul tivari at e. dat
4 5 6

0
0.6 0.7 0.5
0.4 0.3
0.5

-consi der ordinary kriging (0=no, 1=yes)
-consi der self healing (0=no, 1=yes)
-consi der LVM (0=no, 1l=yes)

nunber of locally varying neans

- rock type nunber, variable nunber
- file with |ocal mean

- colum for val ue

- rock type nunmber, variable nunber
- file with | ocal nean

- colum for val ue

-local ly varying angles (0=no, 1l=yes)
- file with local angles

- colums for three angles

-consi der secondary data (0=no, 1=yes)
-file with secondary variable

- colum for value

-transform secondary data (0=no, 1=yes)

-use rock type nodel (0=no, 1l=yes)
-nunber of rock types to node

-the rock types to node

-file with rock types

- colum number with rock type

-consider logic matrix (0=no, 1=yes)

- sanple in rock type 1 (O=hard, 1=soft)
- sanple in rock type 2 (O=hard, 1=soft)
- sanple in rock type 3 (O=hard, 1=soft)

2=col | ocat ed, 3=stepwi se, 4=full cokriging

-nunber of classes for stepw se
-file with transformation data
- colums for variables

- colum for weight
-correlation coefficients:
-correlation coefficients:
-correlation coefficients:

N~ O

wi t
wi t
Wi t

Figure 1: Example parameter filefor Ul t i mat e SGSI Mwith all parameter blocks
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